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We present a new model of competition and mergers between two-sided media platforms

with targeted advertising. The model includes familiar forces describing how platforms set ad

load given user-side and advertiser-side substitution patterns, but adds new insights around how

how user overlap and preference heterogeneity determine how competing platforms set ad load.

We apply the model to evaluate the proposed separation of Facebook and Instagram. Using

new data and new analyses of earlier randomized experiments with Facebook and Instagram

users, we provide model-free evidence on user overlap, diversion ratios, price elasticity, and other

parameters, and then estimate a structural model of this two sided market. Preliminary counter-

factual simulations suggest that separating Facebook and Instagram would transfer significant

surplus from platforms to advertisers, impose a small welfare cost on users, and increase total

welfare by a small amount. The total welfare gain would be much larger if separated platforms

could avoid inefficient ad duplication across multi-homing users.
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It is hard to understate the importance of quality and price for users and advertisers in digital

markets. According to one estimate, there are now 5 billion internet users worldwide, averaging 6.6

hours online each day (Kemp 2023). More than half of the $680 billion yearly global advertising

budget is spent online (Dentsu 2022). Given this importance, there is significant concern about

digital platforms’ market power and how this might affect outcomes for users and advertisers (Stigler

Center 2019; CMA 2020; Scott Morton and Dinelli 2020).

Facebook and Instagram are a key example of this debate. In 2020, the U.S. Federal Trade

Commission (FTC) sued Meta for antitrust violations, proposing that Instagram and WhatsApp

be divested to restore competition for the benefit of both users and advertisers. The FTC and Meta

disagreed over market definition, the extent of Meta’s market power, and how divesting Instagram

might affect user experiences, advertising prices, and other outcomes. The FTC argued that Face-

book and Instagram have very high market share in the “personal social networking” market, which

includes Snapchat but excludes TikTok or other communication or entertainment services. Meta

(2021) counterargued that “The FTC’s fictional market ignores the competitive reality: Facebook

competes vigorously with TikTok, iMessage, Twitter, Snapchat, LinkedIn, YouTube, and countless

others to help people share, connect, communicate or simply be entertained.”

In this paper, we consider an important subset of these questions. In theory, how do mergers

(or separations) of media platforms affect advertising loads and total surplus? Empirically, how

do users substitute between Facebook, Instagram, and other apps? Quantitatively, how might ad

loads and prices change if Facebook and Instagram were separated, and how would those changes

affect total surplus?

We begin with a model of social media as a two-sided market. While the model nicely applies

to the Facebook-Instagram case, it is generally useful for understanding platform competition with

targeted advertising. Heterogeneous users and advertisers continuously allocate their time and

ad spending between two platforms (e.g., Facebook and Instagram) and a non-strategic outside

option. The platforms set advertising load, accounting for how higher ad load decreases both user

time-on-platform and equilibrium ad prices.

The model includes familiar forces from Rochet and Tirole (2003) and Anderson and Coate

(2005). When the two platforms are managed jointly, the monopolist doesn’t internalize how ads

reduce user surplus and increase advertiser surplus, so profit-maximizing ad load could be either

above or below the social optimum depending on users’ ad elasticity and advertisers’ demand

elasticity. When the two platforms are separated, the ad loads can increase or decrease depending

on user and advertiser diversion ratios.

Our model is novel in capturing targeted advertising. Ad markets clear at the user level,

with user-specific prices. When the platforms are separated, there is inefficient duplication: if the

separated platforms don’t share data, when both users and advertisers multi-home, the platforms

may inefficiently impress a given user with extra ads from a given advertiser. Such a model can easily

become intractable, and prior work such as Athey, Calvano, and Gans (2018) has required strong

assumptions and can deliver results such as discontinuous reaction functions and mixed strategy
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equilibria that may not reflect actual market conditions. A key insight is that two assumptions

substantially simplify the model: (i) ad click-through rates are independent across advertisers, and

(ii) click-through rates are uniformly distributed across consumers.

Under these assumptions, we derive closed form expressions for the impact of duplication and

use them to characterize pure strategy equilibria with novel but comparative statics. Specifically,

separating platforms increases ad load by more when user overlap across platforms is greater. If

separated platforms cannot avoid duplication, this is because: (i) overlap increases anticipated

advertiser losses from duplication, which softens advertiser demand, and (ii) there is a “business

stealing” strategic incentive to expand ad load to the population not already impressed to reduce

marginal overlap.

The model highlights that merging or separating digital platforms such as Facebook and In-

stagram has a theoretically ambiguous effect: it could either increase or decrease total surplus.

However, these effects depend on a specific set of observable empirical statistics: user responses

to higher prices and ad loads, the user diversion ratio between the two platforms, the extent of

multi-homing and multi-homers’ joint distribution of preferences to use the two platforms, as well

as advertisers’ price response.

We then apply the model to predict how separating Facebook and Instagram would affect those

platforms’ incentives to set ad load, and the effects that would have on total surplus. In the empirical

part of the paper, we first provide descriptive empirical evidence on these parameters. We analyze

data from the 2020 Facebook and Instagram Election Study (“FIES”) implemented by Allcott et

al. (2023). FIES includes two randomized experiments with nationally representative samples

of 23,415 Facebook users and 21,249 Instagram users, respectively, in which randomly selected

treatment groups were paid to deactivate Facebook or Instagram for six weeks. If the FTC’s

market definition were correct, users would primarily substitute between Facebook, Instagram, and

Snapchat. In reality, there only very limited diversion between Facebook and Instagram, implying

that (at least in the short run), joint ownership does not generate much additional market power

on the user side.

We then analyze data from the Digital Addiction (“DA”) experiment implemented by Allcott,

Gentzkow, and Song (2022). DA is a randomized experiment with 2,053 Facebook and/or Instagram

users in which a randomly selected treatment group was paid to reduce time spent on (but not

necessarily deactivate) Facebook, Instagram, and other social media apps for three weeks. In the

DA data, only about 9 percent of Instagram users are single-homers (i.e., don’t use Facebook),

and 30 percent of Facebook users are single-homers (i.e., don’t use Instagram).1 This implies that

there will be an asymmetry in the two platforms’ incentives to increase ad load in the model.

Among multi-homers, there is a wide dispersion in time-on-platform, which dampens platforms’

business-stealing incentive in the model.

We import the Huang, Reiley, and Riabov (2018) estimate of the elasticity of user time-on-

platform with respect to ad load, which suggests that users very inelastic to ads. The DA data

1We will soon use the nationally representative FIES data for these statistics.
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suggest that users are very price elastic: 41–50 percent of Facebook and Instagram use is worth

less than $2.50 per hour to users. These two results suggest that ad loads could change more sub-

stantially in modeled counterfactual equilibria and that this would not significantly affect consumer

surplus.

We use these empirical moments to estimate the model’s structural parameters. We impose a

quadratic functional form on users’ utility from time on the two platforms, and we identify the ad

disutility, price response, diversion ratio, and distribution of utility intercepts from the observed

ad and price elasticities, diversion ratios, and time use distribution. In the current version of the

paper, we identify advertisers’ aggregate price elasticity from the platform’s first-order condition,

in the spirit of how S. Berry, Levinsohn, and Pakes (1995) identify marginal costs from a Nash-

Bertrand pricing assumption. Intuitively, if Facebook and Instagram currently have lower ad load

(and thus higher prices), this is rationalized by inferring more inelastic advertising demand.

We use the estimated model to simulate the effects of separating Facebook and Instagram. In

our preliminary results, ad load increases significantly on both platforms, reducing prices and time

use. Ad load increases by much more on Instagram: since a higher fraction of users are multi-

homers, Instagram faces stronger incentives to increase ad load relative to Facebook to reduce the

chance that marginal impressions are duplicated. The potential increase in advertiser surplus from

higher ad load is attenuated by inefficiencies due to wasted impressions. Total surplus increases by

about 1%, since higher advertiser surplus is offset by lower consumer and platform surplus. Overall,

separation mostly transfers surplus from platforms to advertisers.

There are several important caveats. Perhaps most importantly, we consider only one margin

on which competition affects welfare: equilibrium ad loads and prices in an otherwise static market.

The Federal Trade Commission (2020), Scott Morton and Dinielli (2020), and others point to other

potential effects of separating Facebook and Instagram (or other large digital media platforms),

including entry of new businesses that would attract customers through social media ads or entry of

new competing media platforms. Moreover, we do not consider how competition between Facebook

and Instagram might induce the two apps to improve quality or change data sharing and privacy

practices, or how Meta can currently combine data from both Facebook and Instagram to improve

ad targeting and attribution. If Instagram were separated without access to Facebook’s targeting

and attribution technologies, ad targeting would likely become much worse, harming both users

and advertisers.

Second, even within the context of our model, our empirical calibrations are imperfect. For

example, our user diversion ratios are identified from a sample that selected into the experiment

during the 2020 election, and the diversion ratios might well be different over a period longer than

six weeks. Our estimate of the advertiser price response from the platform’s first-order condition

requires structural assumptions such as constant and exogenous profits per click and no change in

user overlap with other media platforms.

Our work builds on several important literatures. First, we extend theoretical literatures on

platform competition in general (Rochet and Tirole 2003; Rochet and Tirole 2006; Weyl 2010;
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Rysman 2009) and specifically in media markets (Anderson and Coate 2005; Anderson and De

Palma 2012; Prat and Valletti 2022; Anderson and Peitz 2023). Second, we extend work studying

the effects of multi-homing in advertising markets, including duplication and incremental pricing

(Ambrus, Calvano, and Reisinger 2016; Anderson, Foros, and Kind 2018; Athey, Calvano, and

Gans 2018; Gentzkow, Shapiro, Yang, et al. 2022). Third, we build on the work studying media

industry mergers (S. T. Berry and Waldfogel 2001; Chandra and Collard-Wexler 2009; Fan 2013;

Gentzkow, Shapiro, and Sinkinson 2014; Jeziorski 2014). Third, we extend prior work estimating

diversion ratios from product availability experiments in social media (Collis and Eggers 2019;

Allcott, Braghieri, et al. 2020; Mosquera et al. 2020; Allcott, Gentzkow, and Song 2022; Aridor

2022, Allcott et al. 2023) and other markets (Goldfarb 2006; C. T. Conlon and J. H. Mortimer

2013; Christopher Conlon and J. H. Mortimer 2021; Chris Conlon, J. Mortimer, and Sarkis 2021).2

While some of our empirical analyses use data from the FIES and DA experiments we previously

implemented, we think of this paper as a material additional contribution. Most of the model-free

results in the present paper, and all of the results in the next draft, are entirely novel analyses

intended to answer different research questions. The FIES papers were focused on the effects of

Facebook and Instagram use on political outcomes around the 2020 election, while the DA paper

was focused on estimating users’ self-control problems and habit formation.

Sections 1–5, respectively, present the model, model-free empirical evidence, structural estima-

tion, counterfactuals, and conclusion.

1 Model

1.1 Setup

There are two digital media platforms indexed by j. The platforms choose ad load αj (in ads per

unit time on platform) to maximize profits. Bold typeface indicates vectors—e.g., α is the vector

of ad loads on each platform. We assume that platforms have zero marginal cost, so (variable)

profit equals ad revenue R (α).

There is a measure-N continuum of users indexed by i. Users choose time on each platform Tij

and numeraire consumption ni to maximize utility Ui (T i, ni;α). We assume that Ui is quasilinear

in ni, so changes in Ui correspond to changes in consumer surplus. We assume that users’ utility

or disutility from ad load accounts for expected consumer surplus from any purchases of advertised

products, so we do not need to separately account for consumer surplus in advertisers’ product

markets.

2Aridor (2022) is an important precursor: in a field experiment, he shuts off access to Instagram or YouTube on
mobile phones and measures substitution to other mobile phone apps. A key difference is the size and sampling frame
of our experiments: Aridor (2022) includes 374 participants recruited from university classes and experimental labs
in the U.S., Italy, Switzerland, and Hong Kong, some of whom had Instagram or YouTube blocked on their mobile
device for two weeks. By contrast, the FIES experiment includes 45,000 participants recruited directly by Meta in
a nationwide stratified random sample, of whom some deactivated Facebook or Instagram (on all devices) for six
weeks. Perhaps due to these differences in the samples and design, we find significantly different diversion ratios than
Aridor (2022).

5



There is a measure-A continuum of advertisers indexed by a. Each advertiser earns exogenous

profit per ad click πa. For example, πa might equal a user’s purchase probability (conditional on

clicking on an ad) times the product’s markup. The model is isomorphic if we redefine “clicks” as

some other advertising result (such as impressions or purchases) or redefine “advertisers” as separate

ad campaigns run by the same firm. Advertisers choose the quantity of clicks qa to purchase from

the platforms to maximize profits Πa (qa;πa).

The targeted advertising technology is as follows. An ad “campaign” involves m impressions of

advertiser a’s ads to each targeted user. Define ωia as platform’s prediction of user i’s probability

of clicking on advertiser a’s ad campaign, which we call the “click-through rate.” The click-through

rate ωia is the same on both platforms: ads are equally effective if seen on either platform, and both

platforms have the same targeting technology (even if separated). If the platforms are separated,

the value of duplicating advertiser a’s campaign to a given user i on both platforms is subadditive:

the cumulative click-through rate is (2 − ζ) ·ωia, with 0 ≤ ζ ≤ 1. The extreme of ζ = 1 means that

the duplicate impressions are fully wasted.

As described below, there is a separate ad market for each user, with equilibrium price per

impression pi. The predicted cost per click is thus pi/ωia, and the predicted profit per impression

is thus ωiaπa. For user i, define Hi(x) ∈ [0, 1] as the cumulative density function (CDF) of ωiaπa

across advertisers.

The platform’s contract offer to advertisers is to serve ads to the Ua (q) users with the lowest

cost per click and charge total price Ca (q) =
∑

i∈Ua(q)
pi. Advertisers know Ca (q) when choosing

q.

We impose two assumptions that substantially simplify the analysis.

Assumption 1. Independent click-through rates: ωia⊥ωia′, ∀ (a, a′) and ωia⊥Tij ,∀(a, j).

Assumption 2. Identical uniform profits per impression: Hi(x) = η−1x− η0, ∀i.

Assumption 1 states that click-through rates are independent across advertisers and independent

of time-on-platform. This rules out the possibility that some users are more or less valuable on

average across advertisers. This assumption could be weakened by modeling distinct user types,

such as high- or low-income people. Assumptions 1 and 2 together imply that a given change in α

has the same effect on all Ca(q), and Assumption 2 facilitates straightforward demand aggregation

across individual users. Assumption 2 is mostly important for estimation, but used for some of the

results below.

1.2 Profits and Market Clearing Conditions

We now derive platform revenue as a function of ad load in two equilibria: (i) when the two

platforms are merged, and (ii) when the two platforms are separated. In the merged equilibrium,

the firm maximizes the sum of profits across the two platforms and does not duplicate a given

ad campaign a to a given user i on both platforms. In the separated equilibrium, the platforms
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independently maximize profits and cannot coordinate to avoid duplicating impressions of the same

campaign to a given user.

1.2.1 Merged Equilibrium

Advertisers choose the quantity of clicks to purchase from the merged firm. Advertiser profits equal

product market profits net of advertising costs:

Πm
a (q) = πa · q − Ca (q) . (1)

Maximizing profits gives

πa = C ′
a (qa) . (2)

In words, advertisers purchase ads until the marginal cost per click equals profit per click.

Ad markets clear at the user level:

supply︷ ︸︸ ︷
α · T i(α) =

demand︷ ︸︸ ︷∑
a

m · 1 [i ∈ Ua (qa)] =
∑
a

m · 1 [pi ≤ πaωia] = Am · (1 −H (pi)) . (3)

Rearranging equation (3) gives equilibrium price

pi = H−1
i

(
1 − α · T i(α)

Am

)
, (4)

where H−1
i is the inverse CDF. We assume that η and η0 are such that we always have an interior

equilibrium. This equation shows that equilibrium prices are increasing in ad demand (the number

of advertisers A and campaign size m) and decreasing in ad supply (ad load α and time on platform

T i).

The merged platform revenue is

Rm(α) =
∑
i

α · T i(α) · pi. (5)

1.2.2 Separated Equilibrium

In the separated equilibrium, advertisers choose the number of clicks qj to purchase from each of

the two platforms at total price Caj (qj). Define Oa (q1, q2) as the “overlap” function: the number

of duplicated clicks purchased, which is weakly increasing in the number of clicks purchased on

each platform. Advertiser profits account for that overlap:

Πs
a (q1, q2) = πa · (q1 + q2 − ζOa) − Ca1 (q1) − Ca2 (q2) . (6)

Define O′
aj as the derivative of Oa with respect to qj . Maximizing profits gives
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πa ·
(
1 − ζO′

aj

)
= C ′

aj (qaj) . (7)

In words, advertisers purchase ads until the overlap-adjusted marginal cost per click equals profit

per click.

The user-level market clearing condition is analogous to the merged case, except that markets

now clear separately on each platform j:

supply︷ ︸︸ ︷
αj · Tij(α) =

demand︷ ︸︸ ︷∑
a

m · 1
[
pij ≤ πaωia ·

(
1 − ζO′

aj

)]
= Am ·

(
1 −Hi

(
pij

1 − ζO′
aj

))
. (8)

Rearranging equation (3) gives equilibrium price

pij = H−1
i

(
1 − αjTij(α)

Am

)
·
(
1 − ζO′

aj

)
. (9)

Each platform’s revenue is

Rs
j (αj ;α−j) =

∑
i

ad supply︷ ︸︸ ︷
αj · Tij (α) ·pij . (10)

There are two sources of strategic interaction between platforms in the separated equilibrium.

First, platforms compete on the user side due to time use complementarity or substitutability.

Second, on the advertiser side, platform revenue is decreasing in O′
aj , the expected increase in

duplicated clicks from an additional click purchased on j. The equilibrium value of O′
aj depends

on the rival platform’s ad load.

Suppose that Assumption 1 holds and advertiser demand (qa1, qa2) satisfies the first-order con-

ditions in equation (7). Let Uj be the set of users on platform j, and Nj = |Uj | indicate their

number. We show in Appendix A.1 that the marginal overlap function evaluated at equilibrium ad

demand is

O′
aj (qa1, qa2) =

∑
i∈Uj

1[αjTij(α) ≤ α−jTi,−j(α)]

Nj
∈ [0, 1] (11)

Equation (11) shows that marginal overlap depends on two dimensions of time use. First,

marginal overlap is increasing in the fraction of users on platform j who multi-home (spend time

on both platforms). If user i is a single-homer on i, then Ti,−j(α) = 0, and the indicator in the

numerator is zero for that user.

Second, marginal overlap is decreasing as ad load increases relative to platform −j. To un-

derstand this point, consider two extremes. Suppose that for all multi-homers, Tij > Ti,−j , and

αj = α−j . Market clearing prices must be lower on platform j for all i, implying that the marginal

click-through rate ωia is lower as well. This implies the marginal user impressed by an increase in

quantity on platform j will not be served on platform −j, so no clicks are wasted. Suppose instead
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the opposite: Tij < Ti,−j for all i who multi-home. Market clearing prices will be higher on platform

j for all i. The marginal user impressed on j will already be served on −j, so all additional clicks

purchased are wasted.

Put differently, higher ad load on a platform decreases ad prices, allowing advertisers to expand

their reach beyond the set of users that are more likely to also be impressed on a competing

platform. Advertisers recognize that the marginal user impressed on a platform with greater reach

is less likely to be impressed elsewhere. This increases demand.

1.3 Special Case: Homogeneous Users, Constant Click-Through Rate, and No

Duplication

We first focus on the user side of the market, by considering the special case where identical users

(Ui = U,T i = T , ni = n) have the same click-through rate on all ads (ωia = ωa). We assume in the

separated equilibrium, the two platforms coordinate to avoid the duplication effect. This special

case highlights the forces in our model similar to Anderson and Coate (2005). See Appendix A.2

for derivations.

1.3.1 Social Optimum

As a benchmark, we consider a constrained social planner who sets ad load and advertiser prices

to maximize the sum of user and advertiser surplus, subject to user optimization and merged

equilibrium market clearing constraints in equation (3). The social planner chooses:

αsp = arg max
α

∑
i

U∗
i (T (α), n;α) + Am ·

(πω)maxˆ

x=p(α)

xdH(x). (12)

where U∗(·;α) = maxT U(·;α). The planner allocates ad slots to users with highest click-through

rates, an allocation mimicked by the platform when setting its contract with advertisers.

Define γj ≡ − 1
Tj

∂U∗

∂αj
> 0 as the marginal disutility from ads given optimized time use. The

planner solution satisfies

αsp
j =

consumer surplus︷ ︸︸ ︷
γjTj(α) −

advertiser surplus︷ ︸︸ ︷
p(α)

(
Tj(α) + αsp

−j

∂T−j

∂αj
(α)

)
p(α) · ∂Tj

∂αj
(α)

, j = 1, 2. (13)

where the denominator is negative. The expression says that the social planner sets ad load to

equalize the marginal consumer surplus loss from additional ads to the marginal advertiser surplus

net gain from additional ads. Optimal ad load is high when users’ disutility of ads γ is low or

advertisers’ profits from increased ad loads are high. The value of ad load to advertisers depends

on both the equilibrium ad price p(α), which signals scarcity of user attention; the equilibrium
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number of ads served, controlled by Tj(α); and the impact of ad load on user time on platform,

controlled by
∂T−j

∂αj
and

∂Tj

∂αj
. Ad load on platform j is higher when

∂T−j

∂αj
is high, i.e. the platforms

are substitutes. In that case, some of the lost time use on j due to higher αj increases time use,

and hence ad impressions, on −j, rather than resulting in lost impressions.

1.3.2 Merged Equilibrium

The merged platform chooses

αm = arg max
α

p(α) ·
∑
i

α · T i(α). (14)

The solution satisfies

αm
j =

infra-marginal revenue︷ ︸︸ ︷
−∂p(α)

∂αj
·α · T (α)−

marginal revenue︷ ︸︸ ︷
p(α) ·

(
Tj(α) + α−j

∂T−j

∂αj
(α)

)
p(α) · ∂Tj

∂αj
(α)

, j = 1, 2. (15)

The expression says that the merged platform sets ad load to equalize the marginal revenue loss

from infra-marginal impressions and the net marginal revenue impact from marginal impressions

due to high ad load. Higher ad load reduces revenue on infra-marginal impressions by lowering

equilibrium prices, but has an ambiguous effect on revenue from marginal impressions. The effect

on revenue from marginal impressions is increasing in a direct effect from additional ad load on

infra-marginal time use and decreasing in the endogenous indirect effect of lower time use due to

higher ad load.

The merged platform solution aligns with the planner solution if

−∂p(αsp)

∂αj
·αsp · T (αsp) = γjTj(α

sp), j = {1, 2} . (16)

where the right-hand side of Equation (16) equals the total utility loss on platform j due to higher

ad load. This highlights the distortion in the merged equilibrium: the platform holds back ad load

to increase equilibrium prices, rather than to avoid consumer harm. This disconnect means there

is no reason to think that equation (16) will hold, or that the merged equilibrium will tend to

produce ad load that is higher or lower than socially optimal—an ambiguity that is typical in the

two-sided markets literature. Roughly, as price becomes more sensitive to ad load, so that − ∂p
∂αj

increases, then ad load in a merged competitive equilibrium is likely be to low, and vice versa as

price becomes less sensitive to ad load.
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1.3.3 Separated Equilibrium

Suppose that separated platforms set αj simultaneously, taking as given their rival’s actions. Each

separated platform solves

αS
j = arg max

αj

p(αj , α−j) · αj ·
∑
i∈Uj

Tij(αj , α−j). (17)

Price p(α) is still given by by Equation (4) because platforms coordinate to avoid duplication. The

solution satisfies

αS
j =

−∂p(α)
∂αj

· αj · Tj(α) − p(α) · Tj(α)

p(α) · ∂Tj

∂αj
(α)

j = 1, 2. (18)

This differs from equation (15) in two ways. First, separated platforms ignore the impact of

increased ad load on revenue from infra-marginal impressions on platform −j. This is a standard

Cournot externality that increases ad load relative to the merged equilibrium. Second, separated

platforms do not consider how ad load on j will indirectly impact time use on −j through user

substitution, reflected in the missing α−j
∂T−j

∂αj
term. When platforms are substitutes, i.e.

∂T−j

∂αj
> 0,

the merged platform loses less revenue from lost marginal impressions than separated platforms

because consumers substiute to the other platform. This time use diversion tends to lower αS
j

relative to αm
j . The argument is reversed if platforms are complements, i..e

∂T−j

∂αj
< 0.

Overall, ad load in the separated equilibrium may be higher or lower than in the merged

equilibrium. If platforms are very strong substitutes, time use diversion may overwhelm the Cournot

externality and decrease ad load when platforms separate. Separating platforms may therefore

bring ad load closer to or further from the social optimum. Reducing market power does not

unambiguously reduce the distortion in competitive equilibrium. This is because the distortion is

not due to platform pricing power, but because user time use is not directly priced, so user utility

does not directly enter the platform problem.

Summary. In this simplified environment, the merged platform equilibrium may have higher or

lower ad load relative to the socially optimal level. Separating platform ownership may increase or

decrease ad load relative to when platforms are merged, and hence might mitigate or exacerbate

the monopoly distortion. The impact of platform separation on ad load in competitive equilibrium

depends on user-side diversion, parameterized by
∂T−j

∂αj
.

1.4 Advertiser Side in Isolation

We now focus on the advertiser side of the market, assuming that time on platform T i is exogenous

but not necessarily homogeneous. We highlight two features of the model. First, rather than generic

diversion ratios, merged and separated equilibrium ad load depends on novel user overlap statistics.

Second, separating platforms impacts ad load both by changing strategic incentives and also the
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available advertising technology. See Appendix A.3 for derivations. We first discuss general results

before illustrating them using numerical examples in Section 1.4.5.

1.4.1 Social Optimum

The social planner solution is an uninteresting benchmark. Because there is no user disutility from

ads, the social planner sets α = 1 to maximize producer surplus.

1.4.2 Merged Equilibrium

The merged platform chooses αe,m to maximize revenue given in Equation (5). The solution is

αe,m
j = −

∑
i α−j · Ti,−j · ∂pi

∂αj
+ Tij · pi∑

i Tij · ∂pi
∂αj

, j = 1, 2. (19)

where
∂pi
∂αj

= − (Am · hi(pi(α)))−1 · Tij .

Monopolist ad load equalizes the marginal increase in revenue due to a direct increase in ad load

and the marginal decrease revenue on infra-marginal impressions on both platforms. For intuition,

suppose that all users are single-homers and have homogeneous time use if positive, so that Tij ∈
{0, Tj} and min(Ti1, Ti2) = 0 ∀i. Applying Assumptions 1 and 2, (15) simplifies to αjTj = 1

2Am ·
(1 +η0), the standard solution for a monopolist maximizing against a linear demand curve. In that

case, the platform sets ad load independently on each platform.

Two forces shape ad load in our model relative to the standard monopolist incentive to restrict

supply to increase price. First, the monopolist internalizes the effect of choice of ad load on platform

αj on revenue from ads shown on platform −j. In particular, greater overlap implies lower ad load.

Second, the monopolist considers the variance of time use across users. Since prices are set at the

user level but ad load is not, time use variance impacts how revenue changes when ad load shifts.

1.4.3 Separated Equilibrium

Suppose separated platforms coordinate to avoid duplication. User prices are therefore still given

by Equation (4). The solution is

αe,s,i
j = −

∑
i∈Uj

Tij · pi∑
i∈Uj

Tij · ∂pi
∂αj

, j = 1, 2. (20)

where ∂pi
∂αj

< 0 is as in Equation (19). This coincides with the merged platform solution if all

users single-home. As the fraction of multi-homers rises, Equation (19) indicates that merged

equilibrium ad load rises relative to Equation (20). Hence, separation reduces ad load by more

as overlap increases. Intuitively, overlap increases the Cournot externality imposed by platform j

increasing ad load on platform −j, which increases ad load in the separated equilibrium relative to
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the merged equilibrium.

1.4.4 Separated Equilibrium with Duplication

Now platforms cannot coordinate to avoid duplication. Platforms solve:

αe,s,d
j = arg max

αj

∑
i∈Uj

αj · Tij · pij , (21)

where pij is given by Equation (9). The solution is:

αe,s,d
j = −

∑
i∈Uj

Tij · pij∑
i∈Uj

Tij · ∂pij
∂αj

, j = 1, 2, (22)

where

∂pij
∂αj

= −
(

1 − ζO′
aj(α

e,s,d)
)
· (Am · hi(pij))−1 · Tij −

pij(
1 − ζO′

aj(α
e,s,d

) ∂O′
aj(α

e,s,d)

∂αj
.

Without an integrated ad market, there is no Cournot externality mediated by overlap. How-

ever, the loss from duplication plays a similar role, where greater user overlap implies a greater

increase in ad load in the separated equilibrium. For intuition, suppose that all users were single-

homers, so O′
aj and its first derivative equal zero. Ad load would coincide with the merged equilib-

rium in Equation (19). Positive overlap reduces ad load in the merged equilibrium and increases

ad load in the separated equilibrium. The latter is because overlap reduces revenue from infra-

marginal impressions (an income effect reflected in the first term in
∂pij
∂αj

) and because platforms

have a strategic incentive to increase ad load to reduce overlap (reflected in
∂O′

aj

∂αj
in the second term

in
∂pij
∂αj

). We term the strategic incentive to increase ad load due to overlap a “business stealing”

effect which results from
∂O′

aj

∂αj
≤ 0.3

Busines stealing occurs because platforms with higher ad load have lower prices, which signals

to advertisers that marginal clicks purchased are shown to users with lower CTRs. Since CTRs

are user-specific across platforms, the marginal user impressed on the low-price platofrm is not

impressed on the high-priced platform. Therefore, duplication from overlap reduces ad demand by

less on the platform with higher ad load, all else equal.

The business stealing effect is also different from a standard Cournot exteranlity becuase it can

generate strategic complementarities across platforms, where an increase in ad load on j encourages

−j to increase ad load as well. When a rival’s ad load increases, demand falls because marginal

impressions are more likely to be duplicates. This increases ad load through the income effect

and strategic channels. By contrast, in our model ad load choices with no duplication are always

3This can be readily seen from the definition of O′
aj in the definition in Equation (11).
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strategic substitutes. We formalize this comparison in Proposition 1 in Appendix A.3, and illustrate

it numerically in the next section.

Lastly, the possibility of duplicated impressions means the separated equilibrium has a social

inefficienciy relative to the merged equilibrium.

1.4.5 Numerical Examples

We explore how the above forces impact ad load in the separated relative to combined equilibrium

through several numerical examples. We parameterize the distribution of time use with a measure

O of multi-homers with Tmi ∼ N
(
1
2 ,ΣT

)
, and a measure Nj of single-homers Tsi = 1. Let

µj ≡ O/Nj , the fraction of multi-homers. Unless otherwise specified, we set ζ = m = 1 and the

remaining model parameters to their estimated value from Section 3.

Example 1: Partial overlap (with no duplication). We first focus on how partial user overlap

impacts the magnitude of the Cournot externality when separated platforms can coordinate to avoid

duplication. We set ΣT = 0, so that multi-homers split one unit of time equally across platforms.

The merged equilibrium solution is standard linear Cournot: αe,m
j = 1

2Am·(1+η0). In separated

equilibrium, reaction functions are:

αe,s,i
j (α−j) =

2 − µj

(4 − 3µj)
Am · (1 + η0) −

1

2

µj

(4 − 3µj)
α−j (23)

When there is no overlap (µj = 0), each separated platform behaves as a monopolist. As overlap

increases, separated platforms respond more to their rival’s actions, as they have a greater impact

on revenue, and interalize less the price impact of increased ad load. Appendix Section A.3.1

derives a closed-form expression for separated equilibrium ad load, and shows that the percent

change relative to the merged equilibrium only depends on overlap statistics and is independent of

ad demand parameters.

Figure 2a plots reaction functions and equilibria in to show these forces concretely. Facebook

reaction functions to Instagram ad load are plotted horizontally, and Instagram reaction functions

to Facebook ad load are plotted vertically. Equilibria are plotted wth black dots where the reaction

functions intersect. Black lines plot vertical reaction functions when µj = 0, because platforms

ignore their rival’s actions. The red and blue solid lines plot reaction functions when µj = 1

for both platforms, indicating a 40% increase in ad load relative to the monopolist equilibrium.

The dashed lines plot reaction functions given empirically-observed µj , with µIG > µFB. Since

Instagram has more overlap than Facebook, it will internalize less of the impact of increased ad

load on equilibrium prices, and hence increase ad load by much more than Facebook.

Example 2: Duplication (with no partial overlap). We next consider a separated equi-

librium where platforms cannot coordinate to avoid duplication. To focus on the role of du-

plication, we assume all users are multi-homers with heterogeneous time use parameterized by
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ΣT = diag
(
σ2, σ2

)
. Heterogeneous time use ensures that the marginal overlap function is contin-

uous and differentiable.

Reaction functions no longer have a closed form, but are given by:

αe,s,i
j (α−j) = arg max

αj

(
1 − ζO′

aj (αj , α−j)
)
·η

(∑
i

αjTij ·
(

1 + η0 −
αjTij

Am

))
(24)

where O′
aj(αj , α−j) = Pr(αjTij ≤ α−jTi,−j)

where we substitute for pij in Problem (21) and apply the no-overlap assumption. Rival ad load

α−j only enters the expression through marginal overlap O′
aj . This makes clear the income effect

(shifting levels) and business stealing effect (shifting strategic incentives) generated by duplication.

Moreover, the variance of time use, controlled by σ2, will alter separated platform incentives. When

σ2 is very low, platforms can precisely affect marginal overlap and user prices through changes in

ad load, amplifying strategic differences relative to the merged equilibrium. When σ2 is very high,

changes in ad load have little impact on marginal overlap, dampening differences relative to the

merged equilibrium.

Figure 2b illustrates these points. The solid red and blue lines plot Facebook and Instagram

reaction functions when σ2 is relatively low. Ad load increases significantly. Because platforms

have fine control over marginal overlap, the business stealing effect is strong, making choice of ad

load a strategic complement. The dashed lines plot reaction functions when σ2 is high. Ad load

still shifts out due to the income effect. However, platforms have much less control over marginal

overlap through choice of ad load, severely dampening the business stealing effect.

Example 3: Duplication and partial overlap together. Finally, we consider the impact

of duplication and partial overlap jointly. Reaction functions are the same as in Equation (24),

except that O′
aj(·) = µj Pr(αjTij ≤ α−jTi,−j). This means the impact of duplication is attenuated

if overlap µj is low on a given platform.

Figure 2c plots the resulting reaction function, where all reaction functions use the empirical

overlap µj on Facebook and Instagram. First, partial overlap (µj < 1) dampens the impact

of duplication, since each platform has a user population for whom strategic incentives do not

change relative to the merged equilibrium. Second, the busines stealing motive appears stronger

for Instagram than Facebook. This is because Instagram has greater overlap, magnifying the returns

to business stealing. Finally, higher time use variance again dampens the business stealing effect,

although to a lesser degree as it is already dampened by overlap.

Summary. In an environment with exogenous but heterogeneous time use, separating platforms

increases ad load by more when user overlap across platforms is greater. If separated platforms

can coordinate to avoid duplication, this is because user overlap increases the externality of lower

prices imposed by a platform on their rival from an increase in ad load. If separated platforms

cannot avoid duplication, this is because: (i) overlap increases anticipated advertiser losses from
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duplication, which softens advertiser demand, and (ii) a “business stealing” strategic incentive to

expand ad load to the population not already impressed to reduce marginal overlap.

1.5 Full Equilibrium

We now consider the full equilibrium with endogenous and heterogeneous time use under different

ownership structures. The formal analysis, presented in Appendix A.4, combines expressions in

Sections 1.3 and 1.4 We summarize the results below.

The social planner chooses ad load to equalize the marginal aggregate user welfare cost of ads

and the marginal aggregate advertiser welfare benefit of ads. Relative to Section 1.3.1, the planner

calculates aggregate costs and benefits by summing across heterogeneous individuals.

The merged platform increases ad load on each platform to the point that the revenue gain

from increased aggregate marginal impressions equals the lost revenue on aggregate infra-marginal

impressions. As in Section 1.3.2, the revenue gain from increased aggregate marginal impressions is

higher when time use lost due to higher ad load on j is diverted to higher time use on platform −j,

which also contributes to revenue. Unlike in Section 1.3.2, the merged platform calculates these

aggregates by summing across heterogeneous individuals. Furthermore, ad load may be higher

or lower than the social optimum because time use is unpriced, and lost revenue on aggregate

infra-marginal impressions may not equal the marginal aggregate user welfare cost of ads.

In a separated equilibrium without duplication, platforms set ad load ignoring: (i) lost revenue

on infra-marginal impressions on the other platform (a Cournot externality); and (ii) time use

diversion to the other platform. As in Section 1.3.3, (i) increases ad load relative to the merged

equilibrium, (ii) decreases it if platforms are substitutes, and the net effect is ambiguous. However,

as in Section 1.4.3, these differences only apply for multi-homers with positive time use on both

platforms. Therefore, the importance of each effect depends on user overlap. Ad load may be higher

or lower than in the merged equilibrium, and therefore closer or further from the social optimum.

In a separated equilibrium with duplication, platforms again ignore time use diversion to the

other platform. Because the market for ads is not integrated, there is no Cournot externality.

Rather, duplication incentivizes higher ad load relative to the merged equilibrium, due to the

income effect and business stealing effects described in Section 1.4.4. Therefore, ad load may be

higher or lower in the separated equilibrium than the merged equilibrium.

However, because the separated equilibrium has inefficiently duplicated ad impressions, compar-

ing ad load relative to the social planner benchmark is not sufficient to make welfare judgements.

Even if ad load were identical to the social planner’s choice, duplicated impressions in the separated

equilibrium would lower advertiser surplus and hence overall welfare relative to the planner case.

We work through these issues explicitly in Section ??.

The full model contains many positive and normative ambiguities about the effects of an anti-

trust policy that separates jointly-owned platforms. We now parameterize the model and take it

to data to resolve those ambiguities.
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2 Empirical Facts

In this section, we present empirical facts relevant to the model from Section 1 that we will later use

to estimate the model parameters. We reanalyze two existing randomized experiments to provide

new evidence on three key user-side factors: the joint distribution of time-on-platform, the diversion

ratio, and the price elasticity.

2.1 Experimental Designs

Facebook and Instagram Election Study (“FIES”). The first randomized experiment we

study is the 2020 Facebook and Instagram Election Study (Allcott et al. 2023), henceforth “FIES.”

More precisely, we use data from two randomized experiments, one that paid Facebook users to

deactivate Facebook, and another that paid Instagram users to deactivate Instagram. We say that

Facebook and Instagram, respectively, are the “focal platform” in each experiment.

From August 31 to September 12, 2020, Meta placed survey invitations at the top of the news

feeds for a stratified random sample of 10,597,957 Facebook users and 2,633,497 Instagram users.

Consenting participants were paid to complete a series of surveys and were also invited to a passive

tracking sample where their mobile app use and desktop web browser use would be recorded. The

final samples we use comprise 23,415 Facebook users and 21,249 Instagram users who were willing

to deactivate the focal platform for a payment of $25 per week, who completed the first two surveys,

and whose survey responses could be linked to Meta’s on-platform data. Approximately 25 percent

of participants also consented to passive tracking.

A randomly selected Control group (comprising 73 percent of the sample) was paid $25 if they

did not log into their focal platform for the one week between September 23 and the end of the day

on September 29. A randomly selected Deactivation group (comprising the remaining 27 percent

of the sample) was paid $150 if they did not log into their focal platform for the six weeks between

September 23, 2020, and the end of the day on November 3 (U.S. election day). The “treatment

period” is the additional five weeks from September 30–November 3 when the Deactivation group

was being paid to avoid logging in, while the Control group was not.

For each participant, we observe normalized daily time on Facebook and Instagram for each day

of the baseline period (beginning August 23, 2020) through the end of 2020, as recorded by Meta.

For each participant in the passive tracking sample, we observe daily time spent on each mobile

app and daily count of impressions on each web domain. We also observe demographics, including

income, education, age, gender, and race/ethnicity. We weight the final samples using weights

constructed to make the samples representative of U.S. focal platform users on race, political party,

education, and measures of baseline account activity, including number of friends (on Facebook) or

accounts followed (on Instagram), number of days logged into the focal platform during the baseline

period, and terciles of time spent on the focal platform during the baseline period. Thus, although

the sample is selected for willingness to participate in the study and to deactivate their accounts,

the weighted sample should have representative levels of time spent on the focal platform.
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As of this draft, we are not yet allowed to work with the FIES data for this project. We expect

to be able to access the data in the first part of 2024. In the meantime, we present results from

Allcott et al. (2023) that have been disclosed through legal and privacy review and are relevant for

the present paper.

Digital Addiction (“DA”). The second randomized experiment we study is Digital Addiction

(Allcott, Gentzkow, and Song, 2022), henceforth “DA”. From March 22 to April 8, 2020, the authors

recruited participants using Facebook and Instagram ads that were shown to 3,271,165 unique users.

Consenting participants were paid to complete a series of surveys and install an app called Phone

Dashboard that recorded their mobile app use. The final sample we use comprises 2,053 people

were were randomized and informed about their treatment conditions on May 3, 2020.

Beginning May 3, a randomly selected Limit group was given access to functionality in Phone

Dashboard that allowed them to set daily screen time limits for each app on their phone. A

randomly selected Bonus group was paid to reduce their use of six apps (Facebook, Instagram,

Twitter, Snapchat, web browsers, and YouTube, henceforth “FITSBY”) over the 20 days beginning

May 25. Specifically, users were told that they would be paid a “Screen Time Bonus” of $50 for

every hour they reduced their average FITSBY screen time over the 20-day period, relative to a

benchmark set above their baseline use. For example, a user with a benchmark of 3 hours per day

who had a daily average FITSBY screen time of 2.5 hours over the 20-day period would earn $25.

The Bonus treatment amounts to a price of $2.50 per hour of screen time on the FITSBY apps

during the 20-day period.

For each participant, we observe daily time spent on each mobile app from the beginning of the

baseline period on April 12, 2020, through the end of the study on July 26, 2020. We do not apply

sample weights to these data.

2.2 Time Use and Overlap

As described in Section 1, an initial key statistic that determines the market effects of mergers

or separations is the extent of overlap across users. Figure 2 is a heat map describing the joint

distribution of Facebook and Instagram time use in the DA baseline data. The histograms at the

top and right present the marginal distributions of Facebook and Instagram use, respetively. About

9 percent of Instagram users are single-homers (i.e., use zero Facebook), while the remaining 91

percent are multi-homers. About 30 percent of Facebook users are single-homers (i.e., use zero

Instagram), while the remaining 70 percent are multi-homers.

2.3 Diversion Ratio

A second key statistic for merger analysis is the user-side diversion ratio between the two platforms.

The FIES experiment allows us to estimate that directly, by estimating the effect of Facebook

deactivation on Instagram use as well as the effect of Instagram deactivation on Facebook use.

Below, we present results that have been disclosed as part of Allcott et al. (2023); we will update

these results once we gain access to the replication files.
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Figure 3 presents background evidence, documenting Facebook and Instagram use in the re-

spective Facebook and Instagram samples. The dark grey period (from September 23–29) indicates

the week when both Deactivation and Control groups were being paid to deactivate. The light

grey period (from September 30–November 3) indicates the five week treatment period when only

the Deactivation group was being paid to deactivate. During the treatment period, about 15–20

percent of the Deactivation group would use the focal platform on any given day, compared to

about 90 percent of the group.

We would like to estimate the effect of fully deactivating platform j on use of other app j′.

However, Figure 3 shows that the experiment involved imperfect compliance: not all participants

in the Deactivation group stayed fully deactivated. We thus analyze the experiment as a randomized

encouragement design, using an instrumental variables estimator. Define Tij,d as person i’s average

daily use of platform j during the deactivation treatment period, and define T̂C
j,d as the the Control

group average. We define a deactivation compliance variable D̃i :=
(
T̂j,d − Tij,d

)
/T̂j,d. D̃i = 1 for

participants who never use j during the treatment period, and D̃i = 0 for participants with usage

equal to the Control group average.

Define Di as a deactivation group indicator, and define Tij′,0 and Tij′,d as use of j′ during the

baseline and treatment periods, respectively. We estimate

Tij′,d = τDj
j′ D̃ij + βTij′,0 + ϵij , (25)

instrumenting for D̃ij with the deactivation group estimator Di. The first stage effect on D̃i

measures the extent of compliance, and τDj
j′ is the local average treatment effect of fully deactivating

j on use of j′, for people induced to deactivate by the $150 payment.

Panels (a) and (b) of Figure 4 present the local average treatment effects of Facebook and

Instagram deactivation on use of other mobile apps, as measured in the passive tracking data.

The Facebook and Instagram Control group participants in the passive tracking sample spent

about 45 and 18 minutes per day, respectively, on the Facebook and Instagram mobile apps during

the treatment period. Panel (a) shows that deactivating Facebook increases Instagram use by

about 2 minutes per day, implying a diversion ratio of τ̂DI ≈ 2/45 ≈ 0.044. Panel (b) shows that

deactivating Instagram has no statistically significant effect on Facebook use, implying a diversion

ratio of τ̂DF ≈ 0. Note that the estimated effects on other social apps are relatively large (around

7–8 minutes per day). They are currently being updated under a new specification, so we do not

know whether the final estimates will be this large.

2.4 Price Response

A third key statistic for evaluating effects on consumer surplus is the user price response. While we

do not consider counterfactuals with positive prices, the price response is required to quantify the

effects of ad load changes on consumer surplus. We identify the price response by estimating the

effect of the DA experiment Screen Time Bonus on Facebook and Instagram time use. For these
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analyses, we use only the Limit Control group, thereby excluding people who had access to screen

time limit functionality.

Figure 5 presents daily average Facebook and Instagram use for the Bonus and Control groups

(within the Limit Control group). The grey period (from May 25–June 13) indicates the 20-day

period when the Bonus group was being paid to reduce social media use. During that time, the

Control group Facebook and Instagram averages are 54 and 14 minutes per day, and the Bonus

group averages are noticeably lower.

Figure 6 estimates the average effect of the Bonus for each week of the experiment. The

estimates show that Facebook use dropped by about 22 minutes per day, or 41 percent relative to

the Control group. Instagram use dropped by about 7 minutes per day, or 50 percent relative to

Control.

To formally estimate the effect of the Bonus on Facebook and Instagram use, define Bi as a

Bonus group indicator, and define Tij,0 and Tij,b as use of j during the baseline and bonus periods,

respectively. We estimate

Tij,d = τBj D̃ij + βTij,0 + ϵij . (26)

τBj is the effect of the Bonus on use of j.

These are strikingly large price responses—they imply that 41–50 percent of Facebook and

Instagram use is worth less than $2.50 per hour to users. This means that any reductions in time

on platform or increases in ad load will translate to relatively small consumer surplus losses.

3 Structural Estimation

We now impose additional structure on the model and estimate the parameters using a minimum

distance estimator that minimizes the differences between empirical moments and model predic-

tions. The user-side empirical results from Section 2 help identify the user-side demand parameters.

We infer advertiser-side parameters from the modeled ad load first-order condition from Section

1.5.

3.1 Setup

Define yi as income and ni as numeraire good consumption, both in units of $/day. Define b as the

price per minute of time spent on social media; b = 0 normally, but b = bB in the DA experiment

Bonus condition. We assume that users maximize quadratic utility

Ui (T i) =
∑
j

[
(ξij − γαj)Tij − σjT

2
ij/2

]
+ ρTi1Ti2︸ ︷︷ ︸

quadratic utility from time on platform

+ ni︸︷︷︸
numeraire

, (27)

subject to budget constraint yi = ni + b
∑

j Tij .
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We assume that αj , σj , γ, and ρ are homogeneous across consumers, so all time use heterogeneity

arises from differences in ξij . Under this functional form, the average and marginal disutility for

ads are the same, so there is no Spence (1975) quality distortion.

Maximizing utility gives users’ choice of time use on platform j as a function of time on the

other platform j′:

Tij =
ξij − γαj − b + ρTij′

σj
. (28)

Platform j single-homers exogenously have Tij′ = 0. Let k ∈ {s,m} index single-homer and

multi-homer user types, and let µj be the share of j’s users that are multi-homers. Define ξkj

as the mean of ξij for platform j’s user type k. Average time on platform j for single-homers,

multi-homers, and all users are, respectively:

Tsj =
ξsj − γαj − b

σj
(29)

Tmj =
(ξmj − γαj − b) +

(
ξmj′ − γαj′ − b

)
· ρ/σj′

σj − ρ2/σj′
(30)

Tj = (1 − µj)Tsj + µjTmj (31)

We consider three treatment conditions, indexed by g:

• B: the DA experiment Bonus group, modeled by setting b = bB in equations (29)–(31).

• Dj: the FIES experiment Facebook and Instagram Deactivation groups, modeled by setting

Tij = 0 and b = 0. This gives TDj
mj′ =

ξmj′−γαj′
σj′

.

• C: Control, modeled by setting b = 0 in equations (29)–(31).

Define T g
j as the modeled average time use in treatment condition g, and define T g

kj as that average

for user type k. Define T̂ g
j and T̂ g

kj as the observed empirical analogues.

3.2 Distance Functions

Define Θ := {{ξkj} , {σj} , ρ, γ, η, η0, αI} as the vector of 11 structural parameters to be estimated.

Our estimator minimizes the sum of squared errors between modeled statistics (such as diversion

ratios and price responses) and their empirical analogues. We now describe the distance functions

expressing these errors.

Tables 1 and 2 present the exogenous parameters and empirical moments.4 Note that the

number of advertisers A is a normalization that impacts units of estimated η, η0 but does not

impact incentives faced by platforms in either combined or separated equilibria.

4We set ζ = 1. Otherwise, the merged platform would have a complex problem involving how many impressions
of a given campaign to make per advertiser. We set m = 1 as a normalization.
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Control group use. There are four control group use moments: average Facebook and Insta-

gram use for single-homers and multi-homers. The distance functions are the difference between

modeled and empirically observed use:

hCkj (Θ) = TC
kj − T̂C

kj . (32)

We construct the empirical moments from the DA experiment. As shown in Table 2, for single-

homers and multi-homers, respectively, average Facebook use is tk and tk minutes per day, and

average Instagram use is tk and tk minutes per day.

These average use moments will be most informative about the value of the average demand

shifters ξkj .

Price response. There are two price response moments: percent reductions in Facebook and

Instagram use from the DA experiment Bonus condition. The distance functions are the difference

between modeled and empirically observed percent reductions:

hBj (Θ) =
TB
j − TC

j

TC
j

−
τ̂Bj

T̂C
j

. (33)

We normalize the bonus effects by control group usage because participants in the DA experiment

were relatively heavy users, which could make the non-normalized effects larger than they would

be for average users.

We construct the empirical moments from the DA experiment; τ̂Bj is estimated in equation

(26). As shown in Table 2, the bonus reduced Facebook and Instagram use by 38 and 33 percent,

respectively.

Note that the DA experiment bonus also changed the appeal of the outside option, because it

subsidized reductions from the six FITSBY apps, not just Facebook and Instagram. However, since

Facebook and Instagram comprise 80 percent of FITSBY consumption in the DA baseline data,

the modeled moment in equation (33) assumes no change in the appeal of the outside option. Since

if anything, the other four apps appear to be substitutes for Facebook and Instagram, subsidizing

reductions in those other four apps increases Facebook and Instagram use, biasing the estimated

price response toward zero. Since we find that the price response is already quite large, any bias

strengthens our results that any effects on consumer surplus are relatively small.

The price responses will be most informative about the diminishing marginal utility parameters

σj . To see this, notice from equation (28) that single-homers’ modeled response to the bonus is

TB
sj − TC

sj = −bB/σj . Multi-homers’ modeled price response is that same quantity adjusted for the

change in Tij′ .

Diversion ratio. There is one diversion ratio moment: the average diversion ratio from Face-

book and Instagram deactivation. The distance function is
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hD (Θ) =
1

2

∑
j

[
TDj
j′ − TC

j′

TC
j

−
τ̂Dj
j′

T̂C
j

]
. (34)

We construct the empirical moment from the FIES experiments; τ̂Dj
j′ is estimated in equation

(25), and T̂C
j is the Control group average use during the treatment period. As shown in Table 2,

the diversion ratios are very close to zero.

The deactivation treatment effect τ̂Dj′ is local to the people induced to deactivate by the $150

payment. In theory, the average treatment could be different for the full population that includes

the “never-takers” not induced to deactivate by the payment. One might hypothesize that the

never-takers are unwilling to deactivate j partially because they don’t feel they have good online

substitutes, and thus that the diversion ratio to social media platform j′ would be smaller. Any

such bias would strengthen our finding that the diversion ratios are quite small.

The diversion ratios will be most informative about the substitution parameter ρ. To see

this, notice from equation (28) that for multi-homers, the effect of deactivating platform j (i.e.,

exogenously setting Tij = 0) on platform j′ time use is TDj
mj′ − TC

mj′ = −ρTC
mj

σj′
. Since platform j

single-homers always have Tij′ = 0 and multi-homers comprise share µj of platform j’s users, the

effect of deactivating j on platform j′ time use among platform j users is TDj
j′ − TC

j′ = −µj
ρTC

mj

σj′
.

Ad elasticity. There is one ad elasticity moment: the average of modeled ad load elasticities

on Facebook and Instagram. The distance function is

hA (Θ) =
1

2

∑
j

∂Tj

∂αj

αj

Tj
− ∂̂T

∂α

α

T
. (35)

We import the empirical moment from Huang, Reiley, and Riabov (2018), who randomly varied

ad loads on Pandora internet radio over an 18-month period.5 On the basis of their Figure 7,

we assume that the long-run elasticity of time-on-platform to ad load is ∂̂T
∂α

α
T = −0.075, with a

standard error of 0.01.

The ad elasticities will be most informative about the ad disutility parameter α. To see this,

notice from equation (28) that single-homers’ modeled ad response is
∂Tsj

∂αj
= −γ

σj
. Multi-homers’

modeled price response is that same quantity adjusted for the change in Tij′ .
6

Platform first-order condition. We do not currently have an estimate of Meta’s price

elasticity of advertising demand. Instead, we identify that parameter by assuming that Meta

sets ad load to maximize revenues in our model—just as it is common to infer firms’ marginal

costs by assuming static Nash-Bertrand pricing, following S. Berry, Levinsohn, and Pakes (1995).

Beginning with the merged equilibrium revenue function from equation (5) and substituting our

5The experiment estimates the elasticity of average time use with respect to ad load, which is what we model
above.

6The overall modeled ad elasticity is
∂Tj

∂α
α
Tj

=
∑

j −γ ·
[
1−µ
σj

+ µ
σj−ρ2/σj′

]
· α
TC
j
.
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parameterization of H(·), the platform’s first-order condition gives

0 =
∑
i

[
∂

∂αj
(α · T i(α))

]
· pi (α · T i(α)) ·

1 +
α · T i(α)

pi (α · T i(α))
· ∂pi
∂ (α · T i(α))︸ ︷︷ ︸

inverse demand price elasticity

 . (36)

The expression for α · T i(α) and ∂
∂αj

(α · T i(α)) are known conditional on the user-side pa-

rameters, and the remaining terms depend on advertiser-side parameters. Conditional on pi(·),
these conditions identify the price elasticity of inverse advertiser demand. In addition, Tij(α) =

Tkj(α) + eij . Inspecting equation (36) makes clear that the first-order condition will depend on

E2
kj ≡ E

[
e2ij |i ∈ Uk

]
for k = s,m and EmFI ≡ E [ei1ei2|i ∈ Um]. We use the variance and covari-

ance of time use from the DA experiment, equivalent to using nonparameteric estimates of the

distribution of ξij .

Average ad price. To pin down η, we also incorporate information from the average cost per

impression observed on RevealBot during our study period, P̂j ≡ 1
T

∑
t p̂jt, and match this to our

model counterpart, given by:

1

Ij

∑
i∈Uj

αj · Tij(α) · pi =
1

Ij

∑
i∈Uj

αj · Tij(α) · η ·
(

1 + η0 −
α · T i(α)

A

)
(37)

where Ij :=
∑

i∈Uj
αj · Tij(α). The distance function is therefore:

hP (Θ) =
∑
j

 1

Ij

∑
i∈Uj

αj · Tij(α) · pi − P̂j

 (38)

Our user-side estimates come from the 2020 Facebook deactivation experiment, which covers

2020Q4. We therefore calculate average price per click over this period by scraping weekly data

reported on RevealBot’s website. RevealBot reports prices separately for Facebook and Instagram.

Equation (38) also depends on variance and covariance of time use.

Ad load. We assume that we know ad load on Facebook with certainty, but do not observe

ad load on Instagram. Therefore, αF is known, but αI is a parameter to be estimated. The

first-order conditions, combined with the average ad price moment, constitute 3 equations with 3

unknowns, conditional on user-side parameters (η, η0, αI). Intuitively, Meta’s first-order condition

for Facebook, combined with observed ad load, average price, and user-side parameters, identifies

the price elasticity of advertising demand. The first-order condition for Instagram then uses the

user-side parameters and price elasticity of demand to back out αI .
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3.3 Estimation

Define h (Θ) :=
{{

hCkj

}
,
{
hBj

}
, hD, hA,

{
hFj

}
, hP

}
as the vector of distance functions described

above. Θ contains 11 structural parameters, and h (Θ) contains 11 distance functions. Our estimate

of Θ minimizes the sum of squared distance functions:

Θ̂ = arg min
Θ

h (Θ)′ h (Θ) . (39)

We construct standard errors using the Delta method.

For counterfactuals, we also need estimes of the the distribution of ξij . Let ξij = ξkj + εij for

k ∈ {s,m}. For each i in the DA control group, we invert Equation (28) given estimated parameters

to estimate εij for all i, j. 7 The resulting εij are draws from distributions Ξm and Ξsj , where Ξm

is the joint distribution of (εi1, εi2) for users in group k = m and Ξsj is the distribution of εij for

users in group k = s on platform j. We use observed draws of εij to estimate Ξ̂m and Ξ̂sj using a

Gaussian kernel. Define Ξ̂ :=
(

Ξ̂m, Ξ̂s1, Ξ̂s2

)
as a tuple collecting the estimated distributions.

Table 3 presents preliminary point estimates (standard errors are in progress). Instagram

time use has much steeper curvature than Facebook time use. This means Instagram time use is

“stickier,” and will respond less to changes in ad load than time use on Facebook. The diversion

parameter ρ is negative but small, indicating that the platforms are weak substitutes. Finally,

our advertiser demand parameter estimates imply an aggregate price elasticity of demand of about

-3.25, suggesting advertisers are quite price elastic.

4 Counterfactual Simulations of Facebook-Instagram Separation

In this section, we simulate a Facebook-Instagram separation. In the separated equlibrium, plat-

forms independently set ad load. We assume they retain their respective ad targeting systems,

meaning that perceived ωia is the same for i on both platforms. Since each platform cannot ob-

serve whether user i is impressed by their rival, there may be wasteful duplication.

Counterfactual ad load. Under Facebook-Instagram separation, reaction functions are (substi-

tuting in advertiser-side parameters):

α∗,s
j (α−j ;Θ,Ξ) := arg max

αj

(
1 −O′

aj (α)
)
·η

(∑
i

αjTij(α) ·
(

1 + η0 −
αjTij(α)

A

))
j = 1, 2 (40)

The counterfactual equilibrium is (αs
1, α

s
2) the fixed point where α∗,s

j (αs
−j ; ·) = αs

j for j = 1, 2.

Note that evaluating Equation (40) requires calculating marginal overlap O′
aj(α), which involves

7The minimum distance estimator implicitly relies on the distribution of εij because the platform first-order
condition depends on variance and coviarance of eij . However, since we estimate εij pointwise, without imposing any
functional form, all that matters for platform incentives are the variance and covariance of eij , which we can estimate
directly.
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integrating over a transformation of the distribution Ξm where the transformation depends on αj

and α−j .

Welfare in counterfactual equilibrium. Let αm and αs represent ad load in merged and

counterfactual separated equilibrium, respectively, with time use Tm
i and T s

i . The change in

consumer surplus is:

∆CS :=
∑
i

Ui(T
s
i ) − Ui(T

m
i )

The change in platform surplus is:

∆PS :=
∑
j

Rs
j(α

s) −Rm(αm)

Advertiser surplus in the merged equilibrium intergrates under the advertiser demand curve for

each user and sums across users:

ASm(αm) =
∑
i

Am ·
ˆ (πω)max

pi(αm)
xdH(x)

where pi(α) is given by Equation (4). Advertiser surplus in the counterfactual equilibrium changes

due to both endogenous changes in price, as well as inefficient duplication of ads. In Appendix B.1,

we show that in the counterfactual equilibrium:

ASs
j (αs) =

surplus — no duplication︷ ︸︸ ︷∑
i∈Uj

Am ·
ˆ (πω)max

pij(αm)
xdH(x)−

loss from duplication︷ ︸︸ ︷
ζ ·
∑
i

ˆ (πω)max

p
i
(αm)

xdH(x)

where p
i
(αm) := max

k
H−1

i

(
1 − αkTik(αm)

Am

)
The change in advertiser surplus is therefore ∆AS :=

∑
j AS

s
j (αs) − ASm(αm). Appendix B.1

provides explicit formulas given our parameterizations.

Counterfactual results. Table 4 presents preliminary results. Panel A shows effects on market

outcomes. Ad load increases on both platforms, but by much more on Instagram than on Facebook.

Because overlap on Instagram is significantly higher, the income and business stealing effects en-

courage a much greater increase in ad load. Time use on both platforms declines, although not by

much. Furthermore, because the Instagram curvature parameter σj is much higher, time use falls

by less on Instagram in response to greater ad load than time use on Facebook does. Therefore,

Instagram is less constrained on the user side from increasing ad load than Facebook is. Ad prices

fall significantly, both due to duplication (advertisers demand a lower price to fill the same number

of ad slots) and greater ad supply.

Panel B shows how these market effects impact surplus. Consumer surplus falls slightly. Adver-

26



tiser surplus rises by about 60%. However, surplus would have almost doubled without duplication.

This demonstrates that duplication produces significant inefficiencies that are quantitatively rele-

vant for welfare. Platform surplus falls by 4% on Facebook at 33% on Instagram.

The total surplus effects are quite modest, because losses from lower consumer and platform

surplus offset gains from higher advertiser surplus. Total surplus rises by 1%, while advertiser and

consumer surplus combined increases by 2.9%. Overall, the platform separation mostly transfers

surplus from platforms to advertisers, with very little overall welfare gain.

5 Conclusion

This paper introduces a new model of competition between two-sided media platforms with het-

erogeneous advertisers running targeted ads to impress heterogeneous users. The model highlights

the distortions that occur when platforms are jointly owned, and characterizes important empiri-

cal parameters that govern whether anti-trust policy that separates ownership can mitigate those

distortions.

Our theory emphasizes how jointly owned platforms coordinate ads across platforms to avoid

inefficient duplication of impressions, but inefficiently restrict ad load to raise prices. Separating

platform ownership increases competition, but also leads to inefficient duplication of impressions,

since platforms can no longer coordinate. Competitive incentives in the separated ownership equi-

librium depends on user overlap across platforms, user time use heterogeity, user diversion across

platforms, and the advertiser price elasticity of demand.

We apply our framework to study the effects of separating two of Meta’s leading platforms:

Facebook and Instagram. First, we provide descriptive empirical evidence on user-side parameters

from randomized experiments on Meta users. These experiments show that Facebook and Instagram

are weak substitutes, implying limited incentives for platforms to restrict ad load to compete on

the user side. Next, we use experimental moments to structurally estimate a parameterized version

of our model. This allows us to infer advertiser demand elasticities based on Meta’s current actions

and a first-order condition for profit maximization.

We use the estimated model to simulate the effects of a Facebook-Instagram separation con-

templated by several global anti-trust authorities. Preliminary estimates indicate that separation

would mostly transfer surplus from platforms to advertisers, with a small loss for users. Total

surplus would remain mostly unchanged, since large potential gains to advertisers through greater

ad load are offset by inefficiencies due to wasted impressions, lost consumer surplus from more ads,

and lost platform surplus. Our findings indicate that separation causes meaningful inefficiencies

and has important redistributive, but perhaps not total welfare, effects.
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Table 1: Exogenous Parameters

Parameter Parameter Value Data source

FB ad load (ads/hour) αF 133 Authors’ calculations
Share of FB users that are multi-homers µF 0.68 DA
Share of IG users that are multi-homers µI 0.88 DA
FB ad price ($/1000 impressions) pF 16 Revealbot
IG ad price ($/1000 impressions) pI 11 Revealbot
Number of US advertisers A 40,000 MediaRadar
Impressions per campaign m 1 Calibrated benchmark
Loss due to duplication ζ 1 Calibrated benchmark

Notes: This table presents the exogenous parameters used to construct the distance functions
described in Section 3. “DA” refers to the paper “Digital Addiction” (Allcott, Gentzkow, and
Song, 2022).

Table 2: Empirical Moments

Parameter Formula Value SE Data source

Single-homer average FB use (hours/day) T̂C
sF 0.82 0.01 DA

Multi-homer average FB use (hours/day) T̂C
mF 0.75 0.01 DA

Single-homer average IG use (hours/day) T̂C
sI 0.33 0.01 DA

Multi-homer average IG use (hours/day) T̂C
mI 0.30 0.01 DA

FB Bonus response
τ̂BF
T̂C
F

0.38 0.04 DA

IG Bonus response
τ̂BI
T̂C
I

0.33 0.03 DA

FB-IG diversion ratio
τ̂DF
mI

T̂C
mF

0.044 0.022 FIES

IG-FB diversion ratio
τ̂DF
mF

T̂C
mI

0.00 0.11 FIES

Ad load elasticity
∂̂Tj

∂αj

αj

Tj
-0.075 0.01 Huang, Reiley, and Riabov (2018)

Notes: This table presents the empirical moments used to construct the distance functions
described in Section 3. “DA” refers to the paper “Digital Addiction” (Allcott, Gentzkow, and
Song, 2022). “FIES” refers to the 2020 Facebook and Instagram Election Study (Allcott,
Gentzkow, et al. 2024).
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Table 3: Demand Parameter Estimates

Parameter Description Units Estimate

ξsF FB single-homer demand intercept $/hour 7.4
ξmF FB multi-homer demand intercept $/hour 6.9
ξsI IG single-homer demand intercept $/hour 9.6
ξmI IG multi-homer demand intercept $/hour 9.0
σF FB curvature $/hour2 7.3
σI IG curvature $/hour2 24.4
ρ Cross-demand response $/hour2 -0.25
γ Ad load disutility $/ad 0.0033
αI IG ad load ads/hour 165.1

η Advertiser demand slope share of A
$/impression 1.31

η0 Advertiser demand intercept share of A -0.986
Notes: This table presents the parameter estimates from the estimation procedure described in

Section 3.

Table 4: Counterfactual Simulation Results

(1) (2) (3)
Baseline FB-IG separation

∆ from %∆ from
baseline baseline

Panel A: Market Outcomes

FB ad load (ads/hour) 133 5.7 4.3%
IG ad load (ads/hour) 165 87.5 53.0%
Average time on FB (hours) 0.77 0.00 -0.3%
Average time on IG (hours) 0.30 -0.01 -3.8%
Average FB ad price ($/1000 impressions)

13.58
-2.82 -21%

Average IG ad price ($/1000 impressions) -6.45 -47%

B. Surplus

Consumer surplus ($/user-year) 3,272 -30.6 -0.9%
Advertiser surplus ($/user-year) 213 131.3 61.5%

if no overlap 213 212.6 99.6%
loss from overlap ($/user-year) - 81.3 -38.1%

Advertiser + consumer surplus ($/user-year) 3,485 100.7 2.9%
Platform surplus: FB ($/user-year) 320 -13.8 -4.3%
Platform surplus: IG ($/user-year) 188 -62.2 -33.1%
Total surplus ($/user-year) 3,911 43.8 1.1%

Notes: This table presents the counterfactual simulation results. Baseline refers to the initial
equilibrium, where Facebook and Instagram are merged. Columns 2 and 3 present the simulated
effects of separating Facebook and Instagram.
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Figure 1: Key Advertiser-side Forces: Numerical Examples
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Notes: This figure presents numerical examples described in Section 1.4.5. Panel (a) plots reaction functions
in an example with partial overlap but no duplication in separated equilibrium. Panel (b) plots reaction
functions in an example with full overlap and duplication. Panel (c) plots reaction functions in an example
with partial overlap and duplication.
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Figure 2: Time Use and Overlap
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Notes: This figure presents a heat map describing the joint distribution of Facebook and Instagram
time use in the baseline period (April 12–May 2, 2023) of the Digital Addiction experiment (Allcott,
Gentzkow, and Song, 2022). The histograms at the top and right present the marginal distributions
of Facebook and Instagram use, respectively. Single-homers (consumers with exactly zero time use
on a platform) are plotted separately as values less than zero.
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Figure 3: Effects of Deactivation on Focal Platform Use

Notes: This figure presents the share of Deactivation and Control groups that used Facebook and
Instagram on each day of the 2020 Facebook and Instagram Election Study. “Use” is defined as
logging in and seeing five or more pieces of content. The dark grey shaded area indicates the Control
group’s 7-day deactivation period, while the light grey shaded area indicates the Deactivation
group’s 35-day additional deactivation period. We exclude Facebook use data from October 27th
due to a logging error. This figure and figure note are from Allcott et al. (2023). When we receive
access to the FIES data, we will create new figures that are directly tailored to our analysis.
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Figure 4: Effects of Deactivation on Substitute App Use

(a) Facebook Deactivation

(b) Instagram Deactivation

Notes: Panels (a) and (b) present local average treatment effects of Facebook and Instagram
deactivation in the 2020 Facebook and Instagram Election Study passive tracking sample. These
figures are from Allcott et al. (2023). When we receive access to the FIES data, we will create new
figures that are directly tailored to our analysis.
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Figure 5: Digital Addiction Facebook and Instagram Use
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Notes: Panels (a) and (b) present average Facebook and Instagram use in the Digital Addiction
experiment Bonus and Bonus Control groups, limiting the sample to the Limit Control group.
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Figure 6: Effects of Screen Time Bonus on Facebook and Instagram Use
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Notes: This figure presents the effects of the Digital Addiction experiment Screen Time Bonus on
Facebook and Instagram use. The grey shaded region indicates the 20-day period when the Bonus
group was being paid $2.50 per hour to reduce use of Facebook, Instagram, Twitter, Snapchat, web
browsers, and YouTube.
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A Model Appendix

A.1 Derivation of Marginal Overlap Function

This subsection proves Lemma ?? in Section 1.2.

Proof. By definition:

O′
aj(q) = Pr(i (infra)marginal on −j given q−j given i marginal on j given qj)

= Pr

(
pi,−j

ωia
≤ ca,−j(q−j)|

pij
ωia

= caj(qj)

)
= Pr

(
pi,−j

pij
≤ ca,−j(q−j)

caj(qj)

)

= Pr

pi,−j

pij
≤

πa

(
1 − ζO′

a,−j(q)
)

πa

(
1 − ζO′

aj(q)
)
 (41)

where the last line applies the fact that caj(qj) = πa

(
1 − ζO′

aj

)
.

Next, use market clearing to get
pi,−j

pij
:

αjTij(α) =
∑
a

1
[
πa
(
1 − ζO′

aj(q)
)
ωia ≥ pij

]
= A

[
1 −Hi

(
pij

1 − ζO′
aj(q)

)]

Going from the first line to the second implicitly applies Assumption 1 because it says that the

distribution of πaωia does not depend on (for instance) different time usage on different platforms

and can be described by a single person-specific distribution. This follows from independent click-

through rates. Solving for pij :

pij =
(
1 − ζO′

aj(q)
)
H−1

i

(
1 − αjTij(α)

Am

)
Therefore:

pi,−j

pij
=

(
1 − ζO′

a,−j(q)
)
H−1

i

(
1 − α−jTi,−j(α)

Am

)
(

1 − ζO′
aj(q)

)
H−1

i

(
1 − αjTij(α)

Am

) (42)
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Substituting (42) into (41), the ratios
(1−ζO′

a,−j(q))
(1−ζO′

aj(q))
cancel, and we end up with:

O′
aj(q

∗) = O′
aj = Pr

H−1
i

(
1 − α−jTi,−j(α)

Am

)
H−1

i

(
1 − αjTij(α)

Am

) ≤ 1


= Pr[αjTij(α) ≤ α−jTi,−j(α)]

=

∑
i∈Uj

1[αjTij(α) ≤ α−jTi,−j(α)]

Nj

Going from the first to the second line to the second uses the fact that H−1
i is monotone increasing.

The third line follows by definition and gives the expression in the text.

A.2 Derivations for Section 1.3

This subsection derives expressions in Section 1.3.

Derivation of Equation (13). First, note that given assumptions in Section 1.3:∑
i

U∗
i (T (α), n;α) = NU∗ (T (α), n;α) ;

The first-order conditions for Problem (12) are therefore:

0 =
∂

∂αj

NU∗ (T (α), n;α) + NAm ·
(πω)maxˆ

x=p(α)

xdH(x)


= N

∂U∗(·;α)

∂αj
−NAm · p (α) · h (p(α)) · ∂p (α)

∂αj

Note that from Equation (4), applying the inverse function rule:

∂p (α)

∂αj
= − (Am · h (p (α)))−1 ·

[
Tj + αj

∂Tj

∂αj
+ α−j

∂T−j

∂αj

]
(43)

The FOC becomes:

0 =
∂U∗(·;α)

∂αj
+ p (α) ·

[
Tj + αj

∂Tj

∂αj
+ α−j

∂T−j

∂αj

]
Solving for αj :

αj =
−∂U∗(·;α)

∂αj
− p(α) ·

(
Tj + α−j

∂T−j

∂αj

)
p(α) · ∂Tj

∂αj

which gives the expression in the text, after substituting γj = 1
Tj

∂U∗

∂αj
.
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Derivation of Equation (15). The first-order conditions for Problem (14) are:

0 =
∂

∂αj
[p(α) ·N ·α · T (α)]

=
∂p

∂αj
·α · T (α) + p(α) · Tj(α) + p(α) ·α · ∂T (α)

∂αj

where ∂T (α)
∂αj

is a Jacboian. Expanding out the vector α in the third term and rearranging yields:

αj =
−∂p(α)

∂αj
·α · T (α) − p(α) ·

(
Tj(α) + α−j

∂T−j

∂αj
(α)
)

p(α) · ∂Tj

∂αj
(α)

which gives the expression in the text.

Derivation of Equation (18) . The first-order conditions for Problem (17) are:

0 =
∂

∂αj
(p(αj , α−j) · αj ·Nj · Tj(αj , α−j))

=
∂p

∂αj
· αj · Tj(α) + p(α) · Tj + p(α) · αj ·

∂Tj

∂αj
(α)

Solving for αj yields:

αj =
− ∂p

∂αj
· αj · Tj(α) − p(α) · Tj

p(α) · αj · ∂Tj

∂αj
(α)

which gives the expression in the text.

A.3 Derivations for Section 1.4

This subsection derives expressions in Section 1.4.

Derivation of Equation (19). The monopolist problem is:

αe,m = arg max
α

∑
i

pi ·α · T i

where the only difference relative to Equation (5) is that time use does not depend on α as it is

exogenous. The first-order conditions are:

0 =
∂

∂αj

[∑
i

pi ·α · T i

]

=
∑
i

α · T i ·
∂pi
∂αj

+ pi · Tij

4
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Rearranging, we get the expression in the text:

αj = −
∑

i α−j · Ti,−j · ∂pi
∂αj

+ Tij · pi∑
i Tij · ∂pi

∂αj

where
∂pi
∂αj

= − (Am · hi(pi(α)))−1 · Tij

where the value of ∂pi
∂αj

comes from differentiating Equation (4) with respect to αj and applying the

inverse function rule.

Derivation of Equation (20). The separated platform problem is:

αe,s,i
j = arg max

αj

∑
i∈Uj

αj · Tij · pi (44)

The first-order condition is:

0 =
∑
i∈Uj

αj · Tij ·
∂pi
∂αj

+ Tij · pi

where ∂pi
∂αj

is as in Equation (19). Rearranging gives the expression in the main text:

αj = −
∑

i∈Uj
Tij · pi∑

i∈Uj
Tij · ∂pi

∂αj

Derivation of Equation (22). The first-order condition for Problem (21) is:

0 =
∑
i∈Uj

αj · Tij ·
∂pij
∂αj

+ Tij · pij

Rearranging:

αj = −
∑

i∈Uj
Tij · pij∑

i∈Uj
Tij · ∂pi

∂αj

where:
∂pij
∂αj

= −
(
1 − ζO′

aj

)
· (Am · hi(pij))−1 · Tij −

pij(
1 − ζO′

aj

) ∂O′
aj

∂αj

which gives the expressions in the text.

Proposition 1 (Advertiser side strategic complementarity). Suppose that time use T i is exogenous

with (Ti1, Ti2) ∼ T such that
Tij

Ti,−j
has a well-defined distribution, Nj represents the continuous mass

of users on platform j so that O′
aj is differentiable, and Assumptions 1 and 2 hold. Then ad load

choices are strategic substitutes in the separated platform solution with no duplication described in

Problem (44) and either strategic complements or substitutes in the separarted platform solution

with duplication described in Problem (21).

5
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Proof. To show ad load choices are strategic substitutes in Problem (44), first note that given

Assumptions Assumptions 1 and 2:

∂pi
∂αj

= − η

Am
· Tij =⇒ ∂2pi

∂α−j∂αj
= 0

Differentiate Equation (20) with respect to α−j :

∂αe,s,i
j

∂α−j
= −

∑
i∈Uj

Tij · ∂pi
∂α−j∑

i∈Uj
Tij · ∂pi

∂αj

= −
∑

i∈Uj
TijTi,−j∑

i∈Uj
T 2
ij

This proves that
∂αe,s,i

j

∂α−j
≤ 0, meaning choices of ad load are strategic substitutes.

To show that ad load choices are strategic complements in Problem (21), define the distribution

of Tij/Ti,−j as T−j and note that:

O′
aj = Pr (αjTij ≤ α−jTi,−j) = T−j (α−j/αj)

Therefore:
∂O′

aj

∂α−j
= T ′

−j

(
α−j

αj

)
· α−1

j ≥ 0,
∂O′

aj

∂αj
= −T ′

−j

(
α−j

αj

)
· α−j

α2
j

≤ 0

Moreover:
∂O′

aj

∂α−j∂αj
= −− T ′

−j

(
α−j

αj

)
· 1

α2
j

− α−j

α3
j

· T ′′
−j

(
α−j

αj

)
which has ambiguous sign. Differentiate Equation (22) with respect to α−j :

∂αe,s,i
j

∂α−j
= −

∑
i∈Uj

Tij · pij(∑
i∈Uj

Tij · ∂pij
∂αj

)2 ·
∑
i∈Uj

Tij ·
∂2pij

∂α−j∂αj

Moreover:

∂2pij
∂α−j∂αj

= ζ
∂O′

aj

∂α−j
· η

Am
Tij + ζ

pij(
1 − ζO′

aj

)2 ∂O′
aj

∂α−j

∂O′
aj

∂αj

− pij(
1 − ζO′

aj(α
e,s,d

) ∂2O′
aj

∂α−j∂αj

The first term is positive because
∂O′

aj

∂α−j
is. The second term is negative because

∂O′
aj

∂αj
is. The third

term has a sign depending on the sign of
∂2O′

aj

∂α−j∂αj
, which is ambiguous and depends on the shape

of the pdf of Tij/Ti,−j . Overall, it is possible that
∂2pij

∂α−j∂αj
< 0, implying that

∂αe,s,i
j

∂α−j
< 0 (making

6
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ad load choices strategic complements).

Remark. Proposition 1 holds under the weaker assumption that Hi is linear but not necessarily

identical across users.

A.3.1 Derivations for Section 1.4.5

This subsection derives expressions in Section 1.4.5.

Derivation of monopoly ad load. Monopoly revenue is:

Rm(α) = η ·

O

2
(α1 + α2) ·

(
1 + η0 −

α1 + α2

2Am

)
+
∑
j

(Nj −O)αj

(
1 + η0 −

αj

Am

)
The first-order condition with respect to αj is:

0 =
O

2

((
1 + η0 −

αj + α−j

Am

)
+ (Nj −O)

(
1 + η0 − 2

αj

Am

))
=

αj

Am
(3O − 4Nj) + (1 + η0) (2Nj −O) − O

A
α−j

Therefore:

αj =
2Nj −O

4Nj − 3O
Am(1 + η0) −

O

4Nj − 3O
α−j

Substituting in for α−j and simplifying gives:

αj =

(
(2Nj −O) (4N−j − 3O) −O(2N−j −O)

(4Nj − 3O) · (4N−j − 3O) −O2

)
Am(1 + η0)

The numerator simplifies to 8NjN−j − 6O(Nj + N−j) + 4O2 and the denominator simplifies to

2 ·
(
8NjN−j − 6O(Nj + N−j) + 4O2

)
. Therefore, the expression becomes:

αe,m
j =

1

2
Am(1 + η0) (45)

as reported in the text.

Derivation of Equation (23). Separated platform revenue is:

Rs
j(α) = η ·

(
O

2
αj ·

(
1 + η0 −

α1 + α2

2Am

)
+ (Nj −O)αj

(
1 + η0 −

αj

Am

))
The first-order condition is:

0 =
O

2

(
1 + η0 −

αj + α−j

2Am
− αj

2Am

)
+ (Nj −O)

(
1 + η0 − 2

αj

Am

)
=

αj

Am
(3O − 4Nj) + (1 + η0) (2Nj −O) − O

Am
α−j

7
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Therefore:

αe,s,i
j (α−j) =

2Nj −O

4Nj − 3O
Am(1 + η0) −

O

(4Nj − 3O)
α−j

=
2 − µj

4 − 3µj
Am(1 + η0) −

µj

4 − 3µj
α−j

where we factor out Nj from the numerator and denominator to express in terms of µj . Substituting

for α−j and simplifying yields:

αe,s,i
j =

(
(2Nj −O) (4N−j − 3O) −O(2N−j −O)

(4Nj − 3O) · (4N−j − 3O) −O2

)
Am(1 + η0) (46)

Percent change in ad load only depends on overlap statistics. Using Equations (45) and (46), the

percent increase in ad load in the separated equilibrium is:

αe,s,i
j

αe,m
j

− 1 = 2 ·
(

(2Nj −O) (4N−j − 3O) −O(2N−j −O)

(4Nj − 3O) · (4N−j − 3O) −O2

)
− 1

= 2 ·
(

(2 − µj) (4 − 3µ−j) − µj(2 − µ−j)

(4 − 3µj) · (4 − 3µ−j) − µjµ−j

)
− 1

This only depends on overlap statistics, proving the claim in the text.

A.4 Full equilibrium analysis for Section 1.5

This section analyizes the full model under various ownership structures. Throughout, we will

apply assumptions 1 and 2.

A.4.1 Social planner benchmark

The analysis follows Section 1.3.1 pointwise. The planner chooses:

αsp = arg max
α

∑
i

U∗
i (T (α), n;α) +

∑
i

Am ·
(πω)maxˆ

x=pi(α)

xdH(x)

The first-order condition is:

0 =
∑
i

∂U∗
i (·;α)

∂αj
−
∑
i

Am · pi (α) · h (pi(α)) · ∂pi (α)

∂αj

Since:
∂pii (α)

∂αj
= − (Am · h (pi (α)))−1 ·

[
Tij + αj

∂Tij

∂αj
+ α−j

∂Ti,−j

∂αj

]

8



Online Appendix Digital Media Mergers

the FOC becomes:

0 =
∑
i

∂U∗
i (·;α)

∂αj
−
∑
i

pi(α) ·
[
Tij + αj

∂Tij

∂αj
+ α−j

∂Ti,−j

∂αj

]

Solving for αj :

αj =
−
∑

i
∂U∗

i (·;α)
∂αj

−
∑

i pi(α) ·
(
Tij + α−j

∂Ti,−j

∂αj

)
∑

i pi(α) · ∂Tij

∂αj

(47)

This is conceptually identical to Equation (13) in Section 1.3.1 in that the social planner balances

the aggregate marginal cost of additional ads on user welfare against the aggregate marginal benefit

of additional ads for advertiser welfare. Now, the planner accounts for user heterogeneity when

calculating aggregate benefits and costs.

A.4.2 Merged platform solution

The problem is:

max
α

∑
i

pi(α) ·α · T i(α)

The first-order conditions are:

0 =
∑
i

∂pi
∂αj

·α · T i(α) + pi(α) · Tij(α) + pi(α) ·α · ∂T i(α)

∂αj

Solving for αj :

αj =
−
∑

i
∂pi
∂αj

·α · T i(α) −
∑

i pi(α) ·
(
Tij(α) − α−j · ∂Ti,−j

∂αj
(α)
)

∑
i pi(α) · ∂Tij

∂αj
(α)

This is conceptually identical to Equation (15) balancing aggregate infra-marginal revenue gains

against aggregate marginal losses, except that aggregates are calculated accounting for variance in

user-level time use heterogeneity. As in Section 1.3, ad load may be higher or lower than the social

optimum in the separated equilibrium.

A.4.3 Separated platform solution, no duplication.

The problem is:

max
αj

∑
i∈Uj

pi(α) · αj · Tij(α)

The first-order conditions are:

0 =
∑
i

∂pi
∂αj

· αj · Tij(α) + pi(α) · Tij + pi(α) · αj ·
∂Tij

∂αj
(α)

9
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Solving for αj :

αj =
−
∑

i∈Uj

∂pi
∂αj

· αj · Tij(α) −
∑

i∈Uj
pi(α) · Tij∑

i∈Uj
pi(α) · ∂Tij

∂αj
(α)

This is similar to Equation (18). However, now the difference in incentives in the separated versus

merged equilibrium depend on user overlap. When all users are single-homers, the separated

equilibrium is identical to the merged equilibrium. As the share of multi-homers increases, two

differences emerge. First, as in Section 1.4.3, the Cournot externality increases, which increases

ad load in the separated equilibrium. Second, as in Section 1.3.3, if platforms are substitutes,

user diversion reduces the incentive to withhold ad load in the merged equilibrium relative to the

separated equilibrium, which increases ad load in the merged equilibrium relative to the separated

equilibrium. In general, ad load can be higher or lower than in the merged equilibrium, depending

on overlap, user diversion, and price elasticity.

A.4.4 Separated platform solution, duplication.

The problem is:

max
αj

∑
i∈Uj

pij(α) · αj · Tij(α)

Taking the first-order condition and solving for αj :

αj =
−
∑

i∈Uj

∂pij
∂αj

· αj · Tij(α) −
∑

i∈Uj
pij(α) · Tij∑

i∈Uj
pij(α) · ∂Tij

∂αj
(α)

where:
∂pij
∂αj

= −
(
1 − ζO′

aj

)
· η

Am
· Tij −

pij(
1 − ζO′

aj

) ∂O′
aj

∂αj

This is similar to Equation (18). However, the Cournot externality represented in the first term

of Equation ((18) is replaced by the combination of the income effect and business stealing effect,

both of which increase ad load in the separated equilibrium as described in Section 1.4.4. The

absence of
∂Ti,−j

∂αj
reflects the same user-diversion force expressed above. This implies that ad load

may be higher or lower than the combined equilibrium social optimum.

However, since the separated equilibrium now has inefficiently duplicated ad impressions, com-

paring ad load versus the social planner benchmark is not sufficient to make welfare judgements.

For example, even if ad load were identical in the separated platform equilibrium with duplication

as in Equation (47), social welfare would be lower in the separated equilibrium because some ads

would be inefficiently duplicated, lowering advertiser surplus. See Section ?? for details.
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B Counterfactuals Appendix

B.1 Welfare formulas

Let O be the number of consumers with positive time use on both platforms. Consumer surplus,

as a function of T i, is:

∑
i

Ui(T i) = O ·

∑
j

(ξmj − γαj)Tmj + E[εijeij |k = m] − σj/2
(
T 2
mj + E2

mj

)
+ ρ (Tm1Tm2 + Em12)


+
∑
j

(Nj −O) ·
[
(ξsj − γαj) · Tsj + E[εijeij |k = s] − σj/2

(
T 2
sj + E2

sj

)]
Proudcer surplus in the merged equilibrium is:

Rm(α) = η ·
∑
i

α · T i ·
(

1 + η0 −
α · T i

Am

)

= η ·O ·

[
α · Tm · (1 + η0) −

(α · Tm)2 +
(
α2
1E2

s1 + α2
2E2

s2 + α1α2Em12

)
Am

]

+ η ·
∑
j

(Nj −O) ·

αjTsj · (1 + η0) −
α2
j

(
T 2
sj + E2

sj

)
Am

 (48)

Producer surplus in the separated equilibrium is:

Rs
j(α) = η ·

(
1 − ζO′

aj(α)
)
·
∑
i

αjTij ·
(

1 + η0 −
αjTij

Am

)

= η ·
(
1 − ζO′

aj(α)
)
·O ·

αjTmj(1 + η0) −
α2
j

(
T 2
mj + E2

mj

)
Am


+ η ·

(
1 − ζO′

aj(α)
)
· (Nj −O) ·

αjTsj(1 + η0) −
α2
j

(
T 2
sj + E2

sj

)
Am


Advertiser surplus in the merged equilibrium is:

ASm(αm) =
∑
i

Am ·
ˆ (πω)max

pi(αm)
xdH(x)

=
∑
i

[
A

2η
η2 (1 + η0)

2 − A

2η
p2i −α · T i · pi

]

11
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We implement this by calculating:

∑
i

A

2η
η2 (1 + η0)

2 = N
A

2η
η2 (1 + η0)

2 ;

∑
i

p2i =
∑
i

η2 ·
(

1 + η0 −
α · T i

Am

)2

= η2 ·O ·

[
(1 + η0)

2 − 2 · 1 + η0
Am

·α · Tm +
(α · Tm)2 +

(
α2
1E2

s1 + α2
2E2

s2 + α1α2Em12

)
(Am)2

]

+ η2 ·
∑
j

(Nj −O) ·

(1 + η0)
2 − 2 · 1 + η0

Am
· αjTsj +

α2
j

(
T 2
sj + E2

sj

)
(Am)2

 ;

∑
i

α · T i · pi = Rm(α).

where Rm(α) is given by Equation (48).

To find advertiser surplus in the separated equilibrium, first calculate advertiser surplus with

no overlap, then subtract out lost surplus from overlap. Advertiser surplus without overlap is:

AS′
j(α) =

∑
i∈Uj

Am ·
ˆ (πω)max

pij(αm)
xdH(x)

=
∑
i∈Uj

 A

2η
η2(η0 + 1)2 − A

2η

(
pij

1 − ζO′
aj

)2

− αjTijpij


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We implement this by calculating:

∑
i∈Uj

A

2h
η2(η0 + 1)2 = Nj ·

A

2h
η2(η0 + 1)2

∑
i∈Uj

p2ij(
1 − ζO′

aj

)2 =
∑
i∈Uj

η2 ·
(

1 + η0 −
αjTij

Am

)2

= η2 ·O ·

(1 + η0)
2 − 2 · 1 + η0

Am
αjTmj +

α2
j ·
(
T 2
mj + E2

mj

)
(Am)2


+ η2 · (Nj −O) ·

(1 + η0)
2 − 2 · 1 + η0

Am
αjTsj +

α2
j ·
(
T 2
sj + E2

sj

)
(Am)2


∑
i∈Uj

αjTijpij = η ·
(
1 − ζO′

aj

)
·
∑
i∈Uj

αjTij ·
(

1 + η0 −
αjTij

Am

)

= η ·
(
1 − ζO′

aj

)
·O ·

αjTmj(1 + η0) −
α2
j

(
T 2
mj + E2

mj

)
Am


+ η ·

(
1 − ζO′

aj

)
· (Nj −O) ·

αjTsj(1 + η0) −
α2
j

(
T 2
sj + E2

sj

)
Am


To compute advertiser surplus given overlap, first note that an advertiser buys enough clicks on j

so that they will serve an ad to all i where:

pij ≤ πaωia

(
1 − ∂Oa

∂qj

)
⇐⇒ H−1

i

(
1 − αjTij(α)

A

)
≤ πaωia

Overlap occurs if the advertiser would buy enough clicks to serve i on both j and −j. Define

p
i
(α) = maxj H

−1
i

(
1 − αjTij(α)

A

)
. The surplus lost due to overlap for person i is

ζ ·
∑
i

ˆ (πω)max

p
i
(α)

xdH(x) = ζ ·Am · E
[
πaωia|πaωia ≥ p

i
(α)
]

=
A

2η

[
η2(1 + η0)

2 −
(
p
i
(α)
)2]

Total overlap becomes:

ASo(α) =
∑
i∈Um

A

2η

[
η2(1 + η0)

2 −
(

max
j

η ·
(

1 + η0 −
αjTij(α)

A

))2
]

(49)

Given heterogeneous time use among multi-homers, it is challenging to get an analytical ex-

pression for the above. Instead, we directly integrate by following these steps:

13
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1. Write a function mapping from parameters of time use heterogeneity to p
i
(α;Ξ).

2. Numercially integrate under this function using our grid describing the distribution of Ξ.

3. Use Equation (49) to calculate ASo(α).

Finally, we calculate ASs
j (α) =

∑
j AS

′
j(α) −ASo(α).

B.2 Miscellaneous formulas

Average price per impression Average price per impression on platform j is:

pj =

∑
i∈Uj

pijαjTij∑
i∈Uj

αjTij

The denominator is straightforward to calculate. In the merged equilibrium, the numerator is:

∑
i∈Uj

piαjTij =
∑
i∈Uj

η ·
(

1 + η0 −
α · T i

Am

)
αjTij

= O · η ·

(1 + η0)αjTmj −
α2
j

(
T 2
mj + E2

mj

)
+ αjα−j (TmjTm,−j + E12)

Am


+ (Nj −O) · η ·

(1 + η0)αjTsj −−
α2
j

(
T 2
sj + E2

sj

)
Am


In the separated equilibrium, the numerator is:

∑
i∈Uj

pijαjTij = (1 − ζO′
aj) · η ·

∑
i∈Uj

(
1 + η0 −

αjTij

Am

)
αjTij

= (1 − ζO′
aj) · η ·O ·

(1 + η0)αjTmj −
α2
j

(
T 2
mj + E2

mj

)
Am


+ (1 − ζO′

aj) · η · (Nj −O) ·

(1 + η0)αjTsj −
α2
j

(
T 2
sj + E2

sj

)
Am


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