
NBER WORKING PAPER SERIES

NON-USER EXTERNALITIES

Leonardo Bursztyn
Jan Fasnacht

Benjamin R. Handel
Rafael Jiménez-Durán

Aaron Leonard
Filip Milojević 

Christopher Roth
Cass R. Sunstein

Working Paper 35279
http://www.nber.org/papers/w35279

NATIONAL BUREAU OF ECONOMIC RESEARCH
1050 Massachusetts Avenue

Cambridge, MA 02138
May 2026, Revised August 2026

We thank Nicolas Goulart, Milena Jessen, Luca Michels and Till Stange for excellent research 
assistance. We also thank Max Müller, Shakked Noy, Aakaash Rao, and Krishna Srinivasan for 
valuable comments and suggestions. Roth acknowledges funding from the Deutsche 
Forschungsgemeinschaft (DFG, German Research Foundation) under Germany’s Excellence 
Strategy EXC 2126/2-390838866. This work was partially supported by the RCN through its CoE 
Scheme, FAIR project No 262675. The research described in this article was approved by the 
University of Chicago Social and Behavioral Sciences Institutional Review Board. The views 
expressed herein are those of the authors and do not necessarily reflect the views of the National 
Bureau of Economic Research.

NBER working papers are circulated for discussion and comment purposes. They have not been 
peer-reviewed or been subject to the review by the NBER Board of Directors that accompanies 
official NBER publications.

© 2026 by Leonardo Bursztyn, Jan Fasnacht, Benjamin R. Handel, Rafael Jiménez-Durán, Aaron 
Leonard, Filip Milojević, Christopher Roth, and Cass R. Sunstein. All rights reserved. Short 
sections of text, not to exceed two paragraphs, may be quoted without explicit permission 
provided that full  credit, including © notice, is given to the source.



Non-User Externalities
Leonardo Bursztyn, Jan Fasnacht, Benjamin R. Handel, Rafael Jiménez-Durán, Aaron Leonard, 
Filip Milojević, Christopher Roth, and Cass R. Sunstein
NBER Working Paper No. 35279
May 2026, Revised August 2026
JEL No. D61, D62, D91, L14

ABSTRACT

We review an emerging literature on how non-user externalities—the benefits or harms that product 
adoption imposes differentially on non-users versus users—shape market outcomes. We first 
present a unified framework that distinguishes non-user externalities from network effects and 
classic externalities, such as pollution. A key distinction is that those harmed by classic externalities 
cannot mitigate harm by joining the externality-producing activity, whereas those harmed by 
negative non-user externalities can—simply by becoming users. This can expand the harm borne by 
remaining non-users, generating cascade dynamics that can culminate in product market traps: 
situations in which individuals would prefer the product not to exist, yet nonetheless choose to 
adopt it rather than remaining non-users. Using new survey evidence covering 25 product markets, 
we document that negative non-user externalities are pervasive, that the mechanisms behind them 
differ systematically across products, and that they generate adoption pressure on non-users. We 
then discuss how non-user externalities affect welfare analysis, firms’ strategic incentives, and 
market structure. We conclude by discussing policy responses, including design regulation and 
collective coordination mechanisms.
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1 Introduction

An externality is a cost or benefit that an economic activity imposes on parties not directly

involved in the underlying transaction (Pigou, 1932). For most negative externalities, join-

ing the externality-generating activity does not reduce the harm an individual experiences:

driving more does not protect you from pollution or congestion. A distinct class of ex-

ternalities in product markets, however, operates differently: these non-user externalities

differentially impact other users and non-users of a product, such that those affected by

the externality can mitigate it by joining the activity. For instance, as social media plat-

forms become more important for social coordination, such as through event invitations,

community information, and networking, non-users face social exclusion, which they can

escape by joining the platform generating it.

Negative non-user externalities commonly arise from social boundaries created by con-

sumption and product adoption.1 When others adopt a product and an individual does

not, non-adoption can entail social exclusion from shared experiences (David and Roberts,

2017; Sunstein, 2025), fear of missing out (Bursztyn et al., 2025a), stigma (Bursztyn et al.,

2025c), or losses in relative standing (Luttmer, 2005; Card et al., 2012; Perez-Truglia, 2020;

Frank, 1985a; Bursztyn et al., 2026a; Frank and Sunstein, 2001).2 Non-user externalities

can also arise through non-social channels. For example, when a dominant platform or

standard lacks interoperability, non-users face functional degradation as their chosen al-

ternatives cannot communicate with the majority network (Farrell and Klemperer, 2007a;

Katz and Shapiro, 1994).3

This paper reviews an emerging literature on how non-user externalities shape market

outcomes. We proceed in four steps. First, Section 2 presents a unified framework that

formalizes the concept of non-user externalities.4 Second, Section 3 provides new survey

1Positive non-user externalities arise when others’ adoption benefits non-participants, as when
widespread vaccination generates herd immunity (Anderson and May, 1985).

2We build on classic work that considers the market implications of social forces (Becker and Murphy,
2009; Schelling, 2006).

3Similar coordination problems also arise for firms: when rivals adopt cost-reducing technologies, non-
adopters face competitive disadvantage even if industry-wide adoption erodes collective rents (Cheyre and
Acquisti, 2024; Sullivan, 2024). This pressure operates through a pecuniary rather than technological
externality. Therefore, it does not necessarily constitute a market failure in standard welfare economics
(Scitovsky, 1954).

4Our analysis builds on seminal work on club goods (Dixit, 2003) and psychological literature on social
traps (Platt, 1973), which describes situations where individually rational decisions collectively lead to
suboptimal outcomes.
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evidence characterizing the nature and consequences of non-user externalities. Third, in

Section 4, we analyze market implications, focusing on welfare, firm incentives, and market

structure. Finally, Section 5 explores policy responses, including design and information

regulation, corrective pricing, coordination policy, and competition policy, and argues that

the instrument should be matched to the externality channel operating in each market.

Product-level evidence on non-user externalities. To provide systematic evidence

on the prevalence of non-user externalities, we field surveys across 25 products spanning five

categories: communication platforms, social media and entertainment, productivity tools,

physical and durable goods, and consumption goods and services. The design isolates non-

user externalities by leveraging vignettes that vary only others’ adoption, while holding

own non-adoption constant.

We document three patterns. First, negative non-user externalities are prevalent across

product markets and most pronounced for communication and social media platforms: for

iMessage, TikTok, and Instagram, a majority of respondents report feeling worse when their

friends use the product and they themselves do not. Second, the mechanisms underlying

these externalities vary systematically across product markets: interoperability frictions

dominate for messaging and payment platforms; informational FOMO for social media

and streaming; status concerns play a key role for luxury goods, cars, and AI tools; and

social exclusion is the key force for socializing products. Third, the externality intensifies

with peer adoption, and the adoption pressure on non-users is strongest for the products

where the externality is most severe.

Market implications. Non-user externalities shape the functioning of markets. First,

they change welfare analysis. Standard consumer surplus calculations use the wrong coun-

terfactual: they compare participation to individual abstention while others continue to

consume. In the presence of non-user externalities, however, the welfare-relevant coun-

terfactual is the absence of the entire product market. This distinction between Individ-

ual Consumer Surplus (ICS) and Product Market Surplus (PMS) shows that revealed-

preference arguments can break down: individual choices to participate do not guarantee

positive welfare for users. This can give rise to product market traps: situations in which

consumers would prefer the product not to exist, yet still choose to consume it to avoid

the costs generated by negative non-user externalities (Bursztyn et al., 2025a; Sunstein,

2024; Akerlof et al., 2026). Consistent with this conjecture, Bursztyn et al. (2025a) docu-
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ment that a substantial fraction of active social media users would prefer to live in a world

without social media.

Second, non-user externalities can themselves be strategic choices (Nagler, 2011a; Bursz-

tyn et al., 2025c; Hagiu and Wright, 2025; Guimaraes et al., 2025). When negative non-user

externalities increase demand, firms can compete by improving their product or by degrad-

ing the outside option. Design choices that increase the costs of non-participation, such as

visible stigma markers, artificial incompatibility, ephemeral content that penalizes absence,

can be privately profitable. Bursztyn et al. (2025c) provide evidence on this mechanism

from the smartphone market. Apple’s decision to display iMessage conversations with

iPhone users as blue bubbles and conversations with Android users as green bubbles cre-

ates a visible status marker that carries no functional benefit. The design induces social

comparison and stigma, shifting demand toward the dominant platform. The majority of

both iPhone and Android U.S. college users would prefer green bubbles to be removed;

respondents state that the removal of green bubbles would increase the product quality

of Androids without significantly altering the product quality of iPhones, confirming the

design operates primarily through negative non-user externalities.

Finally, non-user externalities transform competition analysis (Crémer et al., 2019;

Scott Morton et al., 2019a). Standard antitrust tools usually rely on individual demand

responses to measure substitution patterns and market power. However, in the presence of

negative non-user externalities, these measures can be misleading. Bursztyn et al. (2025d)

demonstrate this empirically: collective TikTok removal significantly increases measured

substitution to competing platforms relative to individual removal and can even change

whether a good is deemed as a substitute or a complement.

Policy implications. Non-user externalities generate market failures that standard pol-

icy tools are ill-equipped to address. Standard Pigouvian taxation can in principle reduce

harm by lowering participation, but marginal taxes calibrated to the optimal network size

may be insufficient to unravel an established high-participation equilibrium (Akerlof et

al., 2026). Effective policy may therefore require non-marginal interventions that address

coordination failures directly, including collective commitment devices. Finally, because

standard antitrust tools can mistake coordination frictions for market power, competition

policy requires measures of collective rather than purely individual substitution.
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2 Conceptual Framework

To help guide our review, we outline a simple framework that illustrates the key economic

forces that arise when there are non-user externalities.5

Setup. A unit mass of consumers, indexed by i, choose whether to buy a product or join a

platform. Let xi ∈ {0, 1} denote consumer i’s participation decision andX ≡
∫
xi di ∈ [0, 1]

denote aggregate adoption. We refer to those with xi = 1 as users and those with xi = 0

as non-users. We focus initially on a single product and discuss competition below.

Consumer i’s utility is:

ui(xi, X) = xi × [vi + γ(X)]︸ ︷︷ ︸
User Utility

− (1− xi)× λϕ(X)︸ ︷︷ ︸
Non-user Externality

, (1)

where vi is the user’s idiosyncratic value net of price, drawn from a distribution F with

continuous density f and full support. The continuously differentiable term γ(X) captures

interaction benefits, i.e., the component of user utility that depends on others’ consump-

tion. Depending on the setting, both γ and its derivative can be positive, negative, or

zero. The continuously differentiable term ϕ(X) captures baseline non-user externalities:

the potential for harm to non-participants arising from coordination needs, social interde-

pendence, or informational advantages of users. We assume that ϕ(X) ≥ 0, so a higher ϕ

corresponds to greater harm. We also normalize ϕ(0) = 0, so utility is measured relative

to the outside option when no one else uses the product. The parameter λ ≥ 0 captures

the degree to which baseline non-user disutility is amplified. This depends on design or

environmental features that scale this harm (e.g., interface design).

Consumer i participates whenever their utility of doing so is greater than that of not

participating, ui(1, X) ≥ ui(0, X), i.e., when vi + γ(X) ≥ −λϕ(X). Joining is attractive

either because the product is “inherently” valuable (it produces user utility) or because

staying out is costly (the non-user externality is negative).

Relation to literature on network effects. The classic literature on network effects

(Rohlfs, 1974; Arthur, 1989; Katz and Shapiro, 1985; Farrell and Saloner, 1985) empha-

5Throughout, we focus on non-pecuniary externalities that directly enter agents’ utility functions, as
opposed to pecuniary externalities that operate through changes in prices (e.g., the adoption of Airbnb
raising local rents for non-users).
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sizes how others’ usage affects a consumer’s incentive to adopt, typically through positive

externalities on users, γ′(X) > 0, so that a user’s utility increases with aggregate adoption.

These models typically assume no externalities to non-users, i.e., λϕ(X) = 0.6

Allowing for non-user externalities enables a more general definition of network ef-

fects. Defining network effects as a condition in which the marginal utility of participation

increases with aggregate adoption—that is, when γ′(X) + λϕ′(X) > 0—does not require

positive consumption externalities on users. A product can therefore exhibit network effects

even when γ′(X) < 0—that is, when users experience negative consumption externalities

from others’ participation—provided that negative non-user externalities rise sufficiently

fast, so that λϕ′(X) > |γ′(X)|. This accommodates settings with preferences for exclusion

(Imas and Madarász, 2024), in which users prefer fewer co-users but nonetheless find that

joining becomes increasingly attractive as adoption grows because staying out becomes

increasingly costly.

Relation to literature on standard externalities. This setting connects to the ex-

tensive literature on externalities: costs or benefits from economic activity that affect third

parties not directly involved in a transaction (Pigou, 1932; Coase, 1960; Cornes and San-

dler, 1996). Non-user externalities represent a specific form of externality distinguished

by the differential effects on users’ and non-users’ utility as well as how individuals can

avoid externalities. Where escape from standard externalities is possible, for example

through relocation, filtration, or avoidance, those harmed move away from the externality-

generating activity. A community downstream from a polluting factory might relocate;

their departure does not worsen pollution for those who remain.7 Non-user externalities

can be mitigated by joining the externality-generating activity. This has at least two con-

sequences. First, it generates cascade dynamics: each consumer who joins to escape the

externality increases the harm to remaining non-users, thereby further raising adoption

pressure. Second, standard Pigouvian remedies become more complicated: taxing partici-

pants does not straightforwardly compensate non-participants, since non-participants can

escape the harm by becoming participants.8 Table 1 illustrates the distinction of non-user

6Papers in this literature ask whether technology adoption is efficient, demonstrating, for example,
that network effects can entrench an inefficient technology or distort the adoption path of new technologies
(Farrell and Saloner, 1985; Katz and Shapiro, 1986; David, 1985).

7See Graff Zivin and Neidell (2013) for a review of sorting and avoidance responses to pollution.
8We relate to literature on positional externalities (Frank, 1985b, 2005; Bursztyn et al., 2018) and

health externalities (Bhattacharya et al., 2023), which share some of these features. Additionally, our work
connects to a literature in mechanism design on allocative externalities, where agents’ payoffs depend on
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externalities versus standard externalities across several domains.

Relation to literature on club goods. Our framework connects to the theory of

club goods (Buchanan, 1965; Cornes and Sandler, 1996), which features excludability and

partial rivalry: consumption is subject to congestion as membership grows. In the standard

club model, congestion is a force within the club pushing toward exclusion as additional

members degrade the experience for existing members. The tradeoff between marginal

congestion costs and shared provision benefits, in turn, generates natural size limits for

clubs. Non-user externalities, in contrast, operate by worsening the outside option.

Many real-world products and markets feature both congestion costs and non-user

externalities simultaneously. A social media platform may become less enjoyable as it

grows, e.g. becasue of congestion effects arising from content degradation and algorithmic

noise. At the same time, the platform becomes costlier to leave, e.g. due to increasing social

costs of exclusion. When both forces are present, welfare is non-monotonic in adoption: the

product becomes worse and harder to quit. This combination can generate a particularly

stark product market trap in which the welfare-maximizing adoption level X∗ is interior

but the equilibrium XE > X∗ is sustained because λϕ′(XE) > |γ′(XE)|: the external

pressure toward inclusion dominates the internal pressure toward exclusion. Standard club

theory, which considers only congestion, would predict self-correcting membership; non-

user externalities explain why oversized, congested platforms persist.

Positive non-user externalities. Our framework also accommodates cases where non-

users benefit from others’ adoptions (allowing for ϕ(X) < 0). In this case, adopters bear

costs while non-adopters capture benefits, generating free-riding dynamics. Classic public

good problems have this kind of payoff structure. For example, contributors to pollu-

tion abatement bear private costs while non-participants enjoy cleaner air (Olson, 1965).

Unlike the over-adoption traps we document, such positive non-user externalities produce

under-adoption: revealed preference understates social welfare, and optimal policy involves

Pigouvian subsidies or mandated participation rather than taxes or mandated abstention.

Standard positive externalities like vaccination and education, where adopters also benefit

directly, are an intermediate case: they generate under-provision, although without the

sharp divergence in welfare between users and non-users central to our framework.

who receives the allocation and nonparticipants remain exposed to these effects (Jehiel et al., 1996; Jehiel
and Moldovanu, 1996).
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Table 1: Non-User Externalities vs. Standard Externalities

Product Mechanism Effect on Non-Users

Panel A. Non-user externalities — harm escaped by joining

iMessage Social stigma Non-users’ messages appear as green bubbles, signaling
lower status. Removing the color distinction shifts 7.3 pp
of consumers toward Android (Bursztyn et al., 2025c).

Social media Informational
FOMO

Non-users lose access to shared cultural content and
social information, trapping even reluctant users into
participating (Bursztyn et al., 2025a).

Luxury goods Status concerns Others’ conspicuous consumption shifts social reference
points, reducing non-owners’ perceived relative standing
(Frank, 1985a; Bursztyn et al., 2018).

AI tools Competitive
pressure

As peers adopt AI, non-adopters face growing pressure to
imitate: Parents’ willingness to pay for their children’s AI
access increases by over 60% in response to increased peer
adoption, even when they believe universal adoption is
harmful (Bursztyn et al., 2026a).

Private
tutoring

Competitive
pressure

Supplementary education creates a positional arms race:
each family’s investment erodes the relative standing of
non-participants (Ramey and Ramey, 2010).

SUVs Safety
externality

Heavier vehicles raise crash fatality risk for lighter cars.
A 1,000 lb weight gap increases mortality by 47%,
imposing $136 bn/year in external costs (Anderson and
Auffhammer, 2014).

Panel B. Standard externalities — harm escaped by avoiding

Industrial
pollution

Health harm Toxic plant openings reduce nearby housing values by
11% and raise low-birthweight incidence by 3% within
one mile (Currie et al., 2015).

Traffic
congestion

Time costs Each additional driver raises travel time for all others;
new road capacity is fully offset by induced demand
(Duranton and Turner, 2011).

Secondhand
smoke

Health harm Scotland’s smoking ban cut acute coronary syndrome
admissions by 17%; the decline was largest among
non-smokers (Pell et al., 2008).

Notes: In Panel A, non-users can escape the externality only by adopting the product. In Panel B,
affected parties can escape by avoiding the source.
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3 Non-User Externalities Across Product Markets

The framework identifies two objects that adoption data cannot recover. One is the harm

itself, −λϕ(X): how a non-user fares as others adopt. The other is how fast that harm

grows with adoption. Choices reveal only that joining beat staying out, and cannot say

how much of that gain came from the product and how much from escaping the cost of

remaining outside.

We field two surveys across 25 products that pose the missing comparisons directly. The

externality vignette fixes own participation at zero and varies only others’ adoption, which

recovers −λϕ(X). The adoption vignette shifts peer adoption and asks how that changes

one’s own likelihood of using the product, which recovers the slope of the participation

incentive, γ′(X) + λϕ′(X) — the generalized network effect of Section 2.

3.1 Sample

Recruitment. We ran two surveys on Prolific, both with undergraduate students aged

18–25: 1,395 respondents in September–November 2025, and a follow-up of 594 respondents

in January–February 2026.9

Young adults are a natural population to study non-user externalities. They heavily use

social media and digital platforms, where these externalities are likely strongest, and they

have tight-knit friend groups. We treat our analysis as a proof of concept that non-user

externalities are economically meaningful and empirically measurable.

Product selection. We chose 25 products from five different categories that vary sys-

tematically along theoretically relevant dimensions: (i) communication and payment plat-

forms (e.g., iMessage, Discord, Venmo), where interoperability likely plays an important

role; (ii) social media and entertainment (e.g., Instagram, TikTok, Netflix, Spotify), where

informational FOMO and shared cultural content is likely important; (iii) productivity and

AI tools (ChatGPT), where non-users may face competitive disadvantages; (iv) physical

and durable goods (e.g., iPhones, Cars, Luxury Fashion), where status concerns and posi-

tional externalities are salient; and (v) consumption goods and services (e.g,. Starbucks,

Yogurt, Target, Uber), where we expect mixed and weaker externalities.

This variation serves three purposes. It allows us test whether non-user externalities

are confined to a few platforms or are present across many different product markets. It

9Appendix B.1 provides complete product descriptions, demographics, and data-quality checks.
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spans products that differ sharply in network dependence, from iMessage, where the core

function requires others’ participation, to yogurt, where it does not, so we can ask how the

externality and its slope in X vary with product structure. And by covering digital and

physical goods, services and durables, and zero-price and positive-price products, we can

assess whether distinct mechanisms dominate in different markets.

3.2 Design and Measurement

Approach. Non-user externalities are hard to measure as they require counterfactuals

that we do not observe. To solve this problem, we leverage hypothetical vignettes (Haaland

et al., 2023). In particular, we ask respondents to evaluate two scenarios side by side, where

the scenarios differ only in others’ adoption.

The externality vignette. Each respondent evaluates four randomly assigned products.

For each product, they first state whether they use it and report the percentage of friends

who do, giving us a measure of perceived network adoption X̃. They then answer the

externality vignette, which presents two scenarios:

• World A: Your friends use the product (at rate X̃), but you do not.

• World B: Neither you nor any of your friends use the product.

Respondents rate how they would feel in World A relative to World B on a 7-point scale

from “much worse” (−3) to “much better” (+3). Negative values mean non-user utility

falls when friends adopt, the signature of a negative non-user externality. We randomize

which scenario is labeled as World A or B.10

To identify mechanisms behind the negative responses, we ask respondents to explain

their rating in their own words using an open-ended question. The open format avoids

priming and captures what comes to mind first (Haaland et al., 2025). We classify 2807

responses with Claude Sonnet 4.5 and validate the classifier against independent coding by

three research assistants. Mean LLM–human Cohen’s κ (0.60) matches human inter-rater

reliability (Appendix B.2).

10For a random subset of products, we additionally elicit a second rating from each respondent with
the World A adoption rate set to a contrasting counterfactual level (10% if X̃ > 50%, otherwise 90%),
generating within-respondent variation in peer adoption.
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The adoption vignette. As in the externality vignette, each respondent evaluates four

randomly assigned products and reports the percentage of friends who use each one. For

each product, respondents then face one scenario from a 2 × 2 between-subjects design,

which varies:

• Own status: the respondent imagines being a user or a non-user of the product.

• Peer usage: the share of friends using the product shifts up or down by 20 percentage

points (p.p.) from the respondent’s perceived rate.

After seeing the assigned shift, respondents rate how it would affect their own likelihood

of using the product on a 7-point scale from “much less likely” (−3) to “much more likely”

(+3).

3.3 Finding 1: Negative Non-User Externalities Are Widespread

Non-user externalities are negative for most products in our sample. Figure 1 presents the

distribution and magnitude across products. Panel A shows that for nearly every product,

more respondents report a negative externality than a positive one on the 7-point Likert

scale. Communication platforms show the most lopsided distributions: iMessage (64%

negative, 5% positive), TikTok (65% negative, 9% positive), and Instagram (61% negative,

10% positive). Even products where most respondents report no effect, like Starbucks (31%

negative, 11% positive), still show more negative than positive responses.

Panel B shows the same pattern in the means using the 7-point Likert scale (−3 to +3).

Communication platforms and social media generate the strongest negative externalities:

iMessage and iPhones average around −1.0, followed by TikTok, Instagram, and Vaping

Products near −0.9. Digital services (ChatGPT, Discord, Netflix, Spotify, Venmo) fall

between −0.5 and −0.8. Consumption goods like alcohol, cars, Target, and Starbucks fall

closer to zero but remain weakly negative.11 A handful of products, notably Uber and

Tattoos, show point estimates near zero with confidence intervals spanning both signs.12

11The small negative externalities for non-networked consumption goods (Yogurt, Target, Starbucks)
are noteworthy. Open-text responses suggest a mix of social comparison (envy is a recurring theme for
consumption goods) and occasional difficulty with the counterfactual abstraction the vignette requires. A
few responses, for example, note that it feels unjust that others are allowed to use a product when one
is not. The mechanism distributions in Appendix Figure A1 confirm that the social channels (exclusion,
FOMO, status) carry most of the load even for these benchmark products.

12These null results mitigate concerns about demand effects (de Quidt et al., 2018) and social desirability
bias (Bursztyn et al., 2025b).
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Heterogeneity by user status. We compare the degree of reported non-user external-

ities between users and non-users of each product, using respondent’s reported user status.

On average, users report larger negative non-user externalities (-0.57 points more nega-

tive) than actual non-users do (p < 0.001). This is consistent with product adoption being

driven by heterogeneity in the degree to which non-user externalities affect an individual.13

Sensitivity to peer adoption. Within respondents, the externality becomes more neg-

ative as peer adoption rises: non-user welfare falls by roughly 0.4 points on the 7-point

scale as peer adoption rises from 25% to 75% (Appendix Figure A3, Table A1).14

3.4 Finding 2: Social Mechanisms Vary Systematically Across Products

Finding 1 established that non-user externalities are widespread. A negative externality of

a given magnitude can arise through very different mechanisms, with potentially different

implications for policy responses. For example, interoperability mandates address different

harms than tools that target status or social exclusion.

The open-text classification identifies four mechanisms: social exclusion (fear of being

left out of the social group), interoperability (practical barriers to coordination, communi-

cation, or transactions), informational FOMO (missing shared content, conversations, or

cultural references), and status concerns (feeling disadvantaged, inferior, or envious relative

to adopters). Table 2 gives each a definition, an example response, and a literature anchor;

Appendix B.2 details the coding scheme, classification procedure, and validation.15

Ward hierarchical clustering on products’ mechanism prevalence vectors yields four

groupings, each defined by a single dominant mechanism (Figure 2). For Instagram, Net-

flix, and TikTok, the dominant channel is informational FOMO: the cost of missing shared

cultural content. For Discord, Venmo, Weather Apps, iMessage, and iPhones, it is inter-

operability: non-users cannot seamlessly transact or communicate with adopters. Alcohol

stands alone, with 77% of responses citing social exclusion. For Cars, ChatGPT, and

13Appendix Figure A2 reports this gap product by product, together with differences by gender, socioe-
conomic status, and relationship status. The differences are near zero.

14The sensitivity is uneven across products: it’s strongest for Vaping Products, ChatGPT, and iPhones,
and indistinguishable from zero for Tinder, Uber, and Google Maps (Appendix Figure A4). The pattern
lines up with the mechanism heterogeneity in Finding 2.

15For productivity tools like ChatGPT, some measured non-user externality may reflect pecuniary ex-
ternalities (competitive disadvantages mediated through labor markets) rather than direct utility effects.
Open-text responses predominantly reference psychological costs (anxiety, feeling left behind) rather than
realized earnings losses.
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Figure 1: Non-User Externalities Across Product Markets

(a) Share of Positive versus Negative Non-User Externalities
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Notes: This figure presents non-user externalities, the welfare comparison u(0, X)−u(0, 0), across products. Panel A
displays the share of respondents reporting negative (leftward bars) versus positive (rightward bars) non-user ex-
ternalities; neutral responses are excluded. Panel B displays mean non-user externality for each product, measured
on a 7-point Likert scale from −3 (much worse off) to +3 (much better off). 18 of 25 products differ significantly
from zero at the 5% level; 7 do not (Google Maps, Strava, Uber, Adderall, League of Legends, Tattoos, and Tinder).
Both panels sort products from most to least negative. 95% confidence intervals shown. Sample: approximately 200
evaluations per product from 1,395 respondents aged 18–25.
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Table 2: Mechanisms Underlying Non-User Externalities

Mechanism Definition Example Response Literature

Social Exclusion Fear of losing friendships or
being left out of the social
group

“Drinking alcohol together is a shared
experience, and I would feel left out if
my friends were drinking but I wasn’t.”
(Alcohol)

Baumeister
and Leary
(1995)

Interoperability Practical barriers to
communication, transactions,
or coordination with friends

“We usually use one card and Venmo our
portion later. If I am not able to use
Venmo, I have to make sure to have cash
on me.” (Venmo)

Katz and
Shapiro
(1985)

Informational
FOMO

Missing shared content,
conversations, or cultural
references among friends

“All of them would be able to see things
I couldn’t. A lot of jokes and pop cul-
ture references come from there.” (In-
stagram)

Milyavskaya
et al. (2018)

Status Concerns Feeling disadvantaged,
inferior, or envious relative
to friends

“Seeing them with luxury items some-
times makes me feel bad about myself.
If none of us did, I might not feel so self-
conscious.” (Luxury Fashion)

Veblen
(1899);
Frank
(1985a)

Notes: This table summarizes the four mechanisms through which products generate negative non-user
externalities, with representative quotes from open-text explanations. Responses classified using Claude
Sonnet 4.5; see Appendix B.2 for the full coding scheme and classification prompts.

Luxury Fashion, status concerns dominate. The remaining 13 of 25 products show mixed

profiles; Appendix Figure A1 reports their individual mechanism shares.

Which mechanism dominates determines which policy instrument can help. Inter-

operability mandates can address the coordination harms from products like Venmo or

iMessage, but they do little for the status-based externalities from luxury goods. Status

externalities call for a different class of interventions, ones that target social comparison

directly. Section 5 develops this further.

Boundary with non-social mechanisms. Three of the four mechanisms (social exclu-

sion, informational FOMO, and status concerns) are social: they operate through inter-

personal comparison or group belonging. The fourth, interoperability, such as limitations

on file-sharing or financial transactions across products, sits at the boundary. It captures

practical barriers to coordination with friends and shares features with the classic incom-

patibility externalities of the network-effects literature (Farrell and Klemperer, 2007b; Katz

and Shapiro, 1994; Nagler, 2011b).
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Figure 2: Social Mechanisms by Product Grouping
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Notes: The figure shows the share of open-text explanations citing each mechanism for each product cluster, with
95% confidence intervals. Products are grouped by Ward hierarchical clustering (k = 5) on z-score normalized
mechanism prevalence vectors over the four core mechanisms. Four clusters have a single dominant mechanism and
are shown: informational FOMO (Instagram, Netflix, TikTok); interoperability (Discord, Venmo, Weather Apps,
iMessage, iPhones); social exclusion (Alcohol); and status concerns (Cars, ChatGPT, Luxury Fashion). A fifth
cluster of 13 products with no single dominant mechanism is omitted; see Appendix Figure A1 for product-level
detail. Classification based on 2807 responses using Claude Sonnet 4.5, validated against human coding (mean
LLM–human κ = 0.60); see Appendix B.2.

3.5 Finding 3: Non-User Externalities Translate Into Adoption Pressure

Do negative non-user externalities also generate adoption pressure on non-users? According

to our framework, two forces are important: the level of the harm, λϕ(X), and its slope

in peer adoption, λϕ′(X), which captures the pressure that rising adoption generates.

Both are determined by the same primitives, the amplification λ and the shape of ϕ.

Products with a more harmful ϕ or a larger λ should therefore create more negative non-

user externality and a stronger response of adoption incentives to peer adoption.

Figure 3 tests this prediction. Each point corresponds to one product. The x-axis
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represents the product’s average non-user externality. The y-axis is constructed from the

adoption vignette: among non-users, we average the self-reported change in adoption likeli-

hood in the higher-peer-adoption (+20pp) scenario and in the lower-peer-adoption (-20pp)

scenario, and take the difference between the two.16

The data confirm the intuition of our framework. The cross-product slope is −0.62 (p =

0.009). Sorting products into terciles by non-user externality, the gap between non-users’

stated adoption response in the high-peer-adoption scenario and the low-peer-adoption

scenario averages 1.59 scale points for the most-negative tercile and 0.99 for the mildest.

Which mechanisms drive the adoption pressure. The strength of the non-user-

driven network effect tracks the mechanism clusters described in Finding 2. The interop-

erability cluster—Discord, Venmo, Weather Apps, iMessage, iPhones—shows the largest

responses: joining the network directly resolves the friction that drives the externality, so

the marginal benefit of usage rises with peer adoption. The status cluster—Cars, Chat-

GPT, Luxury Fashion—displays smaller responses. The mean stated adoption response

is about twice as large for the interoperability cluster as for the status cluster. Notably,

the channel that generates the strongest adoption pressure is also the one most directly

under firms’ control, since compatibility is a direct design choice. This raises the question

of whether the products with the most negative non-user externalities are those sold by

firms with the strongest market positions.

Non-user externalities and market power. A first, suggestive answer comes from

firm-level proxies for market power. Products from larger firms, measured by market

capitalization or industry revenue, tend to generate more negative non-user externalities

(Appendix Figure A5). The cross-section admits two interpretations. Exploiting non-user

externalities may help firms accumulate market power (Bursztyn et al., 2025c), or firms

that already have market power may find it easier to degrade non-users’ outside options.

Section 4.2 takes up the first channel directly.

16The parallel exercise for current users, whose outcome is the likelihood of continuing rather than
starting to use the product, appears in Appendix B.4.
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Figure 3: Non-User Network Effect by Non-User Externality
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Notes: This figure plots the relationship between the non-user externality and the non-user-driven network
effect across the 25 core products fielded in both the externality vignette and the adoption vignette.
Each point corresponds to one product. The x-axis is the product’s mean non-user externality from the
externality vignette (Figure 1b; 7-point scale, more negative values indicate that non-users report being
worse off when peers adopt). The y-axis illustrates the difference, among non-users, between average
responses in the higher-peer-adoption (+20pp) and lower-peer-adoption (−20pp) scenarios, each rated on
a 7-point scale from “much less likely” (−3) to “much more likely” (+3). The fitted line delineates the
OLS slope (slope = −0.62, SE = 0.21, p = 0.009). Underlying sample: 2,376 product evaluations from
594 respondents across 25 products.

4 Market Implications

In this section we study the market implications of non-user externalities. We focus on

their effects on welfare, firms’ strategic incentives to produce them, and market structure

consequences.
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4.1 Welfare Measurement

Negative non-user externalities change what welfare analysis can learn from choice data.

Following Bursztyn et al. (2025a), we distinguish two surplus concepts. Individual Con-

sumer Surplus (ICS) is the gain from participating relative to not participating, holding

others’ behavior fixed. This is the object that revealed preference and standard demand

estimation recover. Product Market Surplus (PMS) is the gain from the product existing

relative to a world without it. This is the object welfare analysis should target.

ICSi = vi + γ(X) + λϕ(X) (2)

PMSi = vi + γ(X) (3)

The two objects differ by ICSi − PMSi = λϕ(X) ≥ 0: the harm to non-users that

revealed preference mistakes for product value. A consumer’s willingness to pay for par-

ticipation includes the value of escaping λϕ(X). Participation therefore reveals only that

ICSi > 0, that joining beats staying out. It does not reveal whether PMSi > 0, that is,

whether the consumer benefits from the product’s existence.

Product market traps. A product market trap occurs when ICSi > 0 and PMSi < 0:

the consumer participates because joining beats staying out, yet would be better off in a

counterfactual world where the product did not exist (Bursztyn et al., 2025a). Consumers

join to escape social costs the product generates for non-participants rather than because

of the products’ value.17

Bursztyn et al. (2025a) provide direct evidence that equilibrium participation can ex-

ceed welfare-maximizing levels. When students are offered payment to deactivate their own

account for four weeks while everyone else keeps using the platform, the average user re-

quires monetary compensation. When the counterfactual instead removes the platform for

all participating students at their university, valuations reverse: the average user is willing

to pay to have the platform deactivated for everyone, including herself. Large fractions of

active users of TikTok and Instagram thus derive negative welfare from the product’s exis-

tence. Yet, interpreting estimates of this kind requires some assumption about substitution

17Traps require no behavioral frictions, such as self-control problems, present bias, or näıveté about
future preferences, and no misperceptions. A fully sophisticated, time-consistent consumer who correctly
understands that the product harms her relative to a world without it can still be trapped.
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patterns.

Product- and category-level counterfactuals. For a genuinely new product the

counterfactual is straightforward (nothing). However, for most products, another prod-

uct will fill the gap if the original product is removed, and this replacement product may

generate non-user externalities. Therefore, the harm caused by the product itself is over-

stated to the extent that the substitute reintroduces the externality. This demonstrates

that the PMS comparison depends on what ’a world without the product’ holds fixed.

The relevant comparison for a given product depends on its substitutability. A product-

level PMS is the appropriate for interventions aimed at a single firm, such as a an interoper-

ability mandate for a gatekeeper or the regulation of a messaging app. If a messaging app’s

externality stems from non-users inability to communicate with its users, an interoperable

alternative would remove much of it. If instead we remove a luxury fashion brand, for

example, and suppose that the positional race is among brands, removing it would merely

relocate the externality rather than eliminating it. A category-level PMS therefore asks

whether consumers would be better off if the entire product class did not exist. This is the

relevant focus for interventions that act on the whole category, such as bans.

4.2 Firm Strategic Incentives

The analysis so far treats λϕ(X) as a parameter of the environment. However, firms may

create non-user externalities strategically. Demand for a company’s product can increase

by improving the product or by worsening the outside option. Firms can engage in at least

two different strategies: raising λ through design features that increase the cost of being a

non-user, and raising X through zero pricing that increases adoption.18

Strategic creation of non-user externalities. One piece of evidence comes from the

smartphone market. Apple’s decision to show Android users messages in iMessage with

green bubbles—instead of the blue bubbles used for iPhone-to-iPhone communication—

can be seen as a firm raising λ. After iOS 18 resolved the technical compatibility issues,

the color creates a visual distinction with no functional purpose. Yet, the marker carries a

18This demand-side mechanism complements supply-side strategies such as raising rivals’ costs (Salop
and Scheffman, 1983). Nagler (2011b) develops the theoretical antecedent: when a product in use imposes
costs on non-consumers, the externality worsens the outside option and generates network-like demand
effects. Nagler (2014) treats the externality as a variable under managerial control, and estimates its
competitive effect, the external cost elasticity of demand, in the motor vehicle market.
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social stigma. In a series of incentivized experiments with U.S. college students, Bursztyn

et al. (2025c) find that iPhone users demand substantial compensation to have their own

messages shown in green (49$ for four weeks), and removing the color distinction shifts

around 7 p.p. of consumers toward Android.19

The strategic creation of non-user externalities expands to other channels and markets.

Bursztyn et al. (2025c) survey about nine product designs: six that plausibly impose a

non-user externality, through exclusion, lower social standing, or pressure to engage more

often, and three control features that do not. The designs span green bubbles, Apple’s

restriction of AirDrop to its own devices, Strava’s default-public activity feed, Instagram

Stories expiring after twenty-four hours, Bumble matches expiring after a day, and Nike’s

rare restocks of sold-out Air Jordan colorways.20 Each design is shown alongside a plausible

counterfactual firm choice. A majority prefers the counterfactual for all but one, and

respondents expect it to raise quality for the group left out without lowering it for the

product’s own users.

Zero pricing and platform lifecycle. The design choices aim to worsen the outside

option, holding the network fixed. A second strategy aims to increase the size of people

using a product. The harm to any remaining non-user depends on how many others have

already joined. Setting a zero price can attract a large share of consumers and thereby

worsens the outside option of everyone who has not yet joined. Two-sided-market models

already explain why ad-funded platforms price at zero on the consumer side (Rochet and

Tirole, 2003; Armstrong, 2006). Non-user externalities add a second return to the same

pricing strategy: the marginal user is worth her advertising revenue and the increment she

adds to ϕ(X) for the holdouts, so that the profit-maximizing price is lower than advertising

revenue alone would justify. The strategy also has a temporal structure: once ϕ(X) is large

enough to deter exit, the firm can recover surplus by degrading the product without losing

the base it built. Doctorow (2025) labels this sequence “enshittification.”

4.3 Market Structure

Non-user externalities shape market structure through two channels. They make high-

participation equilibria durable: exit is individually costly even when collectively beneficial,

19The U.S. Department of Justice’s 2024 antitrust complaint against Apple (United States v. Apple
Inc., No. 2:24-cv-04055, D.N.J., filed March 21, 2024) alleges that Apple maintained this design choice
deliberately, constituting exclusionary conduct.

20The control features are Google Street View, Spotify’s Discover Weekly and Snapchat Memories.
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so that bad equilibria are stable in the absence of any misperception. And they distort

competition measurement: individual substitution responses hold the network fixed, so

markets look narrower and incumbents more powerful than collective substitution would

show.

Dynamics and persistence. A key question is why these bad equilibria last even after

users understand them. Akerlof et al. (2026) answer that persistence comes from the private

cost of exit: instigators are the first to join the network, but once it is large enough, a

resistor who leaves bears the full non-user penalty while her own departure barely changes

adoption. Guimaraes et al. (2025) address this question by embedding FOMO into a

dynamic model of gradual adjustment. In their model, agents may exit the network at any

time but suffer while out as long as others remain in. Even when the long-run gains from

collective exit are larger than the short-run losses, nobody finds it optimal to move first,

resulting in a dynamic product market trap: the bad steady state is stable because the

transition path is individually costly. Hagiu and Wright (2025) complement this analysis

by providing a dynamic theory of how platforms actively create and exploit these traps. In

their model, rational agents are induced to join a platform, despite being collectively better

off without it, since each agent’s outside option deteriorates as other agents participate.

The platform exploits this collective action problem through three mechanisms: dynamic

price adjustments that sequentially lock in agents, the combination of on-platform and off-

platform negative externalities, and favorable equilibrium selection when platforms make

private offers.

Substitution patterns. Non-user externalities can also create a wedge between individ-

ual and collective substitution patterns. Bursztyn et al. (2025d) document this wedge in

incentivized experiments with TikTok users, comparing how valuations of alternative apps

change under an individual deactivation and under a collective ban. Measured substitution

is much higher under the collective treatment compared to the individual treatment. This

matters for market definition since antitrust analysis traditionally relies on individual-level

responses to hypothetical price changes, holding network structure fixed. If those fixed net-

work responses understate true substitutability, markets will appear narrower than they

are, and firms will appear to wield more market power.
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5 Policy Implications

Markets with substantial non-user externalities can fall into inefficient equilibria that trap

individual consumers. In this section, we examine possible policy responses in five domains:

design and information regulation, taxation, coordination policy, competition policy, and

multi-product status effects.

5.1 Design and Information Regulation

Regulation can act on the product itself and on the information environment surrounding

it. Interoperability mandates try to reduce exposure ϕ(X) directly. Design regulation,

advertising restrictions, and observability rules aim to reduce the intensity of the non-

user externality, λ. Finally, informational interventions potentially rebalance the private

adoption margin through X.

Interoperability. When non-user externalities arise from functional incompatibility, such

as Apple’s AirDrop feature Bursztyn et al. (2025c), interoperability mandates reduce ϕ(X)

directly by allowing non-users to interact with users across platform boundaries. The

European Union’s Digital Markets Act (2022) prescribes that messaging platforms en-

able interoperability with third-party services (Crémer et al., 2019; Scott Morton et al.,

2019b). However, implementation is difficult in practice. End-to-end encryption is difficult

to maintain across platforms with different security architectures (Levy and Robinson,

2022). Perhaps most importantly, platforms may comply minimally, offering basic text

interoperability while reserving richer features for native users.

Design regulation. If firms strategically increase non-user externalities through par-

ticular product features, regulations targeting those may reduce harm directly. Poten-

tial interventions include limiting salience mechanisms (e.g., restricting streak counters or

ephemeral content that penalize disengagement), mandating disclosure of metrics on user

well-being or time spent, and even simply changing default public settings (e.g., requir-

ing account posts to be initially private rather than public). These interventions target λ

directly rather than the underlying ϕ(X). Bursztyn et al. (2026c) discusses in depth poli-

cies related to reducing non-user externalities via regulation of social media algorithms.

Limiting advertising for positional goods could reduce λ without directly constraining con-

sumption. Consider recent legislation in France, where undisclosed airbrushed images are
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prohibited in advertising and where influencer marketing of luxury goods is under scrutiny.

Informational interventions. A final class of interventions targets the perceived cost

of non-use in the individual adoption decision (Thaler and Sunstein, 2008; Haaland et

al., 2023). Social media platforms, for example, might be required to display time-spent

warnings or default to automatic sign-off after a usage threshold. Such nudges impose an

emotional or attentional cost on use, attempting to rebalance the adoption decision at the

margin. Yet, these interventions may be ineffective because of the coordination structure

that sustains product market traps: Bursztyn et al. (2026a) show that information about

harms does not shift behavior, suggesting that nudges may be insufficient precisely in the

markets where non-user externalities are most severe.

5.2 Corrective Pricing

The instruments above act on the harm, while taxes reduce adoption X itself by raising

the private cost of participation. Heterogeneous valuations generally make full elimination

of the market suboptimal, so the question is not whether a tax-based intervention can

help but at what level to set the tax, and to what extent corrective taxes with non-user

externalities differ from those in standard externality settings.

Positional taxes. For positional goods, progressive consumption taxes (Frank and Sun-

stein, 2001) can dampen positional arms races by raising the private cost of conspicuous

consumption. These instruments target the status channel directly. The general corrective-

pricing problem, to which we now turn, applies across mechanisms.

Optimal participation taxes. Consider a planner who imposes a constant tax τ on

participation, with revenue rebated lump-sum. We evaluate the tax in two variants of our

conceptual framework that differ in who bears the externality. In the escapable variant,

our baseline, joining shields the consumer from the harm, so the tax-inclusive utility is

uES
i (xi, X) = xi [vi + γ(X)− τ ]− (1− xi)λϕ(X).

In the inescapable variant, the harm falls on users and non-users alike:

uINi (xi, X) = xi [vi + γ(X)− τ ]− λϕ(X).
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Comparing the two variants illustrates what escapability changes about corrective pric-

ing.

In both variants, participation follows a cutoff rule in the idiosyncratic value: consumer

i joins if and only if vi ≥ v̄, where the marginal consumer is indifferent between joining and

staying out. The cutoff is v̄IN (X) = τ − γ(X) under inescapability, where λϕ(X) cancels

because it is borne either way, and v̄ES(X) = τ − γ(X)−λϕ(X) under escapability, where

the externality subsidizes joining. Given τ , equilibrium adoption is a fixed point of the

adoption map

Qj(X, τ) ≡ 1− F
(
v̄ j(X, τ)

)
, j ∈ {IN,ES},

which exists by Brouwer.

Aggregate welfare at adoption level X is the sum of consumers’ utilities plus the rebate.

Because the rebate returns τX lump-sum, the tax nets out of the aggregate, and welfare

depends only on who participates. The cutoff rule implies that the participant set at

adoption level X is {i : vi ≥ v̄(X)}, where v̄(X) ≡ F−1(1−X) is the cutoff consistent with

adoption level X, so welfare in the two variants is

W IN (X) =

∫ ∞

v̄
v dF (v) +Xγ(X)− λϕ(X),

WES(X) =

∫ ∞

v̄
v dF (v) +Xγ(X)− (1−X)λϕ(X).

The first term is the idiosyncratic surplus of participants, the second is the interaction

benefit accruing to the mass X of users, and the third is the externality, borne by the

entire population when inescapable and by the mass 1−X of non-users when escapable.

The tax that implements a given adoption level as a decentralized outcome must close

the gap between the marginal adopter’s private gain and their social contribution. Differ-

entiating W j with respect to X and subtracting the marginal adopter’s private calculus

yields the optimal Pigouvian tax as a function of the adoption level:

τ∗,IN (X) = λϕ′(X)−Xγ′(X),

τ∗,ES(X) = (1−X)λϕ′(X)−Xγ′(X).

These formulas capture the two uninternalized externalities marginal adopters impose on

others. By joining, they raise λϕ on non-users and γ for existing users. The same two
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externalities determine the heterogeneous welfare incidence of the tax: continuing non-users

gain (non-user externalities fall if ϕ is increasing), continuing users lose (user externalities

fall if γ is increasing), and switchers face an ambiguous mix of forgone user surplus and

reduced harm. Whether the tax improves aggregate welfare depends on which of these

effects dominates.

A first difference between corrective taxation under escapable vs. under inescapable

externalities is that, evaluated at any positive common adoption level and with ϕ′(X) >

0, the escapable formula prescribes a strictly smaller tax, with wedge Xλϕ′(X) > 0.21

Intuitively, marginal adopters under escapability have to be partly subsidized for the harm

they avoid by joining. In the extreme case where everyone adopts, the share of non-users

(1−X) goes to zero. The externality the marginal adopter imposes on this shrinking set

of consumers, (1 − X)λϕ′(X), also shrinks, even when per-capita harm λϕ′(X) is large.

The optimal escapable tax approaches −γ′(1), becoming a subsidy when γ′(1) > 0. The

Pigouvian prescription weakens precisely where per-capita harm to remaining non-users is

most severe, in contrast to the standard intuition that externalities with growing incidence

call for larger corrective taxes.

Limits under multiple equilibria. A second consideration arises when the adoption

map Qj admits multiple fixed points. In such cases, the marginal Pigouvian tax, even

when set at the optimal level, may not reach the welfare-maximizing adoption level X∗

as the realized equilibrium. Akerlof et al. (2026) develop this point formally in the linear

special case. Intuitively, each marginal defector from a high-equilibrium adoption level

finds defection unattractive precisely because others have not yet defected. The Pigouvian

formula delivers the right marginal correction but cannot generate the coordinated shift

required to select among equilibria. The welfare-maximizing constant tax in such settings

is strictly larger than τ∗,ES and depends on the global structure of QES rather than on local

marginal costs. Escapability is not the only path to strategic complementarity: inescapable

network effects (γ′(X) > 0) generate multiplicity as well. But escapability expands the

conditions under which traps arise, since QES can be complementary even when γ′(X) ≤ 0.

21The optimal tax in each setting is the formula evaluated at a local maximum X∗ of each welfare
function, and the welfare-maximizing adoption levels in the two cases generally differ. A sufficient condition
for W to be concave is f(v̄(X)) · κj(X) < 1 for all X, where κIN (X) ≡ 2γ′(X) +Xγ′′(X) − λϕ′′(X) and
κES(X) ≡ 2γ′(X)+Xγ′′(X)+2λϕ′(X)−(1−X)λϕ′′(X). The escapable condition is strictly stronger when
ϕ(X) is convex and does not hold when λϕ′ is large: the same force that generates strategic complementarity
in QES . We do not require global concavity for our results.
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Prevention and subsidies. These features suggest Pigouvian taxation is better suited

to prevention than cure. A tax imposed early can prevent inefficient equilibria from form-

ing; a tax imposed late confronts an entrenched coordination trap. An alternative is subsi-

dizing non-participation or substitutes (interoperable alternatives, open-source platforms,

offline activities), targeting ϕ(X) directly rather than attempting to overcome it indirectly.

However, subsidies must be financed, subsidized alternatives may fail against incumbent

network effects, and defining substitutes for some products (e.g., for social media) is ad-

ministratively complex.

Promising areas for future work include (i) empirically estimating the impact of Pigou-

vian taxes in settings with non-user externalities, (ii) investigating targeted taxes on certain

user types, and (iii) understanding the correlation between positive user externalities and

negative non-user externalities across sectors. Bursztyn et al. (2026c) discuss Pigouvian

taxes on social media consumption in a policy context that relates to this discussion.

5.3 Coordination Policy

Coordination mechanisms have a rationale that price and design instruments lack: a tax

gets the marginal correction right but cannot produce the simultaneous shift a change of

equilibrium requires. Guimaraes and Pereira (2016) study a dynamic coordination model

in which agents choose between two competing networks but revise their choice only as

staggered opportunities arrive. Even a social planner who fully internalizes the network

externality, but who can direct only the agents currently able to switch, optimally keeps

everyone on an intrinsically inferior incumbent network: sequential switching strands early

movers away from the installed base, so lock-in is constrained-efficient, and the planner

weighs network size more heavily than individuals do. If anything, decentralized agents in

their model switch to the better network too early, ignoring the harm imposed on those still

locked into the incumbent. Only if everyone could switch simultaneously would adopting

the better network be efficient.

Coordinated action. If product market traps are coordination failures driven by non-

user externalities, mechanisms that facilitate coordination may improve welfare without

requiring corrective pricing or direct regulation. This happens already informally in dig-

ital detox movements, screen-time commitment apps, and school-level smartphone bans.

Haidt (2024) documents grassroots efforts among parents to delay smartphone adoption,

effectively shifting equilibria in local peer networks.
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Private coordination tools. Private tools offer a complementary approach. The “No

Missing Out” (NOMO) app, for example, allows groups of friends to commit jointly to

reducing social media use, with commitments conditional on others also committing. This

transforms unilateral exit (which is costly due to non-user externalities) into coordinated

exit (which can be welfare-improving). Users do not need to believe social media is harmful

in isolation; they need only a mechanism to escape when PMSi < 0 < ICSi. Private coor-

dination tools operate at the group level, matching the structure of non-user externalities.

Age-based restrictions. The coordination mechanisms above attempt to dislodge ex-

isting traps. An alternative is to prevent traps from forming in the first place. Australia’s

ban on under-16 social media access, in force since December 2025, is the most aggressive

instance to date. Our framework provides a rationale beyond paternalism about minors’

decision-making capacity: if adoption cascades begin in adolescent peer networks, age-

based restrictions can prevent “instigators” from establishing the critical mass that pulls

“resistors” into the network (Akerlof et al., 2026). Bursztyn et al. (2026b) provide the first

empirical assessment of the Australian ban and find compliance of only 27% among 14–

15-year-olds four months in, well below the roughly two-thirds peer threshold those teens

themselves report they would need to see before they would stop. Because the Act places

enforcement on platforms rather than users, the cost of continued use has barely changed

for teenagers.

5.4 Competition Policy

As shown in Section 4.3, the presence of non-user externalities means that individual-level

substitution estimates may overstate market power. This mismeasurement has implications

for merger review and monopolization cases. A merger that appears to create a dominant

market position for a firm based on individual demand analysis may be less concerning if

collective substitution is high.

Separately, firms’ strategies to raise non-user externalities may warrant scrutiny as

exclusionary even if they do not affect prices or quality in the traditional sense. In extreme

cases, direct structural remedies may be appropriate. If a platform’s market position

derives primarily from non-user externalities rather than product quality, breaking it into

competing pieces could allow each to compete on intrinsic value rather than network lock-

in. Structural remedies are most appropriate when ϕ(X) is large, γ(X) is small for most

users, and the platform actively raises λ; absent these conditions, behavioral remedies
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targeting λ directly may be preferable.

Finally, in markets where negative non-user externalities derive from status effects, if

two luxury brands merge, prices may fall as firms no longer need to compete on scarcity

to generate status value (Pesendorfer, 1995). Merger analysis in these markets should

account for both intrinsic product value and status-derived value, and the link between

status, scarcity, and pricing.

5.5 Global (Multi-Product) Status Effects

The instruments above operate within a single market, as does our welfare framework.

When status motives span markets, this scope restriction has bite: consumers may sub-

stitute status-seeking across contexts, so removing one status market can displace harm

rather than reduce it.

A stylized two-market example makes the point. Consumers earn status s1 and s2 in

markets m1 and m2 and care about total status s = s1+s2 through a global payoff J(s, Ŝ),

increasing and concave in own status and, because status is relative, decreasing in the

population average Ŝ. Suppose both markets are product market traps driven entirely by

status, utility in each market derives solely from status, and the cost of acquiring status

is global across contexts, C(s) = ψ(s1 + s2). A regulator who bans market m2 expects a

welfare gain: one trap disappears. In equilibrium, however, the ban is undone. Consumers

redirect their status-seeking to market m1, raising s1 until it equals the original s1 + s2.

Total status, its population average Ŝ, and hence welfare are all unchanged, while market

m1 becomes a deeper trap: consumers now depend on a single context for status.

The example is deliberately extreme. If one product provides more intrinsic utility

than the other, banning the less valuable one still triggers status substitution, but steering

consumers toward the intrinsically better context raises welfare. Heterogeneous status-

seeking costs across contexts add further complexity. How substitutable status is across

contexts, and when this substitutability matters for regulating markets with status-driven

traps, is an open question for future research.

6 Conclusion

This paper develops a unified framework for understanding how non-user externalities

shape market outcomes. A defining feature of non-user externalities is that they can be
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mitigated by joining the externality-generating activity. Classic externalities such as pol-

lution can sometimes be mitigated through avoidance or relocation, but these responses

move the affected party away from the externality-generating activity. This reversal in

the direction of escape has consequences that are absent in standard externality settings.

It can generate cascade dynamics that can culminate in product market traps: situations

in which consumers would prefer the product not to exist, yet still choose to consume it

in order to avoid the social costs of nonparticipation. The trap arises precisely because

escape is available. Consumers join not because the product delivers sufficiently high

intrinsic value, but because remaining outside has become too costly. We show that neg-

ative non-user externalities are prevalent across product categories and stem from various

mechanisms, including social exclusion, interoperability frictions, informational FOMO,

and status concerns. These mechanisms vary systematically across products, and generate

adoption pressure on non-users that is strongest in the products where the externality is

most negative.

An important open question concerns the temporal dynamics of non-user externalities

over a product’s lifecycle. Our framework predicts that non-user externalities should in-

tensify as adoption spreads. Cross-sectional evidence on network size effects is consistent

with this prediction. Yet, the process by which non-user externalities emerge, deepen, and

potentially recede over time remains largely unexamined. Do non-user externalities for a

given product follow a predictable trajectory?
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Online Appendix:
Not for publication

This online appendix contains supporting material for the survey evidence in Section 3. Ap-
pendix A collects the additional results referenced in the main text. Appendix B provides
details on the sample, mechanism-classification methodology, and robustness. Appendix C
reproduces the survey instruments.

A Additional Figures and Tables

Appendix Table A1: Network Effects Regressions

Dep. Var.: Non-user externality

Counterfactual Within-Person Between-Person

X̃ ≤ 50% X̃ > 50%
(1) (2) (3) (4) (5) (6)

Adoption Rate X −0.90∗∗∗ 0.32 −0.82∗∗∗ −1.00∗∗∗ −0.99∗∗∗ 0.70∗∗∗

(0.04) (0.26) (0.05) (0.06) (0.08) (0.22)
Adoption Rate X2 −1.21∗∗∗ −1.62∗∗∗

(0.26) (0.22)
Person FE ✓ ✓ ✓ ✓
Product FE ✓ ✓ ✓ ✓ ✓ ✓
Position FE ✓ ✓ ✓ ✓ ✓ ✓
R2 0.53 0.54 0.70 0.63 0.12 0.13
Observations 4,988 4,988 2,460 2,528 4,980 4,980

Notes: This table reports regression estimates of how peer adoption affects the non-user ex-
ternality, measured on a 7-point scale. Columns (1)–(4) use within-person variation from the
counterfactual elicitation, comparing the same respondent’s externality at perceived versus
hypothetical adoption rates; column (2) adds a quadratic term, and columns (3)–(4) split
the sample by counterfactual assignment (X̃ ≤ 50% versus X̃ > 50%). Columns (5)–(6) use
between-person variation in perceived adoption. Fixed effects as indicated. Standard errors
are clustered at the person level. ∗p < 0.10, ∗∗p < 0.05, ∗∗∗p < 0.01.
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Appendix Figure A1: Mechanisms by Product

Notes: This figure displays the distribution of social mechanisms underlying negative non-user externality across
individual products. Cell values represent the percentage of responses citing each mechanism. Products ordered by
hierarchical clustering on mechanism profiles, grouping products with similar patterns. Figure 2 (main text) presents
these patterns aggregated by product grouping. Classification based on 2807 open-text explanations using Claude
Sonnet 4.5, validated against human coding (mean LLM–human κ = 0.60; see Section B.2).
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Appendix Figure A2: Heterogeneity in Non-User Externality
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Appendix Figure A3: Non-User Externalities and Network Adoption
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Notes: This figure displays how non-user externalities vary with network adoption.
Points represent mean non-user externalities within 20 adoption-rate quantiles,
residualized on person and position fixed effects. Regression estimates appear in
Appendix Table A1; product-specific effects appear in Appendix Figure A4.
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Appendix Figure A4: Product-Specific Network Effects on Non-User Externality
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Notes: This figure reports the network effect estimated separately for each product. The dependent
variable is non-user externality on a 7-point scale, regressed on peer adoption (scaled to [0, 1])
interacted with product, using within-person variation from the counterfactual elicitation. The
specification absorbs person and product-position fixed effects, and standard errors are clustered
at the person level. Bars are 95% confidence intervals; products are sorted by point estimate. The
pooled counterpart appears in Table A1 and Figure A3.
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Appendix Figure A5: Non-User Externalities and Firm Size
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Notes: This figure plots non-user externality against firm-level proxies for market power. Panel A plots mean
non-user externality against log market capitalization at the firm level. Each point represents a unique firm; for
firms with multiple surveyed products (e.g., Apple: iMessage and iPhones), non-user externality is averaged across
products. Panel B plots mean non-user externality against log industry revenue at the NAICS industry level; non-
user externality is averaged across all products within each industry. Market capitalizations are from Yahoo Finance
(November 2025); industry revenues are from IBISWorld (2025). Sample excludes category-level products matched to
representative firms (e.g., “Cars” matched to Toyota) in Panel A; Tattoos excluded from both panels due to industry
fragmentation. Note that market capitalization reflects the entire firm’s value, not just the surveyed product. Dashed
lines show OLS fit. Market-cap correlation: r = −0.46, p = 0.07, N = 16; industry-revenue correlation: r = −0.29,
p = 0.26, N = 17.
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B Survey and Classification Details

B.1 Sample Characteristics

Demographic Summary Statistics. Table A2 reports demographic summary statistics
for both waves of fielding. Both waves were recruited from the same population.

Appendix Table A2: Demographic Summary Statistics

Externality Survey
(N =1,395)

Adoption Survey
(N =594)

Mean SD Mean SD
(1) (2) (3) (4)

Demographics
Age 22.06 1.93 21.59 2.10
Female 0.62 0.49 0.57 0.49
Male 0.33 0.47 0.40 0.49
Other Gender 0.04 0.20 0.02 0.15

Relationship Status
Married 0.05 0.21 0.02 0.15
In a relationship 0.46 0.50 0.45 0.50
Single 0.50 0.50 0.52 0.50

Socioeconomic Status
MacArthur Scale [1-10] 6.11 1.62 5.37 1.60

Notes: This table presents summary statistics for both survey samples.
Age is measured in years. Gender categories are mutually exclusive
indicator variables. Relationship status categories are mutually exclu-
sive. Socioeconomic status is self-reported on the MacArthur Scale
of Subjective Social Status, ranging from 1 (lowest) to 10 (highest).
Externality survey: N = 1,395 respondents. Adoption survey: N =
594 respondents. Both samples are restricted to accepted responses,
as defined in Table A4.

Product List and Categorization. Table A3 presents the 25 products included in
the survey, selected to span variation in network intensity, adoption rates, and potential
externality mechanisms. Each respondent evaluated four randomly selected products, in
random order.22

Data Quality. Table A4 reports response flow and quality metrics. Respondents in the
externality wave were paid $1.20 for a planned 6 minutes; respondents in the adoption

22We additionally fielded three category-level items (Messaging Apps, Payment Apps, and Chobani) to
explore brand versus category-level effects. They are excluded from all analyses reported here.
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Appendix Table A3: Product List and Categorization

Product Firm NAICS Description

Social/Communication
Discord Discord 51621 a gaming/group chat
Instagram Meta 51621 —
TikTok ByteDance 51621 —
Tinder Match Group 81299 a dating app
Venmo PayPal 52232 a mobile payment service
iMessage Apple 51621 —

Digital Services
ChatGPT OpenAI 51821 —
Google Maps Google 51913 —
League of Legends Tencent 51621 an online game
Netflix Netflix 51621 —
Spotify Spotify 51621 —
Uber Uber OD6158 —
Weather Apps — — e.g. The Weather Channel, Ac-

cuWeather, Apple Weather
iPhones Apple 33422 —

Physical Products
Adderall CVS 44611 —
Alcohol — — e.g. beer, wine, spirits, hard seltzer
Cars — — e.g. Toyota, Honda, Ford
Cryptocurrency — — e.g. Bitcoin, Ethereum, Dogecoin
Luxury Fashion — — e.g. Louis Vuitton, Gucci, Prada,

Balenciaga
Starbucks Starbucks 72221 —
Strava Strava 51821 a fitness tracking app
Target Target 45211 —
Tattoos — — —
Vaping Products — — e.g. Elf Bar, Breeze, Juul
Yogurt — — e.g. Chobani, Fage, Oikos

Notes: This table presents all 25 products used in the analyses. Product names show how
products were presented to respondents. Descriptions provide examples or clarifications
shown to respondents (when applicable). Firms and industries were assigned by hand;
category-level products (e.g., Cars, Alcohol) were matched to a representative firm.
Industry codes are NAICS, except for two products with no clean NAICS match, which
use the corresponding IBISWorld industry code. Category assignments are based on
ex-ante characteristics: Social/Communication products require network coordination;
Digital Services are primarily single-user digital products; Physical Products include
tangible goods and retail services.
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wave were paid $0.60 for a planned 3 minutes (both $12/hour). A comprehension check in
the externality wave verified understanding of the World A/World B comparison; 89.7%
of respondents passed. An attention check in the adoption wave was passed by 94.9% of
respondents. Neither check is used to restrict the analysis sample; Table A7 reports the
main estimates under alternative restrictions, including one that drops respondents who
failed the check.

Product assignment is balanced. Joint F -tests on demographics show no significant
imbalance for gender (p = 0.855) or socioeconomic status (p = 0.436). The age difference
is statistically significant (F = 1.80, p = 0.007) but small: mean age varies by less than
one year across products.

Appendix Table A4: Data Quality Indicators

Externality Survey Adoption Survey
(1) (2)

Response Flow
Survey submissions 1,566 665
Less: Screened out or invalid 125 63
Less: Attrition (incomplete) 46 8

Final analytic sample 1,395 594

Survey Duration
Mean (SD) 7.1 (5.1) min 3.7 (6.5) min
Median 5.8 min 2.9 min

Quality Check
Passed (%) 89.7 94.9

Sample Coverage
Products evaluated 28 28
Products per respondent 4 4
Evaluations per product 199 85
Total observations 5,580 2,376

Notes: This table summarizes the response flow and data quality metrics
for both waves. Screening criteria required respondents to be undergraduate
students aged 18–25 and US residents. Attrition includes respondents who
passed screening but did not complete the survey. Quality check: the ex-
ternality vignette used a comprehension check on the World A vs. World B
comparison, shown once, on the first of the four products a respondent evalu-
ated; respondents who answered incorrectly were shown a clarification screen.
The adoption vignette used an attention check embedded in the product eval-
uation loop. Duration is measured in minutes from survey start to completion.

Treatment Balance (Adoption Vignette). Table A5 reports demographic means
across the four treatment arms of the adoption vignette. No difference is significant (all

9



p > 0.10).

Appendix Table A5: Treatment Arm Balance (Adoption Survey)

User Status Direction

Non-User User Decrease Increase All
(1) (2) (3) (4) (5)

Age 21.74 21.45 21.62 21.56 21.59
Female 0.54 0.60 0.60 0.55 0.57
MacArthur Scale [1-10] 5.36 5.38 5.32 5.42 5.37

Observations 291 303 293 301 594

Notes: This table reports mean demographics by treatment arm in the adop-
tion vignette. “User Status” indicates whether the respondent was assigned
to imagine being a current user or non-user of the product. “Direction”
indicates whether peer adoption was shifted up (+20pp) or down (−20pp)
from the respondent’s perceived rate. p-values from two-sample t-tests: all
comparisons yield p > 0.10 for age, gender, and socioeconomic status across
both treatment dimensions. N = 594 respondents.

Order and Framing Effects. Table A6 regresses our main outcomes on linear product
position and on a first-product indicator, for the externality vignette in Panel A and the
adoption vignette in Panel B. Neither position nor the World A/World B randomization
(columns (5)–(6) of Panel A) affects the main outcomes.
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Appendix Table A6: Order and Framing Effects

Position effects Framing effects

Main
outcome

Main
outcome

Perc.
adoption

Perc.
adoption

Main
outcome

Perc.
adoption

(1) (2) (3) (4) (5) (6)

Panel A. Externality survey (main outcome: non-user externality)
Position (1–4) 0.01 −1.10∗∗∗

(0.01) (0.27)
First product (=1) −0.03 1.71∗∗

(0.04) (0.71)
Nobody first (=1) −0.04 −0.11

(0.04) (0.77)

Product FE ✓ ✓ ✓ ✓ ✓ ✓
Respondent FE ✓ ✓ ✓ ✓
Position FE ✓ ✓
R2 0.43 0.43 0.68 0.68 0.13 0.52
Observations 5,580 5,580 5,580 5,580 5,580 5,580

Panel B. Adoption survey (main outcome: adoption response)
Position (1–4) 0.01 −0.89∗∗

(0.02) (0.42)
First product (=1) 0.08 2.28∗∗

(0.05) (1.02)

Product FE ✓ ✓ ✓ ✓
Respondent FE ✓ ✓ ✓ ✓
R2 0.50 0.50 0.69 0.69
Observations 2,376 2,376 2,376 2,376

Notes: This table tests whether survey position or vignette framing predicts our main out-
comes. Panel A covers the externality vignette (1,395 respondents, 5,580 product evalua-
tions), where the main outcome is the non-user externality; Panel B covers the adoption
vignette (594 respondents, 2,376 product evaluations), where it is the adoption response.
Each respondent evaluates four randomly assigned products in random order. Position
ranges from 1 (first product shown) to 4 (fourth). “First product” is an indicator for the
first-shown product. “Nobody first” indicates the vignette randomization where “nobody
uses the product” was presented as World A (shown first); the adoption vignette has no
framing arm, so columns (5)–(6) are empty in Panel B. All specifications include product
fixed effects. Columns (1)–(4) include respondent fixed effects; columns (5)–(6) include posi-
tion fixed effects instead, because respondent fixed effects would absorb the respondent-level
framing variable. Standard errors clustered by respondent in parentheses. ∗ p < 0.10, ∗∗

p < 0.05, ∗∗∗ p < 0.01.
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Appendix Table A7: Robustness: Results under Alternative Sample Restrictions

Sample Restriction

Baseline
Excl.

speeders
Excl. failed

check
Excl. short
open-text

(1) (2) (3) (4)

Panel A: Mean Non-User Externality

Weighted mean externality −0.44 −0.44 −0.44 −0.44
(0.09) (0.09) (0.09) (0.10)

Products externality < 0 (sig.) 18/25 18/25 17/25 17/25

Panel B: Network Effects (Within-Person)

Adoption rate (0–1) −0.90∗∗∗ −0.91∗∗∗ −0.90∗∗∗ −0.92∗∗∗

(0.04) (0.04) (0.04) (0.04)

Product FE ✓ ✓ ✓ ✓
Person FE ✓ ✓ ✓ ✓

Panel C: Adoption Response (Adoption Survey)

Non-User × Increase 0.35∗∗∗ 0.37∗∗∗ 0.35∗∗∗

(0.11) (0.11) (0.11)

Respondents (adoption) 594 531 564

Respondents 1,395 1,256 1,251 1,332
Observations 4,980 4,488 4,478 4,091

Notes: This table reports main estimates under alternative sample restrictions. Col-
umn 1: Baseline (all accepted responses, core products). Column 2: excludes re-
spondents in the fastest 10th percentile by completion time. Column 3: excludes
respondents who did not pass the comprehension check. Column 4: excludes product
evaluations where the open-text explanation contains fewer than 10 words. Panel A
reports the sample-size-weighted mean non-user externality across products and the
number of products with statistically significant negative externalities (95% CI ex-
cludes zero). Panel B reports within-person network effect estimates from regressing
non-user externality on adoption rate with product and person fixed effects. Standard
errors clustered by respondent in parentheses. ∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01.
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B.2 Open-Text Classification Methodology

Procedure. After each externality vignette, respondents explained their rating in open
text. Open-ended elicitation avoids priming respondents toward particular channels and
captures what comes to mind first (Haaland et al., 2025; Bursztyn et al., 2025a).

For each person-product pair we asked:

“What makes you feel [better/worse] if your friends [verb] [product] but you
didn’t, compared to if no one [verb] [product]?”

This yielded 2807 classifiable responses across 28 products (2182 from respondents who feel
worse; 625 from those who feel better). Respondents who reported no difference between
the two worlds answered as well, but the scheme classifies reasons for feeling worse or
better, so their responses are not classified.

Coding Scheme. We developed the coding scheme iteratively, drawing on work on
network externalities (Katz and Shapiro, 1985), social comparison (Veblen, 1899; Frank,
1985a), and social belonging (Baumeister and Leary, 1995). Starting from a reading of
open-text responses, we refined categories over successive pilot rounds. Each response is
assigned to a single category, based on its primary expressed reason.

The final scheme comprises six negative and four positive categories (Table A8). The
four core negative categories—Social Exclusion, Interoperability, Informational FOMO, and
Status Concerns—map directly to the mechanisms reported in the main text (Table 2).
Two residual categories capture responses outside the mechanism framework: Negative
Altruism (concern for friends’ wellbeing) and Non-Social (no interpersonal comparison);
both are excluded from the main analysis. On the positive side, three substantive categories
(Spillover Benefits, Positive Altruism, Self-Enhancement) and one residual (Non-Social)
classify why some non-users feel better when friends adopt.

We classify responses using Claude Sonnet 4.5 (Anthropic), hereafter the LLM, with
default API parameters. The model receives the response text, the product name, and
the respondent’s stated intensity, and returns a single category assignment. The verbatim
prompts are reproduced in Figures A6 and A7.

Scheme Quality and Robustness. Category distributions vary across products. Cramér’s
V for the product × category association is 0.51 across 28 products and six negative cate-
gories, and 5 principal components account for 90% of the variance.

We reclassify the full dataset with GPT-5.2 (OpenAI) under identical prompts. Agree-
ment with Sonnet 4.5 is 84.0% of negative classifications (Cohen’s κ = 0.80) and 86.4% of
positive (κ = 0.81). Sonnet 4.5 is the primary classification throughout.

Human Validation. Three independent research assistants each classified a stratified
random sample of N = 300 negative-experience responses into the six mechanism cate-
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Appendix Figure A6: Classification Prompt: Negative Mechanisms

Context: Survey research about product preferences. Person was

asked about {product} and feels {intensity} worse when friends

use it but they don’t, compared to if no one uses it.

Classify this survey response into ONE category based on the main

reason. Output only the category number and name. Do NOT include

any reasoning, explanations, or extra text.

1. Social Exclusion - Fear of losing friendships or being left

out of the social group.

- Concern about relationships weakening or being excluded from

friend activities.

2. Interoperability - Practical barriers to communication,

transactions, or coordination with friends.

- Difficulty staying in touch, making payments, or organizing

logistics because you lack a shared platform or tool.

3. Informational FOMO - Missing out on shared content,

conversations, or cultural references friends discuss.

- Being out of the loop on topics, jokes, shows, or

information friends talk about.

4. Status Concerns - Feeling disadvantaged, inferior, or envious

relative to friends.

- Concern about status, appearing less successful, or lacking

capabilities/resources friends have.

5. Negative Altruism - Worried about friends’ wellbeing because

the product is harmful or unhealthy.

- Specifically concerned about negative effects on friends you

care about, not just general disapproval.

- Use ONLY if response mentions friends’ health, safety, or

wellbeing explicitly.

6. Non-Social - Answer lacks any comparison between self and

friends, or is off-topic.

- Personal preferences without social component, generic

statements, or unrelated comments.

Response: {text}

Output exactly in this format:

Answer: X - Category Name

Notes: This figure reproduces the exact prompt supplied to the LLM for classifying open-text responses
from respondents who report feeling worse. Placeholders {product}, {intensity}, and {text} are filled
per response.
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Appendix Figure A7: Classification Prompt: Positive Mechanisms

Context: Survey research about product preferences. Person was

asked about {product} and feels {intensity} better when friends

use it but they don’t, compared to if no one uses it.

Classify this survey response into ONE category based on the main

reason. Output only the category number and name. Do NOT include

any reasoning, explanations, or extra text.

1. Spillover Benefits - Receiving concrete benefits from friends’

use without using it yourself.

- Getting practical help, shared access, or coordination

advantages because friends use the product.

2. Positive Altruism - Happy that friends can enjoy or benefit

from the product.

- Positive feelings about friends’ wellbeing, happiness, or

self-expression.

3. Self-Enhancement - Feeling good about NOT using it while

friends do.

- Pride, discipline, or positive identity from abstaining or

making different choices.

4. Non-Social - Answer lacks any comparison between self and

friends, or is off-topic.

- Pure indifference, personal circumstances, or generic

statements unrelated to friends’ use.

Response: {text}

Output exactly in this format:

Answer: X - Category Name

Notes: This figure reproduces the exact prompt supplied to the LLM for classifying open-text responses
from respondents who report feeling better. Same format as Figure A6.
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Appendix Table A8: Coding Scheme for Open-Ended Responses

Category Definition Example Response

Panel A: Negative mechanisms (why feeling worse)

Social Exclusion Fear of losing friendships or being
left out of the social group

“We often will go to Starbucks as a social
event, so it would be upsetting to be ex-
cluded.” (Starbucks)

Interoperability Practical barriers to
communication, transactions, or
coordination with friends

“Sometimes there is difficulty communicat-
ing outside of one’s usual communication app
(like iMessage), but there would be alternative
communication apps we can use.” (iMessage)

Informational
FOMO

Missing out on shared content,
conversations, or cultural references
friends discuss

“I would feel left out because they would bring
up conversations they had online and I would
have no clue what they are talking about.”
(Messaging Apps)

Status Concerns Feeling disadvantaged, inferior, or
envious relative to friends

“They have advantages of having a car while I
don’t. If nobody had any cars everyone would
feel the same way.” (Cars)

Negative Altruism Worried about friends’ wellbeing
because the product is harmful

“Because vaping is harmful and I would not
want my friend to still do it alone if I wasn’t
doing it.” (Vaping Products)

Non-Social No social comparison; personal
preferences or off-topic

“I don’t like Starbucks as a company and
would want them to have the least amount of
business possible.” (Starbucks)

Panel B: Positive mechanisms (why feeling better)

Spillover Benefits Receiving concrete benefits from
friends’ use without using it yourself

“Uber is useful so if my friends used Uber I
could partake in their rides. But if none of us
used Uber it would be more difficult.” (Uber)

Positive Altruism Happy that friends can enjoy or
benefit from the product

“I think that Google Maps is a useful and re-
liable service, so it would be a net negative to
the world if it was no longer used.” (Google
Maps)

Self-Enhancement Feeling good about not using it
while friends do

“I think ChatGPT is a helpful tool and can
help a lot of people learn, however I do not
think I need it for my processes.” (ChatGPT)

Non-Social No social comparison; personal
preferences or off-topic

“I may feel better because naturally I don’t
like tattoos, so it doesn’t affect me if they have
them or not.” (Tattoos)

Notes: This table lists the ten categories of the coding scheme. Categories 1–4 (negative) correspond to
the four mechanisms reported in the main text (Table 2). Categories 5–6 (negative) and 3–4 (positive) are
residual categories excluded from the main analysis. Each response is assigned to a single category, based
on the primary mechanism expressed.
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gories. Coders received the same category definitions used in the LLM prompt (Figure A6)
and worked blind to the LLM labels and to each other.

Table A9 reports pairwise Cohen’s κ for all rater pairs. Mean human–human κ is 0.58;
mean LLM–human κ is 0.60 (∆κ = +0.02).

Appendix Table A9: Pairwise Cohen’s κ Across Raters

RA 1 RA 2 RA 3 LLM
(1) (2) (3) (4)

RA 1 — 0.58 0.53 0.57
RA 2 — 0.63 0.61
RA 3 — 0.61

Mean human–human κ 0.58
Mean LLM–human κ 0.60

Notes: This table reports pairwise
Cohen’s κ on N = 300 responses
classified into six negative-experience
mechanism categories.

We construct a ground-truth label via majority vote (at least two of three coders agree),
which exists for 93.3% of responses (N = 280). Against this benchmark, the LLM achieves
κ = 0.69. Table A10 reports per-category performance.

Appendix Table A10: LLM Performance Against Human Majority Vote, by Category

Category Precision Recall F1 κ
(1) (2) (3) (4)

Social Exclusion 87.0 73.4 79.7 0.74
Interoperability 56.9 100.0 72.5 0.67
Informational FOMO 76.5 83.9 80.0 0.77
Status Concerns 69.4 81.0 74.7 0.70
Negative Altruism 96.0 61.5 75.0 0.72
Non-Social 73.6 58.2 65.0 0.56

Notes: This table reports precision, recall, and F1 (all in
%) of the LLM against the majority-vote label from three
human coders (N = 280 responses with a majority). The
final column reports Cohen’s κ for each category against
the rest, which adjusts for the chance agreement that the
raw rates do not.

Table A11 compares aggregate category prevalence under LLM versus human majority-
vote labels. The largest discrepancy is Interoperability (+10.0 pp), offset mainly by Non-
Social (-5.0 pp). Social Exclusion, Informational FOMO, and Status Concerns differ by
1–4 pp.
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Appendix Table A11: Category Distribution: LLM vs. Human Majority Vote

Category Majority (%) LLM (%) Difference (pp)
(1) (2) (3)

Social Exclusion 22.9 19.3 −3.6
Interoperability 13.2 23.2 10.0
Informational FOMO 11.1 12.1 1.1
Status Concerns 15.0 17.5 2.5
Negative Altruism 13.9 8.9 −5.0
Non-Social 23.9 18.9 −5.0

Notes: This table compares aggregate category prevalence under LLM
labels versus the majority-vote label from three human coders (N =
280 responses with a majority). Difference in percentage points (LLM
− Majority).

Table A12 reports the full confusion matrix, which shows which categories are sub-
stituted for which. Non-Social has the lowest per-category agreement (κ = 0.56, against
0.77–0.74 for the social mechanisms).

Status Concerns and Social Exclusion are exchanged in 1 of 73 disagreements (1.4%).
The same pair accounts for 6.7% of the coders’ own pairwise disagreements.

Appendix Table A12: Confusion Matrix: LLM vs. Human Majority Vote

LLM label

Human majority Excl. Interop. FOMO Status Altru. Non-Soc. Total
(1) (2) (3) (4) (5) (6) (7)

Social Exclusion 47 12 5 0 0 0 64
Interoperability 0 37 0 0 0 0 37
Informational FOMO 3 2 26 0 0 0 31
Status Concerns 1 3 1 34 0 3 42
Negative Altruism 2 0 0 2 24 11 39
Non-Social 1 11 2 13 1 39 67

Total 54 65 34 49 25 53 280

Notes: Rows are the human majority-vote label, columns the LLM label, so a row reports
what the LLM assigned to responses humans placed in that category. Diagonal entries
(agreement) in bold. N = 280 responses for which at least two of three coders agree.

B.3 Product Mechanism Grouping

Ward Hierarchical Clustering. The main text groups products by mechanism profile
(Figure 2) using Ward hierarchical clustering on z-score normalized prevalence vectors (28
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products × 4 core mechanisms, k = 5). Four clusters have coherent mechanism profiles,
each dominated by one or two mechanisms, and are displayed in the figure. The remaining
13 products do not have a dominant mechanism and are omitted from the figure; Figure A1
shows their individual profiles.

Cluster count selection. We select k = 5 on interpretability grounds, balancing within-
cluster coherence against the number of distinct mechanism profiles to display. Silhouette
scores are stable across k ∈ {3, . . . , 7}, ranging from 0.26 to 0.33.

Visualization. Figure A9 projects products into the first two principal components of
the mechanism prevalence matrix (≈ 65% of variance), with cluster assignments overlaid.

Adoption response by cluster. Figure A8 reports the mean non-user adoption re-
sponse within each of the four coherent clusters, together with the individual products
behind each mean. Products rather than respondents are the unit of variation for a claim
about clusters, so the intervals are correspondingly wide.

Appendix Figure A8: Non-User Adoption Response by Mechanism Cluster

Notes: Diamonds are cluster means of the product-level non-user adoption response—the difference, among non-
users, between mean responses in the higher-peer-adoption (+20pp) and lower-peer-adoption (−20pp) scenarios, on a
7-point scale. Hollow circles are the individual products in each cluster, jittered vertically for legibility. Clusters are
those of Figure 2; the 13 products without a dominant mechanism are excluded. Bars are 95% confidence intervals.
Products are the unit of variation for a cluster mean, so the standard error is computed from the dispersion of product
estimates within the cluster, on n− 1 degrees of freedom; the single-product cluster falls back to that product’s own
sampling error.

Model robustness. Reclustering with GPT-5.2 classifications instead of Sonnet 4.5 as-
signs 17 of 28 products (60.7%) to the same cluster (adjusted Rand index = 0.20). All four
mechanism-specific clusters are identifiable under both models.
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Appendix Figure A9: PCA Biplot: Products in Mechanism Space

Notes: This figure projects products into the first two principal components of the product × mechanism prevalence
matrix (4 core mechanisms, 28 products). Points are colored by Ward cluster assignment (k = 5); arrows show
mechanism loadings on PC1 and PC2.
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B.4 Adoption Response by User Status

Section 3.5 constructs the non-user adoption response from the non-user arm of the adop-
tion vignette. Here we report the user-arm analogue, where respondents rate the same
peer-adoption shift’s effect on their likelihood of continuing to use the product, and com-
pare it to the non-user side.

Figure A10 reports mean responses by treatment cell and Table A13 the pooled regres-
sion. The cross-product relationship documented in Section 3.5 for non-users has no user
counterpart.23

Appendix Figure A10: Adoption Response by User Status and Direction of Peer
Adoption Change
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Notes: This figure displays mean stated adoption response on a 7-point scale from −3 (much less likely)
to +3 (much more likely) across the four treatment cells of the adoption vignette’s 2 × 2 design: user
versus non-user status, crossed with a ±20 percentage point shift in peer adoption. Error bars show 95%
confidence intervals. Sample: 2,376 product evaluations from 594 respondents.

23The contrast is imperfect: “adoption” captures different margins for users (continuing use) and non-
users (starting use), so the two are not directly comparable in levels.
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Appendix Table A13: Adoption Response Regressions

(1) (2) (3)

Non-User −0.19∗∗ −0.19∗∗ −0.19∗∗

(0.07) (0.08) (0.08)
Increase (+20pp) 0.98∗∗∗ 0.97∗∗∗ 0.97∗∗∗

(0.07) (0.08) (0.08)
Non-User × Increase 0.32∗∗∗ 0.35∗∗∗ 0.35∗∗∗

(0.11) (0.11) (0.11)

Product FE ✓ ✓
Position FE ✓
R2 0.18 0.24 0.25
Observations 2,376 2,376 2,376

Notes: This table reports OLS estimates of adoption re-
sponse on a 7-point scale from −3 (much less likely to
adopt) to +3 (much more likely). The treatment is a
±20 percentage point shift in peer adoption. “Non-User”
indicates the respondent does not currently use the prod-
uct. “Increase” indicates peer adoption increased (ver-
sus decreased). The coefficient on Non-User × Increase
captures the differential adoption response of non-users
relative to users when peer adoption rises. Column 1 is
the baseline specification. Column 2 adds product fixed
effects. Column 3 adds product and position fixed ef-
fects. Standard errors clustered at the respondent level in
parentheses. Sample: 2,376 product evaluations from 594
respondents across 28 products. ∗p < 0.10, ∗∗p < 0.05,
∗∗∗p < 0.01.
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C Experimental Instructions and Survey Interface

C.1 Survey Screens

The following images reproduce the survey instrument as presented to respondents (Ta-
ble B1). Products appeared in randomized order. This appendix shows weather apps,
Venmo, luxury fashion, and TikTok as a randomly drawn example sequence. Conditional
screens are annotated where applicable to explain the survey flow.
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Appendix Table B1: Survey screens
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)

Product Loop: Weather Apps
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)

If incorrect:
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)

Product Loop: Venmo
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)

Product Loop: Luxury Fashion
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)

Product Loop: TikTok

44



Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)

Demographics
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Appendix Table B1: Survey screens (continued)
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Appendix Table B1: Survey screens (continued)

C.2 Adoption Survey Screens

The following screenshots reproduce the full adoption-survey instrument as presented to
respondents (Table B2). Products appeared in randomized order. This appendix shows
Spotify, Discord, Yogurt, and Payment Apps as an example sequence (loops 1–4), illus-
trating the loop-specific screens: the hypothetical reminder embedded in the loop-1 adopt
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screen, the attention check on loop 3, and the open-text follow-up on loop 4. The ex-
ample respondent shown was assigned to the user and increase arms of the peer-adoption
treatment.

Appendix Table B2: Adoption survey screens
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Appendix Table B2: Adoption survey screens (continued)
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Appendix Table B2: Adoption survey screens (continued)
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Appendix Table B2: Adoption survey screens (continued)

Loop 1 — Spotify (hypothetical reminder embedded in adopt screen)
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Appendix Table B2: Adoption survey screens (continued)
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Appendix Table B2: Adoption survey screens (continued)
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Appendix Table B2: Adoption survey screens (continued)

Loop 2 — Discord

58



Appendix Table B2: Adoption survey screens (continued)
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Appendix Table B2: Adoption survey screens (continued)

Loop 3 — Yogurt (attention check)
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Appendix Table B2: Adoption survey screens (continued)
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Appendix Table B2: Adoption survey screens (continued)
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Appendix Table B2: Adoption survey screens (continued)
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Appendix Table B2: Adoption survey screens (continued)

Loop 4 — Payment Apps (open-text follow-up)
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Appendix Table B2: Adoption survey screens (continued)
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Appendix Table B2: Adoption survey screens (continued)
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Appendix Table B2: Adoption survey screens (continued)
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Appendix Table B2: Adoption survey screens (continued)

Demographics

68



Appendix Table B2: Adoption survey screens (continued)
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Appendix Table B2: Adoption survey screens (continued)
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