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1 Introduction

Digital platforms increasingly rely on extensive user data to enhance service quality, personalize

content, and improve advertising efficiency. While data integration, defined as the extent to

which platforms collect, aggregate, and leverage user data across distinct services or products,

delivers substantial benefits for users and advertisers, it also imposes privacy costs on individuals

who value control over their personal information, particularly when data are combined across

services. These opposing forces place privacy regulation and competition policy at the center

of debates on digital market governance.

The analysis develops a formal model in which platforms select data integration levels under

advertising revenues and horizontal competition, while consumers differ in their sensitivity to

personalization and privacy. Consumers can opt out of personalized advertising at a cost, and

this choice shapes platform demand, advertising value, and the effective use of data. The frame-

work captures strategic interactions between platforms, heterogeneous consumer responses, and

the welfare effects of regulatory tools such as limits on data integration, data siloing require-

ments, mandatory data sharing, and reductions in opt-out frictions.

This paper makes three main contributions. First, it provides a unified framework that

jointly considers quality improvements, privacy costs, and advertising externalities, allowing

data integration to affect welfare through multiple channels, including cross-service data use.

Second, it distinguishes between structural policies that restrict the level or scope of data inte-

gration and choice-based policies that govern the ease with which consumers can avoid personal-

ization. The model shows that these instruments operate through distinct mechanisms and can

generate sharply different welfare outcomes. Third, it endogenizes platform investment in data

integration, highlighting how incumbency advantages, competitive pressures, and externalities

can lead to either under- or overinvestment relative to the social optimum.

The main results establish a policy ranking. Reducing opt-out costs and preventing strategic

degradation of service quality for consumers who refuse personalization yields robust welfare

gains. These measures empower privacy-sensitive users while preserving quality and advertising

benefits for others. By contrast, structural interventions, such as forced reductions in data

integration or strict data siloing, improve welfare only when privacy costs are large relative to

quality gains, the share of privacy-sensitive consumers is high, and advertising-side benefits are

limited. Outside these conditions, such interventions can reduce welfare by curtailing efficiency-

enhancing uses of data.

When platforms choose data integration endogenously, investment incentives become central.

A leading platform may overinvest in data to expand market share or underinvest when it

fails to internalize the full social value of quality and advertising improvements. Data sharing

mandates, integration caps, and siloing requirements therefore have ambiguous effects: they may

stimulate competition and reduce concentration, but they can also weaken incentives to invest

and innovate. The net welfare impact depends on market asymmetries, sources of incumbency

advantage, and the balance between static efficiency gains and dynamic investment distortions.

Overall, the analysis provides a structured approach to evaluating regulatory interventions in

data-driven digital markets. It clarifies when policies that enhance consumer choice outperform

structural remedies and when more invasive interventions may be justified. By formalizing the
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trade-offs between privacy, quality, competition, and investment, the framework offers guidance

for designing regulation that protects consumers without undermining the productive role of

data integration.

The Regulatory Landscape. Regulators worldwide are intensifying efforts to limit the mar-

ket power of digital platforms, reflecting concerns over privacy, competition, and the concentra-

tion of data. As platforms increasingly integrate their services, they accumulate vast amounts

of user information, raising barriers to entry, reinforcing market dominance, and enabling in-

cumbents to leverage data across multiple markets. This convergence of antitrust and digital

policy signals a fundamental reassessment of how competition law should address the distinctive

features of data-driven ecosystems.

In November 2024, the U.S. Department of Justice found that Google’s integration of

Chrome and Search violated Section 2 of the Sherman Act by unlawfully maintaining mo-

nopolies in general search and search advertising. The DOJ initially requested the divestiture

of Chrome to dismantle the bundled monopoly and curb Google’s ability to collect and ex-

ploit vast amounts of user data.1 Independent engineering assessments indicate that a divested

Chrome could continue serving its existing user base of four billion people, with a browser com-

parable to Microsoft Edge, Apple Safari, and Mozilla Firefox.2 On March 15, 2025, the DOJ’s

initial proposal was approved with further remedies, including a contingent requirement to di-

vest Android if the initial measures failed to restore meaningful competition.3 On September

9, 2025, the Court imposed behavioral requirements instead of structural solutions, banning

exclusive search deals for default placement and requiring Google to share search results data

with rivals on “commercially reasonable terms.”4 Chrome represents a privileged access point to

Google Search, which Alphabet uses free of charge while paying other providers, including over

$20 billion annually to Apple by 2024, to set Google Search as the default.5 Google leverages

data from one market to steer users toward other products, including YouTube, Google Ads,

Android, Gemini, and Google Maps (Heidhues et al., 2024).

The Google case exemplifies a broader global trend of regulatory scrutiny of major tech-

nology platforms. In the European Union, the Digital Markets Act (DMA) establishes a com-

prehensive framework for regulating digital gatekeepers. Apple has faced investigations over

App Store rules and default-browser restrictions, with formal non-compliance findings issued

in June 2024.6 Meta received DMA non-compliance findings in July 2024 for its “pay-or-

consent” model,7 and Microsoft is under investigation for bundling Teams with Office.8 In

1United States v. Google LLC, No. 1:20-cv-03010 (D.D.C. 2024).
2See The Technical Feasibility of Divesting Google Chrome, Georgetown Center for Business and Public Policy

(2024).
3United States District Court for the District of Columbia. (2025, March 7). Executive summary of plaintiffs’

revised proposed final judgment (RPFJ), Case No. 1:20-cv-03010-APM. Available at justice.gov.
4Judge Mehta noted that “the emergence of generative AI has changed the course of this case,” observing

that AI companies are now “better placed to compete with Google than any search engine developer has been in
decades.” See The Verge, 2025.

5See Reuters, 2023.
6European Commission, Press Release, “DMA: Commission opens non-compliance investigations against Ap-

ple,” June 24, 2024. Available at ec.europa.eu.
7European Commission, Press Release, “DMA: Commission finds Meta’s ‘pay or consent’ model in breach of

the DMA,” July 1, 2024. Available at ec.europa.eu.
8See European Commission case AT.40627-Microsoft/Teams. Available at ec.europa.eu.
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the United States, the FTC continues challenging Meta’s acquisitions of Instagram and What-

sApp as unlawful monopolization,9 while Amazon faces investigations regarding marketplace

self-preferencing.10 Authorities in Germany, Japan, South Korea, India, Canada, Australia,

and Brazil are pursuing parallel investigations into platform dominance.11

This coordinated enforcement demonstrates that traditional antitrust tools require adapta-

tion to the unique features of digital markets, including network effects, multi-sided platform

dynamics, data advantages, and the ability to leverage dominance across complementary ser-

vices. The regulatory question is no longer whether intervention is necessary, but how to design

policies that promote competition and protect consumer welfare while preserving the efficiency

and quality benefits of data integration.

Structure. Section 2 reviews the related literature and clarifies the paper’s contributions. Sec-

tion 3 introduces the baseline model with exogenous data integration and endogenous consumer

opt-out decisions. Section 4 characterizes equilibrium platform behavior and welfare across al-

ternative opt-out regimes, highlighting the trade-off between quality gains and privacy costs.

Section 5 studies the welfare effects of regulatory interventions that directly restrict platform

data integration. Section 6 then endogenizes data integration choices, identifying investment

distortions and comparing the private equilibrium with the social optimum. Section 7 analyzes

alternative policy tools, contrasting measures that constrain how platforms can combine or

leverage data (such as integration caps, siloing requirements, and data sharing mandates) with

interventions that operate through consumer choice by lowering opt-out frictions. Section 8 dis-

tills the theoretical findings into a policy ranking and practical guidance for regulators. Section 9

concludes. All proofs are presented in the Appendix.

2 Related Literature

The paper contributes to several strands of literature on digital platforms, data, and privacy.

A growing body of research investigates the economic, regulatory, and privacy implications

of data use on digital platforms. Theoretical contributions analyze how platforms leverage user

data to enhance product quality, target advertising, and extract rents under heterogeneous con-

sumer preferences and regulatory constraints (de Cornière and Taylor (2024); Rhodes and Zhou

(2024); Lefouili et al. (2024); Bhargava et al. (2025); Bisceglia et al. (2025); Hovenkamp (2024);

Krämer and Shekhar (2024); van de Waerdt (2023)), whereas empirical studies document the

effects of data-related policies and regulatory interventions on market outcomes and consumer

welfare (Allcott et al. (2025); Decarolis et al. (2025); Pape and Rossi (2026); Kesler et al. (2025)).

This paper contributes to this strand by integrating consumer heterogeneity and endogenous

platform investment into a unified framework for evaluating regulatory interventions.

Acquisti et al. (2016) and Goldfarb and Que (2023) provide comprehensive reviews of the

economics of privacy, summarizing evidence on consumer behavior and regulatory frameworks.

9FTC v. Meta Platforms, Inc., No. 1:20-cv-03590 (D.D.C.). See FTC Press Release, 2021.
10FTC v. Amazon.com, Inc., No. 2:23-cv-01495 (W.D. Wash. filed September 26, 2023); European Commission

preliminary investigation under Article 102 TFEU initiated in November 2020.
11For Germany, see Bundeskartellamt at bundeskartellamt.de. International coverage available at Competition

Policy International and The Verge Tech.

4

https://www.ftc.gov/news-events/news/press-releases/2021/08/ftc-alleges-facebook-resorted-illegal-buy-or-bury-scheme-crush-competition-after-string-failed
https://www.bundeskartellamt.de/EN/Digital_economy/proceedings_against_large_digital_companies/Meta_Facebook/Meta_Facebook_node.html
https://www.competitionpolicyinternational.com
https://www.competitionpolicyinternational.com
https://www.theverge.com/tech


Theoretical work investigates how privacy preferences shape firm incentives, pricing, and adver-

tising strategies (Casadesus-Masanell and Hervas-Drane (2015); Johnson (2013); Rhodes and

Zhou (2024); Marotta et al. (2022); Choe et al. (2025)), while empirical studies document

how consumers trade off privacy for platform benefits and reveal heterogeneity in responses

across populations (D’Annunzio and Menichelli (2022); Benndorf and Normann (2018); Tucker

(2011)). This paper extends this literature by evaluating the welfare implications of regulatory

interventions that affect the trade-offs between privacy costs and data-driven benefits.

The paper is also related to the literature on data-driven product improvement, which shows

that user data can enhance algorithmic recommendations, predictive accuracy, and overall prod-

uct quality (Klein et al. (2025); Schaefer and Sapi (2023); Ullrich et al. (2024); Hagiu and Wright

(2023)). It further connects to research on digital ecosystems, in which platforms operate across

interlinked markets and leverage cross-market interactions to influence competitive dynamics

(Heidhues et al. (2024); Condorelli and Padilla (2023); Rhodes et al. (2025)). The present anal-

ysis contributes to these strands by examining how regulatory constraints on data sharing and

integration shape platform incentives for quality improvement and innovation.

Foundational work on two-sided platform competition (Rochet and Tirole (2003)) underpins

much of the current understanding of digital markets. This paper builds on these insights by

explicitly modeling the interplay between data-driven quality, privacy costs, and regulatory

interventions across multiple platform markets, providing a framework to guide policy design

and the evaluation of regulatory trade-offs in digital platform ecosystems.

3 Baseline Model

3.1 Setup

Two platforms j ∈ {G,F} compete for users and advertisers. Each of them has a certain

data integration level dj , which represents the extent to which they collect, aggregate, and

leverage user data across distinct services or products to provide higher quality and better

personalization. Larger values of dj reflect more comprehensive data collection and integration.

Assumption 1. Platform G has a strictly higher level of data integration than platform F , i.e.

dG > dF .

As end-users access the platform’s integrated services at zero monetary cost, its profit is gen-

erated entirely from charging advertisers for access to its user base. Importantly, the data

collected is not only used to target advertising but also to enhance the quality of other services,

such as search results or content recommendations.12

Consumers are uniformly distributed along a Hotelling line x ∈ [0, 1], with platform G at

ℓG = 0 and platform F at ℓF = 1,13 and differ in their sensitivity to personalized advertising. A

fraction θ are customization-savvy users, deriving marginal utility γ ≥ 0 from personalized ads14

12Carballa-Smichowski et al. (2025) introduce the concept of economies of scope in data reuse, referring to the
benefits derived from using the same dataset for multiple purposes.

13Horizontal distance generates a transportation cost t > 0, capturing differences in consumer preferences for
platform interfaces, brand loyalty, and complementary services unrelated to data integration capabilities.

14The assumption of a constant marginal benefit from personalization is made for analytical tractability. The
main qualitative results would continue to hold if customization-savvy consumers derived a concave benefit u(γ),
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with negligible privacy costs (normalized to zero),15 while the remaining fraction (1 − θ) are

privacy-savvy users, incurring privacy cost δ > 0 from being exposed to personalized advertising.

Privacy-savvy consumers can opt out of personalized advertising by paying a cost c ≥ 0.16

Data integration level dj affects consumer welfare via two channels: (i) enhancing service

quality, through better matching, recommendations, and platform functionality, providing a

benefit α > 0 per unit of data integration to all consumers; (ii) enabling more precise personal-

ized advertising, which benefits customization-savvy users but imposes costs on privacy-savvy

users, depending on their opt-out choices.

Assumption 2 (Net Value of Data Integration). The net value of data integration ξ depends on

the consumer’s privacy type and, for privacy-savvy users, on the opt-out decision. Specifically,

for customization-savvy users: ξC = α + γ; for privacy-savvy users who accept personalized

advertising: ξAP = α− δ; for privacy-savvy users who opt out: ξOP (dj) = α− c
dj
.

A consumer located at x who chooses platform j obtains utility:

Ui,j(x) = v + ξidj − t|x− ℓj |,

where i ∈ {C,PA, PO} indexes the relevant privacy type and opt-out decision and v > 0 denotes

the baseline utility from using any platform, i.e. the intrinsic value of platform access before

accounting for data integration or horizontal differentiation.

The opt-out decision is endogenous and depends on the level of data integration dj : higher

data integration increases privacy costs, making opt-out more attractive for privacy-savvy con-

sumers. This, in turn, affects the value of targeted advertising. Each platform charges adver-

tisers a price per impression pj , and advertisers are heterogeneous in their willingness to pay,

which depends on dj .

An advertiser of type µ derives value µβdj from an impression on platform j, where β > 0

measures the marginal value of data integration. Advertiser types are uniformly distributed

on [0, µ̄]. An advertiser of type µ purchases impressions on platform j if and only if µβdj ≥
pj , implying that all advertisers with µ ≥ pj/(βdj) participate. The mass of participating

advertisers is therefore:

Aj(pj , dj) = max

{
0, µ̄− pj

βdj

}
Advertiser demand is decreasing in the price pj and increasing in data integration dj : higher

prices exclude marginal advertisers, while greater data integration increases the value of target-

ing and attracts more advertisers at any given price.

with u′(γ) > 0 and u′′(γ) < 0, from the intensity of personalization γ. In that case, diminishing returns to
personalization would affect equilibrium thresholds but would not alter the key trade-offs identified in the model.
In the extreme case where γ = 0, these consumers experience no direct benefit from personalized advertising
beyond the general quality improvements captured by α, effectively reducing the model to one in which all
consumers value only the quality enhancement channel of data integration.

15Following Choe et al. (2025), this normalization simplifies the analysis without loss of generality.
16The opt-out cost c encompasses both explicit costs, such as subscription fees for ad-free versions or premium

tiers, and implicit costs, including the time and cognitive effort required to navigate privacy settings, reduced
service functionality or degraded user experience. In practice, many platforms impose substantial friction on
opt-out mechanisms through complex privacy interfaces, repeated consent requests, or feature restrictions that
effectively raise the cost of avoiding personalized advertising. For tractability, I will focus only on implicit opt-out
costs.
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Platform j delivers one advertisement to each of its Nj consumers. Advertising revenue is

therefore given by:

Rj(pj , dj , Nj) = pj ·Aj(pj , dj) ·Nj .

A larger consumer base increases revenue by providing more impressions, while higher data

integration raises the value of each impression, allowing the platform to either charge higher

prices or attract more advertisers. As a monopolist on its platform, firm j faces the standard

trade-off between a higher price per advertiser and a lower mass of participating advertisers.

Advertisers pay for impressions on all users, including those who opt out. The value per im-

pression, µβdj , depends on aggregate data integration rather than on individual-level targeting

precision.17

Timing. The model unfolds in two stages. Initially, platforms are endowed with fixed data

integration levels, with platform G enjoying a data advantage dG > dF due to historical invest-

ments.18

In the first stage, consumers observe both platforms’ data integration levels and choose a

platform to maximize their utility. Privacy-savvy consumers simultaneously decide whether to

opt out of personalized advertising by comparing the privacy cost δdj to the opt-out cost c.

These choices determine the distribution of consumers across platforms, yielding market shares

NG and NF .

In the second stage, platforms set per-impression advertising prices pG and pF to maxi-

mize revenue given their consumer bases. Each platform balances the trade-off between higher

revenue per advertiser and the resulting number of participating advertisers. Advertisers then

decide whether to purchase impressions according to their type-dependent valuations, and the

resulting advertiser masses determine platform revenues.

4 Analysis

Equilibrium and Welfare

Advertising Pricing. Platform j ∈ {G,F} chooses the per-impression price pj to maximize

advertising revenue:

max
pj

Rj(pj , dj , Nj) = pj ·Aj(pj , dj) ·Nj = pj ·
(
µ̄− pj

βdj

)
·Nj

The optimal price is linear in data integration:

p∗j =
µ̄βdj
2

(1)

17This specification reflects that: (i) advertising deals often involve bulk impression purchases where individual
opt-out status is not perfectly observable ex-ante, and (ii) even ads shown to opt-out users benefit from platform-
level capabilities (e.g. contextual targeting) that depend on dj . An alternative where advertiser value is zero
for opt-out users would create direct revenue incentives for platforms to discourage opt-out through high costs
c or strategic quality degradation λ (Appendix B), strengthening all results regarding opt-out cost reduction
(Section 8).

18Treating dG and dF as exogenous allows me to focus on the welfare effects of regulatory interventions that
reduce dG. Section 6 extends the analysis to the case where data integration levels are endogenous.
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as higher data integration allows platforms to charge higher prices per impression because bet-

ter targeting makes impressions more valuable to advertisers. Although higher data integration

raises the value of impressions, platforms increase prices proportionally, so advertiser participa-

tion remains unchanged at A∗
j = µ̄/2. Platform revenue is given by:

R∗
j =

µ̄2βdjNj

4

which is proportional to both data integration and consumer base size. Specifically, the term

djNj captures a complementarity between data integration and scale: data are more valuable on

platforms with a larger user base, and, conversely, a larger user base generates higher revenues

when combined with more advanced data integration.

Consumer Platform Choice. Consumers observe both platforms’ data integration levels

and choose which to join. Since platform G has higher data integration, privacy-savvy consumers

face greater privacy costs on G, creating asymmetric opt-out behavior.

To ensure that both platforms retain strictly positive market shares in equilibrium, thereby

ruling out corner solutions and making all three cases well-defined and meaningful, the following

condition is imposed:

Assumption 3 (Interior Market Shares). The data integration gap between platforms is suffi-

ciently small to guarantee interior market shares, i.e. (dG − dF ) <
t

max{ξC ,α,|ξAP |} .

Three regimes emerge based on the opt-out cost c relative to privacy costs δdF and δdG:

1. Universal Opt-Out (c < δdF < δdG). When the opt-out cost is sufficiently low, privacy-

savvy consumers find it optimal to opt out of personalized advertising on both platforms.

The privacy cost from personalized advertising exceeds the opt-out cost regardless of which

platform they choose. The equilibrium market shares of platform G and F are therefore

given by:

NG =
1

2
+
dG − dF

2t
(α+ θγ) (2)

and

NF = 1−NG =
1

2
− dG − dF

2t
(α+ θγ) (3)

Here, (α+ θγ) captures the population-weighted average marginal benefit from data inte-

gration. As a result, platform G’s market share exceeds one-half whenever dG > dF , with

the advantage increasing in the data integration gap, the quality effect α, and the share

of customization-savvy consumers θ weighted by their personalization benefit γ.

2. Universal Acceptance (c > δdG > δdF ). When the opt-out cost exceeds even the

privacy cost on the high-integration platform, privacy-savvy consumers find it optimal to

accept personalized advertising on both platforms. The opt-out cost is too high relative

to the privacy harm, making it preferable to bear the privacy cost rather than incur the
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opt-out cost. Platforms’ market shares are:

NG =
1

2
+
dG − dF

2t
(α+ θγ − (1− θ)δ) (4)

NF =
1

2
− dG − dF

2t
(α+ θγ − (1− θ)δ) (5)

The market share advantage is reduced relative to the Universal Opt-Out regime because

privacy-savvy consumers now bear privacy costs.

3. Asymmetric Regime (δdF < c < δdG). When the opt-out cost falls in this intermediate

range, privacy-savvy consumers opt out on G but accept personalized advertising on F.

The equilibrium market shares are:

NG =
1

2
+

1

2t
[θξC(dG − dF ) + (1− θ)(α(dG − dF ) + δdF − c)] (6)

NF =
1

2
− 1

2t

[
θξC(dG − dF ) + (1− θ)

(
α(dG − dF ) + δdF − c

)]
(7)

Platform G’s data advantage attracts consumers through quality improvements but si-

multaneously imposes higher privacy costs that may drive privacy-savvy consumers to

opt out or switch to platform F.

For notational convenience, the three regimes will be referred to as Case 1 (Universal Opt-

Out), Case 2 (Universal Acceptance), and Case 3 (Asymmetric Regime) in all subsequent sec-

tions.

Lemma 1 (Equilibrium). The subgame perfect Nash equilibrium consists of:

1. advertising prices (p∗G, p
∗
F ) given by equation (1) for each platform;

2. consumer platform choices yielding market shares (NG, NF ) as in equations (2)–(7), de-

pending on the prevailing opt-out regime;

3. opt-out decisions by privacy-savvy consumers based on comparing c to δdj for each plat-

form.

Proof. See Appendix A.1.

Lemma 2 (Welfare). The welfare impact of data integration is ambiguous. Higher data integra-

tion increases quality benefits αdj for all consumers, personalization benefits γdj for customization-

savvy consumers, and advertising-side surplus through improved targeting. At the same time, it

increases privacy costs δdj for privacy-savvy consumers who accept personalized advertising.

Proof. See Appendix A.2.

Lemma 2 establishes that the welfare effects of data integration are theoretically ambiguous,

reflecting a fundamental trade-off between efficiency gains and privacy costs. This ambiguity

creates scope for welfare-enhancing regulation that limits data integration under certain market

conditions. The next section therefore analyzes a regulatory intervention that reduces platform

G’s data integration level and characterizes its welfare implications through both direct and

market-mediated channels.
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5 Data Integration Reduction

I consider a regulatory intervention that exogenously lowers platform G’s data integration level

from dG to d′G < dG, holding dF fixed. The resulting welfare effects are decomposed into direct

effects, evaluated at given market shares, and indirect effects operating through equilibrium

market share adjustments.

The direct effects on consumer surplus depend on the composition of consumers on platform

G and whether they choose to opt out. Customization-savvy consumers lose ξC = α + γ

per unit reduction in dG, reflecting the combined loss of quality and personalization benefits.

Privacy-savvy consumers who opt out lose only the quality benefit α, whereas those who accept

personalized advertising experience a net effect ξAP = α− δ, which may be positive or negative

depending on the relative magnitude of quality and privacy costs.

The advertising side is always negatively affected by reductions in data integration. Platform

profits and advertiser surplus both depend on the data-weighted consumer base dGNG+dFNF .

Reducing dG decreases this base directly, by NG, and indirectly, as some consumers switch from

platform G to F .

The market share response to changes in dG differs across regimes. In Cases 1 and 3,
dNG
ddG

= α+θγ
2t > 0, while in Case 2, dNG

ddG
= α+θγ−(1−θ)δ

2t , which can be positive or negative

depending on whether the combined quality and personalization benefits outweigh the privacy

costs.

Taken together, these direct and indirect effects suggest that the welfare consequences of

reducing dG depend crucially on the opt-out regime. Proposition 1 formalizes this, highlighting

when total welfare unambiguously decreases and when it may increase.

Proposition 1 (Welfare Effects of Data Integration Reduction). Consider a reduction in plat-

form G’s data integration level, dG. The welfare effect depends on the opt-out regime:

1. Universal Opt-Out: total welfare unambiguously decreases. Customization-savvy con-

sumers lose, the advertising side is harmed by reduced targeting, and privacy-savvy con-

sumers are shielded by opt-out. The loss arises from both direct reductions in consumer

surplus and advertising efficiency, as well as indirect losses from consumer switching.

2. Universal Acceptance: the effect on total welfare is ambiguous. Formally, welfare

increases if and only if privacy costs δ are large relative to quality benefits α, privacy-

savvy consumers are numerous, advertising benefits µ̄2β are small, the data integration

gap dG − dF is small, and transportation costs t are large.

3. Asymmetric Regime: total welfare unambiguously decreases. Privacy-savvy consumers

on G opt out, so welfare losses come primarily from reduced consumer surplus among

customization-savvy users and diminished advertising efficiency. Both direct and indirect

channels contribute to the loss.

Proof. See Appendix A.3.

The key insight is that reducing data integration is welfare-improving only in the universal

acceptance regime when privacy costs are sufficiently large. In all other regimes, maximal
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data integration is optimal from a total welfare perspective. This establishes that structural

remedies forcing integration reduction face a high bar for justification. While total welfare

may decrease with data integration reduction, the distribution of surplus changes significantly.

Customization-savvy consumers unambiguously lose from reducing dG as they benefit from both

quality and personalization without offsetting privacy costs. Privacy-savvy consumers lose in

the universal opt-out and asymmetric regimes but may gain in the universal acceptance regime

if privacy costs exceed quality benefits (δ > α). Platforms and advertisers always lose from

reduced targeting precision.

The regulatory intervention creates a transfer from customization-savvy consumers and the

advertising side to privacy-savvy consumers, but only when c > δdG and δ > α. Policies protect-

ing privacy-savvy consumers may harm customization-savvy consumers and reduce advertising

efficiency, with the net welfare effect depending on the relative magnitudes and the distribution

of consumer types.

6 Endogenous Data Integration

The preceding analysis shows how welfare and the distribution of surplus depend on platform

G’s data integration level, dG, and on the opt-out regime. In the baseline framework, data

integration is treated as exogenously fixed, capturing historical investments and incumbency

advantages. In practice, however, platforms choose their data integration levels strategically,

and these choices depend on their initial market positions.

Understanding how incumbency shapes investment incentives is therefore essential for evalu-

ating regulatory interventions as effective policy must account not only for static welfare effects,

but also for dynamic responses arising from competitive asymmetries.

Data integration is thus modeled as a costly investment undertaken prior to consumer plat-

form selection and advertising pricing. A key asymmetry arises from platform G’s incumbency

advantage, which lowers its marginal cost of data integration and reflects accumulated expertise,

established data infrastructure, and economies of scale from past investments.

Two departures from the baseline framework are introduced. First, platforms face convex

investment costs when expanding data infrastructure, capturing the increasing marginal diffi-

culty of integrating additional services, maintaining system-wide data consistency, and ensuring

privacy compliance at scale. Platform G, however, benefits from lower marginal costs due to

its incumbent position. Second, the benefits of data integration exhibit diminishing returns:

each additional unit yields smaller incremental improvements in service quality and targeting

precision. Together, these features generate an asymmetric equilibrium that mirrors observed

platform competition, in which dominant firms exploit data advantages to sustain market lead-

ership, while rivals face higher costs in attempting to narrow the integration gap.

6.1 Model Setup

The extended framework is formalized below, specifying costs, quality, advertising value, and

consumer utility as functions of data integration levels and opt-out decisions.
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Investment Cost Function with Incumbency Advantage. The cost of achieving data

integration level dj for platform j ∈ {G,F} is given by:

Cj(dj) =
κjd

1+η
j

1 + η

where κj > 0 represents platform j’s cost parameter and η > 0 captures the degree of convexity.

The marginal cost is C ′
j(dj) = κjd

η
j , which is strictly increasing in dj .

Assumption 4. Platform G has an incumbency advantage, i.e. κG < κF .

Quality Production with Decreasing Returns. The quality benefit from data integration

exhibits decreasing marginal returns: Q(dj) = αdϕj ,
19 where ϕ ∈ (0, 1) captures the elasticity of

quality with respect to data integration, with marginal quality improvement Q′(dj) = αϕdϕ−1
j .

Advertising Value Function. Advertiser willingness-to-pay for impressions exhibits de-

creasing returns to targeting precision: V (dj) = βdψj , where ψ ∈ (0, 1) represents the elasticity

of advertising value, with marginal value V ′(dj) = βψdψ−1
j . The baseline model corresponds to

ψ = 1.

Consumer Utility. Depending on the type and opt-out decision, consumer utility is given by

UC,j(x) = v+ ξCαd
ϕ
j − t|x− ℓj |, UOP,j(x) = v+αdϕj − c− t|x− ℓj |, and UAP,j(x) = v+αdϕj − δdj −

t|x − ℓj |. Privacy costs remain linear in dj while quality benefits exhibit diminishing returns,

creating a potential interior optimum where marginal quality gains equal marginal privacy costs.

Timing. The model adds an initial stage in which platforms simultaneously choose their data

integration levels (dG, dF ) to maximize expected profits, anticipating subsequent consumer and

advertising market outcomes. The subsequent stages proceed as in the baseline model.

6.2 Asymmetric Equilibrium

Lemma 3 (Asymmetric Equilibrium with Incumbency Advantage). Consider the model with

endogenous data integration and an incumbency advantage. For a given privacy regime:

1. Optimal advertising prices are

p∗j =
µ̄βdψj
2

, j ∈ {G,F}.

2. Equilibrium data integration levels (d∗G, d
∗
F ) satisfy

µ̄2β

4

[
ψ(d∗G)

ψ−1NG + (d∗G)
ψ ∂NG

∂dG

]
= κG(d

∗
G)

η, (8)

µ̄2β

4

[
ψ(d∗F )

ψ−1NF + (d∗F )
ψ ∂NF

∂dF

]
= κF (d

∗
F )

η. (9)

19When ϕ = 1, this reduces to the baseline linear specification Q(dj) = αdj .
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3. If κG < κF and η > ψ − 1, there exists a unique interior asymmetric equilibrium with

d∗G > d∗F > 0.

Proof. See Appendix A.4.

In equilibrium, platform G invests more in data integration than platform F , reflecting

its marginal cost advantage. This creates a self-reinforcing dynamic: greater data integration

improves service quality, which attracts more consumers, raises advertising revenue, and in turn

sustains higher investment. By contrast, platform F faces a trade-off between matching G’s

investment at a higher marginal cost or accommodating a smaller market share.

The equilibrium data integration gap, d∗G−d∗F , is increasing in the cost asymmetry (κF−κG)
and in the advertising value parameter β, and decreasing in t. The share of customization-savvy

consumers, θ, further amplifies the marginal return to quality improvements, thereby widening

the integration gap.

6.3 Market Failures

The asymmetric equilibrium characterized in Lemma 3 shows how incumbency advantages dis-

tort investment incentives and create barriers to entry. These distortions give rise to multiple

sources of inefficiency, summarized in the following proposition.

Proposition 2 (Market Failures with Incumbency Advantage). The private equilibrium (d∗G, d
∗
F )

deviates from the social optimum (dSPG , dSPF ) due to four externalities:

1. Business stealing: private gains from attracting marginal consumers represent transfers

rather than social surplus.

2. Advertising externality: private investment captures only a fraction of total advertising

value.

3. Consumer externality: quality benefits to infra-marginal consumers or rival users are not

internalized.

4. Incumbency amplification: cost advantages create excessive concentration, making the data

integration gap reflect both efficiency and strategic positioning.

Proof. See Appendix A.5.

The incumbent’s lower costs generate efficiency gains, improving quality, but may also reduce

competition if the rival cannot achieve sufficient scale. Investment distortions differ across firms:

the incumbent may under- or overinvest depending on advertising returns and competitive

intensity, while the rival’s response depends on the relative size of cost asymmetries and market

share gaps. Optimal policy should preserve efficiency advantages while mitigating distortions

from excessive concentration.
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7 Alternative Remedies

The preceding analysis shows that private platforms may under- or overinvest in data integration

due to advertising externalities, competitive pressures, and incumbency advantages.

The incumbent’s cost advantage generates an asymmetric equilibrium in which the dominant

platform maintains superior data integration, potentially foreclosing competition and reducing

consumer welfare. These distortions motivate regulatory interventions aimed at leveling the

competitive playing field while preserving efficiency gains. This section examines potential

remedies and their interaction with the strategic asymmetries identified in Section 6.

7.1 Regulatory Ceilings on Data Integration

One policy response to the asymmetric equilibrium described above is to limit the incumbent’s

data integration through a regulatory ceiling d̄G < d∗G.

By constraining G’s investment, the competitive gap with the rival is reduced, which can

alter both platforms’ incentives. Specifically, when dG = d̄G, the rival adjusts its integration

optimally according to its first-order condition (9).

µ̄2β

4

[
ψdψ−1

F NF (d̄G, dF ) + dψF
∂NF

∂dF

]
= κFd

η
F .

Applying the implicit function theorem yields the strategic response:

dd∗F
dd̄G

= −
∂2ΠF
∂dF ∂dG
∂2ΠF
∂d2F

.

This expression reflects two effects: higher dG reduces NF , lowering marginal advertising

revenue, while a larger integration gap simultaneously strengthens F ’s incentive to invest. At

the asymmetric equilibrium, these forces can offset each other. When d̄G is near d∗G, reducing

G’s advantage typically boosts F ’s investment, whereas when d̄G is substantially below d∗G, F

may instead scale back its investment.

Total welfare under the ceiling is:

W (d̄G) = CS(d̄G, d
∗
F (d̄G)) +

3µ̄2β

8

[
d̄ψGNG + (d∗F (d̄G))

ψNF
]
− CG(d̄G)− CF (d

∗
F (d̄G))

A necessary condition for welfare improvement is

dW

dd̄G

∣∣∣
d̄G=d

∗
G

< 0.

The ceiling improves welfare if reductions in the incumbent’s quality and advertising dis-

tortions, together with any beneficial response from the rival, outweigh the direct loss from

limiting dG. Conversely, it can reduce welfare when the incumbent underinvests, quality and

advertising gains are large, or the rival decreases investment.

Overall, the effect of a ceiling is context-dependent, shaped by the magnitude and direction

of pre-existing investment distortions, the strategic interaction between platforms, the trade-off

between privacy costs and quality gains, and the relative incumbency advantage κF
κG

.
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7.2 Data Sharing and Siloing Policies

While regulatory ceilings limit the incumbent’s data integration, mandatory data sharing nar-

rows the competitive gap by allowing the rival to access a fraction σ ∈ (0, 1] of the incumbent’s

data. Under sharing, the rival’s effective integration is:

d̃F = dF + σdG,

and the incumbent’s market share adjusts accordingly:

NG =
1

2
+
αξ̄
[
dϕG − d̃ϕF

]
2t

.

The platforms’ FOCs become:

µ̄2β

4

[
ψdψ−1

G NG + dψG
∂NG

∂dG

]
= κGd

η
G,

µ̄2β

4

[
ψd̃ψ−1

F NF + d̃ψF
∂NF

∂dF

]
= κFd

η
F .

Data sharing reduces the incumbent’s marginal return to investment (∂dSG/∂σ < 0), while

the rival’s response is ambiguous, reflecting the balance between free-riding and competitive

pressure. Total welfare is:

WS(σ) = CS(dSG, d
S
F , σ) +

3µ̄2β

8

[
(dSG)

ψNG + (d̃SF )
ψNF

]
− CG(d

S
G)− CF (d

S
F ).

Proposition 3 (Welfare Effects of Data Sharing). Under mandatory data sharing with fraction

σ:

1. The incumbent reduces investment:
∂dSG
∂σ < 0.

2. The rival’s response is ambiguous:
∂dSF
∂σ depends on free-riding versus competitive pressure.

3. Welfare improves if the static gains from narrowing the integration gap and increasing

competition outweigh the dynamic losses from reduced investment.

Proof. See Appendix A.6.

As with ceilings, the welfare impact of data sharing is context-dependent.

It is most beneficial when the incumbent overinvests due to strategic positioning and market

concentration is high, as sharing corrects excessive investment and levels the playing field.

Conversely, if the incumbent underinvests or the rival free-rides excessively, sharing can reduce

welfare.

Data Siloing. An alternative regulatory approach imposes strict data siloing, prohibiting

platforms from combining user data across distinct services or product lines. Unlike integration

caps, which limit the overall level of data integration, siloing restricts its scope by eliminating

cross-service complementarities.
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Formally, suppose platform j operatesK services indexed by k ∈ {1, . . . ,K}, each generating

a service-specific stock of data dkj . In the absence of restrictions, the platform can pool these

datasets to achieve an effective level of data integration

dj = Γ(d1j , . . . , dKj) =

K∑
k=1

ωkdkj + ρ
∑
k ̸=ℓ

dkjdℓj ,

where ωk ∈ [0, 1],
∑

k ωk = 1, captures the relative importance of each service, and ρ > 0

measures economies of scope from cross-service data reuse.

Under a siloing policy, cross-service data flows are prohibited and each dataset can be used

only within its originating service. Effective data integration is therefore limited to

dSilj =

K∑
k=1

ωkdkj ,

eliminating the complementarity term ρ
∑

k ̸=ℓ dkjdℓj .

Siloing reduces effective data integration through two channels. First, it weakens quality

spillovers across services, lowering the impact of data on service quality through the αdj channel.

Second, it reduces advertisers’ willingness to pay by limiting cross-context inference, thereby

lowering advertising revenues through the βdj channel. At the same time, siloing mitigates

privacy harms arising from cross-service inference for privacy-sensitive users.

Proposition 4 (Welfare Effects of Data Siloing). Imposing strict data siloing reduces effective

data integration by eliminating cross-service complementarities. Total welfare increases if and

only if the marginal privacy harm from cross-service inference exceeds the marginal quality and

advertising gains generated by scope economies.

Proof. See Appendix A.7.

7.3 Opt-Out Cost Reduction

Rather than constraining data integration, a complementary policy reduces the cost c of opting

out, for instance through simple, transparent mechanisms, prohibiting dark patterns, or ensuring

equivalent service quality for opt-out users.

In the asymmetric equilibrium with dG > dF , lowering c disproportionately benefits privacy-

savvy consumers on the high-integration incumbent. A marginal reduction in c by ϵ shifts

consumers toward opting out on G, increasing the data-weighted allocation:

∂(dGNG + dFNF )

∂c
= −(dG − dF )(1− θ)

1

2t
< 0.

This intervention improves welfare through three channels simultaneously.

First, privacy-savvy consumers gain utility directly from lower opt-out friction. Second,

consumers reallocate toward the higher-quality platform while opting out, improving matching

efficiency. Third, advertising efficiency rises as the effective data-weighted user base expands,

enhancing platform revenue without reducing quality benefits.
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Proposition 5 (Dominance of Opt-Out Cost Reduction). In the asymmetric equilibrium, re-

ducing opt-out costs:

1. unambiguously increases welfare.

2. strictly dominates structural remedies: it improves consumer choice, preserves quality

benefits, and enhances advertising efficiency without creating offsetting losses.

3. The welfare gains are largest when platforms differ substantially in data integration,

privacy-savvy consumers are numerous, advertising benefits are high, and competition

across platforms is weak.

Proof. See Appendix A.8.

Intuitively, opt-out cost reduction directly addresses the privacy externality while preserving

efficiency gains from data integration. The asymmetry amplifies benefits: privacy-savvy users

migrate to the high-integration platform, exercising their privacy preference without sacrificing

quality, while advertisers benefit from improved targeting on the remaining user base. Unlike

structural remedies, this approach delivers Pareto-improving outcomes across a wide range of

parameter values.

8 Policy Recommendations

The analysis implies a hierarchy among regulatory instruments, based on their welfare perfor-

mance across different market environments. Policies that expand effective consumer control

over data use tend to deliver more robust welfare gains than interventions that mechanically

restrict data integration. As shown in Proposition 5, reducing frictions in opting out directly

addresses privacy externalities while preserving efficiency gains from data-driven improvements

in service quality and advertising. When consumers can refuse personalization without ex-

periencing degraded service, privacy-sensitive users sort according to their preferences, while

users who value customization continue to benefit from richer data environments. By operating

through choice rather than prohibition, this approach avoids the quality and targeting losses

associated with direct restrictions on data use.

Regulatory attention should therefore focus on the effective accessibility of privacy options

rather than their formal availability. Complex interfaces, repeated consent requests, or the with-

drawal of core functionalities raise the implicit cost of opting out and undermine the disciplining

role of user choice. Ensuring functional equivalence between personalized and non-personalized

service versions, except where personalization is technically indispensable, limits platforms’ in-

centives to impose strategic degradation and strengthens the sorting mechanism emphasized

in the model. Such measures improve welfare across a wide range of market configurations by

relaxing distortions without eliminating productive uses of data.

Structural interventions that directly restrict data integration, including integration caps and

data siloing requirements, improve welfare only under more restrictive conditions. Proposition 1

and Proposition 4 show that such measures raise welfare when privacy harms from data use,

particularly those arising from cross-service inference, are large relative to gains in service quality
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and advertising efficiency. In these environments, high levels of integration or extensive cross-

service data reuse primarily magnify privacy costs without generating commensurate efficiency

benefits. Outside these cases, structural restrictions can reduce welfare by weakening incentives

to invest in data-driven quality improvements and advertising technologies.

Policies aimed at reshaping competitive dynamics, such as data-sharing mandates or inte-

gration limits applied to dominant platforms, must also account for their impact on investment

incentives. Proposition 2 highlights externalities that can lead incumbents to overinvest or

underinvest depending on whether advertising and consumer-surplus effects are internalized.

As shown in Proposition 3, measures that narrow a leading platform’s data advantage may

stimulate rival investment and reduce concentration, but can also induce free-riding and de-

press aggregate investment in data generation. The net effect of such interventions depends

on whether observed integration reflects efficiency advantages or strategic behavior intended to

deter entry.

Overall, the results support a regulatory approach that prioritizes instruments enhancing

consumer autonomy and transparency, while reserving more invasive structural remedies, such

as integration caps or data siloing, for settings in which privacy harms are substantial and less

distortive tools are insufficient. This hierarchy recognizes that data integration can both create

consumer value and generate privacy risks, and that effective regulation should rebalance these

forces while minimizing losses in productive efficiency.

9 Conclusion

This paper develops a framework to study the welfare trade-offs associated with data integra-

tion in digital platform markets, incorporating heterogeneous privacy preferences, endogenous

opt-out decisions, advertising revenues, cross-service data use, and strategic investment in data

capabilities. Data integration enhances service quality and advertising efficiency, but also in-

creases privacy exposure for some users, particularly when data are combined across services.

The welfare consequences of regulation therefore hinge on how policy shapes consumer sorting

and firms’ incentives to invest in data-driven technologies.

Policies that lower the cost of opting out of personalized data use generally dominate struc-

tural remedies. By allowing privacy-sensitive consumers to limit data processing without sacri-

ficing core service quality, such policies reduce privacy externalities while preserving efficiency

gains. Across a wide range of market conditions, this approach can generate Pareto-improving

outcomes by aligning consumer choice with platform incentives.

Structural measures that restrict data integration improve welfare primarily when marginal

privacy costs exceed marginal gains in quality and advertising, or when cross-service data use

generates substantial privacy harms. When integration reflects efficiency-enhancing invest-

ments, these interventions can reduce total surplus by lowering service quality and advertising

productivity. High levels of data integration or cross-service data reuse should therefore not

be presumed harmful but the relevant criterion is whether marginal privacy harms outweigh

marginal efficiency gains.

Market outcomes may nonetheless deviate from the social optimum. Incumbent platforms

may overinvest in data to deter entry or underinvest when failing to internalize the broader
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social value of quality and advertising improvements. Entrants’ incentives are shaped by cost

disadvantages and strategic interactions. Competition-oriented remedies, including data shar-

ing, integration limits, or siloing obligations, thus require careful calibration, as they may either

correct or exacerbate investment distortions depending on market conditions.

Taken together, the results support a regulatory strategy that emphasizes user empowerment

and the prevention of manipulative design practices, while reserving more interventionist tools

for cases in which extensive data integration or cross-service data use generates persistent welfare

losses.
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A Proofs

A.1 Proof of Lemma 1

Stage 2: Advertising Pricing. Platform j ∈ {G,F} chooses the per-impression price pj to

maximize advertising revenue:

max
pj

Rj(pj , dj , Nj) = pj ·Aj(pj , dj) ·Nj = pj ·
(
µ̄− pj

βdj

)
·Nj

The FOC yields the optimal price p∗j =
µ̄βdj
2 . Advertiser demand function is A∗

j = µ̄ − p∗j
βdj

=

µ̄− µ̄
2 = µ̄

2 and the equilibrium revenue for platform j is given by R∗
j = p∗j ·A∗

j ·Nj =
µ̄βdj
2 · µ̄2 ·Nj =

µ̄2βdjNj
4 .

Stage 1: Consumer Choice. Consumers observe both platforms’ data integration levels

and choose which to join. The equilibrium market shares depend on the opt-out regime. As

in the main text, for notational convenience, the three regimes will be referred to as Case 1

(Universal Opt-Out), Case 2 (Universal Acceptance), and Case 3 (Asymmetric Regime) in all

subsequent sections.

• Case 1. For customization-savvy consumers located at x ∈ [0, 1], utility from choosing

platform G is UC,G(x) = v+ξCdG−tx, while utility from choosing platform F is UC,F (x) =

v+ ξCdF − t(1− x). Therefore, the marginal consumer satisfies ξC(dG − dF ) = t(1− 2x),

yielding x̃C = 1
2 + ξC(dG−dF )

2t . All customization-savvy consumers with x ≤ x̃C choose

platform G, while those with x > x̃C choose platform F. For privacy-savvy consumers who

opt out on both platforms, utility from choosing platform G is UOP,G(x) = v+αdG−c− tx,
while utility from choosing platform F is UOP,F (x) = v+αdF − c− t(1− x). The marginal

privacy-savvy consumer who opts out is located at x̃OP = 1
2 + α(dG−dF )

2t . The equilibrium

market share of platform G is given by:

NG = θx̃C + (1− θ)x̃OP = θ

(
1

2
+
ξC(dG − dF )

2t

)
+ (1− θ)

(
1

2
+
α(dG − dF )

2t

)
=

1

2
+
dG − dF

2t
[θξC + (1− θ)α] =

1

2
+
dG − dF

2t
(α+ θγ)

while for platform F it is:

NF = 1−NG =
1

2
− dG − dF

2t
(α+ θγ)

• Case 2. Customization-savvy consumers behave identically to Case 1. For privacy-

savvy consumers who accept personalized advertising on both platforms, utility from

choosing platform G is UAP,G(x) = v + ξAP dG − tx, while utility from choosing platform

F is UAP,F (x) = v + ξAP dF − t(1 − x), where ξAP = α − δ. The marginal privacy-savvy

consumer who accepts personalized advertising is located at x̃AP = 1
2 + (α−δ)(dG−dF )

2t . The

net value parameter ξAP = α − δ can be positive, zero or negative depending on whether

quality improvements dominate privacy costs. When α > δ, ξAP > 0 and x̃AP > 1/2, so

privacy-savvy consumers who accept personalized advertising still prefer platform G on

average because quality improvements outweigh privacy concerns; when α = δ, they are
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split equally between platforms, while with α < δ they prefer platform F on average

because the privacy harm from platform G’s superior data integration exceeds the quality

benefit. Market shares are computed following the same approach as above.

• Case 3. Once again, customization-savvy consumers behave identically to the previous

cases, as their behavior is independent of opt-out decisions. For privacy-savvy consumers,

utility from choosing platform G with opt-out is UOP,G(x) = v+αdG− c− tx, while utility

from choosing platform F with personalized advertising is UAP,F (x) = v + ξAP dF − t(1 −
x). Therefore, the marginal privacy-savvy consumer is x̃OAP = 1

2 + α(dG−dF )+δdF−c
2t , and

platform G’s market share is NG = θx̃C+(1−θ)x̃OAP . This cutoff reflects three competing

effects: (i) the quality advantage of platform G, α(dG−dF ) > 0, which attracts consumers

to G; (ii) the privacy cost on platform F, δdF > 0, which makes F less attractive and pushes

consumers toward G; and (iii) the opt-out cost on platform G, −c < 0, which makes G

less attractive and pushes consumers toward F.

Market shares are computed following the same approach as above.

A.2 Proof of Lemma 2

Consumer Surplus

• Case 1. All privacy-savvy consumers opt out on both platforms. Customization-savvy

consumers located at x ∈ [0, x̃C ] choose platform G and obtain utility:

UC,G(x) = v + ξCdG − tx

Integrating over all customization-savvy consumers choosing G:

CSC,G =

∫ x̃C

0

(v + ξCdG − tx)dx = x̃Cv + x̃CξCdG − tx̃2C
2

Similarly, customization-savvy consumers located at x ∈ (x̃C , 1] choose platform F and obtain:

CSC,F =

∫ 1

x̃C

(v + ξCdF − t(1− x))dx = (1− x̃C)v + (1− x̃C)ξCdF − t(1− x̃C)
2

2

Total consumer surplus for customization-savvy consumers is:

CSC = CSC,G + CSC,F = v + ξC(x̃CdG + (1− x̃C)dF )−
t

2
(x̃2C + (1− x̃C)

2)

For privacy-savvy consumers who opt out, those located at x ∈ [0, x̃OP ] choose platform G:

CSOP,G =

∫ x̃OP

0

(v + αdG − c− tx)dx = x̃OP v + x̃OP (αdG − c)− t(x̃OP )
2

2

Privacy-savvy consumers at x ∈ (x̃OP , 1] choose platform F:

CSOP,F =

∫ 1

x̃OP

(v + αdF − c− t(1− x))dx = (1− x̃OP )v + (1− x̃OP )(αdF − c)− t(1− x̃OP )
2

2
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Total consumer surplus for privacy-savvy consumers is:

CSOP = CSOP,G + CSOP,F = v + α(x̃OP dG + (1− x̃OP )dF )− c− t

2
((x̃OP )

2 + (1− x̃OP )
2)

Aggregating across consumer types with weights θ and 1− θ:

CS(1) = θCSC + (1− θ)CSOP

Substituting the cutoff values yields:

CS(1) = θ

[
v + ξC (x̃CdG + (1− x̃C)dF )−

t

2
(x̃2C + (1− x̃C)

2)

]
+ (1− θ)

[
v + α

(
x̃OP dG + (1− x̃OP )dF

)
− c− t

2
((x̃OP )

2 + (1− x̃OP )
2)

]
(10)

The transportation cost terms x̃2+(1− x̃)2 represent the aggregate mismatch cost from consumers

not being located exactly at their chosen platform. This expression is minimized when x̃ = 1/2

and increases as market shares become more asymmetric.

• Case 2. When all privacy-savvy consumers accept personalized advertising, consumer surplus

for customization-savvy consumers remains unchanged. For privacy-savvy consumers who accept

personalized advertising, those at x ∈ [0, x̃AP ] choose platform G:

CSAP,G =

∫ x̃AP

0

(v + ξAP dG − tx)dx = x̃AP v + x̃AP ξ
A
P dG − t(x̃AP )

2

2

Privacy-savvy consumers at x ∈ (x̃AP , 1] choose platform F:

CSAP,F =

∫ 1

x̃AP

(v + ξAP dF − t(1− x))dx = (1− x̃AP )v + (1− x̃AP )ξ
A
P dF − t(1− x̃AP )

2

2

Total consumer surplus for privacy-savvy consumers is:

CSAP = CSAP,G + CSAP,F

= v + ξAP (x̃
A
P dG + (1− x̃AP )dF )−

t

2
((x̃AP )

2 + (1− x̃AP )
2)

Total consumer surplus in Case 2 is:

CS(2) = θCSC + (1− θ)CSAP (11)

The key difference from the previous case is that privacy-savvy consumers now experience net

value ξAP = α− δ rather than α− c. When δ < c, privacy-savvy consumers are better off accepting

personalized advertising because the privacy cost is lower than the opt-out cost.

• Case 3. Consumer surplus for customization-savvy consumers is identical to that derived above.

For privacy-savvy consumers, those at x ∈ [0, x̃OAP ] choose platform G and opt out:

CSOAP,G =

∫ x̃OAP

0

(v + αdG − c− tx)dx = x̃OAP v + x̃OAP (αdG − c)− t(x̃OAP )2

2
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Privacy-savvy consumers at x ∈ (x̃OAP , 1] choose platform F and accept personalized advertising:

CSOAP,F =

∫ 1

x̃OAP

(v + ξAP dF − t(1− x))dx = (1− x̃OAP )v + (1− x̃OAP )ξAP dF − t(1− x̃OAP )2

2

Total consumer surplus for privacy-savvy consumers is:

CSOAP = CSOAP,G + CSOAP,F

= v + x̃OAP (αdG − c) + (1− x̃OAP )ξAP dF − t

2
((x̃OAP )2 + (1− x̃OAP )2)

Total consumer surplus in Case 3 is:

CS(3) = θCSC + (1− θ)CSOAP (12)

This case exhibits the richest structure because privacy-savvy consumers face different effective

costs on each platform. Those choosing G incur the opt-out cost c, while those choosing F bear the

privacy cost δdF . The asymmetry creates a distortion in the allocation of privacy-savvy consumers

across platforms.

Platform Profits

Platform profits equal advertising revenues. The profit in equilibrium for platform j is:

Π∗
j = R∗

j =
µ̄2βdjNj

4

yielding the aggregate platform profits:

Π∗ = ΠG +ΠF =
µ̄2β

4
(dGNG + dFNF ) (13)

that depend on the data-weighted consumer base dGNG + dFNF . Profits increase when con-

sumers sort toward the platform with higher data integration, as this maximizes the value

extracted from the advertising side.

Advertiser Surplus

Advertisers of type µ ≥ p∗j/(βdj) purchase impressions on platform j. Given the optimal price

p∗j =
µ̄βdj
2 , the marginal advertiser has type µ∗j = µ̄/2. On platform j, an advertiser of type µ

derives gross value µβdjNj from reaching Nj consumers and pays p∗jNj =
µ̄βdjNj

2 and her net

surplus is: (
µβdj −

µ̄βdj
2

)
Nj = βdjNj

(
µ− µ̄

2

)
Integrating over all participating advertisers µ ∈ [µ̄/2, µ̄]:

ASj =

∫ µ̄

µ̄/2

βdjNj

(
µ− µ̄

2

)
dµ = βdjNj

[
µ2

2
− µ̄µ

2

]µ̄
µ̄/2

= βdjNj

[(
µ̄2

2
− µ̄2

2

)
−
(
µ̄2

8
− µ̄2

4

)]
= βdjNj

[
0 +

µ̄2

8

]
=
µ̄2βdjNj

8
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Total advertiser surplus across both platforms is:

AS = ASG +ASF =
µ̄2β

8
(dGNG + dFNF ) (14)

Advertiser surplus is exactly half of platform profits, reflecting the standard result that under

linear demand with uniform distribution, consumer surplus equals half of producer surplus

when producers charge the monopoly price. Here, each platform acts as a monopolist on its

advertising side, facing a linear demand from advertisers.

Total Welfare

Total welfare is the sum of consumer surplus, platform profits and advertiser surplus:

W = CS +Π+AS

Substituting equations (13) and (14):

W = CS +
µ̄2β

4
(dGNG + dFNF ) +

µ̄2β

8
(dGNG + dFNF ) = CS +

3µ̄2β

8
(dGNG + dFNF )

The welfare function depends on consumer surplus, which varies by regime, and the data-

weighted consumer base dGNG + dFNF , which determines advertising-side surplus.

• Case 1. Substituting equation (10) and the market shares from equations (2) and (3):

W (1) = θ

[
v + ξC (x̃CdG + (1− x̃C)dF )−

t

2
(x̃2C + (1− x̃C)

2)

]
+ (1− θ)

[
v + α

(
x̃OP dG + (1− x̃OP )dF

)
− c− t

2
((x̃OP )

2 + (1− x̃OP )
2)

]
+

3µ̄2β

8
(dGNG + dFNF )

The opt-out cost c directly reduces consumer surplus for privacy-savvy consumers, rep-

resenting a deadweight loss from avoiding personalized advertising. Secondly, the trans-

portation cost terms capture the inefficiency from imperfect matching between consumers

and platforms. Finally, the data-weighted consumer base term captures the advertising-

side benefits, which increase when consumers sort toward the high-integration platform.

• Case 2. Substituting equation (11):

W (2) = θ

[
v + ξC (x̃CdG + (1− x̃C)dF )−

t

2
(x̃2C + (1− x̃C)

2)

]
+ (1− θ)

[
v + ξAP

(
x̃AP dG + (1− x̃AP )dF

)
− t

2
((x̃AP )

2 + (1− x̃AP )
2)

]
+

3µ̄2β

8
(dGNG + dFNF )

Compared to Case 1, privacy-savvy consumers in Case 2 no longer pay the opt-out cost

c, but instead incur the privacy cost δdj . The net effect on welfare depends on whether c

exceeds the average privacy cost borne by these consumers.
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• Case 3. Substituting equation (12):

W (3) = θ

[
v + ξC (x̃CdG + (1− x̃C)dF )−

t

2
(x̃2C + (1− x̃C)

2)

]
+ (1− θ)

[
v + x̃OAP (αdG − c) + (1− x̃OAP )ξAP dF − t

2
((x̃OAP )2 + (1− x̃OAP )2)

]
+

3µ̄2β

8
(dGNG + dFNF )

This case exhibits the most complex welfare structure. Privacy-savvy consumers choosing

platform G incur the opt-out cost c, while those choosing platform F bear the privacy cost

δdF . The asymmetry in costs creates a distortion: the marginal privacy-savvy consumer

is not indifferent between the two costs, leading to an inefficient allocation.

A.3 Proof of Proposition 1

Direct Effect on Consumer Surplus

Consider first the direct effect on consumer surplus, treating market shares as fixed.

• Case 1. The direct effect on customization-savvy consumers choosing G is
∂CSC,G
∂dG

=

x̃CξC > 0, since each of them loses ξC = α + γ units of utility per unit reduction in dG.

For privacy-savvy consumers choosing G, the effect is
∂CSOP,G
∂dG

= x̃OPα > 0, as each loses α

units of utility per unit reduction in dG. The aggregate effects are proportional to θx̃C
and (1− θ)x̃OP respectively. Consumers on platform F experience no direct effect since dF
is held constant. Thus, the total direct effect on consumer surplus is:

∂CS(1)

∂dG

∣∣∣∣
direct

= θx̃CξC + (1− θ)x̃OPα > 0 (15)

• Case 2. The direct effect on privacy-savvy consumers choosing G is
∂CSAP,G
∂dG

= x̃AP ξ
A
P =

x̃AP (α − δ). The sign depends on whether α > δ or α < δ. If quality benefits dominate

privacy costs (α > δ), then reducing dG directly harms privacy-savvy consumers on G. If

privacy costs dominate (α < δ), reducing dG directly benefits these consumers by reducing

their privacy exposure. The total direct effect on consumer surplus in this regime is given

by:
∂CS(2)

∂dG

∣∣∣∣
direct

= θx̃CξC + (1− θ)x̃AP ξ
A
P

The sign is ambiguous and depends on the balance between quality benefits and privacy

costs.

• Case 3. Privacy-savvy consumers on G opt out, so:

∂CS(3)

∂dG

∣∣∣∣
direct

= θx̃CξC + (1− θ)x̃OAP α

which is positive as privacy-savvy consumers on G are shielded from privacy costs through

opt-out.

27



Direct Effect on Advertising-Side Surplus

Platform profits and advertiser surplus both depend on the data-weighted consumer base

dGNG+dFNF . Holding market shares constant, the direct effect is equal ∂(dGNG+dFNF )∂dG

∣∣∣∣
direct

=

NG.

A unit reduction in dG reduces the data-weighted consumer base by NG, the number of

consumers on platform G. This reduces both platform profits and advertiser surplus:

∂Π

∂dG

∣∣∣∣
direct

=
µ̄2βNG

4
> 0 (16)

∂AS

∂dG

∣∣∣∣
direct

=
µ̄2βNG

8
> 0 (17)

The reduction in data integration unambiguously harms the advertising side by reducing

the targeting precision on platform G.

Indirect Effects

• Case 1. Differentiating equation (2) with respect to dG yields dNG
ddG

= α+θγ
2t > 0. Thus, a

unit reduction in dG shifts α+θγ
2t consumers from G to F , reflecting a quality effect α

2t and

a personalization effect θγ
2t . The switching consumers are marginal, located at x̃C and x̃OP ,

and are indifferent between platforms. Hence, to a first-order approximation, switching

entails no utility change for either customization-savvy or privacy-savvy consumers. How-

ever, the market share change affects advertising-side surplus. When consumers switch

from G to F, the data-weighted consumer base changes by:

∂(dGNG + dFNF )

∂dG

∣∣∣∣
indirect

=
∂(dGNG + dFNF )

∂NG
· dNG
ddG

= (dG − dF ) ·
α+ θγ

2t

Additionally, the indirect effects on platform profits and advertiser surplus are given by:

∂Π

∂dG

∣∣∣∣
indirect

=
µ̄2β

4
(dG − dF ) ·

α+ θγ

2t
> 0

∂AS

∂dG

∣∣∣∣
indirect

=
µ̄2β

8
(dG − dF ) ·

α+ θγ

2t
> 0

• Case 2. From equation (4):
dNG
ddG

=
α+ θγ − (1− θ)δ

2t

The sign depends on whether α + θγ > (1 − θ)δ. If quality benefits and personalization

benefits outweigh the privacy costs imposed on privacy-savvy consumers, then platform

G’s market share increases with dG. If privacy costs dominate, platform G’s market share

decreases with dG: higher data integration makes G less attractive because it imposes

excessive privacy costs.

The indirect effect on advertising-side surplus is:

∂(dGNG + dFNF )

∂dG

∣∣∣∣
indirect

= (dG − dF ) ·
α+ θγ − (1− θ)δ

2t
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and can be positive or negative depending on whether G’s market share increases or

decreases with dG.

• Case 3. From equation (6), the market share response is more complex because the

cutoff x̃OAP depends on dG in a nonlinear way. Recalling x̃OAP = 1
2 + α(dG−dF )+δdF−c

2t and

differentiating with respect to dG yields α
2t .

For customization-savvy consumers:

∂x̃C
∂dG

=
ξC
2t

=
α+ γ

2t

Platform G’s market share is NG = θx̃C + (1− θ)x̃OAP , so:

dNG
ddG

= θ · α+ γ

2t
+ (1− θ) · α

2t
=
α+ θγ

2t
> 0

Interestingly, this equals the market share response in Case 1. The reason is that privacy-

savvy consumers on G opt out, so they respond only to quality improvements α, while

those on F face privacy costs that depend only on dF , which is held constant.

The indirect effect on advertising-side surplus is:

∂(dGNG + dFNF )

∂dG

∣∣∣∣
indirect

= (dG − dF ) ·
α+ θγ

2t
> 0

Total Welfare Effect

• Case 1. Combining equations (15), (16), (17), and the indirect effects:

dW (1)

ddG
= θx̃CξC + (1− θ)x̃OPα︸ ︷︷ ︸

Direct CS effect

+
3µ̄2βNG

8︸ ︷︷ ︸
Direct advertising effect

+
3µ̄2β

8
(dG − dF ) ·

α+ θγ

2t︸ ︷︷ ︸
Indirect advertising effect through market shares

Substituting NG = 1
2 + (dG−dF )(α+θγ)

2t :

dW (1)

ddG
= θx̃CξC + (1− θ)x̃OPα+

3µ̄2β

8

[
1

2
+

(dG − dF )(α+ θγ)

2t

]
+

3µ̄2β

8
(dG − dF ) ·

α+ θγ

2t

= θx̃CξC + (1− θ)x̃OPα+
3µ̄2β

16
+

3µ̄2β(dG − dF )(α+ θγ)

8t

All terms are positive, implying dW (1)

ddG
> 0.

• Case 2. Similarly, the total welfare effect is:

dW (2)

ddG
= θx̃CξC + (1− θ)x̃AP ξ

A
P︸ ︷︷ ︸

Direct CS effect

+
3µ̄2βNG

8︸ ︷︷ ︸
Direct advertising effect

+
3µ̄2β

8
(dG − dF ) ·

α+ θγ − (1− θ)δ

2t︸ ︷︷ ︸
Indirect advertising effect
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Substituting NG = 1
2 + (dG−dF )(α+θγ−(1−θ)δ)

2t and ξAP = α− δ:

dW (2)

ddG
= θx̃C(α+ γ) + (1− θ)x̃AP (α− δ) +

3µ̄2β

8

[
1

2
+

(dG − dF )(α+ θγ − (1− θ)δ)

2t

]
+

3µ̄2β

8
(dG − dF ) ·

α+ θγ − (1− θ)δ

2t

Simplifying:

dW (2)

ddG
= θx̃C(α+ γ) + (1− θ)x̃AP (α− δ) +

3µ̄2β

16
+

3µ̄2β(dG − dF )(α+ θγ − (1− θ)δ)

4t

• Case 3. The total welfare effect has the same form as in Case 1:

dW (3)

ddG
= θx̃CξC + (1− θ)x̃OAP α+

3µ̄2βNG
8

+
3µ̄2β

8
(dG − dF ) ·

α+ θγ

2t

A.4 Proof of Lemma 3

Stage 3: Advertising Pricing. Platform j ∈ {G,F} solves:

max
pj

Rj(pj , dj , Nj) = pj

(
µ̄− pj

βdψj

)
Nj

Taking the first-order condition:

∂Rj
∂pj

=

(
µ̄− 2pj

βdψj

)
Nj = 0

Solving yields the optimal price:

p∗j =
µ̄βdψj
2

The price is increasing in data integration with elasticity ψ < 1, reflecting decreasing returns

to targeting precision. The mass of participating advertisers is:

A∗
j = µ̄−

p∗j

βdψj
= µ̄− µ̄

2
=
µ̄

2

and platform revenue is:

R∗
j = p∗j ·A∗

j ·Nj =
µ̄βdψj
2

· µ̄
2
·Nj =

µ̄2βdψj Nj

4

Stage 2: Consumer Platform Choice. In Case 1, customization-savvy consumers located

at x choosing platform G obtain utility UC,G(x) = v+ξCαd
ϕ
G−tx, while those choosing platform

F obtain UC,F (x) = v + ξCαd
ϕ
F − t(1 − x). The marginal customization-savvy consumer is

therefore located at x̃C = 1
2 +

ξCα(d
ϕ
G−d

ϕ
F )

2t . For privacy-savvy consumers who opt out on both

platforms, the marginal consumer’s location is x̃OP = 1
2 +

α(dϕG−d
ϕ
F )

2t .
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Platform G’s market share is:

NG = θx̃C + (1− θ)x̃OP = θ

(
1

2
+
ξCα(d

ϕ
G − dϕF )

2t

)
+ (1− θ)

(
1

2
+
α(dϕG − dϕF )

2t

)

=
1

2
+
α(dϕG − dϕF )

2t
[θξC + (1− θ)]

Defining ξ̄ ≡ θξC + (1− θ) = θ(α+ γ) + (1− θ) yields:

NG =
1

2
+
αξ̄(dϕG − dϕF )

2t
(18)

Stage 1: Data Integration Investment. Platform j chooses dj to maximize profit net of

investment costs:

Πj(dj , d−j) = R∗
j (dj , d−j)− Cj(dj) =

µ̄2βdψj Nj(dj , d−j)

4
−
κjd

1+η
j

1 + η

Taking the first-order condition with respect to dj :

∂Πj
∂dj

=
µ̄2β

4

[
ψdψ−1

j Nj + dψj
∂Nj
∂dj

]
− κjd

η
j = 0

For platform G, from equation (18):

∂NG
∂dG

=
αξ̄ϕdϕ−1

G

2t

Substituting into the first-order condition:

µ̄2β

4

[
ψdψ−1

G NG + dψG ·
αξ̄ϕdϕ−1

G

2t

]
= κGd

η
G

Simplifying:

µ̄2β

4

[
ψdψ−1

G NG +
αξ̄ϕdϕ+ψ−1

G

2t

]
= κGd

η
G (19)

Similarly, for platform F :
∂NF
∂dF

= −∂NG
∂dF

=
αξ̄ϕdϕ−1

F

2t

The first-order condition for platform F is:

µ̄2β

4

[
ψdψ−1

F NF +
αξ̄ϕdϕ+ψ−1

F

2t

]
= κF d

η
F

Existence and Uniqueness of Asymmetric Equilibrium. Existence and uniqueness are

established by verifying that the best-response functions are well defined, continuous, and satisfy

appropriate monotonicity conditions.

For platform j, define the marginal benefit function:

MBj(dj , d−j) ≡
µ̄2β

4

[
ψdψ−1

j Nj(dj , d−j) + dψj
∂Nj
∂dj

]
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and the marginal cost function:

MCj(dj) ≡ κjd
η
j

Step 1: Properties at boundaries. At dj = 0:

MBj(0, d−j) =
µ̄2βψ

4
·Nj(0, d−j) > 0

since Nj(0, d−j) > 0 for finite d−j . Meanwhile:

MCj(0) = 0

Therefore MBj(0, d−j) > MCj(0) for all d−j ≥ 0. As dj → ∞:

lim
dj→∞

MBj(dj , d−j)

MCj(dj)
= lim
dj→∞

µ̄2β
4

[
ψdψ−1

j Nj + dψj
αξ̄ϕdϕ−1

j

2t

]
κjd

η
j

Since Nj is bounded and η > ψ − 1 (by assumption), the highest-order term in the numerator

is dϕ+ψ−1
j while the denominator has order dηj . For η > max{ψ− 1, ϕ+ψ− 1}, the limit is zero,

ensuring that MBj < MCj for sufficiently large dj .

Step 2: Monotonicity of marginal benefit and marginal cost. Taking derivatives:

∂MBj
∂dj

=
µ̄2β

4

[
ψ(ψ − 1)dψ−2

j Nj + 2ψdψ−1
j

∂Nj
∂dj

+ dψj
∂2Nj
∂d2j

]

For the marginal cost:
∂MCj
∂dj

= κjηd
η−1
j > 0

The sign of
∂MBj
∂dj

is ambiguous due to the competing effects of decreasing returns (ψ < 1

implies ψ(ψ−1) < 0) and market share effects. However, for the existence of equilibrium, what

matters is that eventually MC grows faster than MB as dj increases.

Step 3: Strategic interaction and best response functions. Platform j’s best response function

BRj(d−j) is implicitly defined by:

MBj(dj , d−j) =MCj(dj)

By the implicit function theorem:

∂BRj
∂d−j

= −
∂MBj
∂d−j

∂MBj
∂dj

− ∂MCj
∂dj

For platform G:
∂MBG
∂dF

=
µ̄2β

4
ψdψ−1

G

∂NG
∂dF

Since ∂NG
∂dF

= −αξ̄ϕdϕ−1
F

2t < 0, ∂MBG
∂dF

< 0, establishing that data integration levels are strategic

substitutes.

Step 4: Asymmetric equilibrium with incumbency advantage. With κG < κF , platform G has
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lower marginal costs at every level of data integration. Comparing the first-order conditions at

any common level d:
µ̄2β

4

[
ψdψ−1N +

αξ̄ϕdϕ+ψ−1

2t

]
= κGd

η < κF d
η

At the symmetric point where dG = dF = d and NG = NF = 1/2, platform G’s marginal

benefit exceeds its marginal cost while platform F ’s marginal benefit falls short of its marginal

cost. This implies that in equilibrium, platform G invests more: d∗G > d∗F .

Step 5: Existence and Uniqueness. Consider the Stage 1 data integration game where platforms

simultaneously choose dj ∈ [0, d̄] to maximize Πj(dj , d−j).

The strategy sets are compact and convex, and Πj(dj , d−j) is continuous in (dj , d−j) and

strictly concave in dj , given the concavity of advertising revenues in data integration and the

convexity of investment costs. Moreover, the cross-partial derivatives satisfy
∂2Πj

∂dj∂d−j
< 0, im-

plying that data integration choices are strategic substitutes. Under the maintained assumption

that own effects dominate cross effects (i.e. diagonal dominance of the Jacobian of first-order

conditions), the game is diagonally strictly concave in the sense of Rosen (1965).

Therefore, the Stage 1 game admits a unique Nash equilibrium. Combined with the analysis

in Steps 1–4, this equilibrium is asymmetric, with d∗G > d∗F > 0 whenever κG < κF .

In the unique asymmetric equilibrium, platform G achieves higher data integration d∗G >

d∗F > 0 and captures a larger market share, N∗
G > 1/2 > N∗

F . Moreover, comparative statics

with respect to κF −κG, β, ϕ, and t follow from the first-order conditions and have the natural

signs: greater cost asymmetry, higher advertising value, and stronger quality effects widen the

data integration gap, while stronger competition (higher t) mitigates it.

This completes the proof of Lemma 3.

A.5 Proof of Proposition 2

The social planner maximizes total welfare:

W = CS +ΠG +ΠF +AS − CG(dG)− CF (dF )

In the asymmetric case with universal opt-out, consumer surplus is:

CS = θ

[
v + ξCα(NG(d

∗
G)

ϕ +NF (d
∗
F )
ϕ)− t

2
(x̃2C + (1− x̃C)

2)

]
+ (1− θ)

[
v + α(NG(d

∗
G)

ϕ +NF (d
∗
F )
ϕ)− c− t

2
((x̃OP )

2 + (1− x̃OP )
2)

]
The social planner’s first-order condition with respect to dG is:

∂W

∂dG
=
∂CS

∂dG
+

3µ̄2β

8

[
ψ(dG)

ψ−1NG + (dG)
ψ ∂NG
∂dG

]
+

3µ̄2β

8
(dF )

ψ ∂NF
∂dG

− κG(dG)
η = 0

The consumer surplus derivative consists of two components:

1. Direct quality effect on existing users:

∂CS

∂dG

∣∣∣∣
direct

= αξ̄ϕ(dG)
ϕ−1NG
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2. Reallocation effect from market share changes:

∂CS

∂dG

∣∣∣∣
indirect

= αξ̄
[
(dG)

ϕ − (dF )
ϕ
] ∂NG
∂dG

− t

2

∂(x̃2 + (1− x̃)2)

∂dG

Since ∂NF
∂dG

= −∂NG
∂dG

, the social planner’s FOC becomes:

αξ̄ϕ(dSPG )ϕ−1NG + αξ̄
[
(dSPG )ϕ − (dSPF )ϕ

] ∂NG
∂dG

− t

2

∂
(
x̃2 + (1− x̃)2

)
∂dG

+
3µ̄2β

8

[
ψ(dSPG )ψ−1NG + (dSPG )ψ

∂NG
∂dG

]
+

3µ̄2β

8
(dSPF )ψ

∂NF
∂dG

− κG(d
SP
G )η = 0.

Comparing with platform G’s private FOC from equation (19):

µ̄2β

4

[
ψ(d∗G)

ψ−1NG +
αξ̄ϕ(d∗G)

ϕ+ψ−1

2t

]
= κG(d

∗
G)

η

Externalities. The difference between social and private marginal benefits reflects the pres-

ence of four externalities.

1. Advertising-side externality: the social planner values total advertising surplus at
3µ̄2β
8 while platforms capture only µ̄2β

4 . This creates:

3µ̄2βψ(dG)
ψ−1NG

8
− µ̄2βψ(dG)

ψ−1NG
4

=
µ̄2βψ(dG)

ψ−1NG
8

> 0

This externality is larger for platform G due to its larger consumer base NG > NF .

2. Consumer-side externality: platforms capture quality benefits only through market

share effects, not from infra-marginal consumers:

αξ̄ϕ(dG)
ϕ−1NG − µ̄2βαξ̄ϕ(dG)

ϕ+ψ−1

8t
> 0

when 8tNG
(dG)ψ

> µ̄2β.

3. Business stealing effect: the private FOC includes market share gains that represent

pure transfers:
µ̄2βαξ̄ϕ(dG)

ϕ+ψ−1

8t

This creates overinvestment incentives as platforms compete for market share.

4. Incumbency amplification: platform G’s cost advantage κG < κF creates excessive

market concentration. The social planner would balance efficiency gains from exploiting

G’s cost advantage against competition benefits from maintaining a viable rival.

Direction of Distortion. Platform G underinvests (d∗G < dSPG ) when:

αξ̄ϕ(d∗G)
ϕ−1NG +

µ̄2βψ(d∗G)
ψ−1NG

8
>
µ̄2βαξ̄ϕ(d∗G)

ϕ+ψ−1NG
4t

Simplifying:

8t[αξ̄ϕ(d∗G)
ϕ−1 +

µ̄2βψ(d∗G)ψ−1

8 ]

µ̄2βαξ̄ϕ(d∗G)
ϕ+ψ−1

> NG
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This condition holds when µ̄2β and t are large, and NG is not too large. Platform G overinvests

(d∗G > dSPG ) when the inequality reverses, which occurs when competition is intense (t small)

and business stealing effects dominate externalities. For platform F , the analysis is similar

but complicated by its cost disadvantage. Platform F may overinvest to compensate for lower

market share, or underinvest due to the same externalities affecting G.

This completes the proof of Proposition 2.

A.6 Proof of Proposition 3

Under mandatory data sharing with parameter σ ∈ (0, 1], platform F gains access to a fraction

of platform G’s data, so its effective data integration becomes:

d̃F = dF + σdG

Stage 2: Market Shares with Data Sharing. In Case 1 (universal opt-out), the marginal

customization-savvy consumer satisfies:

ξCα[(dG)
ϕ − (dF + σdG)

ϕ] = t(1− 2x̃C)

Solving:

x̃C =
1

2
+
ξCα[(dG)

ϕ − (dF + σdG)
ϕ]

2t

Similarly, for privacy-savvy consumers:

x̃OP =
1

2
+
α[(dG)

ϕ − (dF + σdG)
ϕ]

2t

Platform G’s market share becomes:

NG =
1

2
+
αξ̄[(dG)

ϕ − (dF + σdG)
ϕ]

2t
(20)

Stage 1: Investment with Data Sharing. Platform G’s profit function is:

ΠSG(dG, dF ) =
µ̄2β(dG)

ψNG(dG, dF + σdG)

4
−
κGd

1+η
G

1 + η

Taking the first-order condition:

∂ΠSG
∂dG

=
µ̄2β

4

[
ψ(dG)

ψ−1NG + (dG)
ψ ∂NG
∂dG

]
− κG(dG)

η = 0

The market share derivative now includes the dilution effect:

∂NG
∂dG

=
αξ̄

2t

[
ϕ(dG)

ϕ−1 − ϕσ(dF + σdG)
ϕ−1
]

=
αξ̄ϕ

2t

[
(dG)

ϕ−1 − σ(dF + σdG)
ϕ−1
]

The term −σ(dF + σdG)
ϕ−1 represents the dilution effect: when G increases dG, platform F

automatically benefits through d̃F = dF + σdG, reducing G’s marginal market share gain.
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Comparing with the no-sharing case where ∂NG
∂dG

∣∣
σ=0

= αξ̄ϕ(dG)
ϕ−1

2t :

∂NG
∂dG

∣∣∣∣
σ>0

<
∂NG
∂dG

∣∣∣∣
σ=0

This establishes that data sharing unambiguously reduces platform G’s marginal benefit from

investment.

Effect on Platform G’s Investment. Taking the total derivative of platform G’s FOC with

respect to σ:

∂2ΠSG
∂d2G

∂dSG
∂σ

+
∂2ΠSG
∂dG∂σ

= 0

By the implicit function theorem:

∂dSG
∂σ

= −
∂2ΠSG
∂dG∂σ

∂2ΠSG
∂d2G

The cross-partial derivative is:

∂2ΠSG
∂dG∂σ

=
µ̄2β

4

[
ψ(dG)

ψ−1 ∂NG
∂σ

+ (dG)
ψ ∂2NG
∂dG∂σ

]
From equation (20):

∂NG
∂σ

= −αξ̄ϕdG(dF + σdG)
ϕ−1

2t
< 0

Since ∂NG
∂σ < 0 and the second-order condition requires

∂2ΠSG
∂d2G

< 0:

∂dSG
∂σ

< 0 (21)

Platform G reduces investment in response to data sharing.

Effect on Platform F ’s Investment. Platform F ’s profit function is:

ΠSF (dG, dF ) =
µ̄2β(dF + σdG)

ψNF (dG, dF + σdG)

4
−
κF d

1+η
F

1 + η

The first-order condition is:

µ̄2β

4

[
ψ(dF + σdG)

ψ−1NF + (dF + σdG)
ψ ∂NF
∂dF

]
= κF (dF )

η

Taking the total derivative with respect to σ:

∂dSF
∂σ

= −
∂2ΠSF
∂dF ∂σ

∂2ΠSF
∂d2F

+

∂2ΠSF
∂dF ∂dG
∂2ΠSF
∂d2F

· ∂d
S
G

∂σ
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The direct effect through σ is:

∂2ΠSF
∂dF∂σ

=
µ̄2β

4

[
ψ(ψ − 1)(dF + σdG)

ψ−2dGNF + ψ(dF + σdG)
ψ−1 ∂NF

∂σ
+ ψ(dF + σdG)

ψ−1dG
∂NF
∂dF

+ (dF + σdG)
ψ ∂2NF
∂dF∂σ

]

The sign of this expression is ambiguous due to competing effects:

1. Free-riding effect: the terms involving dG in the effective integration d̃F = dF + σdG

increase revenue without additional cost, reducing the marginal return to proprietary

investment dF . This effect tends to make
∂2ΠSF
∂dF ∂σ

< 0;

2. Competitive pressure effect: As platform F ’s effective integration increases through

sharing, its market share NF grows, raising the base over which advertising revenue is

earned. This increases the return to further investment, tending to make
∂2ΠSF
∂dF ∂σ

> 0.

The net effect depends on β, the cost disadvantage κF −κG, the initial integration gap d∗G−d∗F ,
and the elasticities ψ and ϕ.

Welfare Analysis. Total welfare under data sharing is:

WS(σ) = CS(dSG(σ), d
S
F (σ), σ) +

3µ̄2β

8
[(dSG)

ψNG + (dSF + σdSG)
ψNF ]− CG(d

S
G(σ))− CF (d

S
F (σ))

Taking the derivative with respect to σ and evaluating at σ = 0:

dWS

dσ

∣∣∣∣
σ=0

=
∂CS

∂σ︸ ︷︷ ︸
Direct CS effect

+
∂CS

∂dG

∂dSG
∂σ︸ ︷︷ ︸

CS effect via dG

+
∂CS

∂dF

∂dSF
∂σ︸ ︷︷ ︸

CS effect via dF

+
3µ̄2β

8

[
ψ(d∗G)

ψ−1NG
∂dSG
∂σ

+ (d∗G)
ψ ∂NG
∂dG

∂dSG
∂σ

]
︸ ︷︷ ︸

Advertising effect via dG

+
3µ̄2β

8

[
ψ(d∗F )

ψ−1NF

(
∂dSF
∂σ

+ d∗G

)
+ (d∗F )

ψ ∂NF
∂dF

∂dSF
∂σ

]
︸ ︷︷ ︸

Advertising effect via dF and σ

− κG(d
∗
G)

η ∂d
S
G

∂σ︸ ︷︷ ︸
Cost effect for G

− κF (d
∗
F )
η ∂d

S
F

∂σ︸ ︷︷ ︸
Cost effect for F

The direct consumer surplus effect is:

∂CS

∂σ
= (1− θ)NFαϕ(d

∗
G)

ϕ · (d∗G)ϕ−1 > 0

This captures the quality improvement for privacy-savvy consumers on platform F who benefit

from access to platform G’s data. The direct advertising effect is:

3µ̄2βψ(d∗F )
ψ−1NF d

∗
G

8
> 0

This represents improved targeting precision on platform F .

Using the FOCs from equations (8) and (9) and the envelope theorem, the terms involving
∂dSG
∂σ
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and
∂dSF
∂σ can be simplified. From platform G’s FOC:

µ̄2β

4

[
ψ(d∗G)

ψ−1NG + (d∗G)
ψ ∂NG
∂dG

]
= κG(d

∗
G)

η

Therefore:

3µ̄2β

8

[
ψ(d∗G)

ψ−1NG + (d∗G)
ψ ∂NG
∂dG

]
− κG(d

∗
G)

η

=
3

2
· µ̄

2β

4

[
ψ(d∗G)

ψ−1NG + (d∗G)
ψ ∂NG
∂dG

]
− κG(d

∗
G)

η

=
3

2
κG(d

∗
G)

η − κG(d
∗
G)

η

=
1

2
κG(d

∗
G)

η > 0

This represents the advertising externality that platform G fails to internalize. The social

planner values advertising surplus at 3µ̄2β
8 while platform G captures only µ̄2β

4 . Similarly, for

platform F :
3µ̄2β

8

[
ψ(d∗F )

ψ−1NF + (d∗F )
ψ ∂NF
∂dF

]
− κF (d

∗
F )
η =

1

2
κF (d

∗
F )
η > 0

Substituting these simplifications:

dWS

dσ

∣∣∣∣
σ=0

= (1− θ)NFαϕ(d
∗
G)

2ϕ−1 +
3µ̄2βψ(d∗F )

ψ−1NF d
∗
G

8

+
1

2
κG(d

∗
G)

η ∂d
S
G

∂σ
+

1

2
κF (d

∗
F )
η ∂d

S
F

∂σ

+
∂CS

∂dG

∂dSG
∂σ

+
∂CS

∂dF

∂dSF
∂σ

Conditions for Welfare Improvement. Data sharing improves welfare if and only if:

(1− θ)NFαϕ(d
∗
G)

2ϕ−1 +
3µ̄2βψ(d∗F )

ψ−1NF d
∗
G

8
> −∆W investment

where:

∆W investment =

[
∂CS

∂dG
+

1

2
κG(d

∗
G)

η

]
∂dSG
∂σ

+

[
∂CS

∂dF
+

1

2
κF (d

∗
F )
η

]
∂dSF
∂σ

Since
∂dSG
∂σ < 0 from equation (21), the first term is negative (welfare loss from reduced G

investment) when:
∂CS

∂dG
+

1

2
κG(d

∗
G)

η > 0

This condition holds when platform G underinvests in the no-sharing equilibrium, i.e., when the

marginal social benefit of G’s investment exceeds its marginal cost. The second term depends

on the sign of
∂dSF
∂σ . Specifically, if

∂dSF
∂σ > 0 (competitive pressure dominates free-riding), the

welfare effect is positive when platform F underinvests; if
∂dSF
∂σ < 0, the welfare effect is negative

when platform F underinvests.

Therefore, data sharing improves welfare when:

1. Static gains dominate: (1− θ)NF is large (many privacy-savvy consumers on F ) and

d∗G is large (substantial data to share), making the direct CS and advertising effects large;
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2. Platform G overinvests: the term ∂CS
∂dG

+ 1
2κG(d

∗
G)

η < 0, so reducing G’s investment

generates a welfare gain;

3. Platform F increases investment:
∂dSF
∂σ > 0 and platform F underinvests (∂CS∂dF

+
1
2κF (d

∗
F )

η > 0), so sharing induces welfare-improving investment by F .

Conversely, data sharing reduces welfare when platform G underinvests in the no-sharing equi-

librium, platform F reduces investment in response to sharing (free-riding effect), and static

gains are small relative to dynamic losses from reduced investment.

This completes the proof of Proposition 3.

A.7 Proof of Proposition 4

Platform j operates K services indexed by k ∈ {1, . . . ,K}, each generating service-specific data

dkj . With unrestricted pooling, effective data integration is:

dj = Γ(d1j , . . . , dKj) =

K∑
k=1

ωkdkj + ρ
∑
k ̸=ℓ

dkjdℓj

where ωk ∈ [0, 1] with
∑K

k=1 ωk = 1 captures the relative importance of service k, and ρ > 0

measures economies of scope in cross-service data reuse. Under siloing, cross-service data flows

are prohibited, restricting effective integration to:

dSilj =

K∑
k=1

ωkdkj

The welfare impact of siloing is evaluated by comparing outcomes under unrestricted pooling

(ρ > 0) versus siloing (ρ = 0).

Investment Incentives. Platform j’s profit function with service-specific data investments

is:

Πj(d1j , . . . , dKj) =
µ̄2β

4
[Γ(d1j , . . . , dKj)]

ψ
Nj −

K∑
k=1

κkjd
1+η
kj

1 + η

where κkj > 0 is the marginal cost parameter for service k and platform j. The FOC for

investment in service k is:

∂Πj
∂dkj

=
µ̄2βψ

4
[Γ(d1j , . . . , dKj)]

ψ−1 ∂Γ

∂dkj
Nj − κkjd

η
kj = 0 (22)

Computing the partial derivative of Γ with respect to dkj :

∂Γ

∂dkj
= ωk + ρ

∑
ℓ ̸=k

dℓj

Under unrestricted pooling (ρ > 0), the marginal benefit from investing in service k includes

both the direct effect ωk and the complementarity effect ρ
∑

ℓ̸=k dℓj . Under siloing (ρ = 0), only

the direct effect remains. Taking the cross-partial derivative:

∂2Γ

∂dkj∂ρ
=
∑
ℓ ̸=k

dℓj ≥ 0 (23)
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with strict inequality when dℓj > 0 for some ℓ ̸= k. This establishes that the marginal return

to investing in service k is weakly increasing in ρ. By the implicit function theorem applied to

equation (22):

∂d∗kj
∂ρ

= −
∂2Πj
∂dkj∂ρ

∂2Πj
∂d2kj

The numerator is:

∂2Πj
∂dkj∂ρ

=
µ̄2βψ

4
Nj

[
(ψ − 1) [Γ(d1j , . . . , dKj)]

ψ−2 ∂Γ

∂dkj

∂Γ

∂ρ

+ [Γ(d1j , . . . , dKj)]
ψ−1 ∂2Γ

∂dkj∂ρ

]

Since ∂Γ
∂ρ =

∑
k ̸=ℓ dkjdℓj > 0 and ∂2Γ

∂dkj∂ρ
> 0 (from equation (23)), both terms in the numerator

are positive when ψ > 0. The denominator satisfies
∂2Πj
∂d2kj

< 0 by the second-order condition for

profit maximization. Therefore:
∂d∗kj
∂ρ

> 0

Cross-service complementarities increase investment incentives in each service. Siloing (ρ = 0)

reduces investment relative to unrestricted pooling.

Consumer Surplus. Consumer surplus aggregates utility across all consumer types and plat-

forms. In general form:

CS =
∑
i∈I

∑
j∈{G,F}

θiNij

[
v + ξiα [Γ(d1j , . . . , dKj)]

ϕ −OCi − TCij

]

where I indexes consumer types, θi is the population share of type i, Nij is the mass of

type-i consumers on platform j, ξi is the net value of data integration for type i (accounting

for personalization and privacy), OCi is the opt-out cost (if applicable), and TCij represents

transportation costs. Taking the derivative with respect to ρ:

∂CS

∂ρ
=
∑
i∈I

∑
j∈{G,F}

θiNijξiαϕ [Γ(d1j , . . . , dKj)]
ϕ−1 ∂Γ

∂ρ

=
∑

j∈{G,F}

(∑
i∈I

θiNijξi

)
αϕ [Γ(d1j , . . . , dKj)]

ϕ−1
∑
k ̸=ℓ

dkjdℓj (24)

Define the population-weighted average net value on platform j as:

ξ̄j ≡
∑
i∈I θiNijξi∑
i∈I θiNij

=

∑
i∈I θiNijξi

Nj
(25)

Then equation (24) becomes:

∂CS

∂ρ
=

∑
j∈{G,F}

Nj ξ̄jαϕ [Γ(d1j , . . . , dKj)]
ϕ−1

∑
k ̸=ℓ

dkjdℓj

The sign of ∂CS
∂ρ depends on whether the average net value ξ̄j is positive or negative on each

platform. When quality benefits dominate privacy costs on average (ξ̄j > 0), consumer surplus

increases with cross-service complementarities. When privacy costs dominate (ξ̄j < 0), consumer
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surplus may decrease.

Privacy Costs. Privacy costs are borne by consumers who accept personalized advertising

(those who do not opt out). Let Iaccept,j denote the set of consumer types accepting personalized

advertising on platform j. Aggregate privacy costs are:

PC =
∑

j∈{G,F}

∑
i∈Iaccept,j

θiNijδ · Γ(d1j , . . . , dKj)

Taking the derivative:

∂PC

∂ρ
=

∑
j∈{G,F}

∑
i∈Iaccept,j

θiNijδ ·
∂Γ

∂ρ
=

∑
j∈{G,F}

 ∑
i∈Iaccept,j

θiNij

 δ
∑
k ̸=ℓ

dkjdℓj

Define the population share accepting personalized advertising on platform j as:

θ̄accept,j ≡
∑
i∈Iaccept,j

θiNij

Nj

Then:
∂PC

∂ρ
=

∑
j∈{G,F}

Nj θ̄accept,jδ
∑
k ̸=ℓ

dkjdℓj > 0

Cross-service complementarities unambiguously increase privacy costs for consumers who ac-

cept personalized advertising.

Advertising-Side Surplus. Platform profits and advertiser surplus jointly depend on the

data-weighted consumer base. Total advertising-side surplus is:

AS +Π =
3µ̄2β

8

∑
j∈{G,F}

[Γ(d1j , . . . , dKj)]
ψ
Nj

Taking the derivative:

∂(AS +Π)

∂ρ
=

3µ̄2βψ

8

∑
j∈{G,F}

[Γ(d1j , . . . , dKj)]
ψ−1

Nj
∂Γ

∂ρ

=
3µ̄2βψ

8

∑
j∈{G,F}

Nj [Γ(d1j , . . . , dKj)]
ψ−1

∑
k ̸=ℓ

dkjdℓj > 0

Cross-service complementarities unambiguously increase advertising-side surplus by enhancing

targeting precision.

Investment Costs. Total investment costs are:

TC =
∑

j∈{G,F}

K∑
k=1

κkjd
1+η
kj

1 + η

Taking the derivative:

∂TC

∂ρ
=

∑
j∈{G,F}

K∑
k=1

κkjd
η
kj

∂dkj
∂ρ
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Using the first-order condition (22):

κkjd
η
kj =

µ̄2βψ

4
[Γ(d1j , . . . , dKj)]

ψ−1 ∂Γ

∂dkj
Nj

By the envelope theorem, the direct effect of ρ on costs through induced changes in dkj vanishes

to first order at the optimal investment levels. The welfare calculation therefore focuses on the

direct effects through quality, privacy, and advertising channels.

Total Welfare. Total welfare is:

W = CS − PC +AS +Π− TC

Taking the derivative with respect to ρ and applying the envelope theorem:

dW

dρ
=
∂CS

∂ρ
− ∂PC

∂ρ
+
∂(AS +Π)

∂ρ

=
∑

j∈{G,F}

Nj ξ̄jαϕ [Γ(d1j , . . . , dKj)]
ϕ−1

∑
k ̸=ℓ

dkjdℓj

−
∑

j∈{G,F}

Nj θ̄accept,jδ
∑
k ̸=ℓ

dkjdℓj

+
3µ̄2βψ

8

∑
j∈{G,F}

Nj [Γ(d1j , . . . , dKj)]
ψ−1

∑
k ̸=ℓ

dkjdℓj

Factoring out
∑

k ̸=ℓ dkjdℓj for each platform:

dW

dρ
=

∑
j∈{G,F}

Nj
∑
k ̸=ℓ

dkjdℓj

[
ξ̄jαϕ [Γ(d1j , . . . , dKj)]

ϕ−1

− θ̄accept,jδ +
3µ̄2βψ

8
[Γ(d1j , . . . , dKj)]

ψ−1

]

Siloing improves welfare if and only if dWdρ < 0, which requires:

θ̄accept,jδ > ξ̄jαϕ [Γ(d1j , . . . , dKj)]
ϕ−1

+
3µ̄2βψ

8
[Γ(d1j , . . . , dKj)]

ψ−1
(26)

for at least one platform j with sufficient weight in the welfare function.

Condition (26) trades off three marginal effects.

First, the term θ̄accept,jδ captures the privacy cost borne by consumers who accept personalized

advertising when cross-service data use expands. This effect is stronger when a larger share of

users is exposed to personalized ads and when privacy losses δ are substantial. Second, the term

ξ̄jαϕ [Γ(·)]ϕ−1 measures the marginal improvement in service quality generated by pooling data

across services. This channel is more important when average net valuations ξ̄j and quality

sensitivity α are high, and when diminishing returns to data-driven quality improvements are

weak. Third, 3µ̄2βψ
8 [Γ(·)]ψ−1 captures the marginal gain in advertising efficiency arising from

richer user profiles. This effect is amplified by high advertiser willingness to pay and weak

diminishing returns in targeting.

Siloing is therefore more likely to increase welfare when privacy costs are large relative to the
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quality and advertising benefits of data integration, when a sizable fraction of consumers accepts

personalized advertising, and when cross-service data use primarily facilitates privacy-invasive

profiling rather than efficiency-enhancing improvements in service quality or ad targeting. More-

over, strong diminishing returns to data integration (i.e., low ϕ and ψ) limit the marginal value

of complementarities, further tilting the welfare comparison in favor of siloing. Conversely, when

cross-service data pooling generates substantial quality improvements or advertising efficiency

gains that dominate privacy harms, imposing data siloing reduces aggregate welfare.

Regime-Specific Implications. The welfare effect varies across opt-out regimes:

• Case 1: when all privacy-savvy consumers opt out on both platforms, θ̄accept,j = θ (only

customization-savvy consumers accept advertising). Privacy costs are minimal, so dW
dρ > 0

and siloing unambiguously reduces welfare.

• Case 2: when opt-out costs are prohibitively high, θ̄accept,j = 1 − θ + θ = 1 on both

platforms (all consumers exposed to personalized advertising, though customization-savvy

consumers experience no privacy costs). Here, θ̄accept,jδ = (1 − θ)δ, and siloing may

improve welfare if (1− θ)δ is sufficiently large.

• Case 3: when privacy-savvy consumers opt out on platform G but accept on platform

F , θ̄accept,G = θ and θ̄accept,F ∈ (θ, 1). The welfare effect depends on the platform-specific

balance between privacy harms and efficiency gains.

This completes the proof of Proposition 4.

A.8 Proof of Proposition 5

Consider a marginal reduction in opt-out cost from c to c− ε in Case 3.

Effect on Consumer Platform Choice. The marginal privacy-savvy consumer satisfies:

v + (α− λ)dG − c− tx̃OAP = v + ξAP dF − t(1− x̃OAP )

Taking the total derivative with respect to c:

−1− t
∂x̃OAP
∂c

= −t∂(1− x̃OAP )

∂c
= t

∂x̃OAP
∂c

Solving:
∂x̃OAP
∂c

= − 1

2t
< 0

Reducing the opt-out cost causes the marginal privacy-savvy consumer to shift toward platform

G (where opt-out is now more attractive). Platform G’s market share is NG = θx̃C+(1−θ)x̃OAP .

Since customization-savvy consumers are unaffected by c:

∂NG
∂c

= (1− θ)
∂x̃OAP
∂c

= −1− θ

2t
< 0

Reducing c shifts (1− θ) ε2t privacy-savvy consumers from platform F to platform G.
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Welfare Effects. Total welfare in Case 3 is:

W (3) = CS(3) +
3µ̄2β

8
(dGNG + dFNF )

= θCSC + (1− θ)CSOAP +
3µ̄2β

8
(dGNG + dFNF )

Taking the derivative with respect to c:

dW (3)

dc
= (1− θ)

∂CSOAP
∂c

+
3µ̄2β

8

∂(dGNG + dFNF )

∂c

1. Direct consumer surplus effect. For privacy-savvy consumers who opt out (those on

platform G), the direct utility effect is:

∂UOP,G
∂c

= −1 < 0

Each opt-out user loses one unit of utility per unit increase in c. The mass of privacy-savvy

consumers on G is (1− θ)x̃OAP , so:

∂CSOAP
∂c

∣∣∣∣
direct

= −(1− θ)x̃OAP < 0 (27)

2. Reallocation effect. The consumers who switch from F to G in response to a reduction

in c are marginal consumers located at x̃OAP . Before switching, their utility on F was:

UAP,F (x̃
OA
P ) = v + ξAP dF − t(1− x̃OAP )

After switching to G and opting out, their utility is:

UOP,G(x̃
OA
P ) = v + αdG − c− tx̃OAP

At the margin, these consumers are indifferent, so the first-order effect on consumer surplus from

switching is zero. However, there is a second-order effect from the fact that consumers are sorting

toward the platform with higher quality (since dG > dF implies αdG > αdF ). The net utility gain

for a switching consumer is:

∆U = [αdG − c− tx̃OAP ]− [αdF − δdF − t(1− x̃OAP )]

= α(dG − dF )− c+ δdF − t(2x̃OAP − 1)

At the equilibrium cutoff, this equals zero. But as c decreases, more consumers find it optimal to

switch, and the infra-marginal consumers (those with x < x̃OAP ) experience a utility gain from the

reduced opt-out cost. The reallocation effect on consumer surplus is therefore:

∂CSOAP
∂c

∣∣∣∣
reallocation

= 0

to first order.

3. Advertising efficiency effect. The data-weighted consumer base is dGNG+ dFNF . Taking the
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derivative:

∂(dGNG + dFNF )

∂c
= dG

∂NG
∂c

+ dF
∂NF
∂c

= dG ·
(
−1− θ

2t

)
+ dF · 1− θ

2t

= − (1− θ)(dG − dF )

2t
< 0

since dG > dF by assumption. Reducing c (increasing −∂/∂c) shifts consumers from the low-

integration platform F to the high-integration platform G, increasing the data-weighted consumer

base. The advertising-side welfare effect is:

3µ̄2β

8

∂(dGNG + dFNF )

∂c
= −3µ̄2β(1− θ)(dG − dF )

16t
< 0 (28)

Total Welfare Effect. Combining equations (27) and (28):

dW (3)

dc
= −(1− θ)x̃OAP − 3µ̄2β(1− θ)(dG − dF )

16t

= −(1− θ)

[
x̃OAP +

3µ̄2β(dG − dF )

16t

]
< 0

Both terms are negative, establishing that:

dW (3)

dc
< 0

Reducing the opt-out cost (decreasing c) unambiguously increases total welfare.

Pareto Dominance over Data Integration Reduction. Compare this with a policy that

reduces platform G’s data integration from dG to d′G < dG. From Proposition 1, reducing dG

in Case 3 creates:

• welfare losses for customization-savvy consumers: −θx̃CξC(dG − d′G) < 0

• welfare losses for the advertising side: −3µ̄2β
8 [terms] < 0

• ambiguous effects for privacy-savvy consumers depending on α versus δ

while reducing opt-out costs:

• creates welfare gains for privacy-savvy consumers who opt out: (1− θ)x̃OAP ε > 0

• creates welfare gains from improved advertising efficiency: 3µ̄2β(1−θ)(dG−dF )ε
16t > 0

• leaves customization-savvy consumers unaffected: ∆CSC = 0

• leaves platform profits unaffected to first order through the envelope theorem

No consumer group experiences reduced utility, and two groups strictly benefit and therefore

opt-out cost reduction Pareto-dominates data integration reduction.
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Comparative Statics. The welfare gain from reducing opt-out costs is larger when:

1. Data integration gap dG− dF is large. The advertising efficiency effect in equation (28) is

proportional to dG − dF . When platforms are highly asymmetric, consumer reallocation

toward the high-integration platform generates larger advertising-side benefits.

2. Proportion (1−θ) of privacy-savvy consumers is large. The direct consumer surplus effect

is proportional to the mass of privacy-savvy consumers who benefit from reduced opt-out

costs.

3. Advertising benefits µ̄2β are large. The value of improved targeting precision increases

with advertiser willingness-to-pay.

4. t is small. When horizontal differentiation is weak, consumer reallocation is more respon-

sive to changes in opt-out costs, amplifying both the direct CS effect and the advertising

efficiency effect.

This completes the proof of Proposition 5.

B Strategic quality degradation from opt-out

The baseline model assumes that quality improvements from data integration αdj accrue equally

to all consumers regardless of their opt-out decisions. This abstracts from an important real-

world mechanism: platforms may reduce service quality for users who opt out of personalized

advertising, either for legitimate technical reasons or as a strategic response to increase the

effective cost of opting out.

Quality with opt-out degradation. I modify the quality function to distinguish between

users who accept personalized advertising and those who opt out. For users who accept per-

sonalized advertising on platform j, quality remains:

QAj = αdj

while for users who opt out of personalized advertising, quality becomes:

QOj = (α− λ)dj

where λ ≥ 0 represents the quality degradation parameter which captures both the technical

degradation λT and the strategic degradation λS . On one side, quality reductions arising from

the technical impossibility of providing certain personalized features without individual-level

data processing (eg. personalized recommendations, customized search rankings, and tailored

content feeds that fundamentally require user-specific behavioral data). On the other side, the

platform can deliberately reduce the service quality in order to increase the effective cost of

opting out, thereby coercing users into accepting personalized advertising (eg. by removing

features that are technically feasible without personalization, degrading user interfaces for opt-

out users, or limiting access to functionality).
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The total degradation is λ = λT + λS . From a welfare perspective, technical degradation

represents an unavoidable technological constraint, while strategic degradation represents a

distortion that reduces consumer surplus without generating offsetting benefits.

Consumers. For customization-savvy consumers, utility is unchanged as they never opt out:

UC,j(x) = v+ξCdj− t|x−ℓj |. For privacy-savvy consumers who accept personalized advertising

UAP,j(x) = v + αdj − δdj − t|x − ℓj | = v + ξAP dj − t|x − ℓj |, while for privacy-savvy consumers

who opt out, utility now reflects quality degradation UOP,j(x) = v + (α − λ)dj − c − t|x − ℓj |.
Privacy-savvy consumers choose to opt out if and only if the utility from opting out exceeds

the utility from accepting personalized advertising UOP,j(x) > UAP,j(x), i.e.:

v + (α− λ)dj − c− t|x− ℓj | > v + αdj − δdj − t|x− ℓj |

(α− λ)dj − c > (α− δ)dj

−λdj − c > −δdj
δdj − λdj > c

(δ − λ)dj > c

and therefore, privacy-savvy consumers opt out if and only if:

c < (δ − λ)dj

Lemma 4 (Effect of quality degradation on opt-out decision). Quality degradation increases

the effective cost of opting out. Specifically, when λ = 0 (no degradation), the opt-out condition

is c < δdj, when λ > 0 (with degradation), the opt-out condition is c < (δ − λ)dj, which is

strictly more restrictive, while when λ ≥ δ (severe degradation), opting out is never optimal

regardless of c, as the quality loss exceeds the privacy protection.

Equilibrium regimes. The three equilibrium regimes are now determined by comparing c

to the modified privacy cost net of quality degradation, (δ − λ)dj .

• Case 1. This regime obtains when c < (δ − λ)dF < (δ − λ)dG, so that privacy-savvy

consumers find it optimal to opt out on both platforms despite the quality degradation.

The marginal privacy-savvy consumer satisfies:

v + (α− λ)dG − c− tx̃OP = v + (α− λ)dF − c− t(1− x̃OP )

Solving:

x̃OP =
1

2
+

(α− λ)(dG − dF )

2t
(29)

platform G’s market share becomes:

NG = θx̃C + (1− θ)x̃OP =
1

2
+
dG − dF

2t
[θξC + (1− θ)(α− λ)]

• Case 2. This regime obtains when c > (δ − λ)dG > (δ − λ)dF , so that privacy-savvy

consumers find it optimal to accept personalized advertising on both platforms. The
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analysis proceeds identically to the baseline model, as quality degradation is irrelevant for

consumers who accept personalized advertising. Platform G’s market share is:

NG =
1

2
+
dG − dF

2t
(α+ θγ − (1− θ)δ)

• Case 3. This regime obtains when (δ − λ)dF < c < (δ − λ)dG, so that privacy-savvy

consumers opt out on platform G but accept personalized advertising on platform F. The

marginal privacy-savvy consumer satisfies:

v + (α− λ)dG − c− tx̃OAP = v + ξAP dF − t(1− x̃OAP )

Solving:

x̃OAP =
1

2
+

(α− λ)dG − c− ξAP dF
2t

=
1

2
+

(α− λ)(dG − dF ) + δdF − λdF − c

2t

and simplifying:

x̃OAP =
1

2
+

(α− λ)(dG − dF ) + (δ − λ)dF − c

2t

Welfare (Example). Consider Case 1. For privacy-savvy consumers who opt out on both

platforms, consumer surplus is:

CSOP = (1− θ)

[
v + (α− λ)(x̃OP dG + (1− x̃OP )dF )− c− t

2
((x̃OP )

2 + (1− x̃OP )
2)

]
(30)

Total consumer surplus is:

CS(1) = θCSC + (1− θ)CSOP

Welfare effect of quality degradation. Consider the welfare impact of increasing λ from

zero to some positive value. The direct effect on consumer surplus for privacy-savvy consumers

who opt out is:
∂CSOP
∂λ

= −(1− θ)[x̃OP dG + (1− x̃OP )dF ] < 0

This represents a pure welfare loss: quality degradation reduces consumer surplus for

privacy-savvy consumers without generating any offsetting benefits. Importantly, this loss is

proportional to the data-weighted presence of privacy-savvy consumers on both platforms.

Additionally, quality degradation affects the marginal privacy-savvy consumer’s platform

choice. From equation (29):
∂x̃OP
∂λ

= −dG − dF
2t

< 0

Quality degradation causes privacy-savvy consumers to shift away from platform G (which

has higher data integration and thus higher absolute quality loss from degradation) toward

platform F. This reallocation effect has second-order welfare implications through changes in

the data-weighted consumer base.

Welfare implications of strategic vs. technical degradation. When λ = λT reflects

genuine technical constraints, quality degradation is an unavoidable consequence of opt-out.

In this case, the social planner faces a constrained optimization problem where privacy-savvy

consumers must trade off privacy protection against quality loss. The optimal opt-out decision
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for a privacy-savvy consumer balances benefit from opting out (avoiding privacy cost δdj) and

costs of opting out (paying opt-out cost c and suffering quality loss λTdj). The modified net

benefit from opting out is:

NBO = δdj − c− λT dj = (δ − λT )dj − c

Technical degradation reduces the net benefit of opting out, making acceptance of personalized

advertising relatively more attractive. This is efficient from a social welfare perspective when

the quality loss reflects complementarities between personalization and service provision.

When λ = λS reflects deliberate platform choices to degrade quality for opt-out users, the

welfare implications are unambiguously negative. Strategic degradation creates a deadweight

loss by:

• reducing consumer surplus: privacy-savvy consumers who opt out experience lower quality

without any technological justification, representing a pure welfare loss of (1−θ)λS [x̃OP dG+
(1− x̃OP )dF ] per period;

• coercing suboptimal choices: consumers with privacy valuations vi ∈ (δ−λS , δ) are forced
to accept personalized advertising despite preferring to opt out in the absence of strategic

degradation, creating a distortion in consumer choice;

• increasing effective opt-out costs: strategic degradation functions as an implicit increase

in the opt-out cost from c to c + λSdj , reducing consumer surplus without generating

offsetting benefits.

Proposition 6 (Welfare loss from strategic degradation). Strategic quality degradation λS > 0

unambiguously reduces total welfare by:

∆W = −(1− θ)λS [x̃OP dG + (1− x̃OP )dF ]−Distortion from coerced choices < 0

where the first term represents the direct consumer surplus loss for opt-out users and the second

term captures the welfare loss from consumers making suboptimal opt-out decisions.

The distinction between technical and strategic degradation has important implications for

optimal regulatory policy. Regulatory authorities should prohibit strategic quality degradation

by requiring platforms to provide functionally equivalent services to opt-out users whenever

technically feasible. Specifically, platforms must ensure that λS = 0, providing the same core

functionality to users who opt out of personalized advertising as to users who accept it and

should bear the burden of demonstrating that the degradation is technologically unavoidable

rather than strategically chosen, i.e. λT > 0.

Even when quality degradation is technically necessary, it should be proportionate to the

data processing that is forgone through opt-out. Features not directly dependent on personalized

data should remain accessible.

Proposition 7 (Dominance of anti-degradation policies). A regulatory policy prohibiting strate-

gic quality degradation (enforcing λS = 0) Pareto-dominates data integration reduction in all

equilibrium regimes as privacy-savvy consumers who opt out are strictly better off (higher qual-

ity), other consumer groups are unaffected, and platform profits and advertiser surplus are
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unchanged. Therefore, enforcing service equivalence should be prioritized over structural reme-

dies.

Proof. Consider the welfare function with strategic degradation λS > 0 versus the welfare

function with λS = 0 (ceteris paribus). From equation (30), consumer surplus for privacy-savvy

consumers is strictly increasing in quality, which is decreasing in λ. Setting λS = 0 increases

consumer surplus by:

∆CSOP = (1− θ)λS [x̃OP dG + (1− x̃OP )dF ] > 0

Customization-savvy consumers never opt out, so their utility is unaffected: ∆CSC = 0.

Platform profits depend only on advertising revenue, which depends on market shares and data

integration levels. Since prohibiting strategic degradation does not directly affect these variables

(it only changes the quality received by opt-out users), platform profits are unchanged: ∆Π = 0.

Advertiser surplus similarly depends only on the data-weighted consumer base and is unaffected:

∆AS = 0. Therefore, total welfare increases by ∆W = ∆CSOP > 0, with no group experiencing

a welfare loss. This establishes Pareto dominance.

In contrast, data integration reduction from dG to d′G < dG creates welfare losses for

customization-savvy consumers, platforms, and advertisers. Even in Case 2 where data in-

tegration reduction may increase welfare under restrictive conditions, it involves redistributing

surplus rather than Pareto-improving.
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