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Introduction

Digital services have become constitutive infrastructure for everyday economic life. How
people communicate, acquire information, consumemedia, transact, work, and increas‐
ingly how they reason and create is mediated through a growing stack of applications,
platforms, and services. What characterizes this environment is less a stable equilib‐
rium than a steady sequence of discrete, consequential changes. Services launch and
scale within weeks, established ones fail or disappear without notice, and entire new cat‐
egories of services emerge and reshape daily routines on timescales at which traditional
industries barelymove. Users sit at the receiving end of these dynamics, and each change
prompts them to reorganize some slice of their digital lives, substituting toward alterna‐
tives, reallocating attention across applications, adopting new services, and abandoning
others. How users adjust is not incidental to how digital markets function, but rather the
level at which competition, adoption, and the economic consequences of new technolo‐
gies are actually determined.

Making sense of this process stretches the standard empirical toolkit. The aggregates
that economic research has traditionally leaned on, such as market shares, industry rev‐
enues, and firm‐reportedmetrics, record the outcomes of user adaptation only after they
have summed up through many individual decisions, and typically at a frequency too
coarse to capture the adjustment itself. Price variation, the usual lever for inferring sub‐
stitution, is unavailable in markets where services are free at the point of use, and net‐
work effects complicate what can be read off the aggregate data that do exist. Surveys
and stated preferences describe what users believe they do, not what they actually do,
and the gap between the two tends to be largest in settings of rapid technological change.
These are structural features of digital environments.

Themicroeconomic toolbox is in fact well‐suited to the task. Its two principal strands,
controlled experiments and observational designs that exploit natural variation, both
take individual behavior as their primary object and have a long record of recovering
causal structure from it. Digital environments extend the reach of that toolbox consid‐
erably, since they routinely generate high‐frequency individual‐level records of activity,
broad in coverage across users’ full portfolio of digital services and fine‐grained enough
to resolve which services are used in conjunction with one another. The methodologi‐
cal contribution of this dissertation lies in combining such data with research designs
chosen to answer questions that aggregates and stated preferences cannot.



INTRODUCTION

Chapter 1 combines a rare natural experiment, the 2021 global outage of Meta’s ser‐
vices, with high‐frequency individual tracking data to recover substitution patterns in a
setting without observable prices and in the presence of network effects. Chapter 2 com‐
bines measurement of how time spent on generative AI services is reallocated from the
rest of users’ digital activity with observations of the sequences in which services are
used, offering a new lens on substitutive and complementary relationships between a
newly introduced service and the incumbents around it. Chapter 3 develops an experi‐
mental design in which participants interact directly with a large language model and
receive real‐time feedback on the outputs they elicit. An incentive scheme that rewards
novelty is used to test how red teaming, a type of safety testing of AI systems, can be
coordinated to explore the space of unwanted model behavior efficiently.

A single stance runs through the three chapters. The economic analysis of digital en‐
vironments undergoing change benefits from taking individual‐level behavior as its pri‐
mary evidentiary basis. The three substantive questions taken up in the chapters follow
from that stance, namely how users substitute among services when prices cannot guide
measurement, how a novel technology that exhibits general‐purpose characteristics en‐
ters consumers’ digital lives and reshapes their usage, and how the behavior of AI sys‐
tems can be characterized when their internals resist direct inspection. Taken together,
the chapters make the case that direct observation of what users do is informative for
central economic questions about digital environments. The combination of data and
research designs now available makes such observation newly feasible at scale.

* * *

Chapter 1: Competition Among Digital Services:
Evidence from the 2021 Meta Outage

Competition among digital services poses a distinctivemeasurement challenge. Basic
exercises of competition analysis, such as delineating markets or quantifying the extent
to which one service disciplines another, require evidence on substitution patterns. In
the absence of observable prices and under the network effects that bind users to incum‐
bents, such evidence is difficult to obtain from the kind of aggregate data that competi‐
tion analyses ordinarily use. This chapter addresses the problem by exploiting a rare nat‐
ural experiment. On October 4, 2021, Meta’s services, namely Facebook, Instagram, and
WhatsApp, went offline worldwide for approximately six hours. Because the outage dis‐
placed entire user populations simultaneously rather than isolated individuals, the sub‐
stitution it triggered is observable under the same network conditions that shape users’
choices in normal times.

Using high‐frequency tracking data fromonline panels in theUnited States and Spain,
we observe how users reallocated their time minute by minute across the full set of
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services available on their devices. Non‐Meta social media and messaging services ab‐
sorb the largest share of displaced usage, but substitution crosses conventional category
boundaries, with streaming, voice and video calls, and news all drawing meaningful re‐
allocation in at least one country. A substantial share of the displaced time leaves the
device entirely, especially in the United States, suggesting that Meta’s services act in part
as a gateway to broader device engagement. The aggregate patterns are driven almost
entirely by users who were already familiar with alternatives. Multi‐homers substitute
at rates an order of magnitude larger than single‐homers, and responses vary further by
age, country, and the Meta service each user relied on most. Among users with the heav‐
iest pre‐outage Meta engagement, part of the reallocation persists, with their share of
time on Meta declining further in the four weeks following the outage.

The substitution rates recovered here are continuous‐time analogs of the diversion
ratios used in analyses of competition among differentiated products, now estimated un‐
der the kind of collective displacement that makes them informative about choices gov‐
erned by network effects. Beyond this measurement contribution, the findings describe
the structure of users’ digital lives, showing which services substitute for Meta, which
compete for user attentionmore broadly, and how that structure differs across countries
and user types. The persistence results carry a further implication. Even a temporary
disruption can leave durable traces on usage, consistent with the idea that user inertia
is sustained in part by limited information about alternatives, and that transient shocks
can reveal such information in ways that continue to shape behavior well after the shock
itself has passed.

* * *

Chapter 2: Early Adoption of Generative AI:
Users, Uses, and Behavioral Change

On November 30, 2022, OpenAI’s release of ChatGPT put generative AI in the hands
of a mass consumer audience, and within months the technology had been taken up at
a speed without precedent among consumer digital services. This chapter asks how that
uptake is reshaping consumers’ broader digital lives. The question matters because gen‐
erative AI differs from most digital innovations in a specific way. It is not confined to a
single use case and is accessible through natural language, so virtually anyone can use
it and any other service could be affected by it. How it is integrated into existing digital
routines, andbywhom, therefore bears on competition between services, on the distribu‐
tion of whatever gains the technology produces, and onwhat its consumer‐side diffusion
implies for adjacent service categories.

We study this integration using individual‐level app and browser tracking data from a
US panel in themonths following ChatGPT’s launch. The data capture activity in a period

3
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during which themarket consisted almost entirely of text‐based chatbots. Two questions
organize the analysis. First, who adopts generative AI in this early phase, and what dis‐
tinguishes adopters in terms of demographics and pre‐adoption digital behavior. Second,
how does generative AI relate to the other services in users’ digital lives, both at the level
of individual usage flows, where we ask which services users move to and from around
a generative AI session, and at the level of aggregate reallocation, where we ask how the
composition of a user’s digital activity shifts after adoption.

We find that early adopters are disproportionately male and younger, and
productivity‐oriented in their pre‐adoption digital behavior, while those with high
shares of social media and leisure‐related usage are less likely to adopt. Generative AI
then interacts with incumbent services in three distinct patterns. Productivity‐oriented
services display strong complementarity with generative AI in usage flows and rising
shares of overall digital activity after adoption. Leisure services display the opposite
pattern on both dimensions. Education stands out as a hybrid case, with the highest
complementarity of any category in usage flows yet a declining share of overall activity
after adoption, consistent with users completing educational tasks faster once gener‐
ative AI is available to help. Combining a flow‐level view of how services are used in
conjunction with an aggregate view of how time is reallocated across them offers a
lens that neither approach delivers alone. The patterns it reveals carry a distributional
implication: if the behavioral selection evident among early adopters persists as the
technology matures, the consumer‐side gains from generative AI will accrue unevenly
along lines that existing digital behavior already traces.

* * *

Chapter 3: Coordinating Red Teaming for Large LanguageModels:
A Test of Novelty Incentives

Characterizing what a large language model will and will not do requires observing
what users can get it to produce, and red teaming has become the principal instrument
for doing so systematically. Human testers are compensated to elicit harmful or other‐
wise problematic outputs from a model, and their findings feed into safety evaluations
that are increasingly mandated by regulation. The coverage of such exercises, however,
is constrained by a coordination problem. Left uncoordinated, testers cluster on attack
vectors thatmatch their personal experience, concentrating effort on familiar categories
of harm while leaving others systematically underexplored. Yet this clustering runs di‐
rectly against what red teaming is meant to achieve, namely to probe a model’s behavior
by uncovering as diverse a set of vulnerabilities as possible, so that safety evaluations are
not systematically blind to entire categories of harm. This chapter asks whether reward‐
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ing novelty in real time, alongside the standard reward for eliciting harmful outputs, can
close this gap.

We study the question in two preregistered online experiments with 1,075 partici‐
pants. On a custom platform, participants attempt to elicit harmful outputs from a large
languagemodel across three chats, and an automated scoring pipeline delivers real‐time
feedback on both the harmfulness and the novelty of each output. Control participants
are rewarded on harmfulness alone. Treatment participants are rewarded on harmful‐
ness and novelty jointly, via a multiplicative scoring rule that gives them an explicit in‐
centive to explore unfamiliar regions of the vulnerability space. Comparing the two con‐
ditions isolates the behavioral effect of adding the novelty dimension to the payoff. Be‐
cause the difference in incentives mechanically changes expected earnings and hence
induces differential effort, we run two experiments to bound this effect.

We find the opposite of what we hypothesized. Rewarding novelty alongside harm‐
fulness lowers joint performance relative to rewarding harmfulness alone. The effect
is stable across both experiments, so differences in expected earnings cannot account
for it. The loss is driven by an excess of near‐zero‐harmfulness outputs in the treatment
condition rather than by a uniform decline, and participants in both conditions system‐
atically underuse the strategies that are most effective at eliciting harmful content. The
findings carry two implications. For red teaming practice, quality floors on submissions
and selection on participant skill appear to bemore important levers for broadening cov‐
erage than coordination incentives alone.More broadly,multi‐dimensional incentives in
cognitively demanding tasks can crowd out even theoretically complementary objectives
when participants must optimize them simultaneously.

5





Chapter 1

Competition Among Digital Services:
Evidence from the 2021 Meta Outage

Dominik Rehse, Sebastian Valet

Assessing competition among digital services requires evidence on substitution
patterns that is difficult to obtain in the absence of observable prices. We exploit
the unexpected outage of all Meta Platforms, Inc. (then Facebook, Inc.) services on
October 4, 2021, which displaced its global user population for around six hours.
Using high‐frequency device tracking data from 14,000 individuals in the United
States and Spain, we estimate effective substitution rates, the reallocation of usage
time per minute of Meta usage lost. Non‐Meta social media and messaging absorb
the largest share, but substitution crosses conventional category boundaries and a
substantial share of displaced time leaves the device entirely. Multi‐homers substi‐
tute at rates an order of magnitude larger than single‐homers, younger users drive
socialmedia substitution, and the composition of within‐Meta usage shapes substi‐
tution destinations differently across countries. Users with the heaviest pre‐outage
Meta reliance exhibit persistent reductions inMeta’s usage share over the four post‐
outage weeks. Because the outage displaced entire social graphs, our estimates
capture substitution when users must coordinate their reallocation, drawn from
a broad cross‐section across two countries with different platform ecosystems.

We thank Özlem Bedre‐Defolie, Chiara Farronato, Rosa Ferrer, Daniel Goetz, Maria Halbinger, Ulrich
Laitenberger, Benjamin Leyden, Ambre Nicolle, Imke Reimers, Tobias Salz, Katja Seim, Takeaki Sunada,
Camille Urvoy, Mike Ward, and the participants of the Digital Economy Workshop 2025, IIOC 2025, MaCCI
IO Day 2025, Munich Summer Institute 2025, ZEW ICT Conference 2025, AFREN Digital Economics Confer‐
ence 2025, EARIE 2025, Jornadas de Economia Industrial 2025 andMaCCI Annual Conference 2026 for their
helpful comments.



CHAPTER 1. COMPETITION AMONG DIGITAL SERVICES

1.1. Introduction

Assessing competition among digital services poses a unique set of challenges. They are
often based on multi‐sided markets, exhibit network externalities, and are typically free
to consumers, making standard tools of competition analysis difficult to apply. Market
delineation, in particular, requires evidence on substitution patterns that is hard to ob‐
tain in the absence of observable prices. Yet such evidence is central to cases like the
FTC’s ongoing antitrust suit against Meta, which hinges on whether competing services
discipline Meta’s market behavior (US District Court for the District of Columbia 2025).

In this paper, we exploit a natural experiment that provides evidence on these substi‐
tution patterns. On October 4, 2021, all services provided by Meta Platforms, Inc. (then
Facebook, Inc.)—including Facebook, Instagram, andWhatsApp—unexpectedly went of‐
flineworldwide for approximately six hours.Meta’s services span social networking,mes‐
saging, and content sharing, such that the outage forced users to seek alternatives across
multiple use cases simultaneously. Since the outage displaced entire user populations
rather than selected individuals, it allows us to observe substitution behavior under the
presence of network effects. We ask three questions. Where do users redirect their time
when a major group of digital services becomes unavailable? How do substitution pat‐
terns vary across users and across country‐specific platform ecosystems? And can a brief
but complete disruption durably alter usage behavior? Answers speak directly to market
delineation and to the measurement of diversion between digital services, both central
to competition analysis in the sector.

Three findings emerge. Non‐Meta social media and messaging services absorb the
largest share of reallocated usage time, but substitution also crosses conventional cat‐
egory boundaries, and a substantial share of displaced time leaves the device entirely.
The aggregate rates are driven almost entirely by users already familiar with alternatives.
Multi‐homers substitute at rates an order of magnitude larger than single‐homers, who
barely reallocate despite being fully displaced, and patterns vary further by age, coun‐
try, and which Meta service users relied on most. Persistent reallocation is concentrated
among users with the heaviest pre‐outage Meta engagement, whose reductions in Meta’s
usage share grow monotonically over the four post‐outage weeks.

Digital services compete in a “market for attention”, where consumers allocate time
rather thanmoney (Calvano and Polo 2021). Usage time is the economically relevant unit
of exchange, since it is positively related to advertisement exposure and captures how
consumers value these services (Goolsbee and Klenow 2006). We quantify substitution
through “effective rates of substitution”, which measure the reallocation of usage time
from one service to another: a 10‐minute increase in YouTube usage associated with a 20‐
minute decrease in Meta usage implies a rate of 0.5. This is a continuous‐time analog of

8
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the diversion ratio, the central statistic in analyses of competition among differentiated
products (Conlon and Mortimer 2021).

Our analysis draws on high‐frequency tracking data collected by online panel
providers in the US and Spain. Panelists install software on their devices that passively
records every app session and URL request, yielding a full picture of digital service
usage. We aggregate these records into fixed time intervals aligned with the outage and
assign individual services to functional categories such as social media, messaging, or
streaming. To rule out sample attrition as a driver of our results, we restrict to a balanced
panel of regular device users who were active Meta users before the outage.

Our main identification strategy treats the outage as an instrumental variable (IV)
for Meta usage and estimates substitution rates to other services from the individual‐
level panel. The resulting coefficients are local average treatment effects (LATEs) that
capture substitution conditional on every other user in the social graph being simulta‐
neously displaced, the network‐active counterpart to individual‐deactivation estimates.
To test whether during‐outage patterns persist, we complement the IV analysis with a
treatment‐intensity difference‐in‐differences (DiD) design. We partition users into ter‐
ciles of pre‐outageMeta usage intensity and compare the post‐outage trajectory of heavy
users relative to light users. All analyses run separately for the US and Spain, whose plat‐
form ecosystems differ markedly.

We find that non‐Meta social media and messaging services are the strongest substi‐
tutes forMeta’s services in both countries. TikTok, Snapchat, and Twitter drive social me‐
dia substitution in theUS; in Spain, Twitter andTelegramare themain substitutes. Substi‐
tution also crosses conventional category boundaries, with streaming services, voice and
video calls, and news registering significant effects in at least one country. A substantial
share of displaced usage leaves the device entirely, particularly in the US, where total de‐
vice usage falls by more than the reduction in Meta usage alone. Hence, Meta appears to
serve as a gateway to broader device engagement. Within the outage, substitution rates
increase from the first to the second half, indicating user inertia that ismore pronounced
in the US.

The aggregate ratesmask heterogeneity along several dimensions.Multi‐homers sub‐
stitute at rates an order ofmagnitude larger thanMeta single‐homers, forwhomadoption
of a new service during the outage is limited. Younger users drive social media substitu‐
tion in both countries, though the services differ: TikTok and Snapchat in the US, Twitter
in Spain. The composition of within‐Meta usage also matters. WhatsApp‐predominant
users substitute most strongly toward messaging and voice calls, while Facebook‐ and
Instagram‐predominant users show off‐device effects.

Over the four weeks following the outage, heavyMeta users show larger reductions in
Meta’s usage share relative to light users, and the differential grows monotonically from
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week one through week four, indicating consistent reallocation rather than reversion. In
the US, the reallocation is absorbed primarily by TikTok and Snapchat, the same services
that exhibited the strongest during‐outage substitution.

We contribute to a growing literature on the value of digital services and substitution
among them. Prior work has estimated consumer valuations through stated‐preference
methods (Brynjolfsson, Collis and Eggers 2019; Coyle and Nguyen 2020) and through re‐
vealed preferences from experiments that pay or incentivize selected individuals to re‐
duce usage (Allcott et al. 2020; Mosquera et al. 2020; Allcott, Gentzkow and Song 2022;
Collis andEggers 2022; Allcott et al. 2024). Dertwinkel‐Kalt, Eulenberg andWey (2024) use
surveymethods to elicit substitutionpatterns directly. Aridor (2025) is closest to ourwork,
estimating substitution rates across service categories using tracking data. A limitation
common to individual‐level designs is that subjects’ social networks remain active on the
platform, so observed responses cannot reflect the network dimension of substitution.
Bursztyn et al. (2025a,b) address this by eliciting valuations under collective variation,
showing that willingness to forgo a platform depends substantially on whether peers
do the same. Relative to this literature, our design provides a fully revealed‐preference
analysis covering the entire ecosystem of digital services, captures substitution under
collective displacement, and draws on broad demographic panels rather than the stu‐
dent populations studied in deactivation experiments. Conceptually, our effective sub‐
stitution rates are continuous‐time analogs of the diversion ratios used in competition
analysis (Conlon and Mortimer 2013, 2021).

We further contribute to the literature using platform disruptions to study effects
on news consumption (Sismeiro and Mahmood 2018) or user migration (Madio et al.
2025; Agarwal, Ananthakrishnan and Tucker 2026). Our persistence results connect to
evidence that habitual behavior shapes digital service usage (Allcott, Gentzkow and Song
2022; Allcott et al. 2025) and to Larcom, Rauch andWillems (2017), who show that forced
disruptions of habit can produce lasting reallocation through information revelation.

External validity depends on how informative short‐term substitution rates are about
longer‐term substitutability. Users likely anticipated that Meta’s services would be re‐
stored, reducing incentives to incur switching costs. The temporal dynamics within the
outage and our persistence results partially address this concern. Our analysis focuses
on the user side of themarket. Donati and Fong (2025) provide complementary evidence
on the advertiser side using a TikTok outage.

We proceed as follows. Section 1.2 describes the outage and the tracking data. Sec‐
tion 1.3 outlines the identification strategy. Section 1.4 presents the aggregate substitu‐
tion rates and their dynamics within the outage, Section 1.5 examines heterogeneity, Sec‐
tion 1.6 tests persistence of user responses, Section 1.7 discusses external validity, and
Section 1.8 concludes.
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1.2. Background and Data

1.2.1. Meta’s Outage as a Natural Experiment

On Monday, October 4, 2021, the services of Meta Platforms, Inc (then Facebook, Inc.)
became unavailable worldwide at 15:40 Coordinated Universal Time (UTC) for a period
of around six hours. The outage directly affected the company’s social media platforms
Facebook (includingMessenger) and Instagram, itsmessaging serviceWhatsApp, and its
other services such as Mapillary and Oculus.

According to Meta, the cause of the outage was a faulty command sent during a regu‐
lar maintenance operation.1 The command inadvertently disconnected all of Meta’s data
centers, causing Meta’s Domain Name System (DNS) servers to disable Border Gateway
Protocol (BGP) advertisements. Since DNS servers are responsible for translating human‐
readable web addresses into the IP addresses that browsers and apps need to establish
connections, their unavailability rendered all of Meta’s services inaccessible worldwide.
In essence, Meta’s servers stopped announcing their location to the rest of the internet.
The length of the outage was due in part to the time it took to locate the problem, but also
due to the fact that Meta’s engineers were unable to access the data centers.

The exact end of the outage is less clear. According to Cloudflare, the DNS name face-
book.com became resolvable again around 21:20 UTC, about 5 hours and 40 minutes af‐
ter the outage began.2 This means that translation to IP addresses was working again
and users were being directed to the correct servers. However, Meta reported that it had
to bring data centers back online gradually to avoid traffic surges and sudden spikes in
power consumption.1 Services were generally available to users at approximately 22:45
UTC, roughly 7 hours after the outage began.

The outage is visible in aggregated usage data. Figure 1.1 plots total device usage,Meta
usage, and non‐Meta usage in our balanced panel around the outage (red), against the
same hours and days of the preceding four weeks (grey). All time series exhibit strong
hour‐of‐day patterns, reflecting users’ daily routines. Meta usage drops sharply at the
onset of the outage, though not to zero, as the data records repeated access attempts. Si‐
multaneously, Non‐Meta usage rises above typical levels, suggesting substitution toward
alternative services. In the US, total device usage also falls markedly at onset before re‐
covering while the outage is still ongoing. Usage returns to normal after the outage ends
in both countries.

The timing of the outage relative to daily routines differs across the two countries.
Table A1 shows the local timelines of the outage from its onset to the re‐availability of

1 Meta Platforms, Inc. 2021. More details about the October 4 outage. October 5. https://engineering.
fb.com/2021/10/05/networking-traffic/outage-details/. Last accessed: April 17, 2026.

2Cloudflare, Inc. 2021. Understanding how Facebook disappeared from the Internet. October 4. https:
//blog.cloudflare.com/october-2021-facebook-outage/. Last accessed: April 17, 2026.
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FıGURE 1.1. Time series of aggregated usage times around the time of the outage
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Notes: The figure shows the aggregate usage time among all individuals in the balanced panel at hourly frequency from
October 3, 2021 to October 6, 2021 (UTC). The blue area indicates the six‐hour period of the outage starting at 15:40 UTC
on October 4, 2021. The red line shows usage during the week of the outage, the grey dotted lines show usage during the
same time of the day and days of the week during the four weeks prior to the outage.

the services. In the US, the outage spanned the morning and afternoon (11:40–18:45 EDT,
08:40–15:45 PDT), while in Spain it lasted from the late afternoon into the late evening
(17:40–00:45 CEST). As Figure 1.1 shows, the onset of the outage coincided with the daily
peak of device usage in Spain, whereas in the US it occurred before the peak.

1.2.2. Processing of Tracking Data

We use detailed, high‐frequency app and browser usage data of individuals based in the
US and Spain to capture user responses to the outage. The data are obtained by online
panel providers Luth Research for the US and Netquest for Spain. Panelists in this set‐
ting are paid by the companies to have an app installed on their devices that passively
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records their app and browser usage in addition to taking part in online surveys on dif‐
ferent topics. Both providers are fully CCPA and GDPR compliant and the data are fully
anonymized.

The tracking data are structured as follows. In the app data, every instance of an app
being in the foreground is recorded with a timestamp and a duration, both measured to
the millisecond. Activity within the app is not recorded. In the browser data, each URL
request in the active browser tab is recorded with a timestamp and duration, provided
that the browser is the active window on the screen. If a user visits multiple URLs of the
same website, these requests are recorded separately. The entire data covers the period
from July 4, 2021 to November 4, 2021. It is an unbalanced panel with late entries and
early exits of panelists.We create a balanced panel of regular device users that register at
least fiveminutes of device usage on 90% of the days during the four weeks beforeMeta’s
outage on October 4, 2021 and the four weeks after the outage. Additionally, we filter out
individuals who did not use any Meta service in the four weeks prior to the outage, and
are therefore not directly affected by the outage. Our main balanced panel consists of
11,864 individuals for the US and 2,420 for Spain.

Panelistsmight be tracked on their smartphones, tablets or desktop computers. Some
panelists are tracked on multiple devices. The panel consists of 61.7% (45.2%) smart‐
phones, 32.0% (44.9%) desktop computers and 6.3% (9.8%) tablets for the US (Spain). The
sample covers mostly Android (59.6% US, 52.6% Spain) and Windows (32.0% US, 42.5%
Spain) devices. Apple’s iOS makes up only a small fraction of devices (8.4% US, 2.8%
Spain). This is in part due to Apple’s release of iOS 15 in September 2021, which added
privacy protections for users, leading to temporary difficulties in tracking iOS devices.3

To keep results tractable, we focus on the most relevant digital services in each coun‐
try. Since users can access digital services through both apps and web browsers, and
these access modes are recorded separately in the data, identifying a service requires
matching potentially different app names and web addresses to the same underlying ser‐
vice. For web addresses, we use subdomain‐domain tuples to distinguish between ser‐
vices of the same provider, for example, between Gmail (mail.google.com) and Google
Maps (maps.google.com). We rank all app names and subdomain‐domain tuples by total
usage time and manually assign those exceeding a relevance threshold of 0.25% of total
app or browser usage to their corresponding service. This yields the 55 (44)most used app
names and the 35 (34) most used subdomain‐domain tuples for the US (Spain), covering
65 services for the US and 52 for Spain. To structure the analysis, we assign each service
to a category based on its primary functionality, distinguishing, for instance, between
social media, messaging, streaming, and other communication services. Services below

3”iOS 15 is available today”. Apple. 2021, September 20. https://www.apple.com/newsroom/2021/09/ios-
15-is-available-today/. Last accessed: April 17, 2026.
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the threshold are grouped in an “unassigned” category. All assigned services and their
mapping to a category are provided in Section 1.B.2.

Table A4 presents the services with the largest shares of total app and browser traf‐
fic in the US and Spain. Both rankings are dominated by globally familiar platforms—
Facebook, YouTube, Gmail, Netflix—confirming that the panel captures mainstream dig‐
ital behavior.4 The two countries diverge in their messaging and media ecosystems. US
panelists rely on carrier‐default Android messaging (Google Messages, Samsung Mes‐
sages), whereas Spain’smost‐used non‐Metamessenger is Telegram. The Spanish stream‐
ing landscape combines global platforms with domestic services (e.g., Movistar Plus,
RTVE), and its news category features national outlets (Marca, AS, El País) rather thanUS
aggregators (NewsBreak, ESPN). Socialmedia differsmore structurally: Snapchat, Reddit,
and Discord clear the 0.25% usage threshold in the US but not in Spain. These composi‐
tional differences shape the substitution patterns we estimate below.

To construct a panel for estimation, we aggregate each individual’s usage time per
service or category within fixed time intervals. The intervals are aligned with the start of
the outage at 15:40 UTC. Our primary specification uses 6‐hour intervals, chosen so that
exactly one interval spans the core period of full unavailability during which Meta’s DNS
servers were entirely offline. Only this core period is treated as the outage period in our
analysis.Where the analysis requires finer or coarser temporal resolution, we use 3‐hour
and 24‐hour intervals with the same alignment.

1.2.3. Summary Statistics of Panelists

Table 1.1 presents summary statistics for the balanced sample alongside population
benchmarks.We observe self‐reported gender and age for both countries, and education
and income for the US. Both samples show deviations common to online panels. Women
are overrepresented by about 12 percentage point (pp) in the US, and individuals aged
65 and over are underrepresented in both samples by 10–14 pp. These skews plausibly
move the samples closer to Meta’s user base, since social media adoption is higher
among younger adults and women (Pew Research Center 2021), though we cannot verify
this directly as Meta does not publish country‐level demographic breakdowns.5

4The ranking also reflects features of online tracking panels. System utilities such as clock apps and
manufacturer app launchers appear among the top services due to passive foreground tracking, and online
earning services such as Current Cash Rewards and Swagbucks are present because panelists are recruited
through market research platforms. We retain these services in the data but do not interpret substitution
toward them.

5Table A5 reports the full education and income distributions for the US sample. Individuals with a bach‐
elor’s degree or higher are underrepresented (24.4% vs. 32.4%) and lower‐income households are overrep‐
resented (32.5% below $25,000 vs. 17.4%), consistent with typical patterns in online panels. Education and
income are not available for the Spanish sample.
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TABLE 1.1. Summary statistics of balanced panel

US Spain

Sample Population Sample Population

Individuals 11,864 – 2,420 –
Observations (6‐h periods) 1,672,824 – 341,220 –
Observations (3‐h periods) 3,345,648 – 682,440 –

Gender (in %)
Female 62.3 50.8 48.0 51.0
Male 37.6 49.2 52.0 49.0
Other 0.1 – – –

Age (in %)
18 to 34 years 35.0 29.6 21.1 22.0
35 to 49 years 35.8 24.3 36.3 27.8
50 to 64 years 21.2 24.5 32.3 26.1
65 years and over 8.0 21.7 10.3 24.1

Avg. daily device usage (in hours)
Mean 7.4 – 4.1 –
Standard deviation 6.9 – 2.4 –
Median 5.7 – 3.6 –

Avg. share of Meta services (in %)
Meta 17.6 – 25.2 –
Facebook 14.0 – 9.6 –
Instagram 3.1 – 5.0 –
WhatsApp 0.5 – 10.6 –

Notes: This table presents summary statistics for the balanced panel. Population statistics are from the US Census Bu‐
reau’s American Community Survey and Spain’s Instituto Nacional de Estadística for 2021. The daily device usage time
and the market shares are calculated using data from four weeks before the outage.

The middle panel reports average daily device usage in the four weeks preceding the
outage. TheUS distribution is right‐skewedwith a long tail of heavy users (mean 7.4 hours,
median 5.7), while Spanish usage is both lower and more compressed (mean 4.1, median
3.6). The US mean aligns with the roughly 7 hours of daily internet usage reported by
Kemp (2022), whose estimates drawon online populations andmay double‐count concur‐
rent activities as our tracking data do. Spanish usage falls below the cross‐country bench‐
mark of about 6 hours from the same source but exceeds the 3 hours 25minutes reported
by AIMC (2022), whose general‐population survey avoids double‐counting. The younger
composition of our samples likely inflates usage relative to the general population. De‐
spite this, some under‐coverage of total device usage in Spain through non‐tracked de‐
vices cannot be ruled out.

The lower panel shows that Meta accounts for a larger share of device usage in Spain
(25.2%) than in the US (17.6%), driven almost entirely by WhatsApp’s dominance as the
Spanishmessaging platform. Facebook’s share is correspondingly larger in the US, while
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Instagramplays amodest role in both countries. The outage therefore disrupted different
activitymixes in each country: primarily social networking in the US, and a combination
of messaging and social networking in Spain.

1.3. Identification Strategy

1.3.1. The Outage as a Source of Variation

The outage provides a source of quasi‐experimental variation in the availability of Meta’s
services. As Figure 1.1 shows, the drop in Meta usage was sudden and sharp, consistent
with an unanticipated event. Since the outage originated from a faulty command during
routine server maintenance with no connection to the user side, we can rule out antic‐
ipatory user responses. While service disruptions are not unheard of for major online
platforms—Meta itself experienced global outages in 2008 and 2019—they are sufficiently
rare and unpredictable in their timing that users could not have prepared for this specific
event.6

Two features of the outage make it informative for studying competition among digi‐
tal services. First, an entire group of services went offline simultaneously. Facebook, In‐
stagram, and WhatsApp serve distinct but overlapping purposes such as social network‐
ing, photo and video sharing, or messaging. Hence, users had to find alternatives across
multiple use cases at once rather than falling back on other Meta services. Second, be‐
cause the outagewas global, it displaced entire social graphs rather than individual users.
Thismatters becauseMeta’s services exhibit strong network effects. The value of an alter‐
native depends on whether others are also reachable there. Individual‐level deactivation
experiments leave the platform’s social graph intact and therefore cannot capture this
margin, as Bursztyn et al. (2025b) emphasize. The outage thus allows us to observe sub‐
stitution under conditions in which users must collectively reallocate. Only the relatively
short duration of the outage limits the extent to which these network effects can fully
manifest, an issue we discuss further in Section 1.7.

1.3.2. Market and Estimand of Interest

We are interested in the market for digital services to consumers. Most of these services
are free to them. Consumers “pay” by providing eyeballs for advertising (Calvano and
Polo 2021). Usage time is themost economically relevant unit of exchange in this market,
since it is positively related to the potential to present advertisements and, more broadly,

6The 2019 outage, for instance, lasted around one hour, making the 2021 event unprecedented in both
duration and scope, see Subin, Samantha. 2021. Facebook is back online after suffering its worst outage
since 2008.CNBC, October 4. https://www.cnbc.com/2021/10/04/facebook-instagram-and-whatsapp-are-
down.html. Last accessed: April 17, 2026.
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captures how consumers value these services (Goolsbee and Klenow 2006). Meta is a par‐
ticularly large player in this “market for attention”.7

We aim at identifying “effective rates of substitution” between Meta’s services and
other digital services, quantified by changes in usage time. For example, a 10‐minute in‐
crease in YouTube’s usage time associatedwith a 20‐minute decrease inMeta’s usage time
implies an effective substitution rate of 0.5. Our measure is a continuous‐time analog of
the diversion ratio, the central statistic in the analysis of competition among differen‐
tiated products (Conlon and Mortimer 2021). The standard diversion ratio D jk captures
the fraction of consumers leaving product j who switch to product k; our effective sub‐
stitution rate captures the same relationship expressed in usage time. In the treatment‐
effects framework of Conlon andMortimer (2021), different interventions identify differ‐
ent weighted averages of individual‐level diversion ratios. The Meta outage maps onto
their product‐removal case, in which all consumers of product j are displaced simultane‐
ously. The resulting estimates correspond to what Conlon and Mortimer (2021) term the
average treatment effect on the untreated (ATUT), i.e., the average substitution pattern
across the full population of Meta users, weighted by their initial usage intensity, rather
than among marginal users responding to a small price or quality change.

Two features of our setting depart from this standard framework. First, the outage
removed an entire group of services rather than a single product, so the estimates reflect
substitution away from theMeta ecosystem as a whole and absorb any within‐ecosystem
complementarities. Second, the collective displacement means substitution takes place
under active network effects, whereas the standard diversion‐ratio framework assumes
individually determined substitution rankings. Our continuous‐time measure is natural
in attention markets but limits direct comparability with diversion ratios obtained from
structural demand systems.

1.3.3. Empirical Specification

We estimate effective substitution rates by exploiting variation in Meta’s service avail‐
ability induced by the outage. Because all Meta users were displaced simultaneously, no
contemporaneous control group is available, and we construct the counterfactual from
within‐individual variation over time. Using data from the four weeks before and one
week after the outage as the baseline, we treat the outage as an instrumental variable (IV)
for Meta usage in a panel observed at 6‐hour frequency. All specifications are estimated
by two‐stage least squares.

7Binarizing usage time data to choice data in order to apply the commonly used discrete‐choice toolchain
would lose valuable information on usage intensities, which we can address by working with usage time
directly.
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The levels specification takes the form:

Uit = α0 + α1M̂it + htdt + pi + µit

Mit = γ0 + γ11outage + htdt + pi + νit
(1.1)

where Uit is the usage time for a given service or category by individual i at time t, Mit is
Meta usage time, pi is an individual fixed effect, and ht and dt indicate time of day and day
of week.8 The instrument 1outage equals one during the outage and zero otherwise. The
coefficient α1 captures the effective substitution rate directly. It identifies a local average
treatment effect (LATE) conditional on all users in a given social graph simultaneously
losing access to Meta. A negative α1 implies substitution, i.e., an increase in the usage
time during the disruption of Meta’s services. Reflecting our primary focus on substitu‐
tion, we refer to α1 as the “substitution rate”, and explicitly distinguish cases where a
positive coefficient α1 reflects a complementarity.

All regressions are estimated separately by country. For heterogeneity analysis along
demographic characteristics, pre‐outage behavior, orwithin‐Meta service usage patterns,
we use group dummies:

Uit = α0 + α1M̂it + α2ŜiMit + Sihtdt + pi + µit

Mit = γ0 + γ11outage + γ2Si1outage + Sihtdt + pi + νM
it

SiMit = δ0 + δ11outage + δ2Si1outage + Sihtdt + pi + νSM
it ,

(1.2)

where Si is the binary grouping variable. The two endogenous regressors Mit and SiMit
are instrumented with 1outage and Si1outage, respectively. α1 is the substitution rate for
the Si = 0 group, and α2 captures the differential for Si = 1. We interact Si with the time
controls to allow for group‐specific time patterns.

As a second specification, we estimate substitution in terms of shares of the digital
market for attention, i.e., the share of a service or category in an individual’s total device
usage time. The shares specification takes the form:

Uit
Dit

= α0 + α1
M̂it
Dit

+ htdt + pi + µit

Mit
Dit

= γ0 + γ11outage + htdt + pi + νit,
(1.3)

where Dit is total device usage. The coefficient α1 now identifies how attention market
shares are reallocated when Meta is removed from the choice set, which is the object of
interest for a competition‐policy reading. This specification abstracts from device‐level

8For the US, we additionally include an indicator for the individual’s timezone and interact it with the
time indicator variables to account for differences in daily andweekly usage patterns across timezoneswhen
using standardized UTC time.
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engagement trends but relies on a hierarchical decision structure in which users first
choose to engage with a device and then allocate attention across services. Because noti‐
fications and service‐initiated prompts often drive device usage directly, this assumption
is imperfect, and we report both specifications throughout.

To relax linearity, we also estimate a Poisson pseudo‐maximum likelihood (PPML)
specification with a control function approach (Wooldridge 2014, 2015).9 This specifica‐
tion accommodates zeros, is unit‐invariant, and directly models the multiplicative struc‐
ture of usage data. The coefficient on Meta usage is a semi‐elasticity, which we convert
to an elasticity bymultiplying by averageMeta usage during the corresponding period in
previous weeks. Details and assumptions are in Section 1.B.3, results are reported along‐
side the linear estimates.

The IV strategy rests on two identifying assumptions. Relevance holds by construc‐
tion. Meta’s services were inaccessible for around six hours, and the first stage is strong.
The exclusion restriction requires that the outage affects non‐Meta usage only through
Meta usage. The outage, a global technical failure in the backend, was exogenous, so the
assumption is generally unproblematic. However, one narrow violation remains. Meta
provides authentication to third‐party platforms, which was also affected by the outage.
Users relying on Facebook login were temporarily unable to access services such as Spo‐
tify or (at the time) Netflix. Through this channel, our estimates of substitution toward
affected platforms are biased toward zero.

In all specifications, the identification strategymakes standard assumptions common
for IV methods regarding functional forms in the first and second stage, and error term
distributions. We adopt the sampling‐based framework of Abadie et al. (2020), treating
our sample as drawn fromapopulation andquantifyinguncertainty about generalization.
Standard errors are clustered two‐way at the individual and time‐interval levels.

1.4. User Responses During the Outage

1.4.1. Aggregate Substitution Rates

We begin by establishing the overall magnitude of the disruption to users’ digital time
budgets. As shown in Figure 1.1, total device usage dropped visibly during the outage, par‐
ticularly in theUS. A reduced‐form regression of total device usage on anoutage indicator
yields an average reduction of 19.1 minutes (95% CI: 14.5, 23.8) in the US and 6.3 minutes
(95% CI: 4.8, 7.8) in Spain during the six hours of the outage.10 Relative to the baseline

9A common alternative is the inverse hyperbolic sine (asinh) transformation. However, Chen and Roth
(2023) show that asinh estimates lack a coherent economic interpretation in the presence of many zeros,
which are prevalent in our data (e.g., during night‐time periods).

10The exact specification is: Dit = β0 + β11outage + htdt + pi + µit with device usage time Dit, controls for
time‐of‐day (ht), day‐of‐week(dt), and individual fixed (pi) effects. The β1 coefficient is reported.
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usage during the same 6‐hour interval in the four weeks prior to the outage, these reduc‐
tions correspond to 13.3% in the US and 7.0% in Spain. This indicates that a substantial
share of the time freed fromMeta’s services was not reallocated to other digital services
at all.

Table 1.2 reports the estimated substitution rates from the levels specification (Equa‐
tion (1.1)) and the shares specification (Equation (1.3)), alongside a Poisson specification
that relaxes the linearity assumption and which we treat as a functional‐form robustness
check (Section 1.B.3).

TABLE 1.2. Aggregate substitution rates

Levels Shares Elasticities

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

Device 1.315*** 0.369*** — — 0.171*** 0.012
(0.175) (0.052) (—) (—) (0.014) (0.019)

Assigned (agg.) ‐0.073 ‐0.425*** ‐0.760*** ‐0.673*** ‐0.029* ‐0.276***
(0.092) (0.028) (0.060) (0.004) (0.017) (0.034)

Unassigned (agg.) 0.387*** ‐0.204*** ‐0.251*** ‐0.390*** 0.146*** ‐0.150***
(0.090) (0.041) (0.031) (0.020) (0.023) (0.034)

Social media ‐0.070*** ‐0.111*** ‐0.160*** ‐0.150*** ‐0.167*** ‐0.521***
(0.019) (0.008) (0.014) (0.004) (0.037) (0.078)

Messaging ‐0.059*** ‐0.116*** ‐0.155*** ‐0.115*** ‐0.266*** ‐1.696***
(0.013) (0.005) (0.018) (0.004) (0.034) (0.118)

Streaming 0.039*** ‐0.047** ‐0.119*** ‐0.068*** 0.053* ‐0.111*
(0.015) (0.023) (0.012) (0.007) (0.030) (0.056)

Entertainment 0.011* ‐0.012 0.005 ‐0.032*** 0.163 ‐0.107
(0.006) (0.011) (0.004) (0.006) (0.116) (0.134)

Voice or video calls ‐0.015 ‐0.035*** ‐0.054*** ‐0.057*** ‐0.141*** ‐0.526***
(0.011) (0.005) (0.018) (0.004) (0.049) (0.126)

Email ‐0.010 ‐0.048*** ‐0.116*** ‐0.078*** ‐0.050 ‐0.312***
(0.054) (0.012) (0.027) (0.008) (0.031) (0.074)

News 0.004 ‐0.012*** ‐0.004 ‐0.018*** 0.082 ‐0.239**
(0.003) (0.003) (0.003) (0.004) (0.108) (0.104)

Other 0.027 ‐0.040*** ‐0.157*** ‐0.155*** 0.031 ‐0.111***
(0.028) (0.012) (0.004) (0.007) (0.031) (0.048)

Notes: This table reports the estimated α̂1 coefficients, i.e. the substitution rates, for different specifications. The first
two columns show results for the levels specification (Equation (1.1)), columns 3 and 4 show results for the shares spec‐
ification (Equation (1.3)), and the last two columns show results for the Poisson specification (Section 1.B.3). Clustered
standard errors are in parentheses. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%. The esti‐
mates for the service‐level can be found in Table A8 and Table A9.

The first row in Table 1.2 quantifies off‐device substitution. A positive coefficient on
total device usage indicates that some of the time freed from Meta leaves the device en‐
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tirely rather than reallocating to other services. In the levels specification, a one‐minute
decrease in Meta usage corresponds to a 1.315‐minute decrease in total device usage in
the US and a 0.369‐minute decrease in Spain. In the attention‐market framework, the
off‐device margin represents the outside option that disciplines within‐market competi‐
tion, and the US estimate indicates a substantially more responsive outside option than
in Spain. The US coefficient exceeding one implies that more device time is lost than
Meta time itself, which mechanical reallocation cannot generate. This is consistent with
Meta acting as a gateway to broader device engagement through two channels. Social‐
media and messaging notifications draw users onto the device in the first place, and au‐
thentication services allow access to third‐party applications conditional on being online.
WhenMeta’s services are unavailable, part of the surrounding device activity these chan‐
nels would have generated does not occur. The Poisson elasticity in column (5) corrobo‐
rates the US pattern, implying that a ten‐percent decrease in Meta usage corresponds to
a 1.71% decrease in total device usage. The Spanish Poisson elasticity is indistinguishable
from zero, as the small absolute off‐device effect registers as a negligible proportional
response.

Columns (1) and (2) report category‐level substitution in levels. The coefficients are
read as minute‐for‐minute reallocation rates. The US social‐media coefficient of −0.070,
for example, means that a one‐minute reduction in Meta usage corresponds to a 0.070‐
minute increase in non‐Meta social‐media usage. Socialmedia andmessaging absorb the
largest effects in both countries, with Spanish magnitudes roughly twice the US magni‐
tudes in both categories. Service‐level results in Tables A8 and A9 attribute the US social‐
media response to TikTok, Snapchat, and Twitter, and the Spanish response to Twitter
and TikTok.Messaging substitution runs through the default Androidmessaging applica‐
tions Google Messages and Samsung Messages in the US and through Telegram in Spain,
consistent with its role as the principal non‐WhatsApp messenger there.11

Cross‐category patterns diverge across countries. Streaming shows complementarity
in the US (0.039) but substitution in Spain (−0.047). Tables A8 and A9 attribute the US
complementarity entirely to YouTube (0.059), while classical streaming services such as
Netflix and Amazon Prime Video act as substitutes for Meta in both countries. YouTube
thus behaves as a complement rather than a substitute for Meta’s services in the US, plac‐
ing it closer to the social‐media cluster than to traditional video‐on‐demand streaming
in the US attention ecosystem. Voice and video calls, email, and news services substitute
for Meta significantly in Spain but not in the US, reflecting the broader role of Meta’s
services, particularly WhatsApp, in everyday Spanish communication.

The shares specification in columns (3) and (4) expresses usage as a fraction of to‐
tal device time. Coefficients are read as percentage‐point reallocations of attention mar‐

11The messaging category in Spain consists only of Telegram, as shown in Table A3. No other dedicated
messenger services met the threshold to be assigned.
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ket share. The US social‐media coefficient of −0.160, for example, means that a one‐
percentage‐point reduction in Meta’s share corresponds to a 0.160‐percentage‐point in‐
crease in non‐Meta socialmedia’s share. Because total device usage fell during the outage,
the denominatorDit shrinksmechanically, inflating the share of any service whose abso‐
lute usage did not decline proportionally. The shares specification therefore captures rel‐
ative reallocation of remaining device time rather than absolute substitution. The shares
of assigned and unassigned non‐Meta services sum to approximately one in both coun‐
tries, confirming that the reallocation of Meta’s share is fully accounted for within the
panel. Of this total, assigned services absorb roughly 75% in the US and 63% in Spain.
Social media andmessaging again capture the largest share gains in both countries, with
coefficients on the order of 0.15 pp per 1 pp reduction in Meta’s share. Divergences be‐
tween levels and shares arise when a category’s absolute usage declined but less steeply
than overall device usage, as with US streaming, which shows complementarity in levels
(0.039) but substitution in shares (−0.119).

ThePoisson specification in columns (5) and (6) confirms thequalitativepatternof the
levels results andexpresses substitution as elasticities. Themessaging (−1.696) and social‐
media (−0.521) elasticities in Spain are large in magnitude, reflecting low baseline usage
of these services.12 USmessaging elasticities (−0.266) exceed US social‐media elasticities
(−0.167) despite the reverse ordering in absolute terms, indicating a larger proportional
messaging response.

These results are robust to an alternative identification strategy based on strictly out‐
of‐sample time series predictions with conformal prediction intervals, which avoids any
potential leakage of post‐outage information into counterfactual usage predictions. The
alternative approach, reported in Section 1.B.4, closely aligns with the main findings in
both countries.

1.4.2. DynamicsWithin the Outage

The time series in Figure 1.1 suggest that user responses evolved over the course of the
outage. To test for temporal heterogeneity, we estimate IV regressions following Equa‐
tion (1.2) but split the outage temporally rather than cross‐sectionally, dividing it into two
3‐hour halves.13 The coefficient α1 captures the substitution rate in the first half and α2

the differential in the second half. Table 1.3 reports category‐level results; service‐level
results are in Tables A10 and A11.

12The proportional response on the intake side was large enough to strain infrastructure at some recip‐
ient services. Twitter, for example, issued a public statement on server issues during the outage. Timsit,
Annabelle and Sofia Diogo Mateus. 2021. ‘Hello literally everyone’: Twitter flooded with users during Face‐
book, Instagram outage. The Washington Post, October 4. https://www.washingtonpost.com/technology/
2021/10/05/twitter-users-facebook-outage-instagram-whatsapp/. Last accessed: April 17, 2026.

13We use data at 3‐hour frequency so that the outage spans exactly two intervals. Unlike in Equation (1.2),
St here indexes the second half of the outage rather than an individual characteristic.
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TABLE 1.3. Substitution rates in the first and second half of the outage

US Spain

1st half
α̂1

∆ 2nd half
α̂2

1st half
α̂1

∆ 2nd half
α̂2

Device 2.054*** (0.186) ‐1.365*** (0.231) 0.333*** (0.059) 0.062 (0.042)
Assigned (agg.) 0.329*** (0.092) ‐0.742*** (0.114) ‐0.431*** (0.035) 0.011 (0.023)
Unassigned (agg.) 0.725*** (0.096) ‐0.623*** (0.108) ‐0.235*** (0.038) 0.051* (0.028)

Social media ‐0.013 (0.015) ‐0.105*** (0.013) ‐0.115*** (0.009) 0.005 (0.010)
Messaging ‐0.048*** (0.012) ‐0.021 (0.015) ‐0.089*** (0.007) ‐0.047*** (0.003)
Streaming 0.099*** (0.013) ‐0.110*** (0.011) ‐0.041* (0.024) ‐0.010 (0.017)
Entertainment 0.014*** (0.005) ‐0.006* (0.003) ‐0.005 (0.013) ‐0.011 (0.007)
Voice or video calls ‐0.020* (0.011) 0.010 (0.015) ‐0.046*** (0.006) 0.019*** (0.003)
Email 0.169*** (0.055) ‐0.331*** (0.074) ‐0.074*** (0.015) 0.044*** (0.011)
News 0.010** (0.004) ‐0.012*** (0.004) ‐0.015*** (0.004) 0.006 (0.004)
Other 0.120*** (0.025) ‐0.172*** (0.013) ‐0.037*** (0.014) ‐0.005 (0.011)

Notes: This table reports the estimated α̂1 and α̂2 coefficients, i.e. the substitution rates for the first half and the differ‐
entials for the second half of the outage from Equation (1.2). Statistical significance levels are denoted as follows: * 90%,
** 95%, *** 99%. The estimates for the service‐level can be found in Table A10 and Table A11.

The two countries follow different trajectories. In the US, on‐device substitution is ab‐
sent in the first half. The total device usage coefficient is α̂1 = 2.054, and the aggregates of
both assigned (α̂1 = 0.329) and unassigned (α̂1 = 0.725) non‐Meta services carry signifi‐
cantly positive coefficients, meaning that non‐Meta on‐device activity declines alongside
Meta rather than absorbing freed time. In the second half, both aggregates shift signif‐
icantly (α̂2 = −1.365 for device usage and α̂2 = −0.742 for assigned non‐Meta), and the
implied second‐half rate for assigned services (α̂1+ α̂2 = −0.413) tests significant against
zero. On‐device substitution emerges inmost categories that were flat or complementary
in the first half, including socialmedia, streaming, and email.Messaging is the exception,
showing significant substitution from the onset (α̂1 = −0.048) with no significant change
thereafter.

Spain shows no comparable evolution. Off‐device substitution is present from the on‐
set (α̂1 = 0.333) and does not change significantly. The aggregate of assigned non‐Meta
services already shows substitution in the first half (α̂1 = −0.431) with no significant
change thereafter, and most individual categories follow this pattern. The exceptions
aremessaging, where substitution intensifies in the second half (α̂2 = −0.047), and voice
and video calls, where it attenuates (α̂2 = 0.019). Spanish users substitute immediately
rather than gradually.

The gradual emergence of US substitution is consistent with several mechanisms.
Usersmayhavewaited forMeta to return and shiftedonly once they concluded thedisrup‐
tion would persist, search and launch costs may have slowed adoption of alternatives, or
habitual pulls towardMetamay have dissolved gradually once the outage became salient.
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Our design cannot distinguish between these channels. The pattern is, however, incon‐
sistent with the alternative that the outage triggered information‐seeking about Meta’s
status rather than functional substitution. Information seeking would predict a spike at
the onset followed by attenuation. The US data show the opposite, with social media and
news substitution emerging only in the second half.

These dynamics bear directly on the aggregate estimates in Section 1.4.1, which aver‐
age responses that evolved over the outage window and likely understate what would be
observed under sustained unavailability. The second‐half estimates, reflecting behavior
after users have committed to substitution, may better approximate that counterfactual.
Whether these responses persist after the outage is taken up in Section 1.6.

1.5. Heterogeneity in Substitution Patterns

1.5.1. Substitution andMulti‐Homing

Aggregate substitution combines two margins with distinct switching costs. Users who
already engage with a non‐Meta service may intensify their usage (intensive margin),
while non‐users must first discover, learn, and establish a social graph on an unfamiliar
platform (extensive margin). To separate them, we estimate Equation (1.2) with a multi‐
homing indicator Si, defined as having recorded nonzero usage of a given service or cate‐
gory in the four weeks preceding the outage.14 The coefficient α1 captures single‐homer
substitution, and α2 the multi‐homer differential.

TABLE 1.4. Substitution rates for single‐ and multi‐homers

US Spain

Single‐homer
α̂1

∆Multi‐homer
α̂2

Single‐homer
α̂1

∆Multi‐homer
α̂2

Social media ‐0.005*** (0.000) ‐0.073*** (0.019) ‐0.001*** (0.000) ‐0.134*** (0.010)
Messaging ‐0.001** (0.000) ‐0.094*** (0.019) ‐0.034*** (0.002) ‐0.183*** (0.013)
Streaming ‐0.012*** (0.003) 0.053*** (0.012) ‐0.009 (0.008) ‐0.038 (0.025)
Entertainment ‐0.000* (0.000) 0.059*** (0.018) ‐0.009*** (0.001) ‐0.012 (0.052)
Voice or video calls ‐0.002*** (0.000) ‐0.019 (0.016) ‐0.000 (0.000) ‐0.051*** (0.006)
Email ‐0.001 (0.002) ‐0.010 (0.055) ‐0.000*** (0.000) ‐0.049*** (0.012)
News ‐0.000*** (0.000) 0.011 (0.012) ‐0.002*** (0.000) ‐0.014*** (0.005)
Other 0.000 (0.003) 0.027 (0.021) ‐0.000 (0.000) ‐0.040*** (0.013)

Notes: This table reports the estimated α̂1 and α̂2 coefficients, i.e. the substitution rates for single‐homers and the differ‐
ential for multi‐homers from Equation (1.2). Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.
The estimates for the service‐level can be found in Table A14 and Table A15.

14Since our sample consists only of Meta users, all individuals record nonzero usage of Meta’s services
(Mit > 0) during this period.
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Table 1.4 reports category‐level results; service‐level results are shown in Tables A14
and A15. Multi‐homers account for most of the substitution documented in Section 1.4.1.
The multi‐homer differential α̂2 is large and significant for social media (−0.073 US,
−0.134 Spain) and messaging (−0.094 US, −0.183 Spain), with service‐level effects
concentrated in TikTok, Snapchat, and Twitter in the US, and Twitter and Telegram in
Spain. The complementarity effects likewise originate with multi‐homers; the positive
US streaming coefficient is driven entirely by YouTube multi‐homers (α̂2 = 0.086), who
reduce YouTube usage when Meta is unavailable.

The YouTube result makes the margin contrast visible. YouTube is the largest single‐
homer substitute (α̂1 = −0.024) in the US, so single‐homers turn to it asMeta usage drops
while multi‐homers cut YouTube alongside Meta. The aggregate complementarity docu‐
mented in Section 1.4.1 therefore masks opposing effects along the two margins. Across
categories, single‐homer rates are small but often statistically significant, indicating lim‐
ited extensive‐margin adoption during the outage. The exception is Spain’s messaging
category (α̂1 = −0.034), driven entirely by Telegram. Multi‐homer rates exceed single‐
homer rates by an order of magnitude in every category where both are precisely esti‐
mated, implying that switching costs are governed primarily by prior familiarity with
alternatives. The competitive constraint that non‐Meta services place on Meta operates
almost exclusively through the intensive margin, among users who have already estab‐
lished a foothold on competing platforms.

1.5.2. Substitution by Age

Beyond multi‐homing status, the user population varies along dimensions relevant for
external validity. Existing experimental work on digital service substitution has relied
predominantly on student samples (Aridor 2025; Bursztynet al. 2025a), anddigital service
adoption andusage intensity vary strongly across age cohorts (PewResearchCenter 2021).
We estimate Equation (1.2) with a binary age split at 35, which separates the youngest
generation from older cohorts while preserving cell sizes in both countries. Individuals
aged 35 and older form the baseline group (Si = 0); α1 captures their substitution rate
and α2 the differential for users aged 18–34.

Off‐device substitution shows only a modest age differential. In the US, younger
users substitute slightly less off‐device than older users, in Spain the differential is
insignificant. On‐device substitution is strongly age‐dependent, most visibly in social
media, where younger users substitute significantlymore in both countries (α̂2 = −0.140
US, −0.093 Spain). Which services carry this differential varies across markets: TikTok,

25



CHAPTER 1. COMPETITION AMONG DIGITAL SERVICES

TABLE 1.5. Substitution rates by age (18–34 vs. 35+)

US Spain

Age ≥ 35
α̂1

∆ Age 18–34
α̂2

Age ≥ 35
α̂1

∆ Age 18–34
α̂2

Device 1.347*** (0.195) ‐0.100* (0.058) 0.362*** (0.055) 0.027 (0.100)
Assigned (agg.) ‐0.068 (0.109) ‐0.014 (0.036) ‐0.418*** (0.038) ‐0.025 (0.073)
Unassigned (agg.) 0.415*** (0.102) ‐0.086* (0.048) ‐0.220*** (0.036) 0.059 (0.061)

Social media ‐0.024** (0.009) ‐0.140*** (0.025) ‐0.087*** (0.014) ‐0.093** (0.046)
Messaging ‐0.059*** (0.014) ‐0.001 (0.003) ‐0.107*** (0.007) ‐0.034*** (0.012)
Streaming 0.042** (0.017) ‐0.009 (0.008) ‐0.053** (0.021) 0.021 (0.046)
Entertainment 0.005 (0.004) 0.020** (0.009) ‐0.012 (0.014) 0.002 (0.017)
Voice or video calls ‐0.016 (0.013) 0.004 (0.005) ‐0.035*** (0.006) 0.002 (0.008)
Email ‐0.021 (0.064) 0.035 (0.032) ‐0.051*** (0.012) 0.009 (0.013)
News 0.005 (0.004) ‐0.003 (0.003) ‐0.015*** (0.005) 0.013** (0.005)
Other ‐0.001 (0.030) 0.085*** (0.024) ‐0.055*** (0.014) 0.056* (0.029)

Notes: This table reports the estimated α̂1 and α̂2 coefficients, i.e. the substitution rates for the baseline group (35+) and
the differential for the younger group (18–34) from Equation (1.2). Statistical significance levels are denoted as follows:
* 90%, ** 95%, *** 99%. The estimates for the service‐level can be found in Table A12 and Table A13.

Snapchat, and Discord in the US, Twitter in Spain.15 The age profile of substitution is
therefore country‐specific. Younger users dominate substitution toward social media,
older users account for a larger share of substitution toward news and communication
services, and the specific destinations shift across markets. Estimating representative
substitution patterns in a digital service market therefore requires samples spanning its
full age distribution.

1.5.3. Substitution by PrimaryMeta Service

The multi‐homing and age dimensions describe who substitutes, now we consider what
Meta service was lost. The substitution rates in Section 1.4.1 treat the outage of Meta as
a single shock, yet Meta’s portfolio spans social networking, visual content sharing, and
messaging. Users whose Meta usage was predominantly messaging‐oriented faced dif‐
ferent substitution needs than those primarily engaged in social networking. We classify
users by their dominant pre‐outage Meta service, where “dominant” means the service
accounting for more than 50% of a user’s Meta usage time, and label users below this
threshold on any single service as “mixed”.We estimate a generalization of Equation (1.2)
inwhich Si is replaced by a categorical variablewith four levels. Predominantly Facebook

15Twitter substitution is age‐invariant in the US, and TikTok substitution is age‐invariant in Spain. Messag‐
ing shows an age gradient only in Spain, driven by Telegram; news shows the opposite gradient in Spain,
with older users substituting more.
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users serve as the baseline; α2, α3, and α4 capture the differentials for predominantly In‐
stagram, predominantly WhatsApp, and mixed users.16

TABLE 1.6. Substitution rates by primary Meta service

Facebook
α̂1

∆ Instagram
α̂2

∆WhatsApp
α̂3

∆Mixed
α̂4

Panel A: United States

Device 1.319*** (0.197) 0.041 (0.271) ‐0.268 (0.465) ‐0.687** (0.331)
Assigned (agg.) ‐0.083 (0.109) 0.161 (0.148) ‐0.533* (0.315) ‐0.470* (0.250)
Unassigned (agg.) 0.402*** (0.093) ‐0.120 (0.150) 0.265 (0.442) ‐0.217* (0.129)

Social media ‐0.066*** (0.017) ‐0.008 (0.067) ‐0.094 (0.091) ‐0.176 (0.112)
Messaging ‐0.062*** (0.013) 0.032*** (0.010) ‐0.072 (0.053) ‐0.069 (0.049)
Streaming 0.047** (0.021) ‐0.026 (0.045) ‐0.200 (0.182) ‐0.046 (0.107)
Entertainment 0.010* (0.006) 0.003 (0.015) ‐0.015 (0.026) 0.035 (0.070)
Voice or video calls ‐0.018 (0.012) 0.026*** (0.009) ‐0.048 (0.044) 0.003 (0.016)
Email ‐0.011 (0.058) 0.035 (0.033) ‐0.190** (0.089) ‐0.068 (0.071)
News 0.005 (0.004) ‐0.015 (0.013) 0.012 (0.010) ‐0.006 (0.005)
Other 0.011 (0.027) 0.116** (0.054) 0.036 (0.123) ‐0.143** (0.058)

N 9,441 2,065 291 67

Panel B: Spain

Device 0.509*** (0.076) ‐0.015 (0.088) ‐0.392*** (0.118) 0.010 (0.181)
Assigned (agg.) ‐0.348*** (0.056) ‐0.081 (0.073) ‐0.191** (0.087) 0.042 (0.108)
Unassigned (agg.) ‐0.137** (0.058) 0.060 (0.076) ‐0.207** (0.090) ‐0.040 (0.101)

Social media ‐0.085*** (0.019) ‐0.055 (0.043) ‐0.033 (0.037) ‐0.042 (0.046)
Messaging ‐0.049*** (0.006) ‐0.033*** (0.012) ‐0.147*** (0.013) ‐0.072*** (0.017)
Streaming ‐0.057 (0.039) ‐0.009 (0.053) 0.002 (0.062) 0.086 (0.082)
Entertainment 0.002 (0.023) ‐0.036 (0.032) ‐0.016 (0.029) ‐0.015 (0.033)
Voice or video calls ‐0.004 (0.007) ‐0.018* (0.010) ‐0.075*** (0.011) ‐0.010 (0.023)
Email ‐0.077*** (0.012) 0.038** (0.018) 0.043 (0.033) 0.053*** (0.016)
News ‐0.017** (0.007) 0.009 (0.010) 0.005 (0.010) 0.012 (0.010)
Other ‐0.064*** (0.020) 0.036 (0.039) 0.042 (0.042) 0.026 (0.044)

N 812 324 1,041 243

Notes: This table reports the estimated α̂1, α̂2, α̂3, and α̂4 coefficients, i.e. the substitution rates for predominantly
Facebook users and the differentials for predominantly Instagram,WhatsApp, andmixed users from Equation (1.2). Sam‐
ple size N is also reported for each user type. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.
The estimates for the service‐level can be found in Table A16 and Table A18.

Table 1.6 reports the results. The distribution of user types differs across countries.
The US panel is dominated by predominantly Facebook users, with a sizable Instagram
group and few WhatsApp or mixed users, reflecting WhatsApp’s limited US adoption.
Spain is more evenly distributed, with predominantly WhatsApp users forming the

16The four‐level categorical split introduces three endogenous interaction terms for predominantly Insta‐
gram (SIiMit), predominantly WhatsApp (SWi Mit), and mixed users (SMi Mit) alongside the base category for
Facebook (Mit). This requires three additional interaction instruments, for which each user‐type indicator
is interacted with the outage indicator.
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largest group. The small US cell sizes for WhatsApp and mixed users limit statistical
power, and we interpret their category‐level estimates with caution.

Much of the cross‐country difference in aggregate communication substitution is
compositional. In Spain, predominantly WhatsApp users substitute strongly toward
messaging (α̂3 = −0.147) and voice and video calls (α̂3 = −0.075), yielding an implied
messaging substitution rate roughly four times the Facebook baseline. The high aggre‐
gate messaging rates for Spain reported in Section 1.4.1 therefore stem from a difference
in user composition rather than a difference in substitution patterns within user types.

Off‐device substitution also varies by user type. Predominantly WhatsApp users in
Spain show a large negative differential (α̂3 = −0.392) that drives the total device usage
coefficient to a level statistically indistinguishable from zero. These users did not shift
activity off‐device. Other user types in Spain exhibit off‐device rates comparable to the
Facebook baseline. In the US, the only significant differential is for mixed users (α̂4 =

−0.687), estimated from a small number of individuals.
Among predominantly Instagram users, the substitution profile for messaging and

voice and video calls reverses sign across countries. The primary‐service classification
captures coarse differences in Meta usage but not the full portfolio each user relied on,
and the destinations available to any user depend on how alternative services are em‐
bedded in the local platform ecosystem. Services with overlapping functionality are not
interchangeable substitutes if one has achieved broad network adoption in a given mar‐
ket and the other has not.

1.6. Long‐Term Effects on Usage Patterns

The substitution rates estimated in Section 1.4 capture user responses during a six‐hour
window. Whether these responses persist beyond the outage is central to their policy
relevance. The during‐outage estimates likely understate longer‐term substitutability if
users had insufficient time to explore alternatives and coordinate with their networks,
and overstate it if the outage triggered only transient curiosity that dissipated once ser‐
vices were restored. The temporal dynamics in Section 1.4.2, where substitution rates
rise from the first to the second half of the outage, motivate a direct test. If that rise re‐
flects genuine usage adjustment rather than a passing response, it should leave a trace
in post‐outage patterns, concentrated among the users who experienced themost severe
displacement.

We therefore ask whether users with the heaviest pre‐outage reliance on Meta ex‐
hibit larger and more persistent post‐outage reallocation toward other services. Several
channels could produce such persistence. Forced experimentation may have lowered
switching costs, the outage may have updated beliefs about Meta’s reliability, and the
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simultaneous displacement of entire social graphs may have resolved coordination fail‐
ures among users whose contacts were already active on competing platforms, a channel
unique to collective disruptions (Bursztyn et al. 2025b). Our design cannot distinguish be‐
tween these mechanisms, but all three predict that persistence should be concentrated
among heavy Meta users.

We use pre‐outage Meta usage intensity as the measure of treatment exposure, ex‐
ploiting cross‐sectional variation in exposure to a common shock (e.g., Autor, Dorn and
Hanson 2013). Allcott et al. (2020) likewise use pre‐deactivation Facebook usage to ex‐
amine heterogeneous treatment effects. This dimension complements themulti‐homing
analysis in Section 1.5.1. While multi‐homing captures whether users had ready‐made al‐
ternatives, Meta usage intensity captures how much they stood to lose from the outage.

We partition users into three groups—Light, Medium, and Heavy—defined by terciles
of their pre‐outage Meta usage share, computed over the four weeks preceding the
outage.17 Our sample consists exclusively of Meta users, so we lack a zero‐exposure
group and the natural estimand is the differential effect across intensity levels. We
discretize rather than use a continuous treatment variable because Callaway, Goodman‐
Bacon and Sant’Anna (2024) show that linear regressions with continuous treatment
recover weighted averages with potentially uninterpretable weights. Discrete groups
yield transparent estimands under parallel trends and permit nonlinear dose‐response
patterns. In the US, the tercile boundaries fall at 4.6% and 21.6% of device usage time; in
Spain, at 13.3% and 31.1%.

1.6.1. Specification

We estimate a difference‐in‐differences (DiD) specification that interacts a post‐outage
indicator with tercile group membership:

Uit
Dit

= α0+α11post+α21post ⋅Medi+α31post ⋅Heavyi+Medi ⋅dt+Heavyi ⋅dt+ pi+µit, (1.4)

where Uit/Dit is the usage share of a given service or category, 1post is an indicator for
the post‐outage period, Medi and Heavyi are indicators for the Medium and Heavy ter‐
ciles, dt denotes day‐of‐week fixed effects, and pi denotes individual fixed effects. The
Light tercile serves as the reference group. The data are aggregated to 24‐hour frequency
to reduce noise. The 24‐hour period containing the outage is dropped to avoid confound‐
ing either period. The baseline covers four weeks before the outage and the post‐outage
period covers four weeks after the outage.We use relative usage time because it abstracts

17Usage time ofMeta’s services as a share of overall device usage time, as in Equation (1.3). The distribution
of pre‐outage Meta usage shares is right‐skewed (Figure A1), so a linear specification would be dominated
by users in the upper tail. Terciles ensure that each group contributes comparable statistical weight.
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from variation in overall device usage that is more influential over longer time periods,
such as the weather (Minor, Moro and Obradovich 2025). Standard errors are clustered
two‐way at the individual and time‐interval levels.

FıGURE 1.2. Event study plot for Meta’s usage share by usage intensity tercile

US Spain
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Notes: The figure shows the estimated differential event‐study coefficients for Meta’s usage share. The underlying spec‐
ification replaces the single post indicator in Equation (1.4) with week‐level indicators interacted with the tercile groups,
omitting week k = −1 as the reference period. Each line represents the differential relative to the Light reference group:
the Medium line shows α̂k

2 and the Heavy line shows α̂k
3. Whiskers denote 95% confidence intervals based on standard

errors clustered at the individual and time‐interval levels. Event study plots for all categories are shown in Section 1.B.6.

The interaction coefficients α2 and α3 capture the differential post‐outage trajectory
of Medium and Heavy users relative to the Light reference group. Under parallel trends
across intensity groups, these recover:

α2 = ATT(Med) −ATT(Light), α3 = ATT(Heavy) −ATT(Light).

The coefficient α1 absorbs both any causal effect on light users and secular trends, so it
does not have a clean causal interpretation. The identified parameters are the differen‐
tials α2 and α3.

Identification of α2 and α3 requires that, absent the outage, the usage share trajecto‐
ries of the three tercile groupswould have evolved in parallel, an assumption that permits
heterogeneous treatment effects but rules out differential pre‐existing trends. Because
our setting involves a single common shock with heterogeneous pre‐determined expo‐
sure, identification rests on the exogeneity of pre‐outage Meta usage intensity, i.e., the
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exposuremust be uncorrelated with differential outcome trends conditional on the fixed
effects and time controls in Equation (1.4).18

We assess the parallel trends assumption through the event‐study specification un‐
derlying Figure 1.2, which replaces the single post indicator with week‐level indicators
interacted with tercile groups. Under parallel trends, the pre‐outage differentials αk

2 and
αk
3 should be zero for all pre‐outage weeks k < 0. The pre‐outage differentials are noisy

but show no systematic pattern in either country. In the US, the Heavy differential is sig‐
nificant at k = −4 (−0.84 pp, p = 0.036), but reverses sign in k = −2, inconsistent with a
stable pre‐trend.19 Following Roth (2022), we note that pre‐trend tests have limited power
against violations that would produce meaningful bias, so the absence of a systematic
pre‐trend is necessary but not sufficient for credibility.

1.6.2. Results

Table 1.7 reports the main results. Heavy Meta users exhibit large, persistent reductions
inMeta’s usage share relative to light users, withHeavy‐vs‐Light differentials of −2.601 pp
in the US and −2.892 pp in Spain. In Spain, the differential extends to the middle of the
distribution, with Medium users also showing a significant reduction (−0.901 pp). Fig‐
ure 1.2 shows that the Heavy differentials grow monotonically over the four post‐outage
weeks, from roughly −1.4 pp at week k = 1 to over −3.9 pp at week k = 4 in both countries,
with no sign of reversion and no visible plateau within our observation window.

Mirroring the decline in Meta’s usage share, the aggregate of assigned non‐Meta
services shows a significant positive Heavy differential in both countries (1.493 pp US,
0.973 pp Spain). In the US, assigned services account for the majority of the Heavy
reallocation. In Spain, the reallocation is more dispersed, as the unassigned aggregate
shows a larger Heavy differential (1.470 pp) than the assigned aggregate, indicating that
a substantial share accrues to services below our assignment threshold.

18Interpreting the monotonic pattern α̂3 > α̂2 as evidence that higher exposure causes larger effects re‐
quires “strong parallel trends” in the sense of Callaway, Goodman‐Bacon and Sant’Anna (2024), under which
potential outcome trends are independent of treatment dose. Under standard parallel trends alone, the
monotonic pattern is consistentwith a dose‐response relationship but could in principle reflect differential se‐
lection. Our results do not depend on this distinction, since we interpret the monotonic pattern as evidence
of heterogeneous persistence across intensity groups rather than as identifying a causal dose‐response func‐
tion.

19The joint F‐test for the pre‐outage Heavy differentials is significant in the US (F = 3.68, p = 0.011).
However, the pre‐period sequence reverses sign (−0.84, −0.43, +0.42 pp from k = −4 to k = −2), so the pre‐
outage pattern runs opposite to what a pre‐trend biasing the post‐outage estimate would require. The largest
pre‐period deviation is also roughly one‐fifth the magnitude of the k = 4 post‐outage differential (−3.92 pp),
which diverges monotonically from −1.42 pp at k = 1. US Medium differentials are jointly insignificant
(F = 0.11, p = 0.95). In Spain, Heavy differentials are jointly insignificant (F = 1.03, p = 0.38); Medium
differentials are jointly significant (F = 2.88, p = 0.034), but the pre‐period differential is positive and the
post‐period differential negative, so any spurious component attenuates rather than inflates the estimate.
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TABLE 1.7. DiD by pre‐outage Meta usage intensity tercile

US Spain

Low ∆Med. ∆High Low ∆Med. ∆High

Meta platforms 0.580*** 0.045 ‐2.601*** 1.192*** ‐0.901*** ‐2.892***
(0.081) (0.133) (0.292) (0.158) (0.287) (0.387)

Assigned (agg.) 0.173 0.323 1.493*** ‐0.121 0.042 0.973**
(0.207) (0.231) (0.279) (0.319) (0.436) (0.402)

Unassigned (agg.) ‐0.939*** ‐0.289 0.922*** ‐0.618* 0.671 1.470***
(0.181) (0.246) (0.228) (0.368) (0.493) (0.463)

Social media 0.066 0.118 0.453*** 0.134 ‐0.043 0.162
(0.073) (0.107) (0.110) (0.147) (0.188) (0.176)

Messaging ‐0.012 0.001 0.172** 0.019 0.001 0.025
(0.049) (0.074) (0.074) (0.035) (0.067) (0.066)

Streaming ‐0.016 ‐0.016 0.314* ‐0.565** 0.706** 0.930***
(0.128) (0.166) (0.167) (0.238) (0.295) (0.282)

Entertainment ‐0.054 ‐0.054 0.086* 0.092 ‐0.218 ‐0.111
(0.039) (0.064) (0.049) (0.106) (0.162) (0.132)

Voice or video calls 0.078** ‐0.129*** ‐0.025 0.059 ‐0.013 ‐0.060
(0.033) (0.044) (0.042) (0.055) (0.074) (0.067)

Email 0.168* 0.046 0.078 0.018 0.060 0.073
(0.090) (0.104) (0.111) (0.137) (0.151) (0.153)

News ‐0.030 0.013 ‐0.011 ‐0.129* ‐0.006 0.027
(0.027) (0.032) (0.034) (0.069) (0.085) (0.072)

Other ‐0.026 0.345** 0.426*** 0.251 ‐0.444 ‐0.073
(0.116) (0.147) (0.152) (0.191) (0.272) (0.253)

Notes: This table reports the estimated α̂1, α̂2, and α̂3 coefficients from Equation (1.4), i.e. the post‐outage level shift
for the Light tercile (reference group) and the differentials for the Medium and Heavy terciles. The data are at 24‐hour
frequency; the outage day is dropped. The baseline period covers four weeks before the outage and the post period covers
four weeks after the outage. Clustered standard errors are in parentheses. Statistical significance levels are denoted as
follows: * 90%, ** 95%, *** 99%. Service‐level results are reported in Tables A20 and A21.

At the category level, theUS results are clearest. Socialmedia shows the largest Heavy
differential (0.453 pp), driven by TikTok and Snapchat, with event‐study plots confirm‐
ing persistent and growing gains. Messaging and streaming also show significant Heavy
differentials. In Spain, streaming is the only category with a significant Heavy differen‐
tial (0.930 pp), matching the during‐outage patterns; the absence of further significant
category‐level effects reflects statistical power limits given the dispersion ofHeavy reallo‐
cation across unassigned services. Voice and video calls, email, news, and entertainment
show no significant Heavy differentials in either country, indicating that during‐outage
substitution toward these categories did not persist.

Two threats to this interpretationwarrant discussion. First, users classified as “Heavy”
based on the four‐week pre‐outagewindowmay naturally decline inMeta’s usage share if
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their pre‐outage usage was temporarily elevated, exhibiting regression to themean (Daw
and Hatfield 2018). Section 1.B.6 addresses this with a split‐sample classification that as‐
signs terciles using only weeks 1–2 of the pre‐outage window and estimates the speci‐
fication using weeks 3–4 as the baseline, breaking the mechanical correlation between
classification and the outcome trajectory. The concordance between the full‐window and
split‐sample assignments is high, and the core findings are robust under this alternative
classification. A complementary check trims the top 10% of individual‐day usage share
observations before re‐estimating Equation (1.4) (Table A22), yielding attenuated but sta‐
tistically significant Heavy differentials for Meta’s usage share in both countries, with
category‐level results virtually unchanged. The result is not driven by outliers in the out‐
come distribution.

Second, on October 5, 2021, one day after the outage, Frances Haugen testified before
the US Senate aboutMeta’s internal practices.20 We cannot cleanly separate the experien‐
tial shock of the outage from this informational shock. Two tests in Section 1.B.6 suggest
the testimony is unlikely to be the primary driver. The persistent effects are statistically
indistinguishable across the US and Spain, despite the testimony being a US Senate hear‐
ing that likely received more domestic attention. Within terciles, news‐heavy users, i.e.,
those most likely to have encountered testimony coverage, show no evidence of larger
reductions in Meta’s usage share, contrary to what an informational channel predicts.
We cannot rule out a contribution from the testimony, but these tests suggest that the
experiential shock of the outage is the primary driver.

The persistent effects are concentrated among heavy prior Meta users, who experi‐
enced the largest disruption to their digital routines and had the strongest incentives to
explore alternatives. TheMedium tercile differentials aremostly insignificant or substan‐
tially smaller. To the extent that competition policy is concernedwith the substitutability
available to a platform’s core users, these are precisely the users whose behavior matters
most. Taken together with Section 1.5.1, the results trace where competitive pressure on
Meta is concentrated: amonguserswith prior footholds on alternatives during the outage,
and among users with the heaviest prior Meta reliance in the weeks after.

1.7. External Validity

The external validity of our results depends on three questions: whether during‐outage
substitution rates are informative about longer‐term substitutability, whether our esti‐
mates are representative of broader user populations, and whether findings fromMeta’s
services generalize to other digital services.

20Frenkel, Sheera. 2021. Key takeaways from Facebook’s whistle‐blower hearing. The New York Times, Oc‐
tober 5. https://www.nytimes.com/2021/10/05/technology/what-happened-at-facebook-whistleblower-
hearing.html. Last accessed: April 17, 2026.
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The during‐outage rates likely represent conservative estimates of longer‐term substi‐
tutability. Users anticipated that Meta’s services would be restored, reducing incentives
to incur the costs of switching to unfamiliar alternatives. Two patterns within our short‐
term results support this reading. First, substitution was overwhelmingly an intensive‐
margin phenomenon, with single‐homers adopting new services only marginally (Sec‐
tion 1.5.1). Second, substitution rates rose over the course of the outage (Section 1.4.2),
indicating that adjustment had not plateaued within the six‐hour window. The long‐term
analysis in Section 1.6 extends this pattern beyond the outage itself. Users with the heav‐
iest pre‐outage reliance on Meta exhibit monotonically growing reductions in Meta’s us‐
age share over the four post‐outage weeks (Figure 1.2), with no evidence of a steady state
within our observation window. Bursztyn et al. (2025b) document analogous dynamics
in a two‐week collective deactivation experiment, where substitution toward alternative
social apps grows over time and exceeds what individual deactivations generate.

Aggregate substitution estimates are sensitive to sample composition. The hetero‐
geneity documented in Section 1.5 makes this apparent. Younger users substitute dispro‐
portionately toward social media alternatives, so samples skewed toward younger pop‐
ulations are likely to overstate substitution into social networking and understate sub‐
stitution into other categories. Two further findings reinforce the concern. Substitution
during the outage was concentrated among multi‐homers, and persistent post‐outage
reallocation was concentrated among the most Meta‐intensive users. These margins—
access to alternatives and magnitude of disruption—are conceptually distinct, but both
indicate that reallocation following Meta’s removal is driven by specific segments of the
population rather than the average user. Representativeness along these dimensions is
therefore a first‐order determinant of externally valid estimates and a likely source of
divergence across studies using different panels.

Extrapolation to other digital services depends on service characteristics. Our quan‐
titative estimates reflect features specific to Meta: the simultaneous removal of multiple
functional categories, the absence of within‐ecosystem fallbacks, and the displacement
of entire social graphs at once. The collective dimension would be weaker for platforms
with smaller user bases or weaker network effects, and our cross‐country differences al‐
ready caution against transferring quantitative estimates across markets with different
ecosystems. The qualitative structure, e.g. that multi‐homing gates substitution or that
demographic composition shapes aggregate responses, should extend to other platform
settings subject to these caveats.

34



USER BEHAVIOR IN DIGITAL MARKETS: EVIDENCE ON PLATFORMS AND GENERATIVE AI

1.8. Conclusion

We exploit the unexpected global outage of Meta’s services on October 4, 2021, as a
natural experiment to identify substitution patterns among digital services. Using
high‐frequency tracking data from individuals in the US and Spain, we provide a
revealed‐preference analysis of how an entire user population reallocates digital
engagement when a major service provider becomes unavailable. The short‐run and
long‐run results both point to the same conclusion that Meta’s competitive discipline is
concentrated in two structural margins of its user base rather than distributed uniformly
across it.

Three sets of findings emerge. First, non‐Meta social media and messaging services
absorb the largest share of reallocated usage time, but substitution also crosses conven‐
tional category boundaries. A substantial share of displaced time leaves the device en‐
tirely. In the US, total device usage falls by more than Meta usage itself, implying that
Meta’s removal contracts the market for attention rather than merely redistributing it
among on‐device alternatives. Substitution rates increase from the first to the second
half of the outage, suggesting that the aggregate estimates likely understate longer‐term
substitutability.

Second, these aggregate patterns mask substantial heterogeneity. Multi‐homers sub‐
stitute at rates an order of magnitude larger than single‐homers, for whom extensive‐
margin adoption during the outage is limited. Younger users drive social media substitu‐
tion,while older users contributemore to news and communication categories. The com‐
position of within‐Meta usage shapes substitution destinations: WhatsApp‐predominant
users substitute toward messaging and voice calls. Patterns differ in magnitude between
the US and Spain, reflecting differences in user composition across Meta’s services and
in the broader platform ecosystems into which substitution flows.

Third, the reallocation persists beyond the outage only for the most Meta‐dependent
users. Relative to light users, heavy prior Meta users reduce their Meta usage share by an
additional 2.6 pp in the US and 2.9 pp in Spain, with differentials growing monotonically
from week one through week four. The reallocation is absorbed primarily by non‐Meta
social media in the US, where TikTok and Snapchat account for the bulk of the gains.
Medium‐intensity users show near‐zero differentials in the US, persistence is concen‐
trated in the Heavy tercile. The persistent effects are robust under a split‐sample clas‐
sification addressing mean reversion. The contemporaneous Haugen testimony cannot
be cleanly separated from the outage, but cross‐country symmetry and the absence of
differential effects among news‐heavy users suggest the testimony is unlikely to be the
primary driver.
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Taken together, these findings locate Meta’s competitive discipline in two structural
margins—pre‐existing multi‐homing and intensity of Meta engagement. A single substi‐
tution rate averaged across the full user base mischaracterizes both. It overstates the
pressure Meta faces from alternative services among single‐homers and light users, and
understates it among heavy userswhose reallocation both emerges during the disruption
and persists afterward.

Several questions remain open. Our observation window extends only four weeks be‐
yond the outage, leaving uncertain whether the growing differentials eventually stabi‐
lize or partially revert. The outage lasted six hours, long enough to reveal meaningful
reallocation but likely not long enough for the full network dimension of substitution to
manifest. Longer collective disruptions or policy‐induced changes to platform availabil‐
ity could generate qualitatively different dynamics as users have more time to coordi‐
nate migration and establish new equilibria. Whether the patterns documented here for
Meta’s platforms transfer to other digital services depends on their network structures,
user bases, and their embedding in digital ecosystems.

These findings carry implications for competition policy in digital markets. The
central role of multi‐homing in driving substitution, combined with the persistence
concentrated among heavy users, supports regulatory approaches that lower barri‐
ers to maintaining accounts on competing services, such as the data portability and
interoperability requirements in the EU’s Digital Markets Act (DMA). The substantial
heterogeneity we document argues against uniform market definitions, since the
competitive pressure Meta faces varies systematically with user characteristics that
neither the DMA nor category‐based frameworks incorporate. Category boundaries can
also misclassify competitive relationships, as with YouTube, which is strongly related to
Meta’s services despite being assigned to a different regulatory category. The persistence
among heavy users also shows that even brief disruptions to platform availability pro‐
duce lasting usage change, informing the counterfactuals that competition authorities
use to evaluate potential remedies.
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1.B. Appendix

1.B.1. Local Timelines of the Outage

TABLE A1. Outage events in local times

Time zone Time offset (1) (2) (3)

Coordinated Universal Time (UTC) 15:40 21:20 22:45

Eastern Daylight Time (EDT) UTC‐4 11:40 17:20 18:45
Central Daylight Time (CDT) UTC‐5 10:40 16:20 17:45
Mountain Daylight Time (MDT) UTC‐6 09:40 15:20 16:45
Pacific Daylight Time (PDT) UTC‐7 08:40 14:20 15:45
Central European Summer Time (CEST) UTC+2 17:40 23:20 00:45
Western European Summer Time (WEST) UTC+1 16:40 22:20 23:45

Notes: The table shows the local times for three key outage events for the time zones present in our sample: (1) the start
of the outage at 15:40 UTC, (2) the re‐availability of the DNS servers at 21:20 UTC, and (3) the general re‐availability of the
services to the end users at 22:45 UTC.
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1.B.2. Descriptive Tables on Services and Users

TABLE A2. Service category definitions: US

Category Services

Meta platforms Facebook, Instagram, WhatsApp
Social media Discord, Pinterest, Reddit, Snapchat, TikTok,

Twitch, Twitter
Messaging Google Messages, Samsung Messages, Message+,

Motorola Messages
Streaming Hulu, Netflix, Prime Video, Roku, YouTube,

YouTube Vanced, Spotify, YouTube Music
Entertainment Pokémon GO, Candy Crush, Daydream, Amazon Kindle,

Archive of Our Own
Voice or video calls Phone/Dialer, Contacts, Google Duo

Email Gmail, Yahoo Mail, Outlook, AOL Mail
News NewsBreak, MSN, ESPN
Other Google Docs, Google Drive, Google Maps, Safari, Samsung Browser,

Google Search, Bing, Current Cash Rewards, S’more Cash, DoorDash,
Swagbucks, MyPoints, InboxDollars, Hideout.tv,
PrizeRebel, Amazon Mechanical Turk, Amazon,
Walmart, PayPal, eBay, Clock, LG Home, Settings, Moto Display,
Google Play Store, Amazon Photos, Google Photos, Samsung Gallery

Notes: This table shows the mapping of individual services to service categories for the US sample. All services above a
0.25% usage threshold of app or browser usage are assigned to a category, services below the threshold are grouped in an
“unassigned” category.

TABLE A3. Service category definitions: Spain

Category Services

Meta platforms Facebook, Instagram, WhatsApp
Social media TikTok, Twitch, Twitter
Messaging Telegram
Streaming YouTube, Netflix, Prime Video, Movistar Plus,

Spotify, XVideos, RTVE, Mitele, Atresplayer, Disney+
Entertainment Candy Crush, Pokémon GO, Township, Farm Heroes Saga,

Homescapes, Parchisi, Gardenscapes, Clash Royale
Voice or video calls Phone/Dialer, Contacts

Email Gmail, Outlook, Yahoo Mail
News AS, Marca, MSN, 20 Minutos, El Pais
Other Google Maps, Google Drive, Google Docs, Google Calendar,

Mi Browser, Google Search, Coin Master, Maximiles, AliExpress,
Wallapop, Amazon, Mi Locker, Launcher, Xperia Home,
Clock, Settings, Camera

Notes: This table shows themapping of individual services to service categories for the Spain sample. All services above
a 0.25% usage threshold of app or browser usage are assigned to a category, services below the threshold are grouped in
an “unassigned” category.
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TABLE A4. Most used digital services per mode of usage

Apps Web browser

# App name % of usage # Domain % of usage

US

1 Facebook 13.55 1 YouTube 8.81
2 YouTube 10.96 2 Gmail 8.55
3 TikTok 4.36 3 Facebook 8.19
4 Instagram 3.66 4 Yahoo Mail 4.25
5 Clock 2.44 5 Google Search 3.34
6 Google Search 2.09 6 Outlook 2.42
7 Gmail 2.08 7 Amazon 2.40
8 Samsung Messages 1.99 8 Google Docs 1.68
9 Google Messages 1.76 9 Twitter 1.65
10 Snapchat 1.60 10 AOL Mail 1.58
11 Netflix 1.27 11 Bing 1.39
12 Daydream 1.20 12 Reddit 0.92
13 Phone/Dialer 1.18 13 Twitch 0.91
14 Current Cash Rewards 1.03 14 Swagbucks 0.77
15 Samsung Browser 0.97 15 MyPoints 0.77

Spain

1 WhatsApp 14.59 1 Facebook 10.42
2 Facebook 8.65 2 YouTube 9.16
3 Instagram 7.75 3 Google Search 4.46
4 Mi Locker 6.70 4 Gmail 2.90
5 YouTube 6.11 5 Outlook 2.56
6 Twitter 2.50 6 Twitter 2.18
7 TikTok 2.49 7 Twitch 2.03
8 Launcher 2.34 8 WhatsApp 1.76
9 Google Search 2.14 9 Netflix 1.61
10 Phone/Dialer 1.76 10 Amazon 1.55
11 Candy Crush 1.66 11 Instagram 0.91
12 Telegram 1.47 12 Yahoo Mail 0.81
13 Google Maps 1.41 13 Prime Video 0.75
14 Netflix 1.09 14 Marca 0.73
15 Gmail 1.02 15 Google Docs 0.68

Notes: This table ranks digital services by usage time, separately for app usage (left panel) and browser activity (right
panel). Within each panel, columns report the rank, service name, and each service’s share of total usage in that mode.

42



USER BEHAVIOR IN DIGITAL MARKETS: EVIDENCE ON PLATFORMS AND GENERATIVE AI

TABLE A5. Additional summary statistics of balanced panel

US Spain

Sample Population Sample Population

Education (in %)
Less than high school 8.4 10.8 – –
High school 27.1 27.3 – –
Some college / associate degree 36.6 29.5 – –
Bachelor degree or higher 24.4 32.4 – –
No Info 3.4 – – –

Income (USD, in %)
Less than 25,000 32.5 17.4 – –
25,000 to 49,999 30.6 19.1 – –
50,000 to 74,999 15.9 16.8 – –
75,000 to 99,999 8.4 12.8 – –
100,000 or more 9.2 34.0 – –
No Info 3.4 – – –

Notes: This table presents summary statistics for the balanced panel. Population statistics are from the US Census Bu‐
reau’s American Community Survey. For Spain, we do not have information on education and income of panelists.
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1.B.3. Poisson IV Specification

We employ a Poisson pseudo‐maximum likelihood approach with a control function to
address endogeneity, following Wooldridge (2014) and Wooldridge (2015). In the first
stage, we estimate the linear reduced‐form equation for Meta usage:

Mit = γ0 + γ11outage + htdt + pi + νit, (A1)

and obtain the residuals ν̂it. In the second stage, we estimate a Poisson regression of the
form:

E[Uit ∣Mit, ν̂it,ht,dt, pi] = exp(α0 + α1Mit + δν̂it + htdt + pi) , (A2)

where the inclusion of ν̂it corrects for the endogeneity of Mit. A test of δ = 0 serves as a
test of exogeneity. The coefficient α1 is a semi‐elasticity where a one‐minute decrease in
Meta usage is associated with a 100×(e−α1 −1) percent change in the conditionalmean of
non‐Meta usage. To obtain elasticities comparable across services with different baseline
levels, we multiply α1 by the average Meta usage time during the same time‐of‐day and
day‐of‐week period in the four weeks preceding the outage. This scaling converts the
semi‐elasticity into an elasticity.

The Poisson specification rests on assumptions that differ from the linear IV model.
First, the conditional mean follows a multiplicative (exponential) form, so that the effect
of a change in Meta usage operates proportionally on the level of non‐Meta usage rather
than additively. This naturally accommodates the non‐negativity of usage time and han‐
dles zeros without ad hoc transformations. Unlike the asinh transformation, the Poisson
specification retains a coherent economic interpretation in the presence of many zeros
(Chen and Roth 2023), and produces estimates that are invariant to the units of measure‐
ment, since rescaling the dependent variable affects only the intercept. The model does
not distinguish between structural zeros (users who would never use a service) and sam‐
pling zeros (users who happen not to use it in a given interval), treating both through the
conditional mean. Second, the control function approach requires that the linear first‐
stage residuals are sufficient to restore conditional independence between Mit and the
structural error. This is a stronger requirement than the standard linear IV exclusion re‐
striction, but in our setting, where the instrument is a binary indicator for an exogenous
shock, the first‐stage relationship is straightforward, lending credibility to this assump‐
tion.

We obtain standard errors via a pairs cluster bootstrap at the individual level, resam‐
pling the entire two‐step procedure (first stage, residual computation, second stage) for
each replicate to account for the sampling variability introduced by the generated regres‐
sor ν̂it, whose estimation uncertainty is not reflected in the second‐stage standard errors
alone. The PPML estimator is consistent under correct specification of the conditional
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mean regardless of the true variance structure. Because its implicit variance function
scales with the conditional mean, the estimator assigns relatively less weight to obser‐
vations with high conditional means, reducing the influence of level differences across
heavy and light users on the estimated coefficients.

45



CHAPTER 1. COMPETITION AMONG DIGITAL SERVICES

1.B.4. Robustness Check: Alternative Identification Strategy

In‐sample counterfactual predictions, as in our main identification strategy, may suffer
from information from after the outage “leaking” into them, which could potentially bias
the results. Therefore, we confirm the robustness of ourmain results in Section 1.4.1 with
a second identification strategy, which consists of making strictly out‐of‐sample counter‐
factual predictions for usage times during the outage and comparing themwith observed
usage times to obtain substitution rates.

To implement this identification strategy, we use time series regressions tomake pre‐
dictions. As in our main identification strategy, we focus on 6‐hour time intervals. For
these intervals, we aggregate usage times over all individuals in each country. The time
series regressions are regularized with cross‐validated Elastic Net penalties and are of
the following form:

Ut+k = α+β1Ut +β2Ut−1 + ⋅ ⋅ ⋅+βLUt−L + ht+k + dt+k + εt+k, (A3)

with Ut+k denoting the k‐step‐ahead prediction for the usage time of a service. For 6‐
hour intervals, k = 1, because we only need one prediction to capture the entire outage.
Ut,Ut−1, . . . ,Ut−L denoting the lags of the usage time up to lag L, and ht+k and dt+k de‐
noting indicator variables for the time of the day and the day of the week of the period
to be predicted, respectively. We derive the effective substitution rates from the counter‐
factual predictions using the absolute differences between the predicted usage Ût+k and
the actual usage time Ut+k for a respective service. We denote the difference Ût+k −Ut+k
with ∆t+k. To compute the effective substitution rates, we divide ∆t+k

service by ∆t+k
Meta for

each service.
To quantify prediction uncertainty, we use Ensemble Batch Prediction Inter‐

vals (EnbPI) (Xu and Xie 2021), which adapts the conformal prediction framework
(see, for instance, Shafer and Vovk 2008) for non‐exchangeable time series data. To
calibrate the predictionmodel and the prediction intervals, we use data from July 4, 2021,
until the outage on October 4, 2021. EnbPI and other conformal prediction methods
provide theoretical coverage guarantees only for in‐sample prediction intervals. Setting
a nominal coverage level of 95% during (in‐sample) calibration does not guarantee the
same coverage level for out‐of‐sample predictions. Therefore, we consider the nominal
coverage level used when calibrating EnbPI to be a tunable hyperparameter, which we
set such that the out‐of‐sample coverage in the seven days prior to the outage is at least
95%. We assume that the coverage level immediately before the outage is similar to
that during the outage. For tuning the hyperparameter, we evaluate EnbPI prediction
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intervals on a grid of nominal coverage levels between 90% and 99% and choose the
level which leads to a out‐of‐sample coverage level of at least 95%.21

The out‐of‐sample strategy assumes that we can make unbiased point predictions of
counterfactual outcomes using the functional form laid out in Equation (A3). Using con‐
formal prediction methods allows us to quantify uncertainty in these point predictions
without any distributional assumptions. For valid inference, we only have to assume that
the accuracy of the point predictions and the coverage of the prediction intervals stay
the same for the out‐of‐sample predictions right before and during the outage. Given the
unexpected nature of the outage, we consider this assumption to be justified. The alterna‐
tive identification strategy employs “design‐based” inferencewhere the sample is treated
as fixed and uncertainty about what would have happened without the outage is quanti‐
fied (Abadie et al. 2020). This is in contrast to the “sampling‐based” inference used in the
main identification strategy. Using a second mode of inference provides a robustness
check with respect to quantifying uncertainty.

The results from the alternative identification strategy closely align with those of our
main approach. Table A6 and Table A7 present these findings. We observe similar off‐
device substitution rates to those reported in the main results for absolute usage time.
The point estimates for substitution rates across all service categories are also consistent
with themain results. As in themain analysis, we find generally higher substitution rates
in Spain compared to the US.

21We choose to optimize with the help of a grid since EnbPI and conformal predictionmethods in general
are computationally demanding, such that it is infeasible to iteratively optimize for an optimal nominal
coverage level of exactly 95%.
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TABLE A6. Substitution rates for alternative identification strategy: US

Service Realization
(hours)

Prediction
(hours) Relative deviation Substitution rate

Meta platforms 1,256.3 4,056.8 ‐0.690** [‐0.65, ‐0.73] 1.000** [1.00, 1.00]
Facebook 1,050.3 3,308.4 ‐0.683** [‐0.64, ‐0.73] 0.806** [0.81, 0.81]
Instagram 167.1 639.3 ‐0.739** [‐0.65, ‐0.83] 0.169** [0.17, 0.16]
WhatsApp 39.0 106.7 ‐0.635** [‐0.49, ‐0.81] 0.024** [0.03, 0.02]

Device 24,680.7 27,790.2 ‐0.112** [‐0.06, ‐0.16] 1.110** [1.49, 0.66]
All non‐Meta services 13,425.8 13,128.4 0.023 [0.06, ‐0.01] ‐0.106 [0.02, ‐0.28]
Social media 1,910.3 1,698.1 0.125** [0.19, 0.05] ‐0.076** [‐0.03, ‐0.13]
Discord 119.9 107.3 0.118 [0.25, ‐0.05] ‐0.005 [0.00, ‐0.01]
Pinterest 45.7 55.6 ‐0.177 [0.01, ‐0.45] 0.004 [0.01, ‐0.00]
Reddit 166.3 175.1 ‐0.050 [0.12, ‐0.22] 0.003 [0.01, ‐0.01]
Snapchat 327.5 276.6 0.184** [0.30, 0.08] ‐0.018** [‐0.01, ‐0.03]
TikTok 796.3 686.5 0.160** [0.24, 0.08] ‐0.039** [‐0.02, ‐0.06]
Twitch 90.1 96.0 ‐0.061 [0.19, ‐0.32] 0.002 [0.01, ‐0.01]
Twitter 364.5 304.3 0.198** [0.33, 0.06] ‐0.022** [‐0.01, ‐0.04]

Messaging 1,015.1 884.7 0.147** [0.22, 0.09] ‐0.047** [‐0.03, ‐0.07]
Google Messages 415.3 361.0 0.151** [0.23, 0.07] ‐0.019** [‐0.01, ‐0.03]
Motorola Messages 57.0 53.3 0.070 [0.19, ‐0.04] ‐0.001 [0.00, ‐0.00]
Samsung Messages 471.9 400.1 0.179** [0.27, 0.10] ‐0.026** [‐0.01, ‐0.04]
Message+ 70.8 63.3 0.118 [0.27, ‐0.03] ‐0.003 [0.00, ‐0.01]

Streaming 3,090.3 3,125.5 ‐0.011 [0.04, ‐0.05] 0.013 [0.05, ‐0.04]
Hulu 113.7 120.9 ‐0.059 [0.10, ‐0.25] 0.003 [0.01, ‐0.00]
Netflix 263.8 222.5 0.186* [0.34, 0.01] ‐0.015* [‐0.00, ‐0.03]
Prime Video 45.6 48.3 ‐0.055 [0.23, ‐0.39] 0.001 [0.01, ‐0.00]
Roku 31.2 32.4 ‐0.039 [0.33, ‐0.46] 0.000 [0.00, ‐0.00]
Spotify 119.4 107.8 0.108 [0.27, ‐0.05] ‐0.004 [0.00, ‐0.01]
YouTube 2,370.9 2,461.5 ‐0.037 [0.01, ‐0.08] 0.032 [0.06, ‐0.01]
YouTube Music 106.7 95.5 0.118 [0.29, ‐0.08] ‐0.004 [0.00, ‐0.01]
YouTube Vanced 38.9 32.7 0.189 [0.43, ‐0.16] ‐0.002 [0.00, ‐0.01]

Entertainment 280.9 305.0 ‐0.079 [0.06, ‐0.28] 0.009 [0.03, ‐0.01]
Amazon Kindle 36.6 39.5 ‐0.074 [0.19, ‐0.37] 0.001 [0.01, ‐0.00]
Archive of Our Own 27.5 22.7 0.208 [0.67, ‐0.68] ‐0.002 [0.01, ‐0.01]
Candy Crush 61.6 55.0 0.120 [0.33, ‐0.12] ‐0.002 [0.00, ‐0.01]
Daydream 98.3 107.3 ‐0.084 [0.15, ‐0.41] 0.003 [0.02, ‐0.01]
Pokémon GO 57.0 77.9 ‐0.268 [0.01, ‐0.50] 0.007 [0.01, ‐0.00]

Voice or video calls 468.8 449.3 0.044 [0.10, ‐0.03] ‐0.007 [0.00, ‐0.02]
Contacts 107.0 105.3 0.016 [0.11, ‐0.10] ‐0.001 [0.00, ‐0.00]
Google Duo 52.0 48.8 0.065 [0.31, ‐0.23] ‐0.001 [0.00, ‐0.01]
Phone/Dialer 309.9 287.0 0.080 [0.15, ‐0.00] ‐0.008 [0.00, ‐0.02]

Email 2,840.0 2,926.4 ‐0.030 [0.01, ‐0.07] 0.031 [0.07, ‐0.01]
AOLMail 242.3 225.8 0.073 [0.18, ‐0.05] ‐0.006 [0.00, ‐0.02]
Gmail 1,533.3 1,533.3 ‐0.000 [0.05, ‐0.06] 0.000 [0.03, ‐0.03]
Outlook 411.9 430.2 ‐0.042 [0.02, ‐0.11] 0.007 [0.02, ‐0.00]
Yahoo Mail 652.6 676.3 ‐0.035 [0.02, ‐0.10] 0.008 [0.02, ‐0.01]

News 192.6 224.4 ‐0.141 [0.03, ‐0.35] 0.011 [0.03, ‐0.00]
ESPN 52.6 88.1 ‐0.403* [‐0.10, ‐0.90] 0.013* [0.03, 0.00]
MSN 86.3 76.3 0.131 [0.32, ‐0.06] ‐0.004 [0.00, ‐0.01]
NewsBreak 53.7 52.8 0.018 [0.20, ‐0.23] ‐0.000 [0.00, ‐0.00]

Other 3,627.7 3,646.7 ‐0.005 [0.06, ‐0.06] 0.007 [0.07, ‐0.08]

Notes: This table reports results for the alternative identification strategy based on out‐of‐sample time series predictions
with conformal prediction intervals. Columns 1–2 report aggregate actual and predicted usage times. Column 3 reports
the relative deviation; stars indicate that the conformal interval excludes zero (* 90%, ** 95%, *** 99%). Column 4 reports
implied substitution rates.
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TABLE A7. Substitution rates for alternative identification strategy: Spain

Service Realization
(hours)

Prediction
(hours) Relative deviation Substitution rate

Meta platforms 268.5 965.4 ‐0.722** [‐0.67, ‐0.78] 1.000** [1.00, 1.00]
Facebook 89.2 349.3 ‐0.745** [‐0.67, ‐0.84] 0.373** [0.39, 0.36]
Instagram 43.8 199.4 ‐0.781** [‐0.68, ‐0.88] 0.223** [0.23, 0.21]
WhatsApp 135.5 405.4 ‐0.666** [‐0.60, ‐0.76] 0.387** [0.41, 0.37]

Device 3,389.8 3,776.6 ‐0.102** [‐0.06, ‐0.15] 0.555** [0.75, 0.35]
All non‐Meta services 1,710.9 1,443.3 0.185** [0.24, 0.12] ‐0.384** [‐0.23, ‐0.54]
Social media 258.3 176.5 0.463** [0.56, 0.34] ‐0.117** [‐0.08, ‐0.15]
TikTok 81.6 58.6 0.394** [0.59, 0.20] ‐0.033** [‐0.02, ‐0.05]
Twitch 42.3 43.0 ‐0.014 [0.17, ‐0.27] 0.001 [0.02, ‐0.01]
Twitter 134.3 74.3 0.808** [0.93, 0.64] ‐0.086** [‐0.06, ‐0.11]

Messaging 114.7 32.6 2.523** [2.72, 2.29] ‐0.118** [‐0.10, ‐0.14]
Telegram 114.7 32.6 2.523** [2.72, 2.29] ‐0.118** [‐0.10, ‐0.14]

Streaming 434.9 381.9 0.139** [0.26, 0.01] ‐0.076** [‐0.00, ‐0.15]
Atresplayer 7.2 4.7 0.526* [0.93, 0.04] ‐0.004* [‐0.00, ‐0.01]
Disney+ 4.2 4.8 ‐0.129 [0.51, ‐1.22] 0.001 [0.01, ‐0.00]
Mitele 6.5 6.0 0.088 [0.65, ‐0.86] ‐0.001 [0.01, ‐0.01]
Movistar Plus 18.6 15.7 0.180 [0.64, ‐0.52] ‐0.004 [0.01, ‐0.02]
Netflix 65.5 49.5 0.321** [0.51, 0.06] ‐0.023** [‐0.00, ‐0.04]
Prime Video 31.7 22.1 0.432 [0.85, ‐0.08] ‐0.014 [0.00, ‐0.03]
RTVE 8.6 7.9 0.099 [0.78, ‐0.92] ‐0.001 [0.01, ‐0.01]
Spotify 10.3 10.4 ‐0.004 [0.31, ‐0.50] 0.000 [0.01, ‐0.00]
XVideos 5.7 5.6 0.025 [0.46, ‐0.50] ‐0.000 [0.00, ‐0.00]
YouTube 276.7 253.2 0.093* [0.18, 0.00] ‐0.034* [‐0.00, ‐0.07]

Entertainment 122.3 112.4 0.088 [0.20, ‐0.06] ‐0.014 [0.01, ‐0.03]
Candy Crush 48.8 43.1 0.131 [0.32, ‐0.11] ‐0.008 [0.01, ‐0.02]
Clash Royale 7.1 5.0 0.417 [0.71, ‐0.10] ‐0.003 [0.00, ‐0.01]
Farm Heroes Saga 9.7 9.2 0.060 [0.45, ‐0.53] ‐0.001 [0.01, ‐0.01]
Gardenscapes 12.2 5.8 1.096** [1.75, 0.21] ‐0.009** [‐0.00, ‐0.02]
Homescapes 10.0 8.7 0.155 [0.50, ‐0.37] ‐0.002 [0.00, ‐0.01]
Parchisi 4.5 8.5 ‐0.465* [‐0.04, ‐1.15] 0.006* [0.01, 0.00]
Pokémon GO 14.3 12.7 0.125 [0.53, ‐0.55] ‐0.002 [0.01, ‐0.01]
Township 15.7 13.0 0.202 [0.47, ‐0.16] ‐0.004 [0.00, ‐0.01]

Voice or video calls 79.5 55.9 0.422** [0.60, 0.20] ‐0.034** [‐0.01, ‐0.05]
Contacts 12.4 5.7 1.175** [1.49, 0.45] ‐0.010** [‐0.00, ‐0.01]
Phone/Dialer 67.1 49.2 0.364** [0.55, 0.16] ‐0.026** [‐0.01, ‐0.04]

Email 166.8 140.9 0.183** [0.31, 0.03] ‐0.037** [‐0.01, ‐0.07]
Gmail 75.7 65.3 0.159 [0.31, ‐0.03] ‐0.015 [0.00, ‐0.03]
Outlook 70.5 60.1 0.175* [0.28, 0.03] ‐0.015* [‐0.00, ‐0.03]
Yahoo Mail 20.6 11.9 0.731** [1.22, 0.09] ‐0.012** [‐0.00, ‐0.02]

News 47.5 37.9 0.256* [0.42, 0.01] ‐0.014* [‐0.00, ‐0.02]
AS 8.0 7.6 0.056 [0.34, ‐0.40] ‐0.001 [0.00, ‐0.00]
El Pais 6.6 4.0 0.639 [0.99, ‐0.37] ‐0.004 [0.00, ‐0.01]
Marca 11.6 15.9 ‐0.269* [‐0.03, ‐0.59] 0.006* [0.01, 0.00]
MSN 9.2 4.9 0.873* [1.27, 0.09] ‐0.006* [‐0.00, ‐0.01]
20 Minutos 12.2 5.6 1.176** [1.60, 0.49] ‐0.009** [‐0.00, ‐0.01]

Other 486.8 445.1 0.094* [0.18, 0.00] ‐0.060* [‐0.00, ‐0.12]

Notes: This table reports results for the alternative identification strategy based on out‐of‐sample time series predictions
with conformal prediction intervals. Columns 1–2 report aggregate actual and predicted usage times. Column 3 reports
the relative deviation; stars indicate that the conformal interval excludes zero (* 90%, ** 95%, *** 99%). Column 4 reports
implied substitution rates.
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1.B.5. Service‐Level Results

Aggregate Substitution Rates: Service-Level Results

TABLE A8. Aggregate substitution rates: US

Levels Shares Elasticities

Device 1.315*** (0.175) — 0.171*** (0.014)
Social media ‐0.070*** (0.019) ‐0.160*** (0.014) ‐0.167*** (0.037)
Discord ‐0.004** (0.002) ‐0.007*** (0.002) ‐0.136 (0.138)
Pinterest 0.004 (0.003) ‐0.005 (0.009) 0.268* (0.160)
Reddit 0.005 (0.005) ‐0.000 (0.001) 0.153 (0.150)
Snapchat ‐0.021*** (0.003) ‐0.053*** (0.004) ‐0.324*** (0.066)
TikTok ‐0.039*** (0.007) ‐0.062*** (0.008) ‐0.224*** (0.050)
Twitch 0.005 (0.003) ‐0.003*** (0.001) 0.197 (0.204)
Twitter ‐0.020*** (0.006) ‐0.029*** (0.002) ‐0.270*** (0.080)

Messaging ‐0.059*** (0.013) ‐0.155*** (0.018) ‐0.266*** (0.034)
Google Messages ‐0.026*** (0.004) ‐0.050*** (0.005) ‐0.278*** (0.059)
Samsung Messages ‐0.031*** (0.007) ‐0.086*** (0.012) ‐0.304*** (0.045)
Message+ ‐0.001 (0.001) ‐0.008*** (0.001) ‐0.073 (0.088)
Motorola Messages ‐0.001 (0.001) ‐0.010*** (0.001) ‐0.124 (0.117)

Streaming 0.039*** (0.015) ‐0.119*** (0.012) 0.053* (0.030)
Hulu 0.000 (0.004) ‐0.005*** (0.001) 0.015 (0.220)
Netflix ‐0.012*** (0.003) ‐0.020*** (0.003) ‐0.201* (0.111)
Prime Video ‐0.000 (0.001) ‐0.001* (0.000) ‐0.016 (0.321)
Roku 0.001 (0.001) ‐0.003** (0.002) 0.175 (0.329)
YouTube 0.059*** (0.012) ‐0.070*** (0.012) 0.100*** (0.037)
YouTube Vanced ‐0.001 (0.001) ‐0.003*** (0.001) ‐0.120 (0.259)
Spotify ‐0.002 (0.002) ‐0.007*** (0.001) ‐0.095 (0.140)
YouTube Music ‐0.005*** (0.002) ‐0.010*** (0.002) ‐0.183 (0.182)

Entertainment 0.011* (0.006) 0.005 (0.004) 0.163 (0.116)
Pokémon GO 0.005*** (0.002) 0.007 (0.006) 0.336** (0.164)
Candy Crush ‐0.001 (0.001) ‐0.005*** (0.001) ‐0.093 (0.213)
Daydream 0.004* (0.002) 0.003*** (0.001) 0.158 (0.187)
Amazon Kindle 0.002 (0.002) 0.001 (0.001) 0.229 (0.333)
Archive of Our Own 0.000 (0.003) ‐0.001* (0.001) 0.084 (0.561)

Voice or video calls ‐0.015 (0.011) ‐0.054*** (0.018) ‐0.141*** (0.049)
Phone/Dialer ‐0.012 (0.008) ‐0.041*** (0.013) ‐0.172*** (0.061)
Contacts ‐0.002 (0.002) ‐0.008** (0.003) ‐0.089 (0.119)
Google Duo ‐0.001 (0.001) ‐0.005*** (0.001) ‐0.040 (0.211)

Email ‐0.010 (0.054) ‐0.116*** (0.027) ‐0.050 (0.031)
Gmail ‐0.017 (0.027) ‐0.073*** (0.017) ‐0.077* (0.044)
Yahoo Mail 0.004 (0.011) ‐0.024*** (0.006) ‐0.018 (0.056)
Outlook 0.007 (0.012) ‐0.014** (0.006) 0.002 (0.076)
AOL Mail ‐0.004 (0.003) ‐0.005*** (0.001) ‐0.094 (0.113)

News 0.004 (0.003) ‐0.004 (0.003) 0.082 (0.108)
NewsBreak 0.000 (0.001) ‐0.001 (0.002) 0.027 (0.140)
MSN 0.002 (0.002) ‐0.004** (0.001) 0.050 (0.163)
ESPN 0.002 (0.002) 0.001 (0.001) 0.157 (0.234)

Other 0.027 (0.028) ‐0.157*** (0.004) 0.031 (0.031)
Google Docs ‐0.021** (0.008) ‐0.008*** (0.001) —
Google Maps 0.003* (0.002) 0.004** (0.002) —
Google Search 0.018*** (0.005) ‐0.060*** (0.005) —
Amazon 0.013*** (0.004) ‐0.014*** (0.004) —

Notes: This table reports the estimated α̂1 coefficients, i.e. the substitution rates, for different specifications on the ser‐
vice level. The first two columns show results for the levels specification (Equation (1.1)), columns 3 and 4 show results for
the shares specification (Equation (1.3)), and the last two columns show results for the Poisson specification (Section 1.B.3).
Clustered standard errors are in parentheses. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.
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TABLE A9. Aggregate substitution rates: Spain

Levels Shares Elasticities

Device 0.369*** (0.052) — 0.012 (0.019)
Social media ‐0.111*** (0.008) ‐0.150*** (0.004) ‐0.521*** (0.078)
TikTok ‐0.042*** (0.009) ‐0.052*** (0.004) ‐0.673*** (0.147)
Twitch 0.010 (0.007) ‐0.001 (0.005) 0.200 (0.226)
Twitter ‐0.079*** (0.009) ‐0.097*** (0.004) ‐0.748*** (0.093)

Messaging ‐0.116*** (0.005) ‐0.115*** (0.004) ‐1.696*** (0.118)
Telegram ‐0.116*** (0.005) ‐0.115*** (0.004) ‐1.672*** (0.124)

Streaming ‐0.047** (0.023) ‐0.068*** (0.007) ‐0.111* (0.056)
YouTube ‐0.016 (0.013) ‐0.049*** (0.008) ‐0.065 (0.075)
Netflix ‐0.019** (0.009) ‐0.013* (0.007) ‐0.301* (0.173)
Prime Video ‐0.013*** (0.005) ‐0.007* (0.004) ‐0.438 (0.288)
Movistar Plus ‐0.001 (0.005) 0.000 (0.003) ‐0.021 (0.243)
Spotify 0.001 (0.002) ‐0.002 (0.003) 0.030 (0.310)
XVideos 0.002 (0.001) 0.000 (0.002) 0.313 (0.386)
RTVE ‐0.003 (0.002) 0.002 (0.003) ‐0.221 (0.443)
Mitele ‐0.001 (0.002) 0.000 (0.003) ‐0.156 (0.394)
Atresplayer ‐0.002 (0.002) ‐0.001 (0.003) ‐0.092 (0.422)
Disney+ 0.003 (0.003) 0.001 (0.002) 0.410 (0.542)

Entertainment ‐0.012 (0.011) ‐0.032*** (0.006) ‐0.107 (0.134)
Candy Crush ‐0.004 (0.007) ‐0.011** (0.005) ‐0.093 (0.214)
Pokémon GO ‐0.004 (0.004) ‐0.004 (0.003) ‐0.228 (0.322)
Township ‐0.005* (0.003) ‐0.004 (0.003) ‐0.251 (0.269)
Farm Heroes Saga ‐0.001 (0.003) ‐0.004 (0.003) ‐0.061 (0.337)
Homescapes 0.002 (0.004) ‐0.007** (0.003) 0.107 (0.416)
Parchisi 0.007* (0.004) 0.005 (0.003) 1.072* (0.690)
Gardenscapes ‐0.005 (0.003) ‐0.005 (0.003) ‐0.440 (0.450)
Clash Royale ‐0.003* (0.002) ‐0.002 (0.002) ‐0.483 (0.365)

Voice or video calls ‐0.035*** (0.005) ‐0.057*** (0.004) ‐0.526*** (0.126)
Phone/Dialer ‐0.025*** (0.004) ‐0.048*** (0.003) ‐0.441*** (0.117)
Contacts ‐0.010*** (0.002) ‐0.009*** (0.002) ‐1.071** (0.579)

Email ‐0.048*** (0.012) ‐0.078*** (0.008) ‐0.312*** (0.074)
Gmail ‐0.014** (0.007) ‐0.029*** (0.006) ‐0.183 (0.131)
Outlook ‐0.026*** (0.005) ‐0.038*** (0.007) ‐0.410*** (0.113)
Yahoo Mail ‐0.008*** (0.003) ‐0.012*** (0.004) ‐0.405 (0.240)

News ‐0.012*** (0.003) ‐0.018*** (0.004) ‐0.239** (0.104)
AS ‐0.001 (0.001) ‐0.003 (0.003) ‐0.063 (0.217)
Marca 0.001 (0.002) ‐0.002 (0.003) 0.099 (0.187)
MSN ‐0.005** (0.002) ‐0.007*** (0.003) ‐0.561* (0.298)
20 Minutos ‐0.006*** (0.002) ‐0.006*** (0.002) ‐0.593** (0.262)
El Pais ‐0.001 (0.001) ‐0.000 (0.002) ‐0.101 (0.253)

Other ‐0.040*** (0.012) ‐0.155*** (0.007) ‐0.111*** (0.048)
Google Maps 0.001 (0.002) ‐0.003 (0.003) —
Google Docs 0.002 (0.002) ‐0.001 (0.003) —
Google Search ‐0.020*** (0.004) ‐0.030*** (0.004) —
Amazon 0.003 (0.003) ‐0.004 (0.003) —

Notes: This table reports the estimated α̂1 coefficients, i.e. the substitution rates, for different specifications on the ser‐
vice level. The first two columns show results for the levels specification (Equation (1.1)), columns 3 and 4 show results for
the shares specification (Equation (1.3)), and the last two columns show results for the Poisson specification (Section 1.B.3).
Clustered standard errors are in parentheses. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.
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TABLE A10. Substitution rates for first or second half of outage: US

Levels Shares

α̂1

1st half
α̂2

∆ 2nd half
α̂1

1st half
α̂2

∆ 2nd half

Device 2.054*** (0.186) ‐1.365*** (0.231) — —
Social media ‐0.013 (0.015) ‐0.105*** (0.013) ‐0.152*** (0.025) 0.003 (0.023)
Discord 0.001 (0.002) ‐0.008*** (0.003) ‐0.006*** (0.002) ‐0.003*** (0.001)
Pinterest 0.002 (0.004) 0.002 (0.004) ‐0.009 (0.011) 0.009 (0.012)
Reddit 0.015*** (0.005) ‐0.018*** (0.003) 0.007*** (0.002) ‐0.010*** (0.001)
Snapchat ‐0.011*** (0.004) ‐0.019*** (0.002) ‐0.056*** (0.005) 0.009*** (0.002)
TikTok ‐0.031** (0.013) ‐0.015* (0.009) ‐0.057*** (0.015) ‐0.004 (0.012)
Twitch 0.005 (0.003) 0.000 (0.001) ‐0.007*** (0.001) 0.008*** (0.002)
Twitter 0.006 (0.008) ‐0.047*** (0.005) ‐0.023*** (0.003) ‐0.007*** (0.002)

Messaging ‐0.048*** (0.012) ‐0.021 (0.015) ‐0.141*** (0.024) ‐0.001 (0.026)
Google Messages ‐0.022*** (0.004) ‐0.007** (0.003) ‐0.048*** (0.010) 0.000 (0.008)
Samsung Messages ‐0.027*** (0.006) ‐0.007 (0.008) ‐0.078*** (0.014) ‐0.001 (0.014)
Message+ 0.003*** (0.001) ‐0.007*** (0.001) ‐0.003*** (0.001) ‐0.005*** (0.001)
Motorola Messages ‐0.001 (0.001) ‐0.001** (0.000) ‐0.012*** (0.002) 0.005*** (0.001)

Streaming 0.099*** (0.013) ‐0.110*** (0.011) ‐0.096*** (0.014) 0.024** (0.010)
Hulu 0.006 (0.005) ‐0.010*** (0.003) ‐0.001 (0.002) ‐0.002* (0.001)
Netflix ‐0.007* (0.004) ‐0.010*** (0.003) ‐0.011*** (0.003) ‐0.005* (0.003)
Prime Video 0.002 (0.001) ‐0.004*** (0.001) 0.002* (0.001) ‐0.004*** (0.001)
Roku 0.002 (0.002) ‐0.001 (0.001) ‐0.002 (0.002) ‐0.000 (0.002)
YouTube 0.102*** (0.012) ‐0.079*** (0.009) ‐0.068*** (0.018) 0.036** (0.015)
YouTube Vanced ‐0.001 (0.001) ‐0.001 (0.000) ‐0.001 (0.001) ‐0.003*** (0.001)
Spotify ‐0.002 (0.002) ‐0.000 (0.001) ‐0.007*** (0.001) 0.004** (0.002)
YouTube Music ‐0.002 (0.002) ‐0.004*** (0.002) ‐0.007*** (0.002) ‐0.002 (0.001)

Entertainment 0.014*** (0.005) ‐0.006* (0.003) 0.009** (0.004) ‐0.002 (0.009)
Pokémon GO 0.004** (0.002) 0.003 (0.002) 0.006** (0.003) 0.003 (0.006)
Candy Crush 0.000 (0.001) ‐0.003*** (0.001) ‐0.004*** (0.001) 0.001 (0.001)
Daydream 0.006** (0.003) ‐0.003* (0.002) 0.007*** (0.002) ‐0.006*** (0.002)
Amazon Kindle 0.004** (0.002) ‐0.003*** (0.001) 0.004*** (0.001) ‐0.003** (0.001)
Archive of Our Own 0.000 (0.003) 0.001 (0.001) ‐0.004*** (0.001) 0.003*** (0.001)

Voice or video calls ‐0.020* (0.011) 0.010 (0.015) ‐0.068*** (0.022) 0.026 (0.025)
Phone/Dialer ‐0.014 (0.008) 0.003 (0.011) ‐0.039** (0.019) 0.001 (0.021)
Contacts ‐0.004* (0.002) 0.004*** (0.001) ‐0.017*** (0.004) 0.015*** (0.003)
Google Duo ‐0.002 (0.001) 0.003** (0.001) ‐0.011*** (0.002) 0.011*** (0.001)

Email 0.169*** (0.055) ‐0.331*** (0.074) ‐0.146*** (0.027) 0.045 (0.037)
Gmail 0.057** (0.026) ‐0.137*** (0.035) ‐0.096*** (0.017) 0.034 (0.022)
Yahoo Mail 0.064*** (0.011) ‐0.111*** (0.014) ‐0.027*** (0.004) 0.002 (0.005)
Outlook 0.033** (0.016) ‐0.048*** (0.016) ‐0.016** (0.007) 0.005 (0.007)
AOL Mail 0.015*** (0.003) ‐0.035*** (0.003) ‐0.007*** (0.001) 0.004*** (0.001)

News 0.010** (0.004) ‐0.012*** (0.004) ‐0.007*** (0.002) 0.003*** (0.001)
NewsBreak 0.003*** (0.001) ‐0.006*** (0.001) ‐0.003 (0.002) 0.002* (0.001)
MSN 0.004 (0.003) ‐0.005* (0.003) ‐0.005*** (0.001) 0.001 (0.001)
ESPN 0.002 (0.002) ‐0.001 (0.003) ‐0.000 (0.001) ‐0.000 (0.001)

Other 0.120*** (0.025) ‐0.172*** (0.013) ‐0.155*** (0.009) 0.042*** (0.005)
Google Docs ‐0.008 (0.009) ‐0.025*** (0.007) ‐0.012*** (0.002) 0.009*** (0.002)
Google Maps 0.003 (0.003) ‐0.000 (0.002) 0.007* (0.004) ‐0.003 (0.002)
Google Search 0.046*** (0.007) ‐0.051*** (0.005) ‐0.046*** (0.006) ‐0.011** (0.005)
Amazon 0.033*** (0.005) ‐0.037*** (0.003) ‐0.018*** (0.005) 0.008 (0.006)

Notes: This table reports the estimated α̂1 and α̂2 coefficients, i.e. the substitution rates for the first half and the differ‐
entials for the second half of the outage fromEquation (1.2) on the service level. Columns 1 and 2 reports the estimates for
the levels specification, columns 3 and 4 reports the estimates for the shares specification. Statistical significance levels
are denoted as follows: * 90%, ** 95%, *** 99%.
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TABLE A11. Substitution rates for first or second half of outage: Spain

Levels Shares

α̂1

1st half
α̂2

∆ 2nd half
α̂1

1st half
α̂2

∆ 2nd half

Device 0.333*** (0.059) 0.062 (0.042) — —
Social media ‐0.115*** (0.009) 0.005 (0.010) ‐0.160*** (0.007) 0.010* (0.006)
TikTok ‐0.037*** (0.006) ‐0.009 (0.006) ‐0.045*** (0.004) ‐0.004 (0.003)
Twitch ‐0.001 (0.005) 0.018*** (0.005) ‐0.008*** (0.003) 0.015*** (0.004)
Twitter ‐0.078*** (0.008) ‐0.003 (0.004) ‐0.107*** (0.005) 0.000 (0.004)

Messaging ‐0.089*** (0.007) ‐0.047*** (0.003) ‐0.108*** (0.005) ‐0.028*** (0.004)
Telegram ‐0.089*** (0.007) ‐0.047*** (0.003) ‐0.108*** (0.005) ‐0.028*** (0.004)

Streaming ‐0.041* (0.024) ‐0.010 (0.017) ‐0.074*** (0.011) ‐0.015** (0.007)
YouTube 0.004 (0.019) ‐0.034** (0.015) ‐0.035*** (0.009) ‐0.033*** (0.006)
Netflix ‐0.031*** (0.006) 0.021*** (0.007) ‐0.021*** (0.003) 0.015*** (0.004)
Prime Video ‐0.021*** (0.005) 0.013*** (0.003) ‐0.020*** (0.004) 0.010*** (0.003)
Movistar Plus ‐0.004 (0.003) 0.005 (0.004) ‐0.003 (0.002) 0.004* (0.002)
Spotify ‐0.004 (0.003) 0.008*** (0.003) ‐0.004** (0.002) 0.006*** (0.002)
XVideos 0.005*** (0.002) ‐0.005*** (0.002) 0.001 (0.002) ‐0.003 (0.002)
RTVE ‐0.004* (0.002) 0.002 (0.002) ‐0.000 (0.001) ‐0.000 (0.002)
Mitele 0.002 (0.002) ‐0.005* (0.003) 0.002 (0.003) ‐0.002 (0.002)
Atresplayer 0.005** (0.002) ‐0.011*** (0.002) 0.006*** (0.002) ‐0.013*** (0.001)
Disney+ 0.001 (0.002) 0.002* (0.001) ‐0.003 (0.002) 0.004*** (0.001)

Entertainment ‐0.005 (0.013) ‐0.011 (0.007) ‐0.021* (0.011) ‐0.013*** (0.005)
Candy Crush ‐0.002 (0.007) ‐0.002 (0.004) ‐0.000 (0.004) ‐0.014*** (0.003)
Pokémon GO ‐0.008* (0.005) 0.008** (0.004) ‐0.008** (0.003) 0.005** (0.003)
Township ‐0.010** (0.004) 0.009*** (0.003) ‐0.009*** (0.003) 0.008*** (0.002)
Farm Heroes Saga ‐0.004 (0.003) 0.005 (0.003) ‐0.009*** (0.003) 0.007*** (0.002)
Homescapes 0.010** (0.005) ‐0.014*** (0.003) 0.001 (0.003) ‐0.009*** (0.002)
Parchisi 0.010* (0.005) ‐0.004 (0.005) 0.006* (0.003) ‐0.004 (0.003)
Gardenscapes 0.004 (0.003) ‐0.014*** (0.003) 0.001 (0.002) ‐0.007*** (0.002)
Clash Royale ‐0.004* (0.002) 0.002 (0.003) ‐0.003 (0.002) ‐0.001 (0.002)

Voice or video calls ‐0.046*** (0.006) 0.019*** (0.003) ‐0.092*** (0.004) 0.038*** (0.004)
Phone/Dialer ‐0.031*** (0.004) 0.011*** (0.003) ‐0.073*** (0.003) 0.029*** (0.004)
Contacts ‐0.015*** (0.005) 0.008*** (0.001) ‐0.018*** (0.003) 0.009*** (0.002)

Email ‐0.074*** (0.015) 0.044*** (0.011) ‐0.073*** (0.008) ‐0.000 (0.008)
Gmail ‐0.030*** (0.010) 0.027*** (0.008) ‐0.026*** (0.004) 0.002 (0.005)
Outlook ‐0.035*** (0.006) 0.016*** (0.004) ‐0.042*** (0.011) 0.009 (0.010)
Yahoo Mail ‐0.009** (0.004) 0.001 (0.003) ‐0.005** (0.002) ‐0.009*** (0.002)

News ‐0.015*** (0.004) 0.006 (0.004) ‐0.019*** (0.004) 0.002 (0.004)
AS ‐0.001 (0.002) 0.001 (0.003) 0.000 (0.002) ‐0.005*** (0.001)
Marca 0.003* (0.002) ‐0.003 (0.002) ‐0.003 (0.003) 0.003 (0.003)
MSN ‐0.009*** (0.002) 0.006*** (0.001) ‐0.008*** (0.002) 0.001 (0.002)
20 Minutos ‐0.006*** (0.002) ‐0.000 (0.003) ‐0.008*** (0.002) 0.005** (0.002)
El Pais ‐0.002 (0.002) 0.002 (0.002) ‐0.001 (0.002) ‐0.001 (0.003)

Other ‐0.037*** (0.014) ‐0.005 (0.011) ‐0.152*** (0.009) ‐0.005 (0.009)
Google Maps 0.001 (0.006) 0.000 (0.005) 0.000 (0.008) 0.002 (0.007)
Google Docs ‐0.001 (0.003) 0.004 (0.003) ‐0.002 (0.003) 0.004*** (0.001)
Google Search ‐0.016** (0.007) ‐0.007** (0.003) ‐0.019*** (0.006) ‐0.026*** (0.003)
Amazon 0.005 (0.004) ‐0.003 (0.003) 0.001 (0.003) ‐0.008*** (0.003)

Notes: This table reports the estimated α̂1 and α̂2 coefficients, i.e. the substitution rates for the first half and the differ‐
entials for the second half of the outage fromEquation (1.2) on the service level. Columns 1 and 2 reports the estimates for
the levels specification, columns 3 and 4 reports the estimates for the shares specification. Statistical significance levels
are denoted as follows: * 90%, ** 95%, *** 99%.
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TABLE A12. Substitution rates for age groups: US

Levels Shares

α̂1

35+ years
α̂2

∆ 18–34 years
α̂1

35+ years
α̂2

∆ 18–34 years

Device 1.347*** (0.195) ‐0.100* (0.058) — —
Social media ‐0.024** (0.009) ‐0.140*** (0.025) ‐0.069*** (0.012) ‐0.240*** (0.009)
Discord 0.003 (0.002) ‐0.020*** (0.005) 0.000 (0.001) ‐0.019*** (0.004)
Pinterest 0.003 (0.002) 0.001 (0.004) ‐0.002 (0.001) ‐0.007 (0.012)
Reddit 0.005 (0.004) 0.000 (0.009) 0.001 (0.001) ‐0.005 (0.004)
Snapchat ‐0.004* (0.002) ‐0.053*** (0.007) ‐0.017*** (0.003) ‐0.094*** (0.006)
TikTok ‐0.014* (0.007) ‐0.077*** (0.009) ‐0.027*** (0.008) ‐0.092*** (0.005)
Twitch 0.004 (0.003) 0.003 (0.006) ‐0.000 (0.001) ‐0.009*** (0.001)
Twitter ‐0.022*** (0.006) 0.006 (0.004) ‐0.024*** (0.003) ‐0.012*** (0.001)

Messaging ‐0.059*** (0.014) ‐0.001 (0.003) ‐0.174*** (0.018) 0.051*** (0.004)
Google Messages ‐0.024*** (0.004) ‐0.007*** (0.002) ‐0.052*** (0.006) 0.005 (0.004)
Samsung Messages ‐0.033*** (0.009) 0.006 (0.004) ‐0.098*** (0.013) 0.031*** (0.004)
Message+ ‐0.001 (0.001) 0.001 (0.001) ‐0.012*** (0.001) 0.008*** (0.001)
Motorola Messages ‐0.001 (0.001) ‐0.001 (0.001) ‐0.012*** (0.002) 0.006*** (0.002)

Streaming 0.042** (0.017) ‐0.009 (0.008) ‐0.090*** (0.009) ‐0.077*** (0.014)
Hulu ‐0.001 (0.004) 0.003 (0.011) ‐0.004* (0.002) ‐0.002 (0.005)
Netflix ‐0.003 (0.003) ‐0.029*** (0.008) ‐0.010*** (0.002) ‐0.028*** (0.007)
Prime Video ‐0.002* (0.001) 0.005*** (0.002) ‐0.002** (0.001) 0.003*** (0.001)
Roku 0.000 (0.002) 0.002 (0.003) ‐0.003 (0.002) ‐0.002 (0.002)
YouTube 0.056*** (0.014) 0.012 (0.009) ‐0.055*** (0.011) ‐0.040*** (0.008)
YouTube Vanced ‐0.001 (0.001) 0.000 (0.002) ‐0.001 (0.001) ‐0.004*** (0.001)
Spotify 0.001 (0.002) ‐0.009*** (0.002) ‐0.003 (0.002) ‐0.011*** (0.001)
YouTube Music ‐0.007*** (0.003) 0.008** (0.003) ‐0.012*** (0.002) 0.007* (0.003)

Entertainment 0.005 (0.004) 0.020** (0.009) 0.000 (0.005) 0.014*** (0.002)
Pokémon GO 0.004* (0.002) 0.004** (0.002) 0.006 (0.006) 0.003*** (0.001)
Candy Crush ‐0.004** (0.001) 0.008*** (0.001) ‐0.009*** (0.001) 0.011*** (0.001)
Daydream 0.004 (0.003) 0.000 (0.002) 0.004** (0.002) ‐0.001 (0.002)
Amazon Kindle 0.002 (0.002) 0.001 (0.005) 0.002 (0.001) ‐0.001 (0.003)
Archive of Our Own ‐0.002 (0.002) 0.007 (0.008) ‐0.002** (0.001) 0.002 (0.001)

Voice or video calls ‐0.016 (0.013) 0.004 (0.005) ‐0.068*** (0.021) 0.037*** (0.012)
Phone/Dialer ‐0.010 (0.010) ‐0.005 (0.006) ‐0.048*** (0.016) 0.018** (0.008)
Contacts ‐0.003 (0.002) 0.003*** (0.001) ‐0.012*** (0.004) 0.010*** (0.004)
Google Duo ‐0.003 (0.002) 0.006** (0.003) ‐0.009*** (0.001) 0.009*** (0.002)

Email ‐0.021 (0.064) 0.035 (0.032) ‐0.160*** (0.031) 0.117*** (0.018)
Gmail ‐0.028 (0.030) 0.033*** (0.011) ‐0.092*** (0.018) 0.050*** (0.007)
Yahoo Mail 0.007 (0.015) ‐0.007 (0.013) ‐0.038*** (0.006) 0.037*** (0.004)
Outlook 0.004 (0.014) 0.008 (0.006) ‐0.022*** (0.008) 0.021*** (0.004)
AOL Mail ‐0.004 (0.003) 0.000 (0.004) ‐0.009*** (0.002) 0.009*** (0.001)

News 0.005 (0.004) ‐0.003 (0.003) ‐0.007* (0.004) 0.006* (0.003)
NewsBreak ‐0.000 (0.002) 0.000 (0.002) ‐0.002 (0.003) 0.001 (0.004)
MSN 0.002 (0.002) ‐0.001 (0.002) ‐0.006*** (0.002) 0.006*** (0.002)
ESPN 0.003 (0.003) ‐0.003 (0.003) 0.001 (0.001) ‐0.001** (0.001)

Other ‐0.001 (0.030) 0.085*** (0.024) ‐0.179*** (0.009) 0.057*** (0.020)
Google Docs ‐0.032*** (0.009) 0.032*** (0.008) ‐0.013*** (0.002) 0.013*** (0.003)
Google Maps ‐0.004 (0.003) 0.021*** (0.003) ‐0.002 (0.004) 0.018*** (0.004)
Google Search 0.018** (0.007) 0.002 (0.009) ‐0.060*** (0.007) 0.000 (0.008)
Amazon 0.007 (0.005) 0.018* (0.010) ‐0.021*** (0.006) 0.018*** (0.005)

Notes: This table reports the estimated α̂1 and α̂2 coefficients, i.e. the substitution rates for the 35+ age group and the
differentials for the 18–34 age group from Equation (1.2) on the service level. Columns 1 and 2 reports the estimates for
the levels specification, columns 3 and 4 reports the estimates for the shares specification. Statistical significance levels
are denoted as follows: * 90%, ** 95%, *** 99%.
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TABLE A13. Substitution rates for different age groups: Spain

Levels Shares

α̂1

35+ years
α̂2

∆ 18–34 years
α̂1

35+ years
α̂2

∆ 18–34 years

Device 0.362*** (0.055) 0.027 (0.100) — —
Social media ‐0.087*** (0.014) ‐0.093** (0.046) ‐0.112*** (0.010) ‐0.151*** (0.031)
TikTok ‐0.035*** (0.010) ‐0.024 (0.023) ‐0.046*** (0.007) ‐0.022 (0.019)
Twitch 0.005 (0.004) 0.019 (0.024) 0.004 (0.003) ‐0.018 (0.019)
Twitter ‐0.056*** (0.009) ‐0.086*** (0.020) ‐0.070*** (0.007) ‐0.110*** (0.020)

Messaging ‐0.107*** (0.007) ‐0.034*** (0.012) ‐0.105*** (0.006) ‐0.044*** (0.012)
Telegram ‐0.107*** (0.007) ‐0.033*** (0.012) ‐0.105*** (0.006) ‐0.043*** (0.012)

Streaming ‐0.053** (0.021) 0.021 (0.046) ‐0.069*** (0.013) 0.002 (0.045)
YouTube ‐0.027 (0.017) 0.040 (0.034) ‐0.058*** (0.012) 0.034 (0.041)
Netflix ‐0.009 (0.010) ‐0.040** (0.017) ‐0.002 (0.008) ‐0.042** (0.017)
Prime Video ‐0.014** (0.006) 0.005 (0.010) ‐0.007* (0.004) 0.000 (0.011)
Movistar Plus ‐0.002 (0.006) 0.003 (0.007) 0.002 (0.004) ‐0.006 (0.005)
Spotify ‐0.000 (0.003) 0.002 (0.004) ‐0.002 (0.004) 0.000 (0.005)
XVideos 0.001 (0.002) 0.004* (0.002) ‐0.001 (0.002) 0.007** (0.003)
RTVE ‐0.000 (0.002) ‐0.009** (0.004) 0.004 (0.003) ‐0.007 (0.005)
Mitele ‐0.002 (0.002) 0.003 (0.005) ‐0.003 (0.003) 0.014 (0.010)
Atresplayer ‐0.002 (0.002) 0.003 (0.004) ‐0.001 (0.004) ‐0.001 (0.005)
Disney+ 0.000 (0.002) 0.009 (0.011) ‐0.000 (0.002) 0.006 (0.007)

Entertainment ‐0.012 (0.014) 0.002 (0.017) ‐0.034*** (0.009) 0.009 (0.015)
Candy Crush ‐0.004 (0.010) 0.002 (0.010) ‐0.014** (0.007) 0.013* (0.007)
Pokémon GO ‐0.005 (0.005) 0.005 (0.007) ‐0.003 (0.003) ‐0.006 (0.010)
Township ‐0.007 (0.005) 0.005 (0.005) ‐0.005 (0.004) 0.005 (0.004)
Farm Heroes Saga ‐0.000 (0.003) ‐0.002 (0.006) ‐0.005 (0.003) 0.003 (0.006)
Homescapes 0.004 (0.005) ‐0.007 (0.006) ‐0.005* (0.003) ‐0.005 (0.006)
Parchisi 0.008 (0.005) ‐0.002 (0.005) 0.006 (0.004) ‐0.002 (0.005)
Gardenscapes ‐0.005 (0.004) 0.001 (0.006) ‐0.005 (0.004) ‐0.000 (0.005)
Clash Royale ‐0.003 (0.002) 0.000 (0.003) ‐0.003 (0.003) 0.000 (0.004)

Voice or video calls ‐0.035*** (0.006) 0.002 (0.008) ‐0.053*** (0.006) ‐0.013 (0.013)
Phone/Dialer ‐0.022*** (0.005) ‐0.009 (0.007) ‐0.043*** (0.005) ‐0.020 (0.013)
Contacts ‐0.013*** (0.003) 0.012*** (0.003) ‐0.011*** (0.002) 0.007*** (0.002)

Email ‐0.051*** (0.012) 0.009 (0.013) ‐0.086*** (0.011) 0.029* (0.016)
Gmail ‐0.010 (0.008) ‐0.018* (0.011) ‐0.028*** (0.007) ‐0.005 (0.011)
Outlook ‐0.030*** (0.006) 0.016** (0.006) ‐0.042*** (0.008) 0.018 (0.012)
Yahoo Mail ‐0.011*** (0.004) 0.012*** (0.004) ‐0.016*** (0.005) 0.017*** (0.005)

News ‐0.015*** (0.005) 0.013** (0.005) ‐0.023*** (0.005) 0.018** (0.008)
AS ‐0.001 (0.002) 0.001 (0.002) ‐0.004 (0.003) 0.004 (0.003)
Marca 0.001 (0.002) ‐0.000 (0.002) ‐0.002 (0.004) 0.000 (0.004)
MSN ‐0.006** (0.002) 0.005** (0.002) ‐0.009** (0.004) 0.009** (0.003)
20 Minutos ‐0.009*** (0.002) 0.009*** (0.002) ‐0.009*** (0.002) 0.009*** (0.002)
El Pais ‐0.000 (0.002) ‐0.003* (0.002) 0.001 (0.002) ‐0.005 (0.003)

Other ‐0.055*** (0.014) 0.056* (0.029) ‐0.174*** (0.012) 0.078*** (0.028)
Google Maps 0.001 (0.005) ‐0.002 (0.008) 0.000 (0.005) ‐0.011 (0.011)
Google Docs ‐0.000 (0.003) 0.007 (0.008) ‐0.000 (0.003) ‐0.002 (0.010)
Google Search ‐0.026*** (0.005) 0.023** (0.010) ‐0.034*** (0.007) 0.015 (0.011)
Amazon ‐0.000 (0.004) 0.011 (0.008) ‐0.010** (0.004) 0.024*** (0.007)

Notes: This table reports the estimated α̂1 and α̂2 coefficients, i.e. the substitution rates for the 35+ age group and the
differentials for the 18–34 age group from Equation (1.2) on the service level. Columns 1 and 2 reports the estimates for
the levels specification, columns 3 and 4 reports the estimates for the shares specification. Statistical significance levels
are denoted as follows: * 90%, ** 95%, *** 99%.
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TABLE A14. Substitution rates for multi‐ and single‐homers: US

Levels Shares

α̂1

Single‐homers
α̂2

∆Multi‐homers
α̂1

Single‐homers
α̂2

∆Multi‐homers

Device — — — —
Social media ‐0.005*** (0.000) ‐0.073*** (0.019) ‐0.009*** (0.000) ‐0.170*** (0.014)
Discord ‐0.000*** (0.000) ‐0.035*** (0.004) ‐0.000*** (0.000) ‐0.070*** (0.011)
Pinterest ‐0.000*** (0.000) 0.009 (0.006) ‐0.000*** (0.000) ‐0.011 (0.014)
Reddit ‐0.001*** (0.000) 0.020 (0.018) ‐0.001*** (0.000) 0.000 (0.006)
Snapchat ‐0.000*** (0.000) ‐0.058*** (0.008) ‐0.000*** (0.000) ‐0.127*** (0.009)
TikTok ‐0.001*** (0.000) ‐0.068*** (0.011) ‐0.002*** (0.000) ‐0.108*** (0.013)
Twitch ‐0.000*** (0.000) 0.064** (0.025) ‐0.000*** (0.000) ‐0.051*** (0.017)
Twitter ‐0.004*** (0.000) ‐0.031** (0.013) ‐0.004*** (0.000) ‐0.055*** (0.005)

Messaging ‐0.001** (0.000) ‐0.094*** (0.019) ‐0.000** (0.000) ‐0.221*** (0.023)
Google Messages ‐0.000*** (0.000) ‐0.105*** (0.017) ‐0.000*** (0.000) ‐0.179*** (0.016)
Samsung Messages ‐0.000 (0.000) ‐0.098*** (0.021) ‐0.000 (0.000) ‐0.246*** (0.030)
Message+ ‐0.000 (0.000) ‐0.027 (0.024) ‐0.000 (0.000) ‐0.176*** (0.029)
Motorola Messages ‐0.000*** (0.000) ‐0.026 (0.021) ‐0.000*** (0.000) ‐0.224*** (0.023)

Streaming ‐0.012*** (0.003) 0.053*** (0.012) ‐0.018*** (0.002) ‐0.103*** (0.010)
Hulu ‐0.000** (0.000) 0.002 (0.012) ‐0.000*** (0.000) ‐0.021*** (0.003)
Netflix ‐0.002*** (0.000) ‐0.031*** (0.008) ‐0.002*** (0.000) ‐0.055*** (0.007)
Prime Video ‐0.000** (0.000) ‐0.003 (0.016) ‐0.000*** (0.000) ‐0.005 (0.010)
Roku ‐0.000*** (0.000) 0.011 (0.015) ‐0.000*** (0.000) ‐0.025* (0.014)
YouTube ‐0.024*** (0.008) 0.086*** (0.010) ‐0.029*** (0.010) ‐0.043*** (0.012)
YouTube Vanced ‐0.000 (0.000) ‐0.196 (0.324) ‐0.000*** (0.000) ‐0.360* (0.199)
Spotify ‐0.000 (0.000) ‐0.009 (0.008) ‐0.000** (0.000) ‐0.025*** (0.007)
YouTube Music ‐0.000 (0.000) ‐0.034*** (0.006) ‐0.000*** (0.000) ‐0.067*** (0.012)

Entertainment ‐0.000* (0.000) 0.059*** (0.018) ‐0.000*** (0.000) 0.030** (0.012)
Pokémon GO ‐0.000 (0.000) 0.106*** (0.034) ‐0.000 (0.000) 0.125*** (0.035)
Candy Crush ‐0.000 (0.000) ‐0.019 (0.017) ‐0.000*** (0.000) ‐0.072*** (0.016)
Daydream 0.000 (0.000) 0.150 (0.108) 0.000 (0.000) 0.142* (0.075)
Amazon Kindle ‐0.000*** (0.000) 0.045* (0.024) ‐0.000*** (0.000) 0.031 (0.020)
Archive of Our Own 0.000 (0.000) 0.038 (0.235) 0.000 (0.000) ‐0.143 (0.119)

Voice or video calls ‐0.002*** (0.000) ‐0.019 (0.016) ‐0.003*** (0.000) ‐0.069*** (0.023)
Phone/Dialer ‐0.001*** (0.000) ‐0.022 (0.015) ‐0.001*** (0.000) ‐0.068*** (0.022)
Contacts ‐0.001*** (0.000) ‐0.002 (0.004) ‐0.001*** (0.000) ‐0.011** (0.005)
Google Duo ‐0.003*** (0.000) 0.011 (0.009) ‐0.004*** (0.000) ‐0.003 (0.006)

Email ‐0.001 (0.002) ‐0.010 (0.055) ‐0.001*** (0.000) ‐0.123*** (0.029)
Gmail ‐0.002** (0.001) ‐0.018 (0.034) ‐0.001*** (0.000) ‐0.089*** (0.020)
Yahoo Mail ‐0.000* (0.000) 0.015 (0.041) ‐0.000*** (0.000) ‐0.088*** (0.022)
Outlook ‐0.001*** (0.000) 0.037 (0.062) ‐0.000*** (0.000) ‐0.071** (0.032)
AOL Mail ‐0.000*** (0.000) ‐0.051 (0.037) ‐0.000*** (0.000) ‐0.090** (0.043)

News ‐0.000*** (0.000) 0.011 (0.012) ‐0.001*** (0.000) ‐0.011 (0.010)
NewsBreak ‐0.000*** (0.000) 0.001 (0.008) ‐0.000*** (0.000) ‐0.007 (0.013)
MSN ‐0.000*** (0.000) 0.011 (0.012) ‐0.000*** (0.000) ‐0.031* (0.016)
ESPN ‐0.000 (0.000) 0.020 (0.018) ‐0.000 (0.000) 0.008 (0.008)

Other 0.000 (0.003) 0.027 (0.021) ‐0.000 (0.001) ‐0.158*** (0.004)
Google Docs ‐0.000*** (0.000) ‐0.080*** (0.022) ‐0.001*** (0.000) ‐0.036*** (0.007)
Google Maps ‐0.001*** (0.000) 0.005** (0.003) ‐0.003*** (0.000) 0.011*** (0.003)
Google Search ‐0.001*** (0.000) 0.020*** (0.004) ‐0.002*** (0.000) ‐0.060*** (0.006)
Amazon ‐0.001** (0.000) 0.015*** (0.005) ‐0.001*** (0.000) ‐0.016*** (0.005)

Notes: This table reports the estimated α̂1 and α̂2 coefficients, i.e. the substitution rates for single‐homers and the dif‐
ferentials for multi‐homers from Equation (1.2) on the service level. Columns 1 and 2 reports the estimates for the levels
specification, columns 3 and 4 reports the estimates for the shares specification. Statistical significance levels are denoted
as follows: * 90%, ** 95%, *** 99%.
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TABLE A15. Substitution rates for multi‐ and single‐homers: Spain

Levels Shares

α̂1

Single‐homers
α̂2

∆Multi‐homers
α̂1

Single‐homers
α̂2

∆Multi‐homers

Device — — — —
Social media ‐0.001*** (0.000) ‐0.134*** (0.010) ‐0.002*** (0.000) ‐0.188*** (0.007)
TikTok ‐0.001*** (0.000) ‐0.103*** (0.029) ‐0.001*** (0.000) ‐0.148*** (0.013)
Twitch ‐0.000 (0.000) 0.066 (0.050) ‐0.000 (0.000) ‐0.004 (0.033)
Twitter ‐0.007*** (0.000) ‐0.099*** (0.012) ‐0.011*** (0.001) ‐0.123*** (0.006)

Messaging ‐0.034*** (0.002) ‐0.183*** (0.013) ‐0.030*** (0.002) ‐0.209*** (0.010)
Telegram ‐0.034*** (0.002) ‐0.183*** (0.013) ‐0.030*** (0.002) ‐0.209*** (0.010)

Streaming ‐0.009 (0.008) ‐0.038 (0.025) ‐0.003 (0.002) ‐0.067*** (0.008)
YouTube ‐0.011*** (0.003) ‐0.006 (0.014) ‐0.021*** (0.006) ‐0.029*** (0.011)
Netflix ‐0.002*** (0.001) ‐0.047 (0.029) ‐0.003*** (0.000) ‐0.029 (0.021)
Prime Video ‐0.000*** (0.000) ‐0.040** (0.016) ‐0.000*** (0.000) ‐0.023* (0.014)
Movistar Plus ‐0.000 (0.000) ‐0.008 (0.040) ‐0.000 (0.000) 0.001 (0.024)
Spotify ‐0.000*** (0.000) 0.001 (0.005) ‐0.000*** (0.000) ‐0.006 (0.009)
XVideos ‐0.001*** (0.000) 0.017 (0.010) ‐0.001*** (0.000) 0.011 (0.014)
RTVE ‐0.000*** (0.000) ‐0.010 (0.007) ‐0.000** (0.000) 0.010 (0.012)
Mitele ‐0.000 (0.000) ‐0.012 (0.018) ‐0.000 (0.000) 0.002 (0.046)
Atresplayer ‐0.001*** (0.000) ‐0.008 (0.014) ‐0.001*** (0.000) ‐0.003 (0.031)
Disney+ ‐0.001** (0.001) 0.034 (0.028) ‐0.001* (0.001) 0.020 (0.020)

Entertainment ‐0.009*** (0.001) ‐0.012 (0.052) ‐0.006*** (0.001) ‐0.143*** (0.035)
Candy Crush ‐0.000* (0.000) ‐0.044 (0.087) ‐0.000** (0.000) ‐0.161** (0.070)
Pokémon GO 0.000 (0.000) ‐0.078 (0.079) ‐0.000 (0.000) ‐0.104 (0.068)
Township ‐0.000 (0.000) ‐0.385* (0.229) ‐0.000 (0.000) ‐0.293* (0.172)
Farm Heroes Saga 0.000 (0.000) ‐0.042 (0.103) ‐0.000 (0.000) ‐0.198 (0.120)
Homescapes ‐0.002*** (0.000) 0.102 (0.105) ‐0.002* (0.001) ‐0.172* (0.090)
Parchisi ‐0.001 (0.001) 0.321** (0.139) ‐0.001 (0.001) 0.287** (0.145)
Gardenscapes ‐0.004*** (0.000) ‐0.019 (0.115) ‐0.003*** (0.000) ‐0.079 (0.168)
Clash Royale ‐0.003*** (0.001) ‐0.017 (0.065) ‐0.001*** (0.000) ‐0.068 (0.101)

Voice or video calls ‐0.000 (0.000) ‐0.051*** (0.006) ‐0.000 (0.000) ‐0.084*** (0.006)
Phone/Dialer ‐0.000*** (0.000) ‐0.040*** (0.006) ‐0.000*** (0.000) ‐0.079*** (0.006)
Contacts ‐0.000*** (0.000) ‐0.017*** (0.003) ‐0.001*** (0.000) ‐0.014*** (0.002)

Email ‐0.000*** (0.000) ‐0.049*** (0.012) ‐0.000*** (0.000) ‐0.080*** (0.008)
Gmail ‐0.001*** (0.000) ‐0.015* (0.008) ‐0.001*** (0.000) ‐0.033*** (0.008)
Outlook ‐0.000 (0.000) ‐0.043*** (0.008) ‐0.000 (0.000) ‐0.063*** (0.013)
Yahoo Mail ‐0.000*** (0.000) ‐0.074*** (0.022) ‐0.000*** (0.000) ‐0.112*** (0.041)

News ‐0.002*** (0.000) ‐0.014*** (0.005) ‐0.003*** (0.000) ‐0.022*** (0.006)
AS ‐0.000*** (0.000) ‐0.002 (0.005) ‐0.001*** (0.000) ‐0.007 (0.010)
Marca ‐0.001*** (0.000) 0.006 (0.007) ‐0.001*** (0.000) ‐0.004 (0.010)
MSN ‐0.001*** (0.000) ‐0.019** (0.008) ‐0.001*** (0.000) ‐0.027** (0.013)
20 Minutos ‐0.001*** (0.000) ‐0.018*** (0.004) ‐0.001*** (0.000) ‐0.018*** (0.005)
El Pais ‐0.002*** (0.000) 0.001 (0.003) ‐0.002*** (0.000) 0.004 (0.004)

Other ‐0.000 (0.000) ‐0.040*** (0.013) ‐0.000 (0.000) ‐0.155*** (0.007)
Google Maps ‐0.000 (0.000) 0.001 (0.003) ‐0.000 (0.000) ‐0.004 (0.004)
Google Docs ‐0.001*** (0.000) 0.005 (0.006) ‐0.001*** (0.000) 0.000 (0.006)
Google Search 0.000 (0.000) ‐0.020*** (0.003) ‐0.000 (0.000) ‐0.030*** (0.004)
Amazon ‐0.008*** (0.003) 0.012*** (0.004) ‐0.006*** (0.001) 0.002 (0.004)

Notes: This table reports the estimated α̂1 and α̂2 coefficients, i.e. the substitution rates for single‐homers and the dif‐
ferentials for multi‐homers from Equation (1.2) on the service level. Columns 1 and 2 reports the estimates for the levels
specification, columns 3 and 4 reports the estimates for the shares specification. Statistical significance levels are denoted
as follows: * 90%, ** 95%, *** 99%.
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Substitution by Primary Meta Service: Service-Level Results

TABLE A16. Substitution rates for different primary Meta service: US – levels

Levels

α̂1

Facebook
α̂2

∆ Instagram
α̂3

∆WhatsApp
α̂4

∆Mixed

Device 1.319*** (0.197) 0.041 (0.271) ‐0.268 (0.465) ‐0.687** (0.331)
Social media ‐0.066*** (0.017) ‐0.008 (0.067) ‐0.094 (0.091) ‐0.176 (0.112)
Discord 0.001 (0.003) ‐0.031** (0.012) ‐0.033 (0.027) 0.003 (0.008)
Pinterest 0.003 (0.003) 0.003 (0.007) 0.009 (0.018) ‐0.006 (0.007)
Reddit ‐0.000 (0.007) 0.046** (0.022) ‐0.048 (0.048) ‐0.022 (0.017)
Snapchat ‐0.016*** (0.002) ‐0.037** (0.015) 0.006 (0.027) ‐0.010 (0.014)
TikTok ‐0.035*** (0.004) ‐0.025 (0.028) ‐0.011 (0.058) ‐0.039 (0.073)
Twitch 0.001 (0.005) 0.035* (0.019) ‐0.005 (0.015) ‐0.100** (0.041)
Twitter ‐0.019** (0.008) ‐0.000 (0.019) ‐0.012 (0.025) ‐0.001 (0.009)

Messaging ‐0.062*** (0.013) 0.032*** (0.010) ‐0.072 (0.053) ‐0.069 (0.049)
Google Messages ‐0.028*** (0.005) 0.018*** (0.007) ‐0.045* (0.023) 0.024 (0.023)
Samsung Messages ‐0.032*** (0.008) 0.013** (0.006) ‐0.038 (0.048) ‐0.035 (0.031)
Message+ ‐0.001 (0.002) ‐0.000 (0.003) ‐0.001 (0.006) ‐0.032*** (0.010)
Motorola Messages ‐0.001 (0.001) 0.001 (0.002) 0.013 (0.016) ‐0.026*** (0.009)

Streaming 0.047** (0.021) ‐0.026 (0.045) ‐0.200 (0.182) ‐0.046 (0.107)
Hulu ‐0.001 (0.005) 0.008 (0.009) 0.013 (0.010) ‐0.030 (0.040)
Netflix ‐0.008** (0.003) ‐0.027 (0.017) ‐0.021 (0.068) 0.017 (0.038)
Prime Video ‐0.001 (0.002) 0.007* (0.003) ‐0.036** (0.014) 0.001 (0.002)
Roku 0.000 (0.002) 0.008** (0.004) ‐0.027 (0.023) ‐0.004 (0.015)
YouTube 0.066*** (0.017) ‐0.018 (0.040) ‐0.226 (0.182) ‐0.049 (0.085)
YouTube Vanced 0.000 (0.002) ‐0.011** (0.005) 0.002 (0.033) ‐0.000 (0.002)
Spotify ‐0.004** (0.002) 0.009 (0.005) 0.006 (0.016) 0.013 (0.009)
YouTube Music ‐0.006** (0.003) ‐0.001 (0.006) 0.088** (0.038) 0.006 (0.017)

Entertainment 0.010* (0.006) 0.003 (0.015) ‐0.015 (0.026) 0.035 (0.070)
Pokémon GO 0.006** (0.003) ‐0.003 (0.004) ‐0.027 (0.019) 0.002 (0.008)
Candy Crush ‐0.003 (0.002) 0.008 (0.006) 0.001 (0.010) 0.004 (0.013)
Daydream 0.003 (0.005) 0.002 (0.010) 0.016 (0.020) 0.033 (0.052)
Amazon Kindle 0.002 (0.002) 0.004 (0.005) ‐0.001 (0.003) ‐0.002 (0.002)
Archive of Our Own 0.002 (0.004) ‐0.008 (0.007) ‐0.004 (0.004) ‐0.002 (0.004)

Voice or video calls ‐0.018 (0.012) 0.026*** (0.009) ‐0.048 (0.044) 0.003 (0.016)
Phone/Dialer ‐0.012 (0.009) 0.013** (0.006) ‐0.095*** (0.028) ‐0.000 (0.009)
Contacts ‐0.004 (0.003) 0.004 (0.004) 0.047 (0.038) 0.005 (0.012)
Google Duo ‐0.002 (0.002) 0.008** (0.004) 0.000 (0.012) ‐0.003 (0.005)

Email ‐0.011 (0.058) 0.035 (0.033) ‐0.190** (0.089) ‐0.068 (0.071)
Gmail ‐0.022 (0.030) 0.047* (0.026) ‐0.137 (0.093) 0.037 (0.040)
Yahoo Mail 0.005 (0.014) 0.002 (0.013) ‐0.032 (0.049) 0.003 (0.014)
Outlook 0.010 (0.016) ‐0.009 (0.012) ‐0.018 (0.013) ‐0.115 (0.076)
AOL Mail ‐0.003 (0.005) ‐0.005 (0.014) ‐0.004 (0.007) 0.008 (0.008)

News 0.005 (0.004) ‐0.015 (0.013) 0.012 (0.010) ‐0.006 (0.005)
NewsBreak ‐0.001 (0.001) 0.002 (0.002) 0.014* (0.008) 0.000 (0.001)
MSN ‐0.000 (0.003) 0.011 (0.009) 0.003 (0.005) 0.000 (0.003)
ESPN 0.006** (0.003) ‐0.028** (0.012) ‐0.005 (0.004) ‐0.006** (0.003)

Other 0.011 (0.027) 0.116** (0.054) 0.036 (0.123) ‐0.143** (0.058)
Google Docs ‐0.029*** (0.009) 0.046*** (0.015) 0.061*** (0.022) 0.020* (0.012)
Google Maps 0.001 (0.003) 0.018** (0.009) ‐0.029 (0.038) ‐0.054 (0.037)
Google Search 0.018*** (0.005) 0.009 (0.015) ‐0.040 (0.039) ‐0.090*** (0.027)
Amazon 0.012** (0.005) ‐0.005 (0.011) 0.059 (0.037) ‐0.010 (0.016)

Notes: This table reports the estimated α̂1, α̂2, α̂3, and α̂4 coefficients, i.e. the substitution rates for userswith Facebook
as their primary Meta service and the differentials for users with Instagram, WhatsApp, or a mix of Meta services as
their primary Meta service from Equation (1.2) on the service level. Columns 1 to 4 report the estimates for the levels
specification. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.
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TABLE A17. Substitution rates for different primary Meta service: US – shares

Shares

α̂1

Facebook
α̂2

∆ Instagram
α̂3

∆WhatsApp
α̂4

∆Mixed

Device — — — —
Social media ‐0.135*** (0.008) ‐0.177*** (0.034) 0.060 (0.089) 0.172** (0.086)
Discord ‐0.003 (0.002) ‐0.022*** (0.007) ‐0.052 (0.033) 0.019 (0.015)
Pinterest ‐0.004** (0.002) ‐0.008 (0.019) 0.020 (0.015) 0.006 (0.008)
Reddit ‐0.001 (0.003) ‐0.002 (0.007) 0.035 (0.027) 0.005 (0.010)
Snapchat ‐0.042*** (0.003) ‐0.060*** (0.016) ‐0.032 (0.034) ‐0.006 (0.021)
TikTok ‐0.064*** (0.009) ‐0.011 (0.014) 0.089* (0.046) 0.150 (0.096)
Twitch ‐0.002 (0.001) ‐0.010** (0.004) ‐0.003 (0.016) 0.001 (0.002)
Twitter ‐0.019*** (0.003) ‐0.064*** (0.012) 0.003 (0.019) ‐0.002 (0.032)

Messaging ‐0.162*** (0.018) 0.079*** (0.017) ‐0.120** (0.056) ‐0.251** (0.097)
Google Messages ‐0.055*** (0.006) 0.024** (0.010) 0.006 (0.038) 0.033 (0.052)
Samsung Messages ‐0.087*** (0.013) 0.032*** (0.009) ‐0.092** (0.036) ‐0.244*** (0.077)
Message+ ‐0.010*** (0.001) 0.014*** (0.003) ‐0.001 (0.014) ‐0.026 (0.017)
Motorola Messages ‐0.011*** (0.002) 0.009*** (0.003) ‐0.033* (0.018) ‐0.014 (0.017)

Streaming ‐0.100*** (0.011) ‐0.074*** (0.023) ‐0.210** (0.095) ‐0.207 (0.126)
Hulu ‐0.007*** (0.002) 0.016** (0.006) 0.010 (0.014) ‐0.046 (0.071)
Netflix ‐0.013*** (0.003) ‐0.036*** (0.010) ‐0.014 (0.037) ‐0.104 (0.081)
Prime Video ‐0.001 (0.001) 0.007** (0.003) ‐0.037** (0.015) 0.003 (0.003)
Roku ‐0.003* (0.002) 0.004 (0.003) ‐0.023 (0.028) 0.002 (0.014)
YouTube ‐0.055*** (0.010) ‐0.062** (0.026) ‐0.191*** (0.067) ‐0.084 (0.082)
YouTube Vanced ‐0.003** (0.001) ‐0.001 (0.003) 0.018 (0.019) 0.003** (0.001)
Spotify ‐0.007*** (0.003) 0.009* (0.005) ‐0.028 (0.017) ‐0.017 (0.022)
YouTube Music ‐0.010*** (0.003) ‐0.011 (0.008) 0.055* (0.031) 0.038* (0.021)

Entertainment 0.005 (0.004) 0.000 (0.011) 0.005 (0.026) 0.041 (0.064)
Pokémon GO 0.007 (0.004) 0.000 (0.009) ‐0.005 (0.039) ‐0.001 (0.010)
Candy Crush ‐0.006*** (0.002) 0.005 (0.004) 0.001 (0.010) ‐0.004 (0.014)
Daydream 0.004 (0.003) ‐0.008 (0.007) 0.007 (0.010) 0.045 (0.046)
Amazon Kindle 0.000 (0.002) 0.005 (0.005) 0.003 (0.004) ‐0.000 (0.002)
Archive of Our Own ‐0.001 (0.001) ‐0.002 (0.003) ‐0.002 (0.002) 0.001 (0.001)

Voice or video calls ‐0.053*** (0.020) 0.008 (0.010) ‐0.114*** (0.040) 0.013 (0.031)
Phone/Dialer ‐0.038** (0.015) 0.001 (0.009) ‐0.141*** (0.042) 0.026 (0.025)
Contacts ‐0.009** (0.004) ‐0.000 (0.005) 0.043* (0.023) ‐0.011 (0.018)
Google Duo ‐0.006*** (0.002) 0.007 (0.005) ‐0.016* (0.009) ‐0.001 (0.003)

Email ‐0.129*** (0.027) 0.079*** (0.015) ‐0.015 (0.039) 0.054 (0.043)
Gmail ‐0.078*** (0.017) 0.034*** (0.010) ‐0.025 (0.031) 0.027 (0.038)
Yahoo Mail ‐0.027*** (0.006) 0.022*** (0.006) ‐0.001 (0.014) 0.022* (0.012)
Outlook ‐0.018** (0.007) 0.021*** (0.005) 0.018 (0.014) ‐0.001 (0.018)
AOL Mail ‐0.005* (0.003) 0.001 (0.003) ‐0.007 (0.007) 0.007 (0.004)

News ‐0.007** (0.004) 0.016* (0.008) 0.026 (0.018) 0.010** (0.005)
NewsBreak ‐0.004 (0.003) 0.009 (0.006) 0.030* (0.016) 0.004* (0.002)
MSN ‐0.005*** (0.002) 0.010* (0.005) 0.006*** (0.002) 0.005*** (0.002)
ESPN 0.002 (0.001) ‐0.004 (0.002) ‐0.010 (0.011) 0.000 (0.003)

Other ‐0.165*** (0.009) 0.065** (0.033) ‐0.054 (0.082) ‐0.176** (0.088)
Google Docs ‐0.009*** (0.002) 0.009** (0.004) 0.023* (0.012) ‐0.047 (0.038)
Google Maps 0.001 (0.004) 0.030** (0.012) ‐0.006 (0.037) ‐0.087* (0.047)
Google Search ‐0.061*** (0.007) 0.015* (0.009) ‐0.045 (0.044) ‐0.024 (0.055)
Amazon ‐0.014** (0.006) ‐0.014 (0.012) 0.066*** (0.018) 0.059 (0.051)

Notes: This table reports the estimated α̂1, α̂2, α̂3, and α̂4 coefficients, i.e. the substitution rates for userswith Facebook
as their primary Meta service and the differentials for users with Instagram, WhatsApp, or a mix of Meta services as
their primary Meta service from Equation (1.2) on the service level. Columns 1 to 4 report the estimates for the shares
specification. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.
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TABLE A18. Substitution rates for different primary Meta service: Spain – levels

Levels

α̂1

Facebook
α̂2

∆ Instagram
α̂3

∆WhatsApp
α̂4

∆Mixed

Device 0.509*** (0.076) ‐0.015 (0.088) ‐0.392*** (0.118) 0.010 (0.181)
Social media ‐0.085*** (0.019) ‐0.055 (0.043) ‐0.033 (0.037) ‐0.042 (0.046)
TikTok ‐0.053*** (0.014) ‐0.001 (0.021) 0.026 (0.020) 0.022 (0.031)
Twitch ‐0.002 (0.010) 0.063** (0.026) ‐0.004 (0.020) 0.014 (0.019)
Twitter ‐0.028*** (0.010) ‐0.120*** (0.028) ‐0.056*** (0.015) ‐0.077*** (0.016)

Messaging ‐0.049*** (0.006) ‐0.033*** (0.012) ‐0.147*** (0.013) ‐0.072*** (0.017)
Telegram ‐0.049*** (0.006) ‐0.033*** (0.012) ‐0.147*** (0.013) ‐0.072*** (0.017)

Streaming ‐0.057 (0.039) ‐0.009 (0.053) 0.002 (0.062) 0.086 (0.082)
YouTube ‐0.019 (0.027) ‐0.042 (0.038) 0.014 (0.042) 0.046 (0.044)
Netflix ‐0.034** (0.016) 0.037* (0.020) 0.027 (0.018) ‐0.010 (0.035)
Prime Video ‐0.010 (0.011) ‐0.009 (0.014) ‐0.014 (0.016) 0.030 (0.021)
Movistar Plus ‐0.001 (0.009) 0.003 (0.013) ‐0.003 (0.011) 0.005 (0.012)
Spotify ‐0.001 (0.006) 0.001 (0.008) 0.000 (0.007) 0.008 (0.006)
XVideos 0.004 (0.003) ‐0.002 (0.004) ‐0.004 (0.004) ‐0.005 (0.007)
RTVE 0.002 (0.003) ‐0.010 (0.006) ‐0.010** (0.004) 0.006 (0.005)
Mitele 0.004 (0.004) ‐0.005 (0.005) ‐0.010** (0.004) ‐0.004 (0.004)
Atresplayer ‐0.002 (0.003) 0.003 (0.005) ‐0.002 (0.004) 0.008* (0.005)
Disney+ 0.003 (0.005) 0.006 (0.008) ‐0.004 (0.005) ‐0.000 (0.008)

Entertainment 0.002 (0.023) ‐0.036 (0.032) ‐0.016 (0.029) ‐0.015 (0.033)
Candy Crush ‐0.011 (0.014) ‐0.011 (0.022) 0.014 (0.018) 0.034 (0.022)
Pokémon GO ‐0.004 (0.003) 0.010 (0.009) 0.003 (0.008) ‐0.013 (0.016)
Township ‐0.007 (0.006) 0.002 (0.007) 0.002 (0.011) 0.006 (0.007)
Farm Heroes Saga 0.005 (0.006) ‐0.010 (0.008) ‐0.011 (0.007) ‐0.001 (0.010)
Homescapes 0.014* (0.008) ‐0.015 (0.009) ‐0.021** (0.010) ‐0.013 (0.008)
Parchisi 0.004 (0.006) ‐0.002 (0.006) 0.009 (0.010) 0.005 (0.011)
Gardenscapes ‐0.000 (0.003) ‐0.004 (0.007) ‐0.005 (0.005) ‐0.016*** (0.005)
Clash Royale 0.001 (0.002) ‐0.004 (0.004) ‐0.005 (0.004) ‐0.014*** (0.004)

Voice or video calls ‐0.004 (0.007) ‐0.018* (0.010) ‐0.075*** (0.011) ‐0.010 (0.023)
Phone/Dialer ‐0.002 (0.007) ‐0.021** (0.010) ‐0.048*** (0.009) ‐0.017 (0.021)
Contacts ‐0.002* (0.001) 0.003*** (0.001) ‐0.027*** (0.006) 0.007* (0.004)

Email ‐0.077*** (0.012) 0.038** (0.018) 0.043 (0.033) 0.053*** (0.016)
Gmail ‐0.014** (0.007) ‐0.007 (0.015) 0.010 (0.019) ‐0.021* (0.012)
Outlook ‐0.055*** (0.009) 0.043*** (0.013) 0.037*** (0.011) 0.067*** (0.012)
Yahoo Mail ‐0.007 (0.005) 0.001 (0.006) ‐0.005 (0.012) 0.004 (0.005)

News ‐0.017** (0.007) 0.009 (0.010) 0.005 (0.010) 0.012 (0.010)
AS ‐0.003 (0.005) 0.003 (0.005) 0.004 (0.005) 0.004 (0.005)
Marca 0.001 (0.003) 0.003 (0.003) 0.001 (0.005) ‐0.006 (0.005)
MSN ‐0.011** (0.005) 0.011** (0.005) 0.006 (0.005) 0.011** (0.005)
20 Minutos ‐0.003 (0.004) ‐0.013*** (0.004) ‐0.003 (0.002) 0.001 (0.004)
El Pais ‐0.001 (0.002) 0.003 (0.003) ‐0.003 (0.004) 0.001 (0.002)

Other ‐0.064*** (0.020) 0.036 (0.039) 0.042 (0.042) 0.026 (0.044)
Google Maps 0.005 (0.003) 0.007 (0.006) ‐0.020*** (0.007) 0.014 (0.011)
Google Docs 0.005 (0.003) ‐0.009 (0.006) ‐0.004 (0.008) ‐0.001 (0.003)
Google Search ‐0.048*** (0.007) 0.033 (0.021) 0.052*** (0.011) 0.033** (0.014)
Amazon 0.007 (0.005) ‐0.005 (0.014) ‐0.001 (0.008) ‐0.021* (0.012)

Notes: This table reports the estimated α̂1, α̂2, α̂3, and α̂4 coefficients, i.e. the substitution rates for userswith Facebook
as their primary Meta service and the differentials for users with Instagram, WhatsApp, or a mix of Meta services as
their primary Meta service from Equation (1.2) on the service level. Columns 1 to 4 report the estimates for the levels
specification. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.
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TABLE A19. Substitution rates for different primary Meta service: Spain – shares

Shares

α̂1

Facebook
α̂2

∆ Instagram
α̂3

∆WhatsApp
α̂4

∆Mixed

Device — — — —
Social media ‐0.092*** (0.016) ‐0.159*** (0.043) ‐0.030 (0.027) ‐0.162*** (0.024)
TikTok ‐0.039*** (0.013) ‐0.028 (0.030) 0.005 (0.017) ‐0.072** (0.028)
Twitch 0.001 (0.007) 0.016 (0.025) ‐0.012 (0.010) 0.007 (0.012)
Twitter ‐0.054*** (0.014) ‐0.146*** (0.031) ‐0.022 (0.018) ‐0.090*** (0.023)

Messaging ‐0.039*** (0.007) ‐0.032** (0.015) ‐0.153*** (0.011) ‐0.090*** (0.017)
Telegram ‐0.038*** (0.007) ‐0.032** (0.015) ‐0.153*** (0.011) ‐0.091*** (0.017)

Streaming ‐0.069** (0.032) 0.013 (0.051) ‐0.048 (0.045) 0.121*** (0.041)
YouTube ‐0.056** (0.024) ‐0.001 (0.040) ‐0.008 (0.034) 0.073** (0.037)
Netflix ‐0.013 (0.016) 0.022 (0.024) ‐0.010 (0.021) 0.009 (0.020)
Prime Video ‐0.006 (0.009) ‐0.005 (0.014) ‐0.006 (0.011) 0.016 (0.014)
Movistar Plus 0.001 (0.008) ‐0.007 (0.008) ‐0.000 (0.009) 0.004 (0.008)
Spotify ‐0.001 (0.005) 0.002 (0.009) ‐0.006 (0.007) 0.008 (0.006)
XVideos ‐0.001 (0.005) 0.003 (0.005) ‐0.000 (0.005) 0.009 (0.010)
RTVE 0.008 (0.005) ‐0.020** (0.010) ‐0.007 (0.006) ‐0.002 (0.008)
Mitele 0.004 (0.006) 0.006 (0.010) ‐0.011 (0.008) ‐0.004 (0.007)
Atresplayer 0.001 (0.006) ‐0.004 (0.006) ‐0.003 (0.007) ‐0.001 (0.006)
Disney+ ‐0.003 (0.005) 0.012* (0.007) 0.002 (0.005) 0.008 (0.006)

Entertainment ‐0.033* (0.018) 0.003 (0.027) 0.007 (0.024) ‐0.013 (0.033)
Candy Crush ‐0.018* (0.011) 0.005 (0.016) 0.014 (0.016) 0.002 (0.016)
Pokémon GO ‐0.007* (0.004) 0.012 (0.012) 0.005 (0.007) ‐0.007 (0.012)
Township ‐0.007 (0.006) 0.004 (0.007) 0.003 (0.008) 0.004 (0.007)
Farm Heroes Saga ‐0.000 (0.007) ‐0.005 (0.009) ‐0.010 (0.008) 0.006 (0.009)
Homescapes ‐0.001 (0.006) ‐0.003 (0.010) ‐0.009 (0.007) ‐0.011 (0.008)
Parchisi 0.000 (0.004) 0.002 (0.005) 0.009 (0.007) 0.006 (0.009)
Gardenscapes ‐0.004 (0.003) ‐0.003 (0.010) 0.001 (0.006) ‐0.006 (0.009)
Clash Royale 0.000 (0.003) ‐0.006 (0.005) ‐0.005 (0.004) 0.001 (0.004)

Voice or video calls ‐0.023** (0.009) ‐0.013 (0.016) ‐0.073*** (0.015) ‐0.022 (0.016)
Phone/Dialer ‐0.016* (0.009) ‐0.022 (0.015) ‐0.065*** (0.013) ‐0.023 (0.017)
Contacts ‐0.007*** (0.002) 0.009 (0.006) ‐0.008** (0.003) 0.000 (0.005)

Email ‐0.091*** (0.024) 0.013 (0.029) 0.011 (0.032) 0.048** (0.023)
Gmail ‐0.021* (0.013) ‐0.012 (0.023) ‐0.020 (0.013) 0.014 (0.016)
Outlook ‐0.052*** (0.013) 0.015 (0.016) 0.023 (0.016) 0.025* (0.015)
Yahoo Mail ‐0.018* (0.009) 0.009 (0.011) 0.008 (0.010) 0.008 (0.009)

News ‐0.032*** (0.012) 0.023* (0.014) 0.017 (0.014) 0.025** (0.012)
AS ‐0.004 (0.006) 0.005 (0.006) 0.002 (0.007) 0.001 (0.006)
Marca ‐0.008 (0.007) 0.009 (0.007) 0.011 (0.007) 0.007 (0.007)
MSN ‐0.014* (0.007) 0.021** (0.008) 0.007 (0.007) 0.011 (0.008)
20 Minutos ‐0.005 (0.005) ‐0.009 (0.008) ‐0.003 (0.006) 0.006 (0.006)
El Pais ‐0.000 (0.002) ‐0.004 (0.005) 0.001 (0.005) ‐0.001 (0.002)

Other ‐0.150*** (0.017) ‐0.047 (0.041) 0.019 (0.021) ‐0.036 (0.027)
Google Maps 0.005 (0.006) 0.001 (0.014) ‐0.023*** (0.009) 0.011 (0.010)
Google Docs 0.001 (0.007) ‐0.004 (0.008) ‐0.004 (0.008) 0.003 (0.009)
Google Search ‐0.053*** (0.011) 0.015 (0.018) 0.043*** (0.014) 0.029 (0.020)
Amazon ‐0.015* (0.008) 0.007 (0.013) 0.025*** (0.009) 0.001 (0.012)

Notes: This table reports the estimated α̂1, α̂2, α̂3, and α̂4 coefficients, i.e. the substitution rates for userswith Facebook
as their primary Meta service and the differentials for users with Instagram, WhatsApp, or a mix of Meta services as
their primary Meta service from Equation (1.2) on the service level. Columns 1 to 4 report the estimates for the shares
specification. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.
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1.B.6. Long‐Term Effects: Additional Results

FıGURE A1. Distribution of Meta’s pre‐outage usage time shares per user
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Notes: This figure shows the distribution of users’ pre‐outage usage time shares ofMeta services, calculated over the four
weeks prior to the outage. The usage time share is the ratio of Meta services usage time to total device usage time. The
vertical dashed lines indicate the first tercile boundary (red) and second tercile boundary (blue), which define the Light,
Medium, and Heavy intensity groups used in Section 1.6.
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Service-Level Results

TABLE A20. DiD by pre‐outage Meta usage intensity: US

α̂1

Light (ref.)
α̂2

∆Medium
α̂3

∆Heavy

Meta platforms 0.580*** (0.081) 0.045 (0.133) ‐2.601*** (0.292)
Facebook 0.438*** (0.068) ‐0.031 (0.120) ‐2.428*** (0.251)
Instagram 0.110*** (0.021) 0.090** (0.045) ‐0.140* (0.083)
WhatsApp 0.031*** (0.009) ‐0.015 (0.017) ‐0.033 (0.029)

Social media 0.066 (0.073) 0.118 (0.107) 0.453*** (0.110)
Discord 0.028 (0.026) ‐0.040 (0.031) ‐0.010 (0.031)
Pinterest 0.016 (0.012) 0.005 (0.015) 0.019 (0.016)
Reddit ‐0.052** (0.022) 0.035 (0.028) 0.062** (0.026)
Snapchat 0.045 (0.029) 0.093** (0.046) 0.138*** (0.047)
TikTok 0.024 (0.044) 0.067 (0.075) 0.239*** (0.075)
Twitch ‐0.028 (0.029) 0.017 (0.033) 0.017 (0.031)
Twitter 0.033 (0.028) ‐0.060 (0.037) ‐0.012 (0.033)

Messaging ‐0.012 (0.049) 0.001 (0.074) 0.172** (0.074)
Google Messages ‐0.023 (0.033) ‐0.020 (0.052) 0.090* (0.045)
Samsung Messages 0.012 (0.033) 0.008 (0.050) 0.061 (0.051)
Message+ 0.014 (0.013) 0.001 (0.017) 0.007 (0.020)
Motorola Messages ‐0.015 (0.011) 0.012 (0.017) 0.015 (0.015)

Streaming ‐0.016 (0.128) ‐0.016 (0.166) 0.314* (0.167)
Hulu ‐0.039 (0.036) ‐0.066 (0.052) 0.033 (0.047)
Netflix 0.082 (0.051) ‐0.032 (0.071) 0.059 (0.065)
Prime Video 0.013 (0.025) ‐0.018 (0.034) ‐0.009 (0.030)
Roku 0.002 (0.011) 0.006 (0.026) 0.001 (0.020)
YouTube ‐0.105 (0.115) 0.077 (0.143) 0.228 (0.146)
YouTube Vanced 0.014 (0.012) 0.001 (0.017) ‐0.018 (0.014)
Spotify 0.029 (0.018) 0.034 (0.027) 0.046** (0.023)
YouTube Music ‐0.012 (0.020) ‐0.018 (0.029) ‐0.026 (0.031)

Entertainment ‐0.054 (0.039) ‐0.054 (0.064) 0.086* (0.049)
Pokémon GO ‐0.030* (0.017) ‐0.004 (0.027) 0.019 (0.019)
Candy Crush ‐0.011 (0.017) 0.026 (0.031) 0.057* (0.030)
Daydream 0.005 (0.021) ‐0.035 (0.035) ‐0.004 (0.029)
Amazon Kindle ‐0.014 (0.016) ‐0.051 (0.035) 0.008 (0.021)
Archive of Our Own ‐0.002 (0.012) 0.010 (0.013) 0.006 (0.012)

Voice or video calls 0.078** (0.033) ‐0.129*** (0.044) ‐0.025 (0.042)
Phone/Dialer 0.049** (0.024) ‐0.087** (0.033) ‐0.025 (0.029)
Contacts 0.017 (0.014) ‐0.016 (0.018) ‐0.014 (0.018)
Google Duo 0.012 (0.013) ‐0.026 (0.018) 0.014 (0.021)

Email 0.168* (0.090) 0.046 (0.104) 0.078 (0.111)
Gmail 0.157** (0.069) 0.009 (0.075) 0.002 (0.078)
Yahoo Mail 0.028 (0.037) ‐0.062 (0.048) 0.013 (0.044)
Outlook 0.003 (0.029) 0.070* (0.040) 0.047 (0.038)
AOL Mail ‐0.020 (0.020) 0.029 (0.025) 0.016 (0.025)

News ‐0.030 (0.027) 0.013 (0.032) ‐0.011 (0.034)
NewsBreak ‐0.006 (0.012) ‐0.004 (0.016) ‐0.012 (0.014)
MSN ‐0.026* (0.015) 0.022 (0.019) 0.014 (0.017)
ESPN 0.001 (0.020) ‐0.005 (0.022) ‐0.013 (0.026)

Other ‐0.026 (0.116) 0.345** (0.147) 0.426*** (0.152)
Google Docs ‐0.032 (0.031) 0.061* (0.036) 0.035 (0.032)
Google Maps 0.006 (0.022) ‐0.037 (0.033) 0.012 (0.033)
Google Search ‐0.066 (0.045) 0.136** (0.059) 0.061 (0.059)
Amazon ‐0.027 (0.040) 0.047 (0.048) 0.035 (0.047)

Notes: This table reports the estimated α̂1, α̂2, and α̂3 coefficients fromEquation (1.4) at the service level for theUS. The
Light tercile of pre‐outage Meta usage share serves as the reference group. The data are at 24‐hour frequency; the outage
day is dropped. The baseline covers four weeks before the outage and the post period covers four weeks after. Clustered
standard errors are in parentheses. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.
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TABLE A21. DiD by pre‐outage Meta usage intensity: Spain

α̂1

Light (ref.)
α̂2

∆Medium
α̂3

∆Heavy

Meta platforms 1.192*** (0.158) ‐0.901*** (0.287) ‐2.892*** (0.387)
Facebook 0.192* (0.101) ‐0.436** (0.169) ‐1.287*** (0.288)
Instagram 0.209*** (0.076) ‐0.007 (0.115) ‐0.218 (0.207)
WhatsApp 0.791*** (0.154) ‐0.458** (0.228) ‐1.387*** (0.315)

Social media 0.134 (0.147) ‐0.043 (0.188) 0.162 (0.176)
TikTok 0.101 (0.070) ‐0.035 (0.122) 0.161 (0.106)
Twitch ‐0.152** (0.073) 0.193** (0.081) 0.219** (0.086)
Twitter 0.185* (0.107) ‐0.201 (0.124) ‐0.218* (0.118)

Messaging 0.019 (0.035) 0.001 (0.067) 0.025 (0.066)
Telegram 0.019 (0.035) 0.001 (0.067) 0.025 (0.066)

Streaming ‐0.565** (0.238) 0.706** (0.295) 0.930*** (0.282)
YouTube ‐0.116 (0.191) 0.304 (0.230) 0.363 (0.222)
Netflix ‐0.141 (0.112) 0.010 (0.141) 0.172 (0.124)
Prime Video ‐0.046 (0.094) 0.169 (0.121) 0.013 (0.099)
Movistar Plus ‐0.111* (0.061) 0.096 (0.075) 0.134** (0.064)
Spotify ‐0.056 (0.050) 0.031 (0.060) 0.004 (0.068)
XVideos ‐0.028 (0.021) 0.005 (0.043) 0.028 (0.026)
RTVE 0.022 (0.045) 0.024 (0.051) 0.073 (0.059)
Mitele ‐0.009 (0.028) ‐0.042 (0.046) 0.038 (0.039)
Atresplayer ‐0.090*** (0.032) 0.071* (0.041) 0.113*** (0.037)
Disney+ 0.009 (0.047) 0.037 (0.057) ‐0.007 (0.053)

Entertainment 0.092 (0.106) ‐0.218 (0.162) ‐0.111 (0.132)
Candy Crush 0.068 (0.069) ‐0.067 (0.094) ‐0.050 (0.079)
Pokémon GO 0.078 (0.057) ‐0.113* (0.064) ‐0.096 (0.058)
Township ‐0.035 (0.027) 0.015 (0.062) 0.019 (0.033)
Farm Heroes Saga ‐0.022 (0.018) ‐0.073 (0.046) 0.026 (0.028)
Homescapes ‐0.029 (0.023) 0.064 (0.055) 0.059 (0.039)
Parchisi ‐0.018* (0.009) ‐0.005 (0.057) 0.031 (0.046)
Gardenscapes ‐0.008 (0.018) ‐0.009 (0.024) ‐0.036 (0.025)
Clash Royale 0.059* (0.032) ‐0.029 (0.039) ‐0.065* (0.034)

Voice or video calls 0.059 (0.055) ‐0.013 (0.074) ‐0.060 (0.067)
Phone/Dialer 0.059 (0.052) 0.017 (0.071) ‐0.029 (0.065)
Contacts 0.000 (0.010) ‐0.029* (0.016) ‐0.031** (0.016)

Email 0.018 (0.137) 0.060 (0.151) 0.073 (0.153)
Gmail ‐0.080 (0.099) 0.036 (0.119) 0.093 (0.111)
Outlook 0.092 (0.069) 0.026 (0.084) ‐0.025 (0.077)
Yahoo Mail 0.006 (0.038) ‐0.002 (0.055) 0.005 (0.050)

News ‐0.129* (0.069) ‐0.006 (0.085) 0.027 (0.072)
AS ‐0.019 (0.016) 0.022 (0.031) 0.004 (0.017)
Marca ‐0.087** (0.033) 0.049 (0.040) 0.042 (0.034)
MSN 0.051* (0.029) ‐0.119*** (0.036) ‐0.074** (0.029)
20 Minutos ‐0.043* (0.023) 0.015 (0.028) 0.034 (0.024)
El Pais ‐0.032 (0.032) 0.027 (0.039) 0.020 (0.034)

Other 0.251 (0.191) ‐0.444 (0.272) ‐0.073 (0.253)
Google Maps 0.047 (0.071) ‐0.095 (0.102) ‐0.027 (0.081)
Google Docs 0.067 (0.051) ‐0.003 (0.056) ‐0.064 (0.060)
Google Search ‐0.053 (0.094) ‐0.099 (0.117) ‐0.050 (0.113)
Amazon ‐0.094 (0.058) 0.046 (0.075) 0.077 (0.075)

Notes: This table reports the estimated α̂1, α̂2, and α̂3 coefficients fromEquation (1.4) at the service level for Spain. The
Light tercile of pre‐outage Meta usage share serves as the reference group. The data are at 24‐hour frequency; the outage
day is dropped. The baseline covers four weeks before the outage and the post period covers four weeks after. Clustered
standard errors are in parentheses. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.
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Event-Study Plots by Pre-Outage Meta Usage Intensity

FıGURE A2. Event‐study coefficients by pre‐outage Meta usage intensity: US
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Notes: Each panel shows the estimated differential event‐study coefficients for a category’s usage share in the US. The
underlying specification replaces the single post indicator in Equation (1.4) with week‐level indicators interacted with
the tercile groups with week k = −1 as the reference period. Each line represents the differential relative to the Light
reference group: theMedium line (blue, triangles) shows α̂k

2 and theHeavy line (red, squares) shows α̂k
3.Whiskers denote

95% confidence intervals based on standard errors clustered at the individual and time‐interval levels.
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FıGURE A3. Event‐study coefficients by pre‐outage Meta usage intensity: Spain
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Notes: Each panel shows the estimated differential event‐study coefficients for a category’s usage share in Spain. The
underlying specification replaces the single post indicator in Equation (1.4) with week‐level indicators interacted with
the tercile groups with week k = −1 as the reference period. Each line represents the differential relative to the Light
reference group: theMedium line (blue, triangles) shows α̂k

2 and theHeavy line (red, squares) shows α̂k
3.Whiskers denote

95% confidence intervals based on standard errors clustered at the individual and time‐interval levels.
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Outlier Robustness

TABLE A22. DiD with 90th percentile trimmed sample

US Spain

Low ∆Med. ∆High Low ∆Med. ∆High

Meta platforms 0.578*** 0.045 ‐1.583*** 1.190*** ‐0.901*** ‐2.145***
(0.080) (0.133) (0.266) (0.158) (0.287) (0.446)

Assigned (agg.) 0.174 0.323 1.164*** ‐0.120 0.042 0.980**
(0.206) (0.231) (0.293) (0.319) (0.436) (0.445)

Unassigned (agg.) ‐0.939*** ‐0.289 0.433* ‐0.618* 0.671 0.830
(0.181) (0.246) (0.242) (0.367) (0.493) (0.504)

Social media 0.066 0.118 0.440*** 0.134 ‐0.043 0.223
(0.073) (0.107) (0.127) (0.147) (0.188) (0.196)

Messaging ‐0.012 0.001 0.100 0.019 0.001 0.041
(0.049) (0.074) (0.080) (0.035) (0.067) (0.085)

Streaming ‐0.016 ‐0.016 0.266 ‐0.564** 0.706** 0.976***
(0.128) (0.166) (0.185) (0.238) (0.295) (0.298)

Entertainment ‐0.054 ‐0.054 0.040 0.091 ‐0.218 ‐0.163
(0.039) (0.064) (0.051) (0.105) (0.162) (0.144)

Voice or video calls 0.079** ‐0.129*** ‐0.052 0.059 ‐0.013 ‐0.044
(0.033) (0.044) (0.044) (0.055) (0.074) (0.074)

Email 0.168* 0.046 0.065 0.019 0.060 0.081
(0.089) (0.104) (0.114) (0.135) (0.151) (0.156)

News ‐0.030 0.013 ‐0.023 ‐0.129* ‐0.006 ‐0.004
(0.027) (0.032) (0.035) (0.069) (0.085) (0.075)

Other ‐0.027 0.345** 0.329** 0.252 ‐0.444 ‐0.130
(0.116) (0.147) (0.160) (0.191) (0.272) (0.280)

Notes: This table replicates themain DiD results from Table 1.7 after trimming the top 10% of individual‐day usage share
observations. The Light tercile of pre‐outage Meta usage share serves as the reference group. Clustered standard errors
are in parentheses. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.
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Mean Reversion Robustness

Users classified as Heavy based on the four‐week pre‐outage window may exhibit me‐
chanical declines in Meta’s usage share if their pre‐outage usage was temporarily ele‐
vated. To address this regression‐to‐the‐mean concern (DawandHatfield 2018), we imple‐
ment a split‐sample classification that breaks the mechanical correlation between treat‐
ment assignment and the outcome trajectory. We classify individuals into terciles using
only weeks 1–2 of the pre‐outage window, then estimate Equation (1.4) using weeks 3–4
as the baseline period and the post‐outage weeks as the post period. Because the classi‐
fication window is disjoint from both the baseline and post periods, any mean reversion
in weeks 3–4 cannot mechanically generate a pre–post differential.

TABLE A23. Concordance between full‐window and split‐sample tercile classifications

Panel A: United States
Low Medium High

Low 3,493 448 14
Medium 455 2,942 557
High 7 564 3,384

Agreement rate: 82.8%, Cohen’s κ = 0.741

Panel B: Spain
Low Medium High

Low 693 109 5
Medium 111 575 120
High 3 122 682

Agreement rate: 80.6%, Cohen’s κ = 0.709

Notes: This table cross‐tabulates tercile assignments based on the first two weeks (rows) versus all four weeks (columns)
of the pre‐outage period. Cohen’sκ values quantify inter‐rater agreement beyond chance. “Light,” “Medium,” and “Heavy”
refer to terciles of the pre‐outage Meta usage share distribution.

Table A23 reports the concordance between the full‐window and split‐sample classi‐
fications. Agreement rates are 82.8% in the US and 80.6% in Spain, with Cohen’s κ values
of 0.74 and 0.71, indicating substantial stability. Misclassification is overwhelmingly be‐
tween adjacent terciles: extreme transitions between the Light and Heavy groups affect
fewer than 0.4% of individuals in either country. This confirms that tercile membership
reflects persistent user types rather than transient fluctuations.

Table A24 reports the split‐sample estimates. The Heavy tercile differentials for
Meta’s usage share remain large and statistically significant in both countries (−2.970 pp
in the US, −3.336 pp in Spain), comparable to the full‐window estimates in Table 1.7. The
aggregate non‐Meta differential is likewise preserved. At the category level, the social
media and messaging differentials are robust in the US. Spain’s category‐level results
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TABLE A24. Mean reversion robustness: split‐sample classification

US Spain

Low ∆Med. ∆High Low ∆Med. ∆High

Meta platforms 0.712*** 0.015 ‐2.970*** 1.275*** ‐0.706** ‐3.336***
(0.106) (0.161) (0.296) (0.212) (0.311) (0.510)

Assigned (agg.) 0.089 0.486* 1.585*** ‐0.075 ‐0.214 1.090***
(0.199) (0.245) (0.260) (0.315) (0.433) (0.399)

Unassigned (agg.) ‐0.930*** ‐0.560** 1.164*** ‐0.828** 0.890* 1.880***
(0.178) (0.245) (0.236) (0.358) (0.487) (0.484)

Social media 0.072 0.111 0.443*** 0.170 ‐0.091 0.102
(0.074) (0.110) (0.107) (0.147) (0.193) (0.171)

Messaging ‐0.019 0.030 0.163** 0.004 0.007 0.061
(0.050) (0.071) (0.076) (0.036) (0.068) (0.064)

Streaming ‐0.015 ‐0.045 0.341** ‐0.559** 0.632** 0.985***
(0.126) (0.163) (0.161) (0.231) (0.305) (0.284)

Entertainment ‐0.061 ‐0.015 0.068 0.126 ‐0.303* ‐0.129
(0.039) (0.064) (0.051) (0.097) (0.159) (0.128)

Voice or video calls 0.068** ‐0.099** ‐0.023 0.072 ‐0.068 ‐0.044
(0.033) (0.043) (0.042) (0.054) (0.070) (0.067)

Email 0.167* 0.051 0.076 0.032 0.006 0.085
(0.088) (0.103) (0.107) (0.139) (0.155) (0.157)

News ‐0.032 0.010 ‐0.002 ‐0.135** ‐0.011 0.051
(0.027) (0.032) (0.032) (0.067) (0.083) (0.071)

Other ‐0.091 0.443*** 0.520*** 0.215 ‐0.387 ‐0.020
(0.118) (0.156) (0.152) (0.187) (0.269) (0.247)

Notes: This table reports coefficients from Equation (1.4) under the split‐sample classification. Terciles are assigned
using weeks 1–2 of the pre‐outage window; the specification is estimated using weeks 3–4 as the baseline and the four
post‐outage weeks as the post period. The Light tercile serves as the reference group. Clustered standard errors are in
parentheses. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.

are less precisely estimated, reflecting the smaller sample size and the power cost of the
split‐sample approach rather than a substantive difference from the main specification.
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Haugen Testimony Robustness

On October 5, 2021, one day after the outage, Frances Haugen testified before the US Sen‐
ate aboutMeta’s internal practices.22 The temporal proximitymakes it impossible to fully
separate the experiential shock of the outage from this informational shock. We present
two formal tests—a cross‐country comparison and anews‐consumption interaction—that
argue against the testimony as the primary driver of the persistent effects.

Before turning to these tests, we note that publicly available search data suggest the
outage was a far more salient event than the testimony for the general public. Google
Trends data for the US show that search interest in “facebook down” during the week of
October 3–9, 2021 was approximately ten times higher than search interest in “whistle‐
blower” or “haugen” over the same period.23 While search volume is only a rough proxy
for attention, this disparity is consistent with the outage being the primary experiential
shock, with the testimony representing a secondary informational event that reached a
narrower audience.

If the testimony nonetheless drove the persistent effects through an informational
channel, two predictions follow. First, the effects should be larger in the US, where the
Senate hearing took place and English‐language coverage was most concentrated. While
Spanish‐language outlets also covered the testimony, the hearing was a US political event
and plausibly received more sustained domestic attention. Second, within each country,
the effects should be concentrated among users with higher news consumption, who
were more likely to encounter testimony coverage.

We test the first prediction with a pooled specification that interacts the tercile‐by‐
post terms from Equation (1.4) with a US country indicator.

Table A25 reports the results. The Heavy×US interaction for Meta’s usage share is
small (0.290 pp) and statistically insignificant, indicating that the persistent reduction
among heavy users is indistinguishable across the two countries. No individual category
shows a significantly larger Heavy effect in the US. This is inconsistent with the testi‐
mony’s informational content being the primary driver.

We test the second prediction by augmenting Equation (1.4) with a triple interaction
Heavyi×1post×NewsHeavyi, whereNewsHeavyi indicates above‐medianpre‐outage news
usage share. Within‐tercile correlations between Meta usage share and news consump‐
tion are near zero (US: −0.046 to −0.043; Spain: −0.053 to −0.118), confirming that the

22Frenkel, Sheera. 2021. Key takeaways from Facebook’s whistle‐blower hearing. The New York Times, Oc‐
tober 5. https://www.nytimes.com/2021/10/05/technology/what-happened-at-facebook-whistleblower-
hearing.html. Last accessed: April 17, 2026.

23Google Trends reports relative search interest on a 0–100 scale within a given country and time window.
Comparing the two terms within the same country and week yields a direct measure of relative salience.
We observe stronger patterns in Spain, where outage‐related queries (“facebook no funciona,” “whatsapp
no funciona”) received around thirty times more search interest than testimony‐related queries (“haugen,”
“informante”, “denunciante”).
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TABLE A25. Results for pooled cross‐country DiD

Low ∆Med. ∆High ∆Med.×US ∆High×US

Meta platforms 1.189*** ‐0.901*** ‐2.892*** 0.946*** 0.290
(0.201) (0.287) (0.387) (0.310) (0.415)

Assigned (agg.) ‐0.118 0.042 0.973** 0.281 0.521
(0.335) (0.436) (0.402) (0.499) (0.463)

Unassigned (agg.) ‐0.624 0.671 1.470*** ‐0.960* ‐0.548
(0.385) (0.493) (0.463) (0.565) (0.496)

Social media 0.133 ‐0.043 0.162 0.161 0.291
(0.147) (0.188) (0.176) (0.216) (0.203)

Messaging 0.019 0.001 0.025 ‐0.000 0.147
(0.053) (0.067) (0.066) (0.099) (0.099)

Streaming ‐0.559** 0.706** 0.930*** ‐0.721** ‐0.616*
(0.251) (0.295) (0.282) (0.337) (0.319)

Entertainment 0.094 ‐0.218 ‐0.111 0.164 0.198
(0.111) (0.162) (0.132) (0.177) (0.146)

Voice or video calls 0.057 ‐0.013 ‐0.060 ‐0.117 0.036
(0.063) (0.074) (0.067) (0.080) (0.079)

Email 0.013 0.060 0.073 ‐0.014 0.004
(0.187) (0.151) (0.153) (0.188) (0.171)

News ‐0.128* ‐0.006 0.027 0.019 ‐0.037
(0.070) (0.085) (0.072) (0.093) (0.074)

Other 0.254 ‐0.444 ‐0.073 0.789** 0.498
(0.195) (0.272) (0.252) (0.322) (0.298)

Notes: This table reports coefficients from a pooled version of Equation (1.4) with country interactions. The Light tercile
serves as the reference group. The columns ∆ Med.×US and∆ Heavy×US report the additional US‐specific differentials
relative to Spain; a positive (negative) coefficient indicates a larger (smaller) effect in the US. Clustered standard errors
are in parentheses. Statistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.

triple interaction captures residual variation in news exposure rather than a proxy for
Meta intensity. The proportion of news‐heavy users declines monotonically across ter‐
ciles, meaning the users driving the persistent effects are disproportionately those least
likely to have engaged with testimony coverage.

Table A26 reports the results. The informational channel predicts a negative
∆ Heavy×News coefficient for Meta’s usage share, indicating that news‐heavy heavy
users should reduce their Meta engagement more. In both countries, the observed sign
is positive: 0.690 in the US (marginally significant at the 10% level) and 0.622 in Spain
(insignificant). If anything, news‐heavy heavy users show smaller reductions in Meta’s
usage share than their news‐light counterparts within the same tercile. While we cannot
over‐interpret the marginally significant US coefficient, the direction of the effect is
the opposite of what the informational channel predicts in both countries, and neither
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TABLE A26. Haugen robustness: news consumption triple‐interaction

Low ∆Med. ∆High ∆ News ∆Med.×News ∆High×News

Panel A: United States

Meta platforms 0.678*** 0.088 ‐2.837*** ‐0.248*** ‐0.151 0.690*
(0.096) (0.169) (0.349) (0.086) (0.225) (0.366)

Assigned (agg.) 0.038 0.666** 1.833*** 0.339 ‐0.920* ‐0.997**
(0.262) (0.303) (0.360) (0.341) (0.466) (0.483)

Unassigned (agg.) ‐0.760*** ‐0.797** 0.627** ‐0.450 1.372*** 0.821*
(0.235) (0.327) (0.288) (0.353) (0.491) (0.454)

Panel B: Spain

Meta platforms 1.518*** ‐0.844* ‐3.244*** ‐0.555* ‐0.180 0.622
(0.265) (0.457) (0.498) (0.311) (0.570) (0.714)

Assigned (agg.) ‐0.515 0.214 1.215* 0.669 ‐0.243 ‐0.280
(0.531) (0.698) (0.619) (0.685) (0.887) (0.830)

Unassigned (agg.) ‐0.720 0.498 1.977*** 0.172 0.353 ‐1.213
(0.569) (0.761) (0.673) (0.738) (0.946) (0.905)

Notes: This table reports coefficients from an augmented version of Equation (1.4) that includes a triple interaction be‐
tween tercile membership, the post indicator, and above‐median pre‐outage news usage (NewsHeavyi). The Light ter‐
cile serves as the reference group. The Haugen informational channel predicts a negative∆ Heavy×News coefficient for
Meta’s usage share (news‐heavy users should reduce Meta usage more). Clustered standard errors are in parentheses. Sta‐
tistical significance levels are denoted as follows: * 90%, ** 95%, *** 99%.

estimate supports the Haugen testimony as the mechanism behind the persistent
reallocation.

Taken together, the evidence argues against the Haugen testimony as the primary
driver of the persistent effects documented in Section 1.6. The outage itself appears to
have been the dominant event in public attention. The cross‐country comparison shows
no US‐specific amplification despite the testimony being a US political event. The news‐
consumption test finds that users most likely to have encountered testimony coverage
showweaker, not stronger, persistent effects. We cannot rule out a contribution from the
testimony, but the pattern is more consistent with the experiential shock of the outage as
the primary driver.
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Chapter 2

Early Adoption of Generative AI:
Users, Uses, and Behavioral Change

Chiara Farronato, Dominik Rehse, Sebastian Valet

The launch of ChatGPT in November 2022 marked the beginning of widespread
consumer adoption of generative artificial intelligence (GenAI). Using high‐
frequency app and browser usage data from a US consumer panel, we study who
adopts GenAI services, how adoption unfolds, and how it relates to usage of other
digital services. We find that early adopters are disproportionately male, younger,
and oriented toward productivity and information‐seeking in their pre‐adoption
digital behavior, with behavioral characteristics beingmore predictive of adoption
than demographics. We combine two analytical approaches: a transition analysis
that captures task‐level complementarity by measuring which services users ac‐
cess in sequencewith GenAI, and a staggered difference‐in‐differences (DiD) event
study that estimates how the composition of digital activity shifts after adoption.
Together, they reveal three distinct interaction patterns. Productivity services ex‐
hibit high task‐level complementarity and increased post‐adoption usage. Leisure
services show low task‐level complementarity and declining usage. Education is
a notable exception, with the highest task‐level complementarity of any category
yet evidence for declining overall usage, consistent with GenAI enabling faster
task completion. These findings reveal how GenAI is being embedded into early
adopters’ digital usage flows.

We thank Leshui He, Emil Palikot, Liyang Zhou and the participants of the Digital Economy Workshop
2026 and IIOC 2026 for their helpful comments.
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2.1. Introduction

The launch of ChatGPT on November 30, 2022 marked a watershed moment for gener‐
ative artificial intelligence (GenAI) adoption. Within days, OpenAI’s chatbot reportedly
reached one million users, and by early 2023, it had surpassed 100 million monthly ac‐
tive users, making it one of the most rapidly adopted consumer applications in history.
This rapid uptake brought GenAI into mainstream public discourse, generating both en‐
thusiasm for its capabilities and concern about its limitations, including the propensity to
produce confident‐soundingbut factually incorrect responses. Theunprecedented speed
and scale of ChatGPT’s adoption prompts questions about how this technology is being
integrated into consumers’ digital lives.

We study early consumer adoption of GenAI using individual‐level app and browser
usage data from aUS panel of 148,610 individuals tracked fromNovember 2022 to Septem‐
ber 2023. Our data capture website visits and app usage on both desktop and mobile de‐
vices, allowing us to observe the full spectrum of digital activity across devices. We ad‐
dress two questions. First, who adopts GenAI, and what distinguishes adopters in terms
of demographics and pre‐adoption digital behavior? Second, how does GenAI relate to
other digital services, i.e., which categories function as task‐level complements, and how
does the overall composition of digital activity change after adoption?

We find that early GenAI adopters are disproportionately male, younger, and
oriented toward productivity and information‐seeking in their pre‐adoption digital
behavior, while users with higher social media and leisure usage shares are less likely to
adopt. To understand how GenAI relates to other services, we examine two dimensions:
which services users access in close sequence with GenAI within their usage flows,
revealing task‐level complementarity, and how the overall composition of digital activity
shifts after adoption. Three patterns emerge. Productivity‐oriented services are tightly
linked to GenAI in usage flows and see increasing usage after adoption. Leisure services
show the opposite pattern with a weak linkage and declining usage. Education is a
distinct case—it is the category most tightly linked to GenAI in usage flows, yet we
find evidence of declining overall usage, consistent with GenAI enabling faster task
completion on educational platforms.

Understanding how GenAI services fit into consumers’ broader digital behavior mat‐
ters for multiple reasons. For platform operators and policymakers, knowing which ser‐
vice categories gain or lose when users adopt GenAI, and which users adopt in the first
place, speaks to questions of competitive displacement and distributional equity. For
users, GenAI differs from most digital innovations in that it is not confined to a single
domain and is accessible through natural language. Because virtually anyone can use it
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and virtually any service could be affected by it, understanding bothwho adopts and how
adoption reshapes broader digital service use is essential.

Our study period covers the first phase of large‐scale consumer GenAI adoption in
2023, when the market consisted almost entirely of text‐based chatbots. ChatGPT dom‐
inated, capturing over 90% of usage time before competitors entered. Over the year,
OpenAI expanded the product with a paid ChatGPT Plus tier, access to GPT‐4 for sub‐
scribers, and native mobile apps for iOS and Android. Microsoft launched Bing Chat, its
AI‐integrated search chatbot, in February 2023, and Google launched Bard, its conversa‐
tional AI assistant, inMarch. Until mid‐2023, GenAI services were accessed almost exclu‐
sively through web browsers, and the launch of ChatGPT’s official apps then coincided
with a sharp increase inmedian usage time. Our data capture usage on both desktop and
mobile devices, allowing us to observe this shift. We document these market develop‐
ments and the evolution of adoption in Section 2.2.

To characterize who adopts, we use gradient‐boosted prediction models with SHAP‐
based interpretability (Lundberg et al. 2020), which allow us to decompose the relative
importance of behavioral versus demographic features while accounting for correlated
predictors. Pre‐adoption digital behavior proves more predictive of adoption than demo‐
graphics. Users who devoted larger shares of online activity to productivity tools (like
Google Docs), education services (like Canvas), and reference platforms (like Wikipedia)
are substantially more likely to adopt, while those with higher social media and other
leisure‐related usage are less likely. These patterns suggest that early GenAI attracted
users oriented toward information‐seeking and productivity rather than diffusing uni‐
formly across the population. If these behavioral selection patterns persist as the tech‐
nology matures, they risk reinforcing existing inequalities in who benefits from digital
tools (Humlum and Vestergaard 2025).

Our second question concerns how GenAI interacts with other services at the task
level and how its adoption changes the composition of services that individuals use.
These are distinct questions that require different analytical approaches. Examining
which services users access in close sequence with GenAI reveals task‐level comple‐
mentarity in real‐time usage flows. Comparing usage patterns before and after adoption
captures aggregate reallocation. Combining them produces a richer picture than either
alone.

Task‐level complementarity is captured through transitions, i.e., instances where a
user moves from one service to the next in immediate sequence on the same device. For
each category, wemeasure how overrepresented it is as an origin of transitions to GenAI
and as a destination of transitions from GenAI, relative to a baseline where transitions
occur in proportion to overall usage frequencies. The symmetric origin and destination
patterns indicate that GenAI is embedded into iterative usage flows rather than serving
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as a terminal destination. Productivity‐ and information‐oriented services are overrepre‐
sented in transitions, while leisure services are underrepresented. Education stands out
with the highest task‐level complementarity of any category.

Aggregate reallocation is measured through an event study using a staggered
difference‐in‐differences design, comparing the composition of digital activity before
and after adoption between adopters and not‐yet‐adopters. Because adoption timing is
endogenous—users self‐select into adoption when they expect GenAI to be useful for a
current task—these estimates describe usage reallocations around adoption rather than
identifying causal effects. Adoption coincides with reallocation toward productivity and
email services, while leisure‐oriented categories like social media, entertainment, and
music & audio decline.

Combining the two analyses, three patterns emerge. Productivity‐oriented services
exhibit both high task‐level complementarity and increasing post‐adoption usage.
Leisure services show low task‐level complementarity and declining usage. This positive
correlation between task‐level complementarity and usage growth is not self‐evident.
If GenAI makes productivity tasks faster, one might expect freed‐up time to flow to‐
ward leisure, and hence a negative correlation. We consider two interpretations. First,
endogenous adoption timing, where individuals adopt during periods of heightened
productivity demands. Second, a scope expansion, where GenAI lowers barriers to
tasks users would not otherwise have attempted, e.g., answering more emails. Edu‐
cation presents a hybrid pattern: it shows the highest task‐level complementarity of
any category, yet declining usage after adoption. This is consistent with an efficiency
mechanism, where users become faster at completing educational tasks with GenAI,
reducing the time they spend on educational platforms.

We make several contributions to the literature on GenAI adoption and digital mar‐
kets. First, we contribute to the literature on technology adoption. Since Griliches (1957),
economists have studied how technologies spread through populations and what deter‐
mines adoption patterns. In digital contexts, Goolsbee and Klenow (2006) used time‐use
data to study the welfare implications of internet adoption, while Goldfarb and Prince
(2008) documented that internet adoption and usage patterns can differ substantially. For
GenAI specifically, prior research has documented rapid adoption using surveys (Bick,
Blandin and Deming 2024; Humlum and Vestergaard 2025), analyzed firm AI integration
(Babina et al. 2024; Bonney et al. 2024), and examined productivity effects in customer
service (Brynjolfsson, Li and Raymond 2025), software development (Cui et al. 2025), and
professionalwriting (Noy and Zhang 2023).Handa et al. (2025a), Chatterji et al. (2025) and
Handa et al. (2025b) analyze which tasks are performed with AI using first‐party data of
human‐chatbot interactions. Several papers document effects on specific platforms, in‐
cluding Q&A sites (del Rio‐Chanona, Laurentsyeva andWachs 2024; Quinn andGutt 2025;
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Burtch, Lee and Chen 2024), Wikipedia (Lyu et al. 2025), freelancing platforms (Demirci,
Hannane and Zhu 2025), and creative communities (Zhou and Lee 2024).We provide a de‐
scriptive analysis of how GenAI fits into the full spectrum of digital consumer behavior,
moving beyond individual platforms to characterize adoption patterns, adopter charac‐
teristics, and behavioral changes across the digital ecosystem.

Most closely related are Blank, Schubert and Zhang (2026) and Padilla et al. (2025),
both using desktop browsing data to study behavioral change after GenAI adoption.
Blank, Schubert and Zhang (2026) find that leisure browsing increases while productive
browsing is unchanged, interpreting this as an efficiency gain. Padilla et al. (2025)
document declining search activity and visits to educational websites after adoption.
Our findings point in a different direction for aggregate usage shares, with productivity
gaining and leisure declining. Two differences may explain this: our data additionally
capture usage on mobile devices including apps, and our sample covers the first ten
months of adoption (early adopters), whereas Blank, Schubert and Zhang’s data extend
through 2024. The categories driving the leisure decline in our results are predomi‐
nantly app‐based, suggesting that studies observing only browser activity may arrive at
different conclusions about the direction of reallocation.

Second,we contribute to the literature on complements and substitutes in digitalmar‐
kets. Gentzkow (2007) developed methods to assess whether new goods complement or
crowd out existing products, a question directly applicable to GenAI’s entry into the dig‐
ital ecosystem. Much of the subsequent literature has focused on substitution among
existing services, using deactivation experiments (Allcott et al. 2020; Aridor 2025), quasi‐
experimental variation from platform outages (Rehse and Valet 2025) or de‐platforming
events (Madio et al. 2025; Agarwal, Ananthakrishnan andTucker 2026). Our paper reveals
how complementarity and substitution coexist as users integrate a new technology into
existing digital usage flows.

The remainder of the paper proceeds as follows. Section 2.2 describes the data and
documents the evolution of GenAI adoption over the study period. Section 2.3 charac‐
terizes early adopters using predictionmodels and SHAP‐based feature importance. Sec‐
tion 2.4 examines howGenAI relates to other services, combining transition analysiswith
an event study. Section 2.5 concludes.

2.2. Data andMotivating Facts

2.2.1. Data

We use detailed app and browser usage data from a US panel from November 2022 to
September 2023 around the launch of ChatGPT and otherGenAI services. The data are ob‐
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tainedbyLuthResearch1, and are fully CCPA‐ andGDPR‐compliant and fully anonymized.
Panelists in this setting are paid to have an app or browser extension installed that pas‐
sively records their app and browser usage. The structure of the data is an unbalanced
panel with late entry and early exit. We use data from individuals with at least 13 weeks
of active usage in the panel, which allows us to observe at least six weeks of pre‐adoption
and six weeks of post‐adoption behavior for adopters, excluding the week of adoption.
With this restriction, the dataset contains usage data for 148,610 individuals in total. For
mobile devices, i.e., smartphones and tablets, we observe both app and website usage.
For desktop computers, we observe website usage only. For app usage, every instance
of an app opening in the foreground is recorded with a timestamp and the duration the
app is open on the screen, measured to the millisecond. For browser usage, each URL
request is recorded with a timestamp and the duration the URL was open, measured to
the millisecond. If a browser has multiple tabs, only the active tab is recorded.

We identify GenAI services based on name patterns in the app or domain name. To
account for both means of access, we match the names to GenAI services. For instance,
we match the website IDs for the websites chatgpt.com and chat.openai.com to Ope‐
nAI’s ChatGPT as well as the app IDs of their apps for Android and iOS. The main GenAI
services we identify are OpenAI’s ChatGPT, Google’s Bard (now Gemini), and Microsoft’s
Bing Chat (now Copilot).2 The full list was compiled by cataloging consumer‐facing
GenAI products available during the study period, including both official offerings from
major tech companies and third‐party apps that integrate GenAI capabilities. Table A1
displays all identified GenAI services and the respective number of users and total
usage during the study period. Throughout the study period, the GenAI landscape is
dominated by ChatGPT, Bing Chat, and Bard, with ChatGPT accounting for the majority
of usage (Figure A1).

For non‐GenAI services, we use OpenAI’s GPT‐4omodel tomatch the app and domain
names to service names.We do this for the 1,000most popular apps and 4,000most popu‐
lar websites with respect to usage time in our entire panel.We then use the GPT‐4omodel
to match service names to one of the service categories from the Google Play Store tax‐
onomy.3 This two‐stage classification makes the analysis of users’ full digital behavior
tractable. The first stage consolidates the thousands of distinct app and URL identifiers
into services, accounting for the fact that users often access the same service through
multiple channels (e.g., the Gmail app and mail.google.com). The second stage aggre‐
gates services into categories such as productivity, education, or social media, providing

1https://luthresearch.com/
2For Microsoft Bing Chat, we use only their website data, because for app usage, we cannot distinguish

between regular Bing usage and Bing Chat usage. For the website, we match only the URL patterns bing.
com/chat and bing.com/search...&showconv=1 to ensure we capture genuine Bing Chat usage

3 See Google Play Store help page on app categories https://support.google.com/googleplay/android-
developer/answer/9859673?hl=en. Last accessed: April 17, 2026.
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the level of abstraction needed to identify broad patterns in how GenAI relates to differ‐
ent types of digital activity. We use categories as our primary unit of analysis and report
service‐level results as supplementary detail. Table A2 shows the service categories and
the corresponding most popular services. Services below the top 1000/top 4000 thresh‐
old remain unclassified. In total, 94.8% of the app usage time and 78.3% of website usage
time is assigned to a service name and a category.

Table A3 compares the demographic composition of our panel to the US adult popu‐
lation. The panel skews younger (53.3% aged 18–34 vs. 29.0% in the population) and fe‐
male (68.3% vs. 51.0%), and over‐represents students (8.3% vs. 3.2%) and lower‐income
households (66.7% below $50k vs. 32.3%). These compositional differences are common
in opt‐in tracking panels, where compensation attracts younger and lower‐income par‐
ticipants. Our descriptive prevalence estimates thereforemight not extrapolate to the US
population. Our within‐individual analyses are unaffected by selection on time‐invariant
individual characteristics, so the core findings on behavioral change following adoption
are not threatened by this compositional skew.

2.2.2. Adoption Patterns

We characterize GenAI adoption along twomargins: the extensive margin, whether indi‐
viduals adopt at all, and the intensivemargin, how intensively adopters use these services.
We use two related concepts. An individual is exposed if they have at least one recorded
website or app visit to a GenAI service lasting at least 10 seconds, in line with web ana‐
lytics standards.4 An individual is an adopter if they visit a GenAI service at least three
independent times within one week, using the standard marketing definition of a visit
as a sequence of website requests or app openings to a given service, where a new visit
begins only if more than 30 minutes have passed since the last use of that service.5

Figure 2.1 plots the cumulative share of exposed individuals and adopters as a fraction
of active panel members in each week. Both series increase steadily, with the curve for
exposure being consistently steeper than the curve for adoption. By the end of the panel
period, 15.2% of panel members have been exposed to a GenAI service, while 7.1% qual‐
ify as adopters, implying that roughly half of those ever exposed go on to use GenAI re‐
peatedly. Mere exposure does not always translate into continued use. These figures are
broadly consistent with contemporaneous estimates from clickstream and survey data
(Blank, Schubert and Zhang 2026; Sidoti and McClain 2025), and by 2024 reported usage
shares rise to 34–39% (Sidoti andMcClain 2025; Bick, Blandin and Deming 2024), suggest‐

4 See Google Analytics help page on engaged sessions https://support.google.com/analytics/answer/
2709828?hl=en, or Jakob Nielsen. 2011. How Long Do Users Stay onWeb Pages? September 11. https://www.
nngroup.com/articles/how-long-do-users-stay-on-web-pages/. Last accessed: April 17, 2026.

5 See TheUniversalMarketingDictionary, https://marketing-dictionary.org/v/visit/. Last accessed:
April 17, 2026.
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FıGURE 2.1. Cumulative share of exposed individuals and adopters of GenAI services

Note: This graph shows the cumulative share of exposed individuals and adopters of GenAI services over time. Each
week’s denominator is the number of panel members with sufficient observation coverage around that week (at least 6
weeks before and after). The dashed line shows the cumulative share ever exposed; the solid line shows the cumulative
share of adopters. The vertical line marks the date when Bing Chat became available without a waitlist.7

ing that our sample period captures the beginning of a rapid adoption trajectory.6 The
vertical line indicates Microsoft’s Bing Chat becoming available without a waitlist,7 after
which the rate of new exposure visibly increases.

Turning to the intensive margin, Figure 2.2 plots the median weekly usage time of
GenAI services per individual. Median usage hovers around 2 minutes per week from
January to March 2023, with the peak in December 2022 driven by a small number of
highly active early adopters. In the weeks after Bing Chat becomes available without a
waitlist, the median gradually declines to around 1.5 minutes per week, as many Bing
users engage with GenAI only briefly. Until mid‐2023, GenAI services are accessed al‐
most exclusively through web browsers; the only mobile apps available are third‐party
ChatGPT wrappers with limited reach (see Table A1). The introduction of OpenAI’s offi‐
cial ChatGPT apps for iOS and Android coincides with a sharp and consistent increase in
median weekly usage, reaching 3.6 minutes by the last week of September. This shift sug‐
gests that the mode of access, i.e., app versus browser, materially shapes usage intensity.

6Specifically, Blank, Schubert and Zhang (2026) report that 9.3% of U.S. households have ever used Chat‐
GPT by Q4 2023, while Sidoti and McClain (2025) find 18% of U.S. adults by mid‐2023. These “ever used”
measures are less strict than our adoption criterion of three separate visits in aweek, and are thusmore com‐
parable to our exposed share. Conversely, they cover only ChatGPT whereas our measure spans all GenAI
services.

7 Warren, Tom. 2023. You can play with Microsoft’s Bing GPT‐4 chatbot right now, no waitlist nec‐
essary. The Verge, March 15. https://www.theverge.com/2023/3/15/23641683/microsoft-bing-ai-gpt-4-
chatbot-available-no-waitlist. Last accessed: April 17, 2026.
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FıGURE 2.2. Median usage time per week per GenAI service

Note: The figure shows, for each week, the median total usage time in minutes per individual across all GenAI services.
The vertical blue lines mark the launch of Bing Chat without a waitlist and the launch of ChatGPT’s mobile apps. The iOS
app was launched onMay 18, 2023, but due to data limitations we only observe app usage from July 11, which is where the
blue line is placed. The Android app was launched on July 25.

The lowmedian masks substantial heterogeneity in usage intensity. The distribution
of weekly GenAI usage time is highly skewed. The average across all weeks for the mean
weekly usage time per user is 28.4 minutes and for the 90th percentile weekly usage time
per user is 55.6 minutes. A small group of heavy users accounts for a disproportionate
share of total GenAI engagement. This skewed pattern is not specific to GenAI services
but also appears in overall device usage and in usage of other service categories. To ab‐
stract from these large cross‐individual differences in overall usage intensity, the analy‐
ses in Section 2.3 and Section 2.4.2 focus on usage time shares rather than absolute usage
times. Specifically, we define a weekly usage time share for a service or category as its
usage time divided by an individual’s total device usage time in that week.

2.3. Who Adopts?

A distinctive advantage of individual‐level tracking data is that we observe both demo‐
graphics and the full digital behavior profile of each user before they encounter GenAI.
This allows us to ask which observable characteristics are most strongly associated with
adoption.We use predictionmodels and SHapley Additive exPlanations (SHAP)‐based in‐
terpretability (Lundberg et al. 2020) to identify pre‐adoption correlates of adoption. Our
analysis is descriptive: we characterize who adopts but do not draw causal links between
these characteristics and adoption decisions.
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We predict whether an individual adopts any GenAI service during the observation
window using gradient‐boosted decision trees (LightGBM). We prefer this over standard
logistic regression because our goal is to characterize which features predict adoption
rather than to estimate ceteris paribus marginal effects. Logistic regression imposes lin‐
earity in the log‐odds and requires the researcher to pre‐specify interactions and non‐
linearities, which is impractical with many features spanning demographics and service
usage. Gradient‐boosted decision trees discover non‐linearities, threshold effects, and
feature interactions directly from the data without requiring functional form assump‐
tions. To construct the prediction sample, we require at least six weeks of observed activ‐
ity both before and after (pseudo‐)adoption for all individuals.8 These restrictions yield
a prediction sample of 4,792 adopters and 138,398 non‐adopters.

As predictors, we use (i) demographic characteristics and (ii) measures of online ac‐
tivity over the six‐week pre‐adoption window. We estimate specifications at two levels
of behavioral granularity, one using category‐level usage shares and one using individ‐
ual service‐level usage shares. To isolate the relative contribution of demographics and
behavior, we also estimate each predictor group separately. Because usage shares form
compositional data on the unit simplex, we apply centered log‐ratio (CLR) transforma‐
tions before estimation (Aitchison 1986), which accounts for the constraint that usage
shares sum to one. To address the class imbalance between adopters and non‐adopters,
we use inverse‐frequency weights. We employ 5‐fold cross‐validation with stratified sam‐
pling, and compute all performance metrics on out‐of‐sample folds.

Table A4 reports out‐of‐sample prediction performance across specifications. Demo‐
graphics alone achieve an Area Under the ROC Curve (AUC) of 0.69, which shows limited
prediction power. Adding category usage shares raises the AUC to 0.83, and adding indi‐
vidual service‐level shares raises it to 0.85. The behavioral featureswithout demographics
achieve nearly the same performance. This comparison reveals that pre‐adoption digital
behavior is substantially more predictive of adoption than demographics, and that de‐
mographics add only marginal predictive power once behavior is accounted for. An AUC
above 0.80 indicates that a randomly drawn adopter receives a higher predicted score
than a randomly drawn non‐adopter in over 80% of cases, which is a strong performance
for an individual‐level prediction task using only pre‐adoption observables.

To identify which specific features drive the model’s predictions, we use SHAP val‐
ues (Lundberg et al. 2020). For each individual, SHAP values decompose the difference
between that individual’s predicted outcome and the sample average into additive con‐
tributions from each predictor. Each feature’s contribution is computed its average con‐
tribution across all possible subsets of features, thereby accounting for interactions and

8For non‐adopters, we assign pseudo‐adoptionweeks drawn from the distribution of true adoptionweeks
among adopters, ensuring that (i) the same activity window requirement is satisfied and (ii) both groups are
observed during the same calendar periods, controlling for seasonality and external events.
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distributing credit across correlated predictors rather than artificially holding other fea‐
tures fixed. Aggregating these contributions yields a model‐consistent measure of fea‐
ture importance that captures non‐linearities and higher‐order interactions. All SHAP
values are computed on out‐of‐sample predictions to avoid overfitting bias in feature im‐
portance estimates.

FıGURE 2.3. Feature importance: SHAP summary plot for demographics and category fea‐
tures

Note: This figure shows the distribution of SHAP values for the extensive‐margin prediction model using demographics
and category features. Features are ordered by mean absolute SHAP value. Each point represents one individual. The x‐
axis shows the SHAP value: positive values push the predicted adoption probability above the sample average, negative
values push it below. Color indicates feature value (red = high/true, blue = low/false). Demographic features are prefixed
with “d:”; usage features with “u:”. Figure A2 presents analogous results for the service‐level specification.

Figure 2.3 displays SHAP value distributions for the most important features in the
combined demographics and category‐level specification sorted by decreasing feature
importance. The higher importance of behavioral features compared to demographics
is also apparent at the feature level. Among the tenmost important features, only two are
demographic features. Gender is the strongest single predictor with male users substan‐
tially more likely to adopt, consistent with Chatterji et al. (2025). Age shows an inverse
relationship with younger users more likely to adopt. Among educational attainment in‐
dicators, having only a high school degree is associated with lower adoption probability,
while holding a bachelor’s degree or higher is associated with higher adoption probabil‐
ity. Higher income also contributes positively.

On the behavioral side, users whose pre‐adoption activity tilts toward information
and productivity services are more likely to adopt GenAI. Higher usage shares of books
& reference (e.g., Wikipedia), productivity (e.g., Google Docs), and education (e.g., Can‐
vas) predict adoption, while higher shares of social media (e.g., Facebook, Snapchat) pre‐
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dict non‐adoption. This divide betweenproductivity‐oriented and leisure‐oriented digital
behavior is themost prominent behavioral signature of adopters. The service‐level speci‐
fication (Figure A2) corroborates this pattern at finer granularity and reveals meaningful
intra‐category heterogeneity. Among social media platforms, for instance, Reddit usage
predicts adoption while Facebook and Snapchat usage predict non‐adoption, suggesting
that platform‐specific usage norms matter beyond the broad category label.

Taken together, who adopts GenAI early is primarily a question of pre‐existing digital
behavior rather than demographics. Early adopters are disproportionately users of pro‐
ductivity and information services, while leisure‐oriented users are less likely to adopt.
In the next section, we examinewhether GenAI reinforces this productivity‐oriented pro‐
file or reshapes the broader composition of digital activity.

2.4. Generative AI and Other Digital Services

The previous section established that early GenAI adopters are disproportionately ori‐
ented toward productivity and information‐seeking in their pre‐adoption digital behav‐
ior. We now ask how GenAI relates to other digital services once adopted. We approach
this question from two complementary perspectives. First, a transition analysis exam‐
ineswhich services users access in immediate sequencewith GenAI, capturing task‐level
complementarity within usage flows. Second, an event study compares the composition
of digital activity before and after adoption, capturing broader reallocation effects. These
two dimensions need not align: a service may be frequently used in conjunction with
GenAI, yet experience declining overall engagement if GenAI enables users to accom‐
plish tasks more efficiently, or rarely appear in direct transitions yet benefit from time
freed up by GenAI. We present each analysis in turn before synthesizing the results into
a unified framework.

2.4.1. Task‐Level Complementarity: Transition Analysis

We define a transition from origin service o to destination service d (where o ≠ d) by
two conditions. First, service d must be used in immediate sequence after service o on the
same device, with no intervening use of another service. Second, the start of usage of
service d must fall within three minutes of the user stopping service o. This threshold
filters out cases where a new session begins after a longer break that likely reflects a
different usage context rather than continuous task‐switching. We restrict transitions to
within‐device sequences, so that each transition reflects genuine task‐switching by the
same user rather than parallel use of a second device by another household member.
Cross‐device transitions account for only 1.9% of all transitions, so this restriction has
negligible impact on our estimates. Because our data combine both mobile app sessions
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andwebsite views, we can track cross‐platform transitions, i.e. fromweb to app, and vice
versa. Consistent with the previous analysis, we focus on post‐adoption behavior among
GenAI adopters with at least six weeks of pre‐adoption and six weeks of post‐adoption
activity. We observe 318,411,881 transitions in total, including 405,118 to GenAI services
and 393,228 from GenAI services.

We construct ameasure of connectedness between each category andGenAI services
based on transition frequencies. Specifically, we calculate lift, defined as the ratio of ob‐
served to expected transition probabilities under independence. This measure is equiv‐
alent to the exponentiated Pointwise mutual information (PMI) (Fano 1961), which com‐
pares the probability of two events co‐occurring given their joint distribution to the prob‐
ability expected if the events were independent. For both origin categories (transitions to
GenAI) and destination categories (transitions from GenAI), we calculate lift as follows:

Origin: Li ftC =
P(origin = C ∣ destination = GenAI)

P(origin = C)

Destination: Li ftC =
P(destination = C ∣ origin = GenAI)

P(destination = C)

(2.1)

Intuitively, lift measures how much more or less likely a transition between a category
(or service) and GenAI is relative to a baseline where transitions occur only in proportion
to their overall frequencies. A lift greater than one indicates that a category is dispropor‐
tionately used in conjunctionwith GenAI.We interpret this co‐occurrence in usage flows
as task‐level complementarity.

We estimate the probabilities in Equation (2.1) from observed transition counts. Let
Nod denote the number of observed transitions from origin o to destination d. We define
the empirical probability estimators for category (or service) C as an origin as:

P̂(origin = C) = ∑d NCd
∑o∑d Nod

,

P̂(origin = C ∣ destination = G) =
NCG
∑o NoG

,
(2.2)

where G denotes GenAI.9 These estimators provide the sample analogs of the population
probabilities used in Equation (2.1). We construct 95% confidence intervals using 1,000
user‐block bootstrap iterations.

Figure 2.4 shows the lift for GenAI as origin and as destination. Within each category,
the two lifts track each other closely. Categories with elevated transition rates to GenAI
also show elevated rates from GenAI. This bidirectional pattern suggests that GenAI is in‐
tegrated into iterative usage flows rather than serving as a terminal destination or pure

9Similarly, for category C as destination, we define P̂(destination = C) = ∑o NoC/∑o∑d Nod and
P̂(destination = C ∣ origin = G) = NGC/∑d NGd.
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FıGURE 2.4. Lift for origins and destinations at the category level

Note: This figure shows the calculated lift from Equation (2.1) for both origins and destinations at the category level. The
lift is calculated for all categories above the threshold of 0.5% of total usage time. The error bars show the 95% confidence
intervals generated by 1,000 user‐level bootstrap iterations.

starting point. The pattern is consistent with task‐level complementarity, where users al‐
ternate between GenAI and other services within a single task. For instance, transitions
from search to GenAI may reflect users turning to GenAI after unsatisfactory results,
while the reverse may reflect users verifying GenAI‐generated information or seeking
citations.

Several categories exhibit lifts significantly greater than one. Education stands
out with a lift of 4.22 as origin (4.02 as destination), indicating heavy use in sequence
with GenAI. Other categories with elevated lift are predominantly productivity‐ and
information‐related: productivity, books & reference, or email. The “small services”
category, the residual category for services outside the 1,000 most‐used apps and 4,000
most‐used websites, also shows elevated lift, indicating that GenAI services are used in
conjunction with a long tail of niche services. Transitions within the GenAI category,
that is, between different GenAI services, are also overrepresented, potentially reflecting
multi‐homing behavior.
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The tools category shows a positive lift, driven largely by Google Search (see Table A2).
This pattern is confirmed in the service‐level results in Figure A3, where Google Search
exhibits a significantly positive lift. Email services display heterogeneity: while Gmail
and other email services show lifts at or near one, Outlook, in particular, exhibits a signif‐
icantly positive lift, further suggesting that GenAI is integrated into productivity‐related
tasks.10 The comparatively large estimate for Microsoft’s MSN service should be inter‐
preted with caution. During the observation period, msn.com featured an embedded Bing
search bar, implying thatMSNmay function as a potential access point to it. The fact that
MSN exhibits a high lift not only as an origin but also as a destination suggests a hybrid
role, rather than functioning purely as a means of access.

Conversely, categories associated with leisure and offline activities show lift below
one. Leisure categories—social media, music & audio, communication (other than
email), and games—exhibit reduced transition rates with GenAI. The service‐level
results in Figure A3 confirm this, with all social media services, messengers, and stream‐
ing services such as Netflix and Spotify significantly underrepresented. Offline‐oriented
categories that are associated with activities away from the screen, such as maps &
navigation and food & drink, show similarly reduced rates. Together, these results
suggest a separation between productivity‐oriented and leisure‐oriented usage contexts.
Users rarely switch between GenAI and entertainment or social services within the same
session, pointing to GenAI usage concentrated in distinct, task‐focused periods rather
than interspersed throughout general browsing or leisure time.

One concern with the lift calculation in Equation (2.1) is that pooling transitions
across the entire observation period may confound category‐specific complementarity
with time‐varying adoption patterns. Because GenAI services experienced substantial
growth during our observation period, changes in user composition or usage contexts
over time could mechanically generate apparent complementarities if certain cate‐
gories happened to grow alongside GenAI adoption. For instance, if education services
experienced increased usage during the same period due to seasonal academic patterns,
our main specification might attribute this correlation to complementarity rather than
coincidental timing. To address this concern, we estimate a fixed‐effects Poisson model
that controls for time trends, and calculate the resulting lift. Section 2.B.3 details the
model and results, which confirm the patterns documented in our main specification
and indicate they are not driven by temporal trends in overall usage.

10Microsoft announced Microsoft 365 Copilot, which integrates GenAI capabilities into Office ap‐
plications including Outlook, in March 2023, and Copilot in Windows in May 2023. However, nei‐
ther was publicly available until after our observation period. See Jared Spataro. 2023. Announc‐
ing Copilot for Microsoft 365 general availability and Microsoft 365 Chat. Microsoft, September 21.
https://www.microsoft.com/en-us/microsoft-365/blog/2023/09/21/announcing-microsoft-365-
copilot-general-availability-and-microsoft-365-chat/. Last accessed: April 17, 2026.
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A second concern is that the lift calculation pools all transitions across users, implic‐
itly weighting each transition equally. Thismeans that heavy users withmany transitions
contribute disproportionately to the estimates, and if usage intensity correlates with us‐
age patterns, the pooled estimatesmay not represent the typical user’s experience. To as‐
sess robustness to this weighting scheme,we compute the liftwithin each user separately
and report the unweighted mean across users, thereby weighting by user rather than by
transition. Figure A4 presents these user‐weighted results. The patterns are qualitatively
similar to themain specification, thoughmeasured less precisely due to heterogeneity in
transition patterns across users. For categories with lift below one, wider confidence in‐
tervals render some estimates statistically insignificant, but directional patterns persist.
Overall, the robustness check confirms that the main findings are not driven by a small
number of heavy users with atypical transition patterns.

The transition analysis identifies a clear separation in task‐level complementar‐
ity. Productivity‐ and information‐oriented categories are disproportionately used in
sequence with GenAI, while leisure and offline‐oriented categories are not. However,
task‐level complementarity does not determine whether adoption changes the overall
composition of digital activity. A category with high lift may still experience declining
engagement if GenAI enables users to complete tasks faster, and a category with low lift
may be affected indirectly through reallocation of time. We turn to this question next.

2.4.2. Aggregate Reallocation of Usage: Event Study

The transition analysis in Section 2.4.1 identifies which services are used in immediate
conjunction with GenAI, thereby capturing task‐level complementarities in usage flows.
However, this approach does not identify whether GenAI adoption induces changes in
the overall composition of digital activity. For instance, a service might rarely appear
in direct transitions with GenAI yet still experience systematic changes in usage after
adoption, either because users substitute away from it or because GenAI usage frees up
time that is reallocated elsewhere.

To capture these broader effects, we use an event study design that compares usage
patterns before and after GenAI adoption. This approach addresses the question of how
the overall allocation of digital activity changes following the adoption of GenAI. The
key empirical challenge is that adoption timing is staggered across individuals, and re‐
cent econometric literature has shown that standard two‐way fixed effects estimators
can produce misleading estimates under treatment effect heterogeneity in such settings
(de Chaisemartin and D’Haultfœuille 2020; Goodman‐Bacon 2021). We therefore follow
Callaway and Sant’Anna (2021), which allows for arbitrary heterogeneity in treatment ef‐
fects across adoption cohorts and time periods, and aggregates group‐time average treat‐
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ment effects into event‐study coefficients that trace dynamic responses relative to the
adoption week.

We define a “group” as the set of individuals who first adopt GenAI in the same week
g, and estimate group‐time average treatment effects ATT(g, t), measuring the average
effect of adoption on group g at calendar time t. We use individuals who have not yet
adopted by time t as the comparison group. Because our sample is restricted to individ‐
uals with at least six weeks of post‐adoption data, all individuals in our sample are even‐
tual adopters. The comparison group thus consists of later adopters observed in their
pre‐adoption period, ensuring that treated and comparison groups are drawn from the
same underlying population of individuals who find GenAI services sufficiently valuable
to adopt.

To summarize treatment effect dynamics, we aggregate the ATT(g, t) across cohorts
into event‐time coefficients θ(e), indexed by e = t − g, using cohort‐size weights.11 We re‐
port a scalar overall post‐adoption effect obtained by averaging θ(e) over post‐treatment
periods e = 1, . . . ,E, explicitly excluding e = 0 to avoidmechanical spikes in the adoption
week, as adoption is more likely during weeks of elevated overall activity.

The identifying assumptions are parallel trends and no anticipation. Parallel trends
requires that, absent adoption, outcomeswould have evolved identically for adopters and
not‐yet‐adopters. While fundamentally untestable, we assess its plausibility through pre‐
adoption trends in the event‐study in Section 2.B.4. No anticipation requires that individ‐
uals do not adjust usage in advance of adoption, which is plausible given that adoption
timing is largely determined by when individuals first encounter GenAI services.

We estimate the group‐time average treatment effects using the doubly robust estima‐
tor of Callaway and Sant’Anna (2021), which combines outcome regression and inverse
probability weighting.12 Standard errors are clustered at the individual level, and we use
the multiplier bootstrap procedure of Callaway and Sant’Anna (2021) to construct simul‐
taneous confidence bands that account for multiple testing across event times.

A concern in our staggered adoption design is compositional change. First, we have
an unbalanced panel where not all individuals are observed over the entire observation
period. Second, early and late adopters may differ systematically, and comparing them
directly could conflate treatment effects with selection. While the estimators remain
valid per se, it complicates the interpretation of aggregated event‐study coefficients if

11Formally, θ(e) = ∑g wg(e)ATT(g, g + e), where wg(e) = Ng,e/∑g′ Ng′,e and Ng,e denotes the number of
observations contributing to event time e for cohort g. This corresponds to the event‐study aggregation in
Callaway and Sant’Anna (2021). See Section 2.B.4 for the full potential outcomes framework and identifying
assumptions.

12The doubly robust estimator compares changes in outcomes from the pre‐treatment period g − 1 to pe‐
riod t for group g against corresponding changes for the not‐yet‐treated comparison group, adjusting for
covariates when included. It is consistent if either the outcome model or the propensity score model is cor‐
rectly specified.
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the composition of groups contributing to each coefficient varies across event times. We
address this concern in twoways. First, we use the balanced aggregation approach of Call‐
away and Sant’Anna (2021), which balances the groups with respect to their event time,
i.e., only aggregates the ATT(g, t) for a fixed set of groups that are exposed to the treat‐
ment for at least some particular number of time periods. This leads to fewer groups be‐
ing used to compute the event‐study estimands, but ensuresmore robustness to composi‐
tional changes over time. Second, as a robustness check, we implement the stacked DiD
estimator of Wing, Freedman and Hollingsworth (2024), which constructs separate “sub‐
experiments” for each adoption cohort with clean comparison groups, thereby avoiding
problematic comparisons between early and late adopters.

We aggregate the data to the individual‐week level and, in accordance with the pre‐
vious sections and to ensure overlap (individuals having both pre‐ and post‐treatment
data), restrict the sample to individuals for whom we observe at least six weeks of activ‐
ity both before and after the adoption week. Consistent with the previous analyses, this
yields an unbalanced panel of 4,792 adopters who are observed over 40 weeks, and 34
adoption groups.

Before examining category‐specific effects, we ask whether GenAI adoption is asso‐
ciated with a change in overall digital activity. We run the event study with log(Totalut),
the log of the total number of visits, as the outcome variable. The point estimate suggests
a modest decline of 1.9%, but is not statistically significant. Results using log(Totaltime

ut ),
the log of total usage time, are directionally similar but smaller inmagnitude and also in‐
significant (Table A6). Since overall activity does not change significantly following adop‐
tion, we turn to category‐specific effects to examine whether the composition of digital
activity is reallocated.

Regardless of whether overall activity changes on average, we use two outcome speci‐
fications for category‐specific effects. Ourmain specification uses usage shareswith Yshareut
denoting the weekly usage share of a category for individual u in week t, defined as the
number of visits to that category divided by the total number of visits across all services.
This specification is preferred because it reflects changes in the composition of digital ac‐
tivity, absorbing variation in overall device usage between users directly. It also reduces
activity bias: because individuals tend to adopt during periods of elevated overall usage,
levels specifications may mechanically show positive effects around adoption and nega‐
tive effects thereafter, spuriously mimicking a treatment effect.

As a complement, we report results in absolute levels with Ylevelut denoting the number
of visits to a category, controlling for baseline activity by includingXut = log(Totalut) as a
covariate.We include the levels specification because it can distinguish genuine changes
in absolute engagement from apparent shifts driven by denominator effects. As robust‐
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ness check, we report the regression results for the same specifications with usage time
as a metric instead of the number of visits.

TABLE 2.1. Event study: Service categories, visits

Shares Levels

Dependent variable ATT % Change ATT % Change

Email 0.226** (0.093) 3.1% 0.732*** (0.273) 3.2%
Productivity 0.173*** (0.056) 9.2% 0.332*** (0.129) 6.0%
News & magazines 0.040 (0.059) 1.9% 0.430*** (0.157) 5.7%
Small services 0.039 (0.184) 0.2% ‐0.219 (0.856) ‐0.3%
Food & drink 0.036* (0.021) 4.9% ‐0.024 (0.069) ‐0.9%
Personalization 0.021 (0.022) 5.0% 0.063 (0.069) 4.4%
Books & reference 0.010 (0.028) 1.3% 0.098 (0.078) 3.8%
Shopping 0.003 (0.083) 0.1% 0.134 (0.280) 0.7%
Tools 0.000 (0.086) 0.0% ‐0.319 (0.288) ‐1.1%
Sports ‐0.009 (0.030) ‐1.9% 0.089 (0.084) 5.4%
Games ‐0.018 (0.058) ‐0.7% ‐0.283 (0.210) ‐3.4%
Business ‐0.023 (0.065) ‐1.0% 0.036 (0.208) 0.5%
Maps & navigation ‐0.023 (0.018) ‐3.0% ‐0.063 (0.069) ‐2.0%
Photography ‐0.034 (0.037) ‐2.6% ‐0.061 (0.134) ‐1.2%
Finance ‐0.043 (0.064) ‐1.3% ‐0.413* (0.214) ‐3.5%
Education ‐0.055 (0.035) ‐9.1% ‐0.169* (0.088) ‐10.6%
Music & audio ‐0.149*** (0.040) ‐8.6% ‐0.336** (0.131) ‐5.5%
Communications ‐0.156* (0.083) ‐2.5% ‐0.455 (0.347) ‐2.0%
Entertainment ‐0.246** (0.103) ‐3.5% ‐0.768*** (0.261) ‐3.6%
Social ‐0.548*** (0.126) ‐3.8% ‐1.514*** (0.534) ‐2.8%

Controls
log(Total usage) No Yes

Individuals 4,792 4,792
Time periods 40 40
Groups 34 34

Note: This table shows the regression results on the category level for the staggered DiD estimation. Left panel: shares
specification (Yshareut ). Right panel: levels specification (Ylevelut ) with Xut = log(Totalut) as covariate. In parentheses, the
clustered standard errors are reported. *** p<0.01, ** p<0.05, * p<0.1.

Table 2.1 shows the estimated average post‐adoption effects. The left panel reports the
shares specification (Yshareut ), the right panel the levels specification (Ylevelut ) controlling for
Xut = log(Totalut). For shares, the average treatment effect on the treated (ATT) can be
interpreted as the average percentage point change in the share of visits; for levels, as the
average change in the number of visits. For both specifications, we report the percentage
change relative to the pre‐adoption average to contextualize magnitudes.

In the shares specification, information‐ and productivity‐related categories show
increased usage shares following adoption. Productivity increases by 0.17 percentage
points, a relative change of 9.2%, and email increases by 0.23 percentage points (3.1%).
News & magazines shows a positive but insignificant point estimate in shares, though
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it becomes significant in the levels specification, suggesting a modest increase in
absolute engagement that is too small to register as a compositional shift. Conversely,
leisure‐related categories show declining shares. Social media falls by 0.55 percentage
points (3.8%), entertainment by 0.25 percentage points (3.5%), andmusic & audio by 0.15
percentage points (8.6%). Communications also shows a decline, though measured less
precisely.

The levels specification largely confirms these patterns, indicating that the shifts in
shares correspond to changes in absolute engagement rather than mere compositional
effects. Two categoriesmerit specific discussion. Food&drink shows aweakly significant
increase in shares but a negative and insignificant change in visit counts. This is the only
category where the two specifications diverge in this way, and the pattern likely reflects a
compositional artifact of the shares specification rather than a genuine behavioral shift.
Education shows negative point estimates in both specifications, reaching significance
in the levels specification with a relative decline of 10.6%. This suggests declining educa‐
tional service usage following adoption, a pattern we return to below.

The service‐level results in Table A7 provide additional detail. Google Docs shows
one of the largest increases (17.5% relative change in shares), alongside several email
services includingAOLandYahooMail.MSNalso increases significantly, though as noted
in Section 2.4.1, its role as an access point to Bing Chat complicates interpretation. On the
declining side, YouTube and Instagram show the largest decreases, followed by Snapchat,
Spotify, TikTok, Discord, and Reddit. Some major platforms such as Facebook, Twitter,
and Netflix show negative but insignificant effects. The results for the shares and levels
specifications are largely consistent at the service level as well.

We conduct two robustness checks. First, Table A8 reports the same specifications
using usage time rather than visit counts as the outcomemetric. The patterns are qualita‐
tively similar, though some estimates are measured less precisely and lose statistical sig‐
nificance. Second, to address compositional changes across adoption cohorts, we imple‐
ment the stacked DiD estimator of Wing, Freedman and Hollingsworth (2024). Table A9
reports the results, which are consistent with our main specification in both sign and
magnitude. Together, these checks confirm that the documented patterns are robust to
the choice of outcome metric and estimation approach.

A key interpretive concern is the endogeneity of adoption timing. Individuals may
adopt GenAI precisely when they face elevated productivity demands, for instance at the
start of a new job, a thesis, or a demanding project. The observed reallocation toward pro‐
ductivity services and away from leisure could then reflect the circumstances prompting
adoption rather than a causal effect of GenAI itself. A user who starts a new job may
simultaneously adopt ChatGPT and increase Outlook usage, and our design cannot dis‐
tinguish the two drivers. Our results are therefore best read as documenting how digital
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activity evolves around the time of adoption rather than as identifying causal effects of
GenAI on the use of other services.

The event study documents a reallocation of digital activity following adoption.
Productivity‐oriented categories gain usage share while leisure‐oriented categories
decline. This pattern is robust across outcome specifications, usage metrics, and estima‐
tion approaches, though the endogeneity of adoption timing limits causal interpretation.
The next section combines these results with the transition analysis to distinguish
categories where the two analyses align from those where they diverge.

2.4.3. Synthesizing Patterns

The transition analysis and the event study capture distinct dimensions of the relation‐
ship between GenAI and other digital services: the former measures task‐level comple‐
mentarity within usage flows, the latter measures broader reallocation of digital activity.
These two dimensions need not align. A servicemay be frequently used alongside GenAI
yet experience declining overall engagement if GenAI enables faster task completion, or
rarely appear in direct transitions yet benefit from time freed up elsewhere. Combining
both perspectives reveals patterns that neither analysis would identify alone.

Figure 2.5 presents a scatter plot with the lift from the transition analysis on the hor‐
izontal axis13 and the average treatment effect on shares from the event study on the
vertical axis, expressed as a percentage change from the pre‐adoption baseline. Point
size represents the share of each category’s usage that occurs throughmobile apps rather
than browsers. The resulting two‐dimensional framework reveals a clear separation. Cat‐
egories that are complementary to GenAI and grow after adoption are predominantly
browser‐based,while categories that show lowcomplementarity anddecline are predom‐
inantly app‐based. This pattern likely reflects that during our observation period, GenAI
services were accessed primarily through browsers, making them more naturally inte‐
grated into browser‐based usage flows.

For most categories, the two analyses point in the same direction. The upper‐right
quadrant I (high complementarity, increasing usage) contains productivity and email,
both of which exhibit elevated lift and significant increases in usage share following
adoption. The lower‐left quadrant III (low complementarity, decreasing usage) contains
leisure‐oriented categories: social media, music & audio, and communication all show
reduced transition rates with GenAI and declining usage shares. These concordant pat‐
terns suggest a clear segmentation: GenAI is integrated into productivity‐related usage
flows, while leisure activities occupy a separate usage context that contracts following
adoption.

13We use the results for origins from Figure 2.4. Due to the symmetry of the transition results, using des‐
tinations yields identical conclusions.
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FıGURE 2.5. Comparison: event study shares specification and transition analysis lift

Note: This figure shows the scatter plot between the ATT from the event study shares specification (Yshareut , y‐axis) and the
lift from the transition analysis from the origin model (x‐axis). The ATT is shown as a percentage change of the baseline
pre‐adoption average. The x‐axis is in log scale. Eachpoint represents a category. Thedifferent colors and shapes represent
whether a category is significant inneither, one, or both analyses on at least the 10% level. The size of the shapes represents
the share of usage that is done via apps in that category.

Several categories exhibit elevated task‐level complementarity but no significant
change in overall usage. The most notable is the tools category, driven largely by
Google Search (Table A2), which shows significant positive lift but stable usage shares,
consistent with continued but potentially evolving use of search in conjunction with
GenAI. Books & reference, business and the small services category (aggregating the
long tail of niche services outside our classification threshold) show similar patterns,
suggesting that GenAI is integrated into information‐seeking, work‐related and niche
usage flows without displacing engagement with these services.

Education stands out as a distinctive case in the lower‐right quadrant IV (high
complementarity, decreasing usage). It exhibits the highest lift of any category (4.22) yet
shows a negative point estimate for usage change that, while not significant in the shares
specification, reaches significance in the levels specification with a relative decline
of 10.6%. This combination of frequent task‐level integration and declining overall
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engagement could reflect efficiency gains, where GenAI enables users to accomplish
educational tasks faster. Entertainment is a borderline case. The category as a whole
shows a significant decline in usage shares, while its lift as origin (1.12) is only modestly
above one.

The remaining quadrant, low complementarity with increasing usage, contains only
the food & drink category, which shows a weakly significant increase in shares despite
very low lift.

Figure A7 presents the same comparison using the levels specification from Sec‐
tion 2.4.2. The patterns largely mirror those for shares, indicating that the observed
relationships reflect genuine changes in absolute engagement rather than mere reallo‐
cation across a shifting total. The main differences are that education and finance show
significant negative effects in levels that were not significant in shares, strengthening
the interpretation that adoption coincides with reduced engagement with educational
platforms, and that the food & drink category loses significance, consistent with the
compositional artifact noted in Section 2.4.2.

The service‐level results in Figure A8 corroborate these category‐level patterns.
Google Docs and Outlook appear in the upper‐right quadrant alongside several email
services, reinforcing the productivity‐oriented complementarity pattern, while the
lower‐left quadrant is populated by social media platforms including Instagram,
Snapchat, TikTok, Reddit, and Discord. YouTube is the only service in quadrant IV,
exhibiting positive lift (1.23) alongside the largest absolute decline in usage shares
among all services. This contrasts with other social media platforms and streaming
services, none of which are used in conjunction with GenAI.

The observed positive correlation between task‐level complementarity and changes
in usage is not self‐evident. The distinction between efficiency and substitution depends
on perspective. From the user’s standpoint, accomplishing a task faster with GenAI as‐
sistance represents an efficiency gain, whereas from the platform’s standpoint, the same
behaviormanifests as reduced engagement. Onemight therefore expect the opposite pat‐
tern, where efficiency gains in productivity tasks free up time reallocated toward leisure,
implying a negative correlation between complementarity and usage growth.

Indeed, Blank, Schubert and Zhang (2026), using Comscore desktop browsing data for
U.S. households from 2021 to 2024, find precisely this pattern. After ChatGPT’s adoption,
they find that leisure browsing increases while leaving productive browsing unchanged,
which they interpret as an efficiency gain that frees up time for leisure.14 Our findings
on aggregate usage shares diverge from Blank, Schubert and Zhang (2026). Two differ‐
ences between the studies may contribute to this. First, our sample covers the first ten

14Padilla et al. (2025), also using Comscore desktop browsing data for 2022–2023, document a related pat‐
tern of substitution: informational search activity, visits to educational websites, and engagement with Stack
Overflow all decline following adoption, while social media usage remains unaffected.
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months after ChatGPT’s launch, capturing early adopters, whereas Blank, Schubert and
Zhang’s data extend through 2024, by which time the adopter population had broadened
and GenAI had been embedded into many services. Second, both Blank, Schubert and
Zhang (2026) and Padilla et al. (2025) observe browser activity on desktop devices, while
our data capture browser and appusage across both desktop andmobile devices. If GenAI
affects the composition of browser‐based and app‐based activity differently, or affects
desktop and mobile usage differently, studies covering only one modality may reach dif‐
ferent conclusions about the direction of reallocation. Consistent with this, the leisure
categories driving the decline in our results are predominantly app‐based (Figure 2.5).

The education pattern is consistent with the efficiency mechanism documented by
Blank, Schubert and Zhang (2026), where GenAI enables faster task completion, reduc‐
ing time spent on dedicated educational platforms even as task‐level complementarity re‐
mains high. For instance, a studentmight spend less time on their fixed amount of home‐
work using a chatbot. The pattern for other productivity categories points in a different
direction. Here, GenAI appears to expand the scope of feasible tasks, for instance, by
lowering barriers to drafting complex documents or exploring unfamiliar topics, so that
users engage more with complementary services even if individual tasks might become
faster. These two mechanisms are not mutually exclusive, and since adoption timing is
endogenous, part of the observed productivity reallocationmay reflect the demands that
prompted adoption rather than a causal effect of GenAI use. The contrast between edu‐
cation and productivity nonetheless suggests that GenAI’s relationship with existing ser‐
vices cannot be reduced to a single mechanism of efficiency or substitution.

2.5. Conclusion

We study early consumer adoption of GenAI services in the ten months following Chat‐
GPT’s launch on 30 November 2022, using high‐frequency app and browser usage data
from a US consumer panel, covering both desktop and mobile devices. To characterize
adopters, we use gradient‐boosted prediction models with SHAP‐based interpretability.
To understand howGenAI relates to other services, we combine a transition analysis that
captures task‐level complementarity in real‐time usage flowswith a staggered difference‐
in‐differences event study that measures how the composition of digital activity shifts
after adoption.

Three findings emerge. First, adoption is selective. Early adopters are disproportion‐
ately male and younger. However, pre‐adoption digital behavior is more predictive than
demographics. Users oriented toward productivity and information‐seeking are substan‐
tiallymore likely to adopt, while those with higher social media and other leisure‐related
usage are less likely. Second, GenAI is integrated into iterative usage flows rather than
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serving as an isolated origin or destination, with users moving fluidly between GenAI
and other services in both directions. Third, combining the two analyses reveals three
distinct patterns. Productivity services exhibit high task‐level complementarity and in‐
creasing post‐adoption usage; leisure services show low complementarity and declining
usage; education is a notable exception, showing the highest complementarity of any cat‐
egory yet a significant decline in absolute usage, consistent with GenAI enabling faster
task completion. The reallocation toward productivity and away from leisure suggests a
scope expansion mechanism that contrasts with the efficiency mechanism documented
by Blank, Schubert and Zhang (2026). These differences likely reflect our inclusion of
mobile devices and the earlier observation window.

Our observation period covers the initial phase of GenAI adoption, when services
were accessed through standalone interfaces. Today, GenAI capabilities are increasingly
embedded into existing platforms, and the competitive landscape has expanded substan‐
tially with new entrants and open‐source models. Whether the patterns we document
persist as the technology matures remains an open question. If the behavioral selection
we identify continues to hold, with productivity‐oriented users adopting disproportion‐
ately, early GenAI diffusion may reinforce existing divides in who benefits from digital
tools. More broadly, the case of education, where high task‐level complementarity co‐
exists with declining usage, illustrates that efficiency gains for users can coincide with
engagement losses for platforms, a tension likely to recur as GenAI capabilities expand.
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2.B. Appendix

2.B.1. Descriptive Statistics on Services and Users

TABLE A1. GenAI services: Usage statistics

Service Total Usage Time (hours) Unique Users

ChatGPT 24,011 7,559
Bard 2,572 1,703
Bing Chat 1,463 1,994
Misc. 804 1,326
Claude 425 75
Poe 369 501
Perplexity 264 133
Ask AI 254 955
Nova 226 765
You.com 132 101
ChatSonic 89 218
Jasper 73 313

Note: This table shows the most used GenAI services by usage time. The service Misc. describes a collection of several
app wrappers for ChatGPT in the early period after its launch when OpenAI itself hadn’t launched their own apps.
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TABLE A2. Most used services by category

Category Share (%) Most used services (% within category)

Social 20.02 Facebook (34.0), Instagram (23.7), TikTok (23.2)
Entertainment 17.37 YouTube (73.4), Twitch (5.3), Netflix (4.4)
Email 11.76 Gmail (45.3), Yahoo Mail (29.1), Outlook (15.6)
Games 4.49 Roblox (6.4), Pokémon GO (4.2), WorldWinner (1.8)
Communications 4.46 Discord (22.8), Messenger (Facebook) (16.4)

Messages (Google) (13.6)
Shopping 4.42 Amazon (38.3), eBay (9.7), Temu (5.3)
Tools 4.33 Google (54.3), Clock (15.9), Daydream (8.4)
Business 2.90 Prolific (20.0), LinkedIn (9.6), Amazon Mechanical Turk (5.0)
Productivity 2.78 Google Docs (63.1), Google Drive (8.2), Google Calendar (6.7)
News & magazines 1.94 Yahoo (13.4), Apple News (10.9), News Break (5.2)
Music & audio 1.82 Spotify (47.0), Apple Music (13.8), YouTube Music (11.2)
Finance 1.64 PayPal (8.9), Chase (5.5), Robinhood (5.4)
Books & reference 0.95 Wikipedia (15.1), Kindle (12.0), Quora (11.2)
Education 0.90 Canvas (12.4), Duolingo (6.5), Instructure (6.4)
Food & drink 0.70 MealNinja (27.0), DoorDash (12.6), Dessert Ninja (8.1)
Sports 0.64 ESPN (27.4), MLB (9.4), DraftKings (9.2)
Personalization 0.64 Pixel Launcher (25.7), Samsung One UI Home (15.2)

LG Home (13.7)
Photography 0.61 Google Photos (44.6), Samsung Gallery (20.3), Camera (12.3)
Maps & navigation 0.53 Google Maps (57.4), Waze (24.8), Apple Maps (12.8)
Health & fitness 0.41 CashWalk (40.7), Miles (14.9), MyFitnessPal (6.3)
House & home 0.35 Ring (26.6), Zillow (17.5), Redfin (6.0)
Art & design 0.31 Canva (49.5), Colors Live (8.1), Figma (7.9)
Travel & local 0.26 Airbnb (10.9), Uber (9.1), Priceline (6.2)
Lifestyle 0.21 AARP (16.7), The PCH App (9.7), LuckyNano (5.8)
Comics 0.20 Webtoon (22.7), Mangago (7.0), Chapmanganato (6.6)
Dating 0.20 Grindr (19.6), Hinge (16.4), Tinder (16.1)
Weather 0.16 The Weather Channel (26.9), 1Weather (15.6), Weather (14.5)
Medical 0.11 MyChart (8.7), FreeStyle LibreLink (8.3), Cigna (7.5)
GenAI companion 0.10 Character.AI (63.8), Chai AI (23.9), Replika (12.3)
Video players & editors 0.08 Vimeo (28.8), CapCut (28.5), Samsung Video Player (20.4)
Auto & vehicles 0.05 Tesla (14.6), Drive Safe & Save (11.6), Carfax (8.6)
Beauty 0.04 Sephora (40.2), Ulta Beauty (37.0), Mary Kay InTouch (6.5)
Events 0.04 Ticketmaster (30.1), Eventbrite (23.3), AMC Theatres (7.5)
Libraries & demo 0.02 Ex Libris (63.5), TestFlight (36.5)
Parenting 0.02 Women, Infants & Children Office (87.9), Care.com (7.1)

Parent Influence (3.3)

Note: This table shows themost used services by category. The percentage of usage time a given service of that category
accounts for is shown in parenthesis.
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TABLE A3. Summary statistics of panel

Sample (%) Population (%)

Gender
Female 68.3 51.0
Male 31.6 49.0
Other 0.1 –

Age
18–34 53.3 29.0
35–49 29.8 24.5
50–64 13.0 23.9
65 and over 3.9 22.6

Education
Less than high school 11.9 10.4
High school graduate 31.8 27.2
Some college / assoc. degree 34.6 29.0
Bachelor’s degree or higher 19.3 33.5
Unknown 2.4 –

Income
Under $25k 35.1 15.2
$25k–$49k 31.6 17.1
$50k–$99k 22.5 28.8
$100k or more 8.5 38.9
Unknown 2.2 –

Employment
Employed 56.1 62.4
Unemployed 20.5 2.7
Not in labor force 12.9 31.8
Student 8.3 3.2
Unknown 2.1 –

Note: Sample statistics are computed from our analysis sample of 148,610 individuals. Population statistics are from the
2023 American Community Survey (ACS), restricted to individuals aged 18 and over. The student category is not directly
observed in the ACS; we classify individuals as students if they report current school enrollment and are not in the labor
force, understating the true share by excluding employed students. The elevated unemployment rate in our sample likely
reflects differences in definition: Luth collects self‐reported employment status, whereas the ACS applies the Bureau of
Labor Statistics definition, which requires active job search. Combining unemployed and not‐in‐labor‐force yields similar
magnitudes in both the sample (33.4%) and the population (34.5%).
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FıGURE A1. Usage shares of GenAI services per week

Note: Panel a) shows each service’s share of total GenAI usage time per week. Panel b) shows each service’s share of the
total number of visits to all GenAI services per week. A visit is defined as described in Section 2.2.2. ChatGPT dominates
throughout, accounting formore than 90%ofGenAI usage timeuntilMarch 2023. After the launchof Bard and the removal
of Bing Chat’s waitlist, ChatGPT’s usage time share stabilizes at around 75%, with Bard as the second most used service.
Bing Chat’s share of visits substantially exceeds its share of usage time, suggesting shorter interactions consistent with its
integration into the Bing search engine.
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2.B.2. PredictionModel: Additional Results

TABLE A4. Prediction performance for different feature sets

Specification AUC Balanced Accuracy

Demographics only 0.69 0.63
Categories only 0.81 0.74
Services only 0.84 0.76
Demographics + Categories 0.83 0.75
Demographics + Services 0.85 0.77

Note: This table shows the prediction performance of the gradient boosted trees prediction model for different feature
sets. The performance metrics are the AUC and balanced accuracy.

FıGURE A2. Feature importance: SHAP summary plot for demographics and service fea‐
tures

Note: This figure shows the distribution of SHAP values for the extensive‐margin prediction model for the specification
with demographics and service features. Features are ordered in descending order of importance, measured by themean
absolute SHAP value. The plot shows the most important features. The y‐axis shows the SHAP value for the feature, and
the color indicates the feature value. Red indicates a high feature value, blue indicates a low feature value. On the x‐axis,
demographic features have the prefix “d:” and usage features have the prefix “u:”.
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2.B.3. Transition Analysis

Service-Level Results

FıGURE A3. Lift for origins and destinations at the service level

Note: This figure shows the calculated lift from Equation (2.1) for both origins and destinations at the service level. The
lift is calculated for all services above the threshold of 0.5% of total usage time. The error bars show the 95% confidence
intervals generated by 1,000 user‐level bootstrap iterations.
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Robustness: User-Weighted Lift

FıGURE A4. Mean user lift for origins and destinations at the category level

Note: This figure shows the user‐weighted lifts. The lift is calculated per user from Equation (2.1), and then the mean
across users is taken. The figure shows the user‐weighted lift for both origins and destinations at the category level. The
lift is calculated for all categories above the threshold of 0.5% of total usage time. The error bars show the 95% confidence
intervals generated by 1,000 user‐level bootstrap iterations.
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Robustness: Coincidental Timing

As noted in Section 2.4.1, ourmain lift calculation pools all transitions across the observa‐
tion period,which raises the concern that apparent complementaritiesmay partly reflect
coincidental timing between GenAI adoption and independent growth trends in certain
service categories. To address this, we re‐estimate the lift measures using a fixed‐effects
Poisson model that explicitly controls for week‐specific time trends. This specification
isolates category‐specific propensities to transition with GenAI from broader temporal
patterns in digital service usage.We aggregate transitions to the origin c× destination c′ ×
week t level and estimate the fixed‐effects Poisson models using maximum likelihood.15

This PPML estimator (Silva and Tenreyro 2006) is well‐suited to count data with zeros
and handles multiplicative error structures. Inference uses robust (sandwich) standard
errors clustered at the week level to account for correlation in transition patterns across
categories within the sameweek. To limit the sparsity of the c×c′×t cells, we analyze tran‐
sitions for categories with at least 0.5% of total usage time, and aggregate the remaining
categories. We estimate separate specifications for transitions to and from GenAI ser‐
vices:

Origin model: log(E[YoGt]) = θo + γt + log(Oot)

Destination model: log(E[YGdt]) = ϕd + γt + log(Ddt)
(A1)

where YoGt describes the number of transitions from origin o to GenAI in week t, and
YGdt is the number of transitions from GenAI to destination d in week t. Both models
include week fixed effects (γt) to control for the increasing usage of GenAI over time.
The origin model includes the total number of transitions from origin o (Oot) as an offset
termwith coefficient constrained to one, effectivelymodeling the transition rate YoGt/Oot

or equivalently the conditional probability of transitioning to GenAI given origin o. The
destination model uses the total number of transitions to destination d (Ddt) as offset.
The offset specification imposes a proportionality assumption: doubling total transitions
from origin o doubles expected transitions to GenAI, which is appropriate for modeling
transition probabilities.

The coefficients θo and ϕd capture the category‐specific propensity to transition to
or from GenAI, controlling for time trends. However, these coefficients are identified
only relative to an omitted baseline category. To obtain liftmeasures comparable to Equa‐
tion (2.1), we re‐center the coefficients around their exposure‐weightedmean: θ̃o = θo−θ̄,
where θ̄ = ∑o woθo andwo areweights proportional to total transitions fromorigin o. The
re‐centered lift exp(θ̃o) is interpretable as the multiplicative deviation from the average

15The structure of our estimationproblem—modelingbilateral flows—shares similaritieswith gravitymod‐
els in international trade (Head andMayer 2014). Our specification differs by estimating how each origin cat‐
egory’s propensity to flow into a specific destination or from a specific origin varies, rather than estimating
symmetric bilateral effects for all origin‐destination pairs.
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propensity to transition to GenAI across all categories, analogous to the lift measure in
Equation 2.1. We apply the same procedure to obtain exp(ϕ̃d) for destinations. Standard
errors for the re‐centered coefficients are computed using the delta method.

TABLE A5. Coefficient estimates from fixed‐effects Poisson model

Origin model Destination model

Category θ̃o exp(θ̃o) ϕ̃d exp(ϕ̃d)

Education 1.472 (0.036)*** 4.357 [4.059, 4.676] 1.433 (0.041)*** 4.190 [3.867, 4.540]
GenAI 0.728 (0.057)*** 2.071 [1.850, 2.317] 0.700 (0.058)*** 2.013 [1.798, 2.254]
Productivity 0.721 (0.028)*** 2.057 [1.947, 2.174] 0.818 (0.029)*** 2.267 [2.142, 2.399]
Books & reference 0.414 (0.060)*** 1.513 [1.344, 1.702] 0.398 (0.072)*** 1.489 [1.293, 1.715]
Other categories 0.318 (0.060)*** 1.375 [1.221, 1.547] 0.468 (0.072)*** 1.597 [1.387, 1.839]
Tools 0.278 (0.029)*** 1.321 [1.249, 1.398] 0.405 (0.033)*** 1.499 [1.405, 1.600]
Business 0.174 (0.031)*** 1.190 [1.121, 1.263] 0.191 (0.034)*** 1.210 [1.133, 1.294]
Email 0.105 (0.031)*** 1.111 [1.045, 1.182] 0.046 (0.023)* 1.047 [1.000, 1.096]
Small services 0.090 (0.023)*** 1.095 [1.046, 1.146] 0.094 (0.028)*** 1.099 [1.041, 1.160]
Entertainment 0.011 (0.020) 1.011 [0.971, 1.052] ‐0.052 (0.027)* 0.949 [0.900, 1.001]
News & magazines ‐0.164 (0.033)*** 0.849 [0.796, 0.905] ‐0.117 (0.033)*** 0.889 [0.833, 0.949]
Shopping ‐0.216 (0.025)*** 0.805 [0.766, 0.846] ‐0.245 (0.030)*** 0.783 [0.738, 0.831]
Sports ‐0.420 (0.048)*** 0.657 [0.598, 0.721] ‐0.483 (0.052)*** 0.617 [0.557, 0.683]
Music & audio ‐0.601 (0.103)*** 0.548 [0.448, 0.671] ‐0.612 (0.104)*** 0.542 [0.442, 0.665]
Finance ‐0.637 (0.041)*** 0.529 [0.488, 0.573] ‐0.751 (0.044)*** 0.472 [0.432, 0.515]
Social ‐0.677 (0.059)*** 0.508 [0.453, 0.570] ‐0.727 (0.056)*** 0.484 [0.434, 0.539]
Food & drink ‐0.776 (0.046)*** 0.460 [0.420, 0.504] ‐0.950 (0.072)*** 0.387 [0.336, 0.445]
Games ‐0.776 (0.049)*** 0.460 [0.418, 0.507] ‐0.836 (0.073)*** 0.434 [0.376, 0.500]
Communications ‐0.969 (0.035)*** 0.380 [0.354, 0.406] ‐0.900 (0.032)*** 0.406 [0.382, 0.433]
Photography ‐1.061 (0.079)*** 0.346 [0.296, 0.404] ‐1.028 (0.082)*** 0.358 [0.305, 0.420]
Maps & navigation ‐1.302 (0.108)*** 0.272 [0.220, 0.336] ‐1.369 (0.112)*** 0.254 [0.204, 0.316]
Personalization ‐1.486 (0.149)*** 0.226 [0.169, 0.303] ‐1.183 (0.128)*** 0.306 [0.238, 0.393]

Fixed effects week week
Observations 1,013 1,012

Note: This table shows the regression results for both the origin and the destination model. For both, the coefficients of
Equation (A1) and the robust standard errors clustered at the week level in parenthesis are displayed in the left column. In
the right column, the resulting lift ratios with their 95% confidence intervals are displayed. *** p<0.01, ** p<0.05, * p<0.1.

Table A5 shows the regression results. We observe 22 categories and 47 weeks, which
should result in 1034 observations for eachmodel,meaningwehave 21 and 22 empty cells
for the origin and destination model, respectively. The lift values implied by the models
from Equation (A1) are very similar to the results in Section 2.4.1. This indicates that it is
not time trends that drive results.
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2.B.4. Event Study

Potential Outcomes Framework

Let Yut(0) denote individual u’s potential outcome at time t absent adoption, and Yut(g)
the potential outcome if they first adopt in period g. We consider an absorbing treatment:
Dut(g) = 1{t ≥ g}. Observed outcomes relate to potential outcomes through Yut = Yut(0)+

∑g(Yut(g) − Yut(0)) ⋅ 1{Gu = g}, where Gu denotes u’s adoption week.
The group‐time ATT is

ATT(g, t) = E[Yut(g) − Yut(0) ∣ Gu = g], (A2)

which we aggregate into event‐time coefficients as described in Section 2.4.2.
The parallel trends assumption requires that, for every group g, not‐yet‐treated group

g′, and time periods t such that t ≥ g and g′ > t,

E[Yut(0) − Yu,t−1(0) ∣ Gu = g] = E[Yut(0) − Yu,t−1(0) ∣ Gu = g′]. (A3)

In the presence of time‐varying covariates Xut, the conditional version becomes:

E[Yut(0) − Yu,t−1(0) ∣ Xut,Xu,t−1,Gu = g] = E[Yut(0) − Yu,t−1(0) ∣ Xut,Xu,t−1,Gu = g′]. (A4)

The no‐anticipation assumption requires:

E[Yut(g) ∣ Gu = g] = E[Yut(0) ∣ Gu = g] for all t < g. (A5)
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Event Study Plots

FıGURE A5. Weekly event study plots of the largest categories (1/2)

Note: Weekly event study plots of the largest categories using the shares specification (Yshareut ). The x‐axis shows the event
time in weeks, and the y‐axis shows the ATT as a percentage change from the pre‐adoption baseline. The error bars show
the 95% confidence intervals. The estimate in week 0 is indicated in red; it is excluded from the aggregate coefficients to
avoid activity bias, since we condition on this week in the definition of adoption.
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FıGURE A6. Weekly event study plots of the largest categories (2/2)

Note: Weekly event study plots of the largest categories using the shares specification (Yshareut ). The x‐axis shows the event
time in weeks, and the y‐axis shows the ATT as a percentage change from the pre‐adoption baseline. The error bars show
the 95% confidence intervals. The estimate in week 0 is indicated in red; it is excluded from the aggregate coefficients to
avoid activity bias, since we condition on this week in the definition of adoption.
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Additional Results

TABLE A6. Event study: Total usage

Dependent variable Visits Usage time

log(Total usage) ‐0.019 (0.015) ‐0.006 (0.018)

Individuals 4,792 4,792
Time periods 40 40
Groups 34 34

Note: This table shows the regression results for total usage for the staggered DiD estimation for the number of visits
(left panel) and usage time (right panel) as outcome variables. In parenthesis, the clustered standard errors are reported.
*** p<0.01, ** p<0.05, * p<0.1.
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TABLE A7. Event study: Service level, visits

Shares Levels

Dependent variable ATT % Change ATT % Change

Google Docs 0.098** (0.044) 17.5% 0.235*** (0.069) 21.5%
MSN 0.080*** (0.022) 12.6% 0.104** (0.049) 7.5%
Yahoo Mail 0.065 (0.051) 5.3% 0.233** (0.112) 6.2%
Outlook 0.055* (0.029) 4.7% 0.153 (0.103) 3.9%
AOL 0.039*** (0.013) 12.3% 0.139*** (0.048) 16.2%
Amazon 0.028 (0.047) 1.4% 0.059 (0.126) 0.9%
Twitch 0.023 (0.017) 9.6% 0.015 (0.060) 2.1%
Gmail 0.017 (0.067) 0.4% 0.097 (0.183) 0.8%
Clock 0.007 (0.018) 1.3% 0.046 (0.059) 2.5%
Prolific 0.003 (0.015) 1.7% 0.004 (0.052) 1.1%
Twitter ‐0.006 (0.030) ‐0.5% ‐0.020 (0.114) ‐0.5%
Netflix ‐0.019 (0.036) ‐4.0% ‐0.004 (0.073) ‐0.3%
Messages (Google) ‐0.023 (0.027) ‐2.5% ‐0.123 (0.111) ‐3.6%
Messenger (Facebook) ‐0.030 (0.025) ‐3.1% ‐0.054 (0.110) ‐1.4%
Facebook ‐0.047 (0.056) ‐0.9% ‐0.143 (0.227) ‐0.7%
Reddit ‐0.057*** (0.021) ‐12.7% ‐0.155** (0.068) ‐9.0%
Google ‐0.081 (0.073) ‐1.3% ‐0.246 (0.186) ‐1.3%
Discord ‐0.081** (0.039) ‐9.5% ‐0.258** (0.118) ‐9.4%
TikTok ‐0.082** (0.041) ‐4.0% ‐0.231 (0.159) ‐3.3%
Spotify ‐0.086*** (0.029) ‐11.3% ‐0.108 (0.084) ‐4.0%
Snapchat ‐0.097*** (0.033) ‐6.7% ‐0.322** (0.128) ‐6.1%
Instagram ‐0.248*** (0.057) ‐7.2% ‐0.694*** (0.194) ‐5.2%
YouTube ‐0.340*** (0.080) ‐7.0% ‐0.818*** (0.177) ‐5.7%

Controls
log(Total usage) No Yes

Individuals 4,792 4,792
Time periods 40 40
Groups 34 34

Note: This table shows the regression results on the service level for the staggered DiD estimation. Left panel: shares
specification (Yshareut ), measuring usage shares without covariates. Right panel: levels specification (Ylevelut ), measuring raw
visit counts with Xut = log(Totalut) as covariate. In parenthesis, the clustered standard errors are reported. *** p<0.01,
** p<0.05, * p<0.1.
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TABLE A8. Event study: Category level, usage time

Shares Levels

Dependent variable ATT % Change ATT % Change

Email 0.547*** (0.154) 6.3% 22.835*** (8.550) 8.5%
Productivity 0.184 (0.119) 9.0% 13.811** (6.379) 20.8%
Small services 0.173 (0.237) 1.2% 15.581 (9.883) 4.3%
Shopping 0.128 (0.118) 2.7% 5.951 (4.733) 4.9%
Tools 0.107 (0.117) 2.3% 3.914 (5.669) 3.6%
Business 0.089 (0.092) 4.5% 5.531 (4.758) 8.8%
Books & reference 0.078 (0.048) 10.8% 2.360 (1.902) 10.6%
Communications 0.056 (0.119) 1.2% 1.410 (3.560) 1.2%
Games 0.047 (0.126) 1.1% 1.690 (5.362) 1.3%
News & magazines 0.038 (0.061) 2.8% 0.745 (2.848) 2.0%
Food & drink 0.027 (0.043) 4.5% ‐3.410 (3.132) ‐20.2%
Sports 0.010 (0.045) 2.1% 3.311 (3.083) 20.3%
Personalization ‐0.024 (0.058) ‐5.2% ‐1.972 (1.980) ‐13.2%
Photography ‐0.025 (0.050) ‐3.9% 0.033 (1.295) 0.2%
Finance ‐0.030 (0.073) ‐1.7% ‐4.418 (2.904) ‐10.5%
Education ‐0.058 (0.068) ‐8.0% ‐2.315 (2.838) ‐11.4%
Maps & navigation ‐0.066* (0.035) ‐8.9% ‐1.198* (0.701) ‐7.8%
Music & audio ‐0.210*** (0.077) ‐8.3% ‐2.255 (3.057) ‐4.2%
Entertainment ‐0.962*** (0.236) ‐6.3% ‐21.794** (9.379) ‐4.8%
Social ‐1.050*** (0.217) ‐4.5% ‐16.604** (8.399) ‐2.9%

Controls
log(Total usage) No Yes

Individuals 4,792 4,792
Time periods 40 40
Groups 34 34

Note: This table shows the regression results on the category level for the staggered DiD estimation for the alternative
metric usage time. Left panel: shares specification (Yshareut ), measuring usage time shares without covariates. Right panel:
levels specification (Ylevelut ), measuring raw usage time with Xut = log(Totalut) as covariate. In parenthesis, the clustered
standard errors are reported. *** p<0.01, ** p<0.05, * p<0.1.
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Robustness: Compositional Changes

A potential concern with our main event study specification is compositional change
across event time. This arises for two reasons in our setting. First, we observe an unbal‐
anced panel where not all individuals are present in all periods. Second, early and late
GenAI adoptersmay differ systematically inways that correlatewith their usage patterns,
and comparing them directly could conflate treatment effects with selection. While the
Callaway and Sant’Anna (2021) estimator remains valid under these conditions, composi‐
tional changes can complicate the interpretation of aggregated event‐study coefficients
if different groups contribute to different event times.

To address this concern, we implement the stacked DiD estimator proposed by
Wing, Freedman and Hollingsworth (2024). The stacked approach constructs separate
“sub‐experiments” for each adoption cohort. Each sub‐experiment pairs a specific
cohort of adopters with a set of clean controls—individuals who have not yet adopted
by the end of the relevant event window. We define clean controls for event time a as
individuals with adoption week As > a+ post, where post = 6 in our specification. These
sub‐experimental datasets are then vertically concatenated (“stacked”) into a single an‐
alytic file. Adoption cohorts are trimmed such that only cohorts are included for which
the full event window is observable and clean controls exist, ensuring compositional
balance across event times.

Following Wing, Freedman and Hollingsworth (2024), we apply corrective sample
weights to address the differential weighting of treatment and control trends that arises
when treatment shares vary across sub‐experiments. These weights ensure that the
stacked regression coefficients recover the trimmed aggregate ATT, which weights each
cohort’s group‐time ATT by its share of the treated sample. The stacked regression takes
the form:

Ysae = α0 + α1Dsa +
post
∑

h=−pre,h≠−1
[λh1[e = h] + δhDsa × 1[e = h]] +Usae (A6)

where Ysae is the outcome for individual s in sub‐experiment a at event time e, Dsa indi‐
cates whether individual s is in the treatment group for sub‐experiment a, and h indexes
event time relative to adoption. The sum runs over all event times in the window except
h = −1, which serves as the reference period. The coefficients λh capture event‐time
fixed effects common to treatment and control groups, while δh identify the trimmed
aggregate ATT at each event time when estimated using weighted least squares with the
corrective weights. Usae is the error term; we cluster standard errors at the individual
level to account for repeated observations across sub‐experiments.

The stacked DiD results are consistent with the main event study specification. The
signs and statistical significance of the coefficients align closely: social media, entertain‐
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TABLE A9. Event study: Stacked DiD

Shares Levels

Dependent variable ATT % Change ATT % Change

Email 0.311*** (0.090) 4.3% 0.809*** (0.249) 3.5%
Productivity 0.112* (0.060) 6.0% 0.318*** (0.121) 5.7%
Personalization 0.072*** (0.021) 17.3% 0.334*** (0.081) 23.1%
News & magazines 0.018 (0.046) 0.9% 0.282** (0.140) 3.7%
Sports 0.016 (0.024) 3.5% 0.127* (0.075) 7.6%
Business 0.012 (0.062) 0.6% 0.067 (0.191) 0.9%
Books & reference 0.003 (0.024) 0.4% 0.096 (0.070) 3.7%
Food & drink 0.002 (0.018) 0.3% ‐0.085 (0.062) ‐3.1%
Education ‐0.002 (0.030) ‐0.4% ‐0.013 (0.072) ‐0.8%
Small services ‐0.009 (0.159) ‐0.0% 0.803 (0.769) 1.0%
Photography ‐0.036 (0.032) ‐2.7% ‐0.039 (0.111) ‐0.8%
Shopping ‐0.038 (0.081) ‐0.7% 0.065 (0.254) 0.3%
Maps & navigation ‐0.049*** (0.018) ‐6.5% ‐0.109 (0.069) ‐3.5%
Tools ‐0.059 (0.079) ‐0.6% 0.075 (0.252) 0.3%
Finance ‐0.091 (0.058) ‐2.7% ‐0.479** (0.205) ‐4.0%
Games ‐0.092 (0.060) ‐3.7% ‐0.225 (0.218) ‐2.7%
Communications ‐0.128 (0.083) ‐2.0% 0.048 (0.332) 0.2%
Music & audio ‐0.148*** (0.038) ‐8.6% ‐0.332*** (0.123) ‐5.4%
Entertainment ‐0.295*** (0.093) ‐4.1% ‐0.829*** (0.245) ‐3.9%
Social ‐0.683*** (0.110) ‐4.8% ‐1.621*** (0.475) ‐3.0%

Controls
log(Total usage) No Yes

Individuals 4,792 4,792

Note: This table shows the regression results for the stacked DiD (Wing, Freedman and Hollingsworth 2024) estimation
for the share of number of visits (left panel) and the number of visits (right panel) as outcome variables. In parenthesis,
the clustered standard errors on the individual level are reported. *** p<0.01, ** p<0.05, * p<0.1.

ment, and communication show significant declines, while email and productivity show
significant increases. Point estimates are similar in magnitude, though slightly larger for
some categories. The stacked approach additionally finds a significant decline for maps
& navigation and a significant increase for personalization, neither of which reached
significance in the main specification. Overall, the results confirm that the patterns doc‐
umented in Section 2.4.2 are robust to the alternative estimator.
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2.B.5. Synthesizing Patterns: Additional Results

FıGURE A7. Comparison event study (levels) ATT and transition analysis lift

Note: This figure shows the scatter plot between the ATT from the event study level specification (Ylevelut , y‐axis) and the
lift from the transition analysis from the origin model (x‐axis). The ATT is shown as a percentage change of the baseline
pre‐adoption average. The x‐axis is in log scale. Each point represents a category. The different colors and shapes repre‐
sent whether a category is significant in neither, one, or both analyses on at least the 10% level. The size of the shapes
corresponds to the share of usage that is done via apps in that category.
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FıGURE A8. Comparison event study (shares) ATT and transition analysis lift for services

Note: This figure shows the scatter plot between the ATT from the event study shares specification (Yshareut , y‐axis) and the
lift from the transition analysis from the originmodel (x‐axis) for individual services that record above 0.25%of usage time.
The ATT is shown as a percentage change of the baseline pre‐adoption average. The x‐axis is in log scale. The different
colors and shapes represent whether a category is significant in neither, one, or both analyses on at least the 10% level.
The size of the shapes corresponds to the share of usage that is done via apps in that category.
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Chapter 3

Coordinating Red Teaming for Large Language
Models: A Test of Novelty Incentives

Dominik Rehse, Sebastian Valet, Johannes Walter

Red teaming, where testers attempt to elicit harmful outputs from a large language
model (LLM), has become central to AI safety practice. Yet without coordination,
testers duplicate effort on familiar attack vectors and leave others underexplored.
We test whether real‐time novelty incentives can address this coordination prob‐
lem. In two preregistered experiments (N=1,075), participants attempt to elicit ha‐
rassing outputs from an LLM. Treatment participants earn bonuses based on both
the harassment and the novelty of their outputs, while control participants earn
bonuses based on harassment alone. Contrary to our preregistered hypothesis,
treatment groups achieve lower joint scores than control in both experiments. This
“backfiring” effect is driven by reduced harassment outcomes with no compen‐
sating gain in novelty. The effect is concentrated in an excess mass of near‐zero‐
harassment outputs. Once a minimum harassment threshold is imposed, treat‐
ment achieves higher novelty, and at some thresholds higher joint scores. The sec‐
ond experiment rules out differential pay as themechanism. These results reveal a
limit of multi‐dimensional incentive design: objectives that are theoretically com‐
plementary can crowd each other outwhen participantsmust optimize both in real
time, even in a setting explicitly designed for coordination gains.

We gratefully acknowledge financial support from the Bader‐Wuerttemberg Foundation. We thank
Adrian Hillenbrand for helpful comments.



CHAPTER 3. COORDINATING RED TEAMING FOR LARGE LANGUAGE MODELS

3.1. Introduction

Large languagemodels (LLMs) have scaled to hundreds of millions of users (Bellan 2025)
and are increasingly relied on forwriting, programming, customer service, and decision‐
making. This rapid diffusion has surfaced serious risks: models can assist in planning
cyber attacks (Bethany et al. 2025; Cohen, Bitton and Nassi 2024), contribute to severe
psychological harm (Euronews 2023; Hill 2025; McBain et al. 2025), and generate content
that violates ethical and legal standards (Fire et al. 2025). Red teaming, in which testers
attempt to elicit harmful outputs to identify vulnerabilities before deployment, has be‐
come central to responsible AI development (Ganguli et al. 2022; OpenAI 2024; Microsoft
2025; Anthropic 2025) and is increasingly mandated by regulation such as the European
Union’s AI Act.1

Yet human red teaming faces a coordination problem. Human testers exhibit system‐
atic biases shaped by personal experience and cluster on familiar attack vectors (Gan‐
guli et al. 2022; Zhang et al. 2024), leaving “less obvious categories underexplored” (Mi‐
crosoft 2025, p. 5). Automated methods address scale but suffer frommode collapse and
struggle with tactical diversity (Perez et al. 2022; Mei, Levy andWang 2023; OpenAI 2024;
Hong et al. 2024; Lee et al. 2025), which is why industry practice has converged on hybrid
human‐automated approaches (OpenAI 2024; Microsoft 2025). The value such hybrids
extract from human testers depends precisely on the creativity and breadth that unco‐
ordinated effort tends to suppress, yet current practice provides no mechanism to steer
testers toward unexplored regions of the vulnerability space. This paper asks: can real-
time novelty incentives coordinate multiple human red teamers toward collectively exploring
diverse vulnerabilities?

In two preregistered online experiments with 1,075 participants, we find the opposite
of what we hypothesized. Rewarding novelty alongside harmfulness lowers joint perfor‐
mance relative to rewarding harmfulness alone. This “backfiring” effect is driven by an
excess of near‐zero‐harassment outputs in treatment rather than a uniform quality de‐
cline, and it persists across two experiments designed to rule out differential pay as the
mechanism. The result illustrates a general limit of multi‐dimensional incentive design:
objectives that are theoretically complementary can crowd each other out when partici‐
pants must optimize both in real time, even in settings explicitly designed for coordina‐
tion gains.

Existing evidence underscores the magnitude of this gap. Ganguli et al. (2022) re‐
lease 38,961 human attacks and document heavy clustering on offensive‐language and PII
probes, while Feffer et al. (2025) note that evaluators focus on “risk areas where harmful
model outputs are easy or quick to produce.” Proposed remedies, such as curiosity‐driven

1Regulation (EU) 2024/1689 of the European Parliament and of the Council of 13 June 2024 laying down
harmonised rules on artificial intelligence (Artificial Intelligence Act), OJ L 2024/1689.

122



USER BEHAVIOR IN DIGITAL MARKETS: EVIDENCE ON PLATFORMS AND GENERATIVE AI

rewards for automated attackers (Hong et al. 2024), parameterized instructions allocat‐
ing humans to specific risk areas (Weidinger et al. 2024), and crowdsourced competitions
with leaderboard incentives (Quaye et al. 2024), do not test how to incentivize a popula‐
tion of human testers exploring simultaneously.

We study this question using a custom experimental platform in which participants
attempt to elicit harassing outputs from the Mistral-7B-Instruct model across three chats
with real‐time feedback. Harassment is measured via OpenAI’s moderation API (0–1),
and novelty is the minimum embedding distance of an output to all prior outputs dis‐
covered within the same group (0–1). Our primary outcome is novelty‐weighted harass‐
ment (NWH), theproduct of the two, capturing the goal of red teaming tofindoutputs that
are both severe andnovel. Control participants earn bonuses on harassment only and see
only harassment feedback. Treatment participants earn bonuses on NWH and see both
scores. A multiplicative payoff for the treatment group rewards joint performance and
discourages duplicating others’ discoveries.

A central identification challenge is that the multiplicative payoff changes expected
earnings across conditions, and pay can affect effort (Camerer andHogarth 1999; Bradler,
Neckermann andWarnke 2019). We address this by running two experiments that bound
the pay channel. The control condition is identical in both. In the lower‐bound (LB) ex‐
periment, novelty ranges from 0 to 1, so treatment pay is weakly lower than control pay
for equivalent harassment. In the upper‐bound (UB) experiment, novelty is rescaled to 1–
2, so treatment pay is weakly higher. If effects are driven by pay differences they should
reverse across experiments; if they are driven by the novelty incentive itself they should
persist.

The backfiring effect is robust across both experiments. Decomposing NWH shows
that treatment groups produce outputs with lower harassment scores while novelty
scores are statistically indistinguishable, suggesting that participants are unable to
optimize both objectives simultaneously even when explicitly incentivized to do so.
Three additional findings qualify this main result. First, the effect is concentrated
in an excess mass of near‐zero‐harassment outputs in treatment. Once we restrict
attention to outputs above aminimum harassment threshold, treatment achieves higher
novelty scores, and at some thresholds higher NWH. Second, performance is highly
concentrated with above‐median participants generating nearly all cumulative NWH in
both conditions, and the backfiring effect persists within each performance tier. This
suggests that coordination incentives cannot substitute for participant selection. Third,
both conditions systematically overuse intuitive but modestly effective strategies (hate
speech, insults, violence promotion) while underusing more effective indirect tactics
(quantity escalation, roleplay/impersonation, policy evasion). Treatment participants
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additionally achieve lower harassment than control when using the same strategies,
consistent with divided attention reducing execution quality on the primary objective.

These findings contribute to two literatures. First, on multi-dimensional incentives for
creative and cognitive tasks, where a line of work has studied how financial incentives in‐
teract with quality, creativity, and novelty objectives (Bradler, Neckermann and Warnke
2019; Charness and Grieco 2018; Speckbacher andWiernsperger 2024). The closest prece‐
dent is Kachelmeier, Reichert andWilliamson (2008),who test amultiplicative quantity‐×‐
creativity pay scheme in a creative production task and find that it yields lower creativity‐
weighted output than quantity‐only pay. We provide the first test of an analogous multi‐
plicative novelty‐weighted scheme in an adversarial search task, a setting in which the
solution space is unbounded, the evaluator is an algorithm, and feedback is delivered in
real time. The crowding‐out pattern persists in this very different environment, suggest‐
ing that the limits of multiplicative scoring as a remedy for the novelty‐usefulness trade‐
off are not specific to structured creative tasks. Methodologically, our two‐experiment
bounding design experimentally separates coordination effects from pay differentials in
a setting where the incentive mechanismmechanically affects expected earnings.

Second, on human AI red teaming, where prior work documents coverage gaps (Gan‐
guli et al. 2022; Feffer et al. 2025) and proposes algorithmic or structural remedies (Hong
et al. 2024; Weidinger et al. 2024), but no study has experimentally tested how incentive
structures affect human red teaming performance. We provide this test and show that a
coordination mechanism alone, absent quality floors and participant selection, cannot
solve the coverage problem. The bug‐bounty result that higher financial incentives redi‐
rect effort toward more valuable targets (Wang et al. 2025) does not carry over once the
objective is multi‐dimensional.

Our findings have practical implications for both developers conducting internal red
teaming and regulators designing oversight mechanisms. The coordination benefits of
novelty scoring emerge only among outputs that clear minimum harmfulness floors, so
quality thresholds should be implemented before introducing novelty incentives. Perfor‐
mance is also highly concentrated, suggesting that participant selection matters more
than incentive design. More broadly, our results counsel caution about simultaneous
multi‐dimensional incentives in cognitively demanding tasks, where sequencing objec‐
tives may prove more robust. A design that first rewards novelty to map out unexplored
domains and only then rewards harmful output within those domains could avoid the
crowding‐out we observe, consistent with evidence that deferring performance evalua‐
tion outperforms pay‐for‐performance throughout (Ederer and Manso 2013).

The remainder of the paper proceeds as follows. Section 3.2 develops the design prob‐
lem of red teaming for LLMs and the theoretical rationale for a two‐dimensional incen‐
tive. Section 3.3 presents the experimental design and implementation. Section 3.4 re‐

124



USER BEHAVIOR IN DIGITAL MARKETS: EVIDENCE ON PLATFORMS AND GENERATIVE AI

ports the empirical results. Section 3.7 discusses mechanisms, limitations, and practice.
Section 3.8 concludes.

3.2. Background

3.2.1. Why Large LanguageModels Require Behavioral Testing

LLMs cannot be fully understood from their architecture or training data alone. Unlike
traditional software, where correctness can often be verified by inspecting source code,
these models function as opaque systems whose behavior must be studied empirically
throughdirect observation of outputs under varied inputs. Several features of LLMsmake
such behavioral testing essential rather thanmerely complementary to other verification
methods.

First, models operate over vast input and output spaces. Any combination of text and,
increasingly, images, audio, or other modalities can serve as input, and the space of pos‐
sible outputs is similarly unbounded. Standard test sets used for predictiveAImodels can‐
not adequately cover this complexity, and static benchmarks rapidly become saturated
or gamed once they are widely known. Second, model behavior is non‐deterministic and
context‐dependent. Identical inputs may produce different outputs across sessions, and
seemingly innocuous inputs can elicit harmful outputs conditional on conversational
context. Third, models evolve continuously through fine‐tuning, reinforcement learn‐
ing from human feedback, and post‐deployment updates, potentially acquiring or los‐
ing capabilities with each modification. Fourth, alignment techniques produce safety
guardrails that are brittle in ways that cannot be anticipated from training objectives
alone. The steady stream of jailbreak discoveries (Zou et al. 2023; Geiping et al. 2024;
Yu et al. 2024) illustrates that the operative behavior of a deployed model is whatever its
users can elicit, not what its training was intended to achieve.

Red teaming responds to these features. By having testers attempt to elicit harmful
outputs, it treats the model as a system whose behavior must be probed rather than de‐
duced. Recognizing this, the European Union’s AI Act now requires that general‐purpose
artificial intelligence (GPAI) models with systemic risk undergo adversarial evaluation.
Red teaming is thus becoming not only a developer practice but a regulatory object.

3.2.2. A Two‐Dimensional Incentive for Red Teaming

The value of red teaming depends on two jointly necessary properties of the outputs it
uncovers. Outputs must be harmful, otherwise they convey no information about safety‐
relevant vulnerabilities, and diverse, otherwise they leave regions of the vulnerability
space unprobed. Either dimension alone is insufficient. A corpus of highly harmful but
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near‐duplicate outputs overrepresents a narrow slice of the attack surface, while a di‐
verse corpus of innocuous outputs provides no safety‐relevant information. An incentive
aimed at the red teaming objective must therefore reward both dimensions.

A multiplicative incentive is a natural candidate. Multiplicative scoring requires non‐
trivial performance on both dimensions for ameaningful payoff andpenalizes specializa‐
tion on either alone, which in principle aligns individual performancewith the collective
objective. Embedding‐based novelty bonuses of essentially this form have improved di‐
versity in automated red teaming (Hong et al. 2024) and in quality‐diversity search for
attack generation (Samvelyan et al. 2024). Related evidence from adjacent settings sug‐
gests the approach should transfer to human testers: explicit performance bonuses raise
creative output (Bradler, Neckermann and Warnke 2019), tournaments increase creativ‐
ity on constrained tasks (Charness and Grieco 2018), and higher rewards in bug bounty
programs redirect effort toward more valuable targets (Wang et al. 2025).

How multi‐dimensional incentives perform in practice is nevertheless contested.
The multitask principal‐agent model (Holmstrom and Milgrom 1991) suggests that in‐
centivizing multiple tasks can distort effort allocation when tasks differ in measurability
or compete for cognitive resources. In such cases, single‐dimensional piece rates can
dominate multi‐dimensional ones. Kachelmeier, Reichert and Williamson (2008) find
that a multiplicative quantity‐×‐creativity scheme yielded lower creativity‐weighted out‐
put than quantity‐only pay in a creative production task. Speckbacher andWiernsperger
(2024) document a novelty‐usefulness substitution pattern in which incentives primarily
boost the more visible dimension at the expense of the other. Laske and Schröder (2017)
show that incentivizing individual creativity dimensions produces negative spillovers
across dimensions and that simple schemes can outperform complex weighted ones.
Further work identifies task features that shape these outcomes: incentive complexity
and bounded rationality (Abeler, Huffman and Raymond 2025), the distinction between
open‐ended and constrained creative tasks (Charness andGrieco 2018), failure‐intolerant
short‐horizon contracts versus exploration‐friendly ones (Ederer and Manso 2013), and
the noisiness of the effort‐to‐output mapping (Bradler, Neckermann and Warnke 2019).

Red teaming sits at the intersection of these considerations. The task is open‐ended
in the sense of Charness and Grieco (2018), since participants face an unbounded
strategy space with no prescribed path to success, yet it has a clear goal orientation. The
multiplicative payoff is theoretically attractive but structurally failure‐intolerant. The
two dimensions (harmfulness and novelty) are algorithmically scored and fed back in
real time, which removes evaluation lag but also raises cognitive demands. Whether
a two‐dimensional real‐time incentive coordinates human red teamers in this setting,
or whether the costs documented in the multitask literature dominate, is therefore an
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empirical question. The experiments in the remainder of the paper provide the first
evidence on it.

3.3. Experimental Design

We conducted two preregistered online experiments2 in April and July 2025 to test
whether real‐time novelty incentives can coordinate multiple red teamers to collectively
explore diverse vulnerabilities. We recruited 521 and 554 participants respectively
through Prolific with all participants attempting to elicit harassing outputs from an LLM
while receiving real‐time feedback on their success. We recruited US‐based participants
through Prolific who had consented to viewing potentially harmful content. Median
completion times were 34 minutes (LB experiment) and 37 minutes (UB experiment),
with average hourly pay of GBP 6.41 and GBP 9.79 respectively, well above Prolific’s
minimum rate of GBP 6.00.3

After reading instructions, participants completed a five‐question comprehension
check (see Section 3.B.1) before accessing the main task: three separate chats with
an LLM. Each chat continued until the participant initiated a new one or reached the
context window token limit. Participants could freely explore any topics or tactics to
elicit harassing outputs, with no prescribed strategies. We used Mistral-7B-Instruct-v0.1
as the target model because its relatively loose guardrails make it easier to elicit un‐
wanted behaviors compared to state‐of‐the‐art LLMs, providing sufficient variation in
harassment outcomes to detect treatment effects. Each model output was processed in
real‐time through two scoring systems:

Harassment scoring: OpenAI’s moderation API classified each model output’s harass‐
ment level, returning a continuous score from 0 (not harassing) to 1 (very harassing).
The API defines harassment as “content that expresses, incites, or promotes harassing
language towards any target.” 4

Novelty scoring: Each input and output was embedded using OpenAI’s text-embedding-
ada-002model5, which creates a 1,536‐dimensional vector embedding. The novelty score
for each output was based on the cosine distance to its nearest neighbor in the embed‐
ding space among all prior outputs in the same experimental group.We transformed this

2Both experiments were preregistered on aspredicted.org: first experiment: https://aspredicted.
org/zrzf-889f.pdf, second experiment: https://aspredicted.org/s7qg-6y7s.pdf. The experiments have
ethical approval from the German Association of Experimental Economic Research.

3Although participants were US‐based, payments were made in GBP because our Prolific account is
funded in that currency. This is not unusual on the Prolific platform, and participants are accustomed to
receiving payments in different currencies.

4See the definition for the moderation API: https://platform.openai.com/docs/guides/moderation.
Last accessed: April 17, 2026.

5See OpenAI’s documentation: https://platform.openai.com/docs/models/text-embedding-ada-002.
Last accessed: April 17, 2026.
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distance into a base score in [0,1], where 0 indicates very similar outputs and 1 indicates
maximally different (orthogonal) outputs. This measures semantic differentiation: for
example, if existing outputs are centered on politics, an output about sports would re‐
ceive a high novelty score. Crucially, novelty is measured against the collective set of all
outputs discovered by any participant in the same experimental group, functioning as
a coordination mechanism that signals which areas have already been explored. An im‐
portant design feature is that novelty scores were calculated only against outputs outside
of the current chat. This means participants could experiment freely within each chat
without worrying that each successive output would decrease their novelty score. This
should enable more exploratory behavior within chats while still incentivizing differen‐
tiation across the three separate chats. We measure novelty using semantic distance in
embedding space rather than predefined categories because this approach scales auto‐
matically without requiring ex‐ante specification of attack vectors, captures continuous
degrees of similarity, and allows for discovery of unanticipated vulnerability types.

FıGURE 3.1. Experimental chat interface showing the key treatment difference.

A. Treatment condition: displaying both ha‐
rassment and novelty scores

B. Control condition: displaying harassment
score only

Notes: Participants elicit harassing outputs from an LLM while receiving real‐time feedback. Treatment participants
(Panel A) saw both harassment and novelty scores, and earned bonuses based on the product of both scores. Control
participants (Panel B) sawharassment scores only, and earnedbonuses based onharassment alone. The interface displays
chat history and current scores, and indicates which model output maximizes the participant’s bonus.

128



USER BEHAVIOR IN DIGITAL MARKETS: EVIDENCE ON PLATFORMS AND GENERATIVE AI

Figure 3.1 shows the interface of participants’main task. The interface displayed each
output’s scores in real‐time alongwith the payoff‐maximizing output for the current chat.
This real‐time feedback enabled participants to adapt their strategies dynamically. Im‐
plementing this required a custom platform integrating real‐time LLM interaction with
synchronous embedding‐based novelty calculation, harassment scoring, and live score
computation, which is infeasible on standard survey platforms.6

Participants were randomly assigned to control or treatment conditions, which dif‐
fered in feedback and incentives:

Control: Participants saw only the harassment score of eachmodel output in real‐time
and earned bonuses based solely on the maximum harassment score achieved by any
model output per chat. This creates incentives to elicit harassing outputs without any
regard for whether other participants had already discovered similar vulnerabilities.

Treatment: Participants saw both the harassment and novelty scores of each model
output in real‐time and earned bonuses based on the maximumNWH score achieved by
anymodel output per chat, which is the product of harassment and novelty. This created
incentives to elicit outputs that are both harmful and collectively unexplored. The mul‐
tiplicative score calculation is an explicit design choice: it directly incentivizes the two‐
dimensional optimization for harassment and novelty that we want to achieve. A model
output with a high score in only one dimension is down‐weighted by a lower score in the
other dimension, and will not yield a high bonus.

Crucially, harassment and novelty scores were calculated and recorded for all model
outputs in both conditions, but novelty scores were displayed only to treatment partici‐
pants. This creates an information asymmetry that isolates the coordination effect: any
difference in outcomes can be attributed to the real‐time novelty signal rather than dif‐
ferences in underlying score distributions, which we observe for both groups.

TABLE 3.1. Payoff functions by experiment and treatment condition.

Condition Payoff Function

Control ‐ Both experiments Total reward = fixed reward+ bonus × harassment score

Treatment ‐ Lower‐bound experiment Total reward = fixed reward+bonus×harassment score×
novelty score
where novelty score ∈ [0,1]

Treatment ‐ Upper‐bound experiment Total reward = fixed reward+bonus×harassment score×
novelty score
where novelty score ∈ [1,2]

Notes: The table shows the payoff functions by treatment conditions and experiments. The control condition is identical
in both experiments.

6Code and documentation are available from the authors and will be released on GitHub under the MIT
license.
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Participants in both conditions received a fixed base payment plus performance‐
based bonuses. For each of the three chats, bonuses were determined by the payoff‐
maximizing output, i.e., the output with maximum harassment for the control group
or the maximum NWH for the treatment group. Table 3.1 presents the payoff functions.
Bonuses were calculated by multiplying the achieved score by a fixed bonus payment.
The fixed bonus payment was the same in both treatment and control.

A key challenge in evaluating novelty incentives is that themultiplicative payoff struc‐
ture creates systematic differences in expected earnings between conditions. This struc‐
ture is necessary to incentivize two‐dimensional optimization, but it implies that when
novelty ranges from 0 to 1, treatment participants can at most earn the same bonus as
control participants (when novelty equals 1) and typically earn less. Thismatters because
financial incentives may affect effort (Camerer and Hogarth 1999; Bradler, Neckermann
and Warnke 2019), and we cannot directly measure cognitive effort even if we observe
proxies such as number of inputs or time spent.

To address this identification challenge, we conducted two experiments that bound
the potential effect of differential monetary incentives. The control condition is identical
in both experiments; only the treatment condition varies:

Lower-bound (LB) experiment: Novelty scores range from 0 to 1, so treatment bonuses
are at most equal to control bonuses. If treatment outperforms control despite weakly
lower expected earnings, the effect cannot be attributed to higher financial incentives.
Any treatment effect thus provides a lower bound on the true coordination effect.

Upper-bound (UB) experiment: The payoff calculation remains identical, but novelty
scores are rescaled to range from 1 to 2 before multiplication. This ensures that treat‐
ment bonuses are at least equal to control bonuses and typically higher. If treatment
underperforms control despite higher expected earnings, the effect cannot be attributed
to insufficient financial incentives. Any treatment effect thus provides an upper bound
on the true coordination effect.

Together, these experiments isolate the intended coordination incentive from con‐
founding differences in financial incentives between treatment and control. Comparing
treatment effects across experiments also reveals whether differences in base pay—and
any associated effort differences—systematically affect outcomes. Both experiments test
a common set of preregistered hypotheses that center on NWH as the primary outcome.
Hypotheses 1–3 directly compare NWH between treatment and control conditions us‐
ing complementary approaches: H1 compares participant‐levelmeans aggregated across
chats, H2 examines moving averages to detect dynamic treatment effects over time, and
H3 tests whether the time series of NWH scores are generated by the same underlying
process in both conditions. These hypotheses address several econometric issues regard‐
ing aggregation, dynamics, andmodel specification thatwediscuss in detail in Section 3.4.
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Additionally, we preregistered two complementary hypotheses: H4 tests whether novelty
scores decline as the pool of discovered outputs grows (a coordinationmechanismcheck)
and H5 examines whether treatment participants send more inputs (an effort proxy).7

Our design necessarily simplifies real‐world red teaming.We focus on a singlemodel
and vulnerability type (harassment), use automated evaluation via OpenAI’s moderation
API, and constrain interaction to text‐based chats. These simplifications are an explicit
design choice to enable us to isolate andmeasure coordination effects through controlled
experimentation while maintaining the essential features of incentivized vulnerability
discovery.

3.4. Main Results

This section presents the preregistered results from both experiments comparing treat‐
ment (real‐time novelty feedback and NWH‐based incentives) to control (harassment‐
only incentives). We report average treatment effects on our primary outcome, NWH,
and decompose them into harassment and novelty components, using both the prereg‐
istered t‐tests and permutation tests.

3.4.1. Treatment Effects on Red Teaming Performance

The central question is whether novelty incentives lead to broader exploration of the out‐
put space. After all, the goal of red teaming is to generate novel harmful outputs. Our
primary outcome measure is therefore the novelty‐weighted harassment (NWH), which
captures both dimensions of this objective. As specified in the preregistration, we com‐
pare the average NWH achieved by participants in the treatment and control groups. For
the main analysis, we select the model output with the highest NWH in each chat and
compute the participant‐level mean across their three chats.

We apply this selection criterion in our analysis to both treatment and control groups,
even though this does not correspond to the payoff‐maximizing output for control partic‐
ipants, who are incentivized based on maximum harassment alone. This is a deliberate
choice to maintain a consistent selection rule across conditions. Crucially, it means we
credit control participants with any novelty they happen to achieve incidentally, since se‐
lecting themaximumNWHoutput picks up the highest joint score regardless of whether
novelty was pursued. As a result, our estimate of any treatment advantage isolates the
effect of an explicit novelty incentive.

7A sixth preregistered hypothesis, H6, tests whether novelty incentives improve cost‐effectiveness by
comparing cumulative NWH at equivalent payment levels. This efficiency measure is relevant for practi‐
tioners but tangential to our research question. We do not address H6 in the paper, but briefly report the
results in Section 3.B.10.
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The nature of the novelty score poses an econometric challenge. Since novelty is cal‐
culated based on embeddings of all prior outputs in a treatment, scores are not indepen‐
dent across outputs because the distribution shifts as outputs accumulate. Specifically,
an output early in a treatment will likely have a higher novelty score than the same out‐
put appearing later. This mechanical decrease is visible in Figure A6, consistent with the
pattern predicted in preregistered hypothesis H4.

We address this challengewith a threefold strategy to test our primary hypothesis (H1:
treatment achieves higher mean NWH than control). First, for our main analysis, we use
permutation tests for hypothesis testing (see e.g. Strasser andWeber 1999; Hothorn et al.
2006), a non‐parametric alternative to the preregistered t‐tests. Permutation tests make
no distributional assumptions and remain valid for non‐identically distributed data,mak‐
ing themmore appropriate given the time‐varying nature of novelty scores.8

Second, as a robustness check corresponding to preregistered hypothesis H2, we ex‐
ploit the fact that novelty scores become approximately independent toward the end of
the treatment as the embedding set grows. Formally, the scores for outputs n and n + 1

are approximately independent for large n, because both are calculated against nearly
the same set of embeddings. In essence, the marginal impact of adding another embed‐
ding diminishes, reducing the probability that the newest embedding becomes the near‐
est neighbor for future outputs. We operationalize this by comparing means between
treatment and control using only the last 5%, 10%, and 15% of outputs, where the inde‐
pendence assumption is more plausible.

Third, as another robustness check corresponding to preregistered hypothesis H3,
we use a regression model to compare treatment and control over the course of the ex‐
periment. We regress the outcome measure on an output count to account for order, a
treatment dummy, and the interaction between the two.We cluster standard errors at the
participant level. The coefficient of interest is the interaction effect between treatment
dummy and output count, and significance indicates different trend components across
conditions.

Table 3.2 presents ourmain results. Column 3 reports the one‐sided permutation test
that treatment would achieve higher NWH than control, which corresponds to H1 in our
preregistration. We find no evidence supporting H1. In column 4, we report the result
for the reverse hypothesis that control performs better than treatment. The difference in
means is statistically significant, showing a higher averageNWH in control in both exper‐
iments (p=0.025 andp=0.037).More conservatively, a two‐sided test also showsmarginally
significant differences in NWH in both experiments (column 5). In other words, the nov‐
elty treatment does not work as hypothesized. Instead of improving performance on the

8Welch t‐tests were preregistered; we report permutation tests in the main text due to their better han‐
dling of non‐identically distributed data. Welch t‐test p‐values in Table A1 are very similar.
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TABLE 3.2. Comparison of outcome metrics between treatment and control group.

Mean P‐values (perm.)

Experiment Metric C T T > C C > T C = T

LB Exp. NWH 0.092 0.072 0.975 0.025 0.051
Novelty 0.370 0.374 0.312 0.688 0.625
Harassment 0.223 0.160 0.997 0.003 0.006
Distance 0.882 0.888 0.048 0.952 0.095
DWH 0.197 0.144 0.995 0.005 0.010

UB Exp NWH 0.097 0.079 0.963 0.037 0.075
Novelty 0.355 0.359 0.327 0.674 0.653
Harassment 0.241 0.187 0.992 0.008 0.017
Distance 0.880 0.885 0.093 0.907 0.185
DWH 0.212 0.167 0.987 0.013 0.026

Notes: The table shows different outcomemetrics formodel outputs. For each chat, the output with themaximumNWH
was selected. The mean for control and treatment groups are on the participant level. The p‐values are generated from
permutation tests comparing the means. The upper panel refers to the lower‐bound (LB) experiment, the lower panel
refers to the upper‐bound (UB) experiment. For each experiment, the main outcome metrics NWH, Novelty and Harass‐
ment are reported. Additionally, we report the mean distance to the centroid of outputs within each condition and the
resulting distance‐weighted harassment (DWH) (harassment × distance) score as complementary ex‐post measures for
novelty.

joint objective, treatment groups achieve lower NWH than control on average. We refer
to this reversal relative to the intended treatment direction as a “backfiring effect”.

Decomposing NWH into its components reveals that control groups achieve sig‐
nificantly higher harassment scores than treatment groups across both experiments
(p=0.003 and p=0.008), while the originally hypothesized direction shows no effect
(p=0.997 and p=0.992). For novelty, treatment groups show no significant improvement
over control (p=0.312 and p=0.327) and vice versa (p=0.688 and p=0.674). This suggests that
the backfiring effect is driven by lower harassment in treatment, whereas performance
in the novelty dimension does not differ.

The novelty score is an incremental measure that evaluates each output relative to
all outputs generated before it. This time‐dependencemeans that, holding content fixed,
an identical output will mechanically receive a higher novelty score early in the experi‐
ment than later, simply because the comparison set grows over time. This could distort
aggregate comparisons of mean novelty across conditions. Moreover, a regulator com‐
missioning red teaming would likely be more interested in an ex‐post measure of diver‐
sity that evaluates the entire corpus of discovered vulnerabilities, rather than a measure
tied to the order in which outputs were generated. We therefore report complementary
measures that address both concerns.

In rows 4 and 5 of each panel in Table 3.2, we report the mean distance to the em‐
bedding centroid (i.e., the average embedding vector) of outputs within each condition.
Unlike incremental novelty, centroid distance evaluates each output against the final dis‐
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tribution, making scores comparable across early and late outputs. We then construct a
distance‐weighted harassment (DWH) score, calculated as harassment × distance, which
mirrors the NWH metric but uses the time‐invariant distance measure in place of nov‐
elty. Treatment groups achieve higher centroid distances than control in both experi‐
ments (p=0.048 and p=0.093), though the magnitude of these differences is small. Com‐
bined with the significantly lower harassment in treatment, the resulting DWH scores
are significantly lower in treatment in both experiments. This suggests that the backfir‐
ing effect on NWH is not an artifact of novelty’s time‐dependence. Even when using a
time‐invariant dispersion measure, the treatment effect on the joint objective remains
negative, driven by reduced harassment and only slightly higher exploration.

We also report the results for robustness checks corresponding to preregistered hy‐
potheses H2 and H3. Table A3 shows the results for the last 5%, 10%, and 15% of outputs.
The results are consistent with the main findings, with mean NWH in treatment at or
below control across all three tail definitions. Table A4 shows the results for the regres‐
sion model, which largely confirms the main findings: the treatment effect on NWH is
negative and significant in both experiments, driven by lower harassment scores in treat‐
ment. As a robustness check for the selection criterion,we repeat themain analysis using
all generatedmodel outputs rather than selecting outputwithmaximumNWH. This tests
whether our results are driven by the selection rule, i.e. which output of a chat is selected
to calculate the participant‐level mean. Table A2 shows the results. The negative effect
on NWH for the treatment results remains. This suggests that the observed backfiring
effect is not a result of the selection rule.

3.4.2. Effort and Engagement Across Conditions and Experiments

As discussed in Section 3.3, an important identification challenge is that the novelty in‐
centive changes the payoff function and therefore can mechanically change expected
earnings. If participants respond to these earnings differences with different effort, dif‐
ferences in performance between treatment and control could partly reflect differential
engagement rather than the novelty incentive itself. To address this concern, we report
the number of user inputs and the total number of user words per chat as engagement
proxies.

Table 3.3 reports the means of the per‐chat input and word counts for control and
treatment in both experiments, testing preregistered hypothesis H5 that treatment par‐
ticipants send more inputs than control. The tests for mean differences are performed
using Welch’s t‐test.

The results do not support H5. In the lower‐bound experiment, control participants
send significantlymore inputs per chat (9.29 vs. 8.47, p = 0.023) and more words (129.74 vs.
111.48, p = 0.019), though effect sizes are modest. In the upper‐bound experiment, where

134



USER BEHAVIOR IN DIGITAL MARKETS: EVIDENCE ON PLATFORMS AND GENERATIVE AI

TABLE 3.3. Per‐chat counts and group differences for user inputs.

Control Treatment Welch t‐test

Experiment Measure Mean n Mean n t p‐value

LB Exp. num. of inputs 9.293 744 8.466 819 2.275 0.023
num. of words 129.743 744 111.476 819 2.346 0.019

UB Exp. num. of inputs 9.727 861 9.542 801 0.486 0.627
num. of words 135.684 861 149.958 801 ‐1.441 0.150

Notes: The table shows the means of the per‐chat input and word counts for control and treatment in both experiments.
The Welch t‐test is used to compare the means. The upper panel refers to the lower‐bound (LB) experiment, the lower
panel refers to the upper‐bound (UB) experiment.

treatment participants face higher expected earnings, input counts are nearly identical
(9.73 vs. 9.54, p = 0.627) and word counts show no significant difference (135.68 vs. 149.96,
p = 0.150). Figure A8 and Figure A9 display the distributions of word and input counts per
chat, reinforcing these findings. The distributions largely overlap between conditions,
confirming that treatment‐control differences are small. However, within each condi‐
tion, substantial variation exists: while both distributions are right‐skewed with many
low‐effort chats, a sizeable fraction of participants engaged extensively, sending substan‐
tially more words and inputs than the median.

At first glance, the pattern in the lower‐bound experiment appears consistent with an
effort‐based explanation for the backfiring effect. Lower expected earnings in treatment
lead to lower effort, which in turn produces lower NWH. However, the upper‐bound ex‐
periment contradicts this interpretation. If differential effort explained the backfiring
effect, we would expect it to reverse in the upper‐bound experiment where treatment
participants face higher expected earnings and should exert more effort. Instead, effort
equalizes across conditionswhile the backfiring effect persists. This pattern suggests that
reduced effort is not the primary mechanism driving lower treatment performance, and
it validates our two‐experiment design for isolating coordination effects from monetary
incentives.

3.5. When Do Novelty IncentivesWork?

The main results show that novelty incentives can backfire on average, but this average
effect may mask important contingencies. This section therefore asks when novelty in‐
centives improve red teaming performance. The distributions of the outcome metrics
(see Figure A7) show substantial mass near zero NWH, largely driven by low harassment
scores, and fatter novelty tails in treatment, consistent with heterogeneous responses to
the novelty signal. Motivated by these patterns, we examine two ways of unpacking the
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average effect. First, restricting attention to actually harmful outputs above harassment
thresholds (as those are the outputs of interest in a red‐teaming exercise), and second,
examining heterogeneity across participants.

3.5.1. Filtering Out Low‐Quality Outputs

From the perspective of red teaming organizers or policymakers, outputs with very low
harassment scores are an inefficiency even if they are novel, because they do not con‐
vey any information about the vulnerabilities of the system. Such outputs do not mean‐
ingfully contribute to the objective of generating a diverse set of harmful outputs. In
this analysis, we therefore restrict our analysis to outputs that exceed a certain mini‐
mum harassment threshold to assess whether the novelty incentive worked as intended
when only harmful outputs are considered. Because the harassment threshold is itself a
post‐treatment outcome that the incentive mechanically shifts, we interpret the within‐
threshold comparisons as descriptive of the quality‐filtered corpus a red‐teaming orga‐
nizer would act on, rather than as causal estimates of a treatment effect on novelty con‐
ditional on harassment. Since it is not ex‐ante obvious which harassment threshold from
OpenAI’s moderation API corresponds to a level of harassment that policymakers would
be interested in, we test multiple harassment thresholds. Table 3.4 shows the average
treatment effects using the model outputs above the harassment thresholds 0.1, 0.25, 0.5,
and 0.75.

TABLE 3.4. Treatment effects by harassment threshold (treatment > control).

NWH Novelty Harassment

Exp Thr C T p C T p C T p

LB Exp. 0.10 0.171 0.197 <0.001 0.375 0.398 <0.001 0.437 0.480 <0.001
0.25 0.241 0.269 <0.001 0.390 0.415 <0.001 0.600 0.645 <0.001
0.50 0.310 0.330 0.002 0.406 0.425 0.002 0.755 0.785 0.001
0.75 0.381 0.387 0.241 0.436 0.442 0.280 0.870 0.878 0.118

UB Exp 0.10 0.183 0.181 0.635 0.376 0.391 <0.001 0.468 0.447 0.970
0.25 0.252 0.245 0.887 0.391 0.400 0.047 0.635 0.597 >0.999
0.50 0.315 0.317 0.376 0.403 0.419 0.006 0.781 0.752 >0.999
0.75 0.365 0.383 0.016 0.417 0.439 0.009 0.874 0.871 0.653

Notes: This table presents treatment effects when restricting analysis to model outputs that exceed minimum harass‐
ment thresholds. The analysis filters all model outputs to include only those with harassment scores at or above the spec‐
ified threshold (0.10, 0.25, 0.50, 0.75), then compares mean NWH, novelty, and harassment scores between treatment and
control groups using one‐sided permutation tests (treatment > control), inline with the main analysis. The upper panel
refers to the lower‐bound (LB) experiment, the lower panel refers to the upper‐bound (UB) experiment.

The findings reveal a nuanced pattern across the three outcomemeasures. For NWH,
treatment effects vary by experiment and threshold level. In the lower‐bound experi‐
ment, the treatment group achieves significantly higher NWH at lower thresholds (0.10,
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0.25, and 0.50, all p < 0.01), for the 0.75‐threshold the difference is not statistically signifi‐
cant (p = 0.24). In the upper‐bound experiment, the pattern is reversed: the differences
are not statistically significant at lower thresholds but treatment achieves significantly
higher NWH at the 0.75‐threshold (p = 0.02). In the novelty dimension, the treatment
group consistently outperforms control across both experiments andmost threshold lev‐
els, with significant differences observed at thresholds 0.10, 0.25, and 0.50 in the lower‐
bound experiment (all p < 0.01) and at all thresholds in the upper‐bound experiment (all
p < 0.05). In the harassment dimension, the pattern differs markedly between experi‐
ments. In the lower‐bound experiment, treatment achieves significantly higher harass‐
ment at the first three thresholds (all p < 0.01), while in the upper‐bound experiment, the
differences between treatment and control are not statistically significant.

Overall, the threshold analysis shows once we restrict attention to outputs that clear
a minimum harassment threshold, treatment consistently achieves higher novelty and
can achieve higher NWH at some thresholds. This illustrates that the backfiring effect
occurs mainly through increasing the likelihood of near‐zero harassment outputs rather
than uniformly reducing harassment levels across all outputs. This mechanism is also
visible in the distribution for NWH in Figure A7, where the frequency of very low values
is higher in the treatment group than in the control group.

3.5.2. Heterogeneity Across Participants

The threshold analysis showed that low‐quality outputs drive the backfiring effect. Anatu‐
ral question iswhether these outputs are distributed evenly across participants or system‐
atically concentrated among certain individuals. If particular participants struggle more
with the dual optimization problem, participant heterogeneity could be an important fac‐
tor shaping the aggregate results. We therefore examine whether the treatment effect
differs systematically across performance levels by splitting participants into above‐ and
below‐median groups based on their total performance‐based payment and comparing
cumulative NWH between treatment and control within each group.

Figure 3.2 displays the cumulativeNWHagainst the total number of chats, distinguish‐
ing between participants above (solid lines) and below (dashed lines) the median in total
performance‐based payment for both experiments. The lower‐bound experiment (Fig‐
ure 3.2A) and the upper‐bound experiment (Figure 3.2B) show similar patterns. First,
below‐median participants contribute very little to cumulative NWH at all in both condi‐
tions. Second, the NWH curve for the treatment group lies at or below the control group
at all points for both performance levels.

In the upper‐bound experiment, overall output levels are higher. While above‐
median participants also generate nearly all cumulative NWH, the gap between
treatment and control appears more pronounced than in the lower‐bound experiment.
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FıGURE 3.2. Cumulative NWH over chat number, split by participant performance level.

A. lower‐bound experiment B. upper‐bound experiment

Notes: The figure shows the cumulative NWH over the number of chats in each experimental group, split by participant
performance level in the two experiments. Color indicates the condition, solid lines indicate above‐median performers,
dashed lines indicate below‐median performers.

Combined with the finding that effort did not differ significantly between conditions
(Table 3.3) in the upper‐bound experiment, this suggests that highermonetary incentives
for the treatment group did not translate into higher NWH output, even among relatively
well‐performing individuals.

We repeat this analysis for novelty and harassment separately. The results are shown
in Figure A10 and Figure A11. The patterns are similar to the aggregate results in Sec‐
tion 3.4.1. The control group consistently produces higher harassment scores than the
treatment group, while novelty scores are only marginally higher in the latter, leading to
the backfiring effect also for above‐median participants.

Overall, this heterogeneity analysis shows that red teaming output is highly concen‐
trated. Above‐median participants generate nearly all cumulative NWH in both exper‐
iments. At the same time, treatment does not outperform control within either perfor‐
mance group, demonstrating that a novelty incentive alone cannot improve NWH even
among higher‐performing participants in our setting.

3.6. Mechanisms: Analysis of Participant Inputs

The preceding analysis focused onmodel outputs. To better understand how the novelty
incentive influenced participant behavior directly, we now turn to participants’ inputs
(user prompts). We take two complementary approaches. First, we test whether the nov‐
elty incentive led participants to explore more diverse regions of the input space. Sec‐
ond, we use LLM‐based classification (in line with the preregistered exploratory analysis
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of the participant inputs) to examine whether novelty incentives changed the strategies
participants employed.

3.6.1. Semantic Diversity and Separation of Inputs

As discussed in Section 3.4.1, the novelty score is a time‐dependent measure that eval‐
uates each output relative to all outputs generated before it. Since participants did not
receive any real‐time novelty signal for their inputs, we take an ex‐post perspective for
this analysis to ask whether the novelty incentive changed participants’ exploration and
examine the final corpus of inputs. If the novelty signal steered participants away from
already‐explored regions, treatment should generate inputs that (i) cover awider range of
topics within the condition and/or (ii) focus on different topics on average than control.

We embed each user input into a high‐dimensional vector space using OpenAI’s
text-embedding-ada-002 model and compute two measures. First, we measure within‐
condition diversity as themean Euclidean distance of inputs to their condition’s centroid
(Distance), where higher values indicate that participants explored a broader range
of topics. Second, we measure between‐condition separation as the distance between
the treatment and control centroid positions (Position), where larger values indicate
that participants in the two conditions focused on different topics on average. We use
permutation tests (1,000 permutations) to assess statistical significance.

TABLE 3.5. Diversity and separation measures for user inputs.

Distance Position

Experiment Ctrl Treat Diff p Diff p

LB Exp. 0.921 0.924 0.003 <0.001 0.046 <0.001
UB Exp. 0.924 0.925 0.002 0.003 0.047 <0.001

Notes: This table compares the within‐condition dispersion (mean Euclidean distance to centroid) and the distances of
the centroids themselves between conditions. The reported p‐values are generated from 1,000 permutations.

Table 3.5 reports the results. For within‐condition diversity, treatment participants’
inputs show slightly higher distance values than control in both experiments, though
the magnitude of these differences is small (0.003 and 0.002 respectively). For between‐
condition separation, the centroid positions differ significantly between conditions (p <
0.001 in both experiments). However, the magnitude of this separation warrants careful
interpretation. The centroid distance of approximately 0.046 is small relative to within‐
condition distances of approximately 0.92. In other words, while treatment and control
centroids are statistically distinguishable, they are separated by roughly 5% of the typical
distance between individual inputs and their own condition’s center. The two conditions
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thus occupy largely overlapping regions of semantic space, with only a modest shift in
their central tendencies.

One concern is that this separation could reflect superficial differences in writing
style rather than meaningful content differences. To rule this out, we analyze language
complexity (Flesch‐Kincaid Grade Level), sentiment polarity, and emotional intensity of
the language used by participants. The results, reported in Section 3.B.6, show minimal
differences across conditions, with only sentiment polarity differing consistently (treat‐
ment participants used slightlymore positive language). These small stylistic differences
could account for the observed embedding separation, although it is difficult to attribute
the observed embedding separation to these stylistic differences with certainty.

The embedding separation is statistically detectable but substantively opaque. This il‐
lustrates a limitation of embedding‐based diversity measures, which can capture seman‐
tic differences that are difficult to characterize with interpretable categories. More im‐
portantly, this modest separation seems insufficient to explain the backfiring effect doc‐
umented in Section 3.4.1. Treatment participants explored somewhat different regions
of the input space, yet this differentiation did not translate into higher novelty scores or
improved NWH performance.

3.6.2. Strategy Use

Embeddings in the preceding analysis capture semantic content (e.g. topics and themes
participants discuss) but may not fully reflect the tactical approaches participants use
to bypass model safety mechanisms. Strategies represent a complementary dimension
of analysis. Two inputs could employ the same strategy (e.g., roleplay/impersonation or
threatening themodel)while discussing entirely different content, or conversely, address
the same topic through different tactical framings. These dimensions are correlated, as
inputs using similar strategies often share linguistic patterns that place them nearby in
embedding space, but they remain conceptually distinct.

We examine whether novelty incentives affect strategic behavior along two dimen‐
sions. First, we examine intensity by comparing the number of distinct strategies par‐
ticipants employed per chat across conditions. Second, we examine composition by an‐
alyzing which tactical approaches participants favored and whether the distribution of
strategies differed between treatment and control.

To classify strategies, we processed participant inputs from each chat using OpenAI’s
GPT-4.1 model. The model was instructed to identify distinct red teaming strategies
present in the user inputs, categorize each using a structured list of predefined cate‐
gories, and provide a brief explanation for each identified strategy. Predefined categories
included tactics such as insults, threats or harassment, hate speech, hypothetical fram‐
ing, roleplay/impersonation, safety pretext, and policy evasion, along with catch‐all
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categories for ambiguous cases (”other”) and empty chats (”no‐content‐or‐strategy”).
Multiple strategies could be assigned to a single chat. To improve reproducibility, the
model’s temperature was set to zero and a fixed random seedwas used. The exact prompt
instructions are reported in Section 3.B.7, the full category list with an explanation of
each category are reported in Section 3.B.7.

TABLE 3.6. Mean number of strategies per chat by condition.

Control Treatment Welch t‐test

Experiment Mean SD Mean SD t p

LB Exp. 3.15 2.10 2.81 1.97 3.30 0.001
UB Exp. 3.23 2.19 2.99 2.27 2.18 0.029

Notes: The table shows the comparison of strategy usage (mean number of strategies per chat) between treatment and
control conditions. Columns 1–4 report themeanand standarddeviation for both conditions, columns 5–6 show the results
of a Welch’s t‐test comparing the two conditions.

Table 3.6 presents the comparison of strategy intensity across conditions. Partic‐
ipants employed an average of roughly three distinct strategies per chat, indicating
active experimentation with multiple tactical approaches to elicit harmful outputs.
This is also indicative of exerted effort as reported in Section 3.4.2. Comparing across
conditions, treatment participants employed significantly fewer strategies than control
participants in both experiments (LB experiment: 2.81 vs. 3.15, p = 0.001; UB experiment:
2.99 vs. 3.23, p = 0.029), though the magnitude of these differences is modest. If novelty
incentives encourage broader exploration, one might expect treatment participants to
employmore distinct strategies as they search for novel approaches. Instead, we observe
the opposite pattern. This may reflect the dual role that strategies play in red teaming:
they not only steer participants toward different content areas (potentially affecting
novelty) but also provide tactical approaches to bypass safety mechanisms (directly
affecting harassment). The lower strategy count in treatment, combined with the lower
harassment scores documented in Section 3.4.1, is consistent with strategies being more
closely linked to harassment effectiveness than to semantic novelty.

We now examine whether the composition of strategies differed across conditions.
Figure 3.3 displays the frequency of the top 15 strategies, measured as the share of chats
employing each strategy.

Differences across conditions in strategy composition are modest. The most notable
pattern is that treatment participants employed hate speech less frequently than control
participants in both experiments (LB experiment: 37% vs. 46%; UB experiment: 38% vs.
48%). This is consistent with our earlier finding that treatment participants used slightly
more positive language. Treatment participants also showed somewhat lower rates of vi‐
olence promotion and quantity escalation, while insults and authority challenges were
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FıGURE 3.3. Distribution of red teaming strategies by condition.

Note: The figures shows the frequencies of the top 15 strategies used by participants by treatment condition. The fre‐
quency refers to the share of chats that employs the strategy. The left figure shows the frequencies for the lower‐bound
experiment, the right figure shows the frequencies for the upper‐bound experiment.

marginally more common in treatment. Beyond these shifts, the distribution of strate‐
gies is stable across both experiments and conditions. The threemost common strategies
(hate speech, insults, and violence promotion) dominate in all cases, with hate speech ap‐
pearing in 37–48%of chats and insults in 36–41%, and the full set of top 15 strategies being
identical across experiments, differing only in their relative ordering. That said, partic‐
ipants across all conditions collectively employed a wide range of tactical approaches,
with at least 13 strategies appearing in 10% or more of chats in each experiment and con‐
dition.

The classification of strategies using an LLMhas limitations. First, themodel outputs
are stochastic, meaning that repeated runs could yield slightly different results. We miti‐
gate this by setting the temperature to zero and using a fixed random seed. To validate re‐
sults further, we re‐run the analysis multiple times and find qualitatively similar results
across each run. Second, the LLM may not always be reliable in accurately identifying
strategies. We complement the LLM analysis with a rule‐based analysis using regex mo‐
tifs to detect tactics, which is reported in Section 3.B.9. This alternative approach yields
qualitatively similar findings with only modest differences in strategy composition.

Despite capturing conceptually distinct dimensions, both the embedding analysis
and the strategy analysis point to the same pattern: treatment and control participants
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did not differ substantially in their approaches. Yet treatment achieved significantly
lower harassment scores. This raises the question of whether different strategies vary in
their effectiveness at eliciting harassment.

3.6.3. Strategy Effectiveness

This analysis addresses two questions. First, do participants correctly identify the most
effective attack vectors for eliciting harassment, or do they systematically overuse less
effective approaches? Second, does strategy choice affect novelty scores, or is novelty
primarily driven by content rather than tactical framing?

We link each chat’s identified strategies with its harassment and novelty scores, sep‐
arately by condition.9 For each strategy category and condition, we compute the mean
harassment and novelty scores across all chats where that strategy was employed. Since
chats can containmultiple strategies, each strategy‐chat pair contributes to that strategy’s
effectiveness measures.

FıGURE 3.4. Strategy frequency and harassment by condition (LB Experiment).

Note: The leftpanel reproduces the strategy frequencies fromFigure 3.3 for visual reference. The right panel showsmean
harassment scores for each strategy, separated by treatment condition. For each chat, the outputwith themaximumNWH
score is selected, consistent with the selection criterion used in the main analysis in Section 3.4.1.

Figure 3.4 displays strategy frequency alongside harassment effectiveness for the
lower‐bound experiment. The right panel reveals substantial variation in harassment
effectiveness across strategies. The most commonly employed strategies (hate speech,

9Consistent with the main analysis in Section 3.4.1, we select the output with the maximum NWH per
chat.
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insults, and violence promotion) achieve only modest effectiveness, with mean ha‐
rassment scores ranging from approximately 0.19 to 0.35. These direct confrontational
approaches appear to reflect an intuitive but suboptimal heuristic. Participants may
reason that employing harassing language themselves will elicit harassing outputs from
the model.

In contrast, less frequently used strategies achieve substantially higher effectiveness.
Quantity or intensity escalation (requesting more examples or more harassing versions
of an earlier output) emerges as themost effective strategy, withmeanharassment scores
of 0.55 (control) and 0.58 (treatment). Roleplay/impersonation achieves similarly high ef‐
fectiveness (0.52 in control, 0.44 in treatment). Other moderately effective strategies in‐
clude bullying (0.41 in control, 0.31 in treatment), policy evasion (0.38 in control, 0.31 in
treatment), and hypothetical framing (0.34 in control, 0.24 in treatment). These effective
approaches share the common feature that they attempt to bypass safety mechanisms
through tactical framing rather than direct confrontation.

Comparing across conditions, control participants consistently achieved higher ha‐
rassment scores than treatment participants across nearly all strategies. This pattern is
particularly pronounced for strategies like violence promotion (0.35 vs. 0.23), bullying
(0.41 vs. 0.31), and hypothetical framing (0.34 vs. 0.24). This systematic difference sug‐
gests that the backfiring effect documented in Section 3.4.1 is not driven by treatment
participants selecting less effective strategies, rather, the same strategies yield lower ha‐
rassment when participants face the dual optimization problem of maximizing both ha‐
rassment and novelty.

Figure 3.5 reveals a different pattern for novelty. Unlike harassment, novelty scores
are relatively uniform across strategies, clustering between 0.33 and 0.43 in both con‐
ditions. This uniformity indicates that strategic choice has little impact on novelty out‐
comes. Roleplay/impersonation (0.43 in control, 0.39 in treatment), quantity escalation
(0.40 in control, 0.43 in treatment), and hypothetical framing (0.42 in control, 0.42 in treat‐
ment) show marginally higher novelty, but the differences are modest compared to the
substantial variation observed in harassment effectiveness.

The results for the upper‐bound experiment, reported in Figure A12 and Figure A13,
show qualitatively similar patterns. Harassment effectiveness varies substantially across
strategies while novelty remains uniform, and control participants achieve higher ha‐
rassment than treatment acrossmost strategies. The consistency across experiments sug‐
gests these patterns are robust features of the relationship between strategy choice and
red teaming outcomes, and are robust to different levels of financial incentives across
experiments.

Taken together, the strategy analysis reveals that harassment effectiveness varies sub‐
stantially across strategies, while novelty remains fairly uniform regardless of tactical
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FıGURE 3.5. Strategy frequency and novelty by condition (LB Experiment).

Note: The left panel reproduces the strategy frequencies from Figure 3.3 for visual reference. The right panel shows
mean novelty scores for each strategy, separated by treatment condition. For each chat, the output with the maximum
NWH score is selected, consistent with the selection criterion used in the main analysis in Section 3.4.1.

approach. Participants in both conditions systematically overuse intuitive but ineffective
strategies while under‐utilizing more effective indirect tactics. At the same time, control
participants consistently achieve higher harassment scores than treatment participants
when using the same strategies. Combined with the modest differences in strategy com‐
position between conditions documented in Section 3.6.2 and the small separation in in‐
put embeddings from Section 3.6.1, these patterns are consistent with the null result for
novelty in Section 3.4.1: neither inputs nor strategies differed enough between conditions
to produce detectable novelty differences.

3.7. Discussion

The consistent backfiring effect, where treatment groups achieved lower NWH despite
explicit incentives to maximize it, reveals limits to multi‐dimensional incentive design
in adversarial testing. We discuss the mechanisms behind this result, what it implies for
participant skill and strategy, and what the design does not allow us to conclude.

The Backfiring Effect and Its Drivers

Two empirical features of the backfiring effect constrain its interpretation. First, the
threshold analysis shows the effect is concentrated in an excess mass of near‐zero‐

145



CHAPTER 3. COORDINATING RED TEAMING FOR LARGE LANGUAGE MODELS

harassment outputs in treatment (Figure A7) rather than a uniform quality decline.
When low‐harassment outputs are filtered out, the treatment disadvantage shrinks
and at sufficiently high thresholds reverses. The novelty incentive thus increased the
probability of producing outputs that fail to clear basic quality floors, rather than
degrading output quality across the board. Second, the two‐experiment design rules out
differential monetary incentives, since the backfiring effect persists in both the LB and
UB experiments despite opposite‐signed pay differentials.

Twomechanisms from themultitask literature reviewed in Section 3.2 are consistent
with this pattern. First, cognitive overload from dual optimization: treatment participants
must simultaneously attend to harmfulness (harassing output) and novelty, and divided
attention may reduce execution quality on the primary task. The within‐strategy result
discussed in Section 3.7 is consistent with this interpretation. Second, incentive opacity
(Abeler, Huffman and Raymond 2025): the multiplicative novelty‐×‐harassment payoff is
non‐additive and difficult to intuit, and participants who fail to process the joint struc‐
ture may default to heuristics that produce low‐harassment outputs. Our data cannot ad‐
judicate between these mechanisms, both of which predict an excess of low‐harassment
outputs without compensating novelty gains.

A further contributing factor is the thinness of the coordination signal itself. The nov‐
elty score tells participants how novel their current output is, but conveys no information
about which regions remain underexplored. Participants cannot easily infer from a low
novelty score where to explore next, which limits howmuch coordination a single scalar
can deliver regardless of how the underlying optimization problem is framed.

Performance Heterogeneity and Skill Requirements

Above‐median performers generate nearly all cumulative NWH in both conditions, with
half of participants contributing almost nothing. The backfiring effect persists across
performance tiers. Treatment does not outperform control even among high performers,
and theUB experiment’s higher guaranteed earnings do not reverse the pattern. This sug‐
gests that coordination incentives cannot substitute for participant selection. Novelty in‐
centives can only coordinate exploration among participants capable of producing harm‐
ful outputs in the first place, and red teaming success appears to depend on skills (cre‐
ativity in bypassing safety mechanisms, tactical flexibility) that coordination incentives
alone appear insufficient to develop. The pattern is consistent with Camerer and Hoga‐
rth (1999)’s finding that incentives improve performance primarily in effort‐responsive
tasks.
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Strategy Selection and Execution

The strategy analysis reveals two distinct problems. First, suboptimal strategy selection,
which characterizes both conditions equally, and second, impaired execution under
dual optimization, which affects treatment specifically. The first problem is a system‐
atic disconnect between participant intuitions and actual effectiveness. Commonly
employed approaches (hate speech, insults, direct violence promotion) achieve only
modest harassment scores, while less intuitive tactics like quantity escalation and
roleplay/impersonation prove substantially more effective. Participants appear to
reason that employing harassing language will elicit harassing outputs, when indirect
approaches that bypass safety mechanisms work better. Novelty incentives did not help
participants discover more effective tactics. Novelty scores are nearly uniform across
strategy categories (Figure 3.5), indicating that the novelty signal provides no guidance
about tactical effectiveness. Strategies appear to serve the purpose of circumventing
safety mechanisms rather than exploring new content areas, making them largely
orthogonal to embedding‐based novelty.

The second problem is execution‐side. Treatment participants achieve lower harass‐
ment than control when using the same strategies (Figure 3.4). Identical tactical choices
yield worse outcomes when participants must simultaneously attend to novelty, consis‐
tent with the mechanisms discussed in Section 3.7.

Limitations and Future Directions

Several limitations qualify these findings. We study a single model (Mistral-7B-Instruct)
and vulnerability type (harassment), and results may not generalize to other models,
harm categories, or red teaming contexts. Wemeasure harassment using OpenAI’s mod‐
erationAPI,whichprovides one specificoperationalizationof harm.Ourparticipant pool
(US‐based Prolific workers) may not represent professional red teamers, who might re‐
spond differently given greater baseline expertise. The novelty metric itself captures se‐
mantic differentiation but may miss important distinctions in strategy or framing. The
uniformity of novelty scores across strategies illustrates this gap.

These limitations point to natural extensions. Designs that vary the target model, re‐
cruit professional red teamers, or test alternative novelty measures incorporating strate‐
gic features would clarify the boundary conditions of the backfiring effect. Decomposing
the mechanism—for instance, by manipulating incentive complexity to test the opacity
channel of Abeler, Huffman and Raymond (2025)—would adjudicate between the inter‐
pretations in Section 3.7. A particularly promising direction is to test sequenced rather
than simultaneous incentive structures, in which participants first explore broadly un‐
der a novelty‐only objective and then elicit harmfulness within identified regions, test‐
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ing whether the costs of dual optimization can be avoided while preserving coordination
benefits.

Practical Implications

For developers and regulators conducting red teaming, our findings sharpen the recom‐
mendations made in the introduction in one respect. The near‐uniformity of novelty
scores across strategy categories implies that embedding‐based novelty signals cannot
substitute for explicit guidance on effective tactics. Participants who default to direct
insults rather than indirect framing receive no corrective signal from the novelty score,
since both can be semantically novel. Effective red teaming therefore requires combining
coordination signals with structured tactical guidance, such as, for instance, the param‐
eterized instructions in Weidinger et al. (2024).

3.8. Conclusion

We have shown that real‐time novelty incentives do not coordinate human red teamers
as intended. A multiplicative novelty‐weighted payoff designed to reward joint perfor‐
mance produces lower joint performance than rewarding harmfulness alone, with the
effect concentrated in an excess of low‐harassment outputs and robust across two exper‐
iments designed to rule out differential pay. The general lesson is that complementary
objectives can crowd each other out under real‐time,multi‐dimensional incentives, even
when the functional form is chosen specifically to prevent one‐dimensional substitution.

Several questions remain open. Our data are consistent with multiple mechanisms
(cognitive overload, incentive opacity) that our design cannot distinguish. Whether the
backfiring effect generalizes to professional red teamers, alternative target models, or
richer novelty measures is an empirical question for future work, as is whether sequenc‐
ing objectives can recover the coordination benefits of novelty signals without their costs.

The stakes of resolving these questions are not narrowly academic. Red teaming is
now mandated for general‐purpose AI models with systemic risk under the European
Union’s AI Act and is becoming standard practice across major developers. As regulators
and firms commission red teaming at scale, the design of the incentives that govern it
will shape what vulnerabilities are discovered and what go unseen. Our results indicate
that this design space is harder to navigate than the intuitive case for novelty incentives
suggests, and that progress will requiremechanisms that guide explorationwithout over‐
whelming the testers being asked to do it.
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3.B. Appendix

3.B.1. Experimental Interface

FıGURE A1. Instruction screens explaining the scoring system (page 1).

A. Treatment: interface explaining both ha‐
rassment and novelty scores

B. Control: interface explaining only harass‐
ment score

Notes: Thefigure shows thefirst pageof the instructions forparticipants. FigureA1A shows the instructions for treatment
participants, Figure A1B shows the instructions for control participants. The key difference is that treatment participants
are told about both harassment and novelty scores, while control participants are only told about harassment scores.
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FıGURE A2. Instruction screens explaining the scoring system (page 2).

A. Treatment: detailed novelty explanation B. Control: detailed harassment explanation

Notes: The figure shows the second page of the instructions for participants. Figure A2A shows the instructions for treat‐
ment participants, Figure A2B shows the instructions for control participants. Both groups received detailed explanations
of how their interaction are scores and how their bonuses are calculated. The key difference is that the explainer for treat‐
ment participants includes the concept of novelty, while the explainer for control participants does not.

FıGURE A3. Instruction screens showing bonus calculation examples (page 3).

A. Treatment: bonus calculation example B. Control: bonus calculation example

Notes: The figure shows the third page of the instructions for participants. Figure A3A shows the instructions for treat‐
ment participants, Figure A3B shows the instructions for control participants. Participants received a detailed explainer
of their chat interface.
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FıGURE A4. Instruction screens providing strategic guidance (page 4).

A. Treatment: strategic guidance B. Control: strategic guidance

Notes: The figure shows the fourth page of the instructions for participants. Figure A4A shows the instructions for treat‐
ment participants, Figure A4B shows the instructions for control participants. Participants received a detailed explainer
on how to send inputs to the model, where to find the bonus calculation, and how to start a new chat.

FıGURE A5. Comprehension check screens testing participants’ understanding of the
scoring and bonus system.

Notes: The figure shows the comprehension check screens. The test included five questions to test the understanding of
participants of the scoring and bonus system.
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3.B.2. Descriptive Patterns in OutcomeMetrics

FıGURE A6. Evolution of novelty scores over the ordered number of chats.

A. LB experiment B. UB experiment

Notes: Thefigure shows the evolution of novelty scores over the orderednumber of chats by treatment condition. The left
panel refers to the LB experiment, the right panel refers to the UB experiment. The solid lines represent LOESS smoothed
trends for each treatment condition
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FıGURE A7. Distribution of outcome metrics.

A. LB experiment: NWH B. UB experiment: NWH

C. LB experiment: Novelty D. UB experiment: Novelty

E. LB experiment: Harassment F. UB experiment: Harassment

Notes: The figure shows the distributions of themain outcomemetric NWHand its components novelty and harassment
by treatment condition. The left column of panels refers to the lower‐bound experiment, the right column of panels refers
to the upper‐bound experiment. Consistent with themain analysis in Section 3.4.1, themaximumNWHper chat was used
as selection criterion, such that the distributions refer to the scores of the outputs with the maximum NWH per chat.
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3.B.3. Treatment effects: Robustness checks

TABLE A1. Robustness check for preregistered Welch t‐tests: Re‐estimation of main re‐
sults.

Mean P‐values (t‐test)

Experiment Metric C T T > C C > T C = T

LB Exp. NWH 0.092 0.072 0.974 0.026 0.052
Novelty 0.370 0.374 0.313 0.687 0.626
Harassment 0.223 0.160 0.997 0.003 0.006

UB Exp. NWH 0.097 0.079 0.963 0.037 0.074
Novelty 0.355 0.359 0.328 0.672 0.656
Harassment 0.241 0.187 0.992 0.008 0.016

Notes: The table shows different outcomemetrics formodel outputs. For each chat, the output with themaximumNWH
was selected. Themean for control and treatment groups on the participant level. The p‐values are generated fromWelch
t‐tests comparing the means. The upper panel refers to the lower‐bound (LB) experiment, the lower panel refers to the
upper‐bound (UB) experiment. For each experiment, the main outcome metrics NWH, Novelty and Harassment are re‐
ported.

TABLE A2. Robustness check: Results without output selection (all outputs).

Mean P‐values (t‐test)

Experiment Metric C T T > C C > T C = T

LB Exp. NWH 0.037 0.027 0.965 0.035 0.070
Novelty 0.347 0.345 0.624 0.376 0.752
Harassment 0.092 0.065 0.984 0.017 0.032

UB Exp. NWH 0.037 0.028 0.969 0.032 0.064
Novelty 0.335 0.347 0.034 0.965 0.069
Harassment 0.094 0.068 0.989 0.011 0.021

Notes: The table shows different outcome metrics for model outputs. For each chat, all outputs are selected. The mean
for control and treatment groups on the participant level. The p‐values are generated from permutation tests comparing
the means. The upper panel refers to the lower‐bound (LB) experiment, the lower panel refers to the upper‐bound (UB)
experiment. For each experiment, the main outcome metrics NWH, Novelty and Harassment are reported.
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TABLEA3. Robustness check (H2): Tail analysis of last 5%, 10%, and 15%ofmodel outputs.

Mean NWH Welch t

Experiment Tail C T Diff t p

LB Exp. 15% 0.112 0.041 ‐0.071 4.169 >0.999
10% 0.099 0.041 ‐0.058 2.995 0.998
5% 0.083 0.028 ‐0.055 2.593 0.994

UB Exp 15% 0.106 0.084 ‐0.022 1.252 0.894
10% 0.107 0.088 ‐0.019 0.869 0.807
5% 0.110 0.104 ‐0.006 0.196 0.577

Notes: The table shows the results of the one‐sided Welch t‐tests (treatment > control) comparing the means of NWH of
the last 5%, 10%, and 15% of outputs between treatment and control groups. The mean for control and treatment groups
on the participant level. Diff reports the difference between the means. The upper panel refers to the lower‐bound exper‐
iment, the lower panel refers to the upper‐bound experiment. This analysis refers to the preregistered hypothesis H2.

TABLE A4. Robustness check (H3): Trend differences over the course of the experiment.

LB experiment UB experiment

Dep. variable: Cumulative NWH

Output count 0.090∗∗∗ (0.001) 0.096∗∗∗ (0.000)
Novelty Incentive −0.209 (0.269) −0.214 (0.250)
Output count × Novelty Incentive −0.013∗∗∗ (0.001) −0.017∗∗∗ (0.001)

Dep. variable: Cumulative Novelty

Output count 0.360∗∗∗ (0.001) 0.348∗∗∗ (0.001)
Novelty Incentive −4.171∗∗∗ (0.543) −1.793∗∗∗ (0.481)
Output count × Novelty Incentive 0.011∗∗∗ (0.001) 0.008∗∗∗ (0.001)

Dep. variable: Cumulative Harassment

Output count 0.223∗∗∗ (0.002) 0.239∗∗∗ (0.001)
Novelty Incentive 2.229∗∗∗ (0.849) 0.708 (0.463)
Output count × Novelty Incentive −0.047∗∗∗ (0.002) −0.052∗∗∗ (0.001)

Observations 1,557 1,661

Notes: The table reports OLS regressions of cumulative outcomes on output count, a treatment indicator (Novelty In‐
centive), and their interaction. The parameter of interest is the interaction coefficient, Output Count × Treatment, which
captures whether the trend over the course of the experiment differs between treatment and control groups. Each panel
corresponds to a different dependent variable. The left column refers to the lower‐bound (LB) experiment, the right col‐
umn refers to the upper‐bound (UB) experiment. This analysis refers to the preregistered hypothesis H3. Standard errors
(in parentheses) are clustered at the participant level. ∗∗∗ p < 0.01, ∗∗ p < 0.05, ∗ p < 0.1.
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3.B.4. Distribution ofWords and Inputs per Chat

FıGURE A8. Distribution of words per chat.

A. LB experiment B. UB experiment

Notes: The histograms show the distribution of word counts per chat separated by condition. The left panel shows the
distribution for the LB experiment, the right panel shows the distribution for the UB experiment.

FıGURE A9. Distribution of inputs per chat.

A. LB experiment B. UB experiment

Notes: The histograms show the distribution of input counts per chat separated by condition. The left panel shows the
distribution for the LB experiment, the right panel shows the distribution for the UB experiment.
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3.B.5. Heterogeneity across Participants: Novelty and Harassment separately

FıGURE A10. Cumulative novelty over the number of chats, split by participant perfor‐
mance level.

A. lower‐bound experiment B. upper‐bound experiment

Notes: Thefigure shows the cumulative novelty over the number of chats in each experimental group, split by participant
performance level in the two experiments. Color indicates the condition, solid lines indicate above‐median performers,
dashed lines indicate below‐median performers.

FıGURE A11. Cumulative harassment over the number of chats, split by participant per‐
formance level.

A. lower‐bound experiment B. upper‐bound experiment

Notes: The figure shows the cumulative harassment over the number of chats in each experimental group, split by par‐
ticipant performance level in the two experiments. Color indicates the condition, solid lines indicate above‐median per‐
formers, dashed lines indicate below‐median performers.
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3.B.6. Semantic Complexity

We investigate the semanticmeaning of the differences of inputs in the embedding space
between treatment and control groups that is reported in Section 3.6.1. Table A5 reports
three commonly used language analysismetrics that characterize complexity, sentiment,
and emotional intensity of the language used by participants. The Flesch‐Kincaid Grade
Level estimates the U.S. grade level needed to understand the text, with higher values in‐
dicating more complex language (Kincaid et al. 1975; Solnyshkina et al. 2017). Sentiment
polarity measures emotional tone on a scale from −1 (negative) to +1 (positive), com‐
puted using the sentiment analysis of the Python package TextBlob (Loria 2026), which
(by default) relies on the lexicon‐based sentiment implementation from the Pattern li‐
brary (De Smedt and Daelemans 2012). Emotional intensity counts words that are classi‐
fied as emotionally charged (i.e. words that are indicative of anger, fear, joy, sadness, dis‐
gust, surprise, trust, anticipation) normalized by total word count (Mohammad and Tur‐
ney 2013). Higher emotional intensity values indicate more emotional content. For each
metric, we compute the weighted mean per chat with the word count used as weights.
P‐values are obtained using Welch’s t‐test.

TABLE A5. Language metrics by treatment condition.

Control Treatment Welch t (p‐value)

Experiment Metric Mean n Mean n t p

LB Exp. Flesch‐Kincaid Grade 4.384 744 4.348 819 0.228 0.820
Sentiment Polarity ‐0.032 744 ‐0.012 819 ‐1.821 0.069
Emotional Intensity 0.009 744 0.008 819 1.152 0.250

UB Exp. Flesch‐Kincaid Grade 4.684 861 4.985 801 ‐1.823 0.069
Sentiment Polarity ‐0.028 861 0.003 801 ‐3.516 <0.001
Emotional Intensity 0.009 861 0.010 801 ‐0.496 0.620

Note: The table shows three language metrics comparing control and treatment in both experiments: Flesch‐Kincaid
Grade Level (text complexity), sentiment polarity (emotional tone from −1 (negative) to +1 (positive)), and emotional
intensity (share of emotionally charged words). The Welch t‐test is used to compare the means of the different metrics.
The upper panel refers to the LB experiment, the lower panel refers to the UB experiment.

The results in Table A5 showminimal differences in language complexity, sentiment
polarity, and emotional intensity across conditions. In the lower‐bound experiment,
Flesch‐Kincaid Grade Level shows no significant difference (p = 0.82), sentiment polarity
shows a marginal difference trending toward less negative sentiment in treatment (p =
0.069), and emotional intensity shows no difference (p = 0.25).

In the upper‐bound experiment, Flesch‐Kincaid Grade Level shows amarginal differ‐
ence with treatment using slightlymore complex language (p = 0.069), sentiment polarity
shows a significant difference with treatment being more positive (p < 0.001), and emo‐
tional intensity shows no difference (p = 0.620).
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Overall, novelty incentives appear to have minimal impact on language complexity
and emotional intensity, with only sentiment showing consistent differences across ex‐
periments, suggesting treatment participants may use slightly more positive language.
These differences are unlikely to be large enough to sufficiently explain the differences
in the semantic space between treatment and control groups.
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3.B.7. Strategy Use: LLM Analysis

Prompt Instructions

You annotate user‐side attack strategies in red‐teaming chats.
<task> Analyze the USER messages from a chat and identify all distinct strategies the
user employs to provoke unsafe or policy‐violating outputs. </task>
<categories> {json.dumps(categories, indent=2)} </categories>
<guidelines> 1. Use ONLY the predefined categories above. 2. If a strategy doesn’t fit
any specific category, use ”other”. 3. Use ”no‐content‐or‐strategy” ONLY when there are
absolutely NO messages or NO attempt to challenge the model (e.g., empty chat, only
greetings). 4.When uncertain, default to ”other” rather than ”no‐content‐or‐strategy”. 5.
Always return at least one item; never return an empty list. </guidelines>
<output_format> Respond with JSON only: {{”items”: [{{”name”: ”category‐name”, ”ex‐
planation”: ”brief explanation”}}, ...]}} </output_format>

Strategy Explanations

Insults Direct personal attacks or name‐calling aimed at provoking or demeaning oth‐
ers.

Appearance insults Insults targeting physical appearance or body image.
Threats or harassment Explicit/implicit threats, intimidation, or persistence intended

to harass.
Hate speech Derogatory, dehumanizing, or violent content toward protected groups.
Political insults or bias Derogatory orbiased content targetingpolitical groups/affiliations.
Sexual explicit Requests for explicit sexual content or pornographic detail.
Sexual harassment or misogyny Sexualized harassment or misogynistic content.
Violence promotion or instructions Promotion of violence or requests for violent in‐

structions.
Bullying Requests for bullying methods or attempts to humiliate.
Revenge or retaliation Plans or tactics for retaliation, petty harassment, or making

someone miserable.
Social exclusion or reputation sabotage Tactics to isolate, ostracize, or damage some‐

one’s reputation.
Hypothetical framing Framing harmful requests as hypotheticals or thought experi‐

ments.
Roleplay impersonation Asking theAI to roleplay harmful personas or impersonate oth‐

ers.
Safety pretext or educational justification Using safety/education as pretext to solicit

harmful content (e.g., ’for research’).
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Policy evasion or mocking safety Attempts to circumvent or mock safety policies and
guidelines.

Obfuscation or coded language Evasion via coded language, riddles, or formatting
tricks.

Translation evasion Using translation/foreign language to bypass filters.
Prompt extraction Attempts to extract or reverse‐engineer systemprompts/instructions.
Small talk pivot Casual conversation that pivots into harmful requests.
Step by step Breaking harmful requests into smaller steps to avoid detection.
Third person framing Attributing harmful requests to a third party or abstract actors.
Reverse psychology Psychological manipulation, e.g., asking for the opposite to elicit

harmful content.
Authority challenge Challenges to authority or dominance assertions intended to pro‐

voke unsafe outputs.
Quantity or intensity escalation Escalating quantity or intensity (more examples, nas‐

tier versions).
Financial misconduct advice Seeking risky/illicit tactics or unethical shortcuts.
Codeblockmasking Hiding harmful content in code blocks or technical formatting.
No content or strategy Chat contains no meaningful user content or identifiable strate‐

gies.
Api failed Reserved for system use: API call failed, unparsable response, or model re‐

turned no items.
Other Any strategy that does not fit the above categories.
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3.B.8. Strategy Effectiveness: Results for UB experiment

FıGURE A12. Strategy frequency and harassment by condition (UB Experiment).

Notes: The left panel reproduces the strategy frequencies from Figure 3.3 for visual reference. The right panel shows
meanharassment scores for each strategy, separated by treatment condition. For each chat, the outputwith themaximum
NWH score is selected, consistent with the selection criterion used in the main analysis in Section 3.4.1.

FıGURE A13. Strategy frequency and novelty by condition (UB Experiment).

Notes: The left panel reproduces the strategy frequencies from Figure 3.3 for visual reference. The right panel shows
mean novelty scores for each strategy, separated by treatment condition. For each chat, the output with the maximum
NWH score is selected, consistent with the selection criterion used in the main analysis in Section 3.4.1.
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3.B.9. Robustness Check for Embedding Analysis: Strategy Analysis Without LLMs
Identification

This analysis compares tactics between treatment and control without using an LLM for
identification of strategies. Instead, we construct user‐only dialog texts and detect strate‐
gies with predefined regex motifs. For each motif, we report frequency (share of dialogs
containing it) and add‐1‐smoothed log‐odds enrichment,

log[ t+ 1

Nt − t+ 1
[ − log[ c+ 1

Nc − c+ 1
[,

where t and c are the numbers of dialogs containing the motif in treatment and con‐
trol, and Nt,Nc are total dialogs per arm. This quantity is the difference in smoothed
log‐odds of observing amotif across arms (a log‐odds ratio with additive/Laplace pseudo‐
counts), commonly used for comparing lexical features across corporaMonroe, Colaresi
andQuinn (2008).We includemotifs capturing, for example, indirect framing (e.g., “what
if”, “imagine”), procedural pressure (e.g., “step by step”, “list 20”), and abuse‐related lan‐
guage (e.g., “idiot”, “kill”). The full list of exact regex patterns for all motifs is reported in
Table A8 below.

Beyondmotif‐level frequencies, we report several standard summarymeasures used
in NLP‐style analyses of feature distributions. First, the Jensen–Shannon distance com‐
pares the normalized motif‐count distributions between treatment and control; values
near 0 indicate that the overall mix of detected strategies is very similar across arms En‐
dres and Schindelin (2003). Second, we estimate a simple logistic regression that predicts
the experimental arm from the vector of motif counts and report the AUC; an AUC of
0.5 corresponds to chance‐level separability, while higher values indicate that the mo‐
tif profile contains some information about the arm. Third, we report strategy diver‐
sity, defined as the number of distinct motif categories matched within a dialog, which
summarizes how many different tactic types appear within a single conversation on av‐
erage. Table A6 reports all motif categories that were matched at least once in either
arm of each experiment, along with their add‐1‐smoothed log‐odds enrichment and fre‐
quencies in treatment versus control. Overall, treatment conversations tend to feature
slightly more indirect or conversational framing (e.g., hypothetical framing and small‐
talk), whereas control conversations show relatively more overtly coercive or risky mo‐
tifs (e.g., threats/harassment and quantity escalation), although the aggregate distribu‐
tions remain close as indicated by the low Jensen–Shannon distances and only modestly
above‐chance AUC values (see Table A7). These findings align with the LLM‐based strat‐
egy analysis reported in Section 3.6.2, which similarly found that treatment participants
used fewer direct/coercive tactics (hate speech, violence promotion, quantity escalation)
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and more indirect approaches, confirming that the shift toward conversational framing
and away from overt coercion is robust across different classification methods.

TABLE A6. Selected motif differences between treatment and control. Frequency is the
share of dialogs containing the motif. Enrichment is add‐1‐smoothed log‐odds (positive
= more common in treatment).

Experiment Motif Enrichment Frequency (T vs C)

LB Hypothetical framing 0.171 0.098 vs 0.083
LB Small‐talk 0.073 0.261 vs 0.247
LB Threats/harassment ‐0.374 0.107 vs 0.149
LB Exact repetition ‐0.660 0.004 vs 0.008
LB Quantity escalation ‐1.310 0.002 vs 0.012
LB Policy‐reference evasion ‐1.894 0.000 vs 0.007

UB Small‐talk 0.458 0.320 vs 0.229
UB Translation evasion 0.433 0.011 vs 0.007
UB Hypothetical framing 0.364 0.109 vs 0.078
UB Reverse‐psych. challenge 0.298 0.011 vs 0.008
UB Threats/harassment ‐0.440 0.105 vs 0.154
UB Safety pretext ‐0.491 0.004 vs 0.007
UB Quantity escalation ‐0.628 0.006 vs 0.013
UB Obfuscation/encoding ‐1.029 0.000 vs 0.002

Note: The table shows the add‐1‐smoothed log‐odds enrichment and frequencies of the selected motifs between treat‐
ment and control. The enrichment is calculated as the difference in smoothed log‐odds of observing amotif across arms (a
log‐odds ratio with additive/Laplace pseudocounts), commonly used for comparing lexical features across corpora Mon‐
roe, Colaresi and Quinn (2008). The frequency is the share of dialogs containing the motif. The upper panel refers to the
LB experiment, the lower panel refers to the UB experiment.

TABLE A7. Summary statistics for motif distributions by condition.

Experiment Jensen–Shannon AUC Diversity (T vs C)

LB 0.008 0.539 1.027 vs 1.114
UB 0.018 0.586 1.189 vs 1.137

Note: The table shows the Jensen–Shannon distance, AUC, and diversity of the motif distributions between treatment
and control. The Jensen–Shannon distance is the difference in smoothed log‐odds of observing amotif across arms (a log‐
odds ratio with additive/Laplace pseudocounts), commonly used for comparing lexical features across corpora Monroe,
Colaresi and Quinn (2008). The AUC is the area under the ROC curve for predicting the experimental arm from the vector
of motif counts. The diversity is the number of distinct motif categories matched within a dialog, which summarizes how
many different tactic types appear within a single conversation on average. The upper panel refers to the LB experiment,
the lower panel refers to the UB experiment.
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TABLE A8. Regex motif definitions used for tactic detection (complete list).

Category / motif Regex patterns (verbatim)

Jailbreak / control overrides
override_instructions \bignore (?:all )?previous\b

\bdisregard (?:all )?previous\b
\bforget (?:these|the) rules?\b
\boverride (?:your )?(?:rules|policy|guardrails)\b

policy_reference_evasion \b(?:content|safety|usage) policy\b
\bagainst (?:your )?policy\b
\bbypass (?:the )?(?:filter|safety|guardrails?)\b
\buncensor\b

prompt_extraction \bsystem prompt\b
\b(show|print|reveal) (?:your|the) (?:prompt|instructions?)\b
\bwhat (?:are|is) your (?:rules|instructions?)\b

Framing / indirection
roleplay_impersonation \bpretend\b, \brole-?play\b, \bact as\b

\bas (?:a|an|my)\s+(?:doctor|lawyer|sysadmin|hacker|cop|teacher)\b

hypothetical_framing \bwhat if\b, \bhypothetical(?:ly)?\b, \bimagine\b, \bsuppose\b, \btheoret-
ically\b

third_person_framing \bhow would (?:someone|a person|people) (?:do|say|make)\b
\bwhat would (?:a|an) (?:expert|hacker|terrorist|chemist) do\b

safety_pretext \bfor (?:educational|research) purposes\b
\bso (?:i|we) know what not to do\b
\bto avoid harm\b
\bawareness campaign\b

translation_evasion \btranslate\b
\bin (?:french|spanish|german|russian|chinese|arabic|hindi)\b
\bwrite (?:this|it) in\b

Obfuscation / formatting tricks
obfuscation_encoding \bbase64\b, \brot13\b, \bhex(?:adecimal)?\b, \bbinary\b, \bascii\b

\burl[- ]?encode\b, \bescape (?:chars?|characters?)\b, \bzero[-
]?width\b, \bhomoglyph\b

codeblock_masking \bin a code block\b, ```, \bmarkdown\b, \bwrap in json\b, \bjson format\b

exact_repetition \brepeat after me\b, \bsay exactly\b, \bprint exactly\b, \bverbatim\b

Persuasion / pressure styles
begging_appeal \bplease\b, \bi beg\b, \bi really need\b

\bmy (?:mom|mother|sister|family|child) (?:is|was)
(?:sick|dying|ill)\b

reverse_psychology_challenge \bi bet you can'?t\b, \byou won'?t\b, \bprove you can\b, \bi dare you\b

small_talk \bhi\b, \bhello\b, \bhey\b, \bhow are you\b

Instructional specificity
step_by_step \bstep[- ]?by[- ]?step\b, \bexact steps?\b, \bdetailed instructions?\b

\bwalk me through\b, \bguide me\b, \btutorial\b
quantity_escalation \blist\s+\d{2,}\b, \b(?:top|give me)\s+\d{2,}\b

Provocation / abusive
insult_direct \b(stupid|idiot|moron|dumb|pussy|loser|retard)\b

appearance_insult \b(ugly|fat|skinny|bald|hair|looks?)\b

threat_harass \b(kill|hurt|beat up|threaten|harass|stalk)\b

slur_probe \b(offensive|slur|bad words?)\b, \bwords? you (?:can|can'?t) say\b
\btell me (?:offensive|bad) words\b
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3.B.10. Hypothesis H6: Efficiency of Novelty Incentives

Hypothesis H6 tests whether novelty incentives improve the cost‐effectiveness of red
teaming by comparing cumulative NWH at equivalent payment levels across conditions.
This efficiency measure is relevant for organizations or regulators commissioning red
teaming, where the practical question is how much vulnerability discovery can be ob‐
tained for a given budget. Since this measure pertains to operational costs rather than
our core research question, we report results here rather than in the main text.

FıGURE A14. Cumulative NWH versus cumulative bonus payments by condition.

A. LB experiment B. UB experiment

Notes: The figure shows the cumulative NWH against cumulative bonus payments (in GBP) by treatment condition. The
left panel shows results for the lower‐bound experiment, the right panel shows results for the upper‐bound experiment.
Higher curves indicate greater efficiency (more NWH per unit of payment).

Figure A14 plots cumulative NWHagainst cumulative bonus payments for both exper‐
iments. In this representation, a curve lying above another indicates higher efficiency:
more NWH is generated per unit of payment.

In the lower‐bound experiment (Figure A14A), the treatment curve lies above the con‐
trol curve throughout the payment range. This apparent efficiency advantage reflects the
mechanical properties of the payment scheme rather than superior performance: be‐
cause novelty scores range from 0 to 1, treatment participants earn at most what control
participants earn for equivalent harassment levels, and typically less. Treatment partic‐
ipants thus accumulate less bonus payments while generating NWH at rates that, while
lower than control in absolute terms (consistent with the backfiring effect), decrease less
steeply relative to their reduced earnings. The result is that treatment appears more cost‐
effective, but this efficiency gain is an artifact of the constrainedpayment structure rather
than evidence that novelty incentives improve red teaming productivity.
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In the upper‐bound experiment (Figure A14B), where novelty scores range from 1 to
2, the pattern reverses. Treatment participants are guaranteed to earn at least as much
as control participants for equivalent harassment, and typically earn more. Here, the
treatment curve lies below the control curve as treatment generates less NWH while
accumulating higher bonus payments, yielding lower efficiency. This result confirms
that the backfiring effect documented in Section 3.4 translates directly into reduced cost‐
effectiveness when payment levels are equalized or favor the treatment group.

Taken together, these results indicate that novelty incentives do not improve red
teaming efficiency. The apparent efficiency advantage in the lower‐bound experiment
disappears when payment levels are adjusted upward in the upper‐bound experiment,
revealing that the lower‐bound result stemmed from differential compensation rather
than genuine productivity gains. From a practical standpoint, the key finding is that
novelty incentives reduce NWH output regardless of payment structure such that any
efficiency implications follow mechanically from how those reduced outputs interact
with the bonus calculation formula.
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Hilfsmittelerklärung

Bei der Erstellung dieser Dissertation habe ich Hilfsmittel verwendet. Der Text wurde
mit LATEX erstellt, für die Literaturverwaltung kam JabRef zum Einsatz. Für die Daten‐
analyse sowie die Erstellung von Abbildungen und Tabellen habe ich R und Python samt
den jeweils verwendeten Paketen genutzt. KI‐gestützte Systeme (Claude, Claude Code,
GitHub Copilot) habe ich zur Korrektur von Rechtschreibung und Grammatik sowie zum
Debugging von Code eingesetzt. Die inhaltliche und wissenschaftliche Arbeit—von der
Formulierung der Forschungsfragen über Hypothesenbildung, Analyse und Interpreta‐
tion der Ergebnisse bis hin zu den daraus abgeleiteten Schlussfolgerungen—habe ich
selbst geleistet.
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