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Abstract

Founders increasingly use generative Al to develop new products. Because a market’s stock of
distinct ideas shapes what it can build next, we ask whether generative Al broadens or narrows
the ideas that founders bring to it. We study 291,314 product launches posted to Product Hunt
from January 2018 to April 2026. After ChatGPT’s release, launches become more concentrated
around common category concepts, and the share of distinctive launches falls by more than a
third, from 25% to 16%. Using an outcome-blind LLM ideation-exposure index, we find that the
post-ChatGPT increase in similarity is larger in categories where general-purpose LLMs can
more effectively assist product ideation. First-time teams introduce more distinctive ideas than
experienced teams, but similarity rises within both groups, and holding founder composition
fixed leaves the exposure gradient essentially unchanged. These findings are consistent with
independent founders drawing on a common input and converging toward common category
concepts. Generative Al may thus expand individual entrepreneurs’ ability to develop products
while narrowing the range of ideas that entrepreneurial entry supplies to the market.

Keywords: Generative Al; idea diversity; entrepreneurial innovation; Product Hunt.

1 Introduction

The innovation process is cumulative and recombinant: a more varied idea pool expands the set of
possibilities for future discovery (Romer, 1990; Weitzman, 1998). Entrepreneurship is an important
mechanism through which novel combinations are developed and brought into economic use
(Shane & Venkataraman, 2000). Startup launches make this process publicly visible by turning
entrepreneurial ideas into market-facing product concepts. Collectively, these launches form an
idea pool from which competitors and future founders can learn, imitate, and recombine. What
matters for future innovation, therefore, is not only how many ventures enter the market, but also

how differentiated the ideas they introduce are.
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Generative Al has diffused rapidly across knowledge-work tasks and now allows founders to
brainstorm, draft, and refine product concepts at low cost (Bick et al., 2024). Yet its implications
for idea diversity in real-world markets remain unclear. On the one hand, lower ideation and
development costs could enable more people to pursue a broader range of ideas, allowing previously
unrealized concepts to reach the market (Kim et al., 2026). On the other hand, founders consulting
a small set of general-purpose models—possibly through similar prompts—may be guided toward
similar solutions. Previous experimental research finds that Al-assisted ideas cluster more tightly
than human-generated ones (Doshi & Hauser, 2024; Girotra et al., 2023; Si et al., 2024). Experiments
examine ideas generated within bounded tasks and controlled settings; markets reveal which
ideas founders ultimately select, revise, develop, and bring to the public. Founders can reject or
substantially transform Al suggestions, while competition creates strong incentives to differentiate
from existing products. These market processes may reinforce, attenuate, or even reverse the
convergence observed during idea generation. Therefore, whether generative Al homogenizes the

ideas that reach the market is an open empirical question.

To examine which of these forces dominates in a real-world entrepreneurial market, we study
291,314 product launches posted between January 2018 and April 2026 across all major Product
Hunt categories. We measure how closely launches cluster in idea space by calculating their average
conceptual similarity within each category and month. To keep writing style from driving the
measure, we paraphrase each launch description before embedding it. A simple comparison before
and after the November 30, 2022 release of ChatGPT could also capture changes in platform entry,
post-pandemic demand, platform composition, and broader technological trends. We therefore
follow the task-exposure logic of Eloundou et al. (2024) and construct an ex-ante LLM exposure
index that measures how relevant LLM assistance is to developing product ideas in each category.
We then test whether the post-ChatGPT increase in similarity is larger in categories with greater

ex-ante exposure, while calendar-month fixed effects absorb changes shared across categories.

We find three patterns. First, product ideas become more concentrated after ChatGPT. Across the
fourteen categories with sufficient pre-period observations, the average post-ChatGPT excess in
within-category similarity is 0.027, about 15% of the pre-period mean, and twelve categories show
a positive increase. The increase persists through April 2026. The distribution also shifts toward
common category concepts: the share of distinctive launches falls by more than one-third, from
25.0% before ChatGPT to 16.0% afterward.

Second, the concentration is strongest where LLM assistance is most relevant. A category one
standard deviation higher in ex-ante LLM exposure exhibits a 0.018 larger post-ChatGPT increase in
within-category similarity, about 10% of the pre-period mean. The distinctive tail follows the same
ordering: a one-standard-deviation increase in exposure is associated with a 5.3-percentage-point
larger decline in the distinctive share. After ChatGPT, distinctive launches account for 9.1% of
launches in the four highest-exposure categories, compared with 19.2% in the eight low-exposure

categories.



Third, the changing founder mix does not account for this convergence. First-time teams introduce
more distinctive ideas, and their share of launches rises from 46% in 2022 to 71% by 2026, so
the compositional shift toward first-time teams pushes aggregate similarity downward. Yet
similarity rises within both first-time and experienced teams, the exposure gradient is statistically
indistinguishable across the two groups, and holding founder composition at its pre-period level
leaves the aggregate gradient essentially unchanged. The convergence therefore extends across

founder experience.

One interpretation is that founders increasingly draw on a common, publicly available knowledge
source. Such a source introduces a correlated input into otherwise decentralized entrepreneurial
search and pulls ideas toward common category concepts. Founders have competitive incentives to
differentiate their products, yet the exposure-ordered convergence appears across both first-time
and experienced teams. This pattern is consistent with a common input shaping the variety of ideas

that entrepreneurial entry brings to the market.

This paper makes three contributions. First, it extends research on generative Al and idea
production from bounded experiments to a real product market. Using LLM-assisted text analysis,
we distinguish product concepts from writing style across more than 291,000 launches and show that
the individual-level gains documented in prior research can coexist with a narrower market-level
idea pool. Second, it complements research on entrepreneurial entry by looking beyond the volume
of entry to the variety of ideas that entry supplies, and by showing that this variety can narrow
even as entry grows (Botelho et al., 2021; Guzman & Stern, 2020; Kerr et al., 2014). Third, it
connects entrepreneurial differentiation with the common-information literature by documenting
an exposure-ordered rise in similarity across both first-time and experienced teams, even though
founders have incentives to distinguish their offerings (Kleinberg & Raghavan, 2021; Morris & Shin,
2002).

2 Literature Review

2.1 Generative Al and Its Impact on Knowledge Work

The first stream of literature this paper builds on asks how generative Al reshapes knowledge
work. Generative Al as a general-purpose technology (Bresnahan & Trajtenberg, 1995; A. Goldfarb
et al., 2023), exerts a common input shock felt unevenly across the economy, and empirical studies
confirm that this shock reached the workforce rapidly and broadly after the wide adoption of large
language models (Bick et al., 2024; Liang et al., 2025). One line of work measures where this input
lands, building ex-ante, capability-linked exposure scores at the task and occupation level in the
tradition of Autor et al. (2003), with canonical implementations scoring occupations by exposure to
LLM capabilities (Eloundou et al., 2024) and to AI more broadly (Felten et al., 2021).

A parallel line of work measures what this input does to worker performance. Generative Al raises



output most for less-experienced workers, compressing the performance distribution (Brynjolfsson
et al., 2025; Cui et al., 2026; Dell’Acqua et al., 2023; Noy & Zhang, 2023), though gains can instead
accrue to the most skilled when the technology complements expertise (Choudhury et al., 2020;
Otis et al., 2023; Toner-Rodgers, 2024).

The evidence most relevant to this paper concerns what this common input does to the ideas
themselves. In controlled ideation and creative tasks, Al assistance produces ideas that are
individually more novel or higher-rated but collectively more alike (Anderson et al., 2024; Doshi
& Hauser, 2024; Girotra et al., 2023; Meincke et al., 2025; Si et al., 2024). The same pattern holds
when the object is text rather than concepts: writing with language models narrows the content
diversity of what people produce and pulls style toward a common register (Agarwal et al., 2025;
Padmakumar & He, 2023; Zhang et al., 2025). Dynamic accounts show that exposure to Al-generated
ideas shapes the diversity of the human ideas that follow (Ashkinaze et al., 2025).

Nearly all of this evidence, however, comes from controlled experiments: it documents what Al
assistance does to ideas within a lab task or a single writing session. The studies that move beyond
the lab stay within a single platform: adopters of text-to-image models on an art-sharing platform
produce more work of declining novelty over time (Zhou & Lee, 2024), and generative Al reduces
participation and contribution volume in online knowledge communities (Burtch et al., 2024); both
document platform behavior rather than the ideas that enter a market. Whether the homogenization
observed in individual sessions accumulates in the population of ideas actually brought to market
has not been tested at market scale; this paper provides that evidence.

2.2 Innovation and Combinatorial Creativity

The second stream of literature conceptualizes new ideas as novel combinations of existing ones, and
innovation as a recombinant search over the space of ideas (Boden, 1998; Weitzman, 1998). Under
this view, growth depends on the variety and dispersion of ideas rather than their number alone
(Akcigit & Kerr, 2018): the stock of distinct seed ideas bounds the potential for future discovery
(Arthur, 2011; Henderson & Clark, 1990; Romer, 1990). The value of recombination is concentrated
in the tails: atypical and novel combinations generate the highest-impact science and the most
consequential inventions, even as they carry higher outcome variance (Arts & Veugelers, 2015;
Fleming, 2001; Kaplan & Vakili, 2015; Uzzi et al., 2013). Novel combinations are also systematically
undervalued when they first appear (Wang et al., 2017); the distinctive tail is therefore fragile, and
any force that thins it compounds an existing bias against novelty. Our findings bear directly on
this margin: after ChatGPT, the distinctive tail of the idea distribution contracts. Dispersion and
atypicality are statements about distances between ideas: to say that a combination is atypical, or
that the tail is thinning, one needs a metric over the space in which ideas reside (Stirling, 2007).

Operationalizing these quantities requires locating each launch as a point in that space. The concep-
tual footing comes from the characteristics view of products and the spatial-differentiation tradition

(Hotelling, 1929; Lancaster, 1966); text-based methods now make the positioning measurable at
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scale (Guzman & Li, 2023; Guzman & Stern, 2020; Hoberg & Phillips, 2016). Our launch-text
similarity measure builds on this tradition, with a paraphrase step that keeps shared wording from

driving measured similarity.

2.3 Entrepreneurial Strategy and Common Information

The third stream joins two established literatures: entrepreneurial strategy, which studies how
entrants choose and defend a market position (Gans et al., 2019), and the economics of common
information, which studies how beliefs and choices converge when agents draw on shared signals
(Morris & Shin, 2002). In the entrepreneurship literature, entry operates as a portfolio of diverse,
experimental bets (Botelho et al., 2021; Kerr et al., 2014), placed by founders acting on idiosyncratic
private theories of where value lies (Felin & Zenger, 2017); what the market learns from entry
depends on the bets differing. The reward structure sustains the dispersion: optimal-distinctiveness
research shows that entrants gain from differentiation even as category norms pressure them to
conform (Deephouse, 1999; Taeuscher et al., 2021; Zhao et al., 2017), and the most distinctive,
hard-to-categorize entrants form a recognizable tail (Pontikes & Barnett, 2017). In this literature,

dispersion is part of what entry supplies.

Common information explains why convergence occurs anyway. In sequential social learning,
agents learn from observing earlier movers (Banerjee, 1992; Bikhchandani et al., 1992, 2024; Welch,
1992). Launches in the same category-month appear within a short window rather than a long
observed sequence, so imitation of contemporaneous peers is a less natural driver of within-cell
similarity than a common input, though the monthly design cannot rule it out. The branch relevant
here builds on common signals: when independent agents combine private information with a
signal held in common, their posteriors, and with them their choices, move toward a common
point. This logic motivates the non-strategic signal-aggregation model in Appendix B (Angeletos &
Pavan, 2007; Morris & Shin, 2002). The aggregate cost is the loss of the independence on which
crowd wisdom relies (Da & Huang, 2020; Golub & Jackson, 2010; Hong & Page, 2004; Lorenz
et al., 2011). Nor is the convergence self-correcting. Information-choice theory implies that agents
who want to act differently should seek out different information (Hellwig & Veldkamp, 2009);
general-purpose models may blunt that response simply by making one broadly common source
far more convenient than a diversified set of inputs. At the technology level, this is the concern of
algorithmic monoculture: reliance on common Al systems produces correlated outcomes across
their users (Bommasani et al., 2022; Kleinberg & Raghavan, 2021; Laufer et al., 2025).

How strongly a common signal moves the market also depends on who is drawing on it. The
leveling documented in the knowledge-work literature concerns the quality and quantity of output;
whether the same common signal also levels the distinctiveness of what entrants propose is the
question our founder-experience analysis takes up. In our setting, Kim et al. (2026) document that
generative Al fuels solo entry on Product Hunt, and entrepreneurial entry arrives in waves around
salient new technologies (B. Goldfarb & Kirsch, 2020), so who brings ideas to market shifts at the



same time as what founders consult to generate them. These are the two margins our analysis

distinguishes.

The intersection of these two literatures gives us both our mechanism and a demanding test of it.
Founders have private incentives to resist convergence, yet convergence occurs. The stylized model
in Appendix B illustrates the non-strategic common-signal case; a competitive urge to differentiate
would push the other way, so the observed rise in similarity is consistent with the common-signal
channel outweighing the differentiation motive in this market. The convergence also extends
across founder experience: experienced teams shift almost as much as newcomers. Where the
monoculture literature documents correlated outputs among users of common Al systems, we trace
the narrowing one step downstream, to the composition of ideas that entry supplies a real product

market.

3 Data Context

We use Product Hunt as the empirical context for our research questions. Product Hunt (https:
/ /www.producthunt.com/) is a public launch platform where entrepreneurs introduce new
products and users can upvote them. Each launch page records the product name, a short tagline, a

longer description, the launch date, maker accounts, and category labels.

Product Hunt fits our design for three reasons. First, each launch contains a short public pitch.
This gives us comparable text for measuring how products are positioned (Guzman & Li, 2023).
Second, launches are time-stamped and linked to maker accounts. This lets us study changes
around the November 30, 2022 release of ChatGPT and separate first-time teams from experienced
teams. Third, the platform spans product categories that differ in how susceptible their ideas are to

generative Al, from artificial intelligence and marketing to games.

We collected launches through Product Hunt’s official GraphQL API, paginating every category-
quarter to exhaustion. Our holdings match the platform’s own reported total in every category-
quarter. Our analysis uses all published launches: 291,314 product launches in 16 categories!
between January 2018 and April 2026, ending with the last fully collected month before the data
pull. Table 1 reports summary statistics. Entry increases sharply after ChatGPT, especially in

artificial intelligence, where launches rise from 6,611 before ChatGPT to 37,447 after.

4 Method

We ask whether generative Al changes the composition of the ideas that reach the market: whether
within-category similarity rises after ChatGPT, whether the rise concentrates in categories whose
ideas are more susceptible to generative AL, whether it thins the distinctive tail rather than shifting

IThese 16 categories cover all the major-level project categories curated by Product Hunt, except LLMs and Al Agents,
which did not exist on the platform pre-ChatGPT. See https://www.producthunt.com/categories.
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Table 1. Summary statistics

Value
Sample
Product launches in analysis window 291,314
Categories 16
Date range Jan 2018 — Apr 2026
Pre-ChatGPT (before Nov 30, 2022) 103,060
Post-ChatGPT 188,254
Launch attributes
Mean makers per launch 1.27
Mean tagline + description length (characters) 274
Median tagline + description length 271
Mean upvotes per launch 37.1
Median upvotes per launch 6
Mean comments per launch 7.2
Median comments per launch 1
Analysis panel
Panel cells (category X calendar-month, n > 30) 1,355
Mean launches per cell 213
Median launches per cell 105
Mean within-cell pairwise cosine, pre-ChatGPT 0.185
Mean within-cell pairwise cosine, post-ChatGPT 0.213

Notes. Upvote counts are cumulative as of the data-collection date and enter
only the high-vote subsample robustness check. Within-cell pairwise cosine
similarity is our primary measure; its construction is described in Section 4.1.

all launches uniformly, and whether it reaches experienced as well as first-time founders. To answer
these questions, we develop a text-based measure of similarity between ideas (Section 4.1) and an
ex-ante design variable that captures each category’s susceptibility to generative Al (Section 4.2),
and we set out a design that separates Al from other post-2022 shocks (Section 4.3). Figure 1
previews the overall workflow, from raw launch records through the idea-space measures and

design variables to the empirical tests that follow.

4.1 Within-Category Idea Similarity and Effective Variety

Our primary measure captures how similar product ideas are within a category-month. To compare
ideas across launches, we place each launch as a point in a common idea space and read similarity
off the distances between points. Because launches are described in text, we follow research that
uses embeddings of text to measure how firms and products are positioned and how novel they are
(Guzman & Li, 2023; Hoberg & Phillips, 2016; Kaplan & Vakili, 2015). An embedding model is a
neural network that maps a passage of text to a point in this shared space, trained so that passages
with similar meaning land near one another; the closeness of two launches is then the cosine of

their vectors, near one when they express the same idea and near zero when unrelated.

Text, however, carries more than the idea it describes. It also carries the way that idea is presented
(e.g., tone, buzzwords, phrasing), and an embedding of the raw text blends style with substance:

different wording can push two launches with the same idea apart, while shared marketing language
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ProductHunt launch pages Idea Similarity Variable Part1 What
Launch text Did ideas converge after
tagline + description Paraphrase launch text ChatGPT?
v
Launch date Text embedding
¥ Part 2 Where

Artificial intelligence, Marketing, e —

Productivity, Egucafmn, Develfper Dataset
tools, Design tools, Social media,
SaaS, E-commerce, Health and
fitness, Travel, Fintech, Web3,

Topic label Pairwise cosine similarity within Where LLMs help
topic-month cells ideation most?

= idea similarity - distinctive share -

effective variety

Games, Lifestyle, and Family Part3 How .
291,314 launches Is convergence driven by
16 topics a thinning distinctive tail,
Maker accounts Jan 2018 — Apr 2026 Design Variables or a mean shift?
first-time vs. experienced o
. * ChatGPT timing (Nov 30, 2022)
* LLM ideation exposure (ex ante, 1-7) Part 4 Who
« Founder experience (first-time vs. Does the pull reach

experienced founders, or

experienced)
P only first-timers?

Figure 1. Overall research workflow. Product Hunt launch pages supply launch text, dates, category labels,
and maker accounts for 291,314 launches in 16 categories from January 2018 to April 2026. We paraphrase
each launch’s text with an LLM, embed it, and compute its pairwise cosine similarities with peers launched
in the same category and month; these similarities yield idea similarity, distinctive share, and effective variety.
We then relate these outcomes to ChatGPT timing, each category’s ex-ante LLM exposure, and founder
experience to answer the four questions shown on the right.

can pull two different ideas together. This matters in our setting because generative Al may change
how founders write as much as what they build, so a raw-text measure would confound the two.
To isolate the idea, we first pass every launch through a single large language model that strips
author-specific style while preserving the product it describes, and then embed the rewritten text,
so that the remaining similarity reflects the idea rather than the prose. Figure 2 shows one launch

pair in each direction.

To operationalize this, we use a locally served Qwen3-32B model to paraphrase each launch’s
concatenated tagline and description, under a prompt that preserves the product’s meaning and
main features while rewriting the prose at comparable length, and encode each paraphrase with
all-MiniLM-L6-v2 (Reimers & Gurevych, 2019) as an L2-normalized 384-dimensional vector x;. The
similarity between launches i and j is the cosine xx; € [~1,1]. Within each (c, t) cell, where ¢

indexes category and t indexes calendar month, the dependent variable sim, ; is the mean cosine

et
2

launches are more concentrated around the cell centroid. We retain category-months with at least

over the (") distinct launch pairs; with unit-norm embeddings, a higher cell mean also means

30 launches (roughly one launch per day over a calendar month), an activity floor that limits noise

from sparse peer sets.? Several checks confirm that the paraphrase preserves the product concept:

2The primary mean-similarity result is not sensitive to this threshold. Re-estimating equation (1) with a minimum



each paraphrase stays close to its original text (mean cosine 0.90), near-duplicate launches remain
near-duplicates, and blind ratings of pairwise closeness align with the cosine measure (Spearman’s
p = 0.73). Appendix A.2 reports the prompt and all three validation checks. We also reestimate the
main specifications using embeddings of the original, un-paraphrased text (Section 5.5).3

(A) Style hides a shared idea

Match Effect (original Games, 2020 . A
E fi(‘“\ml )1 Match3 f a mmes : Goods Match 3d Sort Puzzle (original) Games, 2024
“Experience the typical Match3 formula from a new per- cosine similarity . .
P . yp . . P o _& _____ T “Relaxing Gentle Mind Teaser, Match 3 Game. Play
spective. You are in control of a tile: move it across the < > - . .
0.259 easiest game in the world, relaxing casual. Can be played

field and swap places with neighboring blocks, creating

L. o with one hand to kill some time or relax.”
match-3 color combinations within six moves.”

Match Effect (paraphrase) Goods Match 3d Sort Puzzle (paraphrase)

“Discover a fresh take on the classic Match3 gameplay. cosine similarity “A calming and easy-to-play mind teaser, this match-3
Take control of a tile, guide it across the board, and | <——————> | game offers a relaxing and casual experience. Perfect for
swap positions with adjacent blocks, strategically creating 0.627 unwinding or passing the time, enjoyed effortlessly with
matches of three matching colors.” one hand.”

(B) Style inflates a false match

. . . - i riginal Health and fitness, 2026
Habitly (original) Health and fitness, 2025 SkinTrack (or 1\;(111 )h Ith © 1;1 1nd Hitness : (;
. . . cosine similarity “Monitor your skin health over time. A fun, personalize
“A modern, analytics-powered habit tracker. Build rou- ’ . . ’ X
. L yuesp . . €--------- > | habit-tracking app for teen athletes to manage skin health,
tines, visualize your progress with heatmaps and analytics, 0.605

understand the impact of sweat and exercise, and receive

and stay motivated.” . . .
Y professional skincare guidance.”

Habitly (paraphrase) SkinTrack (paraphrase)

“Habitly is a contemporary habit tracker designed to help cosine similarity “Track your skin health over time with a fun, personalized
you establish consistent routines, monitor your progress | €——————> | app designed for teen athletes. Learn how sweat and
through detailed heatmaps and analytics, and keep you 0.261 physical activity affect your skin, and get expert skincare
inspired.” guidance.”

Figure 2. What paraphrasing changes. Each panel shows two launches, their original texts and paraphrases,
and the pair’s cosine similarity computed from embeddings of each version. Dashed arrows compare the
original texts; solid arrows compare the paraphrases. Original texts are lightly edited for length.

Auxiliary Measures. Two auxiliary measures corroborate the primary mean-cosine result by

summarizing different features of the same within-category geometry.

Distinctive Share. This measure tracks the low-similarity tail. We give each launch its average cosine
to the other launches in its category-month, and call a launch distinctive when that value falls in

the bottom quartile of its own category’s pre-ChatGPT launches; a cell’s distinctive share is the

of 20 launches per cell (1,410 cells) gives f = +0.0223 (cluster-robust SE 0.0052, wild-cluster bootstrap p = 0.013); a
minimum of 50 launches (1,205 cells) gives = +0.0202 (SE 0.0047, bootstrap p = 0.029).

3The exposure gradient in Section 5.2 also holds with BGE-large-en-v1.5, a structurally different 1024-dimensional
sentence encoder (Section 5.5).



fraction of its launches below that cutoff.* By construction about one launch in four is distinctive
in each category before ChatGPT, so post-ChatGPT movement in the share is what carries the

information.

Effective Idea Variety. We use the order-1 Vendi score (Friedman & Dieng, 2022), a metric commonly
used in machine learning that counts the number of distinct elements in a collection while accounting
for the pairwise similarities among them. Intuitively, the Vendi score characterizes how many
mutually dissimilar launches would carry the same variety as a cohort of k randomly selected
launches from the category-month.” Following the rarefaction principle for comparing diversity
across samples of unequal size (Gotelli & Colwell, 2001), we remove the 151 of 1,506 category-month
cells that average fewer than one launch per day, and average the score over random cohorts of
size k = 30; this keeps the one-to-thirty scale constant as launch volume changes. We report the
construction details in Online Appendix OA2.1 and, in Appendix A.3, the estimated results using

this auxiliary measure as a validity check on our main results.

4.2 LLM Exposure Index

This index captures how susceptible a category’s ideas are to generative AIl. We adapt the task-
exposure logic of Eloundou et al. (2024) from occupations to Product Hunt categories. Each of
the 16 categories receives an integer score from 1 to 7. A category receives a high score when
typical product concepts can be developed from general language and common knowledge. A
category receives a low score when its product concepts depend more on tacit craft, specialized
infrastructure, or regulatory expertise. For example, artificial intelligence receives 7 because LLMs
are central to the category. Games receives 2 because product concepts rely heavily on design craft.
Fintech receives 2 because many concepts depend on compliance and domain-specific constraints.
Appendix Table Al reports all scores and the rating prompt.

We construct the index as the median score across fifteen independent rater passes, five each from
OpenAl gpt-40, Google gemini-2.5-pro, and Anthropic claude-sonnet-4-6 under the same prompt,
and treat it as an ex-ante measure. The passes agree closely within each model and rank-correlate
across the three families (Spearman 0.83-0.93), so the index does not hinge on any single model. As
a human benchmark, two raters independently scored all 16 categories from the same rubric, and
their ratings align with the index.®

4We fix each category’s cutoff from its retained pre-ChatGPT months, weighting every pre-period category-month
equally (each launch weight 1/, t) so that high-volume months do not dominate, and hold it fixed afterward. Family
and lifestyle have no pre-period month meeting the 30-launch minimum, so the distinctive-tail outcome covers fourteen
categories.

5The order-1 Vendi score of a 30-launch cohort A is V1(A) = exp(~ X A ax log A ax), where the A 4 are the eigenvalues
of the cosine Gram matrix S 4 normalized by its trace tr(S4); we average V; over 200 random 30-launch cohorts drawn
with fixed cell-specific seeds. A score of m means the cohort holds the variety, under the cosine kernel, of m mutually
orthogonal launches, an effective count rather than a count of labeled idea types.

®Measurement error in Exposure, would attenuate the exposure gradient, so rater noise works against the result.
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4.3 Empirical Methodology

We estimate the following panel model:
simc; = ac + y; + B - (PostChatGPT; x Exposure, ) + €, (1)

where PostChatGPT; equals one for calendar months after November 30, 2022, and Exposure, is
the standardized exposure index (one standard deviation corresponds to about 1.6 points on the
1-7 scale). The specification includes category fixed effects (a.), which control for time-invariant
differences in baseline similarity across categories, and calendar-month fixed effects (y;), which
control for shocks common to all categories in a given month, including entry waves, post-COVID
demand shifts, platform redesigns, and the average effect of ChatGPT itself. The coefficient of
interest, f, measures whether the post-ChatGPT change in within-category similarity is larger in

categories with greater ex-ante LLM exposure.

Interpreting f as evidence that generative Al shapes the ideas that reach the market requires
a differential parallel-trends assumption: absent the diffusion of generative Al, categories with
different levels of ex-ante LLM exposure would not have experienced systematically different
changes in idea similarity around ChatGPT’s release. We assess the plausibility of this assumption
using pre-treatment trends. We find no evidence of a systematic positive differential pre-trend
(Appendix C.1).

The baseline specification gives each category-month equal weight.” We cluster standard errors by
category. There are only 16 clusters, so we also report wild-cluster bootstrap p-values for headline
estimates, using Webb six-point weights with 9,999 replications (Cameron et al., 2008). The baseline

estimate has a wild-cluster bootstrap p-value of 0.010.

The exposure index is an ex-ante measure of a category’s susceptibility to generative Al not an
experimentally assigned treatment. We therefore interpret the estimates as evidence that generative
Al shapes the ideas that reach the market, rather than as a randomized treatment effect. The sample
covers Product Hunt’s major categories, not all startups; founders who do not launch publicly are

outside the sample frame.

5 Findings

Our analyses proceed as a sequence of increasingly demanding tests of the proposed mechanism. We
tirst establish whether startup ideas become more similar after ChatGPT. We then use cross-category
differences in ex-ante LLM exposure to assess whether the shift is strongest where a category’s

ideas are most susceptible to AL Next, we examine the shape of the idea distribution to determine

The gradient does not depend on how cells are weighted. Weighting cells by launch count gives = +0.0164 (cluster
SE 0.0039, t = 4.20), about 89% of the unweighted estimate; weighting by log launch count gives +0.0181 (¢ = 4.52), and
down-weighting large cells by 1/n gives +0.0203 (¢ = 4.00).
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whether convergence reflects a broad movement across all ideas or a center-pulling decline in

distinctive entry. Finally, we compare first-time and experienced teams.

5.1 Within-Category Ideas Become More Similar

Within-category idea similarity rises after ChatGPT (Figure 3). For each category, we fit a linear
trend to its pre-ChatGPT monthly similarity from January 2018 to November 2022, extrapolate the
trend into the post period, and calculate the average difference between observed and predicted
similarity. Across the 14 categories with sufficient pre-period observations, this detrended excess
is +0.027 in mean-cosine units, about 15% of the pre-period mean of 0.185. This positive excess
is robust across categories, holding true for 12 out of the 14 categories analyzed (Table 2). The
increase persists through April 2026, more than three years after ChatGPT’s release. Its duration is
difficult to reconcile with a brief release-period entry wave alone and indicates that the convergence
is not confined to the initial diffusion of the technology. The excess is a descriptive summary; the
identification rests on the panel estimates in Section 5.2, which do not use it.

i ChatGPT released
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Figure 3. Aggregate within-category idea similarity by calendar month. Cross-category mean of within-
category mean pairwise cosine similarity, January 2018-April 2026. The shaded region is a pointwise 95%
band based on the cross-category standard error; the dashed line marks the November 30, 2022 release of
ChatGPT.

Table 3 shows what the launch-level measure captures, using selected launches from categories
outside artificial intelligence; each launch is scored against its own category’s same-month peers.
The high-similarity launches never mention Al, yet they read like the same pitch written for different
domains—an all-in-one travel companion, an all-in-one conversion booster, an all-in-one habit
tracker: each sits squarely on its category’s modal concept. The low-similarity launches address
problems far from that modal concept, from crowdsourced pint prices to a plastic-free toothpaste
tube. The examples are selected for illustration; they show the contrast that the aggregate measure

summarizes.
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Table 2. Per-category post-ChatGPT excess in within-category similarity

Category Exposure nipre npost Detrended excess
index cells cells (mean, z-score)

Higher exposure (index > 5)

Artificial intelligence 7 59 41 +0.0705 (36.7)
Marketing 6 59 41 +0.0897 (29.3)
Productivity 6 59 41 +0.0486 (36.5)
Education 6 59 41 +0.0236 (12.9)
Developer tools 5 59 41 +0.0391 (32.6)
SaaS 5 47 41 +0.0160( 9.7)
Lower exposure (index < 4)
E-commerce 4 51 41 —0.0036 (-1.0)
Travel 4 37 40 +0.0058 ( 2.0)
Social media 4 49 41 +0.0083 ( 3.9)
Design tools 3 59 41 +0.0094 ( 4.0)
Health and fitness 3 59 41 +0.0313 (11.5)
Fintech 2 59 41 +0.0244( 7.2)
Web3 2 47 40 +0.0147( 4.0)
Games 2 59 41 —0.0038 (—1.8)
Aggregate (mean across 14 categories) - - - +0.0267
Spearman p (excess vs. exposure) - - - 0.61

Notes. For each category, we fit a linear trend to pre-period (January 2018-November 2022)
cell-level mean similarity and define excess as the post-period mean of observed similarity
minus the extrapolated trend. The z-score divides this excess by the category’s pre-period
residual standard deviation. The table includes the 14 categories with at least 18 pre-period
cells containing at least 30 launches; lifestyle and family fall below that threshold.

Table 3. Selected post-ChatGPT launches in non-Al categories: modal versus distinctive ideas

Product Category Tagline Cell (month, n) 5
Modal (high within-cell similarity)
Golrip Travel Plan, share, travel: your all-in-one 2024-08 (n=56) 0.364
adventure companion
SalesBuddy E-commerce Turn visitors into buyers with realtime  2025-01 (n=113)  0.362
offers, social proof
CompleteDay Health and fitness ~ Habit tracker with nutrition, exercise, =~ 2024-04 (n=122) 0.345
and fasting tracker
Prettify Design tools Create stunning visuals instantly 2024-10 (n=152) 0.338
Distinctive (low within-cell similarity)
Compare Country Size  Education Compare country sizes on one map 2025-06 (n=404) 0.010
PAIST E-commerce 100% plastic-free toothpaste tube, 2023-11 (n=86)  0.014
made by dentists
PintWatch Ireland Social media Crowdsourced pint prices across Irish ~ 2026-04 (n=391) 0.018
pubs
Inkle’s Free Form 7004  Fintech Extend a US startup’s IRS tax deadline = 2023-03 (n=111)  0.020

by six months

Notes. Rows are selected illustrations; modal rows come from the high end of each category’s within-category similarity
distribution and distinctive rows from the low end. 5 is a launch’s average cosine similarity to same-category, same-month
peers, computed from the original (un-paraphrased) text so the displayed taglines correspond to the scores; the primary
measure uses paraphrased text (Section 4.1). Taglines are lightly edited for length.
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5.2 Similarity Rises More in Categories with Higher LLM Exposure

Table 4 reports the panel difference-in-differences estimates. In the baseline specification (column 1),
a category one standard deviation higher in ex-ante LLM exposure is associated with a 0.018 larger
post-ChatGPT increase in mean within-category cosine similarity (about half a standard deviation
of monthly within-category similarity), relative to contemporaneous changes at lower exposure
levels; the estimate is statistically significant (p = 0.010 under a wild-cluster bootstrap) and is about
10% of the pre-period mean. Columns 2 and 3 add an exposure-specific linear trend and report

leave-one-out sensitivity.

Table 4. Cross-category gradient: panel difference-in-differences on within-cell similarity

@ @ ®)

Monthly Monthly Leave-one-out

baseline + trend ctrl range
PostChatGPT; x Exposure, +0.0184 +0.0178 [+0.015, +0.020]

(0.0041) (0.0044)
t x Exposure, (linear trend) +0.0001

(0.0011)

Wild-cluster bootstrap p 0.010 0.013 —
Category fixed effects Yes Yes Yes
Calendar-month fixed effects Yes Yes Yes
Cluster-robust SE on category Yes Yes Yes
Observations 1,355 1,355 1,255-1,350
R? 0.782 0.782 0.78-0.79
Adjusted R? 0.762 0.762 0.76-0.77

Dep. var. mean (pre / post) 0.185 /0213 0.185/0.213 —

Notes. The dependent variable is the primary similarity measure at the category-
month level (Section 4.1). Column 1 estimates equation (1) on the monthly panel
(1,355 cells, 16 categories); column 2 adds a linear time trend interacted with the
exposure index; column 3 reports the range of leave-one-out estimates, dropping each
category in turn. Standard errors in parentheses are cluster-robust at the category
level (CR1, 16 clusters). Wild-cluster bootstrap p-values impose the null and use
Webb six-point weights with 9,999 replications (Cameron et al., 2008; Webb, 2023). A
permutation test reassigning the exposure index across the 16 categories (Young, 2019)
(9,999 permutations, two-sided) gives p < 0.001 in columns 1 and 2. Exposure, is the
standardized category-level LLM exposure index (Appendix Table Al); PostChatGPT;
indicates calendar months after November 30, 2022.

Additionally, we use effective idea variety, which counts how many distinct ideas a cohort of
launches effectively contains, as a complementary, count-based view of the exposure gradient.
Under the same specification as equation (1), a category one standard deviation higher in LLM
exposure is associated with a 0.892-unit more negative post-ChatGPT change in effective variety,
relative to contemporaneous changes at lower exposure levels (ﬁ = —0.892, SE = 0.200; Webb
wild cluster bootstrap p = 0.0083; permutation p = 0.0055; Appendix Table A2). For a cohort of
30 launches, this is roughly one fewer effective idea in a category one standard deviation more

exposed.

For the primary mean-cosine outcome, the exposure gradient appears as a level break after ChatGPT.
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Adding an exposure-specific linear trend gives f = +0.0178 (wild-cluster bootstrap p = 0.013),
while the trend interaction is small and statistically insignificant (Table 4, column 2). Leave-one-out
estimates range from +0.015 when web3 is omitted to +0.020 when health and fitness is omitted.
Every estimate remains significant at CR1 p < 0.01.

Figure 4 maps this cross-category gradient by plotting each category’s detrended post-ChatGPT
excess similarity against its ex-ante LLM exposure index, with the underlying values detailed in
Table 2. The most pronounced increases in within-category similarity are concentrated among
the four highest-exposure categories (index > 6). Relative to their pre-period similarity mean of
0.158, the post-treatment excesses range from 15% in education to 57% in marketing. Conversely,
games—among the lowest-exposure categories—exhibits a slightly negative excess (—0.004), while
travel and e-commerce also stay near zero. The non-parametric Spearman rank correlation between
the per-category excess and the exposure index is p = 0.61 (p = 0.021 via a two-sided permutation

test), consistent with a monotonic cross-category gradient.
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Figure 4. Post-ChatGPT change in within-category similarity by LLM exposure. Each bubble is a category.
The vertical axis is the category’s detrended post-ChatGPT excess in mean within-category cosine; the
horizontal axis is the ex-ante exposure index; bubble area is proportional to launch count. The dashed grey
line is a descriptive OLS fit through the 14 category-level points (slope +0.011). Categories with the same
exposure score are horizontally jittered for legibility.

Interestingly, fintech and web3—two low-exposure categories—show noticeable positive excesses
(+0.024 and +0.015, respectively), running against the direction of the gradient. Because these
categories score low on exposure, their positive excesses flatten rather than steepen the cross-
category gradient, so if anything they make the baseline estimate conservative. We speculate that
the late-2022 cryptocurrency market crash contributed to the anomaly: both sectors contracted

around the treatment window, which could have removed crypto-adjacent products and lowered
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the within-category baseline against which the detrended excess is measured. We do not test this

channel directly and offer it only as a possible reading of these two off-gradient categories.

The cross-category gradient is consistent with generative Al shaping the ideas that reach the
market. Calendar-month fixed effects absorb shocks common to all categories, so the estimate
comes from differential changes across ex-ante LLM exposure levels. Similarity rises more where a
category’s ideas are more susceptible to Al This ordering is consistent with product ideas moving
toward common category concepts after ChatGPT. The panel gradient does not by itself reveal
whether this convergence comes from a changing mix of product types or from convergence within
types. Descriptive evidence from the four highest-exposure categories indicates that both margins
contribute, though it does not cleanly separate their shares (Appendix C.2).

5.3 The Distinctive Tail Thins Most in LLM-Exposed Categories
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Figure 5. Distinctive-launch share before and after ChatGPT. A launch is distinctive when its average
cosine to same-category, same-month peers falls below its category’s pre-ChatGPT bottom-quartile cutoff.
(A) Equal-category mean across the 14 categories with pre-period baselines. (B) Means for exposure groups
fixed by the index: high (> 6, four categories), middle (= 5, two categories), and low (< 4, eight categories).
Family and lifestyle lack a qualifying pre-period baseline and are excluded. Shaded regions are pointwise
95% bands from the cross-category standard error; dashed lines mark November 30, 2022.

Innovation returns are highly skewed: a small number of breakthroughs account for most of the
value (Kogan et al., 2017; Scherer & Harhoff, 2000), and atypical combinations are more likely
to produce high-impact science and inventions (Arts & Veugelers, 2015; Uzzi et al., 2013). In
recombinant accounts of innovation, a thicker distinctive tail widens the set of inputs available for
future discovery (Romer, 1990; Weitzman, 1998). Cheaper ideation opens two opposing possibilities.
It may let founders explore concepts they would otherwise have left untouched, or it may draw
founders who lean on the same models toward the same familiar concepts. This section asks which

distributional pattern appears among products that reach the market.
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As defined in Section 4.1, a launch is distinctive when its average similarity to same-category,
same-month peers falls in the bottom quartile of its category’s pre-ChatGPT launches. Figure 5,
Panel A, plots that share across the fourteen categories with a pre-ChatGPT baseline. The share
falls from 25.0% before ChatGPT to 16.0% after, a decline of more than a third. On the figure’s
equal-category scale, the rate moves from roughly one in four to one in six. Ideas far from a

category’s familiar concepts appear less often in the flow of new products.

Panel B asks whether the tail thins evenly or more where LLM exposure is higher. Before ChatGPT,
the high-, middle-, and low-exposure groups all track around a quarter, as the category-specific pre-
period cutoffs imply. After the release all three groups decline, ordered by the index: the distinctive
share falls to 9.1% in the four high-exposure categories and to 16.9% in the two middle categories,
while the eight low-exposure categories fall only to 19.2%. This ordering is the distinctive-tail

counterpart of the exposure gradient established in Section 5.2.

We put that ordering into a single coefficient by re-estimating Section 5.2’s difference-in-differences
specification with the distinctive share as the outcome. A one-standard-deviation increase in LLM
exposure is associated with a 5.3-percentage-point larger post-ChatGPT decline in the distinctive
share (B = —0.0532, cluster-robust SE 0.0132, wild-cluster bootstrap p = 0.0102, permutation
p = 0.0052), about a fifth of the aggregate 25.0% pre-period share. This regression records the
corresponding gradient in the distinctive share under the comparison developed in Section 5.2.

Post-ChatGPT cells are also much larger, allowing each launch’s average similarity to its peers more
precisely, but this could move the share below a fixed cutoff on its own. To hold the comparison set
constant, we draw one reference set of 30 launches per category-month and score every launch
against that cell’s common reference set in both periods. This fixed-reference measure calibrates its
own equal-cell-weighted pre-period cutoff. Its distinctive share falls from 25.0% to 16.2%, and the
exposure coefficient is essentially unchanged at —0.0545. The changing number of peers used to
construct a launch’s score therefore does not account for the thinning gradient. The quartile itself is
not doing the work either: bottom-decile, bottom-quintile, and bottom-third cutoffs give the same
significant contraction (Online Appendix OA2.3).

The pattern survives without reducing the distribution to the quartile indicator. Figure 6 plots the
full launch-level densities for the four highest-exposure categories and the four lowest observed in
both periods. In the high-exposure row, equal-cell-weighted mean similarity rises from 0.158 to
0.209, the post-ChatGPT density moves toward higher similarity, and the low-similarity shoulder
where distinctive launches sit thins. The low-exposure row is comparatively stable, with smaller
and mixed changes across categories. The dotted line in each panel marks the category-specific
distinctive cutoff. Online Appendix OA2.2 shows all sixteen categories.
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Figure 6. Launch-level similarity before and after ChatGPT by category. The top row contains the four
categories with exposure scores of 6 or 7; the bottom row contains four selected low-exposure categories
observed in both periods. Curves average cell-level distributions with equal weight per cell; exposure scores
appear in parentheses and launch counts in the legend. Dotted lines mark category-specific pre-ChatGPT
bottom-quartile cutoffs. Because the curves are kernel-smoothed, a cutoff need not leave exactly one quarter
of the plotted pre-period density to its left.
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5.4 Similarity Rises Across First-Time and Experienced Teams

We next ask how the changing mix of founders (i.e., first-time vs. experienced founders) and changes
in similarity within each founder type jointly shape the market-wide rise. We classify a launch
as first-time when no maker on the team has a previously observed Product Hunt launch and as

experienced otherwise.

Our model-free evidence shows that, after ChatGPT, similarity rises for both first-time and
experienced teams, from around 0.16-0.17 to above 0.21 (Figure 7, Panel B). At the same time, the
founder mix shifts sharply toward newcomers: first-time teams’ share of maker-classified launches
rose from 46% in 2022 to 71% by 2026 (Panel A). First-time teams remain more distinctive; their
point-estimate similarity gap relative to experienced teams narrows from about 0.009 to 0.005
(about 0.14 to 0.08 standard deviations; Panel C). The shift toward the more distinctive group pulls
aggregate similarity downward, but the rise within both groups more than offsets this compositional

pull, so market-wide similarity rises.

The exposure gradient is statistically indistinguishable across founder types. A direct test does not
reject equal gradients for the two groups; reweighting each category to hold its first-time share
at its pre-period level leaves the gradient essentially unchanged; and within each founder type,
the gradient remains positive (Online Appendix OA3.3). Launches grow more alike across both
experience groups despite founders” incentives to differentiate, a pattern consistent with a common,
publicly available knowledge source shaping the ideas that reach the market across experience

levels.

5.5 Robustness Checks

We conduct several robustness checks to ensure that the documented cross-category exposure
gradient is not driven by measurement artifacts, encoder choice, or alternative sample construc-

tions.

First, to check whether the result reflects convergence in product ideas rather than convergence in
writing style, we re-estimate the baseline model using the original, un-paraphrased launch text.
The exposure gradient is nearly unchanged (5 = +0.0177, SE = 0.0042). The aggregate level shift
and the tail decline also retain about 90% of their magnitudes after paraphrasing, suggesting that
the documented convergence is mainly about product concepts rather than shared wording.

Second, to check whether the result depends on the sentence encoder, we re-embed the full
corpus using BGE-large-en-v1.5, a 1024-dimensional open-source embedding model with a different
architecture and training corpus. The exposure gradient remains positive and statistically significant
([;’ = +0.0120, SE = 0.0027). The estimate is smaller than the baseline but points to the same

conclusion: the cross-category gradient is not specific to the primary encoder.

Third, to ensure the exposure gradient is not driven by low-attention launches in the long tail of
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Product Hunt, we re-estimate equation (1) keeping only the more-upvoted half of each category-
month cell. The coefficient is ﬁ = +0.0144 (t = 3.62, wild-cluster bootstrap p = 0.026), so the result
is not an artifact of low-visibility launches or of including the full long tail of posted products.

6 Discussion

This paper examines whether generative Al broadens or narrows the product ideas that en-
trepreneurs bring to market. We study 291,314 Product Hunt launches from January 2018 to April
2026, measure within-category idea similarity from launch text paraphrased to standardize writing
style, and compare changes around ChatGPT’s release across categories with different levels of
LLM exposure. Our results show that product ideas launched within the same category become
more similar after ChatGPT. The share of distinctive launches falls by more than one-third, and
the contraction is larger in categories with greater ex-ante LLM exposure. The gradient remains
when we hold founder composition fixed and estimate similarity within first-time and experienced

founder groups.

The exposure index orders categories by how effectively a 2022-era general-purpose LLM could
help an entrepreneur develop a typical product idea. We fixed the rating rubric and category
scores before estimating the outcome gradients, so the exposure ordering was specified separately
from the outcome analysis. It provides an ex-ante category-level test of whether ideas change
more where LLM assistance is more relevant. The outcome places each launch in an idea space
defined by the problem, intended user, and function presented to the market, after paraphrasing
standardizes writing style. This construction lets us compare the distribution of ideas reaching
the market across categories and over time. We do not observe founders’ ideation processes or
their actual use of LLMs. Accordingly, the exposure index captures the potential relevance of LLM
assistance at the category level, whereas the outcome captures only the ideas ultimately presented
to the market.

One possible interpretation is that founders draw on a common, publicly available knowledge
source. The stylized model illustrates how ideas can become more concentrated when a common
input is precise enough to receive substantial weight and shared enough to move founders in
correlated directions (Appendix B). The cross-category ordering and placebo estimates weigh
against a generic post-2022 shock. The gradient among launches that never mention Al weighs
against a surge confined to explicitly Al products. Its persistence within both founder groups and
after composition reweighting weighs against a changing founder mix. These tests are consistent
with the common-input interpretation. They do not establish that individual founders used an
LLM or identify the mechanism.

A change in technological opportunities can produce the same aggregate pattern. ChatGPT may
have raised the returns to a focal set of applications in high-exposure categories, leading founders

toward those applications without direct model assistance. The thinner distinctive tail does not
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separate the explanations. A broad expansion of the feasible set could support more distinctive
products, but an opportunity shift that raises returns to a narrow set could reduce the tail. We also
cannot rule out imitation of visible launches or locate a common input in any particular layer of the
model-to-launch pipeline. The common-input mechanism is therefore one explanation consistent
with the evidence. The research design does not identify it separately from the opportunity

response.

These distinctions make the implication for platforms conditional. If concentration reflects an
accurate response to a focal opportunity, interventions that disperse entry could move the portfolio
away from the applications with the highest expected returns. If correlated reliance on common
inputs matters, tools that are useful to individual founders may nevertheless reduce variety
in the incoming portfolio. For platforms that value breadth and discovery, the results motivate
monitoring the distribution of ideas and testing portfolio-level responses, such as crowding feedback
at submission or diversity-aware discovery. Because the gradient appears within both founder
groups, changing the founder mix would not address the within-group component. Under the
common-input interpretation, founders may gain more differentiation from private information,

domain expertise, and proprietary data.

This study has two limitations that define the scope of the evidence. First, the data come
from one English-language, software-heavy platform and cover product concepts that founders
choose to launch publicly. Second, because we do not observe founders’ actual use of LLMs, the
evidence cannot distinguish direct LLM assistance from contemporaneous changes in category
opportunities. Founder-level use data or randomized access to LLM assistance could help separate
these explanations. Experiments that independently vary the informativeness and overlap of model
outputs could distinguish the precision and sharedness channels. Future work could link launch
ideas to downstream outcomes to test whether a thinner distinctive tail predicts product success
or limits future recombination. More broadly, the pattern points to a tension between individual
capability and collective variety: tools that expand what each entrepreneur can produce may
also concentrate the ideas that reach the market. The entrepreneurial consequences of generative
Al therefore encompass individual productivity and the composition of the market-wide idea
pool. The breadth of that pool shapes the possibilities available for future recombination and

discovery.
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Appendix
A Measure Construction and Validation

A1 Category-level LLM exposure index

Each category’s exposure score is an ex-ante rating—the median across fifteen prompted LLM
passes—of how effectively a 2022-era general-purpose model could help an entrepreneur ideate a
new product in that category. It adapts the task-exposure concept of Eloundou et al. (2024) (how
effectively a model can do the work at equal quality without special domain access) to the category
level. Table Al lists the scores; the rating prompt follows.

Table A1. LLM exposure index by category (ex-ante rating)

Category Index Category Index
Artificial intelligence 7 E-commerce 4
Marketing 6 Health and fitness 3
Productivity 6 Travel 4
Education 6 Lifestyle 5
Design tools 3 Fintech 2
Social media 4 Family 4
Developer tools 5 Web3 2
SaaS 5 Games 2

Notes. The table reports each category’s ex-ante integer score in
{1,...,7} for how effectively a general-purpose LLM could assist
product ideation. The panel regression standardizes these scores to
mean zero and unit variance; Section 4.2 describes the construction,
and the rating prompt follows.

Role. You are an expert annotator adapting the task-exposure concept of Eloundou et al. (2024) to product
ideation. Given one product category, output an integer 1-7 answering: how effectively can a 2022-era
general-purpose LLM (e.g., ChatGPT) help an entrepreneur ideate a new product in this category? Here
“ideate” means generate, refine, and critique the product concept—not build, fund, market, or operate it.

Baseline. Assume a text-only general-purpose model at the late-2022 (ChatGPT) level with no domain-
specific access (no fine-tuning, proprietary data, specialized tooling, regulated or licensed knowledge,
or tacit hands-on craft). Rate the model’s unaided ideation help for the typical concept in the category,
holding output quality constant—the “equal quality, no extra software” spirit of the exposure criterion.
Rate potential assistance, not adoption or any market outcome, and judge ex ante: do not use or anticipate
any result.

How to score. Score higher when the category’s typical concepts are well covered by general text and can be
generated and refined from general knowledge alone, and highest (7) when a general-purpose LLM is
plausibly the core enabling technology of the category’s products. Score lower for barriers the bare model
cannot supply: deep tacit or aesthetic craft, specialized technical infrastructure, regulatory, compliance, or
licensing expertise, or dependence on proprietary or physiological data.

Scale. 7, the LLM is the dominant ideation aid (core technology); 6, ideation maps directly onto core LLM
strengths (text, planning, tutoring, copy); 5, clear overlap but the model is an assistant, not the core; 4, a
partial or still-nascent use case; 3, helps only some sub-areas, or meaningful barriers limit it; 2, ideation
needs domain craft the 2022 model lacked; 1, essentially useless.

Output. “Score: n” for an integer 1-7, then a one- or two-sentence rationale naming the affordances or
barriers that drove the score.
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The index is the median score across fifteen rater passes, five each from OpenAl gpt-40, Google
gemini-2.5-pro, and Anthropic claude-sonnet-4-6 under the prompt above. The per-category scores
are consistent within each model and rank-correlated across families (cross-model Spearman
0.83-0.93), so the index does not depend on any single model.

A.2 Style-normalizing paraphrase

We use two checks to assess whether the paraphrase preserves product meaning. First, we compare
each launch’s original-text embedding with its paraphrase embedding. Across all 291,314 launches,
the mean original-versus-paraphrase cosine is 0.90 (median 0.91; 5th percentile 0.78), and 0.15% of
launches fall below 0.50. The paraphrase stays close to the original content for essentially every
launch while regenerating the prose. Second, near-duplicate launches remain near-duplicates after
paraphrasing. Among the 773 within-category-month launch pairs whose original-text cosine is at
least 0.90, the median paraphrase-text cosine is 0.92, 94% remain at or above 0.80, and no pair falls
below 0.50. Paraphrasing does not split apart launches that describe essentially the same product.
Both checks compare embeddings of the two text versions; they do not involve human judgment of

meaning preservation.

We then validate whether the paraphrase-based cosine tracks idea proximity as a reader would
judge it, using LLM raters as proxies. We drew 60 within-category-month launch pairs spanning
the range of measured similarity (20 in each of the low, middle, and high cosine terciles) and had
three independent LLM raters score each pair’s conceptual closeness on a 1-7 scale, shown only
the texts and never the cosine. Mean rated closeness rises monotonically across the terciles—1.4,
2.0, and 2.9 at mean cosine values of 0.084, 0.193, and 0.337—and the rank correlation between the
cosine measure and the across-rater mean rating is Spearman 0.73 (n = 60). Inter-rater agreement is
high, and distinct from that rank correlation (Krippendorff’s ordinal a = 0.73; average-measures
ICC(2, k) = 0.94). The validation supports the measure’s rank ordering; we report magnitudes in

cosine units for interpretability, not as a calibrated distance scale.

To separate convergence in product ideas from convergence in writing style, we rewrite every launch
with a large language model before embedding, preserving its meaning while regenerating the
prose. We generate one paraphrase per launch with Qwen3-32B—an open-weight model we run
locally—using sampling temperature 0.7, top-p 0.95, and up to 256 output tokens, and embed the
paraphrase. We rely on a local model because paraphrasing all 291,314 launches through a frontier
commercial API would be prohibitively expensive; to verify that nothing hinges on this choice, we
re-paraphrased a random subsample of 1,000 launches with the OpenAI GPT API and obtained
qualitatively the same results. The instruction is:

System. You are a writing assistant that paraphrases product descriptions. Your task is to rewrite the
given product description in your own words while (1) preserving the core meaning and key features,
(2) maintaining a similar length (within 20% of the original), (3) using different vocabulary and sentence
structure, and (4) keeping a professional, marketing-appropriate tone. Output only the paraphrased
version, nothing else.
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User. Paraphrase this product description: {text}

A.3 Effective idea variety: exposure-gradient estimate
Table A2 reports the exposure-gradient estimate under the specification of equation (1).

Table A2. Exposure gradient in effective idea variety among 30 launches

~

Outcome p SE 95% CI t WCBp Perm.p
Effective idea variety —0.892 0.200 [-1.317, —-0.467] —4.47 0.0083  0.0055

Notes. Coefficient on Post x Exposure, with category and month fixed effects; the
paraphrase-based panel of N = 1,355 equal-weight category-month cells and 16 category
clusters; the post period begins in December 2022. The interval uses CR1 inference with
t(15) critical values. The wild cluster bootstrap is studentized and null-imposed with
Webb six-point weights; the permutation test reassigns category exposure scores. Both
procedures are two-sided with B = 9,999.

B A Stylized Common-Signal Model

To clarify one mechanism consistent with the evidence, we use a stylized signal-aggregation model.
It adapts the wisdom-of-crowds logic of Da and Huang (2020) and the non-strategic information
structure in Morris and Shin (2002) and Angeletos and Pavan (2007) to product launches. Founders
combine idiosyncratic private information with an Al-assisted signal that contains both shared
and founder-specific components. The model yields one directional comparative static: greater
weight on a more precise signal reduces dispersion around a category’s latent target, while a shared
component makes the resulting movement correlated across founders. The model organizes the

empirical prediction; it does not identify the mechanism or quantify its effect.

Let O, denote the latent target concept in category c. Founder i observes a private signal s; = 0, +¢;
with precision 7; and an Al-assisted signal m; = 0. + u. + v; with precision 7,. The errors
are mean zero and mutually independent, and ¢; and v; are independent across founders. The
component ., is common within the category, while v; captures founder-specific variation in
prompts, model versions, and edits. Write 62 = 1/75 and 02, = 1/1,,, and let ¢ € [0, 1] denote the
share of the Al signal’s variance that is common: Var(u;) = ¢0% and Var(v;) = (1 — ¢)o%. Thus
¢ is also the correlation between two founders” Al signals, conditional on 0.. Exposure enters
through t,, = 7,,(E.), with 7}, (E.) > 0: Al assistance is more informative in categories where it is
more relevant. Before widespread Al use, the limiting case 7, | 0 gives the Al signal negligible

weight.

A founder chooses a launch position x; to minimize (x; — 0.)?, with no strategic reward for matching
or differentiating from other founders. With Gaussian signals and a diffuse prior, the optimal
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position is the posterior mean,

Tm(Ec)

xi = w(E)m; + (1 - w(Ec))si, w(Ee) = T + T(Ee)’

w’(Ec) > 0. (2)
This is the non-strategic, r = 0 case of Morris and Shin (2002). The weight w is the share of total
precision carried by the Al signal. Founders place more weight on that signal as exposure rises,

without any coordination motive.

To match the within-category empirical comparison, hold 8, and the realized common component
u. fixed. Only e; and v; then vary across founders, so the cross-founder dispersion of launch
positions is

D(E.) = Var(x; | 0, uc) = (1 -w)* o2 +w?(1 - o) o2, 3)

which is also one half of the expected squared distance between two founders’ positions. Substituting

the signal variances and the weight from equation (2) gives

Ts + (1 - (P) Tm
(ts + 77111)2

7

so dispersion falls with exposure, dD/dE. < 0, holding 7; and ¢ fixed.®? Two forces contribute
to this result. When ¢ = 0, a more precise founder-specific signal still reduces dispersion
around 6., since D = 1/(t75 + 1;,). At fixed precision, sharedness reduces dispersion further,
dD/dp = =1y [(Ts + Tm)? < 0, and makes founders’ movements correlated through u,.. Precision
and sharedness are therefore distinct channels.

In the empirical embedding space, lower within-category dispersion corresponds to higher mean
pairwise cosine. The model therefore predicts a positive coefficient on PostChatGPT; X Exposure,
in equation (1) and an exposure-ordered rise across categories. These predictions concern the
sign and monotonicity of the gradient, not its magnitude. The model omits founder adoption,
strategic differentiation, entry, changes in category opportunities, and imitation. Differentiation
would push dispersion upward, while a focal opportunity could pull founders toward the same
applications without direct Al assistance. The observed gradient is consistent with the common-
signal mechanism, but the model does not identify it separately from these alternatives.

C Additional Results

C.1 Dynamic event study

This appendix traces the exposure gradient quarter by quarter. We replace the single PostChatGPT; X
Exposure, interaction in equation (1) with quarterly event-time indicators interacted with exposure,

so each coefficient shows how far high-exposure categories had moved relative to low-exposure

84D /dty, = — [(1 +¢)ts +(1— qb)rm] /(s + T)® < 0. Because 7/, (E¢) > 0, the chain rule gives dD /dE. < 0.
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ones in that quarter (paraphrased panel, N = 1,355 cells; the reference bin is the quarter before the
November 30, 2022 release; category-clustered standard errors). Figure A1 plots the result. Before
ChatGPT the coefficients hover near zero, averaging 0.006 in absolute value. In the release quarter
the gradient appears at +0.010, reaches +0.019 within two quarters, and stays between +0.012 and
+0.019 through the last complete quarter of the sample—a level shift at the release that persists for
three years, rather than a gradual drift that happens to straddle it.

A formal test of the pre-period coefficients supports this reading. Testing all nineteen quarterly
leads jointly asks more than sixteen clusters can answer, so we test at the annual resolution: the
joint test does not reject the null of no differential pre-trends on either panel (F = 0.55, p = 0.70
on the paraphrased panel; F = 0.60, p = 0.67 on the original-text panel), and no annual lead is
individually significant. The one finer-grained (semi-annual) pre-period lead that is individually
significant is negative, so any residual pre-trend works against the positive post-period gradient
rather than manufacturing it. Consistent with this, the specification that absorbs exposure-specific
trends outright leaves the gradient at +0.0178 (Table 4, column 2).
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Figure Al. Dynamic event study of the exposure gradient. Coefficients on quarterly event-time indicators
interacted with standardized LLM exposure, replacing the single post interaction in equation (1); paraphrased
category-month panel (N = 1,355 cells). The reference bin (open diamond) is the quarter immediately before
the November 30, 2022 release; bars are 95% confidence intervals from category-clustered standard errors (16
clusters).

C.2 Entry composition versus within-type convergence

Post-ChatGPT entry shifts sharply toward Al products: their share of launches rises from 5.6% to
42.0% overall, and from 8.7% to 52.5% in the four highest-exposure categories (index > 6). Because
Al products resemble one another, this shift alone would raise within-cell similarity. We separate
the two margins with the block accounting formula S ~ p?Saa + (1= p)>Snn +2p(1 — p)San, where
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p is a cell’s Al-product share and Saa, Snn, San are the mean pairwise similarities within and
across the two product types. Holding the block similarities at their pre-period values and moving
only the Al share to its post-period value reproduces about 58.8% of the +0.0643 similarity rise in
these categories (an approximate diagnostic rather than an exact decomposition of the distinct-pair
cell mean); the remaining 41.2% comes from rising block similarities, both within and across the
two product types (non-Al/non-Al +0.0283, AI/AI +0.0368, and cross-type +0.0199).

Whether that within-type convergence also produces the cross-category gradient is harder to pin
down. Among launches that do not contain Al-related keywords, the exposure gradient is positive
but modest (8 = +0.0074, cluster-robust t = 1.94; wild-cluster bootstrap p = 0.084): within-type
convergence tilts the right way with exposure but is no longer significant at conventional levels
once the index pools multiple raters. The complementary Al-only subsample is too thin to estimate
a stable gradient—few category-months clear the thirty-launch floor and the interaction is nearly
collinear with the calendar-month effects—so we cannot cleanly separate how much of the panel
gradient is within-type and how much is compositional. What the decomposition does establish
is that both channels operate: more-exposed categories both attract more mutually similar Al
products and see genuine convergence within product types. These calculations use the original-text
similarity measure; the exposure gradient is nearly identical on original and paraphrased text
(Section 5.5), so the diagnostic is informative about the primary result, though not a decomposition
of it.
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Online Appendix

Does Generative Al Make Startup Ideas Alike? Evidence from Product Hunt

This appendix supplements “Does Generative Al Make Startup Ideas Alike? Evidence from Product
Hunt.” It collects the robustness and supplementary analyses behind the headline cross-category
difference-in-differences (DiD) estimate, the coefficient § on Post X Exposure, in the category-month
panel, estimated from sim = a, + y; + B(Post X Exposure,) + ¢ with standard errors clustered on
category. Sections OA1-OA4 group the material by the question it answers: identification and
timing (OA1), measurement (OA2), sample and inference (OA3), and the exposure index (OA4).
Each table states the panel it uses (paraphrase-based primary or original-text), the post boundary,
and the inference design; wild cluster bootstrap and exposure-permutation tests follow Cameron
et al. (2008) and Young (2019). The map below links each manuscript claim to the section that

supports it.
Manuscript claim or object Here
Pre-trends and event-study sensitivity (Section 4.3) OA1l
Measure, effective variety, and embedder choice (Sections 4.1, 5.1-5.2) OA2
Few clusters and high-vote sample (Section 5.5) OA3

Founder-experience symmetry and within-type convergence (Section 5.4) 0OA3.3
Cross-model stability of the exposure index (Section 4.2) OA4

OA1 Identification: Pre-Trends and Placebo Timing

This section tests whether high- and low-exposure categories were on differential trends before
ChatGPT, and whether the descriptive event-study excess depends on its timing and window
choices. Unless a row states otherwise, estimates use the category-month panel (N = 1,355, 16
category clusters, post boundary December 1, 2022, so that November 2022 is coded pre-period);
the pre-period joint test in Table S1 uses the 762 pre-period cells.

Pre-period joint test. The direct test runs on pre-ChatGPT months only, with linear and quadratic
exposure-time interactions tested jointly. This smooth-trend test does not reject the null of no
differential linear or quadratic pre-trends on either panel (Table S1). The annual event-study lead
test also does not reject on either panel (F = 0.55, p = 0.70 on the primary panel; F = 0.60, p = 0.67



on the original-text panel; Appendix C.1 of the manuscript), and no annual lead is individually
significant. The one finer-grained pre-period lead that is significant is negative, so any residual
imbalance runs against—not toward—the positive post-ChatGPT gradient, and the specification
that absorbs exposure-specific trends leaves the estimate at +0.0178.

Table S1. Pre-period differential-trend joint test

Panel Linear, quadratic ¢ (p) Joint F (p)
Paraphrased (primary) +0.29 (0.776); —0.27 (0.789)  0.04 (0.957)
Original text +0.18 (0.859); —0.10 (0.921)  0.09 (0.917)

Notes. Pre-ChatGPT months only (Npre = 762), on the paraphrase-based
primary panel and the original-text panel; post boundary December 1,
2022 (November 2022 coded pre-period); 14 category clusters (family and
lifestyle have no retained pre-period cell), category-clustered SE. Exposure-
interacted linear and quadratic time terms are tested jointly (2 restrictions);
a small-G correction to the F reference distribution leaves the p-values
unchanged.

Placebo timing and window sensitivity. Table S2 collects two checks on the descriptive event-
study excess. They answer two different questions: whether the exposure-aligned ordering predates
ChatGPT (placebo timing), and how much the visualized excess depends on the window choice. At
a December 2021 placebo cutoff, estimated on observations strictly before ChatGPT’s release, the
excess—exposure correlation is small and negative, even though part of the excess level remains by
construction. Re-estimating the DiD at the fake boundaries yields interaction estimates near zero
(B = —0.0011, t = —0.38 one year early; f = —0.0015, t = —0.50 one year late, using post-period data
only), with wild-cluster bootstrap and permutation p-values above 0.63 in every case. The ordering
appears in every window and is strongest in the first 6 to 12 months after the release, while the
level grows mechanically with the window length.

Table S2. Event-study excess: placebo timing and window sensitivity

Categories  Excess  Spearman p
Panel A: placebo timing (placebo rows use data strictly before 2022-12-01)
True cutoff, full window 14 +0.0267 +0.61 0.021
Placebo 2021-12-01 13 +0.0090 -0.23 0.420
Panel B: window sweep at the true cutoff
First 6 months 13 +0.0147 +0.89 < 0.001
First 12 months 14 +0.0184 +0.83 < 0.001
Full window 14 +0.0267 +0.61 0.021

Notes. Event-study construction on the paraphrase-based primary panel. Excess
is the aggregate post-cutoff excess over the extrapolated pre-trend; Spearman is
the rank correlation of per-category excess with exposure. Placebo estimates use
only data strictly before the true cutoff (data cut at 2022-11-30).



OA2 Measurement: Cosine Geometry and Effective Variety

The headline measure averages pairwise cosine similarity within a category-month cell. We first
test two alternative similarity measures. We then use effective idea variety to express the same
geometry on a fixed 30-launch scale. Raw cosine can overstate proximity because two launches
can score high partly because both inherit a common direction from MiniLM’s embedding space.
Table S3 therefore tests whether the exposure gradient survives removing that direction or replacing
MiniLM with a structurally different encoder. Both checks run on the original-text panel (baseline
B = +0.0177), whose gradient is nearly identical to the paraphrase-based headline.

Panel A removes the direction shared by all MiniL.M vectors and renormalizes before computing
cosine similarity (Mu et al., 2017); the exposure gradient remains positive and precise (f = +0.0154,
p = 0.001).

Table S3. Alternative cosine constructions and a second sentence encoder

Measure B SE CR1p
Panel A: pairwise similarity after geometry correction

Mean cosine (MiniLLM, reference) +0.0177 0.0042 < 0.001
Anisotropy-corrected cosine +0.0154 0.0047  0.001

Panel B: second sentence encoder
Mean cosine (BGE-large-en-v1.5) +0.0120 0.0027 < 0.001

Notes. Original-text panel (baseline ﬁ = +0.0177); 1,355 category-month cells, 16 category clusters; the post period begins
in December 2022. Each row estimates the same panel DiD; p-values are asymptotic CR1 category-clustered. Panel A
estimates the first principal component of the original-text embeddings on the full corpus, subtracts its projection from
every launch vector, and L2-renormalizes before recomputing cosine; Panel B re-embeds the same launch universe with a
1024-dimensional retrieval-tuned model. These are sensitivity checks for the primary mean-cosine outcome.

Panel B changes the embedding model. BGE-large-en-v1.5 uses a different encoder family,
embedding dimension, and training objective, yet produces a similar gradient (5 = +0.0120,
p < 0.001). Its category-level detrended excesses are closely correlated with those from MiniLM
(Pearson r = 0.940 across the 14 categories with sufficient pre-period observations). MiniLM and
BGE therefore yield the same positive cross-category ordering.

OA2.1 Effective Idea Variety Among 30 Launches

Mean pairwise cosine summarizes how close the typical pair of launches is. Effective idea variety
translates the same similarity structure into an effective count (Friedman & Dieng, 2022). For
each category-month cell, let A be a uniformly sampled subset of 30 launches, drawn without
replacement, and let S5 be the cosine Gram matrix of their Qwen-paraphrased, L2-normalized
MiniLM embeddings. If A 4x denotes the kth eigenvalue of S4/tr(S4), then
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Because S 4 is a Gram matrix, it is positive semidefinite: the normalized eigenvalues are nonnegative
and sum to one even though individual off-diagonal cosines can be negative. The score ranges
from 1 when all embeddings coincide to 30 when they are mutually zero-cosine. A score of m
means that the cohort has the same spectral variety as m mutually zero-cosine launches under this

kernel.

We estimate 0. by averaging 200 random 30-launch subsets per cell, drawn without replacement
within each draw, using fixed cell-specific seeds. The mean across cells of the cell-level Monte
Carlo standard error is 0.053. This quantity measures simulation error in the estimated cell
outcome; it is not the regression standard error. Fixing the cohort at 30 gives every cell the
same 1-30 support and the same opportunity to reveal variety as launch volume changes. This
parallels the fixed-comparison principle of the manuscript’s fixed-size peer check but is a different

estimator.

Appendix A.3 of the manuscript reports the exposure-gradient estimate and inference. Under the
existing design, the variety estimate is an associational companion. Figure S1 plots the descriptive
monthly equal-category mean, which falls from 20.81 before ChatGPT to 19.47 afterward.
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Figure S1: Effective idea variety among 30 launches, monthly equal-category means. Each monthly
value is the equal-weight mean across categories observed that month; each category-month
estimate averages 200 random subsets of 30 launches. The shaded region is a pointwise 95% band
based on the cross-category standard error. The dashed line marks the November 30, 2022 release
of ChatGPT. The series is descriptive.

OA2.2 Launch-Level Similarity by Category, All 16 Categories

The manuscript’s category grid shows the launch-level similarity distribution shifting right in four
high-exposure categories, with smaller and mixed changes in four low-exposure ones. Figure 52
extends the same construction to all sixteen categories, ordered by the exposure index. Each panel
averages cell-level distributions with equal weight per cell, so months with many launches do not
drive the shape; the exposure score is in parentheses and pre/post launch counts are in the legend.
For each of the fourteen categories with a retained pre-period cell, a dotted vertical line marks the
equal-cell-weighted pre-ChatGPT 25th-percentile cutoff. Because the curves are kernel-smoothed,
the plotted pre-period density need not place exactly one quarter of its area to the left of the line.
Family and lifestyle have no retained pre-period cell, so their panels show the post-period density
only and no cutoff line. The rightward shift is largest among the high-exposure categories at the top
of the grid. Middle-exposure categories are more heterogeneous, and the low-exposure categories
at the bottom mostly overlap or move in mixed directions—web3, for instance, shifts left in the raw

distribution.
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OA2.3 Distinctive-Tail Sensitivity to Cutoff and Peer-Set Construction

The manuscript defines a distinctive launch by the bottom quartile of its category’s pre-ChatGPT
launch-level similarity. Table S4 re-runs the tail analysis with the cutoff set instead at the bottom
decile, quintile, and third, holding everything else fixed (equal-cell calibration, 14-category sample,
and inference design). The exposure gradient is negative and statistically significant at every cutoff,
and the post-period share falls by a stable 34-38% of its pre-period level throughout. Panel B reports

the same bottom-quartile analysis with a fixed 30-launch peer set in each cell.

Table S4. Distinctive-tail sensitivity to cutoff and peer-set construction

Pre share Post share B (SE) WCBp Perm.p
Panel A: cutoff choice
Bottom decile (g = 0.10) 0.100 0.062 —0.0207 (0.0055)  0.0110  0.0094
Bottom quintile (g = 0.20) 0.200 0.127 —0.0433 (0.0106)  0.0079  0.0044
Bottom quartile (g = 0.25, paper) 0.250 0.160 —-0.0532(0.0132)  0.0102  0.0052
Bottom third (g7 = 1/3) 0.333 0.219 —0.0741 (0.0166)  0.0080  0.0029
Panel B: fixed-reference peer construction
Bottom quartile, fixed 30-launch reference 0.250 0.162 —0.0545 (0.0125) 0.0099  0.0039

Notes. Each row re-runs the equal-cell tail analysis with the distinctive-launch cutoff set to the equal-cell-weighted
pre-period quantile g of launch-level similarity within each category, held fixed after ChatGPT; the paper uses the
bottom quartile. In Panel B each launch is scored against a fixed set of 30 launches drawn within its cell. Outcome is the
cell share of distinctive launches; DiD with category and month fixed effects, Post X Exposure,, CR1 SE clustered on 14
categories (N = 1,334 cells). WCB p: null-imposed studentized Webb wild-cluster bootstrap; Perm. p: permutation of
category exposure scores; B = 9,999 each.

OA3 Sample and Inference Robustness

OA3.1 Leave-One-Out Stability Across Category Clusters

With only 16 category clusters a single category could drive the result. We re-estimate the main
monthly coefficient leaving out each category in turn. All leave-one-out estimates fall in a narrow
positive band, from +0.015 (web3 excluded) to +0.020 (health and fitness excluded), and every

estimate remains significant (CR1 p < 0.01).

OA3.2 Popularity Filtering

The manuscript reports the gradient keeping only the more-upvoted half of each category-month
cell (Section 5.5). The complementary fixed-size check keeps the 30 most-upvoted launches per
cell—the panel’s minimum cell size, matching the fixed-reference-set check—so attention-based
and full-cell selection are compared at identical cell sizes: f = +0.0195 (t = 3.90; Webb wild cluster
bootstrap p = 0.0236, B = 9,999; paraphrase-based primary panel).



OA3.3 Founder Experience: Gradient Equality and Within-Type Convergence

The manuscript’s founder analysis measures each launch against all of its same-cell peers. Because
newcomers moving toward incumbents would mechanically raise incumbents’ similarity to that
changing peer pool, Table S5 adds three tests on the maker-classified sample (mixed teams coded
as experienced). First, a launch-level test of the pre/post change in the first-time gap: the
Post x FirstTime coefficient is positive but not significant under the wild-cluster bootstrap, so the
manuscript’s narrowing of the gap is reported as descriptive. Second, the two groups’ exposure
gradients are close in magnitude: +0.0179 for first-time teams and +0.0165 for experienced teams,
each estimated on its own panel with its own category and month fixed effects. A test of the
difference, which keeps those fixed effects group-specific and clusters on category across both panels,
does not reject equality. The joint test accounts for the covariance between the two panels, so the
difference is estimated more precisely than either gradient on its own. Third, similarity measured
only among each group’s own launches rises with exposure for both groups: first-time launches
grow more similar to other first-time launches, and experienced launches to other experienced

launches.

OA4 Cross-Model Stability of the LLM Exposure Index

The DiD interaction relies on a category-level exposure index, so we report how the ratings and
the downstream estimate behave across raters. The index pools each category’s 1-7 exposure
score across three LLM families under an identical rubric, which adapts the Eloundou et al. (2024)
task-exposure concept to the single activity of ideating a product in a category. Three independent
LLM families rate every category (gpt-40, gemini-2.5-pro, claude-sonnet-4-6), five passes each. We
compute within-model reliability and cross-model rank agreement, and we re-estimate the DiD

under each model’s median index.

The rubric narrows the Eloundou et al. (2024) concept (rating work by how well an LLM performs
or assists it at equal quality and without special domain access) to ideation alone, holding the
capability baseline at the late-2022 ChatGPT release with no fine-tuning, proprietary data, tools,
or tacit craft. The scale runs from 7, where a general-purpose LLM is plausibly the core enabling
technology of the category’s products, to 1, where ideation needs domain craft the 2022 model

lacked; the rubric names no category, so the scores are not anchored to particular categories.

Table S6 reports the per-category scores, within-model reliability, cross-model agreement, and the

DiD re-estimated under each re-elicited index.

Reliability is high and the scores agree closely across models. The headline index is the pooled
median across all fifteen passes (§ = +0.0184); substituting any single model’s median (8 from
+0.0165 to +0.0184) leaves the gradient positive and statistically significant in every case (bottom
row of Table S6).



Table S5. Founder-experience tests: gap change, gradient equality, and within-type convergence

A

Test  (SE) t WCB p N
Panel A: change in the first-time gap
Post X FirstTime (launch level, cell FE) +0.0021 (0.0010) 2.01 0.115 248,602

Panel B: equality of exposure gradients
Gradient equality: Post X Exposure, X FirstTime +0.0014 (0.0010) 1.43  0.233 2,573

Panel C: within-type convergence and composition reweighting

Within-type DiD, first-time only (Srr) +0.0169 (0.0047) 3.63  0.013 1,231
Within-type DiD, experienced only (SkEg) +0.0133 (0.0035) 3.83  0.016 1,151
Pooled founder panel (unweighted) +0.0178 (0.0042) 4.25 0.010 1,355

Composition reweighted to pre-period share +0.0178 (0.0042) 4.29  0.011 1,355

Notes. Maker-classified launches in the paraphrase-based primary panel; mixed teams coded as expe-
rienced; post boundary December 1, 2022 (November 2022 coded pre-period). All tests use the 248,602
maker-classified launches that fall in retained (n > 30) cells (of 288,929 launches in those cells); the maker
classification covers 250,539 launches corpus-wide. Panel A: launch-level average cosine to all same-cell
peers regressed on FirstTime and Post X FirstTime with cell (category x month) fixed effects; the pre-period
first-time gap is —0.0066 (the manuscript’s additive category-and-month specification gives the —0.009
level cited in Section 5.4). Panel B: the equality row stacks the two founder types’ cell-level panels (cells
with at least 15 launches of the group) with group-specific category and month fixed effects, so that each
group carries its own nuisance effects and the triple coefficient is exactly the first-time minus experienced
difference in exposure gradients; the stacked fit reproduces the separately estimated gradients (+0.0179
and +0.0165) to machine precision, and clustering on category across both panels retains the covariance
the two groups share. Panel C: the within-type rows compute cell-level mean pairwise cosine only among
the group’s own launches (cells with at least 20 such launches); the pooled row estimates the DiD on all
maker-classified launches, and the reweighted row holds each category’s first-time share at its pre-period
value. All rows: CRI1 category-clustered SE; Webb null-imposed studentized wild-cluster bootstrap,
B =9,999; 16 category clusters except the experienced-only within-type row, which uses 15 (one category
has no cell with at least 20 experienced launches). Maker classification covers 250,539 of 291,314 launches
(86.0% overall: 78.1% pre-ChatGPT and 90.3% post-ChatGPT, and 81-95% across categories); the tests here
use classified launches only, and the lower pre-period coverage mainly affects the descriptive first-time
entry share, not the within-type gradients, which are identified from post-versus-pre changes among
classified launches.



Table S6. Exposure scores across rating models

Median score (five passes per model)

Category GPT-40 Gemini Claude
Artificial intelligence 7 7 7
Marketing 6 6 6
Productivity 6 5 6
Education 6 6 6
Design tools 3 2 3
Social media 5 3 4
Developer tools 4 6 5
SaaS 5 4 5
E-commerce 5 3 4
Health & fitness 3 2 3
Travel 5 5 4
Lifestyle 5 5 5
Fintech 3 1 2
Family 4 4 4
Web3 2 2 2
Games 3 2 2
Krippendorff a (ordinal) 0.93 0.93 0.97
Categories with all passes within 1 pt of median 100% 88% 100%
DiD § (SE) using this index +0.0183 (0.0045)  +0.0165 (0.0047)  +0.0184 (0.0041)

Notes. Scores use the 1-7 rubric described in this section. The main DiD builds Exposure, from the pooled median
across all fifteen passes (five per model family), which gives the headline ‘3 = +0.0184; the three columns report
each family’s five-pass median. Reliability is computed over the five passes within each model family. The medians
rank-correlate across families (Spearman 0.83-0.93), and average pairwise within-family agreement is 0.94-0.98. The
final row re-estimates the manuscript DiD on the paraphrase-based primary panel, substituting each family’s median

index for the pooled median.
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