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Abstract

Firms can increase the demand for their products and consolidate their market power
by increasing their users’ utility but also by strategically decreasing the utility of
competing products’ users. We study this mechanism in the smartphone market,
analyzing Apple’s strategy of differentiating messages sent to Androids with “green
bubbles.” In surveys with U.S. college students, we show that green bubbles are
widely stigmatized and that a majority of both iPhone and Android users would pre-
fer green bubbles to no longer exist. An incentivized deactivation experiment reveals
that iPhone users have a significant willingness to pay to prevent their messages from
appearing as green bubbles on other iPhones. Finally, we examine the market implica-
tions and document that removing green bubbles substantially increases respondents’
likelihood of choosing an Android over an iPhone.
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1 Introduction

The demand for a product may increase when the utility from consuming it rises

but also when the disutility from not consuming it increases. This possibility gives

companies strategic incentives to design product features that reduce non-user utility.

As a result, users end up paying more for the same product, while non-users must

settle for inferior alternatives without adequate price compensation. These tactics

raise welfare concerns, particularly when dominant firms use them to entrench their

market power.

One example of such strategies can be found in the U.S. smartphone market, where

Apple is the dominant player, particularly among young people. Recent discussions

have questioned whether certain iPhone features are intentionally designed not only

to enhance the user experience but also to degrade the experience for Android users.

This debate has received considerable attention in various news outlets and is, in fact,

central to the most recent Department of Justice (DOJ) case against Apple, above and

beyond recently resolved compatibility issues that marked iPhone-to-Android com-

munication.1 In particular, the lawsuit highlights how messages sent from iPhones

to Android devices appear as green bubbles on iPhones, in contrast to the blue bub-

bles that mark iPhone-to-iPhone communication—prominently distinguishing iPhone

users from non-users. Historically, this color distinction was associated with different

communication standards that led to compatibility issues. Although Apple resolved

most of these compatibility issues in the latest iOS update (iOS 18), the color dis-

tinction remains.

In this paper, we examine how a dominant company can increase its market power

by decreasing the utility of non-users, using the smartphone market as a case study.

To do so, we conduct incentivized experiments with U.S. college students to measure

the impact of green bubbles on the demand for iPhones and study how they impact

the welfare of users and non-users. We also shed light on social stigma as an important

mechanism through which green bubbles reduce non-user utility. Finally, we present

a series of case studies on product features that plausibly aim to decrease non-user

utility to increase market power across various markets.

Measuring welfare in this setting is challenging. As we argue with our model, the

1For popular press coverage on the DOJ case and the “green bubble culture,” see “Green bubble
shaming at play in DOJ suit against Apple” and “Why Apple’s iMessage Is Winning: Teens Dread
the Green Text Bubble.”
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difficulty arises because both increases in user utility and decreases in non-user utility

can generate the same market outcomes. Thus, the welfare effects from features such

as green bubbles cannot be identified from product choice data alone.

To provide direct evidence on negative non-user utility, we leverage a tailored sur-

vey of U.S. college students recruited on Prolific. The data shows that a large majority

of Android (79%) and iPhone (67%) users reported wanting access to a hypothetical

software change that would remove the green bubble differentiation, making all mes-

sages appear as blue bubbles on iPhones. The non-user utility plausibly arises from

social stigma associated with green bubbles: approximately 90% of our respondents

believe that green bubbles stigmatize Android users, commonly associating them with

lower social status and attractiveness. Indeed, in an open-ended question asking users

to compare Android and iPhone users, roughly 39% of iPhone users explicitly men-

tioned stigma and social status. Additionally, most respondents believe that removing

green bubbles enhances the perceived quality of Androids, while leaving perceptions

of iPhone quality largely unchanged. Taken together, this descriptive evidence is

inconsistent with green bubbles generating user utility for most users. Instead, it

suggests that this iPhone feature harms consumers by generating non-user disutility

through the reduction of Android users’ perceived social status.

Having established that green bubbles primarily impact consumers through non-

user utility, we next provide quantitative estimates on their willingness to pay to

avoid green bubbles through an incentivized deactivation experiment. In this ex-

periment, we hold the user experience of iPhone owners constant and vary whether

their messages appear as green (as opposed to blue) bubbles to themselves and other

iPhone users. If respondents are willing to forgo money, it must be because they ex-

perience lower utility when their messages appear as green rather than blue bubbles

to themselves and to others. We inform participants that the study involves tem-

porarily deactivating certain phone features and that one of two deactivation options

will be implemented. In Option 1, we ask how much money they would require to

adjust their phone settings so that their messages appear as green bubbles instead

of blue bubbles on other iPhones for a period of four weeks. We further clarify that

this change in their phone settings would not affect any other aspect of their phone

user experience.2 Option 2 involves either deactivating iMessage or deactivating the

2This deactivation option is not feasible in practice, so we implement Option 2 for all respondents.
As we discuss in more detail in Section 3.3, we adopt this design to isolate the effect of deactivating
blue bubbles, rather than the feasible iMessage deactivation involving a bundle of features. However,
this design requires respondents to believe the option is feasible. Reassuringly, respondents estimate

2



camera of their phone for a duration of four weeks.

This deactivation experiment reveals that U.S. college iPhone users, on average,

require a payment of $49 to have their messages appear as green instead of blue

bubbles on other iPhones for four weeks. In a control condition, designed to mea-

sure the privacy and hassle cost of participation, Option 1 simply involves uploading

screenshots and receiving a weekly text message as part of the study. In this control

condition, participants only require a payment of $17, significantly below the payment

required in the blue bubble deactivation experiment (p < 0.001). The median valua-

tion in the blue bubbles group of $25 is also significantly above the median valuation

in the control condition of $7.5 (p < 0.01). This exercise provides strong evidence

of an economically sizable utility loss arising from green rather than blue bubbles,

significantly above the hassle and privacy cost of participating in the study.

We benchmark this magnitude by comparing it to the median payment required

to deactivate other features.3 The median valuation of blue bubbles is $25, compared

to a valuation of $45 for iMessage and $95 for their phone camera. Thus, the median

valuation of blue bubbles corresponds to 56% and 26% of the median valuation of

iMessage and the phone camera, respectively. Our estimates show that respondents

put a high value on avoiding green bubbles relative to these benchmark features,

underscoring the economic significance of the welfare cost.

Next, we examine the market implications of non-user disutility through an in-

centivized experiment with U.S. college students that quantifies how green bubbles

influence the relative demand for iPhones over Androids. We measure respondents’

preferences for iPhones versus Androids under two contingent scenarios, which differ

only in whether iPhones retain the green bubbles feature or not. To fix beliefs, we

inform all participants that the DOJ lawsuit against Apple’s anti-competitive prac-

tices could result in the removal of green bubbles in the coming months. We then ask

respondents to choose between receiving an iPhone or an Android of similar quality in

a lottery that will be held if a certain future scenario occurs.4 Respondents are then

randomly assigned to either a “green bubble treatment” or a “blue bubble treatment.”

Respondents in the green bubble treatment make their choice for a scenario where

the likelihood of the blue bubble deactivation being implemented at approximately 50%, similar to
their beliefs regarding the other deactivation option.

3We focus on the median rather than the mean for benchmarking as the former is not affected
by differential top-coding across product features which would mechanically bias the benchmarking
of means.

4The Android choice also includes a monetary payment to equalize the market value of the two
options.
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Apple loses the DOJ lawsuit but green bubbles remain. In contrast, respondents in

the blue bubble treatment make their choice for a future scenario where Apple also

loses the DOJ lawsuit but where green bubbles are banned—and thus the color of all

messages becomes blue.

Consistent with our main hypothesis, the experiment shows that, in the contin-

gency when green bubbles are removed, respondents are 7.3 percentage points (p.p.)

more likely to choose the Android option over the iPhone option (p < 0.05). This is

a sizable effect size that corresponds to a 46% increase in the share of respondents

choosing the Android option, from a base of 15.8% when green bubbles remain. This

evidence suggests that green bubbles significantly increase the demand for iPhones

and contribute to its dominant market position in the U.S. among our demographic of

interest. In an additional experiment, we demonstrate the robustness of our finding

when measuring the effects of green bubbles on participants’ continuous willingness

to pay for an iPhone over an Android using a different treatment manipulation.

We conclude by presenting a series of case studies on product features that dimin-

ish non-user utility. We argue that this phenomenon is widespread across various in-

dustries and illustrate how companies can strategically strengthen their market power.

For example, streetwear brands such as Supreme and Nike use time-limited product

“drops” and frequent model updates (e.g., the Air Jordan series) to generate feelings

of obsolescence and exclusion among non-owners. Collectible toy makers like Pop

Mart fuel repeated purchases through blind-box packaging, where characters such

as Labubu are hidden until unboxed, creating scarcity-driven subcultures in which

ownership signals belonging. Luxury fashion houses such as Hermès magnify exclu-

sion through waiting lists for the Birkin bag. In technology markets, Apple’s “Get

a Mac” campaign directly targeted non-users, portraying PC users as outdated and

inferior. Across these cases, firms do not merely respond to pre-existing positional

preferences; they actively manufacture non-user disutility to entrench dominance.

Recognizing the endogenous creation of such disutility highlights how competition in

markets for positional goods diverges from standard models, with implications for

welfare and regulation. One noteworthy feature of social non-user disutility is that

companies enable social equilibria that are difficult to regulate.

Our work tackles an important methodological challenge: When there is no out-

side option without the product (e.g. as in the smartphone market where virtually

everyone owns a smartphone), it is not possible to distinguish—based on choice and

price data alone—cases when user utility increases from cases in which non-user util-
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ity falls. This lack of identification arises because both cases, which carry opposite

welfare implications, can result in the same market equilibria, thereby complicating

any welfare analysis. Our paper highlights how rich survey and experimental data

can overcome this identification problem.

Our analysis relates to a large literature on positional externalities (Frank, 2005,

2000; Luttmer, 2005; Perez-Truglia, 2020; Clark and Oswald, 1996) and the consump-

tion of status goods (Pesendorfer, 1995; Frank, 1985a,b; Heffetz and Frank, 2011;

Bagwell and Bernheim, 1996; Veblen, 1899; Bailey et al., 2022). Previous empirical

work has documented a large demand for status goods (Bursztyn et al., 2018), and a

higher willingness to pay for more exclusive products (Imas and Madarász, 2022). We

contribute to this literature by studying how a dominant firm in the smartphone mar-

ket leverages social concerns to increase profits and sustain market power. Moreover,

our mechanism evidence shows that the social stigma associated with being an An-

droid user is an important motive behind consumers’ willingness to pay for iPhones.

Our case study evidence further reveals that companies strategically exploit social

concerns by introducing product features that decrease non-user utility and enable

inefficient social equilibria.

We also contribute to a classic literature on industrial organization that shows

that companies have strategic incentives to raise rivals’ costs (Salop and Scheffman,

1983), reduce their own quality (Deneckere and Preston McAfee, 1996), reduce com-

patibility (Katz and Shapiro, 1985; Farrell and Saloner, 1985), and exploit behavioral

biases (Heidhues and Kőszegi, 2018).5 We contribute by documenting how a fea-

ture that initially arose as a technological incompatibility eventually solidified into

social stigma, increasing demand among a segment of the market. While much of

the literature has focused on anti-competitive firm strategies that operate on the

supply-side (like raising rivals’ costs), we focus on a demand-side mechanism. Unlike

practices such as tying, which can be more easily regulated, stigma embeds itself in

social norms and popular culture, making it potentially harder to counteract with

traditional policy instruments: the stigma can persist even if the compatibility dif-

ferences between products are removed (like in the case of iPhones). These effects

might be further magnified if non-user disutility makes consumers become inattentive

to quality improvements (Allcott et al., 2024), further increasing switching costs.

5We also relate to a literature on advance sales (Courty and Hao, 2000; Nocke et al., 2011).
Advance sales operate by reducing the utility of consumers who delay purchase, either through
higher future prices or reduced availability. By contrast, our setting reduces the utility of non-users
through social stigma, even when intertemporal scarcity is absent.
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Relatedly, recent theoretical and empirical work on product market traps examines

how naturally arising network effects can lock in users because of externalities to

non-users (Bursztyn et al., 2025a; Hagiu and Wright, 2025). Unlike the non-strategic

network effects emphasized in this literature, our setting focuses on the strategic

creation of non-user utility. As such, our work sheds light on the supply-side of non-

user utility and connects to work on negative advertising (Bostanci et al., 2023) and

negative or fear-inducing political campaigning (Lau et al., 2007; Campante et al.,

2024).

Our paper proceeds as follows. Section 2 provides a model for interpreting how

the strategic creation of non-user utility affects competition and consumer welfare.

Section 3 provides evidence on the welfare effects of green bubbles. Section 4 studies

the implications of non-user utility on product demand. Section 5 provides a series of

case studies highlighting company strategies that create non-user disutility. Finally,

Section 6 concludes.

2 Model

Two firms, A and B, sell an indivisible product—such as a smartphone—at prices

pA and pB, respectively. They both have an equal and constant marginal cost c > 0.

A continuum of heterogeneous users, with a total mass of one, decide which firm

to purchase from.6 Users have utility that is quasilinear in income. Their utility

from consuming product A is ui
A and that of consuming B is ui

B. These utilities are

distributed according to a smooth distribution with full support.

We assume that one firm can adjust its product design to create non-user disutility.

For example, Apple chooses to distinguish text messages that are sent from iPhones

to Android phones (which appear as green bubbles) from those sent to other iPhones

(which appear as blue bubbles). This distinction, as we show empirically, generates a

disutility on Android users in the form of social stigma. Concretely, we assume that

firm A’s product design generates a disutility g on consumers of B.7 For simplicity,

we assume that only one firm can create non-user disutility and take it as exogenous,

but we microfound both of these features on Appendix A.2. In our microfoundation,

6To match our empirical application, we assume that consumers must choose one of two products,
with no outside option. Note that over 99% of US undergraduates own a smartphone (see Denoyelles
et al. 2021). In this market, Apple and Android have a market share above 99%.

7In practice, what matters is users’ expectations about g, rather than the actual costs, since
users select firm A specifically to avoid incurring the cost and therefore never actually experience it.
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both user and non-user utility arise due to social image concerns associated with

buying the product. Intuitively, when consumers care about the type of users buying

the product, one of the firms has a “better” composition of users and benefits from

inducing stigma. The firm with a “worse” composition of users will not deepen the

stigma, since it would decrease its own demand.

After firm A’s product design choice g, both firms compete in prices. Consumers

solve the following problem given prices and non-user disutility:

max
{
ui
A − pA, u

i
B − g − pB

}
.

Let Q(pA − pB − g) denote the aggregate demand for product A and note that

1−Q is the demand for B. We now impose a standard assumption on these demands

which ensures a unique Bertrand-Nash equilibrium in the subgame that follows firm

A’s product design decision.

Assumption 1. The density f of the difference in utilities, ui
A − ui

B, is log-concave.

Lemma 1. Under Assumption 1, there exists a unique Bertrand-Nash equilibrium.

Consider now firm A’s product design decision. Suppose that it can marginally

and costlessly decrease non-user utility, by increasing g. For example, Apple can

rewrite a few lines of code to change the color of messages sent to Androids from blue

to green. The next proposition summarizes how this decision changes the market

equilibrium.

Proposition 1. When firm A marginally and costlessly decreases non-user utility, its

markup, market share, and profits increase. The markup, market share, and profits

of firm B decrease.

The reduction in non-user utility gives firm A a strategic advantage by increasing

the demand for its product and decreasing its competitor’s demand. These changes

create upward pressure in the price of A and downward pressure in the price of B,

but these price changes are not enough to offset the initial demand changes.

One thing to note is that the equilibrium prices and quantities would have been

identical if we had assumed that firm A could increase user utility instead of decreas-

ing non-user utility. That is, when consumers solve: max {ui
A + g − pA, u

i
B − pB},

demands remain unchanged. In this model, the source of the increase in g does

not alter the market equilibrium. However, it will matter for welfare, as the next

proposition shows.
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Proposition 2. In equilibrium, consumer welfare decreases when firm A creates non-

user disutility and increases when it creates user utility.

The cases in which firm A creates user utility or non-user disutility are obser-

vationally equivalent in terms of their impact on prices and quantities (and thus on

profits, market power, and concentration), but carry opposite welfare implications. In

the former case, welfare increases because the firm only extracts part of the consumer

surplus it creates among its consumers, without harming non-users—in fact it even

benefits non-users by generating downward price pressure on its competitor. In this

case, the firm becomes more dominant because it adds more value to its users. In

the latter case, the firm increases its market power at the expense of both users and

non-users: users pay more for the same product and non-users experience a worse

product without enough price compensation.

The empirical implication of Propositions 1 and 2 is that standard choice data

of prices and quantities is not sufficient to understand the welfare implications of

product characteristics such as green bubbles that may generate user utility or non-

user disutility. This identification challenge arises in settings where no outside option

exists without the product. Intuitively, when an outside option is available, the

welfare effects of product characteristics (such as green bubbles) are only identified

by observing how demand for that outside option responds. Specifically, demand for

the outside option increases if the feature creates non-user disutility, and decreases if

it provides user utility. In what follows, our experiments will help show that green

bubbles can indeed increase the demand for Apple while simultaneously worsening

non-user utility without large impacts to user utility.

3 The Welfare Effects of Green Bubbles

3.1 Setting

In this section, we discuss the U.S. smartphone market and the compatibility issues

between iPhones and Androids, including the green bubbles that appear on iPhones

when messaging an Android device. Appendix B provides additional details on the

smartphone market.

The U.S. smartphone market The U.S. smartphone market is valued at $61
billion, as of 2024 (Market Research Future, 2024). Apple’s U.S. smartphone market
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share is high: the company holds an overall market share of 56% (StatCounter, 2024),

68% among 18 to 29 year olds (?) and a striking 87% among teenagers (Axios, 2021).

Android sales are mostly comprised of the established leader Samsung (StatCounter,

2024) and increasingly popular Google devices (Schoon, 2024).

Compatibility issues In 2011, Apple introduced iMessage, a proprietary messag-

ing platform that facilitated communication between Apple devices. Messages sent

between these devices appear as blue bubbles. iPhones with cellular plans also have

access to text messages via short message service (SMS) and multimedia messaging

service (MMS), which appear as green bubbles on iPhones, as displayed in Figure 1.

Notably, while SMS/MMS messages between iPhones also appear as green bubbles,

iMessage is the default system for iPhone to iPhone communication.8 Thus, green

bubbles commonly indicate, and indeed strongly signal, communication with an An-

droid user. There are several other prominent compatibility differences when com-

paring iMessage to SMS/MMS on iPhones. For example, typing indicators and read

receipts are not available when using SMS/MMS on iPhones. These compatibility

issues might plausibly contribute to the perception that green bubbles are associated

with low quality devices and hence, could signal a low socioeconomic status of the

user.

Apple’s newest operating system for iPhones, iOS 18, was released on September

16, 2024. As part of the update, Apple introduced support for rich communication

services (RCS), a new text messaging protocol to replace SMS/MMS. RCS fixed

many existing compatibility issues between iPhones and Androids, including enabling

typing indicators, read receipts, and the ability to send high-quality photos and videos

(Apple Inc., 2024).9 However, the green text message bubble color, a pronounced

visual contrast to iMessage, remains with this update.

Antitrust cases against Apple Apple has faced increasing regulatory scrutiny

over its anti-competitive practices. In March 2024, the DOJ, along with 16 state

attorneys general, filed an antitrust lawsuit against Apple that accuses the company

of violating Section 2 of the Sherman Act (U.S. Department of Justice, 2024). The

lawsuit addresses various aspects of the iPhone ecosystem and explicitly argues that

8Prior to iMessage in 2011, all messages between smartphones were sent via SMS/MMS and
appeared as green.

9It is possible that Apple adopted RCS as an anticipated response to the rising pressures from
the DOJ lawsuit and European Digital Markets Act (U.S. News & World Report, 2024).
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Figure 1: Blue versus Green Bubbles on iPhones

(a) Blue Bubbles on iMessage (b) Green Bubbles on SMS/MMS

Notes: Figure 1 Panel (a) displays an interaction between two iPhones via iMessage, where messages always show up
as blue bubbles. In contrast, Panel (b) shows an interaction via SMS, where messages are displayed as green bubbles
on iPhones. While SMS messaging can take place between iPhones, it is not the default. Therefore, it is primarily
associated with texting between an iPhone and an Android device. The pictures are from Apple Support (2024).

Apple deliberately degrades cross-device messaging features to increase profits and

market share. In particular, the lawsuit highlights the role of green bubbles in creating

a social stigma against Android users by introducing a visually salient indicator of

smartphone ownership.

The lawsuit also presents direct evidence that Apple is aware that iMessage and

its blue bubbles make it more difficult for users to switch smartphones, thereby re-

inforcing its market power. For example, in 2013, Apple’s Senior Vice President of

Software Engineering explained that enabling cross-platform messaging on iMessage

“would simply serve to remove [an] obstacle to iPhone families giving their kids An-

droid phones” (U.S. Department of Justice, 2024). In March 2016, Apple’s Senior

Vice President of Worldwide Marketing forwarded an email to CEO Tim Cook mak-

ing a similar point: “moving iMessage to Android will hurt us more than help us”

(U.S. Department of Justice, 2024). A more detailed discussion of the DOJ lawsuit

and other regulatory action against Apple is in Appendix C.
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Green bubbles as a strategic choice When Apple introduced blue bubbles in

2011, their primary purpose was likely technological, signaling to users that their mes-

sages were sent via iMessage rather than SMS. Over time, however, green bubbles may

have endogenously evolved into a signal associated with lower socioeconomic status.

Apple’s continued distinction between green and blue bubbles now appears to be a

deliberate strategy aimed at reinforcing its market dominance while reducing the ap-

peal and utility of non-iPhone devices. Direct evidence supports this interpretation:

In a 2022 interview, Apple CEO Tim Cook dismissed concerns regarding the green

bubble issue. When asked about improving cross-platform messaging, he responded,

“Buy your mom an iPhone.” Furthermore, even with the release of iOS 18, Apple

has notably refrained from promoting enhancements to cross-platform messaging, de-

spite persistent user dissatisfaction. In contrast, Android manufacturers and carriers

actively promote the new RCS support on iPhones, emphasizing the improvements

while exposing Apple’s deliberate strategy of sustaining incompatibility.

3.2 Survey Evidence

To provide evidence on the welfare effects of green bubbles among both Android

devices and iPhones, we collect rich survey data.10

3.2.1 Sample

Student sample We recruited 476 students from the U.S. aged between 18 and

22 through Prolific in early September 2024, prior to the release of iOS 18. We

allowed for a natural distribution of phone types, resulting in 16% Android users and

84% iPhone users, closely reflecting the observed market shares for this demographic.

We focus on college students for several key reasons. First, this younger segment

of the market is particularly important given the potential lock-in effects, as early

brand preferences can influence long-term consumer loyalty. This demographic is also

plausibly more sensitive to social image concerns and dating market considerations,

where green bubbles may play a significant role. As a result and as seen in popular

culture, the green bubble stigma is primarily associated with teenagers and young

adults, making them the most relevant demographic for welfare considerations from

a policy perspective.

10For reference, Appendix D provides details of all data collection activities discussed in this
paper.
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Pre-registration The pre-registration for the data collection can be found on As-

Predicted #188972 and includes the experimental design, hypotheses, primary and

secondary outcomes, sample size, and exclusion criteria.11

Sample characteristics Our final sample size consists of 476 participants.12 Our

final sample is 53% female, with an average age of 20.4 years. Summary statistics for

our sample can be found in Appendix Table A3.

3.2.2 Design

In this survey, we measure consumers’ stereotypes about Android users, preferences

for green versus blue bubbles, and collect rich data about their general perceptions.

After asking our respondents a series of open-ended questions, we inform participants

about the recent DOJ lawsuit against Apple related to its alleged anti-competitive

practices in order to increase respondent motivation to engage with the survey ques-

tions. We inform them that Apple could be forced to eliminate green bubbles and

that the survey aims to gather information about the representative opinion of every-

day users with no vested interest in the outcome of the case. We tell respondents that

we are creating a report that will feature the average statistics from the responses to

this survey and that we plan to widely circulate the findings on social media and in

academic conferences. More than half of the respondents self-report to have put in

more effort as a result of the public report covering their responses, while virtually no

respondents indicate exerting lower effort. We provide additional discussion in Ap-

pendix E.2. In addition, Section J.1 of our Online Appendix contains the instructions

and questions for this survey.

3.2.3 Results

In this section, we present our main pre-registered results.

Smartphone stereotypes and the green bubble stigma We start by provid-

ing evidence on the stereotypes associated with Android users. To do so, we ask

participants an unprompted open-ended question at the very start of the survey. In

particular, we ask: “When you think of someone who owns an Android instead of

an iPhone, what comes to mind?” To analyze the unstructured text data, we devise

11For details, see https://aspredicted.org/r27m-69c8.pdf.
12As per the pre-registration, we exclude participants based on one incentivized attention check.
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a simple coding scheme with seven non-mutually exclusive categories. Stigma and

Social Status responses mention social judgment, peer pressure, or negative status

perceptions (e.g. “I think they are someone more average. They are not as wealthy.

They also have fewer friends” or “When i think of someone who owns an Android

instead of an iPhone think there is a clear difference in social class.”). Personality

responses mention specific personality characteristics (e.g. “I think they’re someone

who is outside the norm in a way. They also may be more technically savvy” or

“I think they are someone who doesn’t care about the opinions of other people”.).

Green bubble responses explicitly mention green bubbles (e.g. “I think of the green

text bubbles and limited communication as I cannot send pdf to an android user.

The two makes are not that compatible”). Demographic responses mention specific

demographic characteristics that are associated with iPhone or Android users, such as

age (e.g. “I would think a person with an android would be a middle aged or older.”).

Financial and Practical responses mention cost, affordability, or practical reasons for

using Android (e.g. “I think it’s more cost efficient and the newer models have a lot

of cool features that iPhones don’t have”). Technical responses mention technical

differences in quality or features between Androids and iPhones (e.g. “I think they

probably have a lower camera quality”). Neutral or Indifferent responses show indif-

ference to the distinction between Android and iPhone users (“Nothing really, I don’t

think anything different of them” or “They prefer the Android brand”). We catego-

rize responses by hand-coding the responses from two independent research assistants

who reconcile any differentially coded responses. We also validate the coding scheme

with the OpenAI API and find similar conclusions.

Figure 2 displays the distribution of the responses across the seven categories from

our hand-coding procedure. The largest fraction of responses (34.5%) mention stigma

and perceptions of social status, primarily related to the perceived lower social status

of Android users and the negative connotations of not owning an iPhone. Similarly,

24.2% of responses relate to demographic differences, often implicitly alluding to

social concerns. For example, many demographic responses emphasize the older age

of Android users, which may be seen as an undesirable trait to signal among our young

adult sample. A substantial fraction of responses (25.8%) cite financial or practical

reasons, associating Android devices with being cheaper or suggesting that people

who prefer customization choose Androids. Technical reasons such as differences

in camera quality or compatibility issues, which worsen the user experience when

interacting with Android devices are cited by 23.9% of respondents.

13



Personality-related perceptions are mentioned by 23.1% of respondents, suggesting

that some view Android users as having specific personality traits, such as being tech-

savvy. A smaller but notable fraction (13.9%) of responses are classified as neutral.

Finally, 10.3% of respondents explicitly mention green bubbles in this open-ended

question.13 Notably, among respondents who mentioned green bubbles, 28.6% also

raised concerns about stigma and social status, underscoring their significant role in

shaping associations about Android users. Furthermore, as shown in Figure A12 of

our Online Appendix, stigmatizing references to Android users come predominantly

from iPhone users, whereas Android users focus on personality traits. Overall, we

interpret these responses as compelling evidence that the salience of owning an An-

droid promotes the formation of associations, often leading to unfavorable stereotypes

about Android users held by iPhone users.

Figure 2: Android User Stereotypes

Notes: Figure 2 presents the results from our open-ended classification scheme for the question “When you think
of someone who owns an Android instead of an iPhone, what comes to mind?”. Two research assistants reviewed
and hand-coded responses into one of seven (non-mutually exclusive) categories independently, with a high degree of
correlation, and then reconciled any differences. We reach similar conclusions when we classify responses using the
OpenAI API.

13Moreover, over 97% of respondents were aware of the green bubble messaging feature prior to
starting our survey, highlighting the widespread recognition among our demographic.
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While this open-ended evidence highlights the significance of social concerns, the

unstructured nature of the data complicates quantitative interpretation (Haaland et

al., 2025). Therefore, we complement these measures with evidence from structured

questions, as seen in Appendix E.3. We find that an overwhelming majority (90%)

of respondents believe there is a social stigma against Android users, whose text

messages appear as green bubbles on iPhones, and that Android users are perceived

to earn 10.5% less income than iPhone users in the U.S. We also find that 91% of

iPhone users, as well as the majority of Android users (57%), perceive iPhone users

as more attractive than Android users. Collectively, this data points to a series of

social mechanisms that drive non-user utility.

Preferences over green bubbles As a next step, we examine whether respon-

dents would prefer a software change that replaces green bubbles with blue bubbles

for all users, even after iOS 18 has resolved many of the previously longstanding

compatibility issues. Remarkably, as shown in Figure 3, Panel (a), we find that a

large majority of Android users (79%) would prefer such a software change. This

holds true even among iPhone users, where a majority (67%) would prefer such a

software change. We explicitly state that this software change would only affect the

color of the bubbles and inform respondents about the compatibility improvements

already implemented by iOS 18 before they make their decision. We elicit respon-

dents’ explanations for their preferences and display our open-ended classification in

Figure A13 of our Online Appendix. We find that social stigma is the overwhelm-

ing reason Android users prefer blue bubbles. For iPhone users, while a substantial

portion also have concerns about the social stigma, many also perceive the removal

of green bubbles to itself increase the quality of the iPhone through improving the

user interface and experience. Further, as shown in Section 4, they may now prefer

switching to an Android device, or value having the option to switch in the future.

Taken together, this is direct evidence on substantial non-user disutility created by

green bubbles. The next section provides some more direct evidence on the question

of whether some users and non-users value green bubbles.
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Figure 3: Mechanism Evidence on Non-User Utility from Green Bubbles

(a) Fraction of Respondents that Prefer
a Software Giving Blue Bubbles For

Everyone

(b) The Effect of Compatibility Issues
or Green Bubbles on Perceived Quality

Notes: Figure 3 Panel (a) presents the results by phone ownership for the fraction of people that prefer a software
update making all messages appear as blue bubbles to everyone. Panel (b) presents the results for how removing
compatibility issues or green bubbles affects the perceived quality of Androids and iPhones. We plot the percentage
of people that think there is a strict quality improvement (4 or 5 on a 1-5 Likert scale). We only include respondents
that pass all attention checks and bot detection protocols as per our pre-registration. We report 95% confidence
intervals in both panels.

Perceived quality From the perspective of our model, the strong preference for the

blue bubble update could arise from either an increase in user utility or a reduction

in non-user utility. To disentangle these effects, we measure the perceived impact of

removing compatibility issues or green bubbles on the quality of both Androids and

iPhones, using perceived quality as a proxy for user utility. As shown in Figure 3,

Panel (b), adding read receipts and typing indicators to text messaging on iPhones

would strictly improve the perceived quality of Androids for approximately two-thirds

of respondents and the perceived quality of iPhones for about half of respondents.

Additionally, removing green bubbles would significantly enhance the perceived qual-

ity of Androids for a sizable portion of participants. However, as detailed in Appendix

E.3, we find that the perceived quality of iPhones remains unchanged for over 60%

of respondents when green bubbles are removed. Furthermore, Figure 3, Panel (b),

shows that iPhone user utility is lower for 30% of respondents in the presence of green

bubbles. At the same time, 10% of respondents rated the perceived quality of iPhones

as higher with green bubbles.

For these 10% of respondents, two potential mechanisms could explain this pref-
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erence: first, some individuals may value knowing whether they are communicating

with an Android or an iPhone. Second, the status benefits associated with blue bub-

bles may enhance perceived quality. Our evidence from Figure 3, Panel (a), which

shows that a majority of both users and non-users prefer the removal of green bub-

bles, suggests that decreases in user utility are not the dominant effect compared to

increases in non-user utility resulting from the software change. Furthermore, our

open-ended responses do not indicate that either of these two mechanisms is a pri-

mary driving force. As shown in Panel (b) of Figure A11 in our Online Appendix,

only 10% of respondents mention signal detection and few mention status benefits as

reasons for preferring not to have the software update.

We interpret these findings as evidence that green bubbles do not primarily drive

demand for iPhones by increasing user utility but rather by reducing non-user utility.

Moreover, this supports the idea that Apple’s product feature decisions can directly

influence the absolute perceived quality of the outside option—Androids. We present

quantified estimates of the welfare effects in Section 3.3, which reinforce the important

role of green bubbles in changing non-user utility.14

To gauge the extent to which our sample perceives green bubbles as a marker of

Androids having lower phone quality, we ask our respondents why they think mes-

sages sent from Androids appear as green bubbles on iPhones.15 Consistent with the

evidence from the structured question, we find that some participants view the green

bubbles as an indicator of the lower quality of Android devices. At the same time,

we find that a large fraction (39%) of respondents think that Apple strategically cre-

ated green bubbles to create social pressure by alienating Android users and increase

exclusivity and brand loyalty to maximize its profits.

3.3 Deactivation study

While the previous evidence suggests that there are substantial consumer welfare

costs from green bubbles, it does not involve monetary stakes and does not capture

preference intensities. In this section, we provide incentivized evidence on the quan-

14Our findings on typing indicators and read receipts, which were addressed in iOS 18, sug-
gest that these technical compatibility issues may also contribute to a decrease in non-user utility.
Specifically, they indicate that Apple faced a trade-off between reducing user utility for iPhone users
and decreasing non-user utility for Android users. Adding read receipts and typing indicators for
Android-iPhone messaging on iPhones strictly improves the perceived quality of both devices for
the majority of respondents (67% and 56% respectively).

15We ask this question before presenting information on the DOJ lawsuit.
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titative difference in utility experienced by iPhone users due to having green bubbles

instead of blue ones.

3.3.1 Sample

Student Sample We recruited a sample of college students aged 18 to 25 through

College Pulse, a company specializing in recruiting U.S. college students for online

surveys.16 Since our design only applies to users with iMessage on their phones, we

exclusively targeted iPhone users. Our data collection was conducted in October

2024, following the release of iOS 18 in mid-September.

Pre-registration Our data collection was pre-registered on AsPredicted (#195544)

and includes the experimental design, hypotheses, primary and secondary outcomes,

sample size, and exclusion criteria.17

Sample characteristics Among respondents who began the survey, 83% agreed to

participate in our four-week deactivation study, which requires providing their phone

number and screenshots of their phone settings. As a result, we were unable to collect

incentivized data from those who did not consent to participate, and we acknowledge

that our sample consists of a selected group of respondents.18 Selection likely results

in underestimating welfare losses, as those experiencing the highest social costs of

deactivation may be less inclined to participate in the experiment. However, we may

also underestimate the privacy and hassle cost of participation for the same reason.19

Given this, we can only speak to the average welfare loss among those who consent,

which still represents the vast majority of our sample. Our initial sample size is

402 participants. After adjusting our sample to align with our pre-registration and

accounting for respondents potentially affected by a coding error, our final sample

comprises 357 participants.20 Our sample is 57% female, with an average age of 20.4

16In this experiment, we recruited respondents through College Pulse as our design requires the
ability to access personally identifiable information (phone numbers) from all respondents.

17For details, see https://aspredicted.org/xxyp-s8qx.pdf.
18We interpret 83% selecting into participation as a relatively high number, given that the deac-

tivation runs for a significant period of time and requires PII. In addition, it is comparable to other
participation rates in related literature, such as 57% in Bursztyn et al. (2025a) and 43% in Allcott
et al. (2020).

19Even if we assume that the 17% of respondents who opted out are indifferent between blue and
green bubbles, our findings still suggest a substantial disutility associated with green bubbles.

20Some respondents who regretted their initial valuation experienced a minor coding error that
caused the MPL to skip certain increments during their second attempt (e.g., an ascending MPL
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years. Demographic summary statistics on our sample can be found in Appendix

Table A4.

3.3.2 Design

The experimental design is summarized below. A full description is provided in

Appendix Figure A5.

Background on deactivation study Before consenting to the experiment, par-

ticipants are informed that we will ask about the amount of money they would require

to participate in two different deactivation options. We elicit this amount of money

using a BDM procedure with a multiple price list with ascending offers.21 We provide

identical information to participants across the treatment arms before they consent,

in order to prevent differential selection across arms. Respondents are truthfully told

that only one of the two options will be implemented for 1 out of 10 responses.22

Respondents are randomly assigned to one of two different treatment groups: the

“blue bubble deactivation” group and “privacy and hassle cost” control group.

Blue bubble deactivation group In Option 1, respondents indicate the amount

of money they would require to agree to modify their phone’s settings and deactivate

blue message bubbles. Consequently, all the iMessages they send would appear as

green bubbles (instead of blue) on their own and recipients’ iPhones for four weeks.

We emphasized that everything else about their phone remains constant.23

omitting the $60 increment between $0 and $150). To be conservative, we exclude all respondents
(N = 42) who regretted their initial valuation for Choice 1 or 2 from our primary analysis. Addition-
ally, we remove 3 observations flagged as duplicates according to pre-registered criteria, identified
only after examining the data post-collection. In Appendix Figure A8, we demonstrate that our
results remain virtually unchanged when analyzing the full set of 402 participants.

21The offers range from zero to 150 in increments of 5 until 20, and then increments of 10 until
150.

22In practice, only Option 2 is technically feasible for all respondents, so we always implement
Option 2 for respondents chosen to participate in the deactivation study. We also debrief them
about this at the end of the study.

23It is possible that, even if we specified that everything else remains constant, some users could
still believe that they would also lose the option of distinguishing others’ phones. However, our
survey data (discussed in Section 3.2) suggest being able to distinguish others’ phones is not a
primary concern for our respondents. Specifically, we find that the majority of iPhone users actually
prefer removing green bubbles. Additionally, open-ended responses reveal that only 10% of all
respondents cite signal detection as a reason for opposing the software update. Moreover, even
with the change, participants can still differentiate between iPhone and Android users on their own
devices because messages to other iPhone users continue through iMessage, a service unavailable to
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In Option 2, respondents are assigned to one of two cross-randomized benchmark

goods. Respondents specify the amount of money they would need to disable either

iMessage or their phone camera for four weeks. To verify iMessage deactivation, we

require a screenshot of respondents’ phone settings and send them text messages at a

random time each week, while for camera deactivation, we request both a screenshot

of their settings and, randomly once a week, their weekly screen time. The difference

between the blue bubble deactivation and the iMessage deactivation is that, under the

blue bubble deactivation, participants retain iMessage functionality, but any messages

they send appear as green bubbles. Even after iOS 18, iMessage and RCS differ in

more ways than just bubble color (e.g., end-to-end encryption), thus, the blue bubble

deactivation is needed to isolate the welfare effects of green bubbles.

Privacy and hassle cost control To identify an individual’s utility cost of having

green rather than blue bubbles separately from their privacy and hassle costs of

participation, we include a control group. For this group, in Option 1, we instead

ask participants for their WTA to participate in a study which involves uploading a

screenshot of their phone settings and receiving a weekly text message at a random

time. Participants are informed that no changes will be made to their phone during

the study period.

Borderline deception Our design requires measuring a person’s WTA to deacti-

vate their blue bubbles. However, this option is technically infeasible. While we do

not outright deceive participants as we truthfully say we will only implement 1 out of

the 2 deactivation options, our design relies on people believing that the blue bubbles

deactivation is possible. We adopted this approach because we believed that it was

the only feasible way to elicit incentivized WTA to deactivate blue bubbles. In our

treatment group, we debrief participants about how Option 1 is infeasible at the end

of the survey.24

3.3.3 Results

As shown in Figure 4, iPhone users require an average of $49 to have their messages

appear as green rather than blue bubbles for four weeks. In the control, participants

Android users. Furthermore, exclusive features like FaceTime and location sharing remain limited
to iPhone users, maintaining this distinction.

24The 95% deactivation compliance rate provides suggestive evidence that people took our ex-
perimental instructions seriously.
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only require an average payment of $17, which is approximately $32 below the av-

erage payment required in the treatment group (p < 0.001). The median valuation

in the green bubbles group of $25 is also significantly above the median valuation in

the control condition of $7.5 (p < 0.01). Because participants’ experience remains

unchanged except for their messages appearing as green bubbles, this compensating

differential—above hassle costs—suggests that they are willing to pay to avoid incur-

ring the green bubble stigma. Thus, these results provide strong evidence on sizable

disutility of green rather than blue bubbles, above the privacy and hassle cost of

participating in the study. Taken together with our survey evidence, where we found

a substantial social stigma of green bubbles with limited evidence on status benefits,

we argue that green bubbles impose welfare costs from increasing non-user disutility

as opposed to decreasing user utility.

Our estimates on the valuation of avoiding green bubbles are sizable compared to

the average WTA for deactivating iMessage or the camera for four weeks. Respon-

dents, on average, require $67 for deactivating iMessage and $84 for deactivating the

camera. Yet, comparing these effect sizes across product features is complicated by

differential top-coding at our maximum value of $150. For our hassle and privacy

cost measure, 0% of responses were top-coded. In contrast, the top-coding rates for

blue bubbles, iMessage, and phone camera were 12.4%, 24.1%, and 36.6%, respec-

tively. This differential top-coding downward biases the estimated difference between

blue bubbles and the control condition, but upward biases the estimated differences

between blue bubbles and the benchmark goods.

To circumvent this top-coding issue, we benchmark the valuation of blue bub-

bles against these other product features, focusing on the median payment required,

which is unaffected by the top-coding. The median valuation of blue bubbles is $25,
compared to a valuation of $45 for iMessage and $95 for the phone camera.25 This

suggests that the median valuation of blue bubbles corresponds to 56% and 26% of

the median valuation of iMessage and the phone camera, respectively. Our estimates

show that respondents put a relatively high value on avoiding green bubbles relative

to these benchmark features, underscoring the economic significance of the welfare

cost.26 While we focus on a four-week deactivation period, the cost of avoiding green

25Figure A7 displays the median WTA for deactivating each of the features. Our camera valuation
is comparable to the estimates in Brynjolfsson et al. (2025), who find a median valuation of e68,
with a wide confidence interval between e34 and e137.

26The finding suggests that over half of the welfare cost of deactivating iMessage is solely from
avoiding having green bubbles, rather than from additional iMessage features such as location shar-
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bubbles may be non-linear over time, as there could be large initial costs to being

perceived as an Android user. Our estimates are not sensitive to including control

variables, as shown in Appendix Table A5. Finally, we find minimal differences in

average treatment effects by gender or relationship status (see Appendix Table A6).

Figure 4: Average WTA to Deactivate Phone Features by Treatment

Notes: Figure 4 displays the average WTA to deactivate various features of participants’ iPhones for four weeks. We
report 95% confidence intervals.

3.3.4 Robustness

Perceived credibility As discussed, our design relies on respondents believing that

the blue bubbles deactivation is technically feasible. To evaluate respondents’ per-

ceptions, we ask them to rate the likelihood of each option being implemented. Given

that each respondent is informed about two options, the benchmark probability is

50%, assuming they perceive the decision as a random coin toss. As shown in Ap-

pendix Figure A6, we find that all options have similar perceived likelihoods, ranging

from 37% to 47%. The blue bubbles deactivation has the highest perceived likelihood,

suggesting that participants did not view this option as infeasible. In Appendix Table

A7, we also examine how treatment effects vary with perceived credibility and find

little heterogeneity.

ing, end-to-end encryption, or other compatibility issues discussed earlier.
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Additional robustness Appendix F.3 provides additional evidence on the robust-

ness of our findings. Specifically, we demonstrate that our results remain robust

to variations in top-coding thresholds and to the treatment of respondents who ex-

pressed regret over their valuations. Finally, Appendix F.4 provides details on the

implementation and compliance of the deactivation study, noting that 95% of our

selected participants successfully completed the entire deactivation.

4 Non-User Utility and Product Demand

Having established large negative welfare effects of green bubbles, we next turn to

their market implications. Our experiment is designed to allow us to study incen-

tivized demand under different relevant policy counterfactuals, offering insights that

may be directly relevant to the ongoing lawsuit. Specifically, the experiment quantifies

how green bubbles influence the demand for iPhones compared to Androids.

4.1 Sample

Student sample Similar to our previous data collections, we recruited a sample

of US students aged 18 to 25 through Prolific. Data collection was carried out in

November and December 2024.

Pre-registration This experiment was pre-registered on AsPredicted (#201569)

and includes the experimental design, hypotheses, primary and secondary outcomes,

sample size, and exclusion criteria.27

Sample inclusion criteria As pre-specified, we screen for individuals who are

iPhone users and are actively considering purchasing a new phone, as this represents

the target demographic for our experiment. We focus on iPhone users rather than

Android users since they are more likely to be affected by the non-user utility of green

bubbles, and, by currently owning an iPhone, they directly contribute to Apple’s

dominant market position. We exclude anyone who fails our attention checks and

regrets their phone choice twice. We also pre-specified exclusion criteria based on

Qualtrics’ scores of suspected fraudulent activity, reCAPTCHA scores, and duplicate

27For details, see https://aspredicted.org/54y4-s5jj.pdf.
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IDs.28 We discuss these criteria in more detail in Appendix G.3.

Sample characteristics Our initial sample consists of 575 participants. After

excluding some respondents who did not align with our pre-registered sample inclusion

criteria, we are left with a final sample of 468 respondents.29 Our final sample is 60.5%

female, with an average age of 21.5 years.30 Summary statistics for our sample can

be found in more detail in Appendix Table A8.

4.2 Design

In this section, we describe an overview of the experimental design. A full description

of the structure is provided in Appendix Figure A9.

4.2.1 Background and conditional choice explanation

Background information Respondents are informed that, following this survey,

a lottery will be held where they could win a new smartphone. They are then given

the option to choose between an iPhone 16 (current price of $800) or a Google Pixel 9

(current price of $650) along with $150, a comparison designed to equalize the value of

the options based on market prices at the time of the experiment.31 Participants are

also informed that both phones are comparable in overall quality, including features

like the camera, battery, and display.32

Conditional choice procedure We then outline the lottery procedure to partici-

pants, explaining that they will select their preferred phone option under a potential

28We also implemented a series of pre-registered bot prevention measures in Qualtrics, including
randomized screening questions. In particular, we randomize validated text-input questions at the
beginning of our survey.

29We accidentally collected responses from Canadians, non-students, respondents aged 26-27 and
from respondents who own a version of the iPhone 16. Our results are virtually identical when
including all 575 participants, as seen in Table A14.

30Due to Prolific’s sample availability for our pre-specified screening criteria, we prioritized maxi-
mizing sample size over balancing gender. We demonstrate the robustness of our results by showing
that results for males are stronger in Table A10.

31Both phones are top-sellers for their brands, of similar quality, and released in fall 2024, making
them a natural choice for participants considering a new smartphone. These prices were sourced
directly from the phone providers’ websites at the time of the experiment and reflected the Black
Friday and Cyber Monday discount for the Google Pixel 9.

32This is reflected in expert smartphone reviews and rankings from DXOMARK, a global leader
in smartphone evaluations for over 15 years.
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future scenario. Next, participants are told that if the future scenario occurs, a lot-

tery will be conducted, and winners will receive their preferred phone option. The

lottery selects one winner per 500 participants. Participants are then told that it is in

their best interest to truthfully indicate their preferred choice. We explain that—in

order to preserve anonymity—the phone will be sent to an Amazon locker or PO Box

near the participant’s zip-code. Participants’ understanding of the conditional choice

procedure is verified with a simple comprehension question, and only those who pass

are allowed to proceed with the rest of the experiment.

Common information on the DOJ lawsuit All respondents are first reminded

of compatibility issues between Androids and iPhones. In particular, respondents are

told that the messages sent between Androids and iPhones appear as green bubbles

on iPhones, while texts between iPhones appear as blue bubbles. All participants are

then introduced to the recent DOJ lawsuit against Apple, which accuses the company

of engaging in anti-competitive practices related to its iMessage service. We inform

them that the lawsuit specifically highlights green bubbles and that, as a result of

the lawsuit, Apple might be compelled to eliminate green bubbles and standardize

blue bubbles across all devices. Additionally, participants are informed that experts

anticipate the trial to commence in the coming months and that a decision will follow

shortly after.

4.2.2 Conditional choice of preferred phone

On the decision screen, all respondents choose between an iPhone 16 and a Google

Pixel 9 plus $150. Respondents make this binary choice under one of two randomly

assigned scenarios: one where green bubbles persist after the lawsuit (green bubbles

treatment) and another where they are banned (blue bubbles treatment). These

scenarios are described in more detail below.

Green bubbles treatment Respondents are asked to choose their preferred phone

in a scenario where Apple loses the DOJ lawsuit, faces significant fines, but green bub-

bles are not banned. Next, they are explicitly informed that messages exchanged be-

tween Androids and iPhones would continue to appear as green bubbles, accompanied

by a screenshot illustrating how green bubbles would remain in such conversations.
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Blue bubbles treatment Respondents are asked to choose their preferred phone

in a scenario where Apple loses the DOJ lawsuit, faces significant fines, and green

bubbles are banned. Next, they are explicitly informed that messages exchanged

between Androids and iPhones would now appear as blue bubbles, accompanied by

a screenshot illustrating this change.

Design discussion We offer respondents a simple binary choice revealing their

phone preference under market prices at the time of the experiment. We use a binary

outcome to maintain a straightforward elicitation method while capturing the market

share of both operating systems, our key metric for assessing market power. We focus

exclusively on iPhone and Android phones as choice options, as they account for over

99% of the overall market share. These design choices are intended to enhance the

external validity of our measure in reflecting actual purchasing decisions.

We use an active control group design in which both treatment scenarios involve

Apple losing the lawsuit. This ensures that the only difference between the treatment

and control groups is whether losing the lawsuit leads to a ban on green bubbles,

minimizing differences in beliefs about other potential impacts of the lawsuit between

treatment arms.33 The active control design also helps mitigate concerns about dif-

ferential experimenter demand effects across treatment groups (Haaland et al., 2023).

Possible experimenter demand effects and social desirability biases are further mit-

igated by the incentivized nature of our outcome data (Bursztyn et al., 2025b) and

appear unlikely given the heterogeneous treatment effects, which we discuss later.

4.3 Results

Figure 5 displays our main pre-registered results. Respondents in the blue bubble

treatment choose the Google Pixel option 7.3 p.p. more compared to respondents

in the green bubble treatment (p < 0.05) on a base of 15.8%. These effects are

substantial, representing a 46% increase in the choice share of the Android phone

option. The results provide strong evidence that a product feature, by reducing

non-user utility, can significantly increase demand for the product. In this case,

our evidence demonstrates that green bubbles contribute to the iPhone’s dominant

market position in the U.S.

33We cannot fully rule out the possibility that respondents interpret the removal of green bubbles
as a signal that other features might also be removed, and that this interpretation differs from that
of the control group.
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Figure 5: Percentage of Respondents Choosing the Google Pixel 9 Option over the
iPhone 16 Option

Notes: Figure 5 displays the percentage of respondents choosing the Google Pixel 9 and $150 over the
iPhone 16 by treatment status. The blue bar represents the blue bubbles treatment condition, whereas
the green bar is the green bubbles treatment condition. Error bars are 95% confidence intervals.

4.4 Mechanisms

This section examines the potential mechanisms driving the changes in phone prefer-

ences identified in our experiment.

Social concerns Building on the social mechanisms in Section 3.2, we analyze

heterogeneous treatment effects based on relationship status. Notably, we observe

the strongest treatment effects for those who are single, where the social costs of

being a non-user are likely higher due to dating market concerns. This constitutes

suggestive evidence that demand effects are less likely to be an important driver of

treatment effects. The full results can be found in Appendix Table A10.

Other equilibrium changes One equilibrium mechanism through which the ex-

pectation of eliminating green bubbles might influence consumers’ willingness to pay
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for iPhones over Android phones is the anticipated shift in user composition within

social networks. To evaluate this, we first asked respondents about the current pro-

portion of their friends who use iPhones versus Android devices.34 Respondents then

estimated how these proportions would change one year into the future, conditional on

their assigned scenario (i.e., the DOJ either banning or not banning green bubbles).

This allowed us to quantify expected equilibrium shifts within each respondent’s social

network.

Our findings indicate that a majority (69%) expect no changes in network size.

However, respondents in the blue bubbles scenario anticipate the proportion of friends

using iPhones to decline by an additional 3.8 p.p. (p < 0.001) compared to those in

the green bubbles scenario. This represents only a 4.5% change in network size as at

baseline, approximately 85% of participants’ friends are iPhone users. Additionally,

there is only a weak correlation (-0.08) between expected network composition changes

and choosing an Android device. Hence, network effects may play some role, our data

suggest they are not the primary mechanism behind our treatment effects.

Another potential equilibrium change involves differences in perceived resale val-

ues of phones. Using the same question structure, we observe a relatively small

correlation (-0.20) between expected resale value and selecting the Google Pixel 9

option. Furthermore, only 33% of these respondents anticipate reselling their phones

if they win the lottery, and treatment effects are stronger among respondents who

do not intend to resell, as detailed in Appendix Table A11. Participants in the blue

bubbles scenario anticipate the resale value of an iPhone to be $44 lower than those

in the green bubbles scenario, although this difference lacks statistical significance at

conventional levels (p = 0.06). This suggests that resale prices may play some role,

but are also not the primary mechanism behind our treatment effects.

4.5 Robustness

Perceived credibility Our design relies on respondents believing that the possible

future scenarios could occur. To assess the perceived stakes, we ask them to rate

how likely it is that their scenario will be implemented. As an example, in the

green bubbles treatment we ask: “How likely do you believe it is that the DOJ

lawsuit against Apple will succeed in making them pay significant fines but that

green bubbles will remain in the coming months?” We find that people perceive

34Due to a coding error, this data was only collected from approximately 40% of respondents.
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the likelihood, on average, as 49% in the green bubbles treatment and 45% in the

blue bubbles treatment, which suggests participants found the scenarios (similarly)

credible. We also find stronger treatment effects among those who perceive their

scenario as more likely, as shown in Appendix Table A12. This suggests that our

estimates may underestimate the true change in market share that could result from

a successful DOJ lawsuit removing green bubbles.

Additional robustness In Appendix G.3, we present additional robustness exer-

cises. Specifically, we show that our results are robust to how we treat respondents

who regret any of their choices and to different sample inclusion criteria.

4.6 Additional Demand Experiment

We conducted an additional pre-registered experiment that provides further evidence

on how green bubbles increase demand for iPhones, using a different experimental de-

sign. In this experiment, we measure incentivized willingness to pay for an iPhone 16

Pro Max over a Samsung Galaxy S24 Ultra using a continuous BDM elicitation. Re-

spondents are randomly assigned to either the green bubble or blue bubble treatment

group. The green bubble group is informed that green bubbles will remain, while the

blue bubble group learns that Android messages will appear as blue bubbles in the

future—with the help of a recent technological advance that makes this change in

color possible. Section H of our Online Appendix provides additional details on the

design, data collection, and results.

Consistent with our main findings, respondents in the blue bubbles group have

approximately a 4% lower WTP for the iPhone 16 Pro Max over the Samsung Galaxy

S24 Ultra compared to our control group (p < 0.05). We observe an increase in the

fraction of respondents preferring the Android over the iPhone, from 4.9% to 6.8%.

While this represents a substantial 39% rise in Android’s share, our study is not

sufficiently powered to detect statistically significant effects on the extensive margin.

The intensive and extensive effect size reported in the robustness experiment

should be interpreted with caution for at least four reasons: first, the Android phone

used in the elicitation is not the usual outside option that iPhone users would consider

as it is even more expensive than the iPhone. Second, we do not measure the first

stage of expectations about text messages between Androids and iPhones appearing

as blue on iMessage in the future. This likely means that we underestimate the effects

of green bubbles on the demand for iPhones over Androids. Further, people may be
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uncertain over the relative quality of the phones as we do not provide information

to benchmark quality. Indeed, we show in Section H.5 of our Online Appendix that

there are widespread misperceptions over the quality of the Samsung Galaxy S24 Ul-

tra compared to the iPhone 16 Pro Max. Finally, we do not screen for respondents

who are looking to buy a new smartphone and thus, this sample is less informative

about how green bubbles affects new purchasing decisions.

Despite these concerns, we view these results as evidence of robustness of our main

treatment effect across demand elicitation methods (i.e., WTP versus binary choice)

and brand of Android phone (i.e., the result is not specific to Google Pixels).

5 The Strategic Creation of Non-User Disutility

Since humans are inherently social animals, consumption decisions reflect not only

product attributes but also how products position individuals relative to one another.

Firms with market power can exploit these social dynamics by introducing product

features that increase non-user disutility and create social equilibria that are difficult

to regulate. In this section, we document how firms systematically use product fea-

tures to exploit stigma and social status concerns to increase non-user disutility as a

deliberate method for creating and sustaining market power.

Time-Limited Drops The purchase of various products is often linked to a specific

one-time opportunity, such as product “drops” or attending live entertainment. As

a result, non-users can feel socially excluded, particularly for events that occupy a

large amount of the market or an individual’s social network.

A clear example of this is how apparel brands rely on time-sensitive “drops” to

manufacture cultural momentum. For example, Fear of God has built status through

scarcity, but the mechanism becomes more powerful in the hands of corporations with

global reach. Nike’s SNKRs app illustrates the point: by releasing limited sneakers

at scale, Nike can both ignite resale markets and amplify the cultural resonance of its

products, entrenching its dominance and large market share in the $79 billion global

sneaker market.35 Relatedly, the frequent release of updated versions of the same

product erodes the perceived quality of past versions to create feelings of exclusion

and stigma among those with older iterations. For example, even if limited innovation

35E.g. see this popular press coverage.
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has occurred, new versions of smartphones and shoes (e.g., Air Jordan series) are

released at least once a year.

Artificial Scarcity Through Blind-Boxing Outside of visible markers in the

apparel industry, numerous industries use blind-box packaging to increase non-user

disutility. Notably, Pop Mart, a Chinese collectibles company valued in the billions,

has transformed “Labubu” figurines into cultural status symbols through blind-box

packaging and rare editions. The market for Labubus is growing rapidly and al-

ready brings in hundreds of million in revenue annually.36 Blind boxes induce over-

consumption by obscuring the identity of each figure, prompting repeated purchases

and fueling lucrative resale markets where scarcity commands large markups. At the

same time, Labubu toys function as social markers. As media outlets emphasize, own-

ership signals membership in a community of “young, trendy collectors,” and even

the act of opening a blind box is a shared cultural experience.37

Visible Markers of Exclusivity Luxury brands position their products as mark-

ers of prestige and affluence (Frank, 2000). While owners derive utility from signaling,

others incur disutility from exclusion and comparison. Hermès, for example, manu-

factures exclusion and scarcity—through waiting lists, controlled supply, and limited

collaborations—that not only sustains high demand among users but also deepens the

disutility of non-users, even within the top income percentile. A similar mechanism

underlies design features that magnify visibility. Handbags with oversized monogram

prints (e.g., Louis Vuitton), as an example, ensure that ownership is legible.

Negative Advertising Traditional negative advertising focuses on tarnishing the

reputation or perceived quality of competitors. A variation of these campaigns instead

emphasize the perceived shortcomings of non-users, instead of the competitor product,

relative to users to drive social stigma. A clear example of this strategy is Apple’s

“Get a Mac” campaign (2006–2009), which contrasted a cool, young Mac user with a

nerdy, outdated PC user to imply that non-users were less capable and out of touch

with modern technology. This ad campaign served as a strategic effort to rejuvenate

the Mac brand and increase its market share.

36E.g. See the semi-annual report of Popmart.
37See South China Morning Post (2023), “Pop Mart’s blind box craze explained,” and The

Guardian (2022), “The cult of Labubu: why Chinese Gen Z can’t stop buying blind boxes.”
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Discussion The cases reviewed here illustrate how the strategic mechanism un-

derlying green bubbles on iPhones extends to other product features: firms actively

engineer non-user disutility through visible design markers, artificial scarcity, time-

sensitive releases, and negative advertising about non-users. Rather than taking posi-

tional concerns as exogenous, companies deliberately amplify them to sustain market

power. This perspective suggests that theories of competition and welfare in markets

for positional goods must explicitly incorporate the endogenous creation of non-user

disutility as a strategic choice by firms.

6 Conclusion

In this paper, we provide evidence that companies can influence demand for their

products not only through increasing user utility but also through creating non-user

disutility. As motivated with our model, the mechanism through which demand is

affected has significant implications for consumer welfare: firms that increase de-

mand by increasing non-user disutility harm consumer welfare. Using the case of

iPhone “green bubbles,” we provide survey and experimental evidence that a simple

design feature stigmatizes Android owners, lowers their perceived social status, and

thereby shifts demand toward iPhones. iPhone users reveal a sizable willingness to

pay to avoid green bubbles, and removing them substantially increases the relative

attractiveness of Android devices among U.S. college students.

Our findings inform the ongoing DOJ lawsuit against Apple concerning alleged an-

ticompetitive practices, particularly those involving iMessage. Despite Apple’s adop-

tion of RCS in iOS 18 to address certain compatibility issues, our evidence indicates

that removing green bubbles would increase non-user utility and consumer welfare

among U.S. college students. This case exemplifies how dominant firms may leverage

social concerns to entrench their market power, reducing the attractiveness of rival

products without necessarily improving the core functionality of their own.

A promising direction for future research is to explore—both theoretically and

empirically—the interplay between pre-existing market power and the strategic gen-

eration of non-user disutility. A key open question is whether, and to what extent,

firms with greater market power are more effective in creating non-user disutility.

This issue has significant welfare implications, as the creation of non-user disutility

is particularly detrimental if it reinforces the dominance of the most powerful firms

in the market. The increase in market power can lead to less innovation and fewer
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incentives to develop user-centric improvements, resembling exploitative innovation

(Heidhues et al., 2016).38 However, if companies with low market power and small

market shares create non-user disutility, the overall welfare effects could be ambigu-

ous, as the welfare benefits from increased competition might outweigh any direct

negative effects from the rise in non-user disutility.

While the focus of this paper is on the smartphone market, we also present case

studies which illustrate how companies across a variety of markets strategically create

non-user disutility using social mechanisms. Future research could investigate the

broader effects of non-user utility across industries and over time. Such insights

could provide valuable guidance for policymakers aiming to regulate and mitigate

anti-competitive behaviors by firms.

38As opposed to exploitative innovation, the creation of non-user disutility we study affects users
but also has negative externalities on non-users. Additionally, hidden fees can be targeted through
policies of consumer protection and disclosure rules, but reducing stigma embedded in design and
social norms likely requires very different instruments.
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Appendix:

A Mathematical Appendix

A.1 Main Proofs

In what follows, let µj := pj − c denote the markup of firm j and πj(pj, p−j) denote

its profit function.

Proof of Lemma 1. As it is well known, the log-concavity Assumption 1 ensures that

the second-order conditions of each firm hold. To see why, note that the log-concavity

of f implies the log-concavity of Q = 1−F (pA−pB −g) and 1−Q = F (pA−pB −g).

In turn, the log-concavity of Q implies that Q′2 −Q′′Q > 0 and the log-concavity of

1−Q implies that Q′2 +Q′′(1−Q) > 0.

Focusing on firm A, we take the second derivative of the profit function to verify

that the second-order conditions hold. Note that ∂2πA/∂p
2
A = Q′′µA + 2Q′. After

substituting the value of µA from the first-order condition (FOC), we get −Q′′Q/Q′+

2Q′. Multiplying by −Q′ gives Q′′Q − 2Q′2 < Q′′Q − Q′2, which is negative by

log-concavity. A similar procedure shows that firm B’s second-order conditions hold.

Let Pj(p−j) denote the best response function of j. Note that P ′
j ∈ (0, 1). To

see why, focus on firm A and use the implicit function theorem (applied to the firm’s

FOC) to get: P ′
A = Q′2−Q′′Q

2Q′2−Q′′Q
. A similar procedure applies to B’s best response.

Finally, note that Pj(p−j) > c > 0. This condition and the bounds on the derivative

of Pj ensure that the best responses of both firms cross at prices above marginal cost

and that they do so only once. ■

Proof of Proposition 1. Consider a marginal increase in g, dg. Applying the implicit

function theorem over the FOCs of A and B, we get:

dpA
dg

=
Q′2 −QQ′′

Q′′(1− 2Q) + 3Q′2

dpB
dg

= − Q′2 +Q′′(1−Q)

Q′′(1− 2Q) + 3Q′2

Note that the denominator of both equations is positive, since it equals the sum of

three terms: Q′′(1−Q) +Q′2, plus Q′2 −Q′′Q (both positive due to Assumption 1),

1



and Q′2. The numerators in both expressions are positive again due to log-concavity,

implying that dpA/dg > 0 and dpB/dg < 0. Hence, firm A’s equilibrium markup

increases and firm B’s equilibrium markup decreases in response to dg. Moreover,

note that the numerator in both cases is lower than the denominator, implying that

dpA/dg < 1 and −dpB/dg < 1. Additionally, (dpA − dpB)/dg < 1, which implies that

demand for A, Q(pA − pB − g), increases, and demand for B decreases. ■

Proof of Proposition 2. Let u = (uA, uB). Consumer welfare is given by:

W (gu, gn) :=

∫
u: uA−pA≥uB−pB−g

(uA + gu − pA)f(u)du︸ ︷︷ ︸
Welfare of A’s consumers

+

∫
u: uA−pA<uB−pB−g

(uB − gn − pB)f(u)du︸ ︷︷ ︸
Welfare of B’s consumers

.

Differentiate W :

dW = Q(dgu − dpA)− (1−Q)(dgn + dpB).

Consider first the case when A only creates non-user disutility; that is, when

dg = dgn and dgu = 0. In this case, consumers of A are unambiguously worse off

since they experience an increase in pA and no offsetting increase in user utility.

Moreover, consumers of B are also worse off since the decrease in price pB is not

enough to offset the increase in g, so −dg − dpB < 0. Thus, dW < 0.

Consider now the case when A only creates user utility; that is, when dg = dgu

and dgn = 0. In this case, consumers of A are unambiguously better off since they

experience an increase in g which is large enough to offset the increase in pA, so

dg − dpA > 0. Moreover, consumers of B are also better off since they experience a

decrease in pB, without a decrease in their non-user utility. Hence, dW > 0. ■
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Supplemental Appendix:

For online publication
Our supplementary material is structured as follows. Section A provides additional

details related to the model. Section B provides background information on the

smartphone market and Section C provides additional details on the antitrust cases

against Apple. Section D provides the overview of our data collection activities.

Section E includes additional tables and figures for the mechanism survey. Section

F includes additional tables and figures for the iMessage deactivation experiment.

Section G includes additional tables and figures for the market demand experiment.

A Supplemental Mathematical Appendix

A.2 Microfoundation

This subsection presents a duopoly model where firms compete in prices and where

they can influence the stigma associated with consuming their products, effectively

creating non-user disutility for some consumers and user utility for others. The pur-

pose of the section is to microfound the model presented in Section 2, endogenizing

two features that were exogenous in that model: the non-user utility term g and the

fact that only one company could generate non-user disutility. We will show that

only the company that is relatively more associated with “high types” will choose to

generate non-user disutility.

Setup. The setup is similar to the model in Section 2, but with a continuum of

consumers of two types: “high,” H, (of mass γ) and “low,” L, (of mass 1 − γ).

Consumers must choose which of the two products they purchase. The total utility

that they get from a product comes from two channels: 1) a direct utility from

consuming it and 2) a social image concern.

Concretely, the value that i gets from purchasing product j ∈ {A,B} is:

ui
j︸︷︷︸

Direct utility

+S(qHj , qLj )(λA + λB)︸ ︷︷ ︸
Social image

−pj,
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where qθj is the demand of type θ ∈ {H,L} for product j and q = (qHA , qLA) is the

vector of demands for product A.39 We index consumers by the difference in their

direct utility from product A vs. B, ui := ui
A − ui

B. We assume that ui is distributed

according to a strictly increasing smooth distribution F θ with bounded density f θ

with full support for each type.

The social image term S(qHj , qLj )(λA+λB) follows the framework in Bursztyn and

Jensen (2017) extended from Bénabou and Tirole (2006). The function S represents

how other individuals perceive i given i’s purchase decision. This function is positive

or negative whenever there are positive or negative image concerns, respectively. To

fix ideas, we assume the following functional form, although the main results hold

with more general functional forms:

S(qHj , qLj ) := (1− γ)qHj − γqLj

This function takes a value of zero—the social image concern disappears—when the

fraction of H purchasing the product equals the fraction of H in the population (γ).

That is, when the posterior likelihood of being a high type given purchase of j is equal

to the prior—when phone choice is uninformative of individual type. Additionally,

note that S is increasing in qHj and decreasing in qLj , to capture that i’s image improves

as more H individuals purchase the same product and worsens as more L individuals

do.

The non-negative parameters λA, λB correspond to the importance or salience

of the social image concern and are determined by platforms’ product choices. For

example, firm A can marginally increase the saliency of social image relative to an

initial baseline of zero—say, by allowing its customers to distinguish which phone

other customers have. In this case, A customers face social image concerns vis-à-vis

other A customers equal to S(qHA , qLA)λA, and B customers face S(qHB , qLB)λA vis-à-vis

A customers. We have assumed, for simplicity, that firms impose the same salience

of the social image concerns on both users and non-users, thereby creating user and

non-user utility simultaneously. This assumption can be relaxed by allowing these

parameters and the function S to differ between users and non-users, but the main

implications of the model remain unchanged. Note also that our assumptions imply

39Note that qHA + qHB = γ and qLA + qLB = 1 − γ, so it is enough to keep track of the demand for
product A, without loss of generality.
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that only one phone—the one relatively more associated with H customers—will

have positive image concerns. Therefore, by increasing saliency of social image, the

company that sells that phone will increase user utility and decrease non-user utility,

while the other company will do the reverse.

Timing. The timing of the model is as follows. First, firms choose simultaneously

their product design: whether to costlessly and marginally increase the salience pa-

rameter λj. After this decision, both firms compete in prices.

Equilibrium. Let Qc,θ
j

(
pDj − SD(qHj , qLj )(λA + λB)

)
denote the aggregate demand

of type θ for product j, conditional on (expected) quantities, where pDj := pj − p−j

is the price difference and SD(qHj , qLj ) := S(qHj , qLj ) − S(γ − qHj , (1 − γ) − qLj ) is the

difference in social image concerns between products. We impose, for tractability, an

assumption that ensures that network effects are not too strong.

Assumption 2. The salience of the social image concerns is not too high: λj ∈
{0, dλj}, where dλj → 0.

In words, we restrict attention to the case where social image concerns are arbitrar-

ily small, so that firms’ product design choices can be interpreted as an infinitesimal

perturbation around the benchmark without image concerns. This allows us to ab-

stract from higher-order effects that complicate the analysis but do not qualitatively

change the mechanisms we highlight.

Given Assumption 2, the next lemma shows that downward-sloping demand func-

tions exist given firm product design choices λ. Without loss of generality, we focus

on the demand for A since QH
B = γ −QH

A and QL
B = 1− γ −QL

A.

Lemma 2. Fix λ := λA+λB and the price difference pDA . Under Assumption 2, there

exist downward-sloping demand curves Qθ
A(p

D
A , λ) which solve the following fixed-point

problem:

qθA = Qc,θ
A

(
pDA − SD(qHA , qLA)(λA + λB)

)
(1)

Proof. Define the mapping Φ(qHA , qLA) = (Qc,H
A , Qc,L

A ). We will show that Φ is a con-

traction on a compact, convex set ([0, γ]×[0, 1−γ]) and apply the Banach Fixed-Point

Theorem.
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Consider two points, (qHA , qLA) and (q′HA , q′LA ). By the mean-value theorem,

∣∣Φθ(qHA , qLA)− Φθ(q′HA , q′LA )
∣∣ ≤ max

x
f θ(x) ·

∣∣SD(qHA , qLA)− SD(q′HA , q′LA )
∣∣ · (λA + λB).

Since S is continuously differentiable,40

∣∣SD(qHA , qLA)− SD(q′HA , q′LA )
∣∣ ≤ ∥∇SD∥∞

(∣∣qHA − q′HA
∣∣+ ∣∣qLA − q′LA

∣∣).
Hence,

∣∣Φθ(qHA , qLA)−Φθ(q′HA , q′LA )
∣∣ ≤ ∥f θ∥∞ · ∥∇SD∥∞ · (λA+λB) ·

(∣∣qHA − q′HA
∣∣+ ∣∣qLA− q′LA

∣∣).
By Assumption 2, and since ∥∇SD∥∞ ≤ 2,41 and f θ is bounded, ∥f θ∥∞ · ∥∇SD∥∞ ·
(λA + λB) < 1, so Φ is a contraction. To see why the resulting demands Qθ

A(p
D
A , λ)

are downward-sloping, apply the Implicit Function Theorem on Equation (1) to get:

∂Qθ
A

∂pDA
=

Qc,θ
A

′

1 + 2(λA + λB)
[
(1− γ)Qc,H

A

′ − γQc,L
A

′] . (2)

The numerator of this expression is negative and the denominator is positive (and

close to one) by Assumption 2. ■

We now impose a set of assumptions that will ensure that demands are log-concave.

Assumption 3. The densities f θ are strictly log-concave.

Assumption 4. Demands have bounded curvatures:

fH ′
(1− FL) + fL′

(1− FH) ≥ max
{
fH ′

+ fL′
, 0
}
− 2fHfL

Lemma 3. Under Assumptions 2 to 4, the demand curve QA(pA−pB, λ) := QH
A (pA−

pB, λ) +QL
A(pA − pB, λ) is log-concave in pA and the demand curve QB := 1−QA is

log-concave in pB.

Proof. We begin by showing that QA is log-concave; that is, that Q′′
AQA ≤ Q′

A
2, where

Q′
A := ∂QA

∂pA
and Q′′

A is defined accordingly. Let DA := (1− γ)Qc,H
A

′ − γQc,L
A

′
and note

40Here, ∥ · ∥∞ denotes the supremum norm.
41This is by the definition of S, which guarantees that |S| ≤ 1.
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that Qθ
A
′
= Qc,θ

A

′
/(1+2λDA) from Equation (2) (where 1+2λDA is the denominator,

which is positive as argued above). Similarly, let EA := (1 − γ)Qc,H
A

′′ − γQc,L
A

′′
.

Differentiating Qθ
A
′
we get: Qθ

A
′′
=

Qc,θ
A

′′

(1+2λDA)2
− 2λ

Qc,θ
A

′
EA

(1+2λDA)3
. Then, the inequality

Q′′
AQA ≤ Q′

A
2 can be written as:[

Qc,H
A

′′
+Qc,L

A

′′

(1 + 2λDA)2
− 2λEA

Qc,H
A

′
+Qc,L

A

′

(1 + 2λDA)3

](
Qc,H

A +Qc,L
A

)
≤ Qc,H

A

′2
+Qc,L

A

′2
+ 2Qc,H

A

′
Qc,L

A

′

(1 + 2λDA)2

We can rewrite this expression as:[(
Qc,H

A

′′
Qc,H

A −Qc,H
A

′2
)
+
(
Qc,L

A

′′
Qc,L

A −Qc,L
A

′2
)]

+
[
Qc,H

A

′′
Qc,L

A +Qc,L
A

′′
Qc,H

A − 2Qc,H
A

′
Qc,L

A

′] ≤ 2λEA
Qc,H

A

′
+Qc,L

A

′

(1 + 2λDA)
QA. (3)

The first row in Equation (3) is negative because of the log-concavity of Qc,θ
A inherited

from f θ (Assumption 3). The left-hand side of the second row of Equation (3) can

be rewritten as: −fH ′
(1 − FL) − fL′

(1 − FH) − 2fHfL. This expression is nega-

tive by Assumption 4. Lastly, the right-hand side of Equation (3) approaches 0 by

Assumption 2. Thus, we confirm that the inequality holds.

Next, we repeat a similar procedure to show that Q′′
BQB ≤ Q′

B
2, where Q′

B := ∂QB

∂pB

and Q′′
B is defined accordingly. We can rewrite the relevant inequality as:[(

Qc,H
B

′′
Qc,H

B −Qc,H
B

′2
)
+
(
Qc,L

B

′′
Qc,L

B −Qc,L
B

′2
)]

+
[
Qc,H

B

′′
Qc,L

B +Qc,L
B

′′
Qc,H

B − 2Qc,H
B

′
Qc,L

B

′] ≤ 2λEB
Qc,H

B

′
+Qc,L

B

′

(1 + 2λDB)
QB. (4)

As above, the first row in Equation (4) is negative because of the log-concavity of

Qc,θ
A inherited from f θ and the right-hand side of the inequality approaches 0 by

Assumption 2. Given that QB = 1 − QA, we can rewrite the left-hand side of the

second row of Equation (4) as:

Qc,H
A

′′
Qc,L

A +Qc,L
A

′′
Qc,H

A − 2Qc,H
A

′
Qc,L

A

′ −Qc,H
A

′′ −Qc,L
A

′′
.

This expression is negative by Assumption 4.

■
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Now, consider the subgame that follows firms’ product design choices λj.

Lemma 4. Under Assumptions 2 to 4, there exists a unique Nash equilibrium in the

subgame that follows firms’ product design choices λj. Let pj(λ) denote the equilibrium

prices in that subgame.

Proof. The proof follows from applying Lemma 3 to show that demands are log-

concave, and following a similar procedure as in Lemma 1. ■

In the following proposition, we characterize the equilibria of this game. We will

show that, in the more interesting case when firms are slightly differentiated, only one

firm will choose to make social image concerns salient in equilibrium. In this case, the

company that chooses to make social image concerns salient in equilibrium is the one

that is relatively more associated with the high types in the absence of social image

concerns.

Before presenting the proposition, we introduce some useful notation. Let pDA(0)

denote the equilibrium price difference between product A and B in the subgame when

λj = 0 (which exists and is unique by Lemma 4). Let Qθ,0
A := Qθ

A(p
D
A(0), 0) denote

the equilibrium demand for A by type θ in that subgame, and S0 := SD(QH,0
A , QL,0

A )

denote the equilibrium difference in social image terms between A and B. Note that

S0 > 0 ( S0 < 0) if A (B) is relatively more associated with high types in that

subgame, while S0 = 0 if both firms have the same ratio of high types and low types.

Proposition 3. Under Assumptions 2 to 4, if S0 ̸= 0, there exists a unique subgame

perfect equilibrium in this game where only one firm—the one relatively more asso-

ciated with high types—chooses to make the social image concerns salient; firm A if

S0 > 0 and B otherwise. If S0 = 0, both companies are indifferent between making

the social image concerns salient or not, so there are multiple equilibria.

Proof. The key to this proof is to notice that, when λ ≈ 0, we can write:

qA = Q(pA − pB − g), (5)

where g := λS0. Suppose without loss of generality that S0 > 0. Consider the profit

function of firm A conditional on product choices λ (and, hence, g):

πA(λ) := [pA(λ)− c]Q(pA − pB − g(λ)).
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Differentiate with respect to λ:

π′
A :=p′A [Q+ (pA − c)Q′] + (pA − c) [−Q′g′ −Q′p′B] = (pA − c) |Q′| (g′ + p′B) ,

where we have used that the term Q + (pA − c) ∂Q
∂pA

is zero by A’s FOC in the final

subgame. This FOC also implies that pA−c > 0. Thus, the sign of π′
A depends on the

sign of g′ + p′B. Note that g′ = S0 by the definition of g. Since p′B = dpB
dg

dg
dλ

= dpB
dg

S0,

we have that g′ + p′B = S0(1 + dpB
dg

). We can then use the same procedure from the

proof of Proposition 1 to show that 1 + dpB
dg

> 0, which implies that π′
A > 0.

Following a similar argument, π′
B = (pB − c) |Q′|S0(dpA

dg
− 1). From the proof of

Proposition 1, dpA
dg

− 1 < 0. Therefore, when S0 > 0, π′
A > 0 and π′

B < 0. ■

Thus, we have microfounded that 1) the non-user disutility term of Section 2 can

arise from a model where companies choose to make social image concerns salient, and

2) in such a model, only one company chooses to make these image concerns salient

in equilibrium: the company that is relatively more associated with high types.

B Background information on Apple and the Smart-

phone Market

In this section, we present further information about the smartphone market both

globally and within the United States. We then expand on cross-country messaging

norms.

The Global Market for Smartphones The global smartphone market is sub-

stantial and growing, valued at $566.12 billion (Precedence Research, 2024) with 1.24

billion smartphone shipments expected to occur in 2024 (International Data Cor-

poration, 2024). The market is characterized by a duopoly of smartphone operating

systems: Android and iOS. Globally, Android and iOS devices represent 79% and 17%

of the market share of users, respectively (Counterpoint Research, 2025).42 Android

market share is comprised of many differentiated brands, led primarily by Samsung

(International Data Corporation, 2024).

42Less than 1% of smartphones use a different operating system, comprised of many smaller
systems.
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Apple’s Dominance in the U.S. Smartphone Market The U.S. smartphone

market is valued at $61 billion (Market Research Future, 2024). High smartphone

penetration rates and the prevalence of iOS devices, which are typically much pricier

than Androids, are the primary drivers of this trend (Designveloper, 2024). More-

over, in the U.S., the share of iOS devices is more than twice the global average at

50% market share (Counterpoint Research, 2025). Android sales are mostly driven

by established leader Samsung (StatCounter, 2024) and increasingly popular Google

devices (Schoon, 2024).

Cross-country Variation in Messaging Platforms There are drastic differences

in smartphone operating system ownership across countries, even after controlling for

income levels. The most striking example of this pattern is the difference between

the U.S. and Canada compared to Europe. Table A1 below illustrates this by show-

ing iPhone market share and WhatsApp penetration levels in European and North

American countries, highlighting their negative correlation. The statistics are con-

sistent with iPhone users disproportionally using iMessage and SMS/MMS texting

to communicate with other smartphones, as opposed to other third-party messaging

platforms. Further, it also suggests that the U.S. and Canada’s smartphone mes-

saging norms are substantially different than the rest of Europe. It is likely that

WhatsApp became much more prevalent than text messaging in Europe because the

cost of text messaging was historically very high in European countries, in contrast to

the unlimited texting plans that were common in the U.S. (Zhukova, 2022). Further,

there is a greater need for cross-border communication in Europe, which may have

pushed people to find alternative options to expensive international messaging fees.
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Appendix Table A1: WhatsApp and iPhone Market Shares by Country as of
2022

Country iPhone Market Share (%) WhatsApp Market Share (%)

Spain 21.40 92.20
Russia 26.16 83.70
Italy 29.31 97.00
Germany 37.67 95.50
Austria 39.49 94.40
Netherlands 40.31 92.90
United Kingdom 51.63 71.30
Switzerland 55.92 95.90
United States 56.74 41.20
Canada 57.84 42.40

Notes: Table A1 presents iPhone and WhatsApp market shares in 2022 for selected European
countries, as well as Canada and the U.S. iPhone market data are sourced fromWorld Population
Review (2024), and WhatsApp market data are sourced from Statista (2023).

C Antitrust Cases Against Apple

C.1 Department of Justice Lawsuit

In March 2024, the Department of Justice (DOJ), along with 16 other state and

district attorneys general, filed a case against Apple for violating antitrust laws.

The lawsuit argues that Apple has created a monopoly in the smartphone market,

in violation of Section 2 of the Sherman Act, through various practices which stifle

competition and innovation, while enabling the company to extract higher prices from

its customer base.

Key allegations include blocking innovative super apps, which combine smaller

apps and services into a singular application and could hence reduce reliance on the

iOS App Store, and restricting cloud streaming services like Xbox Cloud Gaming

and Google Stadia, which allow high-quality gaming on remote servers rather than

powerful hardware. Other examples cited are limiting third-party apps’ functionality

to position Apple’s services like iMessage and its digital wallet as superior, which

increases the switching cost for consumers.

Another claim is that Apple has worsened the quality of cross-messaging features.

Messages from non-iPhone users are displayed as green bubbles instead of blue, are

not encrypted, and do not have typing or editing indicators. This could lead to

perceived lower quality of non-iPhones and social stigma towards non-iPhone users,

especially among teenagers.
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C.2 European Union’s Digital Markets Act

The Digital Markets Act (DMA) is a piece of legislation by the European Union

intended to regulate the market power of digital platforms that the act classifies as

“gatekeepers”. The main objectives of the DMA are to promote fair competition,

allow smaller companies a level playing field to innovate, and provide consumers with

greater choice of digital services.

Apple is classified as a gatekeeper under the DMA as it meets all three criteria.

Firstly, it has “significant impact on the internal market”, with an annual turnover

above EUR 7.5 billion and an average market capitalization exceeding EUR 75 bil-

lion. Secondly, it provides a gateway between businesses and end users, through the

iOS App Store which allows developers to access a large customer base and exceeds

the DMA’s thresholds for monthly active end users and yearly active business users.

Lastly, Apple’s core platform services, including the App Store and iOS, have sus-

tained a strong economic position over time, which qualifies the company as having

an “entrenched and durable position”.

D Summary of Data Collections

Appendix Table A2: Overview of Data Collections

Data Collection Sample Treatment Arms Main Outcomes Pre-registration

Panel A: Welfare Evidence

Mechanism Survey (Aug 2024) Prolific (n = 476) None Android Stereotypes,
Preferences Over Green
Bubbles, Perceived Qual-
ity

https://aspredicte

d.org/r27m-69c8.pd

f

Deactivation Exp. (Oct 2024) College Pulse (n =
357)

Blue Bubbles deacti-
vation, Privacy and
hassle cost control

WTA for deactivation https://aspredicte

d.org/xxyp-s8qx.pd

f

Panel B: Demand Experiments

Main Demand Exp. (Nov
2024)

Prolific (n = 468) Blue Bubbles, Green
Bubbles treatment

Choice: iPhone 16 or
Google Pixel 9 + $150

https://aspredicte

d.org/54y4-s5jj.pd

f

Robustness Exp. (Aug-Sep
2024)

College Pulse, Prolific
(n = 1, 385)

Blue Bubbles, Green
Bubbles treatment

WTP: iPhone 16 Pro
Max vs. Samsung
Galaxy S24 Ultra

College Pulse: https:
//aspredicted.org/

4tp9-tvzr.pdf, Pro-
lific: https://aspred
icted.org/4ytf-zgw

q.pdf

Notes: Table A2 provides an overview of data collections, grouped by section. The mechanism
survey and robustness demand experiment had a hard cutoff on Sept 16, 2024, due to iOS 18’s
introduction. The main demand experiment had a hard cutoff on Dec 2, 2024, due to Cyber
Monday sales ending.
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E Mechanism Survey: Additional Tables and Fig-

ures

E.1 Demographic Summary Statistics

Appendix Table A3: Demographics Summary Statistics for Mechanism Survey
Sample

Variable Mean

Panel A: Demographics

Gender (Ind. for Female) 0.53
Age 20.39
Relationship Status (Ind. for Single) 0.63

Panel B: Operating System

iOS (Ind. for Yes) 0.84
MacBook (Ind. for Yes) 0.51

Observations 476

Notes: Table A3 summarizes key demographic statistics for the mechanism survey sample.
Variables are presented with their respective means. The total number of observations is 476.
19.0% of individuals fail our attention check.

E.2 Incentives

At the end of the survey, we ask respondents how having their answers count towards

the average statistic that is featured in our widely circulated report affected both

their effort levels and extremism of opinions. We find that 52.1% of the respondents

self-report putting in more effort as a result of our incentivization strategy. 47.7% of

people report no changes to their effort level and only one person reported putting in

less effort. We then asked people how this affected how extreme they reported their

opinions. Reassuringly, the vast majority of respondents (90.6%) reported that there

was no effect to how extremely they reported their opinions. 7.8% reported express-

ing more extreme opinions, and 1.7% less extreme opinions. Overall, the self-reports

suggest that the our incentivization strategy was effective at improving the engage-

ment of respondents. We also find that respondents have a 57.3% mean perceived

likelihood that the believe the results of this study will be published in a major news

outlet, suggestive that our incentives were credibly perceived. Respondents also re-

port an average of a 41.3% chance that the DOJ lawsuit is successful in forcing Apple

to remove green bubbles.
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E.3 Additional figures

Appendix Figure A1: Fraction of Respondents that Believe there is a Green
Bubble Stigma

Notes: Figure A1 displays the percentage of respondents that agree there is a social stigma with green bubbles by
operating system type. In particular, we ask “Do you think that there is a social stigma against Android users whose
text messages appear as green bubbles on iPhones?”. We only include respondents that pass all attention checks and
bot detection protocols as per our pre-registration. We report 95% confidence intervals.

Appendix Figure A2: iPhone Users Believe that Android Users have
Substantially Lower Income

Notes: Figure A2 displays the average guess amount respondents provide regarding the average income of Android
users in the U.S., relative to iPhone users at $53,000. On average, people think the average income of Android users
is $47,456. We compute the average by taking the mid-point of the various income brackets in the choice options, as
per our pre-registration. We only include respondents that pass all attention checks and bot detection protocols as
per our pre-registration. We report 95% confidence intervals.
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Appendix Figure A3: Fraction of Respondents Believing iPhone Users are More
Attractive

Notes: Figure A3 displays the percentage of respondents that think the average iPhone user is more attractive than
the average Android user. In particular, we ask “Do you think that the average iPhone user is more or less attractive
than the average Android user?”. We only include respondents that pass all attention checks and bot detection
protocols as per our pre-registration. We report 95% confidence intervals.

Appendix Figure A4: The Effect of Green Bubbles on Perceived Quality

Notes: Figure A4 presents the results for how removing compatibility issues or green bubbles affect the perceived
quality of Androids and iPhones. We plot the percentage of people that think there is a weak quality improvement (3,
4 or 5 on a 1-5 Likert scale). We only include respondents that pass all attention checks and bot detection protocols
as per our pre-registration. We report 95% confidence intervals.
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Appendix Table A4: Demographics Summary Statistics for Deactivation Study
Sample

Variable Mean

Panel A: Demographics

Gender (Ind. for Female) 0.57
Age 20.43
Relationship Status (Ind. for Single) 0.56

Observations 357

Notes: Table A4 summarizes key demographic statistics for the deactivation study sample.
Variables are presented with their respective means. The total number of observations is 357.
75.7% of individuals fail our attention checks.
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F Deactivation Study

Appendix Figure A5: Structure of Experiment: Deactivation Study

Notes: Figure A5 displays the structure of the experiment. Participants are randomized
into either the privacy and hassle cost control or the blue bubble deactivation, and then
randomized into either the iMessage deactivation or camera deactivation option.
Participants then consent to participating in the experiment before their deactivation
options are revealed to them. Participants who consent proceed with the practice good for
the BDM elicitation, receive common information on green bubbles, and then do the BDM
elicitation for their two deactivation options, as determined by treatment status. The
experiment concludes by collecting responses to qualitative questions and demographic
characteristics. The yellow boxes indicate embedded data, the blue boxes indicate
question blocks, and the pink box indicates randomization. We include several attention
checks in our survey to ensure attentive respondents and proper comprehension of our
deactivation study.
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F.1 Results

Appendix Table A5: Regression Results: Blue Bubbles Deactivation vs. Control

(1) (2)

Blue Bubbles 31.89*** 30.78***
(3.93) (3.30)

Practice Good WTA 0.38***
(0.03)

Male (Indicator=1) 3.22
(3.32)

Constant 16.90*** -1.46
(2.64) (2.94)

Observations 357 355
R-squared 0.156 0.408
Controls No Yes

Notes: Table A5 displays the regression results for our main specification without (Column 1)
and with (Column 2) control variables. Both of these regressions were pre-specified. Column
2 contains two less observations due to two respondents not identifying as male or female.
The coefficients on Blue Bubbles represent the difference in deactivation WTA between the
Blue Bubbles group versus the privacy and hassle cost control. Robust standard errors are in
parentheses. Stars indicate significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01.

F.2 Heterogeneity

Appendix Table A6: Heterogeneity for Regression Results: Blue Bubbles
Deactivation vs. Control

In a Relationship Single Males Females

Blue Bubbles 34.49*** 29.81*** 34.12*** 29.22***
(5.90) (5.30) (6.24) (5.07)

Constant 16.21*** 17.43*** 17.69** 16.35***
(4.00) (3.54) (4.29) (3.34)

Observations 157 200 152 203
R-squared 0.180 0.138 0.166 0.142

Notes: Table A6 displays the regression results for our main specification for different demo-
graphic subgroups of our sample, which were not pre-specified. Robust standard errors are in
parentheses. Stars indicate significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01.
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F.3 Robustness

Appendix Figure A6: Perceived Credibility of Deactivation Options

Notes: Figure A6 displays the average perceived credibility that each of the deactivation
options would be implemented. In particular, we ask “For those respondents who are chosen
to get their choices implemented, how likely do you think it is that the study just described
in Option 1 will be the one selected for implementation?”. We only include respondents that
pass all attention checks and bot detection protocols as per our pre-registration. We report
95% confidence intervals.

Appendix Table A7: Regression Results: Blue Bubbles Deactivation by
Perceived Likelihood

Above Median Likelihood Equal or Below Median Likelihood

Blue Bubbles 27.45*** 37.44***
(5.58) (5.66)

Constant 17.74*** 16.27***
(4.05) (3.48)

Observations 177 180
R-squared 0.121 0.197

Notes: Table A7 presents regression results from our main specification, separately for respon-
dents whose perceived likelihood of Option 1’s implementation falls below or above the median.
Robust standard errors are in parentheses. Stars indicate significance levels: * p < 0.1, **
p < 0.05, *** p < 0.01.

Top-coding We find differential top-coding at our maximum value of $150 between

the treatment and control condition, which suggests our estimate of the welfare cost

of green bubbles is conservative. However, at the same time, we find significant dif-

ferences in top-coding between the blue bubbles, iMessage, and camera deactivation,
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which make our benchmark valuations likely understated. To address this issue, we

focus on the median willingness-to-accept (WTA) compensation required to deacti-

vate the phone features, as shown in Figure A7. The median WTA for blue bubbles is

$25, which is substantially higher than the median hassle and privacy cost of $7.5 and

represents around 56% and 26% of the median iMessage and phone camera valuation,

respectively. This still suggests a large economic significance to the consumer welfare

costs of green bubbles compared to our benchmarks.

Appendix Figure A7: Median WTA to Deactivate Phone Features by Treatment

Notes: Figure A7 displays the median WTA to deactivate various features of participants’ iPhones for four weeks.

Regret We allow our respondents to regret their valuations to ensure accurate data

quality. After completing the MPL, we ask them if they would agree to participate

in the deactivation for their implied valuation. Specifically, we ask whether they

agree with the valuation implied by their answers to the MPL “According to your

answers to the previous questions, you would need at most $X to participate and

deactivate iMessage rather than not participate in the study”. If they disagree, they

are redirected to the start of the MPL and allowed to complete their decisions a

second time. We asked them if they regret their choice a second time, but everyone

proceeds with the next step regardless of their answer. In Option 1, we find that

5.0% of people regret their choice once and 0.99% of people regret their choice twice.

In Option 2, we find that 5.8% of people regret their choice once and 0.25% of people

regret their choice twice. In accordance with our pre-registration, we exclude anyone

that regrets their choice twice, which is no respondent in our sample. Further, some
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respondents who regretted their initial valuation experienced a coding error causing

the MPL to skip certain values on their second iteration (an ascending MPL omitting

certain increments between $0 and $150). To err on the side of caution, we exclude

anyone who regretted their initial valuation for Choice 1 or 2 (10.5%) from our main

analysis. In Appendix Figure A8, we demonstrate that our results remain robust to

their inclusion.

Appendix Figure A8: Average WTA to Deactivate Phone Features by Treatment
(Including Single Regretters)

Notes: Figure A7 displays the average WTA to deactivate various features of participants’ iPhones for four weeks,
including respondents who regretted their stated valuation for at least one feature once.

F.4 Implementation and Compliance

As pre-specified, we selected 1 out of 10 respondents to be in the deactivation study,

for a total of 40 participants. We exclude anyone with valuations outside our bounds,

as well as anyone with a negative WTA as these are not incentive compatible. We

then conduct the random computer draw, where we end up with 30 participants (14

iMessage and 16 camera) that we invite to participate in the deactivation study. We

received a response indicating interest in participation from 22 (73%) people.43 The

deactivation period started on Monday, November 4th and ended on Sunday, Decem-

ber 1st. We find that 95%, or 21 out of 22, of our participants successfully completed

the deactivation, for an average payout of $93. These results are comparable to pre-

vious large-scale deactivation experiments (Allcott et al., 2020) and provide further

support that our design was perceived as credible.

43An additional person expressed interested in participating but encountered technical difficulties
with their phone not receiving text messages so opted to not begin the deactivation.
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G Main Demand Experiment: Additional Tables

and Figures

Appendix Table A8: Demographics Summary Statistics for Demand Experiment
Sample

Variable Mean

Panel A: Demographics

Gender (Ind. for Female) 0.60
Age 21.45
Relationship Status (Ind. for Single) 0.54

Observations 468

Notes: Table A8 summarizes key demographic statistics for the demand experiment sample.
Variables are presented with their respective means. The total number of observations is 468.
10.9% of individuals fail our attention checks.

Appendix Figure A9: Structure of Experiment: Product Demand

Notes: Figure A9 displays the structure of the experiment. Participants are first told
about the incentivized phone choice between the iPhone 16 and the Google Pixel 9 and
$150 and are then informed about the ongoing DOJ lawsuit. Next, treatment assignment
takes place and each respondents is brought their respective decision screen for the binary
choice. The experiment concludes by collecting responses to qualitative questions and
demographic characteristics.
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G.1 Main Result

Appendix Table A9: Regression Results: iPhone vs Android Choice

(1)

Android Share 0.073**
(0.037)

Constant 0.158***
(0.024)

Observations 468
R-squared 0.008

Notes: Table A9 displays our main pre-registered regression. The coefficient represents the
effect of our treatment on the choice of the Google Pixel 9 and $150 over the iPhone 16. Robust
standard errors are in parentheses. Stars indicate significance levels: * p < 0.1, ** p < 0.05, ***
p < 0.01.

G.2 Heterogeneity

Appendix Table A10: Heterogeneity for Regression Results: iPhone vs Android
Choice

Males Females Single In a Relationship

Android Share 0.087 0.067 0.114** 0.024
(0.062) (0.045) (0.049) (0.054)

Constant 0.181*** 0.143*** 0.138*** 0.180***
(0.040) (0.030) (0.031) (0.037)

Observations 180 283 254 214
R-squared 0.011 0.008 0.020 0.001

Notes: Table A10 displays the regression results for our main specification for different demo-
graphic subgroups of our sample, which were not pre-specified. For the first two columns, we
exclude five individuals who identify as “other gender.” Robust standard errors are in parenthe-
ses. Stars indicate significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01.
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Appendix Table A11: Regression Results: iPhone vs Android Choice by Resale
Lottery Phone Response

Plan to sell preferred phone Do not plan to sell preferred phone

Android Share -0.083 0.130***
(0.082) (0.040)

Constant 0.244*** 0.112***
(0.048) (0.026)

Observations 113 355
R-squared 0.008 0.027

Notes: Table A11 displays our main pre-registered regression based on whether or not partic-
ipants planned to resell the phone if they win the lottery. We place respondents in the same
group who say they do not plan to sell or their plans to sell depend on which phone wins, as we
assume these people would not plan to re-sell their preferred phone. The coefficient represents
the effect of our treatment on the choice of the Google Pixel 9 and $150 over the iPhone 16.
Robust standard errors are in parentheses. Stars indicate significance levels: * p < 0.1, **
p < 0.05, *** p < 0.01.

Appendix Table A12: Regression Results: iPhone vs Android Choice by
Likelihood

Above Median Likelihood Below Median Likelihood

Android Share 0.148*** 0.001
(0.053) (0.051)

Constant 0.136*** 0.183***
(0.031) (0.037)

Observations 234 234
R-squared 0.0336 0.0000

Notes: Table A12 displays our main pre-registered regression based on whether or not partic-
ipants are above or below the median perceived likelihood of their future scenario occurring.
The coefficient represents the effect of our treatment on the choice of the Google Pixel 9 and
$150 over the iPhone 16. Robust standard errors are in parentheses. Stars indicate significance
levels: * p < 0.1, ** p < 0.05, *** p < 0.01.

G.3 Robustness

Regret We allow our respondents to regret their valuations to ensure accurate data

quality. If they disagree with their initial choice, they are redirected to the decision

screen and allowed to complete their decision a second time. We asked them if they

regret their choice a second time, but everyone proceeds with the next step regardless

of their answer. We find that 2% of people regret their choice once and 0% of people

regret their choice twice. Our low values of regret are likely helped by including several

attention and comprehension checks before participants proceed to the decision.
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Appendix Table A13: Regression Results: iPhone vs Android Choice (Excluding
All Regretters)

(1)

Android Share 0.078**
(0.037)

Constant 0.153***
(0.024)

Observations 459
R-squared 0.010
Root MSE 0.393

Notes: Table A13 displays our main pre-registered regression when we exclude respondents who
regretted their valuations at least once. The coefficient represents the effect of our treatment
on the choice of the Google Pixel 9 and $150 over the iPhone 16. Robust standard errors are in
parentheses. Stars indicate significance levels: * p < 0.1, ** p < 0.05, *** p < 0.01.

Robustness to Sample Restrictions

We show in Table A14 that including Canadians, respondents aged 18-27, and iPhone

16 users does not change our results.

Appendix Table A14: Regression Results: iPhone vs Android Choice (Including
all respondents)

(1)

Android Share 0.086**
(0.034)

Constant 0.163***
(0.024)

Observations 575
R-squared 0.011
Root MSE 0.402

Notes: Table A14 displays our main regression including all collected responses. The coefficient
represents the effect of our treatment on the choice of the Google Pixel 9 and $150 over the
iPhone 16. Robust standard errors are in parentheses. Stars indicate significance levels: *
p < 0.1, ** p < 0.05, *** p < 0.01.
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