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1 Introduction

Digital advertising has become the primary way through which businesses reach and attract
customers, its popularity fueled by using detailed user data to match consumers to ads. A
recent survey of small and medium sized businesses in the US found that 82% report digital
advertising is ‘crucial’ for the success of their business.! Instead of buying ad slots based
on broad demographics (e.g., TV or radio ads), online ads can be targeted to consumers
who visited a firm’s website, put an item in an online shopping cart, or even who “look like”
consumers who behaved in these ways.

At the same time, the use of detailed consumer data has engendered concerns from privacy
advocates (e.g., Zuboff (2023)), which have stirred both regulators and firms to limit the use
of personal data online. Several past regulations and product changes were aimed at limiting
the collection and use of user data (e.g., GDPR, CCPA, Apple’s App Tracking Transparency
feature), and more loom (e.g., updated versions of the GDPR in India and Brazil, deprecation
of third party cookies in Chrome). Collectively, these changes have—and will-impact millions
of firms and billions of dollars in ad expenditures (or “ad spend”).

Like with most policies, there are winners and losers. Individual users are the intended
winners; these policies claim to protect them. It’s unclear, however, how much users benefit
because consumer behavior seems inconsistent with a strong preference for privacy—a tension
often called the “privacy paradox” (Athey et al., 2017). The clear losers are platforms that
rely on collection and use of user data to offer digital advertising services (Hackett and Harty,
2021). But how do these policies impact firms’ abilities to reach potential customers? And
how does that impact the markets in which these firms operate?

To shed light on these questions, we develop an industry model of firms who advertise to
increase demand, and study the impact of a deterioration in the ad effectiveness. We then
exploit a major shock to the collection and use of user data to test the model’s implications.

Specifically, the introduction of Apple’s App Tracking Transparency (ATT) feature, which

Thttps://www.statista.com/statistics /1388013 /importance-digital-advertising-success-smbs-usa,/



limits the use of user data, offers a natural experiment through which to evaluate the impact
of stronger privacy protections on outcomes of firms who use digital advertising.

We begin by describing the institutional details of advertising on Meta and how it was
impacted by ATT in Section 2. Next, inspired by the seminal “endogenous sunk-costs”
approach of Sutton (1991), we develop an equilibrium model of advertising and market
structure in Section 3. Our model’s comparative statics show that a negative shock to
advertising effectiveness—the consequence of ATT—leads to reductions in advertising by
consumer-facing firms, exit of some firms, and increases in product market prices for consumers.
We test the model’s predictions using data—described in Section 4—on the universe of U.S.
advertisers on Meta from early 2020 until early 2023, paired with data from the Bureau of
Labor Statistics on prices and firm counts.

Specifically, as described in Section 5, we leverage historical user data from Facebook
(FB) and Instagram (IG) to identify exogenous variation in the loss of user data across
both advertisers and industries on Meta. Namely, the share of users for whom data was
lost depends on the share of iOS versus Android users that an advertiser wishes to target.
This allows us to employ a difference-in-differences approach to test our model’s predictions
regarding the impact of ATT on our economic outcomes of interest, both on- and off-Meta’s
platform. We rank advertisers and industries by the share of users for whom data was lost and
then compare outcomes for advertisers and industries who were more versus less impacted.
Our analysis relies on standard assumptions that we discuss, and we offer several robustness
checks to buttress our analyses. Though our data are significantly more detailed, this general
identification strategy is similar to what recent related work on ATT has utilized (e.g., Aridor
et al. (2024); Bian et al. (2023))

Our outcome data on the number of firms and product prices are available at the quarter-6
digit NAICS level. To map our on-platform data to the corresponding level, we use Meta’s
internal classification of advertisers by industry-vertical. By taking a weighted aggregation

described in Section 5, we are able to leverage the on-platform Meta data to derive estimates



of ATT exposure at the 6 digit NAICS level. With this crosswalk, we can then complete our
analysis of market concentration and prices.

Section 6 presents our empirical analyses that confirm our model’s predictions. On-
platform results show that advertisers did indeed respond to the loss of user data: Advertisers
that were more affected by ATT (that is, had a higher share of users for whom important
data were lost) shifted away from campaigns that rely more on this data. Through the end
of our data window, early 2023, we see the magnitude of substitution increase. Further, we
find evidence of reductions in advertising on both the extensive and intensive margins and,
at the industry level, we find more affected industries have higher ad spend per advertiser.

Turning to off-platform product markets outcomes, we find that industries that were more
affected by ATT saw a 1.1% decrease in the overall number of establishments versus the less
affected industries. Back of the envelope calculations imply that ATT eliminated roughly
91,000 establishments in the U.S. alone. We find the industries more impacted by ATT saw a
2.9% increase in prices relative to the less impacted industries. This is a substantial increase,
similar to current inflation rates (though we use the PPI instead of the CPI). Finally, we find
that the adverse effects of ATT are largely borne by smaller scale advertisers, with larger ones
remaining relatively unaffected. This finding is consistent with several past studies on the
effects of privacy changes that find disproportionate effects on smaller firms (e.g., Wernerfelt
et al. (2022), Korganbekova and Zuber (2023), Campbell et al. (2015))

Our paper contributes to the literature in two main ways. First, to our knowledge,
we provide the first large-scale, empirical evidence on how digital advertising can affect
market structure and product prices. Given how widespread digital advertising has become,
understanding these effects is timely for both economists and policymakers. This contribution
builds on two literatures: the first focused on measuring the effects of digital advertising, and
the second on understanding how advertising may affect market structure and prices.

On the former, one of the upsides of digital advertising over traditional channels has been
the improved ability to measure advertising effectiveness (Goldfarb and Tucker, 2011). Much of

this literature to date has focused on measuring short term outcomes that advertisers directly



care about, such as cost per incremental customer or cost per ad click (e.g., Blake et al. (2015),
Gordon et al. (2023), and Tadelis et al. (2023); see also Lewis and Rao (2015)). Separately,
there are numerous anecdotes and case studies of individual companies—particularly those
who sell direct to consumers—whose creation and growth was largely enabled by digital
advertising (e.g., Rangan et al. (2021), Goldstein and Malone (2022)).? To our knowledge,
however, there has been no systematic, large-scale analysis of the broader effects of digital
advertising on market structure and prices.

On the latter, there is a long literature in economics on advertising, starting as early as
Marshall (1890).> Advertising has since been modeled through several different lenses, while
several decades ago there was a flurry of research focusing on the interplay between advertising
and market concentration (e.g., Dixit (1980), Fudenberg and Tirole (1984), Schmalensee
(1983), and Sutton (1991)). Empirical evidence on the connection between the two has also
started to emerge; for example, Ellickson (2007) and Bronnenberg et al. (2011) apply Sutton’s
endogenous sunk-cost model to supermarkets and CPG products, respectively.* A relative
strength of these papers is their in depth treatment of their product markets; a relative
strength of our work is that we can speak to the breadth of impact of digital advertising by
comparing across millions of advertisers and all 6 digit NAICS industries in the US.

Our paper’s second contribution is to provide the largest scale evidence to date on the
importance of collecting and using consumer data in advertising for firms. This data is
increasingly policy relevant as impending (and substantial) product and regulatory changes
will directly affect advertisers’ abilities to use it. By focusing on the effects of Apple’s ATT
policy, our findings relate to the literature that has analyzed the effects of privacy regulation
on different firm outcomes. Wernerfelt et al. (2022) provide evidence that user data may
substantially reduce the cost of acquiring incremental customers, but do so in a partial

equilibrium, experimental setting; given the many actors and stakes involved, understanding

2Bronnenberg et al. (2022) analyze the growth of the craft beer industry in the U.S. and speculate a
possible role for digital advertising. Given their data the authors cannot explicitly test this hypothesis, but
our work was partly inspired by this paper.

3See Bagwell (2007) for an overview of the economics literature on advertising.

4There have also been several empirical papers that analyze effects of advertising on pricing. See, for
example, Milyo and Waldfogel (1999), Kwoka (1984), and Benham (1972).



effects of such policies in the field is an important contribution of our work. (Alcobendas
et al., 2023) measure the impact of removing tracking cookies by leveraging non-experimental
data and a structural model to consider the effects of losing this data on advertiser surplus.

The closest paper to ours is Aridor et al. (2024) who use a similar identification strategy to
analyze the effects of ATT on advertising effectiveness, ad budget allocation across platforms,
and firm revenue. Consistent with our results, they find relatively sizable, negative effects of
ATT across these outcomes. Their work focuses on e-commerce firms and does not explore
the impact of ATT on market structure and product prices paid by consumers. Others have
studied the app market narrowly and found that the introduction of ATT led to a decrease
in i0S app downloads and new app introductions (Li and Tsai (2022)), as well as a move
towards subscription based monetization models (Cheyre et al. (2023)).

The recent wave of papers analyzing the impact of ATT builds off previous studies of the
impact of the GDPR. For example, Demirer et al. (2024) study how the GDPR increased
cloud storage data costs to firms; Janssen et al. (2022) document how the GDPR led to
substantial decreases in consumer surplus, but only in the market for apps; and Goldberg
et al. (2024) and Aridor et al. (2023) document how the GDPR affected website traffic and
revenue. (More broadly, see Dubé et al. (2024) for a recent overview of unintended effects
of privacy regulation.) We complement this literature by analyzing a set of key business
outcomes, including advertising spending and campaign objectives on the one hand, as well as
the number of firms and product prices on the other. Our study also covers all U.S. industries,
and by virtue of leveraging internal data at Meta, we have access to both an economically

meaningful sample of advertisers and one that avoids many (but not all) selection concerns.

2 Institutional Details

Millions of businesses use digital advertising platforms to reach and engage with customers.
Compared to advertising on traditional media, digital advertising platforms such as FB,
Google, or LinkedIn enable businesses to target ads to relevant consumers at a substantially

lower cost by incorporating information from a large set of signals and data into complex ad



delivery algorithms. In this section, we provide relevant, high level institutional background
on how digital advertising works today.

Firms use ads to achieve not only sales, but also awareness, sign-ups for memberships,
and more. For example, an advertiser may wish to increase “likes” on their FB page to signal
that they are widely liked by FB users. Given a budget and target audience, Meta could
distribute the ad spend uniformly across the target audience, but in all likelihood, different
users will respond differently to the campaign. Suppose that as the campaign runs, the data
show that only men click on the ad and “like” the business’ FB page. Meta could continue
to spend the advertiser’s budget on men and women, but that would neither be good for the
advertiser, nor for women as they would see ads they’re not interested in. Hence, by knowing
the advertiser’s objective, Meta could train a computational model to predict which users
would help meet that objective based on its own data by shifting the advertiser’s budget to
focus on men, improving outcomes for both users and advertisers. This process is commonly
referred to as “delivery optimization” by ad platforms.

It is common to refer to data that is directly gathered by advertising platforms (e.g., a
user’s past queries on Google, a user’s past “likes” on FB, or a user’s resume on LinkedIn) as
“first party data” or “on-platform data.” We next describe how data generated “offsite” is
shared with advertising platforms and used to better target objectives. For a more detailed

account see Wernerfelt et al. (2022), which this section borrows heavily from.

2.1 Digital Advertising and Third Party Data

In the aforementioned example, page likes are observed directly by Meta as they occur
on-platform. Many outcomes that advertisers care about—for example, purchases—happen
off platform. In isolation, advertising platforms would have no way of observing these
off-platform actions and thus could not optimize ad delivery for objectives such as sales or
sign-up registrations on the advertiser’s website. This is where “third party data” (3PD)
matters for ad delivery. 3PD consists of data that were generated outside the platform; for

example, a business that advertises on FB can share information with Meta about purchases



and other related activity by users on the advertiser’s own websites and apps (e.g., adding an
item to the shopping cart, signing up for a newsletter, a purchase, etc.).

Given that the objective of many advertising campaigns are actions that occur off the
advertising platform, advertisers commonly use technologies that allow user data to be
tracked and sent back to the focal platform for use in ad delivery. At Meta, this is commonly
done with a “Meta Pixel” or the “Meta Software Development Kit” (SDK). An advertiser
who wants to drive sales on their website can install a pixel (a piece of software) that logs
actions—e.g., when customers make a purchase—and sends them to Meta. Meta then acquires
an off-platform signal that it can use in its prediction model. Hence, advertisers benefit from
installing pixels on their websites as these improve their advertising effectiveness. (SDK’s
perform similar functionality mobile apps.)

Without the 3PD signals ad delivery can only be optimized for on-platform signals. To the
extent that the on-platform signals (e.g., “likes”) are a good proxy for the off-platform signals,
there may be little loss of ad effectiveness. However, Wernerfelt et al. (2022) found that
optimizing for on platform outcomes greatly diminishes ad effectiveness when the advertiser’s
objective is an off platform outcome. The distinction is important as many looming policy
and product changes are considering limiting the 3PD ecosystem, and it is unclear what
this will mean for firms who rely on digital advertising. Apple’s App Tracking Transparency
(ATT) policy was the largest shift in the 3PD ecosystem to date.

2.2 Apple’s App Tracking Transparency

After announcing the policy change in 2020, Apple launched its ATT feature as part of the
iOS 14.5 software update for mobile devices, such as iPhones and iPads, on April 26, 2021.
ATT is operationalized through an Apple designed pop-up prompt that is displayed when the
user installs and opens an app for the first time after upgrading to iOS 14.5. As shown in
Figure 1, users can either “Ask App Not to Track,” which disables 3PD, or “Allow” the app
to record and share 3PD. All apps using the iOS platform must offer this prompt to users;
failure to comply will lead to the removal of the app from Apple’s App Store.



Figure 1: Apple’s App Tracking Transparency User Interface

Apple’s stated aim was to “improve transparency and empower users” with greater control
over how their data was collected and used by third-party platforms and developers.® Prior
to the implementation of ATT, users could choose to restrict 3PD information sharing across
apps by using the “Limit Ad Tracking” setting. The introduction of ATT, however, required
apps to obtain explicit permission from the user to enable 3PD information sharing.

Only if a user decides to allow the collection and use of their 3PD, can applications observe
the user’s activity across any third party applications and websites. The launch of ATT
caused a large share of iOS users to not allow the use of their 3PD on FB and IG (and other
ad platforms). We call these “ATT impacted users” because Meta was unable to leverage
their off-platform data to deliver ads. Figure 2 shows that there was a gradual adoption of
iOS 14.5 and subsequent releases with ATT prompts overtime, with slower adoption close to
the immediate release of iOS 14.5 which accelerated in June 2021.

Among other things, ATT impacts 3PD for digital advertising through an “Identifier
for Advertisers” (IDFA), a unique identifier assigned to each iOS device.® When users visit

advertisers” websites or apps, advertisers can share information on their activity with Meta

5 Apple had many press releases with these stated objectives. See e.g., https://www.apple.com/newsroom/
2021/01/data-privacy-day-at-apple-improving-transparency-and-empowering-users/.

6Users can reset the IDFA by going to the “Privacy & Security” settings, selecting “Tracking”, and
toggling “Allow Apps to Request to Track” off and on. Each off and on toggle resets the IDFA.
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Figure 2: Adoption of iOS 14.5 and subsequent versions with ATT prompts
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Notes: This figure shows the gradual adoption of iOS 14.5 and subsequent versions overtime, with an
accelerated adoption in June 2021. Source: Gupta Media: https://lookerstudio.google.com/u/0/
reporting/3d5dda40-37ea-4b9f-bd91-bb8df8e12620/page/aDUJC?s=kTs6iab_AhQ

through data sharing tools such as the aforementioned Pixel. Meta can then link the actions
on the advertisers properties to FB and IG users through the IDFA. In practice, for ATT
impacted users, advertisers are unable to observe the user’s IDFA and therefore cannot share
the actions of these users with Meta and other digital advertising platforms.

To structure our empirical analysis of how ATT will impact advertisers and market
outcomes, we turn to our theoretical framework, which models the launch of ATT as a

deterioration in the effectiveness of advertising within an industry equilibrium model.

3 Theoretical Framework

Inspired by the seminal work of Sutton (1991), we view advertising, which raise the demand of
consumers for a firm’s products, as an endogenous sunk cost that firms choose to invest, and
in return it provides a more robust demand for the firm’s products. We develop a toy-model

following the three-stage game introduced in Chapter 3 of Sutton (1991).

1. Many potential firms consider entering a focal good market at entry cost k > 0.


https://lookerstudio.google.com/u/0/reporting/3d5dda40-37ea-4b9f-bd91-bb8df8e12620/page/aDUJC?s=kTs6iab_AhQ
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2. Given the entry of N firms, each firm ¢ that entered chooses a level of advertising a; > 0

at a symmetric cost function 1a?

50;. Advertising by firms increases the size of the market,

and demand is given by the linear inverse demand function p(Q) = R — b(A, €)@ where
R is the market “reservation” price above which no consumer purchases, () is the
aggregate amount of product sold to consumers, and b(A, e) > 0 is decreasing in total
advertising by the firms, A, and in advertising effectiveness, e. In essence, for any price
p, a higher level of aggregate advertising increases the quantity demanded at that price.
Note that we depart from Sutton (1991) by assuming that the total size of the market
is determined by the amount of advertising that the firms engage in. In particular,
when a firm invests in advertising it increases the size of the market for all firms. This
captures the idea that when a firm’s ad piques a consumer’s interest, the consumer may
search for similar products and eventually purchase from another seller. For simplicity,

we adopt the following functional form of demand,

Q

e sz\il a;

p(Q) =R

3. After the choices of {a;}}¥, are fixed, the firms engage in Cournot competition. Each

chooses quantity ¢;, with a symmetric marginal cost of production normalized to ¢ = 0.

We solve for a sequential equilibrium working backwards. In the third stage, both entry

and advertising costs are sunk and each firm maximizes the following ez post profit function,

4t > i

mi(¢i, q-i) = (@)@ = (R Y
(¢i,9-i) = p(Q)q = ( S

)qi'

Taking the FOC yields the following optimality condition,

R_ 2% + Ej;éi q;j

=0.
e Zfil a;

We focus on symmetric equilibrium and denote by ¢ the equilibrium quantity of each of

the N firms, which in turn yields the following solution for the third stage of the game:
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q (1)

Turning to the second stage of the game in which firms choose advertising levels a;, each
firm maximizes its interim profits given their rational expectations of the third-stage solution

(entry costs are sunk). Substituting (1) into the second stage profit function yields,

eRNS N | a;
_ QY N 1o B FS U eRZfilai 1 a2
mi(ai,a) = (R— ——x5—)¢ —5a; = (R — ) - 50
e Zj:l a; 2 € i1 W N+1 2

eR2 U 1,
= N
7j=1
and taking the FOC yields the following optimality condition,

R?e

s —a; =0.
(N+12

Focusing on symmetric equilibria we denote by a” the equilibrium advertising level of

each of the N firms, which yields the following solution for the second stage of the game:

eR’N
(N +1)2

RQ
aV = (NBTI)? (and total advertising is equal to AY =

7)- (3)
We are now ready to state the free entry condition of zero profits ex ante (before entry
costs are sunk) to compute the number of firms who will enter in equilibrium. If N firms enter,

then the profits anticipated by these N firms can be expressed by substituting advertising

levels in (2) with the equilibrium solution given in (3) to obtain,

N 2
Z 1 2 N 1 2
7Ti aj — k = eR . eR —_ = i — k
N+12 2" (N+1)2 (N+1)2 2 \(N+1)?

J=1

e2R* 1
_UVIB?<N_§>_“
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Hence, we can write the zero-profit condition as,
2 1 4
e“R N_§ = k(N + 1)~ (4)

Proposition 3.1. A unique free entry equilibrium exists if and only if e2R* > 32k. Further-
more, as advertising effectiveness e increases, the equilibrium number of firms N* (weakly)

increases, while the equilibrium price p* decreases.

Proposition 3.1 is proven in Appendix A and can in part be described graphically. Consider
a numerical example in which R = 10 and k = 40, and imagine a comparative static analysis
in advertising effectiveness, e. From Proposition 3.1, a necessary condition for the existence
of a free entry equilibrium is R*? > 32k, which basically means that entry costs (k) must
be low relative to the strength of the potential market (R) and advertising effectiveness (e).
Substituting R = 10 and k = 40, this becomes e > 1/0.128 & 0.358. Hence, for any e > 0.358,

there is a unique free entry equilibrium.

Figure 3: Free Entry Equilibrium Number of Firms

A RHS

S N e=1)
o / LHS (e = 1

N
>

To see how changes in e impact the equilibrium number of firms, Figure 3 plots the
convex RHS function k(N + 1)* with k = 40, together with the linear LHS e R* with R = 10
at three different values of advertising effectiveness: e = 1, e = 2, and e = 3. As the plot

demonstrates, there is one solution at values of N < 1, which is not an equilibrium as one

12



firm will always profit from entering under these conditions. The second solution occurs at
values of N > 1, and in particular, the free entry equilibrium number of firms are N = 4,8,
and 11 for e = 1,2, and 3 respectively.

Price decreases in advertising effectiveness because the increase in competition from entry
more than compensates for the expanded market demand due to increased advertising. Indeed,
calculations in Appendix A show that as advertising becomes more effective and the number
of firms increase, each firm invests less in advertising while aggregate advertising by all firms
increases. With a fixed number of firms, each firm would advertise more as advertising
effectiveness increases due to the complementarity between advertising effectiveness and
investment in advertising. In equilibrium, however, this market expansion invites more entry,
and as the number of firms grows in response to more effective advertising (and hence, a
larger market), there is more free-riding among the advertisers who enter.

By making advertising less effective, the impact of ATT is akin to a decrease in e in our
model. Hence, the analysis above offer three testable predictions: Following ATT,

1. Firms will exit the market (N* |)

2. Total advertising will decrease (A* |) while surviving advertisers invest more (a* 1)

3. Product prices will increase (p* 1)

4 Data

We combine novel on-platform data representing the universe of U.S. advertisers on FB and
IG, together with publicly available data across all U.S. industries from the Bureau of Labor

Statistics (BLS) and map the two for our comprehensive analyses.

4.1 Meta’s On-Platform Data

Meta’s internal data serves two key purposes for our analysis: servicing our identification

strategy and providing key outcome variables.
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4.1.1 Ad-User Interactions

For our identification strategy, we use data from billions of ad-user interactions to compute
the share of ads being delivered to ATT impacted users across individual advertisers and
industries over a three year period from 2020 to 2023. A major strength of our data is that it
includes the universe of all Meta users in the U.S.

For each ad impression on FB or IG, we observe the ATT status of every user to whom
the ad was delivered on a given date, as well as the cost accrued to the advertiser for the
ad impression. With these, we measure ATT impacted user rates for advertisers and the
industries they belong to as the share of ad spend directed towards ATT impacted users at
specific points in time in the post-ATT period.

For example, imagine there are 100 advertisers: 50 in industry A, 30 in industry B, and
20 in industry C'. For each advertiser we measure the fraction of ad-spend that was directed
towards ATT impacted users, and then aggregate these fractions at the industry level. If; say
62% of ad-spend in industry A was directed at ATT impacted users, while the fractions for
industries B and C were 42% and 56% respectively, then this creates a ranking from most-
to least-impacted industry vis-a-vis how impacted targeting is due to ATT impacted users:
Industry A was most impacted (62%), next industry C' (56%), and last industry B (42%).

This variation is key to our identification strategy as explained in Section 5.

4.1.2 Outcomes

Industry-level. Meta internally classifies all advertisers into 25 aggregated industries, such
as “Retail,” “Ecommerce,” and “Professional Services,” which are further segmented into 200
industries. For instance, advertisers classified as “Retail” are further classified into “Apparel
and Accessories,” “Beauty,” and others. These industries are the level at which on-platform
data is matched with off-platform industry classifications, as described below. For each
industry, we collect monthly data on the number of active advertisers and the total ad-spend
on FB or IG ad campaigns. Advertisers naturally enter and exit Meta over time so we will

refer to reductions in the count of advertisers as “net exit” from the platform.
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Advertiser—level. We fix a sample of advertisers and track their on-platform behavior
over time. For tractability, we focus our primary analyses on all U.S. advertisers active on
FB or IG in mid 2020. Our choice of the sample period is motivated by two factors. First is
to have a sufficiently long pre-ATT time period. However, we are limited in how far back in
the pre-ATT period we can go due to natural churn in advertisers over time. Second, we
want to ensure that the advertisers in our sample are not idiosyncratically affected by the
onset of COVID-19 in early 2020. With this, we construct an advertiser-month level panel
comprising a rich set of behavioral outcomes for approximately 1.4 million advertisers.

We observe whether or not an advertiser was active in a given month, which allows us to
measure advertiser exit post-ATT. Second, conditional on being active in a given month, we
collect data on advertisers’ campaign strategies, i.e., how many campaigns the advertiser ran
that were optimized to achieve “lower—funnel” outcomes like sales, as well as “higher-funnel”
outcomes like brand awareness. Third, we measure advertisers’ total ad spend on FB and 1G
in a given month. Finally, we incorporate a set of advertiser characteristics including size,

industry, and location in various sections of the paper, and provide details accordingly.

4.2 U.S. Industry Data

We leverage publicly available BLS data that are reported at the industry level using the
North American Industry Classification System (NAICS). U.S. industries are assigned a
2-digit NAICS code, and subsequent sub-industries have additional digits in their NAICS
codes. For our analyses we use the most granular available classification for each outcome.”

Prices. We obtain monthly data on prices from the BLS’ Producer Price Index (PPI).

The PPI data is available at the 6-digit NAICS code-month level and covers all manufacturing

"The most granular industry-level data is at the 6-digit NAICS level. For instance, Agriculture, Forestry,
Fishing and Hunting is assigned a NAICS code 11. This is further disaggregated into Crop Production
(NAICS code 111), Oilseed and Grain Farming (NAICS code 1111), Soybean Farming (NAICS code 11111),
Soybean Farming (NAICS code 111110), Oilseed (Except Soybean) Farming (NAICS code 111120).
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industries, as well as about 70% of service industries. The PPI measures the average change
over time in the selling prices for all U.S. domestic producers of goods and services.®

Firm Count. We leverage quarterly data on the number of existing business estab-
lishments from the BLS” Quarterly Census of Employment and Wages (QCEW). This rich
dataset covers all private sector establishments and we use the 6-digit NAICS industry codes
at the state-quarter level. Table 1 presents pre-ATT summary statistics for our main variables
just prior to the ATT announcement. Panel A describes our on-platform industry data with
200 Meta defined industries over 9 months pre-ATT (N = 1,800), panel B describes our
individual advertiser data, and panel C presents the summary statistics for our off-platform
outcomes. For the off-platform data on prices, we observe 51 industries for 11 months in the

pre-ATT period (N = 561), and for data on the number of establishments, we observe 5,153

state-industry units for 4 quarters (N = 20,612).

4.2.1 Matching Meta’s Industry Verticals to BLS industries

Linking on-platform opt-out rates to off-platform data requires a systematic mapping between
Meta’s internal industry classification and the NAICS industries. This mapping is facilitated by
the availability of detailed descriptions of the types of business establishments included within
each NAICS industry? along with Meta’s systematic internal categorizations of advertisers
into industries. As a first step, we manually match Meta’s internal industry classifications
to the NAICS industries based on these descriptions. As a second step, we validate our
matching via hundreds of random advertiser-level audits confirming individual advertisers
are indeed in the assigned NAICS industry.

There are two additional nuances to our matching method. First, the process depends on
the granularity of the off-platform data. For prices and firm counts that are available at the

6-digit NAICS code, we frequently match multiple NAICS industries to a single on-platform

8This is in contrast to other price metrics such as the Consumer Price Index (CPI) which measures the
change in prices over time of a basket of goods and services consumed by a typical U.S. urban household—given
our focus on outcomes at the industry level, PPI is a more appropriate outcome.

9For example, description of the Direct Property and Casualty Insurance Carries NAICS industry can be
found at https://www.naics.com/naics-code-description/?code=524126
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Figure 4: Example Matching of NAICS industries to Meta Sub Verticals

One on-platform Industry to Many - Many on-platform Industries to One
NAICS industries : NAICS industry
7~ NAICS 444110 Home centers Publishing- News and Current Events ~
NAICS 444120 Paint and wallpaper Publishing- Career and Tech
retailers :
. Publishing- Beauty/Fashion NAICS 513120 Periodical
Home < NAICS 444140 Hardware retailers >— publishers
Improvement . Publishing- Culture and Lifestyle
NAICS 444180 Other building :
material dealers : Publishing- Finance
NAICS 444240 Nursery, garden Publishing- Food
center, and farm supply retailers §
. i Publishing- Scholarly S

industry. In a few cases, we also match multiple on-platform industries to a single NAICS
6-digit industry. Figure 4 shows examples of both kinds of matches.

Second, NAICS codes are updated across North America every five years to reflect appro-
priate changes in the economic landscape. The most recent code updates were implemented
in 2022, which falls within the timeframe of our analysis.! While many of the updates were
simply changes in the NAICS code number itself, with no changes in the underlying composi-
tion of the industry, some reclassifications resulted in a set of industries being either merged
together or split further.!* Crucially, for industries affected by these changes, the relative
contributions of previous industries in the newly re-classified industries is unavailable.'? To

maintain consistency throughout the period of our analysis, we perform similar reclassifica-

10Additional details of the code updates may be found here: https://data.bls.gov/cew/apps/bls_
naics/NAICS2022_graphics_PDF.pdf

UFor instance, industries coded as Anthracite Mining (NAICS: 212113), Bituminous Coal and Lignite
Surface Mining (NAICS: 212111), and Bituminous Coal Underground Mining (NAICS: 212112) in the 2017
NAICS code classification were reclassified into Underground Coal Mining (NAICS: 212115) and Surface
Coal Mining (NAICS: 212114)

12For instance in the reclassification example provided in footnote 13, while it is clear that all of Bituminous
Coal and Lignite Surface Mining contributes to Surface Coal Mining and all of Bituminous Coal Underground
Mining contributes to Underground Coal Mining, it unclear what share of Anthracite Mining contributes to
Underground Coal Mining and Surface Coal Mining
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tions in the pre-2022 data; if a set of NAICS industries were merged in the post-2022 data

after reclassification, we merge the same NAICS industries in the pre-2022 data.

5 Empirical Strategy

We employ a difference-in-differences (DiD) framework to estimate the causal impact of
ATT’s data sharing restrictions on key business outcomes, both for advertisers on Meta’s ads
platforms as well as for firms across the wider U.S. economy. Given that Apple’s ATT was
rolled out globally at the same time, our empirical strategy exploits variation in the extent to

which different advertisers and industries are more versus less impacted by the ATT shock.

5.1 ATT Impacted User Rates and Treatment Assignment

As described in Section 4.1.1, for every advertiser and every industry we calculate the share of
FB and IG ad spend for ads that were delivered to ATT impacted users, henceforth referred to
as “ATT impact.” Naturally, advertisers and industries with a greater ATT impact are more
impacted by the ATT policy change.!® Because advertisers’ strategies and target audiences
may have endogenously changed post-ATT, we measure ATT impact as the proportion of ad
spend for ads delivered before ATT to target users that did not opt in to data sharing after
ATT. This ensures that we are able to capture the degree to which advertisers can no longer
receive offsite signals from their optimal set of (pre-ATT) targeted users.
Advertiser-level treatment assignment. For each advertiser in our sample, we
estimate ATT impact at two distinct points in time: August 2021 and March 2023.* We
define advertisers in the top 10% of ATT impact as our primary treatment group, and
advertisers in the bottom 10% as our control group. We find that of the advertisers in the
top decile of ATT impact shares in August 2021, 85 percent are also in the top decile in
March 2023. Similarly, we find that 93 percent of advertisers in the bottom decile in August

13Since ATT does not impact web browsers on computers, advertising and advertising platforms such as
Meta may still receive offsite signals from users who engage on the web.

4We are able to observe these at fewer points in time compared to the industry level opt-out shares due to
computational constraints (e.g.: there are about 200 industries vs 1.5 million advertisers in our sample).
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Figure 5: ATT Impact Rates for More vs. Less Impacted Advertisers
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Notes: This figure plots the ATT impact rate for the 10% most vs. least impacted advertisers. For each
advertiser, we calculate the share of the pre-ATT ad spend delivered to post-ATT impacted users at three
distinct points in time: May 2021, August 2021, and March 2023.

2021 are also in the bottom decile in March 2023. Taken together, these imply high rates of
stability in our sample and consequently, reasonably valid assignment of treatment.

Figure 5 shows that there was a differential uptake in ATT between the more and less
affected advertisers with the average ATT impact for advertisers in the top 10% reaching 70
percent, while those for advertisers in the bottom 10% are only 7 percent by March 2023.

Industry-level treatment assignment. We estimate ATT impact for each industry
based on user-level opt-out rates at seven distinct points in time in the post-ATT period.
Similar to the individual advertiser analysis, for our on-platform analyses we define industries
in the top 10% of ATT opt-out rate as treated and those in the bottom 10% as control. We
find that across the different points in time, the set of most and least impacted industries
remain remarkably stable.'® Additionally, there is a sizable gap in ATT impact shares across

these industries; as of April 2023—the latest date in our analysis—the average ATT impact

5These include the months 5/21, 8/21, 12/21, 3/22, 12/22, 3/23, and 4/23.
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share for the 20 most impacted industries is about 60.3 percent, whereas for the 20 least
impacted industries, it is only about 37.5 percent. For our analyses using off-platform data,
which is more sparse, we define industries above the median ATT impact as our primary
treatment group and those below the median as our control group.

Table 2 presents the summary statistics for our main variables split by treatment and
control groups. For our on-platform industry sample in Panel A, we see slight differences
between treatment and control industries where the former have slightly more advertisers
and consequently more ad spend. Panel B presents our individual advertiser data for a range
of variables including the share of advertisers that fall into the five largest industries by total
revenue share, advertiser age in days, advertiser size', total advertising spend in a given
month, the total number of campaigns they ran in a given month, and the proportion of those
campaigns that were optimized for lower- and upper-funnel goals. For individual advertisers,
the magnitudes of a range of characteristics are relatively similar across the treatment and
control groups, including those pertaining to advertising strategy as well as the distribution
of advertisers across a range of industries. The latter enables us to mitigate concerns that our
results are driven by a small set of industries facing idiosyncratic shocks. Finally, Panel C
shows that our off-platform outcomes are similar in the pre-ATT period across the treatment

and control industries.

5.2 Empirical Specification: The Difference-in-Difference Model

Our main specification takes the following standard form:

Y = Po + Bi(Treat;xzPosty) + 0; + \; + €4,

where i represents an industry (or advertiser) and t a period. Y}; is the outcome of interest
(e.g., ad-spend A* or number of firms N* for industry 7 in period t). Treat; is an indicator

variable which equals 1 for treated industries (or advertisers) and equals 0 for control industries

16We use Meta’s internal classification that defines an advertiser as large if they are a top 100 global
business brand, or a top 200 U.S. advertising brand categorized by Ad Age, or spend at least $5 million
annually on advertising or marketing, or spend at least $500,000 on advertising on Meta’s platforms
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(or advertisers). Similarly, Post; equals 1 for post-ATT time periods and 0 otherwise. Finally,
0; and \; are time and unit fixed effects, respectively, and €; is the error term. The coefficient
of interest () measures the impact of ATT on industries (or advertisers).

In January 2021, Meta publicly communicated that it will be forced to comply with Apple’s
ATT requirements, including having to display the ATT opt-out prompt that would facilitate
users’ opting out of third party data sharing with Meta’s apps. The communication—also
delivered via email to all advertisers—explicitly warned that the “App Tracking Transparency
framework will have hard-hitting implications across targeting, optimization, and measuring
campaign effectiveness.” As advertisers on Meta can access information to gauge the share of
their ad impressions originating from iOS devices, and therefore the extent to which their
advertising may be impacted, an announcement of such significance could affect advertiser
behavior in anticipation of ATT. This is in spite of the fact that the actual implementation
of ATT, beyond a subset of beta test users, was not until the iOS 14.5 update in April 2021.

To adequately account for these potential effects on advertisers, for our on-platform
analyses we construct Post; to equal 1 in the period after December, 2020 (or, after quarter-4
of 2020), as an indication of a period where the effects of ATT have started to take place,
at least in the world of digital advertising. For all analyses involving off-platform outcomes,
we continue to define Post, as the period starting in May 2021 (or, quarter 2 of 2021),
corresponding to Apple’s formal implementation of ATT, and incorporating the fact that we
can expect a delay in the spillover of on-platform effects to off-platform outcomes.

Finally, we note that our estimates compare the effect of ATT on the most versus least
affected industries, where the least impacted industries were still impacted at meaningful
levels. Hence, our estimates are likely to be lower bounds for the counterfactual of comparing
industries fully affected by ATT to a world in which ATT was not implemented.

Parallel trends. For the difference-in-differences setup to be valid, the parallel trends
assumption must be satisfied. In our setting, this assumption implies that in the absence of

ATT, outcomes for the treatment and comparison groups would have evolved along similar
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trajectories over time. To provide evidence on parallel trends, we employ a fully flexible
difference-in-differences event study model with time varying treatment effects.

We also conduct several robustness tests. For our industry level analysis, we vary the
sample by comparing different ranges of most affected industries, as well as dropping the
Consumer Packaged Goods industry, which was most affected by COVID-19, from our analysis.
For our individual advertiser results, we test the robustness of our estimates to variations in
the sample as well as to a separate sample of advertisers active in early 2020; we also test an

alternative empirical strategy, the Generalized Synthetic Control method (Xu, 2017).

6 Results

6.1 Preliminary Results

We start by analyzing whether ATT led to any detectable shifts in advertiser behavior.
Intuitively, if the ATT shock was not substantial enough to yield detectable changes in
advertiser behavior, we may worry about any effects we find (or not) in our primary analyses.
In particular, ATT does not affect digital advertising effectiveness uniformly: some types of
campaigns are more reliant on tracking data than others. In particular, the campaigns whose
objectives relate to “lower funnel” (off-platform) actions, such as sales or app downloads,
are likely more affected than the campaigns whose objectives relate to “upper funnel” (on-
platform) actions, like increasing the number of “likes” or brand-awareness.

We test this hypothesis using advertiser level data on the shares of lower and upper
funnel ad campaigns, conditional on the advertiser being active. Our difference-in-differences
regression estimates imply a 1.4 percentage point reduction in ad campaigns optimized
for lower funnel optimization goals among the most affected advertisers, relative to the
least affected advertisers. Figure 6 plots the event study estimates and shows a clear shift
away from lower funnel ad campaigns toward upper funnel ad campaigns. Furthermore, the

divergence between the share of lower and upper funnel optimized ad campaigns increases in
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Figure 6: The Impact of ATT on the Share of Lower Funnel Campaigns
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Notes:The figure presents the event study estimates of the impact of ATT on the share of ad campaigns
optimized for lower and upper funnel goals along with the 95% confidence interval.

the medium-to-long term, consistent with the gradual increase in the difference in opt-out
shares between the most and the least affected advertisers presented above in Figure 5.

We carry out two main robustness checks. First, we consider various samples by expanding
the thresholds for treatment and comparison groups ranging from the top/bottom 10% to 50%.
Appendix figure C.1 presents these coefficients, which are consistent with our main estimates.
Second, we take a distinct sample of advertisers that were active in early 2020 and consider
an alternative empirical strategy, the Generalized Synthetic Control (Xu, 2017) and show in
Appendix Figure D.2 that our estimates are robust to this alternative empirical strategy and

sample. We note again that this analysis conditions on being an active advertiser.

6.2 Effects of ATT on Advertising: A* and a*

Our model predicts that deteriorating advertising effectiveness should lead to less advertising
in the market, i.e., a reduction in A*, due to the reduction in the number of advertisers. At
the same time, those remaining advertisers will advertise more, so a* increases. To test these

hypotheses we start by evaluating the number of active advertisers across industries: do
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the industries that experienced a greater reduction in advertising effectiveness see a greater

reduction in the number of advertisers?

Figure 7: The Impact of ATT on the Number of Advertisers
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Notes: The figure presents the event study estimates along with the 95% confidence intervals of the impact
of ATT on advertiser net exit at the industry sub-vertical level. The analysis uses user-ad data, aggregated
at the industry level from Q2 of 2020 till Q2 of 2023.

Figure 7 displays our difference-in-differences estimates comparing industries in the top
versus bottom 10% of ATT impact, which are consistent with our model’s predictions. Namely,
immediately after the ATT announcement, there is a 66 percent increase in net exit on FB
and IG among industries more affected by ATT relative to those less affected with an overall
average effect of 49.2%. Table 2 presents the difference-in-differences coefficients for net
exit as well as the proportion of lower funnel ad campaigns. Since the number of distinct
industries in our sample is relatively small, we test the significance of the estimates using
permutation methods similar to those in Abadie et al. (2010) where we plot the distribution
of estimated effect sizes and compare our estimated effect to that distribution. This means
that for every 1% reduction in tracking data, 1.6% fewer firms advertise.

We note that these orders of magnitude appear broadly in line with other studies of ATT
and advertising effectiveness (e.g., Wernerfelt et al. (2022); Aridor et al. (2024); Cecere and
Lemaire (2023)). Each of these look at slightly different outcomes, samples, and settings,

and their results are consistent with the order of magnitude and direction of effects that we
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observe: ATT had a substantial effect on advertising effectiveness, and with that came a
substantial reduction in the number of firms who advertise.

We also conduct the analysis at the individual advertiser level, consisting of advertisers
from all industries. Comparing advertisers above and below median ATT impact, we find
that ATT led to a 3.4 percentage point increase in the probability of exit from advertising on
Meta platforms among the most affected advertisers (Appendix E.1).

Table 3: The Impact of ATT on Advertiser Behavior

Individual Advertiser Analysis Industry Analysis

(1) (2)

Share Lower Funnel Campaigns Net Exit
DiD Estimate -0.014%*** -0.677**
(0.0004) (0.287)
Fixed Effects Advertiser + Date Industry + Date
R2 0.784 0.942
N 1,021,752 1600

Notes: The table presents the regression coefficients of the impact of ATT on the share of lower funnel ad
campaigns (column 1) and industry net exit (column 2). Standard errors for column 1 are clustered at the
advertiser level and at the industry level for column (2). ***p < 0.01, **p < 0.05

As robustness checks, we first consider variations in the analysis sample. Specifically in
Appendix Figures C.2 and C.4, we vary the most and least affected industries from 10% to
50% (median) and show that regardless of the sample chosen, the coefficients remain large
and negative, while it is significant in samples with a larger difference in average opt-out
rates (for example comparing top and bottom 10% of the most and least affected industries).
Second, we consider alternative levels of industry aggregation on Meta’s platforms and find
similar results (Appendix E.2). Last, we drop industries most acutely affected by Covid-19,
those in the Consumer Packaged Goods industry, and re-run the analysis to find that our
results remain robust (Appendix D.1)

Next, we turn to the effect of ATT on total industry ad spend (A*). To this, we turn to
our individual advertiser sample. Figure 8 shows the event study plots and, while there are

small pre-trends in this analysis, there’s a clear drop in ad spend post ATT of roughly 28%
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Figure 8: The Impact of ATT on Advertiser Ad Spend
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Notes: The figure presents the event study estimates along with the 95% confidence intervals of the impact of
ATT on advertising spend at the advertiser level. The analysis uses user-ad data, aggregated at the advertiser
level.

which is significant, despite the pre-trends being in the opposite direction of the post-period
trends. As we detail in Appendix B, small advertisers were significantly more acutely affected
compared to large advertisers and saw statistically distinguishable reductions in ad spend.!”

Last, we turn to the effect of ATT on ad spend for the advertisers who remain active
(a*). To study this, we consider advertising spend per active advertiser at the industry level.
Figure 9 presents the event study estimates and the regression results show a 47.1 percent

increase in ad spend per advertiser, consistent with our model.

6.3 Effects of ATT on the Number of Firms: N¥*

We now turn to our off platform results. For these, our analysis occurs at the industry-quarter
level. To provide greater precision for our estimates, we present our off-platform results

comparing industries above and below the median ATT opt-out rates.

1"Note that there is a second downward jump in aggregate advertising spend in January 2022. We conjecture
that this is due to adjustments of advertising budgets for the year after ATT was launched. Many companies
set annual budgets for year t in Q4 of year t — 1, and as companies learned throughout 2021 that ATT
reduced ad effectiveness, they would naturally reduce 2022 budgets.

28



Figure 9: Ad Spending per Advertiser using Industry Level Data

1.0

0.5

DiD Estimate

0.0

2020-02 4
2020-03 1
2020-04 4--------
2021-01 4
2021-02 4
2021-03 4
2021-04 4
2022-01 4
2022-02 4
2022-03 4
2022-04 4
2023-01 1
2023-02
2023-03

Notes: The figure presents the event study estimates along with the 95% confidence intervals of the impact
of ATT on advertiser ad spend concentration using data at the industry level. Ad spend concentration is
defined as ad spend per advertiser. The analysis uses user-ad data, aggregated at the industry level from Q2
of 2020 till Q2 of 2023.

The model predicts that ATT should result in a reduction in the equilibrium number of
firms in a given product market. Unlike the data on business registrations and prices, the
number of business establishments is available at the industry-state level. To compute opt-out
shares at the state-industry level, we leverage the ATT impact as well as the state-level
locations of all advertisers from our advertiser level sample. For each advertiser, we obtain
the state in which the registered admin of the advertiser’s ad account on Meta’s platforms
is located. We then aggregate the ATT impact across all advertisers in a given industry
located within that state, resulting in a measure of ATT impact for approximately 5,200

state—industry pairs and run the following regression:

Yoo = Bo + i(TreatgzPosty) + 0, + A + s + €.

We include all state-industry pairs in the data to compare differences across pairs with
above vs. below median ATT impact. Figure 10 present the event study estimates for this
analysis. Relative to state-industry pairs below median of ATT impact, those above the

median experienced a 1% decline in the total number of active business establishments,
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Figure 10: The Impact of ATT on the Count of Business Establishments
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Notes: The figure presents the event study estimates along with the 95% confidence intervals of the impact
of ATT on the total number of establishments using BLS data.

equating to roughly 91,000 establishments (see column 2 of table 4). Consistent with the
preceding analysis we check the robustness of our estimates to variations in the analytical

sample and show that our estimates remain robust (Appendix Figure C.6).
Table 4: The Impact of ATT on Number of Establishments and Prices
(1) (2)

Number of Establishments Prices
DiD Estimate -0.011%** 0.029*
(0.005) (0.016)

Fixed Effects  State + Industry + Date Industry + Date
R2 0.997 0.986
N 61792 700

Notes: The table presents the DiD coeflicients on the impact of ATT on the off-platform number of
establishments (column 1) and off-platform prices (PPI) (column 2). Data on the number of establishments
is at the state-industry-quarter level and we include state, industry, and time fixed effects. Data on prices is
at the industry-time level and we include industry and time fixed effects. ***p < 0.01, *p < 0.1.
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Figure 11: The Impact of ATT on Prices
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Notes: The figure presents the event study estimates along with the 95% confidence intervals of the impact
of ATT on prices using PPI as a measure for prices.

6.4 Effects of ATT on Prices: p*

Figure 11 presents the event study estimates and shows an upward trend in prices post-ATT
for industries more impacted by ATT relative to those less impacted. On average, ATT led
to a 2.9% increase in prices in industries more- compared to less-impacted industries. We
nevertheless check the robustness of our results to varying samples in Appendix Figure C.7.
We note the event study coefficients starting mid-2022 show statistically significant effects of

4-5% higher prices, suggesting that we are capturing a delayed but stark causal effect.

7 Concluding Remarks

As the digital advertising ecosystem evolves, what data can or cannot be used by advertisers
remains a central policy question for both platforms and regulators alike. Despite the push by
regulators to further curb the ability of advertisers to collect and use data to target consumers,
there is minimal evidence on how such policies may affect online and offline outcomes for
advertisers and consumers. To our knowledge, we provide the first, large-scale evidence of
how restricting a major category of online data for advertisers (third party tracking data)

affected not only advertising behavior, but also firm entry, exit, and product market prices.
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Our results suggest harms not only to firms, but also to consumers who face more
concentrated markets with prices that are at least 3.4% higher than they would be in lieu of
the ATT feature. We add the necessary caveat that a complete welfare analysis of such data
restrictions is beyond the scope of our data and analyses. Nonetheless, our results raise a red
flag for further restricting data use for digital advertising. Interestingly, the GDPR has also
been documented to have adverse impacts on industry outcomes (Johnson, 2024).

As mentioned in the introduction, 82% of surveyed small and medium sized businesses in
the U.S. report that digital advertising is ‘crucial’ for their success. Previous literature has
found that privacy laws disproportionately have hurt smaller scale businesses (Wernerfelt
et al., 2022; Korganbekova and Zuber, 2023). Solving for a model with asymmetric firms is
beyond the scope of our paper, yet one expects that larger firms are more robust to shocks
than smaller firms. Hence, the negative advertising shock created by ATT should impact
smaller firms more than larger firms. Indeed, Aridor et al. (2024) find that small businesses
were most adversely impacted by ATT, a fact that we too confirm in our data. Appendix
B shows a detailed breakdown of our results above into large versus small advertisers and
shows that small advertisers were indeed significantly more adversely impacted by ATT.

Related to the fact that small businesses are the most adversely impacted by data sharing
restrictions is that niche businesses that rely on specific targeting may suffer the most.
As a result, publishers of niche online content will have fewer advertisers and may not be
able to sustain their own businesses (Breanna, 2023). Adding these observations to the
documented privacy paradox mentioned in the introduction suggests that the pros of data
sharing restrictions touted by many are not only hard to empirically measure and document,
but the cons to businesses and consumers are meaningful. There is a need for future research
to pick apart these pros and cons in meaningful and measurable ways to further inform the

debate over privacy regulation.
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Appendix

This Appendix includes six parts. In Section A we prove our main proposition and derive
detailed comparative statics on advertising; in Section B we analyze effects for small versus
large scale advertisers; in Section C we analyze robustness of our results to different samples;
in Section D we explore robustness to other specifications; in Section E we conduct two ad

hoc robustness exercises; finally, in Section F we provide ATT impact statistics by industry.

A Equilibrium and Comparative Statics

Proof of Proposition 3.1. To prove existence and uniqueness, evaluate equation (4) at N = 0:
the LHS is negative while the RHS is zero. Now evaluate equation (4) at N = 1: the two
sides would equal each other if and only if ¢?R*s = 16k. Furthermore, the slope of the
LHS is an increasing linear function of N, e2R?, while the slope of the RHS is an increasing
convex function of N, 4k(N + 1)3. If at N = 1 the slopes of the LHS and RHS are equal,
then e?R* = 32k, and multiplying each side by 3 yields e2R*S = 16k. This implies that
when e?R* = 32k, the LHS and RHS meet only at N = 1, which is the unique free-entry
equilibrium. If e2R* < 32k, then the LHS is less than the RHS for any value of N and hence
the two sides of 4 never cross, implying no free entry equilibrium. It follows immediately that
if e2R* > 32k, then there are two intersections of the two functions, one at a value N < 1 and
one at a value N > 1. It is also easy to see that of these two intersecting points, the only one
that is a stable free-entry equilibrium has N > 1. That N* increases in e follows immediately
from the fact that the slope of the LHS is increasing in e and hence, when e increases, the
intersection of the two functions must occur at higher values of N. Last, equilibrium price is
given by,

A =

62£\;1ai ez:éilai N+1

where the second equality follows from the solution to the third stage of the game in equation

pr=R

(1) above. Because N* is (weakly) increasing in e, it follows immediately that p* (weakly)

decreases in e because it decreases in N*. O

Despite the fact that e is continuous, the comparative statics of a* and A* cannot be
derived continuously because N* is discrete, meaning that the marginal impact of e on a*

and A* jumps discontinuously whenever the value of e crosses a threshold that changes N*.
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Recall from Proposition 3.1 that N* is increasing in e. Let e (N) denote the lowest value
of e for which N* = N, and let ey (N) denote the highest value of e for which N* = N.
Hence, for any value of e € [er(N), ex ()], there will be exactly N* = N firms in equilibrium.
Note that by definition, ey (N) = er(N + 1).

The solution to the advertising stage in equation (3) implies that, fizing N, a” (the
optimal choice of a, anticipating the third-stage Cournot game with NV firms in the final stage)
is increasing linearly in e with a slope R?/(N + 1)2. Hence, as long as e increases within any
of the intervals [er(N),ex(N)], N* does not change and a” increases linearly in e within a
well defined interval [ay(N),ay(N)]. Furthermore, since AY = Na", it too increases in e
within a well defined interval [AL(NV), Ag(IV)]. However, once e rises to ey (N) + € (which is
equal to e, (N + 1) 4 €), we have a new equilibrium with N + 1 firms. This discontinuous
jump in N causes a discontinuous drop in the marginal value of ads, implying a discontinuous
drop in both a” and AV.

Figure A.1 plots the comparative statics described above. with a simulated example that
sets R = 10 and k = 40, letting e vary. Using equation 4 and setting a specific value of N,
we compute the boundaries of the intervals [er (IV), ey (V)] for each N. Then, using equation
(3) we compute the intervals [ar(N),ag(N)] and [AL(N), Ag(N)], which correspond to the
increasing piecewise-linear best response functions for a* and A* as e varies within the defined
intervals [er(N), ex(N)]. Both a”¥ and AV follow a “saw-tooth” function due to the forces

described above.

Figure A.1: Comparative Statics for ¢* and A*
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As the Figure A.1 shows, along the piecewise linear parts of the functions, both a¢* and
A* are increasing due to the increasing marginal returns to advertising. However, at the
jump points, there is a drop in both a* and A*, creating local non-monotonicities. If, instead,
we look at the midpoints of the intervals as a summary statistic of the values of a* and A*
for different values of N*, then we obtain clear monotonic pattens: as advertising becomes
less effective so as to reduce the number if equilibrium forms N* (a nontrivial decrease in
e), then total advertising A* decreases while the level of advertising of remaining firms a*

increases. We take the view that ATT was indeed a nontrivial decrease in e.

B Differential Effects for Small vs Large Advertisers

Our theoretical model assumes symmetric firms, and solving for a model with asymmetric
firms is beyond the scope of this paper. However, if one sensibly assumes that larger firms
are more robust to shocks than smaller firms, we would expect the negative advertising
shock created by ATT to impact smaller firms more than larger firms. Hence, we posit that
ATT may especially reduce ad effectiveness for small advertisers, who have fewer alternative
advertising outlets compared to larger businesses. Existing literature suggests that small
businesses are more heavily reliant on digital and social media advertising—and therefore
are likely to be more impacted by ATT (Moorman (2022); Peck (2022)). Furthermore,
previous literature has found that privacy laws disproportionately have hurt small businesses
(Wernerfelt (2022), Korganbekova and Zuber (2023)). With over 99% of businesses operating
in the U.S. classified as small and medium businesses (U.S. Small Business Administration,
2023), the subsequent analysis in this section may be of particular importance from a policy
perspective.

We adopt Meta’s internal classification of advertiser by size. An advertiser is classified
as large if they are a top 100 global advertising brand, or a top 200 U.S. advertising brand
categorized by Ad Age, or spend at least $5 million annually on advertising, or spend at least
$500,000 annually on advertising on Meta’s platforms. All other advertisers are classified
as small advertisers. Consistent with the broader US economy, approximately 97% of the
advertisers in our advertiser-level dataset are classified as small advertisers.

We are unable to systematically obtain information on the number of employees and
annual revenues—variables traditionally used to determine business size—for the millions of

small businesses using Meta’s advertising platforms. However, we expect a high correlation
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between large and small advertisers vs large and small businesses because Meta’s internal
classification is based to some extent on ad spend.

Advertising Strategy. Figure B.1 presents the event study estimates of the impact of
ATT on the share of lower funnel ad campaigns by advertiser size. We observe a consistent
shift away from lower to upper funnel ad campaigns across both small and large advertisers.
We note that the shift is larger for large advertisers; in practice, very few small advertisers
engage in any upper funnel advertising at baseline, meaning it may be a less appealing option

to substitute to than it is for large advertisers.

Figure B.1: The Impact of ATT on Advertising Campaign Strategy by Advertiser
Size
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Notes: The figure presents the event study estimates along with the 95% confidence intervals of the impact of
ATT on advertiser advertising strategy using individual advertiser data split by advertiser size. The analysis
uses user-ad data, aggregated at the advertiser level.

Effects on Extensive Margin of Advertising, Firm exit. Figure B.2 presents the
event study estimates of the impact of ATT on industry level net exit and the advertiser
level probability of being active on Meta’s platform split by small and large advertisers. A
clear pattern emerges from these figures. The adverse impact of ATT on advertiser net exit
is driven almost entirely by increased net exit among small advertisers. Our industry level
difference-in-difference estimates suggest a 51% higher net exit among small advertisers in
the most affected industries relative to small advertisers in the least affected industries. In

contrast, the DiD estimate for large advertisers indicates a decrease in net exit in the most
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affected industries, compared to the least affected industries, although this effect is small and
not statistically significant. Nevertheless, we can rule out equality across the estimates for

small vs large advertisers (p-value = 0.03).

Figure B.2: The Impact of ATT on Net Exit and the Probability of Being Active
by Advertiser Size
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Notes: The figure presents the event study estimates along with the 95% confidence intervals of the impact
of ATT on advertiser exit and net exit split by advertiser size. The first row of figures uses industry level
data while the second row uses data at the advertiser level.

The individual advertiser level analyses corroborate these patterns. The impact of ATT
on advertiser exit is driven entirely by small advertisers, who are more reliant on offsite
signals and thereby more impaired by ATT’s data sharing restrictions. ATT leads to a 3.5
percentage point increase in the probability of exit for small advertisers. In contrast, large
advertisers experience a 5.6 percentage point decrease in the probability of exit. To provide
further credence to our results, we present corresponding analyses where we categorize the
size of advertisers in our sample based only on quartiles of lifetime advertising spend on
FB and IG. These results are presented in Figure B.3 below. Both figure illustrate that the

adverse effects of ATT were concentrated among the smaller advertisers.
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Figure B.3: The Impact of ATT on the Probability of Exit by Historical Advertiser
Spend
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Notes: The figure presents the event study estimates along with the 95% confidence intervals of the impact
of ATT on advertiser exit split by advertiser size quartiles of lifetime advertising spend on FB and IG.

Effects on Intensive Margin of Advertising, Firm ad spend. Additionally, in
Appendix figure B.4, we show consistent patterns in ad spend whereby ad spend for most
affected small advertisers decreases by 29%. Although the positive average effect size for
large advertisers is less reliable given that the pre-ATT trends trend in the same direction as
the post-ATT trends, we do not find any evidence of decreasing spend for these advertisers.
Table B.1 presents the regression coefficients and summarizes our results on the heterogeneous
effect of ATT by advertiser size. The difference in effects across small vs large advertisers is
intuitive. As ad effectiveness declines, particularly for lower funnel ads that rely more heavily
on offsite signals, small advertisers exit the market. Large advertisers, on the contrary, are
better positioned to shift towards upper funnel ad campaigns, where they also face lower
prices per ad impression that remain relatively stable over time. As a result, they are less

likely to exit the market.
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Figure B.4: The Impact of ATT on Ad Spend by Advertiser Size
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Notes: The figure presents the event study estimates along with the 95% confidence intervals of the impact
of ATT on advertiser ad spend split by advertiser size. The first row of figures uses industry level data while
the second row uses data at the advertiser level.
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Table B.1: Difference in Differences Estimates of ATT by Advertiser Size

(1) (2) (3)

Pooled Sample Small Advertisers Large Advertisers

Panel A - Industry Level Analysis

Net Exit -0.677** -0.791%* 0.090
(0.287) (0.318) (0.275)

Ad Spend -0.211 -0.429 0.252
(0.277) (0.273) (0.292)

Panel B- Advertiser Level Analysis

Share Lower Funnel Ad Campaigns -0.014%** -0.010*** -0.061%**
(0.001) (0.001) (0.007)

Pr(Active) -0.034*** -0.035*** 0.056%**
(0.003) (0.004) (0.007)

Ad Spend -0.337HF* -0.339%** 0.850%**
(0.050) (0.048) (0.150)

C Robustness to Variations in the Analysis Sample

While our main analysis considers top and bottom 10% most and least affected advertisers
and industries for on-platform analysis, and above below median for the off-platform analysis,
we test the robustness of our estimates to variations in the analysis sample. Specifically, we

vary the comparison sample from top and bottom 10% to 50% for each of our main results.

Table C.1 below summarizes these results
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Table C.1: Impact of ATT by Variations in the Analytical Sample

Sample (Top/bottom) 10% 20% 30% 40% 50%
Share of Lower Funnel Campaings -0.0136***  -0.0157*** -0.0152*** _0.0132*** _0.0112***
(0.003) (0.003) (0.003) (0.002) (0.002)
Pr(Exit) -0.0339%*%*  _0.0208***  -0.0161*** -0.0143*** -0.0122%**
(0.0036)  (0.004) (0.003) (0.003) (0.003)
Advertiser Ad Spend -0.337F¥*  L0.206%**  -0.158%**F  _0.134%FF  _0.1107***
(0.011) (0.008) (0.007) (0.006) (0.005)
Net Exit -0.677F* -0.693** -0.297 -0.310 -0.241
(0.287) (0.234) (0.202) (0.180) (0.163)
Industry Ad Spend 0.466** 0.668%** 0.483*** 0.356** 0.306**
(0.245) (0.219) (0.180) (0.162) (0.141)
Number of Establishments -0.018 -0.031%%*  _0.021***  _0.150%** -0.011°%*
(0.011) (0.007) (0.006) (0.005) (0.005)
Prices 0.0385 0.0343 0.0312 0.0275 0.0292%*
(0.031) (0.023) (0.019) (0.018) (0.016)

Figure C.1: The Impact of ATT on the Share of Lower Funnel Optimized Ad
Campaigns by Variations of the Analytical Sample

0,000 4 = == = = = = = == m e e e e oo

-0.005 1

-0.010 1

0.015+ *1.6

DiD Estimate

b

o

Top/bott.om 10% Top.f‘bottlom 20% Topfbott.om 30% Top;‘bottlom 40% Top;bottlom 50%

Notes: The figure presents the DiD coefficients of the impact of ATT on the share of ad campaigns optimized
for lower funnel goals. Each point represents a separate regression which include the top/bottom n% of the

most affect advertisers ranging from 10% to 50%
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Figure C.2: The Impact of ATT on the Advertiser Probability of Exit by Variations
of the Analytical Sample
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Notes: The figure presents the DiD coefficients of the impact of ATT on the advertiser probability of exit.
Each point represents a separate regression which include the top/bottom n% of the most affect advertisers

ranging from 10% to 50%

Figure C.3: The Impact of ATT on Advertiser Ad Spend by Variations of the
Analytical Sample
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Notes: The figure presents the DiD coefficients of the impact of ATT on advertiser ad spend. Each point
represents a separate regression which include the top/bottom n% of the most affect advertisers ranging from

10% to 50%
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Figure C.4: The Impact of ATT on Industry Net Exit by Variations of the
Analytical Sample
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Notes: The figure presents the DiD coefficients of the impact of ATT on the industry Net Exit. Each point
represents a separate regression which include the top/bottom n% of the most affect advertisers ranging from
10% to 50%

Figure C.5: The Impact of ATT on Industry Ad Spend per Firm by Variations
of the Analytical Sample

Top/Em;om 10% Top.fBonrmn 20% Tan’Bn!l‘om 30%  Top/B r---- 40%  Top. 50F6

Notes: The figure presents the DiD coefficients of the impact of ATT on the industry ad spend per firm.
Each point represents a separate regression which include the top/bottom n% of the most affect advertisers
ranging from 10% to 50%
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Figure C.6: The Impact of ATT on off-platform number of establishments by
Variations of the Analytical Sample

T T T T T
Top/Bottom 10 Top/Bottom 20 Top/Bottom 30 Top/Bottom 40 Top/Bottom 50

Notes: The figure presents the DiD coefficients of the impact of ATT on off-platform number of establishments.
Each point represents a separate regression which include the top/bottom n% of the most affect advertisers
ranging from 10% to 50%

Figure C.7: The Impact of ATT on Off-platform Prices by Variations of the
Analytical Sample
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Notes: The figure presents the DiD coefficients of the impact of ATT on off-platform price (PPI). Each point

represents a separate regression which include the top/bottom n% of the most affect advertisers ranging from
10% to 50%
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D Various Specifications and Samples

D.1 Alternative Specifications

In this subsection, we test the robustness of our results to alternative specifications, such as
using as reference points dates closer to the ATT implementation rather than announcement

for our on-platform analysis, and dropping various industries.

Figure D.1: The Impact of ATT by various specifications

Share Lower Funnel - March as reference 4 l
Share Lower Funnel - Baseline q
Pr(Exit) - March as reference 1 o

Pr(Exit) - Baseline 1 .

Net Exit - March as reference 1
Net Exit - Excluding Retail B
Met Exit - Excluding CPG{ ——%———
Net Exit - April as reference —.—
Ad Spend Per Firm - March as reference 1 —_—
Ad Spend Per Firm - Excluding Retail —-—0_
Ad Spend Per Firm - Excluding CPG 4 —_—
Ad Spend Per Firm - April as reference _—

Ad Spend - March as reference ——

Ad Spend - Baseline 4 -

Notes: The figure represent DiD coefficients from various regression specifications using both advertiser-level
and industry-level data. Advertiser level outcomes include share of lower funnel campaings, the probability of
exit and ad spend, while the industry level outcomes include net exit and ad spend per firm.
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Table D.1: Robustness of Estimates to Various Specifications

Outcome Specification Coefficient
Baseline -0.0339
Pr(Exit) (0.0012)
March as reference -0.0319
(0.004)
Baseline -0.01358
Share Lower Funnel (0.001)
March as reference -0.0154
(0.003)
Baseline -0.337
Ad Spend (0.011)
March as reference -0.330
(0.052)
Excluding CPG -0.883
(0.271)
Net Exit Excluding Retail ~ -0.632
(0.277)
March as reference -0.587
(0.291)
April as reference  -0.501
(0.276)
Excluding CPG 0.587
(0.245)
Ad Spend Per Firm g1y ding Retail ~ 0.357
(0.245)
March as reference 0.465
(0.226)
April as reference  0.400
(0.225)

D.2 Synthetic Control Estimates

For our on-platform advertiser analysis, we observe a small violation of parallel trends. While
the pre-trends trend in direction opposite to the post-ATT trends, we nevertheless check the
robustness of our estimates in two ways. First, we consider a distinct sample of advertisers

active in Early 2020 and re-run the synthetic control analysis described in Xu (2017). This

Appendix-14



method extends the canonical synthetic control method to allow for multiple treatment units
and allows for time varying coefficients. Consistent with our main results, we detect a 1.6
percentage point decrease in the share of lower funnel optimized ad campaigns (see fig D.2)
and 5.2 percentage point increase in the probability of exit for the most affected advertisers

relative to the least affected advertisers (see figure D.3).

Figure D.2: The Impact of ATT on the Share of Lower Funnel Campaigns

Gogficient

Time relative to Treatment

Notes: The figure plots the average effect of ATT on the share of lower funnel ad campaigns for the treated
advertisers relative to the synthetic control created using the procedure outlined in Xu (2017).

Figure D.3: The Impact of ATT on the Probability of Exit

Confficient

pavicd

Notes: The figure plots the average effect of ATT on the probability of being active for the treated advertisers
relative to the synthetic control created using the procedure outlined in Xu (2017).

Second, we implement the Honest DiD approach by Rambachan and Roth (2023) on our

advertiser data and find that our first post-period estimates are robust to allowing for the
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violation of parallel trends up to twice as large as the max violation in the pre-treatment

period (see figure D.4)

Figure D.4: Implementing HonestDiD on Advertiser Probability of Exit

0.00 =

002~

C-LF Original

Notes: The figure implements the HonestDiD approach outlined in Rambachan and Roth (2023) on the
probability of exit at the individual advertiser level. The figure shows that the post ATT estimates are robust
to allowing for the violation in the pre-ATT parallel trends to be twice as large.

E Additional Robustness Checks

E.1 Advertiser Probability of Exit

Our findings suggest that advertisers most affected by ATT are more likely to stop advertising
compared to advertisers that are less affected by ATT. Figure E.1 presents the main event
study estimates. We observe a discontinuous increase in the probability of exit among
advertisers in the treatment group, relative to the comparison group, after ATT comes into
effect. Consistent with our results on ad spend, the event study illustrates an increase in the
intensity of the impact of ATT over time. The difference-in-differences estimate implies a
3.4 percentage point higher probability of exit among the top 10% most affected advertisers,

relative to the bottom 10% least affected advertisers.
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Figure E.1: The Impact of ATT on Advertiser Probability of Exit

0.004----- o
t

DiD Estimate
‘ S
(e ]
N

e
o
g

-0.06 1

2021-01  2021-07 2022-01 2022-07  2023-01

Notes: The figure plots the average effect of ATT on the probability of being active using advertiser level
data.

E.2 Net Exit- Aggregated Industry Analysis

We consider an alternative approach where our level of analysis is an aggregated industry,
rather than an industry, on Meta’s platforms. As we note above, Meta classifies all on-
platform advertisers into 25 aggregated industries. We, therefore, compare advertiser net
exit across the top 5 most impacted aggregated industries, relative to the bottom 5 least
affected aggregated industries. Consistent with our primary findings, this analysis finds that
ATT increases advertiser net exit by 43%. Figure E.2 below presents the event study for
these estimates. Further, these results are also driven entirely by small advertisers, which
experience a 51% higher net exit. Large advertisers, as with our benchmark industry-level
results, experience an increase in net entry; and at the aggregated industry level, the increase

in net entry is sizable and statistically significant.

Appendix-17



Figure E.2: The Impact of ATT on Net Exit using Aggregated Industry Level
Data
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Notes: The figure plots the average effect of ATT on Net Exit using Aggregated Industry Level Data

F Industry Impact Rates

Table F.1: Impact rates for top and bottom 10% most impacted industries

Least Impacted Impacted Most Impacted Impacted
Industries Share Industries Share

Gaming - eSports 0.305 [Consumer Packaged Goods - Food 0.573
Telecom - Telephone Service Providers 0.312 |Retail - Footwear 0.574
Government - Government Owned Media 0.34 Retail - Department Store 0.575
Organizations and Associations - Religious 0.347 |Professional Services - Fitness 0.579
Business to Business - File Storage, Cloud, and Data 0.366 |Consumer Packaged Goods - Water, Soft Drink, and Beverage 0.581
Travel - Ride Sharing and Taxi Services 0.367 |Restaurants - Quick Service 0.59
Government - Offices of Heads of States and Governments 0.368 |Ecommerce - Apparel and Accessories 0.59
Ecommerce - Virtual Services 0.368 |Ecommerce - Beauty 0.593
Telecom - Telecommunications Equipment and Accessories 0.369 [Consumer Packaged Goods - Durable Household Goods 0.599
Business to Business - Logistics and Transportation 0.37 Consumer Packaged Goods - Non Durable Household Goods 0.6

Politics - Political Organizations and Campaigns 0.379 |Consumer Packaged Goods - Personal Care 0.602
Utilities - Mining and Quarrying 0.386 |Consumer Packaged Goods - Beauty 0.604
Gaming - Mobile Gaming 0.387 |Retail - Home, Furniture, and Office 0.608
Automotive - Auto Resellers 0.4 Travel - Air 0.61
Professional Services - Legal 0.401 Restaurants - Coffee 0.611
Publishing - Career and Tech 0.402 |Retail - Sporting 0.622
Technology - Social Media 0.403 [Organizations and Associations - Arts, Heritage, and Education  0.625
Government - International Organizations 0.405 |Consumer Packaged Goods - Baby 0.628
Government - Government Controlled Entities 0.41 Consumer Packaged Goods - Apparel and Accessories 0.632
Healthcare - Residential Care Centers 0.411 |Retail - Apparel and Accessories 0.654
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