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Abstract
Essays on Economics of Media

Gevorg Beknazar-Yuzbashev

This dissertation investigates how digital media platforms shape user behavior and social outcomes
through advertising, content curation, and informal social norms. Across three essays, I study (i)
how platforms effectively “price” attention using advertising loads, (i1)) how exposure to toxic
content affects engagement and welfare, and (iii) whether informally compelled compliance with
an emerging norm generates backlash. Together, the essays combine structural theory, a large-scale
field experiment with a custom browser extension, and online experiments to provide causal and
policy-relevant evidence on the economics of media.

The first essay develops a simple model in which platforms choose advertising load while
users choose time on platform, taking ad load and ad-match quality as given. In this framework, ad
load functions as an implicit price on attention: higher loads raise marginal disutility and reduce
time spent, while improvements in match quality offset this “price.” I test these predictions using a
preregistered field experiment that recruited nearly two thousand U.S. Facebook users and installed
a custom desktop browser extension capable of varying both the quantity of advertisements and
the degree of microtargeting in participants’ feeds. The extension recorded real-time exposure and
behavior across three major platforms. I estimate treatment effects with a difference-in-differences
design.

The second essay uses the same experimental infrastructure to exogenously reduce exposure to

toxic content on Facebook, Twitter/X, and YouTube by hiding posts flagged as toxic in real time. A



difference-in-differences design quantifies the causal impact on engagement. I find that lowering
toxicity decreases user engagement across multiple metrics; for example, average time spent on
Facebook falls by roughly ten percent relative to baseline. Users partially substitute toward non-
treated sites, indicating cross-platform spillovers. To probe mechanisms and welfare, I pair the
field evidence with a preregistered survey experiment that separately varies toxicity and measures
both click/reveal behavior and a reading task as a welfare proxy. The combined evidence indicates
that toxicity can be engagement-enhancing but welfare-reducing, highlighting a wedge between
platform incentives and user well-being.

The third essay examines informal norm compliance and potential backlash. In an incentivized
online experiment with politically conservative participants, I randomly apply “norm pressure” by
forcing subjects to support moderation outcomes they oppose, and I measure behavioral (invest-
ment) and attitudinal (affective thermometer) responses. In the full sample, I detect no statistically
significant backlash on pivotal moderation choices or attitudes. However, effects become direc-
tionally larger — and in some cases significant — within a subsample where the pressure binds most
tightly (a “uniform-vote” setting), suggesting that compelled compliance can induce countervailing
reactions among those most at odds with the target norm.

Taken together, the essays deliver three conclusions. First, advertising loads act as shadow
prices on attention: increasing loads or degrading match quality reduces engagement, and the re-
sulting elasticities are economically meaningful for platforms’ revenue choices and for regulators
contemplating limits on personalization. Second, reducing exposure to toxic content causally low-
ers engagement and triggers substitution toward other sites, while welfare responses are mixed —
consistent with toxicity that propels use but does not improve users’ well-being. Third, norm-based
interventions need to account for for the potential backlash in areas unrelated to the norm itself.

These findings speak to policy and design. Conceptually, they clarify how “free” social media is
priced through ad load and targeting; empirically, they quantify trade-offs platforms face between
engagement, revenue, and welfare; and normatively, they caution that interventions relying on

pressure rather than persuasion can backfire where disagreement is deepest. The dissertation thus



offers a unified view of the economics of media in which platform levers (ads and curation) and

social forces (norms) jointly determine behavior, welfare, and the scope for effective regulation.
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Chapter 1: Social Media Advertising Loads as Prices

1.1 Introduction

Competition authorities around the world increasingly regulate social media companies, due to
their in uence on online discourse and of ine outcomes. Some of these regulations target the core
of social media platform business model: the ability to monetize through personalized ads. In the
EU, the Digital Markets Act (DMA) requires user consent to combine and cross-use personal data
for advertisingt and the Digital Services Act (DSA) requires real-time explanations of ad targeting
rules? While social media companies are trying to adapt and comply with new regulations, the
transition period proves to be challenging. For instance, Meta is facing a $1 billion ne for alleged
violations of the DMA and failing to give consumers a less-personalized alternative to their ad-
funded product. The ad-funded model is under pressure due to privacy-related product changes
by leading tech rms. One example is Apple's App Tracking Transparency (ATT), which reduced
Meta's ad effectiveness and has lead to $10 billion revenue loss by restricting Meta's access to
third-party data on consumers and the ability to target ads (e.g. see Aridor et al. 2024a; Deisenroth
et al. 2024).

In this paper, we evaluate the ad-funded business model of social media platforms under the
current and counterfactual targeting policies. The key object of interest are advertising “loads”, the
share of content that users see that corresponds to ads. We evaluate how social media platforms
set their ad loads, whether these ad loads serve as relevant prices for consumers, and how this

will change as the ability of social media platforms to personalized ads to consumers deteriorates.

1See Chapter 3, Article 5: https://eur-lex.europa.eu/eli/reg/2022/1925/oj/eng.

2See Section 2, Article 26: https://eur-lex.europa.eu/eli/reg/2022/2065/ojleng.

3See https://digital-markets-act.ec.europa.eu/commission-sends-preliminary-findings-meta-over-its-pay-or-con
sent-model-breach-digital-markets-act-2024-07-01_en, https://winbuzzer.com/2025/03/25/meta-faces-1-billion-eu-f
ine-over-pay-or-consent-model-xcxwbn.



Ultimately, we are interested in counterfactual scenarios where Facebook changes its monetization
strategy from an ad-funded to subscription model under different ability to personalize ads.

We ground our analysis in a theoretical framework of consumer time allocation and platform
ad load choice. Users decide how much time to spend on a platform, taking as given both the ad
load and the average quality of ad matches. Users may derive either positive or negative utility
from viewing ads, but as long as the marginal utility of a minute spent watching ads remains below
the opportunity cost of time, higher ad loads reduce engagement. This makes ad loads functionally
equivalent to prices: they follow the law of demand and increase ad revenue, holding engagement
xed. We allow the platform to engage in price discrimination by personalizing both ad quantity
and quality. The model predicts that the optimal ad load is lower for users whose engagement
is more inelastic with respect to ads, who generate positive network externalities, or who belong
to high-value demographics from an advertiser's perspective. Furthermore, the platform chooses
to increase match quality when it raises the user's marginal utility from ad exposure and when
advertisers' willingness to pay is sensitive to targeting precision. As a result, the second prediction
of the model is that user engagement should decline when the match quality of ads falls.

To evaluate whether ad loads serve as prices for social media consumers, we conduct a pre-
registered eld experiment. In the experiment, users install a custom browser extension through
which we can vary both the quantity of advertisement and the degree of their microtargeting. We
use Facebook ads to recruit almost 2,000 US-based adult desktop users to install the browser ex-
tension and complete a baseline survey. Participants then enter a six-week baseline period, during
which the extension does not alter any content but passively collects data on user interactions
with social media platforms and the browser. At the end of the baseline period, participants are
randomly assigned to one of four treatment groups: Hide, Replace, Pure Control, and Keep Con-
trol. These groups determine the intervention applied during the subsequent six-week intervention
period.

In Hide, almost all Facebook ads are seamlessly hidden. Pure Control serves as the correspond-

ing control condition, with no intervention applied. In Replace, ad microtargeting on Facebook is



effectively eliminated by replacing user-targeted ads with generic ads (i.e., ads targeted at other
users). Finally, Keep Control serves as an active control condition, in which ads are replaced with

themselves—maintaining a similar user experience as in the Replace while varying only the degree
of microtargeting.

We measure the impacts of the interventions on both advertisement engagement and platform
engagement, as well as on time spent on non-treated platforms to capture possible substitution
effects. Following the approach proposed by McKenzie 2012, we leverage both within-subject and
between-subject variation to maximize statistical power in estimating treatment effects. The six-
week baseline and six-week intervention periods allow us to employ a difference-in-differences
approach at the day level, yielding a long panel with 134 daily periods (19.1 weeks). In addition,
we collect supplementary survey outcomes—such as willingness to pay to temporarily deactivate
social media—to capture effects on platform valuation.

Our rst result is that platforms engage in substantial price discrimination by varying ad loads
across individuals. On average, across days and users, ad load—de ned as the number of ads
shown to the user divided by the number of posts and comments—was approximately 13% on
Facebook, or roughly one ad per eight pieces of content. The average ad load on Twitter was
similar, at 12%. Importantly, these averages mask substantial heterogeneity: 66% of the daily
variation in ad load on Facebook, and 67% on Twitter, occurs between individuals rather than
within individuals, suggesting that platforms systematically treat users differently.

Next, we turn to the experimental results. The hiding intervention reduced ad load on Facebook
by 86%, a marked reduction relative to the ad load experienced by the Pure Control group. Since
browser extensions operate only on desktop devices, this could potentially limit the strength of
the intervention. However, even accounting for the desktop share of Facebook consumption in
our sample (51.2%, as reported in the baseline survey), the intervention induced a substantial 44%
reduction in ad load across all devices.

The hiding intervention increased content consumption on Facebook by 9% and active time

spent on the platform by 5%. The pre-registered index of platform engagement rose by 0.02



standard deviations (SD). These estimates suggest that users are relatively inelastic with respect
to ad load, with an average elasticity below 0.1. We extended the intervention beyond the six-week
pre-registered period to observe longer-term effects. Our estimates,based on over 19 weeks of
intervention, indicate that the engagement effects of ad load are stable over time, with a long-term
treatment effect on the platform engagement index of 0.02 SD.

Our replacement intervention, in turn, signi cantly decreased the targeting t of ads. To quan-
tify how well an ad “ ts” a particular user, we calculate the Euclidean distance between the user's
demographic characteristics and the average demographic pro le targeted by that advertiser. This
measure shows that the intervention exposed participants to ads that are typically not directed at
their demographic.

The replacement intervention reduced the index of ad engagement by 0.05 SD against Keep
Control. This result was driven primarily by a sizeable reduction in the likelihood od clicking
ads—a drop of 0.25 SD. Moreover, the intervention signi cantly reduced the active time spent on
Facebook in the long-term by 13% and content consumed by 12%, which resulted in an overall
fall in the index of platform engagement of 0.03 SD. The platform engagement effects strength-
ened over time—our short-term estimates indicated negative yet insigni cant effects on platform
engagement. Overall, the results suggest a degree of complementarity of user engagement and
advertisement microtargeting.

We also report supplementary results. We nd little evidence of substitution between Facebook
and other digital platforms as a result of the interventions. However, the hiding intervention in-
creased time spent on users' top 10 favorite domains (based on baseline data), which may re ect a
“linking effect,” in which increased time on Facebook leads to greater engagement with websites
frequently linked in the user's feed. Finally, we nd no effect on willingness to pay to deactivate
social media, a proxy for users' platform valuation.

We address potential concerns with our approach. One might worry that the results re ect
differences in user experience induced by the extension, rather than variation in ad load (hiding

intervention) or ad microtargeting (replacement intervention). We took several steps to preempt



such issues. The extension holds each batch of content until all posts, comments, and ads are pro-
cessed—including any intervention—before displaying it to the user. As an additional safeguard,
we never hide or replace ads in the visible portion of the page (viewba)a result, users never
observe the hiding or replacement actions, and the extension operates seamlessly. In the replace-
ment intervention, we further control for potential user experience effects by measuring treatment
effects relative to an active control group in which ads are replaced with themselves; thus, the only
difference between groups is the degree of microtargeting.

Another potential concern is differential attrition. Using a conservative measure of survival,
we nd that more than 70% of participants in all treatment groups remained in the study for 12
weeks, covering both the baseline and intervention periods. Survival rates do not vary by treatment
group. This result holds in speci cations that control for survival propensity—based on individual
characteristics—and its interaction with the treatment indicator. Thus, our ndings are unlikely to
be driven by differential attrition. This conclusion also applies to our long-term results, which are
based on a sample where survival likelihood likewise does not vary by treatment.

Theoretically, the idea that ad loads behave as prices appeared at least since Anderson and
Coate 2005 (see Calvano and Polo 2021 for a review and Anderson and Peitz 2020 for a more recent
framework). Empirical research has documented a negative relationship between ad loads and user
engagement on traditional media (Wilbur 2008) and on digital platforms such as Pandora and e-
commerce websites (Huang, Reiley, and Riabov 2018; Goli, Reiley, and Zhang 2021; Moshary
2021). In the context of social media, Brynjolfsson et al. 2024 report results from a 9-year long
eld experiment on Facebook and nd an elasticity of time spent with respect to ad loads of 0.094.
We contribute to this literature by varying not only the quantity but also the quality of ads, provide
evidence of price-discrimination, and explain why ad models are such a prevalent business model.

Our work also relates to growing subset of the literature on the economics of social media
(Aridor et al. 2024c) that focuses on platform business models. This work highlights the impact

of ad-driven incentives on the proliferation of harmful content (Liu, Yildirim, and Zhang 2022;

4This safeguard helps in cases where the extension fails to hold the entire batch before processing. Moreover, since
most batch content is off-screen, this precaution has little impact on the strength of the intervention.



Acemoglu et al. 2024; Beknazar-Yuzbashev, Jiménez-Duran, and Stalinski 2024). Ad loads are
central to the antitrust questions related to social media (e.g. see Katz and Allcott 2025). We
contribute to this literature by providing a rationale for why advertising-based business models are
so prevalent in the context of digital platforms.

Lastly, we contribute to the literature on the economics of privacy (Acquisti, Taylor, and Wag-
man 2016; Lin 2022; Goldfarb and Que 2023; Dubé et al. 2025), which has shown that limiting
tracking can reduce platform revenue (Johnson 2022; Aridor, Che, and Salz 2023; Aridor et al.
2024a). We contribute to this literature by isolating the user-engagement channel from advertiser-
side effects by reducing micro-targeting for users.

The paper proceeds as follows. Section 1.2 presents a conceptual framework. Section 3.2

presents our experimental design. Section 3.3 presents our results, and Section 1.5 concludes.

1.2 Conceptual Framework

We now present a model where users spend time on a platform. The platform can personalize

both the quantity of ads it serves to the users and their average match quality.

Users. There is a set of users | who decide how much time to spend on a platform to maximize
their utility. Users derive utility from two sources: from the amount of time they spend consuming
content and from the amount of ads they consume. Consider a user 8 2 | who allocatés fime C
to consume content on the platform. The user takes as given the (potentially personalized) ad load
denoted by 82 »0-1v4, which denotes the amount of time spent consuming ads for each unit of
time spent consuming content. Thus, the total amount of ads that the user consufhe&e
The user also takes as given the average ad quality (match quality) denoted bp-@l ¥a.

The total amount of time spent on the platform3<4.C0 ®. Each unit of time spent carries an
opportunity cost B re ecting either the value of the user's time or their implicit cost of sharing
personal data through engagement.

The user's optimization problem, considering the utility from content consumption, ad con-



sumption, and the opportunity cost of time, is:

max * 8%+ 9L @ F 81, 0®-
@0 5 5

where *8-3s the utility of content consumption, which depends on the vector of engagement
from all users, t, to capture direct network effects from other users' engagement. We assume that
the marginal utility of time spent is positive, 3% 0. The utility from consuming ads is =

which depends both on the quantity and quality of ads consumed. The marginal utility from ads,
represented by ag? can be positive or negative, but we restrict it to be lower than the marginal
utility of engagement: ;% * £-4n other words, users prefer to spend time consuming content
vs. consuming ads. The quality of ads has a “vertical” nature, in the sense that it increases the
marginal utility of ads, *Sgé 0. However, users can still derive positive or negative utility
from consuming ads with a better match quality; for example, re ecting that they might have
some instrumental utility from privacy (Lin 2022), which would result in users experiencing a
negative marginal utility from a better match quality. Lastly, to ensure that second-order conditions

hold, we assume that both utilities are concavéirTie solution to this optimization problem is

) &1t 8_ G &, where € is the vector of engagements of the other users.

Platform. The platform chooses ad loads and content targeting to maximize ad revenue. Follow-
ing (Weyl 2010), we assume that the platform follows an “insulating” tariff strategy, that allows

it to, effectively, select its users' engagement levels. De ne the inverse ad demand for user 8 as
0%t— @. Let g denote the vector of ad qualities for all users. Additionally, fe0%- & denote the

price (in dollars per unit of time) that the platform charges to advertisers. We allow this price to
depend on the ad load, to capture potential information overload (Anderson and De Palma 2012),
and on the match quality, to capture that advertiser willingness to pay increases with a better match
guality. Lastly, we assume that there is a small but non-zero marginal cost 2 per unit of time spent
on the platform.

The platform's optimization problem is then to choose engagements (t) and ad match qualities



(q) to maximize its pro ts:

~

o)
max 20%t-@-@ 0%-@& 2 &
—q

8

Rearranging the rst-order condition with respect fow@ get a formula for the optimal adver-

tising load of the platform:

" - #1
08= 2 1 M © Eg Yoo (1.1)
28 Yeoi ° 4 4PiYool

where _genotes the elasticity of G with respect to H. This expression characterizes the optimal

ad load that the platform should set. Concretely, a user's advertising load should be lower when:

1. All else equal, the user's engagement is elastic with respect to ad loads; that is, whgn jY

is large.

2. All else equal, the user's engagement brings positive network effects on average; that is,

| B Yoe -
when 98B Vo o] 1S large.

3. All else equal, and provided that network effects are small enough, the advertising price ?

is higher.

In terms of the optimality condition with respect t§ @ir assumptions imply that the platform

will reach a corner solution and maximize the match ad quality.

1.3 Experiment Design

1.3.1 Study Flow

Figure 2.1 summarizes the study ow. The interventions are delivered via a browser extension,
described in detail in Section 2.2.2. We recruited participants through social media advertise-
ments targeting English-speaking, US-based adults who primarily use desktop computers. This

approach ensures that participants conduct a substantial share of their social media activity on
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desktop, enabling effective intervention via a browser extension (which does not affect mobile us-
age). Prospective participants who clicked on a recruitment ad were directed to the study website,
where they could learn more about the projeBarticipants were then asked to provide their email
address, install the browser extension via the Chrome Web Store, and complete the onboarding
process, including a baseline survey. After a six-week baseline period during which the extension
passively collected data, participants were randomized into one of four treatment groups, and the
intervention period commenced.

During the six-week intervention period, the browser extension modi ed participants' Face-
book ad experience according to their assigned experimental group. In the Hide group, nearly
all Facebook ads were seamlessly hidden. The Pure Control group experienced no changes to
their ad experience. In the Replace group, most microtargeted ads were seamlessly replaced with
generic ads (i.e., ads targeted at other users). The Keep Control group served as an “active” con-
trol condition, in which ads were replaced with the same ads originally shown—thus matching
the replacement process of the Replace group while preserving ad content. After the intervention
period, participants were invited to complete an endline survey, distributed via email and browser

noti cations.

1.3.2 Browser Extension

Prospective participants install a browser extension called Social Media Research. The exten-
sion was built for Google Chrome browser, the market leader with a 65% market®sBeveiser
extensions are commonly used by Internet users. For example, Grammarly can boast of 47 mil-
lion extension user§,and Google Translate extension is not far behind with 38 million active

users® Furthermore, relying on browser extensions to collect research data and conduct random-

5The study website is available at https://business.columbia.edu/social-media-platform-study. We hosted the site
on an of cial Columbia University domain to enhance trust among prospective participants.

Shttps://gs.statcounter.com/browser-market-share, accessed 15-09-2024.

’https://chromewebstore.google.com/detail/grammarly-ai-writing-and/kbfnbcaeplbcioakkpcpgfkobkghlhen?hi=e
n, accessed 15-09-2024.

8https://chromewebstore.google.com/detail/google-translate/aapbdbdomjkkjkaonfhkkikfgjlicleb?hl=en-GB,
accessed 15-09-2024.



Figure 1.1: Study Flow

ized controlled trials has become increasingly popular (Levy 2021; Beknazar-Yuzbashev et al.
2025; Farronato, Fradkin, and Karr 2024; Beknazar-Yuzbashev and Stalinski 2022a; Aridor 2022).
Upon installation, all participants complete onboarding, including the consent procedure. Any

other extension functionality is not enabled until the process is nalized and the participant ex-
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presses af rmative consent. Overall, the extension performs two key functions: it can modify
participants' Facebook page and it collects data about their browsing activity, especially their in-

teractions with social media websites. We will explain the scope of each function in turn.

Ad hiding and ad replacement actions

The extension modi es the advertising experience for Facebook users by identifying ads in
their feeds. It then applies one of two actions: (i) seamlessly hiding the ad with probability ? 2
»0—1¥4, or (ii) seamlessly replacing the ad with another ad with probability @ 2 »0-1%.. Both ? and
@ are user-speci ¢ parameters speci ed in an external database.

We “process” ads regardless of the group to address potential latency differences, but only
implement the effect associated with the gréupdditionally, the extension holds each batch of
content until all elements within it have been processed and acted upon (including any hiding or
replacement), ensuring that all users experience a consistent delivery of content and minimizing

any differences.

Hiding Action. Figure B.5 in the appendix illustrates the effects of the ad hiding action. The left
panel shows an unmoderated feed with a non-ad post, followed by an ad from Spoke, a company
offering custom- t garments, and another non-ad post. The ad is framed in red for demonstration
purposes. In the right panel, we display the moderated feed, after the ad hiding action has been
applied. The Spoke ad is removed, and the second non-ad post is pulled upward, along with the
content below it. As a result, a third non-ad post, from Time Out London, becomes visible.

We take great care to ensure that the ad hiding action is seamless. First, the moderated feed
is formatted naturally, with no gaps or unusual spacing. Second, as previously mentioned, the
extension holds each batch of content until all elements within it are processed and acted upon,
and only then displays the batch to the user. This ensures that the viewer does not see any elements

disappearing abruptly. However, since the extension may sometimes start acting on the page with a

9This feature is important because replacement requires additional calls to the database to retrieve data about the
replacement ad.
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delay and fail to hold a batch of content in time, we introduce an additional fail-safe: the extension
does not hide ads that are in the viewport (i.e., the visible area of the page) at the point of detection.
These features are crucial because, often, when Facebook is rstloaded, the second post happens to
be an ad fully visible from the user's perspective. The hiding probability ? refers to the probability

of hiding an ad conditional on it being eligible to hide (i.e., not in the viewport).

Replacement Action. The ad replacement action means that an ad that Facebook intends to
display to a user is replaced with a different ad. In such case, we change the text, image, and URL
of the original (replaced) ad with the text, image, and URL of the replacement ad. The extension
can replace an ad with a randomly selected ad from a pool in our database. The ads in our database
are English-language Facebook ads recently collected from feeds of all users, which means that
the replacement ad is not microtargeted at the current user.

Figure A.2 in the appendix shows an example of an ad that replaced one that Facebook intended
to display. The left panel of the gure demonstrates an image of the replacement ad—it is formatted
in the same way as any other Facebook ad. The right panel of the gure showcases possible
interactions with the replacement ad. Users can like the ad or react to it using any of the available
emojis, and the reaction will be visible in a natural way, as displayed in the gure. Furthermore, if
a user clicks on the ad, its image or the action button, it will take them to the advertiser's chosen
website, which adds to the naturalness of user experience. If someone attempts to comment on
or share the ad, a small pop-up displays that commenting or sharing is disabled (as shown in the
gure).'? In general, authors of Facebook posts can opt to disable commenting, so encountering
ads with commenting disabled is not unusual. Moreover, it is rare for users to attempt commenting
on or sharing ads.

As with the hiding action, the replacement action is not performed for ads in the viewport.
Overall, the same measures that ensure the seamlessness of the hiding action are also applied to the

replacement action. Additionally, we do not replace ads containing videos, forms, or carousel ads,

10This is a necessary technical limitation, because otherwise all comments and shares would apply not the replace-
ment ad but the original one, which would be visible to the user's friends.
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as we cannot ensure that these will be replaced with the same type of ad. Instead, we replace image-
based ads with other image-based ads. The replacement probability @ refers to the probability of

replacing an ad conditional on eligibility.

Data collection

On top of enabling the experimental intervention, the extension collects data on user inter-
actions with social media websites, and the browser more generally. In particular, the extension
collects information on all Facebook ads, posts, and comments displayed to the user. This includes
author's name, a link to their pro le, the text of the element, as well as its image. Furthermore,
for ads, the extension records the link to the advertiser's preferred website (on click of the ad), the
text of the call to action button, and the type of ad (image, video, carousel). This allows us to have
a broad pool of potential Facebook replacement ads for the replacement action (as described in
Section 1.3.2). The extension also records user interactions with Facebook content and the inter-
action's timestamp. Covered interactions include viewing, clicking, commenting on, sharing, and
reacting to content.

In addition to Facebook, the extension records all such data for Reddit and X (formerly Twit-
ter). Furthermore, the extension periodically (approximately every minute) records the domain and

subdomain names of the active tab of the browser.

1.3.3 Recruitment and Sample

Recruitment took place between June 18, 2024, and December 24, 2024. Figure A.3 in the
appendix provides an example of our recruitment advertisements. The ad emphasizes that partic-
ipants can earn $21 for completing the study, which involves installing a browser extension and
completing two surveys. We describe the study as cutting-edge academic research on social media
but intentionally avoid disclosing speci ¢ information about potential experimental treatments—
we do not mention any interventions on advertisements. Throughout recruitment and onboarding,

we present the extension as a tool designed to enhance user experience, while noting that it may
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modify social media content. This framing minimizes the risk of self-selection based on partici-
pants' advertisement preferences.

We construct our main experimental sample in the following way. As speci ed in the pre-
registration, we include all individuals who installed the browser extension and used their Face-
book account for at least one minute per week, on averagarther following the pre-registration,
we exclude people who did not use Chrome or Edge browsers, those whose language preference on
Facebook was not set to English, and those who uninstalled the extension before the intervention
period begart? Lastly, in an attempt to eliminate users who relied on bots or exhibited unusual
behavior, we exclude individuals for whom any of the outcomes are more than 30 standard devia-
tions from the mean—in our case, only one person was dropped this way. After applying the above

inclusion and exclusion criteria, we arrive at the main experimental sample of 1,825 users.

1.3.4 Randomization and Treatments

At the end of the six-week baseline period, we randomized participants into one of four ex-
perimental conditions—Hide, Replace, Keep Control, and Pure Control. The intervention period
lasted six weeks for all treatment groups.

In the Hide group, the extension automatically hides all Facebook ads that are outside the
viewport. This hiding mechanism is described in detail in Section 1.3.2. In the terminology of
that section, we set the hiding probability to ? = 1, where ? denotes the probability of hiding
an ad conditional on its eligibility (i.e., not being in the viewport). The corresponding control
group, Pure Control, experiences no modi cations to the user experience. Thus, between these
two groups, we exogenously vary the ad load—effectively altering the implicit price of Facebook
consumption.

In the Replace condition, we replace ads in participants’ Facebook feeds with randomly se-

HActivating the intervention required that users have the latest version of the extension installed at the start of the
intervention period. Hence, only the users with the latest version at the time of the intervention start are included in
the sample.

12yninstallations are based on the extension recording a speci ¢ uninstallation event. We do not impute uninstalla-
tions from the lack of user activity.
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lected ads from our ad database. The replacement procedure is described in detail in Section 1.3.2.
In the terminology of that section, we set the hiding probability to @ = 1, where @ denotes the
probability of replacing an ad conditional on its eligibility. The associated active control group,
Keep Control, receives the same replacement treatment, except that eligible ads are replaced with
themselves. The replacement process—including ad formatting and possible user interactions—is
held constant across both groups. Consequently, the only exogenous variation between the groups

is the degree of ad microtargeting.

Sample size by treatment. Out of the 1,825 users in our sample, 420 were assigned to Pure
Control, 417 to Hide, 448 to Keep Control, and 540 to Replace. We initially used equal proba-

bilities for group assignment. However, given the technical challenges associated with replacing
ads (higher likelihood of encountering errors), we ended up oversampling Replace condition. Our
empirical strategy, outlined in Section 1.3.6, accounts for the oversampling by using inverse prob-

ability weights.

1.3.5 Outcome Variables

We collect two types of outcomes: browser-based measures—mostly recorded by the browser
extension to document people's social media activity and their interactions with content—and sur-
vey measures—providing further insight into participants' attitudes and preferences. The survey
measures are collected during the baseline and endline surveys. We discuss each type of outcomes

in turn.

Browser-Based Measures

Advertising Loads. We collect advertising load data at the user-day-platform level. Ad load is
de ned as the number of ads shown to the user divided by the total number of posts and comments
shown on a given platform, yielding a value between 0 and 1. We refer to this measure as the

experienced ad load, as it re ects the share of ads actually viewed by the user. However, because
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platforms may endogenously adjust ad delivery in response to user behavior altered by the treat-
ments, we also construct a second measure: the targeted ad load. This captures the share of ads
the platform originally intended to show—i.e., before any hiding or replacement occurred as part

of the intervention.

Time on Social Media. Our primary measure of user engagement is time spent on social me-
dia platforms. First, we are interested in the direct effects of the treatments on active time spent
on Facebook, which is the platform where we intervene. Our de nition of active time follows
Beknazar-Yuzbashev et al. 2025, and counts only time during which the user actively loads new
elements on the page (which requires activity such as scrolling) and a short peridd Efieher-

more, we document the substitution effects to Reddit and X (formerly Twitter), reporting active
time measured in the same way.

To further understand any substitution effects, we provide additional measures of time spent
on other platforms. Speci cally, we report the approximate time a website was open in the active
browser tab for YouTube, as well as the combined time spent on a set of other social media and
related websites listed in Beknazar-Yuzbashev et al. 2025. We will also discuss time spent on
the top-10 websites visited by each participant during their baseline period. These time measures
are less precise than the active time reported for Facebook, X, and Reddit. Collecting active time
requires the browser extension to carefully identify DOM elements on each speci c platform, and

is very costly to implement and maintain.

Platform and Ad Engagement. We collect additional measures of platform engagement. First,
we consider the total number of posts and comments shown to the user per day, excluding adver-
tisements, as their quantity is affected by the hiding intervention. Second, we construct an index
of platform engagement on Facebook, based on active time and content consumption, following
the index construction method of Kling, Liebman, and Katz 2007. To complement our analysis

of user engagement, we examine users' direct interactions with Facebook ads. Speci cally, we

3Any time on the website following more than three minutes of inactivity is considered idle.
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construct an index based on the number of ad impressions and ad clicks per day. We also report ad

impressions and ad clicks as separate outcomes.

Short-Term vs. Long-Term Effects. After the pre-registered intervention period (six weeks),

we continued the intervention and monitored user engagement. This allows us to report both short-
term (six weeks) and long-term effects of the intervention. The latter are based on the intervention
duration of 134 day-periods, which is equivalent to 19.1 weeks. Despite the extended observation

period, we nd no evidence of differential attrition (see Section 1.4.3 for a discussion of attrition).

Survey Measures

Platform Valuation. We strive to understand the impact of the treatments on social media valu-
ation by users. To that end, we collect, as a primary outcome, the willingness to accept (WTA) to

deactivate social media for four weeks.

Heterogeneity

One of the main objectives of this paper is to document heterogeneity in ad loads across social
media platforms. We report the distribution of (1) daily ad loads per user by platform and (2)
average ad loads per user by platform. To further explore the sources of variation, we conduct
a variance decomposition exercise to assess whether between-user variation exceeds within-user
variation. Separately, we analyze heterogeneity of treatment effects of the hiding and replacement

interventions with respect to baseline levels of engagement.

1.3.6 Empirical Strategy

To maximize statistical power, our experimental design relies on within-subject variation. For
outcomes continuously measured by the browser extension, we use a difference-in-differences

approach over a six-week baseline period (treatments disabled) and a six-week intervention period
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(treatments enabled), with the individual-day as the unit of observétion.

Speci cally, we estimate the following two-way xed effects (TWFE) regression:

.8-& Ug, Xc =C(COACV g¢c AA>ABcYg=c (1.2)

where .g_¢s the outcome for user 8 in period C (measured relative to the intervention starigdate), U
represents individual xed effectscX =C(COA@re intervention start period xed effects, g_c

is an indicator variable equal to 1 if the user was treated, and AAgoRBists of binary variables
indicating that individual 8 experienced a particular type of a browser extension error in period C
and their interactions with treatmetit.

Depending on which treatment effect we want to estimate and against what counterfactual,

g—& 1 corresponds to the Hide or Replace condition, whereas 0 pertains to Keep Control
or Pure Control. We include intervention start period xed effects, as opposed to just period
xed effects, to ensure that our estimation is robust to the staggered roll-out of the treatment—see
Cengiz et al. 2019 for an application of this approach.

We exploit the opportunity presented by having a large number of daily time periods in the
study (Cameron and Miller 2015), and use Driscoll and Kraay 1998 standard errors, which ac-
count for both serial and cross-sectional dependence, to increase power—Hoechle 2007 provides
an analysis of their nite sample performance. Regarding treatment effects, we are primarily in-
terested in two main comparisons. We intend to compare Hide group to Pure Control and Replace
group to Keep control. All regressions estimating treatment effects use inverse probability weights
based on the probability of group assignment for individuals recruited on a given day. This ac-

counts for the relative oversampling of the Replace condition (see Section 1.3.4).

YFor outcomes not continuously measured by the extension but collected in the baseline and endline surveys, we
estimate regressions of the outcome on a treatment group indicator, an endline survey indicator, and their interaction,
including individual xed effects.

15We consider three types of possible errors: (i) faulty hiding—the hiding intervention was not operational, (ii)
DOM update—Facebook made a sudden change to the DOM structure of the page, which resulted in issues such as
ad names displaying incorrectly, (iii) faulty replacement—eligible ads in the Replace group were incorrectly replaced.
Depending on whether the error affected all treatment groups, occurred for different individuals on different days,
or occurred during both the baseline and intervention periods, some variables in gAfragBe absorbed by the
intervention start period xed effects.
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1.4 Results

1.4.1 Ad Loads Heterogeneity

Figure 1.2(a) illustrates the substantial heterogeneity in daily advertising loads experienced
by users on Facebook, Reddit, and Twitter during the baseline period. In contrast, Figure 1.2(b)
presents the distribution of individual ad loads, abstracting away from temporal variability and
focusing instead on person-level averages.

In this individual-level distribution, Facebook's ad load is centered around a mean ad load of
0.128, with a standard deviation of 0.111, and displays thick tails, re ecting signi cant dispersion
in users' exposure to ads. Twitter's distribution exhibits even greater dispersion, with observations
less tightly clustered around its mean of 0.121. Reddit stands out from the other platforms with a

notably lower average ad load of 0.013, and a comparatively narrower distribution.

(a) Experienced Ad Load (b) Individual Experienced Ad Load
Figure 1.2: Distribution of Ad Load by Platform

Note: Panel A presents the distributions of the experienced advertising load per person-day on Facebook, Reddit, and Twitter, based on the baseline
period data. Panel B presents the equivalent distributions per person. The ad load is de ned as the number of ads as a share of total posts and
comments shown to the user on each platform.

One possible explanation for the wide distribution of individual ad loads is heterogeneity in user
consumption patterns—speci cally, variation in the time users spend in comment sections versus
the main feed. For instance, users who engage more with comments may encounter fewer ads,

which are typically concentrated in the feed. To investigate this, Figure 1.3 presents an alternative
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ad load measure: the number of ads as a share of feed-only content. This contrasts with our baseline
de nition, which includes both feed and comment section content. Despite focusing solely on feed
content, we still observe substantial heterogeneity in individual ad loads on all three platforms.
This suggests that differences in engagement with comment sections are unlikely to be the primary
driver of the dispersion observed in Figure 1.2. Instead, the evidence points to genuine, time-
invariant heterogeneity in ad exposure across users—Iikely shaped by the platform's underlying

content delivery algorithms.

Figure 1.3: Distribution of Individual Feed Ad Load by Platform

Note: The gure presents the distributions of the experienced feed advertising load per person on Facebook, Reddit and Twitter, based on the
baseline period data. The feed ad load is de ned as the number of ads as a share of total content in the feed shown to the user on the platform.

Variance Decomposition. To formalize our investigation into the sources of heterogeneity in ad
loads, we perform a variance decomposition analysis for three social media platforms. Figure A.4
in the appendix presents results from a two-way xed effects speci cation, where daily addoad 0

is decomposed into individual xed effectgnd time xed effects ¥ We nd that individual

xed effects account for 66.1% of the variance in daily ad loads on Facebook, 66.8% on Twitter,

and 59.0% on Reddit. These results reinforce our earlier conclusion that a substantial share of the
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variation in ad exposure is driven by individual-level differences. Such heterogeneity is consistent

with algorithmic personalization and potentially re ective of price discrimination strategies.

Ad Load Predictors. We also analyze which variables contribute most to predicting advertis-

ing loads. Figure 1.4 reports general dominance for a broad set of covariates, i.e., the average
incremental 2 a variable contributes when considering all possible subset models. We include de-
mographic characteristics such as race, education, income, and age, as well as information about
IT preferences (operating system, use of social media on desktop). We also take into account
the cost per click based on Facebook's prediction of the cost of targeting a user with particular

demographic characteristics.

Figure 1.4: General Dominance of Ad Load Predictors on Facebook

Note: The gure reports general dominance for a broad set of covariates predicting advertising loads on Facebook, i.e., the average inéremental '

a variable contributes when considering all possible subset models. The included variables are as follows: (1) age in years, (2) age squared, (3)
an indicator for having at least a bachelor's degree, (4) cost per click when targeting the user with Facebook ads based on their demographics, (5)
an indicator for being a Democrat, (6) desktop share of Facebook usage (from the baseline survey), (7) an indicator for having household income
above $50,000, (8) an indicator for being male, (9) an indicator for identifying as white/Caucasian, (10) an indicator for using Windows operating
system, (11) willingness to accept to deactivate Facebook for four weeks during the baseline survey (WTA).

From Figure 1.4, we infer that age is the strongest predictor—064 arfdh@6é the rst- and

second-highest general dominance. This suggests possible price discrimination by age. Other im-
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portant predictors include income, the share of Facebook usage on desktop devices, and education

(completion of a bachelor's degree).

1.4.2 Impact Evaluation
Intervention Strength

Hiding Intervention and Ad Load. Figure 1.5 shows the average ad load experienced by Face-
book users over the duration of the study, disaggregated by treatment condition. In the pre-
intervention period, the average ad load was 0.128, with no meaningful differences across treat-
ment groups. Immediately following the intervention, ad load in the Hide condition dropped
sharply and remained stable near the post-intervention mean of 0.018, representing an 86% re-
duction relative to baseline. Ad loads in the Pure Control condition stayed close to their baseline
levels, averaging 0.137 in the intervention period, indicating that the intervention affected only the
intended group.

These results con rm that our hiding intervention successfully introduced substantial exoge-
nous variation in Facebook ad exposure. Accounting for the average desktop share of Facebook
usage—reported as 51.2% in the intake survey—we estimate an overall ad load reduction of 44%
across all device¥®

Table A.1 in the appendix provides the associated regression analysis. The difference-in-
differences estimates show that the hiding intervention reduced the average ad load experienced by
users in the Hide condition by 11.2 pp or 1 SD (column 1, panel A) relative to Pure Control. At the
same time, the intervention had no impact on the average ad load supplied by the platform (col-
umn 3, panel A), i.e., ad load before any ltering was applied, with the treatment effect between
the Hide and Pure Control conditions of only 0.2 pp. The latter result suggests the lack of response
of Facebook's algorithm to the hiding intervention—users were still targeted with the same share

of ads.

16This calculation assumes that the ad load experienced via Facebook's mobile app remained at the baseline mean,
as measured by the browser extension. This assumption is plausible in light of our results that Facebook did not react
to the intervention by targeting users with different ad loads.
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Figure 1.5: Average Advertising Loads on Facebook

Note: The gure shows the average daily advertising load on Facebook for the Hide condition and the Pure Control condition. Advertising load

is de ned as the number of ads shown as a share of all Facebook posts and comments viewed by the user. The x-axis represents study periods,
measured in days relative to each individual's intervention start date. The vertical dashed line marks the nal day of the pre-intervention period
(period 0).
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Replacement Intervention and Microtargeting. Figure 1.6 shows average ad distance, our
measure of how well ads matched user characteristics, over the duration of the study. While overall
ad distance uctuated during the baseline period, there were no discernible differences in trends
between the Replace condition and Keep condition. Immediately after the intervention, ad distance
in the Replace condition increased relative to the other groups and remained elevated for the rest
of the study. We conclude that the replacement intervention successfully introduced exogenous
variation in the degree of ad microtargeting.

Table A.1 in the appendix formalizes this conclusion. The intervention increased average ad
distance by 11% (column 2, panel B), a result signi cant at the 1% level. Unlike in the case
of the hiding intervention, here we observe some indication of algorithmic response—Facebook
changed the composition of ads supplied to users, which resulted in a 1.5% increase in average
ad distance (column 4, panel B). While the effect size is small compared to the primary effect of
the intervention, we conclude that Facebook responded by supplying less microtargeted ads. This
may re ect the high weight the algorithm places on recent ad interactions—as users clicked on and
reacted to different ad content, it internalized the change in preferences promptly. The presence of
an algorithmic response here, but not in the case of the hiding intervention, can be reconciled by
assuming that the algorithm considers the relative stability of ad load elasticity (users are inelastic)

compared to the more changeable preferences regarding the types of ads users are interested in.

Own-Platform Engagement: Hiding Intervention

Ad Engagement. Figure 1.7(a) presents the short-run treatment effects of the hiding interven-
tion on engagement (see Panel A of Table A.2 in the appendix for full regression tables). The
hiding intervention strongly reduced ad engagement. According to the difference-in-differences
estimates, ad impressions fell by 96% or 0.28 standard deviations (SD) and ad clicks decreased by
58% or 0.11 SD. The overall index of ad engagement fell by 0.19 SD, a result signi cant at the
1% level. Figure 1.7(b) presents the long-run treatment effects, based on 19 weeks of intervention

(see Panel A of Table A.3 in the appendix for full regression tables). The long-term effects of the
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Figure 1.6: Normalized Ad Distance on Facebook

Note: The gure displays the average daily ad distance on Facebook, disaggregated by treatment condition (Replace vs. Keep conditions). Ad
distance is de ned as the Euclidean distance between a user's characteristics and the marginal probabilities of ad targeting for individuals with those
characteristics, based on baseline data. The values on the y-axis are normalized using the mean and standard deviation from the baseline period.
The x-axis represents study periods, measured in days relative to each individual's intervention start date. The vertical dashed line marks the nal
day of the pre-intervention period (period 0).

hiding intervention on ad engagement are both directionally and quantitatively consistent with the

short-run effects.

Platform Engagement. While ad engagement declined, overall engagement with the platform
increased as a result of the hiding intervention. The short-term effects are modest (see Figure 1.7(a)
or Panel A of Table A.2). The intervention increased content consumption by 5.3 posts and com-
ments per day, an effect equivalent to 9% or 0.03 SD. This result is signi cant at the 10% level.
We also observe a directionally consistent, though statistically insigni cant, increase in the active
time spent on Facebook—by 0.6 minutes per day. In the long-term (see Figure 1.7(b) or Panel A of
Table A.3), the hiding intervention increased content consumption by 0.03 SD, a result signi cant
at the 5% level. The overall index of platform engagement, based on content consumption and

active time, is close to 0.02 SD both in the short-term and in the long-term. We conclude that user
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(a) Short-Term Effects (b) Long-Term Effects
Figure 1.7: Own-Platform Engagement Effects of Hiding Intervention

Note: The gure displays estimated treatment effects of the hiding intervention on Facebook using Equation 2.1 and our main experimental sample.
The dependent variables are: (i) number of ad impressions, (ii) number of ad clicks, (iii) an ad engagement index based on (i) and (ii), (iv) active
time spent on the platform, (v) number of posts and comments shown to the user, and (vi) a platform engagement index based on (iv) and (v). Panel
A shows results based on the six-week intervention period, whereas Panel B shows results based on a longer intervention period (134 day-periods
or 19.1 weeks). The unit of observation is the individual-day, measured relative to the intervention date. We include 95% con dence intervals based
on Driscoll-Kraay standard errors. All regressions were estimated using inverse probability weights re ecting the probability of group assignment
for individuals recruited on a given day.

engagement is very inelastic with respect to advertising load.

To further scrutinize this point, we express the engagement effects in the form of an elasticity.
Speci cally, we de ne elasticity as the ratio of the percentage change in active time spent on
Facebook to the percentage change in advertising load. To compute these changes, we rely on
difference-in-differences estimates of the effects of the hiding intervention on ad load (Table A.1)

and active time (Table A.2). This yields a short-run elasticity estimate of:

% Active Time 00524
Elasticity = = = 0064
Y= % AdLoad _ 08175

This estimate is consistent with Brynjolfsson et al. 2024 and suggests that user engagement is

highly inelastic with respect to advertising load.

Own-Platform Engagement: Replacement Intervention

Ad Engagement. Figure 1.8(a) presents the short-term treatment effects of the replacement in-

tervention on engagement relative to Keep Control (see Panel B of Table A.2 for full regression
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results). Similar to the hiding intervention, ad replacement reduces engagement with ads. The
induced weakening of microtargeting led to a 0.05 SD decrease in ad impressions and a 0.25 SD
decline in ad clicks. The combined ad engagement index fell by 0.15 SD, a result signi cant at the
1% level. The long-term effects (see Figure 1.8(b) or Panel B of Table A.3) are in line with the
short-term results—the replacement intervention reduced the index of ad engagement by 0.18 SD.
Overall, we conclude that microtargeting is a key driver of ad engagement, underscoring its value

to the platform.

(a) Short-Term Effects (b) Long-Term Effects

Figure 1.8: Own-Platform Engagement Effects of Replacement Intervention

Note: The gure displays estimated treatment effects of the replacement intervention on Facebook relative to Keep Control using Equation 2.1 and
our main experimental sample. The dependent variables are: (i) number of ad impressions, (ii) number of ad clicks, (iii) an ad engagement index
based on (i) and (ii), (iv) active time spent on the platform, (v) number of posts and comments shown to the user, and (vi) a platform engagement
index based on (iv) and (v). Panel A shows results based on the six-week intervention period, whereas Panel B shows results based on a longer
intervention period (134 day-periods or 19.1 weeks). The unit of observation is the individual-day, measured relative to the intervention date.
We include 95% con dence intervals based on Driscoll-Kraay standard errors. All regressions were estimated using inverse probability weights
re ecting the probability of group assignment for individuals recruited on a given day.

Platform Engagement. The replacement intervention negatively affected not only ad engage-
ment but also overall platform engagement. Using our baseline speci cation, we can clearly detect
a long-term reduction in engagement (see Figure 1.8(b) or Panel B of Table A.3). The weaker
microtargeting led to a reduction in active time spent on the platform by 1.7 minutes per day (13%
or 0.05 SD), signi cant at the 1% level. Content consumption also declined by 12% (0.04 SD), an
effect signi cant at the 1% level. Moreover, the platform engagement index fell by 0.027 SD, sig-

ni cant at the 5% level. The short-run point estimates are directionally consistent yet statistically
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insigni cant (see Figure 1.8(a) or Panel B of Table A.2). This may indicate that users slowly up-
date their beliefs about the quality of the platform experience, which necessitates conducting long
duration interventions to inform policy. Taken together, the effects on ad engagement and platform

engagement suggest that both consumers and the platform might bene t from ad microtargeting.

Substitution Effects

Figure 1.9(a) presents the effects of the hiding intervention on engagement with non-treated
platforms. Overall, we nd little evidence of substitution: the intervention does not signi cantly
affect active time spent on Twitter and Reddit, YouTube, or the time spent on the combined set of
other pre-registered social media platforms. At the same time, the intervention leads to a consider-
able increase in total time spent on the user's top 10 most-visited domains. This pattern may re ect
a “linking effect,” where increased time on Facebook leads to greater engagement with websites
frequently linked in the user's feed.

Figure 1.9(b) shows the equivalent effects of the replacement intervention. We nd limited
evidence that varying the degree of ad microtargeting on one platform affects engagement with
other platforms. The treatment marginally increased the active time spent on Twitter and Reddit,
which are most similar to Facebook, the platform where we intervened. Additionally, we observe
a positive effect on the time spent on user's top 10 most-visited domains. However, the time spent
on YouTube went down and the effect on the time spent on the set of non-treated social media
platforms de ned in Beknazar-Yuzbashev et al. 2025 is insigni cant. Taken together, there is no

clear substitution pattern caused by the replacement intervention.

Platform Valuation

Figure 1.10 presents the results of both interventions on users' valuation of the platform. We

nd that neither the hiding intervention nor the replacement intervention signi cantly affects the

"\While a simple revealed preference argument would lead us to conclude that microtargeting improves users'
welfare, it is important to acknowledge that our analysis does not take into account factors such as impulse buying or
regret after purchase, which may be induced by ad microtargeting.
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(a) Hiding Intervention (b) Replacement Intervention

Figure 1.9: Impacts on Engagement with Non-Treated Platforms

Note: Panel A reports estimated treatment effects of the hiding intervention on Facebook, relative to the Pure Control group, based on Equation 2.1
and the main experimental sample. Panel B presents treatment effects of the replacement intervention, relative to the Keep Control group. The
dependent variables are: (i) time spent on YouTube; (ii) combined active time on Twitter and Reddit; (iii) time spent on the top 10 domains as
determined from baseline data; and (iv) time spent on a set of non-treated social media platforms de ned in Beknazar-Yuzbashev et al. 2025. All
outcome variables are inverse hyperbolic sine (asinh) transformed. The unit of observation is the individual-day, indexed relative to the intervention
start date. Regressions include 95% con dence intervals based on Driscoll-Kraay standard errors. All estimates are weighted using inverse proba-
bility weights re ecting group assignment probabilities conditional on recruitment day.

willingness to accept (WTA) deactivating social media for four weeks, which serves as our proxy
for the platform's value. The null result for the hiding intervention is consistent with Brynjolfsson

et al. 2024, who nd no effect of removing online Facebook ads on users' platform valuation. We
extend this result by showing that reducing ad microtargeting (replacement intervention) also has

no effect on platform valuation.

1.4.3 Robustness and Potential Concerns

This section discusses potential concerns and robustness checks. Differential attrition poses
a major threat to identi cation in studies like ours. Section 1.4.3 provides evidence suggesting
that our results are unlikely to be driven by attrition. Additionally, in Section 2.3.3, we perform a

robustness analysis by considering alternative speci cations.

Attrition

Figure A.5 in the appendix shows the survival rate in the experiment by treatment group over

time. We use a conservative approach to measuring attrition, considering individual 8 as having
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Figure 1.10: Effects of Interventions of Platform Valuation

Note: The gure displays the estimated treatment effects of the hiding and replacement interventions on individuals' willingness to accept (WTA)
the deactivation of social media for four weeks. WTA is measured in both the baseline and endline surveys. The estimates are based on a regression
of WTA on the treatment group indicator, the endline survey indicator, and their interactions, with individual xed effects. The unit of observation is

the individual, and 95% con dence intervals are provided, based on standard errors clustered at the individual level. All regressions were estimated
using inverse probability weights re ecting the probability of group assignment for individuals recruited on a given day.

survived until period C if they were active on the day corresponding to period C or later. It is likely
that some individuals remained in the study after their last activity, meaning the reported survival
rates represent lower bounds, and the attrition rates—upper bounds.

The survival rates at the end of the six-week intervention period, relative to the beginning of
the baseline period, exceed 70% in all treatment groups: 70.2% in Pure Control, 71.0% in Keep
Control, 71.7% in Hide, and 70.3% in Replace. Furthermore, attrition rates by treatment did not
vary over time, as shown in Figure A.5. Thus, we conclude that our results are unlikely to be driven
by differential attrition.

Table B.5 in the appendix presents the associated regression analysis, supporting our claim.
First, regressing survival at the end of the intervention period on treatment indicators shows no
differential attrition in pairwise comparisons between Hide and Pure Control, Replace and Keep
Control, and Keep Control and Pure Control (columns 1-3). Second, we extend the regressions
by including survival propensity, based on individual characteristics, and its interaction with the

treatment dummy (columns 4-6). For all three pairwise comparisons, we nd no evidence that
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the treatment group moderates the association between survival propensity, based on individual
characteristics, and actual survival. Finally, we obtain identical conclusions when we repeat the
analysis from columns 1-6, but with the last period of recorded activity, which we use as a proxy
for the last period in the study, as the outcome variable (columns 7-12). The dependent variable is
capped at 42, which indicates the last period of the six-week interveltibnthis case, we nd
that treatment does not impact dropout time, regardless of whether survival propensity is included.
Lastly, since we report long-term outcomes, we also consider long-term attrition. Figure A.5
extends beyond the end of the six-week intervention period (the dashed vertical line) and shows
that the dropout rate did not vary by treatment until the end of the study. Moreover, Table A.5 in
the appendix presents regressions of the last period in the study on treatment indicators, with the
last period now being uncapped. Once again, we nd no evidence of differential attrition for any
of the pairwise comparisons. The result remains robust to the inclusion of the survival propensity,
based on user characteristics, and its interaction with the treatment indicator is insigni cant for all
pairwise comparisons. We conclude that, even with an extended observation window, there is no

evidence of differential attrition by treatment condition.

Alternative Speci cations

Alternative Standard Errors. Table A.6 in the appendix presents the short-term engagement
results with standard errors clustered at the individual level, as opposed to Driscoll-Kraay standard
errors. The effects of the hiding intervention on the index of ad engagement remain signi cant at
the 1% level, while the corresponding effect of the replacement intervention remains signi cant at
the 10% level. The platform engagement results are no longer statistically signi cant. Table A.7
in the appendix provides the corresponding analysis for the long-term outcomes, yielding identical
insights. Clustering at the individual level is conservative and does not account for the rich within-
variation provided by a large number of time periods per person, which we exploit in our baseline

speci cation with Driscoll-Kraay standard errors. The lack of robustness to conservative clustering

18Note that the intervention starts in period 1, with baseline periods represented by negative numbers and zero.
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is consistent with our interpretation that user engagement is very inelastic to ad loads and that ad

microtargeting has positive but small effects on engagement.

1.5 Conclusion

As new privacy regulations are rolled out, social media will have to re-evaluate and potentially
adjust their business models. In this paper, we evaluate the ad-funded business model of social
media platforms under alternative data availability. Using a custom browser extension, we show
that ad loads serve as prices on social media. Less personalized ads make the effective ad load
“price” higher for consumers, suggesting that value from targeted advertising is greater than disu-
tility from targeted ads due to intrinsic privacy tastes. Interestingly, platforms price discriminate
using ad loads: ad loads vary a lot across consumers, with the coef cients of variation close to one,
and up to two-thirds of the daily variation in ad loads can be explained by variation between users.
This suggests that tech regulations targeting the ability of platforms to personalize ads will have
large distributional effects on consumers. In the ongoing work, we use experimental estimates
to simulate counterfactual scenarios where Facebook changes its monetization strategy from an

ad-funded to subscription model under different ability to personalize ads.
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Chapter 2: Toxic Content and User Engagement on Social Media: Evidence

from a Field Experiment

2.1 Introduction

More than seven in ten Americans are active on social media (Kemp 2024), and a majority of
users report experiencing some form of online harassment during their lifetimes (Anti-Defamation
League 2024). Due to the links between in ammatory content and violence (Bursztyn et al. 2019;
Miller and Schwarz 2020; Muller and Schwarz 2023a), as well as the impact of social media
on mental health (Allcott et al. 2020; Allcott, Gentzkow, and Song 2022; Braghieri, Levy, and
Makarin 2022) and politics (Zhuravskaya, Petrova, and Enikolopov 2020), the incentives of plat-
forms to curb hate speech, harassment, and related forms of content—hereafter referred to as
“toxic”—have been under public scrutiny in recent years.

This scrutiny has centered on the connection between toxic content and user engagement. A
prevalent hypothesis is that social media algorithms, which are trained to maximize various forms
of engagement, may inadvertently amplify toxic mateti@his concern stems from seminal work
in social psychology (Baumeister et al. 2001) showing that negative events and emotions have
a disproportionate impact on human behavior—likely making negativity particularly engaging.
However, credible causal evidence on how toxic contentimpacts user engagement, the mechanisms
driving this effect, and its welfare effects remains scarce. One important reason for this gap is the
challenge of naturally varying the toxicity of content displayed to users.

We overcome this challenge through a eld experiment targeting three major social media

IFrances Haugen, Facebook's whistleblower, voiced this concern in her 2021 disclosure: “As long as your goal
is creating more engagement, optimizing for likes, reshares and comments, you're going to continue prioritizing
polarizing, hateful content,” see: https://www.wsj.com/articles/facebook-whistleblower-frances-haugen-says-she-w
ants-to-fix-the-company-not-harm-it-11633304122, accessed: 2024-12-23.

33



platforms: Facebook, Twitter (currently X), and YouTube. We recruited 742 social media users,
mostly through Twitter ads, to install a custom-built desktop browser extension. This extension
recorded their online activity—encompassing over 11 million pieces of content consumed and
30,000 hours of social media use—and hid toxic text content across all three platforms in real
time. By doing so, the intervention induced exogenous variation in users' exposure to toxicity.

We randomized participants into two groups: a control group without any hiding and a treat-
ment group in which the extension seamlessly hid toxic material on all three platforms during a
six-week period. To classify text content as toxic, the extension relied on a machine-learning al-
gorithm that predicts the fraction of human annotators likely to consider the content toxic, de ned
as “a rude, disrespectful, or unreasonable comment that is somewhat likely to make you leave a
discussion or give up on sharing your perspectiveRollowing a two-week baseline period of
passively collecting users' online activity, the extension—without notice—began hiding all con-
tent with a toxicity score above 0.3. This threshold is meant to capture content that three out of
ten annotators would label as toxic or very toxic. While toxicity algorithms are inevitably prone
to subjectivity and measurement error (Gréndahl et al. 2018), our intervention was designed to
mimic platforms' actual content moderation practices of hiding, deprioritizing, or “shadowban-
ning” content using toxicity thresholds (Katsaros, Yang, and Fratamico 2022; Ribeiro, Cheng, and
West 2022).

As a result of the intervention, the average toxicity score of text content displayed to users in
the treatment group was 73% (0.9 standard deviations, SD) lower than in the control group during
the treatment period. As a benchmark, the magnitude of this reduction resembles the difference
in average toxicity exposure between users in the 50th and 2nd percentiles during the baseline
period. Overall, the intervention hid 7% of posts, comments, and replies displayed in the browser
across the three platforms for users in the treatment arm. Given that we recruited heavy desktop

users who self-reported spending 61% and 56% of their Twitter and Facebook time, respectively,

2We use Unitary's Detoxify library, an open-source algorithm trained on a large dataset of online comments. Its
performance, measured by the Area Under the Receiver Operating Characteristic Curve, was high at 0.9864 out of 1,
only 0.22% lower than the top performer in Kaggle's 2018 Toxic Comment Classi cation Challenge. As benchmark,
this performance compares to state-of-the-art spam detection algorithms (Tusher et al. 2024).
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on a desktop device, we conclude that our intervention led to a substantial reduction in exposure
to toxicity on social media, even when accounting for mobile app usage. We also infer that the
recommendation algorithms did not respond to our intervention since we observe an identical
average toxicity between the posts shown to the control group and those intended to be shown to
the treatment group before hiding.

We now proceed to report our main ndings. As pre-registered, our empirical strategy employs
a difference-in-differences speci cation, which exploits both between- and within-individual vari-
ation to increase statistical power (McKenzie 2012). The rst set of results focuses on various
engagement measures. Our preferred engagement index aggregates different metrics similar to
those used in practice by platforms: active time spent, content consumed, reactions, posts, reposts,
browsing sessions, ad impressions, ad clicks, and post cligks hiding treatment reduced this
index by 0.054 SD across all three platforms, with overall stronger effects on Facebook, followed
by Twitter and YouTube. Notably, we see an average decrease of 1.3 minutes per day on Face-
book, or 9.2% relative to the mean. As a benchmark, (Allcott, Gentzkow, and Song 2022) reduce
social media time by 56 minutes per day by paying users $2.50 per hour reduced. Additionally,
we nd decreases of 2.3 and 0.5 ad impressions per day on Facebook and Twitter (where ad data
were available), corresponding to declines of 27% and 6% relative to their respective means. A
back-of-the-envelope calculation using ad prices suggests a drop in the revenue of both platforms
of $440 across all users during our interventfofiaken together, we nd that reducing exposure
to toxicity on social media decreases user engagement across a variety of metrics.

Second, we nd that hiding toxic content led to a substitution effect in active time spent on 38
pre-registered related websites where the intervention did not take place. On average, users spent
1.8 more minutes per day on these non-treated platforms, representing a 22% increase relative
to the mean. This increase was primarily driven by additional time spent on other social media

websites such as Reddit.

3For example, Twitter ranks posts using a score given by a weighted average of various metrics: https://github.c
om/twitter/the-algorithm-ml/tree/main/projects/home/recap, accessed: 2025-01-01.

4The cost per thousand impressions in 2022 was $6.72 for Facebook in the US and $1.74 on Twitter. See https:
/lwww.guptamedia.com/cpmentry, accessed 2025-01-11.
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Lastly, we report evidence in favor of toxicity being contagious. The treatment—which did
not hide any content produced by users themselves—signi cantly reduced the average toxicity of
posts and comments created by our users both on Facebook and Twitter, respectively, by 30% and
25% relative to the mean.

One potential concern with interpreting our results is that the intervention may have reduced
engagement through mechanisms beyond the reduction in toxicity. For example, deviating from an
engagement-optimized algorithm could have mechanically lowered engagement, or hiding toxic
posts might have altered the composition of content (e.g., reducing exposure to political posts).
However, it is not the case that deviating from an engagement-maximizing algorithm will me-
chanically decrease engagement. For instance, a prominent study by (Nyhan et al. 2023) provides
evidence against this concern by showing that decreasing exposure to like-minded content on Face-
book had a null effect on time spent. Moreover, we conduct an LLM-based topic analysis and nd
that the composition of topics was mostly unaffected by our intervention.

Even though we targeted heavy browser users, a key internal validity concern in any browser-
based study is the potential for users to substitute browser usage with phone usage, leading to
measurement error. We assuage these concerns using Twitter API data, which allows us to observe
the number of posts created by our users and their source (mobile app vs. browser). While this
evidence is only available for Twitter, we do not nd that mobile and browser usage are substitutes:
users post fewer tweets from their mobile app, easing concerns that our results are driven by a
substitution away from the browser.

Lastly, acommon internal validity concern in browser studies is attrition. In our study, the attri-
tion rate after baseline is low—10.6% over the six weeks of intervention—compared to the average
attrition rate of 15% reported in a meta-analysis of experiments published in economics journals
(Ghanem, Hirshleifer, and Ortiz-Becerra 2023). Furthermore, there is no signi cant differential
attrition between treatment arms, and baseline exposure to toxicity and time spent do not predict
attrition. Our main results remain robust to a range of additional checks, such as accounting for

the staggered nature of treatment—which spanned three weeks—using a “stacked” speci cation
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(Cengiz et al. 2019; Baker, Larcker, and Wang 2022) or alternative clustering of standard errors.

The previous evidence notwithstanding, the exact mechanism through which exposure to toxic
content drives social media engagement remains unsettled. Its welfare effects also remain un-
clear: because users engage less after our intervention, a commonly made revealed-preference
argument would conclude that they are worse off. However, as we argue in a companion theory
paper (Beknazar-Yuzbashev, Jiménez-Duran, and Stalinski 2024), changes in engagement are not
a reliable proxy for changes in welfare; they can move in opposite directions. For example, con-
sider a user who dislikes encountering toxic posts but, upon seeing them, cannot resist reading the
comment section and possibly replying. In this case, a higher fraction of toxic posts in their feed
would increase their engagement but decrease their welfare.

To investigate the mechanisms and to measure the welfare effects of encountering toxicity, we
conduct a complementary survey experiment with 4,120 participants recruited via Prolic. The
experiment varies the type of posts shown to respondents, with some users seeing more toxic
posts than others. Besides varying the level of toxicity, we also varied their type: some users
encountered a hateful (but not profane) post while others encountered a profane (but not hateful)
post. We measure two main outcomes: whether respondents click to view the comment sections of
the posts, as an engagement metric, and their willingness to accept (WTA) to participate in a future
task requiring them to read similar posts, as a welfare metric.

We nd that respondents who encounter more toxic posts are 6.1 percentage points (18% rela-
tive to the mean) more likely to click to view the comment sections of the posts. This effect is not
driven by remuneration considerations: respondents know that viewing the comments does not give
them additional payments—if anything, it carries an opportunity cost for their time. A question
asking their recall of the posts at the end of the survey rules out that the effect is driven by differen-
tial attention. This evidence—based on a different experimental design and sample—aligns with
the results of our eld experiment, thereby reinforcing the external validity of our ndings. These
results also further ease concerns that our eld evidence on engagement is mechanically driven

by a mere deviation from users' engagement-optimized algorithms, and reinforce that exposure to
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toxicity directly affects user engagement.

In terms of welfare, the evidence is mixed. There is suggestive evidence that respondents
require a higher WTA to read the hateful post compared to a similar neutral post, which, based on
a compensating differential argument, indicates a loss in welfare. In contrast, offering respondents
a post with profanity versus a similar but less toxic post does not signi cantly affect their welfare—
statistically or economically. A more qualitative approach con rms that respondents see these posts
differently: they consider the hateful post as less entertaining than a similar non-toxic post, while
the profanity post as more entertaining than a similar non-toxic post. These results suggest that
toxic posts may trigger participants' curiosity, prompting them to click and uncover comments,
but with differing welfare implications depending on the type of toxicity. Besides providing some
evidence of mechanisms, these ndings con rm that engagement and welfare are not necessarily
aligned.

The ndings in this paper suggest a trade-off for platforms. Taking our results at face value,
a similar intervention would decrease exposure to toxic content on these websites—directly and
indirectly due to the contagion effect on content creation. However, this decrease would come at
the cost of a lower engagement, ad clicks, and impressions. If ad prices do not increase enough
to compensate, platform revenue would decr@asidditionally, our evidence on spillovers to
engagement on other websites suggests that platforms might not fully internalize the bene ts of
curbing toxicity. This evidence, paired with our ndings that changes in engagement might not
correspond to changes in welfare, suggests that platforms’ private incentives to curtail toxicity
might not necessarily align with social incentives.

This paper contributes to three strands of the literature. First, a burgeoning literature studies the
effects of social media on a variety of outcomes, including political expression (Artis Casanueva,

Sardoschau, and Saxena 2024; Enikolopov, Makarin, and Petrova 2020; Fujiwara, Mller, and

SWhile causal evidence on the elasticity of advertiser demand to toxicity is lacking, anecdotal evidence suggests
that it might be small. Many advertisers reported brand safety concerns after Elon Musk's Twitter takeover in 2022.
However, even if average ad prices (cost per thousand impressions) fell from $1.75 in 2022 to $0.68 in 2023, this
decrease was historically small and ad prices reverted to $2.23 in 2024 (see Footnote 4). Moreover, (Ahmad et al.
2024) nd that advertisers are unaware of misinformation near their ads. This unawareness could also limit the
response of ad prices.
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Schwarz 2024; Guriev, Melnikov, and Zhuravskaya 2021; Petrova, Sen, and Yildirim 2021), polar-
ization (Allcott and Gentzkow 2017; Boxell, Gentzkow, and Shapiro 2024; Melnikov 2021), hate
crimes (Mller and Schwarz 2020; Miiller and Schwarz 2023a; Bursztyn et al. 2019; Jiménez-
Duran, Muller, and Schwarz 2022), and mental health and well-being (Allcott et al. 2020; All-
cott, Gentzkow, and Song 2022; Braghieri, Levy, and Makarin 2022; Bursztyn et al. 2023)—see
(Zhuravskaya, Petrova, and Enikolopov 2020) and (Aridor et al. 2024d) for recent reviews. We
contribute to this work by shedding light on one of the potential explanations for the documented
harmful effects of social media, namely, the exposure of users to toxic content.

A subset of this literature has studied the effects of social media algorithms on user behavior,
particularly on polarization (Levy 2021; Nyhan et al. 2023). A recent study from the U.S. 2020
Facebook and Instagram Election project shows that algorithms increase user engagement and
exposure to uncivil content (Guess et al. 2023). (Kalra 2024) shows similar evidence from a
TikTok-like platform in India. To the best of our knowledge, our paper provides the rst evidence
of the causal effects of exposure to toxic content on user engagement and welfare.

This paper also belongs to a rapidly-growing economics literature that studies content mod-
eration, including the empirical evaluation of policies countering misinformation (Henry, Zhu-
ravskaya, and Guriev 2022; Guriev et al. 2023) and hate speech (Andres and Slivko 2021; Muller
and Schwarz 2023b), as well as theoretical and structural work (Acemoglu, Ozdaglar, and Siderius
2021; Liu 2020; Liu, Yildirim, and Zhang 2021; Madio and Quinn 2024; Germano, Gémez, and
Sobbrio 2022; Kominers and Shapiro 2024). Previous empirical work could not isolate the effect
of a reduced exposure on potential viewers, because most moderation interventions bundle the re-
moval of material with sanctions to the content creators. For instance, when Twitter suspended
Donald Trump on January 2021, users were less exposed to his posts but were also aware of his
suspension. Isolating the effect of exposure is crucial because platforms may adopt strategies that
balance exposing users to toxic content—thereby driving engagement—with imposing sanctions
on the reported content, which can also enhance engagement (Jiménez Duran 2022; Jiménez-

Duran, Miller, and Schwarz 2022). Additionally, to the best of our understanding, ours is the rst
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experimental evidence of substitution to other websites in response to a decrease in toxicity (see
also (Agarwal, Ananthakrishnan, and Tucker 2022; Rizzi 2024) for more evidence on substitu-
tion in response to platform changes). Moreover, while (Kim et al. 2021) provide evidence of the
contagion of toxicity in a survey experiment, ours is the rst causal evidence of contagion in the
eld.

Methodologically, this paper contributes to the literature by introducing a browser extension
experimental design that directly manipulates content displayed to individuals. Browser extensions
have been used in experiments (Aridor et al. 2024b), primarily to record the content that individuals
encounter (Levy 2021; Beknazar-Yuzbashev and Stalinski 2022b; Farronato, Fradkin, and MacKay
2023; Robertson et al. 2023; Aslett et al. 2024; Aridor Forthcoming) but also to alter their social
media settings and histories (Yu et al. 2024; Beknazar-Yuzbashev, Ichiba, and Stalinski 2024) and
to provide information and nudges (Aslett et al. 2022; Yu et al. 2024; Zavolokina et al. 2024).
Directly manipulating the content that users are exposed to is a particularly useful methodology in
settings where platform collaboration is challenging. Similar applications include altering search
results (Farronato, Fradkin, and Karr 2024), manipulating cookie consent interfaces (Farronato,
Fradkin, and Lin 2024), and hiding ads (Allcott et al. 2024)astly, we add to early applications
of generative Al to classi cation of media content e.g., Djourelova et al. 2023 by using GPT to
identify ads based on texts of social media posts and to categorize content by topic.

In what follows, Section 2.2 provides background information. Sections 2.3 and 2.4 outline the

design and results of the browser and survey experiments, respectively. Section 2.5 concludes.

2.2 Background

2.2.1 Supported Platforms

Our hiding intervention encompasses three leading social media platforms: Facebook, YouTube,
and Twitter (currently X). As of April 2024, the former two can boast of the top highest global num-

ber of users—3.1 billion (rank 1) and 2.5 billion (rank 2), respectively, with the latter's user base

6See (Farronato, Fradkin, and Karr 2024) for an open-source browser extension tool for researchers.
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being 611 million! The platforms are equally popular in the United States as they are worldwide.
According to Pew Research, in 2024, 70% of US adults reported using Facebook. The proportion
was equal to 85% for YouTube and 21% for TwittefXVith Facebook and YouTube selected for
their sheer size and overall in uence, we added Twitter to our analysis due to its special role as a
modern digital agora, facilitating the dialogue between public gures and their followers, as well
as politicians and the electorate.

An important aspect of our intervention is that we focus on hiding toxic text content. This
feature makes Twitter and Facebook particularly suitable for our study due to their text-based
discussion format. Speci cally, Twitter encourages exchanges of brief statements, with a charac-
ter limit of 280 symbols, while Facebook houses plenty of communities in the form of groups,
supporting familial, professional, political, and other thematic discussions. YouTube differs from
Facebook and Twitter in that the user's primary objective is watching videos, with the comment
sections being an additional element. Beyond the three platforms, we measured user activity (time
spent) on 38 additional sites (including Reddit, Quora, and Parler), where treatment did not take

place?

2.2.2 Browser Extension

All participants installed our dedicated browser extension called Social Media Research, which
enables the hiding intervention and records key outcomes. The extension was compatible with
Chromium browsers such as Google Chrome, Edge, Opera, and Brave, and listed on Chrome Web
Store. It was also available on Firefox via Firefox Browser Add-ons. Together, supported browsers

account for 87% of the global market share for desktop brow8eExtensions constitute a well-

"https://www.statista.com/statistics/272014/global-social-networks-ranked-by-number-of-users/, accessed:
2024-12-29.

8https://www.pewresearch.org/internet/fact-sheet/social-media/, accessed: 2024-12-29.

90ur platform choices warrant a question of why to stop at three. One reason is that the hiding intervention requires
that the extension code be tailored to the DOM structure of each website on which it operates. Frequent alterations
made by the websites' developers necessitate constant and careful maintenance of the add-on, which can only be
extended to a limited number of platforms. Another factor that played a role in our decision was our interest in the
spillovers from social media with the hiding intervention enabled to other related websites where the treatment did not
apply.

Ohttps://gs.statcounter.com/browser-market-share/desktop/worldwide, accessed: 2024-12-29.
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established element of modern browsing, with 56 million users of the iconic AdBlotkerefore,
we expect that many prospective participants were familiar with the environment in which the study
took place.

A major advantage of toxicity hiding implemented through an extension is that social media
algorithms are unaware of the extension's actions, as it operates by changing the content of the
website after it was loaded, without communicating anything to the host server. This minimizes
the risk that any algorithm-induced adjustment in the content presented to the user could have
occurred as a reaction to the intervention.

Lastly, conducting a social media experiment, involving broad data collection, via a browser
extension developed and maintained by the research team is a major responsibility. Considering
the privacy and safety of our participants as a priority, we ensured that the extension onboarding
followed Firefox's best practices and was vetted by their add-on reviewer. Moreover, all data were
encrypted when stored in our database, with the decryption key only known to the researchers. De-
tails on installation, onboarding, and privacy policy are provided in the online appendix. Through-
out the study, users could report issues and send questions to the research team via a feedback form
placed on our Twitter page, which was followed by many participants. Technical problems were

infrequent, and those that occurred were addressed expeditiously.

2.2.3 Toxicity Detection
Algorithms

Effective automated real-time content moderation is a necessity for social media platforms
operating at a large scale. With the ever-growing volume of online conversations and nancial as
well as ethical considerations placing constraints on human moderation, the algorithms must play
a central role in toxicity detection efforts. With that in mind, we evaluated the impact of hiding
toxic content on social media as detected by state-of-the-art tools available.

One of the original solutions, published in 2017, is Perspective API, a machine learning tech-

Uhttps://getadblock.com/en/, accessed: 2024-12-29.
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nology identifying toxicity in text conversations. The API is widely used by commercial clients,
including major publishers like The New York Times, Le Monde, or The Financial ¥

need for constant improvement of the algorithms' precision led to the creation of Jigsaw chal-
lenges, hosted by Kaggle, a Google-af liated machine learning company. These were toxicity
detection competitions for machine learning solutions. The contestants could rely on two newly
published data sets “containing over one million toxic and non-toxic comments from Wikipedia,”
marked by human raters. For example, Detoxify library (“original” model) provided by Unitary,

a contestant, was trained to serve as a “multi-headed model that's capable of detecting different
types of of toxicity like threats, obscenity, insults, and identity-based hate.” Its performance in
the rst Jigsaw challenge was admirable, with a score of 98.64 (the highest score was 98.86). In
addition, Unitary supplied a successful “multilingual” mod&lOwing to the high quality perfor-
mance combined with the prospect of working with a fast and easy-to-use library, we decided to
adopt Detoxify as our main toxicity detection tool. Additionally, we chose Perspective API as our

fallback option, which was helpful due to its support for a wide array of languages.

Toxicity Scores

According to the providers of the algorithms employed in our project, their models generate
toxicity scores corresponding to the probability that a text is considered toxic. Speci cally, they
suggest considering 0.3 as the threshold where statements become “suspect,” where the algorithm
is uncertain (for reference, they suggest using 0.7 for research on haras¥hiemt)der to better
understand the meaning of this uncertainty, we need to scrutinize how the toxicity detection so-
lutions were trained. For example, in the case of Wikipedia comments, several human reviewers
classi ed each comment as “Very Toxic,” “Toxic,” “Not Toxic,” or chose “I'm not sure.” If 3 out
of 10 people categorized a statement as toxic, the algorithms were trained to assign a score of 0.3.

This interpretation holds for all algorithms prepared to compete in the Jigsaw challenges (such as

https://perspectiveapi.com/case-studies/, accessed 2024-12-29.
Bhttps://github.com/unitaryai/detoxify, accessed 2022-09-07.
Uhttps://developers.perspectiveapi.com/s/about-the-api-score, accessed 2022-09-03.
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Unitary's Detoxify). Speci cally, the target levels of toxicity in the training and evaluation sam-
ples was described as “fractional values which represent the fraction of human raters who believed
the attribute applied to the given comment”. Lastly, it is important to consider the meaning of
the words “toxic” and “very toxic” as presented to human raters whose input was used to train
the algorithms. In this context, the term “toxic” is understood as “a rude, disrespectful, or unrea-
sonable comment that is somewhat likely to make you leave a discussion or give up on sharing
your perspective”, whereas “very toxic” refers to “a very hateful, aggressive, or disrespectful com-
ment that is very likely to make you leave a discussion or give up on sharing your persp&ttive.”
While “leaving a discussion” and “giving up on sharing your perspective” constitute only a part of
these industry-standard de nitions, one might expect that these would bolster the likelihood that
detoxi cation using algorithms trained this way will increase user engagement. In this context, our
estimates showing the negative impact of exposure to toxicity on various forms of user engagement

(see Section 3.3) are conservative.

Limitations

While the tools enabling our intervention are a sign of substantial progress in the eld of au-
tomated toxicity detection, they are by no means perfect. Unitary itself acknowledges the de -
ciencies of their technology, pointing out issues with data sets that are very different from the
training one. They also emphasize that the toxicity scores might be excessively affected by pro-
fanity words, which in certain contexts may not necessarily be harmful. This, however, does not
imply that Detoxify cannot detect context-dependent toxicity. For example, a misogynistic state-
ment “Women are not as smart as men”, though devoid of traditional markers of abusive language,
is correctly identi ed as toxic, with a toxicity score of 063, which would lead to its hiding by our
intervention.

At this point, one might pose a question about the extent to which the imperfections of the

toxicity detection technology affect the relevance of our results. Our experiment investigates the

nttps:/iwww.kaggle.com/competitions/jigsaw-unintended- bias-in-toxicity-classification, accessed 2022-09-03.
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effects of applying currently available state-of-the-art tools, which can be used by social media
platforms, online fora, news providers etc., for the purpose of real-time hiding of toxic content.
This is directly relevant to stakeholders interested in automated toxicity detection. Furthermore, as
a close proxy, the results can also provide valuable lessons to platforms considering hybrid systems,
with human moderators partially overseeing the decisions made by the algorithm. Lastly, we hope
to inform developers of future toxicity detection technologies about the social implications of the

existing solutions.

2.3 Browser Experiment

2.3.1 Experimental Design
Overview

Figure 2.1 summarizes the study ow. All individuals who installed the browser extension and
agreed to data collection were randomly assigned either a treatment or control condition. Each
participant went through a 14-day baseline period, during which we collected data on users' social
media activity, with no hiding of toxic content regardless of the group. Subsequently, for users in
the treatment group, we enabled the intervention, hiding toxic text content on Twitter, Facebook,
and YouTube, for six weeks. After the last recruited person completed the intervention period, we

invited all participants to an endline survey, where we collected additional outcomes.

Recruitment

Recruitment Ads. The recruitment process began on July 6th, 2022 and concluded on July 29th,

2022. We encouraged participation in the study using Twitter ads targeted at US-based English-
speaking adults on desktop devices. Our decision to recruit on Twitter was motivated by the smaller
size of its user base in comparison to Facebook and YouTube. We anticipated that if we enrolled
participants via Twitter ads, there would be a relatively larger chance of them also using the other

two social media sites.
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Figure 2.1: The Study Flow

To attract a broad subject pool, we relied on a variety of ad designs, including video ads with
social media themed animations (Figure ?? in the appendix), static ads drawing attention to our
gift card raf e (Figure ?? in the appendix), and ads offering a report on user's social media stats
(Figure ?? in the appendix). Individuals who clicked on the link in the ads were directed to a
Qualtrics environment for the intake survey. During the intake survey, we provided everyone with
a link to the appropriate extension store, based on the browser detected by Qualtrics, and offered
an animated GIF explaining the installation process (see Figure B.2 in the appendix). In addition
to our main method of recruitment, we bene ted from promotion of our study by the Mozilla
Foundation. The foundation's of cial Twitter account (@mozilla) retweeted a recruitment post
(Figure ?? in the appendix) tailored to their followers (278.3 thousand as of August 2022). The

prospective recruits who clicked on a link in the post were directed to a landing page, which was a
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simpli ed version of the intake survey.

Targeting Desktop Users. A consequential choice that we made when planning ad campaigns
was to target users on desktop devices. In this case, we faced a trade-off. Individuals viewing Twit-
ter on desktop during recruitment were more likely to regularly access social media platforms this
way, thus allowing the browser extension (which does not operate on mobile devices) to capture a
higher proportion of their activity and moderate a greater share of the content they are exposed to.
Ultimately, this consideration prevailed over the concern about the impact on external validity—
desktop users could be a special segment of the population. The alternative, allowing recruitment
on mobile devices, carried a signi cant risk of hiding very little toxicity. Our decision led to re-
cruiting a sample with a high share of social media consumption on desktop devices (detoxi ed and
recorded by the extension)—users' reported desktop shares of Twitter and Facebook consumption
are 60.5% and 56.2% respectively. Thanks to that, our intervention amounted to hiding a consid-
erable proportion of users' overall social media diet, even when taking into account mobile app

activity.

Obfuscation of Extension Purpose. After clicking the link to the extension store provided in

the intake survey, participants could explore the extension listing, followed by installation and
onboarding. Prospective users could read that the extension “can improve [their] user experience
on Twitter, YouTube, and Facebook,” and that it “may optimize [their] Twitter, YouTube, and
Facebook pages by changing page content.” In order to obfuscate the exact purpose of the study,
we chose to describe the functionality in general high-level terms that, among other things, could
include hiding toxic content. The wording of the store listing and onboarding is provided in the
online appendix. Notably, neither the recruitment ads nor the onboarding materials ever mention
toxicity or hate speech directly. The way in which we describe the extension is consistent with
many possible ways of improving user experience. Thus, we minimize the risk that participants

select into our study on the basis of their preferences regarding toxic content.
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Endline Recruitment. Recruitment to the endline survey started on September 28, 2022, soon
after the last participant's six-week intervention period concluded. The link to the survey was
included in a browser noti cation (opening a new tab) sent to all users through the extension. We
supplemented this process by sending emails to participants who provided a valid email address
during the intake survey. As promised during enroliment, everyone who kept the extension enabled
until the end of the study was entered into a raf e with three available prizes: $50, $150, and $300

gift cards.

Sample

User ID. Individuals who installed the browser extension were assigned a unique user ID on their
rst visit to one of the supported social media platforms. All data recorded by the extension was
stored in the database under the user ID. Since ID assignment was performed at the browser level,
in the intake survey we instructed participants to install the extension for only one browser—their
main one—to minimize the risk that the user could experience different treatments. Furthermore,
the user ID was placed in the extension storage, which should all but eliminate the possibility that
the same person could be represented by two different user IDs. Even if someone accidentally
uninstalled or disabled the extension, they should still be assigned the same ID on re-entry. Hence,

we are con dent that user IDs provide a reliable system of identifying participants.

Main Sample. We detected 755 user IDs pertaining to individuals who were active on the last
day of the baseline period or later. Before the intervention period, the user experience in the
treatment group and the control group was identical. After a minimal cleaning procedure, which
involved discarding user IDs that were associated with more than one Twitter or Facebook handle,

we arrived at the main sample of 742 usts.

16The handful of discarded IDs pertain to cases, where despite our efforts, the same person experienced multiple
treatments or re-entered the study at a late stage with a different user ID. We can identify these problematic cases
thanks to the extension collecting Facebook and Twitter handles.
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Covariates. We used Twitter handles collected by the extension to match participants to the Twit-
ter AP| dataset to obtain covariates related to their previous Twitter activity—such as the number of
years on the platform, the number of likes, friends, and followers. The extension retrieved at least
one Twitter handle for 86.3% of users, based on whether the handle was available on the page while
the participant was browsing. We expect handle availability to be independent of treatment assign-
ment. In particular, if the handle was obtainable given the user's interface, the extension would
have picked it up during the baseline period, where there was no difference in user experience
across groups. In addition to obtaining Twitter API data, we relied on Twitter handles to match
participants to their intake survey, where we elicited their demographics and data on their social
media usage on desktop. We were able to match 522 individuals (70.4%) to their responses. We
collected Twitter handles before treatment assignment, therefore, the matched individuals should

constitute an as-if random subset of the main sample.

Sample Balance. Data from the Twitter API and the intake survey allowed us to create a rich
balance table, depicted in Table B.2 in the appendix. The main sample is well-balanced: only one
out of sixteen covariates indicates signi cant differences by treatment assignment at the 5% and

the 10% levels.

Endline Survey Sample. Based on matching the endline survey to the extension data by Twitter
handles, we identi ed 384 participants—51.8% of users in the main sample. This includes 51.4%

and 52.1% of users in the treatment and control group, respectively.

Treatment

Participants who installed the browser extension and agreed to data collection were randomly
assigned either a treatment or a control condition. Of the 742 users in the main sample, 391
(52.7%) were assigned the treatment condition and 351 (47.3%) were in the control condition.
During the intervention period, our browser extension hid toxic text content on Twitter, Facebook,

and YouTube for all individuals in the treatment group. The extension identi ed and analyzed each
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post, comment, and reply every time a user accessed a page on any of the three sites. Based on the
text of each element, a toxicity score between 0 and 1 was assigned. The extension hid all content

with the score exceeding a xed threshold.

Analyzing Text Content. The extension sent text content to be evaluated to our server. There,
we detected the language of the text. If the language was English, we relied on the “original”
model provided by Unitary's Detoxify library (see Section 2.2.3). Otherwise, we applied one of the
multilingual models, which together support 16 additional languag&iven that our recruitment

ads targeted US-based English-speaking adults, we anticipated that the overwhelming majority of
content will be covered by the “original” model. Nevertheless, we chose to add fallback options for
elements in other languages to increase the strength of the intervention, and welcome participants

of various ethnicities.

Hiding Threshold. For all users in the treatment group, we adopted a hiding threshold of 0.3.
This rule means that posts and comments with a toxicity score greater than 0.3 were hidden by the
extension. To interpret the intervention in light of this threshold, we need to recall the meaning of
toxicity scores, introduced in Section 2.2.3. In particular, the score of 0.3 re ects that 3 out of 10
human raters would label a text as toxic. We considered this threshold a meaningful candidate for
hiding—one that could be reasonably implemented by a platform. Ultimately, the optimal thresh-
old depends on the application. For example, if we intended to remove a piece of content from a
website entirely or block the author, a more stringent criterion would be appropriate. Our choice
of the threshold also re ects our ex-ante hope to examine whether substantial detoxi cation can
improve user engagement and reduce the toxicity of content generated by users, or perhaps reveal
a trade-off between these two objectives. We consider our efforts a starting point in this type of

analysis with the intention of offering a benchmark for future, perhaps less intensive, interventions.

)f the language was French, Italian, Russian, Portuguese, Spanish, or Turkish, we used the “multilingual” model
by Unitary. In all other cases, we applied Perspective APl—an alternative toxicity detection technology—which
additionally supports multiple other languages: Arabic, Chinese (“zh"), Czech, Dutch, German, Hindi (“hi”", “hi-
Latn"), Indonesian, Japanese, Korean, and Polish.
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Our data suggests that our choice of a fairly low threshold level was less consequential than
anticipated. In particular, Figure B.3 in the appendix demonstrates that the distribution of toxicity

of above-the-threshold content is skewed to the right.

Speed of Hiding. The immediate hiding of toxic content was of critical importance for the
project. To ensure it, the app on our server—processing all statements and assigning them tox-
icity scores—was served by 8 machines, providing 4 GB RAM and 2 vCPUs each, with requests

ef ciently distributed among them during peak times. To evaluate our efforts, we collected data

on the hiding speed on Twitter, measured as the difference between the toxic element being loaded
on the page and being hidden. The median hiding speed was equal to 407 milliseconds. The his-
togram, presented in Figure B.4 in the appendix, con rms that most hiding occurred in a fraction

of a second, ensuring an uninterrupted experience from the perspective of the user. Moreover, con-
tent on social media is pre-loaded in batches ahead of where the user is on the page (i.e., content
is loaded by the browser and can be assessed by our server before it appears on the screen). This

further enables us to achieve our objective of hiding toxic content before users can see it.

Style of Hiding. In addition, we minimized the traces left on the page by our hiding intervention.
Figure B.5 in the appendix demonstrates user experience in the Facebook feed (and on group
pages)—with hidden posts seamlessly replaced by the content below. Figure B.6 in the appendix
offers an example of a comment section under a post in the original state and with the intervention
provided by our extension. In general, the hiding of posts both in the feed and in the comment
sections for all platforms should not have been easily noticeable to a casual user. On Twitter
and Facebook, posts were hidden together with their visible comments, and comments with their
visible replies. If a toxic comment/reply on Twitter was a part of a thread, all subsequent replies

were hidden too, as they would not make sense without the toxic eléfhémt.YouTube, we were

8This introduced a challenge that we could not fully address with the extension: for toxic replies on Twitter when
they were marked with a vertical line connecting elements of a thread—we could not entirely remove the line from an
element preceding the hidden one. Crucially, our data suggest that the hiding intervention did not negatively impact
the user experience. This is indicated by the lack of differential attrition in our experiment—the overall attrition was
low and the survival rate was actually higher in the treatment group, albeit insigni cantly.
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hiding toxic comments together with “Show replies” button (if unwrapped) and nested replies (if

visible). Figure B.7 in the appendix depicts an example of the hiding intervention on YouTube.

Twitter-speci ¢ Functionality. In order to induce greater exogenous variation in exposure to
toxic content between the treatment and the control group on Twitter, the extension seamlessly
unwrapped “Show more replies” sections at the bottom of comments under a post, where the
platform places more toxic elements (see Figure B.8 in the appendix). The functionality was
enabled in both the treatment and the control groups during the baseline and the intervention period,
so that the addition of hiding was the only thing that we experimentally varied across the conditions

at the beginning of the intervention.

Outcomes

Exposure to Toxicity. Before we begin investigating the main questions, we report the propor-
tion of content on Twitter, Facebook, and YouTube that the extension hid during the study, as well
as the average toxicity scores of content displayed to users on the three platforms. These measures
allow us to understand the strength of the intervention and can be interpreted as a “ rst stage.” For
the treatment group, we simultaneously present the toxicity of content offered by a platform (what
they intended to display before hiding applied) and toxicity of content shown. Comparing the for-
mer measure to the toxicity of content in the control group (over time) is helpful in discerning any

potential learning by social media algorithms.

Time on Social Media. We report the total amount of active time that users spend consuming
feeds and comment sections on Twitter, Facebook, and YouTube on a given day. To compute this,
we collect two types of information. First, we collect the timestamps of all new elements (e.g.,
posts and comments) loaded by the browser on each platform—this indicates active interaction
with the website, such as scrolling (this allows us to avoid attributing to consumption the time
that the user spends away from the computer with the platform tab open on the screen). To re ne

this measure, we ping the browser, approximately every minute, to check what site is open in the
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current tab, which allows us to identify when the user switches away from the platform.

We measure durations of each browsing session on a particular platform, de ned as the time
elapsed between the rst record that a user started using it (a new element displayed or a ping
related to the platform) and the user either (1) switching to another platform (indicated by the
extension recording a new element from another platform or a ping related to another platform)
or (2) becoming inactive, i.e., there have been no new elements loaded for at least 3 minutes. We
aggregate session durations at platform-day level to obtain the nal measure of the time spent. Sep-
arately, we report the number of sessions. Given that in browser studies there is no straightforward
way of de ning active time spent (Aridor et al. 2024b), we demonstrate robustness of our active

time results to different inactivity thresholds (1, 2, 4, 5, and 10 minutes) in the online appendix.

Content Consumption. As a basic measure, we record the quantity of content displayed to users
on each platform as a proxy for content consumption—we call this measure content shown. How-
ever, when evaluating the effect of exposure to toxicity on content consumption, we mostly rely
on the quantity of content offered by the platform—inclusive of the hidden elements. By including
the hidden elements in the count, we are certain that any negative effects are caused by a genuine
reduction in user engagement and not simply a mechanical consequence of the hiding process. We
also distinguish between content in the feed and in the comment sections (for Facebook and Twit-
ter). The former category is more relevant to advertising due to the positioning of ad slots—ads

are typically placed in user feeds in between posts from followed accounts or friends.

Ad Impressions. In order to further illuminate the effects of the intervention on predictors of
advertising revenue, we report ad impressions on Twitter and Facebook. Following the pre-
registration, we do not measure ads on YouTube, as they appear in video form. On Twitter, the
browser extension can directly identify ads displayed to the user, and we compute their total num-
ber per day. Measuring ad impressions on Facebook proved more challenging, as the extension
could not identify them in real time. However, the extension recorded the text of each Facebook

post shown to the user. We ne-tuned gpt-3.5-turbo to identify ads based on the text of a post.
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We used 199 posts for this exercise—70% for ne-tuning and 30% for evaluation. We achieved a
precision rate of 100% and a recall rate of 89.5%. Any negative treatment effect on the number
of ads displayed to users is unlikely to be driven by the mechanical consequences of hiding—only
0.8% of ads during the intervention period were toxic in the treatment condition and therefore hid-
den. Despite that, as our main measure of ad impressions, we use ads offered, de ned in a way
analogous to content offered (see the previous paragraph). This conservative measure precludes

the possibility of any mechanical effects.

Ad Clicks. In addition to ad impressions, a pre-registered outcome, we also report ad clicks on
Twitter and Facebook as a part of exploratory analysis. We rely on information from periodically
pinging the browser to check the current tab's website. We record an ad click if shortly after being
shown a social media ad we detect that a user left the platform for a website which is neither one
of the three treated platforms nor one of the additional 38 related websites that w&tfduk.is

a proxy for leaving the social media site for an advertiser's webpage, although measurement error
is a limitation, because a move to an unrelated website after seeing an ad would also be counted as
an ad click. Separately, we report the click rate—the proportion of ads displayed to the user with

an associated ad click.

Reactions, Posts, and Post Clicks. We capture alternative forms of user engagement, including
those that require a visible action. We report the number of user's reactions (such as likes) and
posts (that include, for Twitter, retweets). Moreover, as part of exploratory analysis, we create a
measure of post clicks on Twitter and Facebook. Speci cally, we compute the number of times a

user accesses a comment section, which is what happens after a po&t click.

19The list of the 38 related websites is provided in the online appendix. We de ne “shortly after” as before another
12 new elements on the page load and within 2 minutes. These criteria re ect the fact that elements are loaded in
batches—the ad is likely to be recorded with the same or a very similar timestamp as posts next to it. In the online
appendix, we show robustness to alternative criteria.

200n Twitter, we directly observe when a user views the comment section of a post. On Facebook, we rely on the
fact that the platform does not show more than two comments related to a post in the feed. Hence, if we record at least
three comments in a row, we can interpret it as the user viewing comments following a click.
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Index of Engagement. We report two indices of overall user engagement, combining various
metrics. First, we provide the original index, which is de ned in our pre-registration. We compute
the equally weighted average of the z-scores of its three components: time spent on social media,
guantity of content displayed to users, and alternative forms of engagement (reactions, posts, and
retweets). We report the index for each treated platform separately (Twitter, Facebook, YouTube),
as well as for all platforms combined. Second, we provide the preferred index. This index includes
the three components of the original index as well as the number of browsing sessions, the number
of ads displayed to the user, the number of ads clicked, and the number of posts clicked. We
report these for each platform as well as for all platforms combined. The preferred index is a more
comprehensive measure of user engagement, and re ects outcomes that we did not expect to be
able to compute before the experiment. For example, at the time, using generative Al to identify

ads on Facebook was not feasible.

Contagiousness. To investigate the contagiousness of toxicity, we calculate the average daily

toxicity scores of the posts, comments, and replies published by each partfdipant.

Substitution. We also consider potential substitution effects to platforms where the intervention
did not take place. The extension measured the time spent by users on 38 pre-registered social-
networking websites (the list is in the online appendix). We also record time spent on any of the
other websites combined, as well as the time that the browser window is inactive. In order to
measure time we ping the browser, approximately every minute, to check what site is open in the
current tab. As our main endpoint, we report the total number of minutes spent on all of the 38
sites (as pre-registered). Separately, we classify the websites into three categories: social media,
messaging, and other, to check if a particular type of website drives any substitution patterns.
Lastly, we quantify spillovers to mobile devices using Twitter API data. For most users (86.3%),

we are able to obtain data on the number of posts and reposts made using the Twitter app on

2lplease note that, unlike what we stated in the pre-registration, we cannot include likes and retweets in our analysis
of contagiousness. This is because any effect on these endpoints would be explained mechanically: the content with
toxicity exceeding 0.3 that users could have shared or reacted to would be hidden in the treatment.
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Android/iOS, although due to technical limitations these data exist only for a subset of days.

Heterogeneity. As indicated in the pre-registration, we explore two angles of heterogeneity.
First, we split the sample into two parts according to the toxicity of the content consumed dur-
ing the baseline period. To that end, we ranked individuals by the average toxicity score and
categorized them relative to the median person. Considering the above-the-median individuals
gives us insight into the effects on users who might exhibit higher tolerance for toxic content, or
perhaps even a degree of preference for it. This interpretation stems from the possibility that plat-
forms may optimize what they display to users at the individual level, and thus the heterogeneity
in toxicity scores likely re ects what platforms know about each participant. The second angle
of heterogeneity is by platform. Due to the fundamental differences between Facebook, Twitter,
and YouTube, we focus primarily on platform-speci ¢ investigation, reporting our results for each
website separately. However, we do provide treatment effects on indices of user engagement for

all platforms combined (as speci ed above).

Endline Survey. We collected three additional outcomes in the endline survey. First, we mea-
sured the willingness to pay/accept for using the extension for one extra month. Second, we elicited
toxicity ratings for seven statements representing different types of toxicity. This allows us to test
whether any potential contagiousness of toxicity may be driven by its normalization over the in-
tervention period. Lastly, we rely on measures proposed by (Allcott et al. 2020) to elicit users'

subjective well-being. Details about the survey outcomes are in the online appendix.

Descriptive Statistics

Panels A and B of Table B.1 in the appendix display descriptive statistics for users and Twitter
accounts in our main sample, and compare them to representative samples. The representative sam-
ple of Twitter users comes from the American Trends Panel (ATP) of September 2020, which is a
nationally representative panel of U.S. adults provided by the Pew Research Center. The represen-

tative sample of Twitter accounts originates from English Tweets collected in August 2020 from
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the 1% random sample of Twitter's API. Our sample of users is comparable to a representative
sample of U.S. Twitter users in terms of age and sex, but it oversamples Democrats and undersam-
ples Independents. Additionally, Twitter accounts in our sample tend to be older and have fewer
followers, with an approximately similar number of accounts followed relative to accounts from
the random sample of Tweets.

Panel C of Table B.1 in the appendix reports summary statistics for a subset of our outcomes
based on the 14-day baseline period. On average, users spend roughly 57 minutes per day on the
three platforms—17 minutes on Facebook, 29.5 minutes on Twitter, and 10.5 minutes on YouTube.
They consume 2.6 times more content on Twitter than on Facebook, and content consumption on
YouTube is half of that on Facebook. Elements in comment sections constitute 35% of Facebook
content displayed to users and 30% in the case of Twitter. The average toxicity score per unit of

content (both consumed and produced) is almost double on Twitter in comparison to Facebook.

Empirical Strategy

At the core of our identi cation strategy is the use of the baseline period to establish the bench-
mark levels of activity, such as time on social media or content consumption, for each individual.
This baseline should allow us to estimate the effects of the intervention with more power (McKen-
zie 2012). In our pre-registration, we indicated our intention to evaluate the outcomes using a
difference-in-differences approach, where we rely on the two-week baseline and the six-week in-
tervention periods. Given that we randomly assigned treatment to each participant, the parallel
trends assumption is satis ed by design. Furthermore, the median person was actively using their
browser on 14 out of the 14 days of the baseline, with the median total time equal to 1812 minutes
(2.16 hours per day). The rst quartile values were 12 days and 879 minutes (1.05 hours per day),
respectively. The high level of activity during the baseline, even for the left tail of the distribution,
indicates that it was a reliable measure of users' typical activity.

We adopt the two-way xed effects model (TWFE) as our main speci cation. First, for each

participant, we de ne time periods C as days in the study relative to their individual start time.
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Second, we generate a treatment dummgy indicating whether the hiding intervention was on
for individual 8 in period C. Lastly, we regress the outcome varigia the treatment dummy

gawith individual xed effects ldand period xed effects X

8= Ug, Xc, V7 sg Nse (2.1)

We use Driscoll and Kraay standard errors to account for serial and cross-sectional dependence,
as we have a relatively long panel of individuals (Cameron and Miller 2015), but we also discuss
robustness to standard errors clustered at the individualdével.

Although our recruitment period was very short (about 3 weeks), one may be concerned that
our participants enrolled in the study on different days and, therefore, treatment started for them
at different times. According to the newest difference-in-differences literature see Baker, Larcker,
and Wang 2022; Chabeé-Ferret 2021, for a review, the staggered treatment could lead to bias in the
TWEFE estimator. As a robustness check, we report the stacked difference-in-difference regressions
(Cengiz et al. 2019; Baker, Larcker, and Wang 2022), which address this problem. This involves
extending speci cation (2.1) by including start date period xed effects.

Lastly, it is important to note that our extension does not record uninstallation events by users,
which necessitates inferring attrition from user activity. All regression speci cations presented in
the main text of the paper rely on panels involving participants who were active on the last day of
the study (day 56) or later. We tracked users' browser activity for some time after day 56, which
means that this should be a precise measure of survival. In Section 2.3.3, we discuss robustness to
an alternative de nition of attrition—one in which survival is implied by being active on day 42 or

later, i.e., at least two weeks before the end of the intervention.

22(Driscoll and Kraay 1998) provide a nonparametric estimator that is robust to heteroscedasticity and very general
forms of spatial and temporal dependence. This method requires a large number of time periods, which is a plausible
assumption in our setting with 56 time periods per individual. See (Alvarez and Argente 2022) for another example of
a use case where this assumption is plausible.
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2.3.2 Results

In this section, we present the ndings of the browser experiment.

Exposure to Toxicity

During the intervention period, the extension automatically hid toxic text content for each
treated user on the three supported platforms. The hidden content corresponds to 6.6% of total
content that the platforms intended to display to users in their browser—7.2 % on Twitter, 4.9 %
on Facebook, and 6.3 % on YouTube. Given that our participants reported spending, on average,
60.5% of their Twitter time and 56.2% of their Facebook time on a desktop device, a back-of-the-
envelope calculation suggests that the extension hid 4.4% of their entire Twitter diet—taking into
account mobile usage—and 2.8% for Facebook. We conclude that the intervention, despite being
introduced solely on desktop devices, considerably varied exposure to social media toxicity.

The hiding intervention resulted—by design—in a decrease in the average toxicity of users'
desktop feeds and comment sections. Figure 2.2 depicts the average toxicity score of elements on
the three supported platforms over the course of the study, split by treatment condition. For treated
individuals, the gure provides both the level of toxicity of the content that platforms intended
to display to the user, i.e., before the extension hid toxic content (dashed line), and the toxicity of
content actually displayed to the user (solid line). For participants in the control, the gure plots the
toxicity of displayed content. The graph demonstrates a sharp drop in the average exposure to toxic
content in the treatment group. At the same time, it is clear that the average toxicity of elements
that would have been displayed during the intervention period does not differ by treatment arm—it
is 0.063 in the control and 0.064 in the treatment. This similarity suggests that the algorithm did not
learn or respond by adjusting the toxicity offered to the treatment group. These levels contrast with
the mean toxicity of 0.017 that was shown to users in the treatment group after the conclusion of
the baseline period. Overall, the hiding intervention reduced the toxicity of content the participants
were exposed to by 73% across the three platforms.

Table B.3 in the appendix demonstrates the relevant difference-in-differences results. We nd
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that the treatment lowered the average toxicity score of content displayed to users by about 2 pp
on Facebook, 4.8 pp on Twitter, and 3.4 pp on YouTube. All of these results are signi cant at the
1% level. We also report signi cant reductions in toxic content (toxicity score exceeding 0.3) as a
share of total content displayed to users—by 3.3 pp on Facebook, 6.9 pp on Twitter, and 5.3 pp on
YouTube.

Figure 2.2: Average Toxicity of Content Shown to Users During the Study

Note: The gure depicts the average toxicity of posts, comments, and replies shown to users on each day of the study (relative to when a given
participant started), separately for the control group and the treatment group. The dashed line for the treatment group demonstrates the average
toxicity of elements that the platforms intended to show to the user before any hiding was applied by the extension. The data presented here
encompasses the three supported platforms (Twitter, Facebook, and YouTube). The dashed vertical line (“Intervention start”) indicates day 15—the
rst day of the intervention period.

Time on Social Media

We present the results on the active time users spend on social media, summarized in Table
2.1. The intervention reduces the active time spent on Facebook by 1.3 minutes per day, or 9.2%
relative to the mean. We report a similar effect on YouTube, with magnitude of 0.6 minutes per
day, a drop of 6.8%. Both of these results are signi cant at the 5% level. The intervention did not
signi cantly affect the active time spent on Twitter, although the point estimate is negative. We
also report that the number of separate browsing sessions on Twitter and YouTube fell as a result
of the intervention. Speci cally, users accessed Twitter 1.4 fewer times a day and YouTube 0.9

fewer times a day. Taking all of these results together, we conclude that toxicity improves user
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engagement across platforms, either by increasing time spent (intensive margin) or increasing the
number of browsing sessions (extensive margin).

Table 2.1: Effect of Intervention on Active Time Spent on Social Media

Facebook Twitter YouTube

Time Sessions  Time Sessions Time Sessions

Treated  1e314%* 00467 00351 1e377** 0e611**  (0-886*
(04402)  (0+315) (1+001)  (0+463)  (0+269)  (0381)

Mean 1431 391 2376 563 904 407
SD 3553 16+45 4853 2259 2532 19+62
N 32312 32312 37184 37184 36456 36456

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The dependent variables are the total active time in
minutes spent on social media platforms (Time) and the number of separate browsing sessions (Sessions). Precise de nitions of these outcomes are
provided in Section 2.3.1. The unit of observation is the individual-day, where day is measured relative to the intervention date. We include users
who were active on the last day of the study (day 56) or later. Driscoll-Kraay standard errors are parenthesized. , , and denote signi cance at the
10%, 5%, and 1% levels, respectively.

Content Consumption

Table 2.2 summarizes the main results on another key measure of engagement: the quantity of
posts and comments that users consume. The intervention signi cantly reduced content consump-
tion on Facebook, including content that the platform offered, i.e., including the hidden elements.
Thus, the negative effect on this measure of consumption cannot be explained by the mechanical
effect of hiding, and indicates a genuine reduction in this form of user engagement. Speci cally,
we observed that the hiding intervention decreased content consumption by at least 16.5 elements
a day, a result signi cant at the 1% level. This magnitude represents a 23% decrease relative to the
mean quantity of content throughout the study, or 0.08 SD. We do not detect signi cant effects on
content offered on Twitter and YouTube.

Our conservative measure of content consumption—content offered—provides a lower bound (in
absolute value) on any negative treatment effect. While we use it as our main consumption out-
come, this does not imply that the effect on content shown is necessarily uninformative. In the
feed and in long comment sections, hidden elements are instantly replaced by the content below—
they are pulled up. Furthermore, even in the event that there is no available replacement, or if we

consider the implications of elements being loaded in batches, a lower quantity of content shown
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Table 2.2: Effect of Intervention on Content Consumed on Social Media

Facebook Twitter YouTube
Shown Offered Shown  Offered Shown Offered
Treated 20°081***  16479*** 12563 (0177 40295%* 1940
(2528) (2+634) (7°990) (8+143) (1+670) (1+681)
Mean 69-81 7125 18204  187-26 3739 3835
SD 20530 21087 38420 396-91 12453 12754
N 32312 32312 37184 37184 36456 36456

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The dependent variables are the number of posts and
comments shown to users (Shown) and the number of posts and comments offered to users; those displayed on their feeds and comment sections
plus the content mechanically hidden by the extension (Offered). The unit of observation is the individual-day, where day is measured relative to the
intervention date. We include users who were active on the last day of the study (day 56) or later. Driscoll-Kraay standard errors are parenthesized.
,, and denote signi cance at the 10%, 5%, and 1% levels, respectively.

during a browsing session indicates that users decided not to scroll further or seek more content in
place of what was hidden—a meaningful decision. Table 2.2 indicates that the intervention led to
a signi cant reduction in the quantity of content displayed to users on both Facebook (29%) and
YouTube (11%).

To further shed light on our main estimates, we split our data by whether a piece of content in
guestion appears in the feed or in a comment section—Table 2.3 presents the results. It is notable
that the intervention reduced the conservative measure of both consumption of feed content and
comment section content on Facebook, the former of which is particularly consequential for ad
impressions—as the platform places ads in between posts. Consumption of feed content fell by
at least 11.5 per day (a 25% change). The reduction for comment sections content was at least 5
per day (a 20% change). We also observe a negative effect on consumption of content in comment
sections on Twitter, using the conservative metric of comments offered—at least 7.1 fewer elements
per day (a 13% change).

Taking all of the content consumption results together, we demonstrate strong negative effects
of the intervention on Facebook, and weaker evidence of disengagement on Twitter (only for com-
ments). Results for YouTube should be treated with caution, as the signi cant decrease of content
shown may be attributable, in large part, to the fact that the YouTube comment section does not
have in nite scroll (thus making the effect mechanical). These results complement the earlier evi-

dence on time spent on social media (Section 2.3.2) and corroborate that toxicity is a driver of user
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Table 2.3: Effect of Intervention on Content Offered by Conversation Type

Facebook Twitter YouTube
Feed Comments Feed Comments Comments
Treated  11e532***  4e950*** 7323 To146%+* 1940
(2°024) (1+792) (6+240) (2+600) (1+681)
Mean 4620 2505 132-10 5516 3835
SD 137-05 101-80 26487 17838 12754
N 32312 32312 37184 37184 36456

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The dependent variables are the number of elements in
the feed offered to users (Feed) and the number of elements in the comment sections offered to users (Comments). In both cases, we include both
content displayed to users plus the content mechanically hidden by the extension (i.e., content offered). The unit of observation is the individual-day,
where day is measured relative to the intervention date. We include users who were active on the last day of the study (day 56) or later. Driscoll-
Kraay standard errors are parenthesized. , , and denote signi cance at the 10%, 5%, and 1% levels, respectively.

engagement across platforms.

Ad Impressions and Clicks

The intervention reduced ad consumption on Facebook and Twitter. All of the ad impression
results reported in Table 2.4 rely on the conservative measure of content offered applied to ads,
thus they cannot be driven by any mechanical effects of hiding. We nd that the average number
of ads displayed to users on Facebook fell by at least 2.3 per day, a drop of 27% relative to the
mean. The intervention also reduced ad consumption on Twitter by at least 0.6 per day, a decrease
of 5.7%. The former result is signi cant at the 1% level whereas the latter is signi cant at the 10%
level. Furthermore, we report that the intervention reduced the number of ad clicks on Facebook
and Twitter—for both platforms the effect is signi cant at the 5% level. Lastly, we document that
the effect on clicks is not driven by a change in the click rate (i.e., more clicks per impression), but
more likely by a lower number of impressions. Overall, we demonstrate that exposure to toxicity

improves metrics predictive of advertising revenue, such as ad impressions and ad clicks.

Reactions and Post Clicks

We report the effects of the intervention on alternative forms of user engagement. First, we do
not nd strong evidence that hiding toxicity affects the total number of reactions (such as likes),

posts, and retweets (on Twitter). As speci ed in Table 2.5, the intervention lowers the outcome on
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Table 2.4: Effect of Intervention on Ad Consumption and Ad Clicks

Facebook Twitter
Offered Clicked Click Rate Offered Clicked Click Rate

Treated 2:297** 0s038*  0:003  0¢559* 0s056** 0001
(0427)  (0-016)  (0005)  (0+322)  (0-018) (0+003)

Mean 859 0-20 00399 9+81 0-287 0-0404
SD 3181 0-921 0-12 1912 1-08 0-114
N 32312 32312 10671 37184 37184 17483

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The rst dependent variable is the number of ads displayed
to users plus any ads mechanically hidden by the extension (Offered). The second dependent variable is the number of ad clicks (Clicked). Lastly,
we report the the proportion of ads shown to the user that they clicked (Click Rate). Precise de nitions of these outcomes are provided in Section
2.3.1. The unit of observation is the individual-day, where day is measured relative to the intervention date. We include users who were active on
the last day of the study (day 56) or later. Driscoll-Kraay standard errors are parenthesized. , , and denote signi cance at the 10%, 5%, and 1%
levels, respectively.

Facebook by 0.55 action per day, which corresponds to a 10.2% change with respect to the study
mean. This result is signi cant at the 10% level. However, we nd a null effect on Twitter, and a
marginally signi cant effect in the opposite direction on YouTube. Liking or retweeting a post is a
visible action that may be interpreted as an endorsement. Hence, even if users are more willing to
spend time on or consume toxic content, that may not translate into whether they want to react to,
repost, or post about it.

Second, we consider a private action in the form of clicking to uncover a comment section
associated with a post. The intervention reduces the number of post clicks by 0.6 per day on
Facebook (a 24% change relative to the mean) and 0.6 per day on Twitter (a 13% change). Both
results are signi cant at the 1% level. This result is consistent with the evidence reported earlier,

which indicates that toxicity increases user engagement that is not publicly observed.

Index of Engagement

Following Section 2.3.1, we report the effects on two indices of engagement: original and
preferred. The original index is narrower and is a subset of the preferred one. Table 2.6 summarizes
the results. Combining all the treated platforms, the intervention reduces the original and preferred
indices of user engagement. Both effects are signi cant at the 5% level. Splitting the results by

platform, we nd evidence that hiding toxicity reduces engagement on Facebook (according to
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Table 2.5: Effect of Intervention on Reactions and Post Clicks

Facebook Twitter YouTube

Reactions and Posts  Post Clicks Reactions and Posts Post Clicks Reactions and Posts

Treated 0546+ 0581 %+ 0496 006254+ 0+160*
(0+298) (0+120) (0+569) (0+154) (0+083)
Mean 534 2:38 1151 468 0445
SD 2084 7426 37+03 1238 407
N 32312 32312 37184 37184 36456

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The dependent variables are the total number of reactions
(such as likes), posts, and retweets (Reactions and Posts) and the number of post clicks (Post Clicks). Precise de nitions of these outcomes are
provided in Section 2.3.1. The unit of observation is the individual-day, where day is measured relative to the intervention date. We include users
who were active on the last day of the study (day 56) or later. Driscoll-Kraay standard errors are parenthesized. , , and denote signi cance at the
10%, 5%, and 1% levels, respectively.

both indices), Twitter (according to the preferred index), and YouTube (according to the preferred
index). We conclude that exposure to toxic content on social media increases user engagement
across a variety of metrics. Furthermore, while the effects on Facebook are of a higher magnitude,

each platform contributes to the overall negative effect.

Table 2.6: Effect of Intervention on Index of Engagement

Original Index Preferred Index
All Platforms Facebook Twitter YouTube  All Platforms Facebook Twitter YouTube
Treated 0e032** 0e064*** 0+009 0010 0e054*** 0e063***  0e030**  (0<015**
(0+013) (0-012) (0-017) (0-010) (0+010) (0-011) (0-013) (0-006)
Mean 00298 0+0583 0-007 01 0+0166 00232 00432 000399 0-0188
SD 0913 107 0-864 0+824 076 0+875 072 054
N 37184 32312 37184 36456 37184 32312 37184 36456

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The dependent variables are the original index of user
engagement (Original Index) and the preferred index of user engagement (Preferred Index). The indices are de ned in Section 2.3.1. The unit of
observation is the individual-day, where day is measured relative to the intervention date. We include users who were active on the last day of the
study (day 56) or later. Driscoll-Kraay standard errors are parenthesized. , , and denote signi cance at the 10%, 5%, and 1% levels, respectively.

We also present (Figure B.9 in the appendix) estimates from the event study speci cation for all
platforms combined that evaluate the intervention's impact on the preferred index of engagement
on a week-by-week basis. This allows us to analyze the dynamics of the treatment effects. The
negative effect on user engagement is stable across the intervention period, and there is no evidence

that the overall result is driven by period-outliers.
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Contagiousness

We now report results regarding contagiousness of toxicity, i.e., whether higher exposure to
toxicity increases production of toxic content. Table 2.7 displays the estimates on the toxicity of
posts and comments written by users. The intervention had a signi cantly negative impact on the
average toxicity scores of content they publish on Facebook and Twitter—conditional on posting.
The effects are signi cant at the 5% level and quantitatively similar on both platforms: 0011
on Facebook and 0¢019 on Twitter. These can be interpreted as a 30% and a 25% reduction in
the content toxicity relative to the mean, or a decrease of 0.13 SD and 0.13 SD, respectively. We
do not nd a signi cant effect on YouTube. This is understandable, as the primary motivation
for visiting YouTube is to watch videos, which may interrupt the link between consumption and
the production of toxic comments. Taken together, we nd broad evidence consistent with the

hypothesis that toxicity on social media is contagious.

Table 2.7: Effect of Intervention on Toxicity of Content Produced

Facebook Twitter YouTube

Treated 0011**  0s019%*  (0s037
(0+006) (0006)  (0+035)

Mean 0-0371 0-0748 0-0805
SD 0-0848 0-145 0-198
N 6411 8962 1341

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The dependent variable is the average toxicity of the
published content, conditional on posting. The unit of observation is the individual-day, where day is measured relative to the intervention date.
We include users who were active on the last day of the study (day 56) or later. Driscoll-Kraay standard errors are parenthesized. , , and denote
signi cance at the 10%, 5%, and 1% levels, respectively.

Substitution

We report that reducing exposure to toxicity on treated platforms led to positive spillover effects
on the combined total time spent on 38 pre-registered social-networking websites (a list comprised
of both social media platforms and messengers like WhatsApp), where the intervention did not take
place. Table 2.8 presents the results. In particular, the hiding intervention led to users spending, on

average, 1.8 more minutes per day on the non-treated platforms, a result signi cant at the 5% level.
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This masks important heterogeneity, as we uncover that this effect is driven by spending more time
on other social media platforms (1.9 more minutes per day, signi cant at the 1% level) as opposed
to spending more time on messaging apps. We observe no substitution towards other websites.

Table 2.8 also presents the effects of our intervention on posts and reposts on Twitter made on
mobile devices (i.e., using Twitter app on Android or iOS). Hiding toxicity signi cantly reduces
both outcomes, suggesting that there was no substitution towards mobile devices as a result of
Itering out toxicity on desktop. If anything, there, we provide evidence of negative spillover
effects to mobile apps of platforms on which we hide toxicity on desktop.

Table 2.8: Effect of Intervention on Substitution to Related Sites and Mobiles

Desktop Mobile
All Social Media Messengers  Other  Inactive Posts Reposts
Treated 1+821** 1959%** 0138 1690  7+684*  (0e859***  1e997**
(0+807) (0+710) (0+220) (3°120) (4-371) (0+272) (0+838)
Mean 830 7434 0952 8839 17527 280 328
SD 3792 3572 1184 15813 27201 7435 2007
N 37184 37184 37184 37184 37184 8666 8666

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The rst dependent variable is the total time (in minutes)
spent on 38 pre-registered platforms where the intervention did not take place (All). The following three dependent variables pertain to the time
spent on subsets of the 38 websites by category: social media websites (Social Media), messaging apps (Messengers), and other sites (Other). The
fth dependent variable pertains to the total time when the browser window was open but inactive on the operating system of the user (Inactive). The
nal two dependent variables are the number of posts (Posts) and reposts (Reposts) made from mobile devices on Twitter. The unit of observation

is the individual-day, where day is measured relative to the intervention date. We include users who were active on the last day of the study (day
56) or later. Driscoll-Kraay standard errors are parenthesized. , , and denote signi cance at the 10%, 5%, and 1% levels, respectively.

Heterogeneity

Table B.4 in the appendix presents the results of heterogeneity analysis by baseline levels of
exposure to toxic content. We nd that both the intervention's negative effects on user engagement
(summarized by the preferred index) and contagiousness are signi cantly stronger for users with
above-median exposure to toxic content in the baseline period. The estimates are consistent across
platforms and when aggregating them together. Following our interpretation of baseline exposure
to toxicity as a proxy for individual-level tolerance for toxicity, we conclude that the analysis
offers suggestive evidence that people with some degree of tolerance/preference for toxic content

disengage more when such content is hidden.
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Endline Survey

Lastly, we brie y report the results of the endline survey. We do not nd signi cant effects of

the intervention on the willingness to pay/accept for using the extension for an extra month, mea-
sures of subjective well-being, and toxicity ratings of seven social media posts containing toxic
content of various types and intensities. For these outcomes, we performed between-subjects anal-
ysis with a reduced sample size (the take-up rate was slightly above 50%). Both factors contributed
to lower statistical power. Hence, the null results on survey outcomes should not be interpreted as
de nitive. Instead, we recommend a better powered analysis of toxicity's impact on these mea-
sures as an idea for future research work. More details on the endline survey results are provided

in the online appendix.

2.3.3 Robustness and Potential Concerns
Attrition

Overall, attrition in our study is low for this type of eld experiment, especially taking into
account that the intervention lasted for six weeks (56 days). Speci cally, we report that at least
89.4% of users who started the intervention period survived to the end of the study, i.e., completed
all 56 days. This includes 91% of users in the treatment group and 87.5% of users in the control
group. Table B.5 in the appendix shows a regression of the survival dummy on the treatment
dummy. The coef cient interaction coef cient is insigni cant at the 10% level, indicating no
evidence of differential attrition. Ex-ante it was natural to worry that the hiding intervention could
result in higher attrition in the treatment group if it is not suf ciently seamless. Our data dispel this
concern. If anything, attrition is lower in the treatment group, albeit insigni cantly.

Furthermore, we consider two likely channels that could have led to differential attrition re-
garding types of individuals leaving. Given the character of our hiding intervention, people with
preference for toxic content or those with high levels of social media activity might be more likely

to drop out of the treatment group. First, we extend the regression analysis by including the av-
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erage toxicity score of content displayed to the user during the baseline (a proxy for tolerance for
toxicity) and the average time spent on social media during the baseline. Neither covariate is a sig-
ni cant predictor of overall attrition. We further extend the regression by including the interactions
of both measures with the treatment dummy. The interaction coef cients are insigni cant. Thus,
neither baseline toxicity nor activity explain attrition by treatment condition, reducing concerns of

differential attrition regarding types of individuals.

Topic Analysis

One concern about the study is that, by hiding toxicity on social media, the intervention in-
directly changed the topical composition of content shown to users. To address this problem, we
used gpt-4o to classify users' posts and comments shown into 26 topic categories. We selected
these topics to match the “interest” categories that advertisers can use to target users on Twitter.
To economize resources and time, we asked ChatGPT to compute the percent of elements which
talk about each topic, truncated each element to a maximum of 280 characters, and considered at
most 250 elements per day. More details, including the prompt, are available in the online ap-
pendix. Data is aggregated at the individual-day level, so that we can conduct estimation using
speci cation (2.1).

Figure 2.3 provides treatment effects on the proportion of content displayed to users by cate-
gory. We report signi cant effects at the 5% level only for 2 of the 26 categories—the intervention
marginally increases the proportion of content on personal nance and movies and television. Im-
portantly, we nd null effects for contentious categories such as “society” and “law, government
and politics.” For comparison purposes, we report the point estimate on the proportion of toxic
content shown to users. It showcases that any effects on topical composition of content displayed

to users are very small in comparison to the change in exposure to toxicity.
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Figure 2.3: Effect of Intervention on Distribution of Topics Shown to Users

Note: This gure presents coef cients from regressions estimated according to Equation (2.1). The dependent variable is the proportion of content
displayed to the user that pertains to a speci c topic category. Separately, we provide a regression where the dependent variable is the proportion of
toxic content shown to the user. Details of the topic classi cation procedure are outlined in Section 2.3.3. The unit of observation is the individual-
day, where day is measured relative to the intervention date. We include users who were active on the last day of the study (day 56) or later. We
report 95% con dence intervals based on Driscoll-Kraay standard errors.

Alternative Speci cations

Alternative Attrition Cutoff. Due to our inability to observe unistallation events, we need to in-

fer attrition from user activity. The regression speci cations presented in the main text of the paper
are based on panels involving participants who were active on the last day of the study (day 56)
or later. Table B.6 in the appendix presents robustness of our user engagement and contagiousness
results to an alternative attrition cutoff. There, we rely on regressions involving participants who
were active on day 42 or later, thus requiring survival up until at least two weeks before the end of
the intervention. Using this speci cation, the intervention has a signi cant effect (at the 5% level)

on the preferred index of user engagement aggregated across all platforms, as well as speci cally
on Facebook and Twitter. Similarly, the effects on contagiousness are signi cant for all platforms

combined, as well as speci cally on Facebook and Twitter.

Stacked Regression. We now discuss robustness of our results to the stacked regression speci-
cation, which is meant to address the potential bias caused by the staggered nature of treatment

(Cengiz et al. 2019; Baker, Larcker, and Wang 2022). We emphasize that this concern is unlikely
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to apply in our setting, as the staggering occurred over a short period—users were recruited and
assigned to treatment within a short span of three weeks. Table B.7 in the appendix presents the es-
timates. User engagement results, summarized by the preferred index, are robust to the alternative
speci cation for all platforms combined (at the 1% level) as well as for Facebook (at the 1% level),
Twitter (at the 1% level), and YouTube (at the 10% level) separately. Contagiousness results are
robust to the stacked regression approach for all platforms combined, on Facebook, and on Twitter

(at the 5% level).

Alternative Standard Errors. We also discuss robustness of our user engagement and conta-
giousness results to clustering standard errors at the individual level rather than relying on (Driscoll
and Kraay 1998) standard errors. For user engagement outcomes, we have a long 56-period panel
of observations that justi es the “large T” assumption (Cameron and Miller 2015) required to use
Driscoll and Kraay standard errors (see Section 2.3.1). For the contagiousness results, since the
outcome measure is conditional on posting, we do not have a full 56-period panel for many indi-
viduals. Table B.8 in the appendix provides the estimates. User engagement results, summarized
by the preferred index, are robust to the alternative standard errors for all platforms combined (at
the 10% level) and on Facebook (at the 5% level). Contagiousness results are also robust to the
alternative standard errors for all platforms combined, on Facebook, and on Twitter (all at the 5%

level).

Taking the above exercises together, the overall conclusions of the paper, that toxicity increases
user engagement and that it is contagious, are generally robust to alternative speci cations. In
particular, when considering user engagement as well as contagiousness on all treated platforms
combined, we nd signi cant negative effects of the intervention using an alternative attrition

cutoff, the stacked regression speci cation, and alternative standard errors.
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2.4 Survey Experiment

This section describes the design and results of an additional survey experiment that we con-

ducted to supplement the ndings of the browser experiment described in Section 2.3.

2.4.1 Experiment Design

Figure 2.4 summarizes the experiment design. We explore it in more detail below.

Figure 2.4: The Survey Experiment Flow

Note: The gure provides an overview of the ow of the survey experiment. It shows the order of information blocks (rectangles) and outcome
measures (ovals). Participants are randomly assigned to one of four experimental conditions: hate speech treatment, hate speech control, profanity
treatment, and profanity control.

Study Flow

Recruitment. We recruited N=4,120 US adults on Proli ¢, a survey platform commonly used for

conducting online experiments, for a study called “Social Media Posts and Training AlgorAihms.”

23proli ¢ has been consistently used in high-quality research in Economics. See (Peer et al. 2022) for a discussion
of Proli c's data quality in comparison to similar platforms.

72



We report that 4,048 individuals (98.3%) completed the main section of the study, including collec-
tion of all primary outcomes. To maximize statistical power, and according to our pre-registration,
this sample includes 411 individuals from a pilot study. We discuss robustness to dropping these

individuals.

Introduction. After collecting basic demographic variables, we inform participants that we are
recruiting for a follow-up task of transcribing 100 social media posts. The task consists of tran-
scribing the text of a post from its image. We enumerate possible uses of data collected during
the transcription task, such as training an algorithm that helps people avoid mistakes when posting
on social media. This helps us divert attention from the intervention, which focuses on varying

exposure to toxic content, and thus reduces potential experimenter demand effects.

Transcription Task. Afterwards, we explain the process that will be used to select the partici-
pant recruited for the task of transcribing 100 social media posts. We use a second-price auction:
We select a person with the lowest willingness to accept and pay them the second lowest bid as
compensation for completing the task. We also describe how to transcribe posts (where to type
up the text and that proceeding requires entering the minimum number of characters based on the
length of the post). We test comprehension of our instructions using four questions, two of which
pertain to the second-price auction. It is important to emphasize that the transcription exercise
ensures that participants read the posts carefully without revealing anything about the purpose of

the study.

First Practice Post. Subsequently, participants complete two practice transcriptions. The images
of posts look like Facebook posts, with the author name, pro le picture, and the date of posting
all censored. Figure ?7? in the appendix shows an example with the rst practice post, concerning
retirements of NFL players. This post was shown to all participants in an identical way, regardless
of the treatment group. It is non-toxic according to the Perspective API classi er (0.02 toxicity

score).
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Intervention. The second post is where the intervention occurs. Our intervention follows a 2 2
design. The rst layer of the intervention varies the level of toxicity of the post: whether the
participants see the original toxic post (treatment) or a slightly modi ed version of the post with
reduced toxicity (control). The second layer varies the type of toxicity of the post: whether the
original post contains identity hate or profanity. Overall, participants are randomly assigned into
one out of four experimental conditions: hate speech treatment, hate speech control, profanity
treatment, or profanity control.

In the hate speech treatment condition, the post involves discrimination of a particular group of
people: “What is so dif cult to understand? | hate Blacks.” In the associated hate speech control,
the post is “What is so dif cult to understand? | hate Mondays.” We vary only one word to keep
the structure and complexity of the post the same, with the length differing by only one character.
At the same time, we introduce a signi cant variation in toxicity. The former post has a toxicity
score of 0.8 according to Perspective API, whereas the latter one has a toxicity score of 0.29. This
difference implies that the former post would be hidden in the treatment group of the browser
experiment (Section 2.3), whereas the latter would not.

In the profanity treatment condition, participants were given the following post: “You are a
***ing moron.” Please note that in the actual experiment the profane word was not censored. In
the profanity control, they were shown a mellow version of this post: “You are very misguided.”
Both posts have 23-24 characters. As before, we aim to keep the structure and complexity of the
post the same, with the length differing by only one character. Moreover, we preserve the direct
meaning (both statements imply that the person is wrong or doing something incorrectly), while
varying the toxicity of the language used to express the sentifigkitcording to Perspective API,

the former post has a toxicity score of 0.98, whereas the latter has a score of 0.28.

Comments. Regardless of the experimental condition, the comment section for the second prac-

tice post is always comprised of three comments. The comments are identical across different

24n the hate speech conditions, reducing toxicity inherently changes the meaning of the sentence. In the profanity
conditions, however, it is possible to preserve much of the meaning without resorting to profanity.
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levels of toxicity within each type of toxicity, i.e., the same comments for the hate speech treat-

ment and control, and the same comments for the profanity treatment and control.

Outcomes

Following our pre-registration, we collect two primary outcomes: user engagement and will-

ingness to accept (WTA) to transcribe 100 social media posts.

User Engagement. We measure user engagement by observing whether the participant clicks
“View 3 comments” at the bottom of the treated post to uncover the comment section. The link is
formatted and situated within the post to closely resemble how such links appear on Facebook (see
Figure ?? in the appendix for an example). Upon clicking, an image with comments following
Facebook's formatting is displayed (Figure ?? in the appendix). We stress that the participants
were informed that uncovering the comments of a post had no impact on their pay or performance
on the task. Since they had to transcribe only the text of the post, if anything, uncovering the

comments carried only an opportunity cost in terms of time spent.

WTA to Transcribe. We elicit the WTA to transcribe 100 social media posts after the second
practice post is completed. Participants use a slider that can move from $2 to $30 to choose the
WTA with precision of $0.1. Participants are reminded that the person with the lowest compensa-
tion will be invited to transcribe 100 social media posts and paid the second smallest compensation.
If there are multiple people with the smallest compensation, one of them will be chosen at random.
The lower bound is selected to re ect that the minimum compensation per hour is $8 and that the

task will take at least 15 minutes.

Secondary Outcomes. After the WTA elicitation, we collect several secondary outcomes. In
particular, we measure the impact on recall of toxicity, recall of hate speech, and recall of treatment

posts. To minimize fatigue and keep the survey short, we randomly assign participants one of these
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outcomes (1/3rd chance for each outcome) and ask them the relevant qéegtarthe recall of
toxicity, we ask whether or not any of the posts displayed before were toxic and we gave the
participants the same de nition of toxicity that we used in the eld experiment (Section 2.2.3). We
measure the recall of hate speech in an analogougfagr the recall of treatment posts, we ask
participants which one of four similar-sounding options was one of the posts they were asked to
transcribe. Lastly, we ask participants to rate on a scale from 0 to 100 how entertaining the training

posts were.

Heterogeneity. We pre-registered the following three angles of heterogeneity analysis. First, we
look at heterogeneous treatment effects by gender. Second, we consider the importance of being
a member of a minority group. We classify participants as such if they (1) select an answer other
than “white” in the ethnicity question, (2) identify as a Hispanic, Latino, or a person of Spanish
origin, or (3) report a different sexual orientation than heterosexual. Third, as religiosity shapes a
lot of norms of behavior, we look at heterogeneity with respect to being religious (i.e., choosing

a different answer than “no religion” when asked about religion or belief). Lastly, as part of the

exploratory analysis, we discuss heterogeneity by age (younger vs. older than 35).

Descriptive Statistics

Table B.9 in the appendix provides descriptive statistics about our sample and the primary
outcome variables. The sample is balanced on gender, with 49.4% of participants declaring as
male, and exhibits considerable diversity—45.7% of participants belong to an ethnic or sexual
minority. The sample is not skewed toward young participants, with the average age of 41.6. We
also capture a lot of individuals with high household incomes—48.8% declare income in excess of
$70,000. Our participants are highly active on social media. On average, they log into social media

platforms on 6.3 out 7 days a week, with 74% of people doing it every day. Thus, both this sample

25| the pilot study, all participants were asked only about the toxicity recall. The other secondary outcomes were
not measured in the pilot study, so the overall sample size for them is slightly smaller.

26Meta’s de nition of hate speech is provided: “Hate speech is a direct attack against people on the basis of protected
characteristics: race, ethnicity, national origin, disability, religious af liation, caste, sexual orientation, sex, gender
identity, and serious disease.”
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and the sample of users in the browser extension experiment (Section 2.3) consist overwhelmingly
of social media users.

We also report statistics about the outcome variables. The proportion of people who uncover
the comment section below the treated post (practice post 2) equals 34.3%. This is a considerable
proportion given that participants have no material incentive to check out the comments. This is
especially clear as they have already completed practice post 1 (41.7% uncovered the comments for
that post). Regarding the other primary outcome, we report that the average WTA for transcribing
100 social media posts is $13.38, slightly above Proli c's recommended pay for an hour of work

($12).

2.4.2 Results

In this section, we discus the results of the survey experiment.

User Engagement

Table 2.9 presents the results for user engagement. Following the pre-registration, as our main
speci cation, we conduct a pooled test of both treatments (hate speech and profanity) against both
controls. We nd that toxicity increases user engagement, measured as the likelihood of clicking to
uncover the comment section, by 18% relative to the mean (column 1). Speci cally, the difference
in the likelihood of clicking between toxic posts and their non-toxic versions is 6.1 pp (p<0.001),
corresponding to an effect size of 0.13 SD. The effect is stronger after restricting the sample to
people who passed all comprehension checks (column 2).

Columns 3-6 show the results for speci c types of toxicity. The effect on user engagement
is particularly strong for hate speech: a 9.4 pp increase in the likelihood of clicking (p<0.001),
corresponding to 0.2 SD. The effect for profanity is weaker, at 2.8 pp (p=0.179), though still
detectable for the sample of users who passed all comprehension checks (6.9 pp, p=0.022). In the
online appendix, we demonstrate that all results reported in Table 2.9 are robust to excluding pilot

observations.
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Table 2.9: User Engagement in the Survey Experiment

Pooled Hate Profanity
All Comp. All Comp. All Comp.

Toxic 0.061 0.086 0.094 0104  0.028 0.069
(0.015) (0.021) (0.021) (0.030) (0.021) (0.030)

Mean 0.34 0.42 0.35 0.43 0.34 0.41
SD 0.47 0.49 0.48 0.49 0.47 0.49
N 4049 2144 2021 1072 2028 1072

Note: The table is based on a sample of all people who completed the second practice post (N=4,049). Column 1 shows the results of a regression
of a dummy variable equal to one if a participant clicked to uncover the comment section below the second practice post and zero otherwise on a
dummy variable equal to one if they were assigned one of the toxic treatments (either the hate speech treatment or the profanity treatment) and zero
otherwise. Column 2 provides the same regression but with a sample restricted to individuals who passed all comprehension checks. Columns 3-4
pertain to speci cations analogous to those in Columns 1-2 but with the sample restricted to individuals who were in the hate speech treatment or
the hate speech control. Columns 5-6 pertain to speci cations analogous to those in Columns 1-2 but with the sample restricted to individuals who
were in the profanity treatment or the profanity control. Robust standard errors are in parentheses. *signi cant at 10%; ** signi cant at 5%; ***
signi cant at 1%.

These results offer an additional piece of evidence supporting the conclusion that social media
toxicity increases user engagement. The result naturally complements the browser experiment
(Section 2.3), which focuses on the policy of hiding content above a speci ed toxicity threshold

and relies on observed online behavior over the period of 8 weeks.

WTA for Transcribing Posts

Table 2.10 demonstrates treatment effects on the willingness to accept (WTA) for transcribing
100 social media posts. First, the hate speech treatment increases the WTA by $0.62 (p=0.038)
in comparison to the hate speech control, an effect of 0.09 SD (column 1). Second, the profanity
treatment has no effect on the WTA, with the coef cient close to zero and the p-value of 0.912
(column 4).

We interpret these ndings as follows. The goal of the WTA outcome is to test the connection
between increases in engagement and welfare. If increases in engagement were a good proxy for
increases in welfare, we should observe that the WTA is lower for toxic posts than their detoxi ed
versions—individuals require a lower compensation to transcribe posts that increase their engage-
ment. Our results indicate that this is not the case. Despite being ex-ante powered to detect effects

as small as 0.12 SD, we nd no evidence of toxicity lowering the WTA for neither hate speech nor
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Table 2.10: WTA for Transcribing 100 Social Media Posts

Hate Profanity
All WTA Comp. Comp. All WTA Comp. Comp.
Toxic 0.624 0.671 0.493  0.033 -0.108 -0.074
(0.301) (0.380) (0.412) (0.297) (0.369) (0.400)
Mean 13.61 13.40 13.26 13.15 12.78 12.76
SD 6.77 6.75 6.75 6.70 6.53 6.55
N 2020 1264 1072 2028 1253 1072

Note: The table is based on a sample of all people who provided the willingness to accept for transcribing 100 social media posts (N=4,048).
Column 1 shows the results of a regression of the willingness to accept (WTA) for transcribing 100 social media posts on a dummy variable equal
to one if the participant was assigned the hate speech treatment and zero if they were assigned the hate speech control. Column 2 provides the
same regression but with a sample restricted to individuals who passed the comprehension checks about the WTA elicitation. Column 3 provides
the same regression as Column 1 but with a sample restricted to individuals who passed all comprehension checks. Column 4 shows the results
of a regression of the WTA for transcribing 100 social media posts on a dummy variable equal to one if the participant was assigned the profanity
treatment and zero if they were assigned the profanity control. Column 5 provides the same regression but with a sample restricted to individuals
who passed the comprehension checks about the WTA elicitation. Column 6 provides the same regression as Column 4 but with a sample restricted
to individuals who passed all comprehension checks. Robust standard errors are in parentheses. *signi cant at 10%; ** signi cant at 5%, ***
signi cant at 1%.

profanity.

On the contrary, if anything, we nd suggestive evidence of the opposite effect in the case of
hate speech. The WTA is signi cantly higher in the hate speech treatment than in the associated
control. This result remains signi cant at the 10% level after restricting the sample to individuals
who passed the comprehension checks about the second price auction (column 2). However, it
is not signi cant (although the point estimate is positive) in the sample of those who passed all
comprehension checks (column 3) or after excluding pilot observations (online appendix).

These ndings are consistent with theoretical arguments that highlight how user engagement
might not be a good proxy for welfare. In a companion paper (Beknazar-Yuzbashev, Jiménez-
Duran, and Stalinski 2024), we propose a simple model to argue that content can be simultane-
ously harmful—in the sense that it lowers user utility—but engaging. This happens when there is
enough complementarity between harmful content and time spent on social media (or other forms
of engagement). For example, users may dislike reading toxic posts, but conditional on seeing
them, they may choose to increase the time spent on the platform in order to respond to the posts

or participate in the related discussion.
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Additional Results

Table 2.11 presents means and standard deviations of the secondary outcome variables. First,
we report that in the hate speech treatment, 94.3% of participants recall seeing a toxic practice
post. The corresponding proportion in the hate speech control group is 7.3%. Similarly, 93.2% of
people in the profanity treatment recalls toxicity, whereas 24.3% do in the profanity control. These
patterns indicate that we successfully induced variation in exposure to toxicity, as perceived by the
participants. Second, 94% of people in the hate speech treatment recalls seeing posts containing
hate speech. The analogous proportion in the profanity treatment is 40.4%. Together, these recall
results con rm that our distinction between the two types of toxicity (profanity and hate) is shared
by the respondents: they indeed perceive both treatment groups as more toxic and the hate speech

group speci cally as more likely to contain hate speech.

Table 2.11: Secondary Outcomes in the Survey Experiment

Hate Control Hate Treatment  Profanity Control Profanity Treatment  Test

Recalls Toxicity  0.073 (0.261)  0.943 (0.231) 0.243 (0.429) 0.932 (0.251) Y0.001
Recalls Hate 0.024 (0.152)  0.940 (0.237) 0.037 (0.189) 0.404 (0.491) ¥0.001
Recalls Treatment ~ 0.993 (0.081)  0.987 (0.115) 0.987 (0.113) 1.000 (0.000) 0.233
Entertainment 35.237 (26.581) 23.923 (26.353) 33.780(26.022)  38.881(28.495)  Y0.001

Note: The table presents means and standard deviations (in parentheses) of four secondary outcome variables by experimental condition. The
outcomes are as follows with the corresponding sample sizes provided in brackets: (1) whether an individual considers any of the practice posts
toxic (N=1,623), (2) whether they consider any of the practice posts to contain hate speech (N=1,211), (3) whether they correctly recall the text
content of the second practice post from a menu of similar-sounding options (N=1,213), (4) entertainment rating (from 0 to 100) of the practice
posts (N=3,636). The last column shows a p-value for a joint test of equality of the outcomes across the four experimental conditions.

Table 2.11 also provides evidence that our results are unlikely to be driven by differential
attention; that is, that toxicity might be more engaging because it draws more attention. The
ability of participants to recall the text of the second practice post from a menu of similar-sounding
options is unaffected by experimental condition (p=0.233 in a joint test).

The fourth outcome reported in Table 2.11 is the entertainment rating of the practice posts,
which might help reconcile why the WTA point estimates tend to go in opposite directions between
the hate speech content and the profanity content. In particular, participants nd the post displayed
in the profanity treatment more entertaining (38.9 out of 100) than in the profanity control (33.8).

However, the result for the hate speech conditions is in the opposite direction, with the more toxic
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version of the post being less entertaining (23.9 vs. 35.2). These results are consistent with a story
in which both profane and hateful posts trigger participants' curiosity (and hence lead them to
uncover the comments), but for potentially different reasons, with different welfare implications.
Profane treatment (toxic) posts offer participants more entertainment, while hate treatment posts
offer participants less entertainment (perhaps even outrage).

Lastly, we brie y summarize the results on heterogeneity of the treatment effects. In the online
appendix, we report that for neither primary outcome gender, minority status, or religiosity is a
signi cant moderator at the 5% level. However, we nd one interesting exploratory result. We
previously reported that both hate speech and profanity increase user engagement, but the former
has a stronger effect (Section 2.4.2). Heterogeneity analysis by age indicates that the weaker effect
for profanity is driven by young people. For individuals aged 35 or older, the effect size is 6 pp,

which is 10 pp (p=0.027) higher than for individuals under the age of 35.

2.5 Conclusion

This paper studies how the toxicity of users' feeds and comment sections can impact their
consumption and production of social media content. In principle, toxic content could reduce
user engagement—indeed, the de nition of toxicity utilized by the leading toxicity detection algo-
rithms includes its propensity to make people leave a discussion. Yet, we nd evidence that lower
exposure to toxicity can actually reduce different measures of engagement. We also nd evidence
supporting the concerns that toxic online behavior can be contagious and we document some sub-
stitution patterns towards other social media websites. The lower engagement we document does
not mean that users are worse off in an environment with low toxicity. In fact, we provide evidence
that revealed-preference arguments based on engagement do not apply in this setting—welfare and
engagement do not necessarily move in the same direction.

We hope that our ndings inform policy; both, platforms and regulators are likely to favor
less severe moderation tools over outright removing content or banning users. One option is re-

ducing prominence of toxic content on the platform (reducing its visibility)—often referred to as
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“freedom of speech, not freedom of reach,” akin to our hiding intervention. At the same time,
our ndings warn that platforms might not have enough incentives to mitigate the reach of toxic
content. Nevertheless, these ndings should be complemented by future work. In particular, we
stress the importance of conducting platform-side experiments unbeknownst to users to increase

the external validity of the results.
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Chapter 3: Path to Hell is Paved With Good Norms: the Unintended

Consequences of Changing Social Norms

3.1 Introduction

Informal social norms shape a wide array of economic behaviors through social image concerns
and peer pressure. A large literature documents that when behavior is observable or subject to
community expectations, individuals adjust actions to avoid disapproval or to accrue reputational
bene ts (e.g., Andreoni and Petrie 2004; DellaVigna, List, and Malmendier 2012; Bursztyn and
Jensen 2017). Yet the same forces that promote compliance may also mis re when compliance is
imposed on those who ideologically oppose the norm. This paper asks: Does forcing politically
conservative individuals to adhere to a progressive social norm (one they ideologically oppose)
induce a behavioral or attitudinal backlash?

Much of the recent economics literature on norm change studies cases in which the new so-
cial norm moves with people's latent or misperceived preferences—facilitating the expression of
views or behaviors that were privately held but publicly constrained (e.g., Bursztyn, Gonzalez,
and Yanagizawa-Drott 2020; Bursztyn, Egorov, and Fiorin 2020; Gulesci et al. 2025). In those
settings, updating beliefs about others or a shift in perceived acceptability unlocks conformity that
individuals already “wanted.” By contrast, this paper focuses on an arguably more consequential
and underexplored scenario: when individuals are pressed to conform to an emerging norm they
dislike. In such cases, “compliance” may carry psychological or identity costs and can plausibly
trigger hidden backlash—a countervailing response that our experiment is designed to detect.

We focus on informal enforcement—peer expectations, social cues, and moral suasion—rather
than formal legal sanctions. In economic models, extrinsic pressure can crowd out intrinsic moti-

vation and provoke offsetting behavior when actions deviate from one's preferred identity or “bliss
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point” (Bénabou and Tirole 2006; Bénabou and Tirole 2011). In political economy, recent theory
and evidence suggest that when policies or social expectations threaten individuals' ideologies,
they may respond by entrenching opposition or reasserting identity in other domains (Wheaton
2023). Relatedly, shifts in perceived social acceptability can rapidly alter public expression of
views (Bursztyn, Egorov, and Fiorin 2020), highlighting that compliance may mask latent dis-
agreement that resurfaces once constraints relax.

Our contribution is to provide causal evidence on whether informally compelled compliance
generates backlash. We implement an experiment in which conservative participants face a trade-
off between adhering to their ideological preference and conforming to a prevalent norm, with the
pressure to comply being solely a result of a new social norm that they disagree with. We measure
behavioral responses with incentivized choices (e.g., monetized allocations) alongside attitudinal
shifts to capture multiple margins of potential backlash. The design isolates the role of informal
norm pressure and thereby complements observational evidence of back re from more formal
interventions (e.g., assimilation and expression policies) that has documented identity-preserving
responses (e.g., Fouka 2019; Abdelgadir and Fouka 2020).

We test these ideas in an online content-moderation task with conservative participants re-
cruited on Proli c. Each subject joins two co-moderators to judge borderline “hate speech” posts.
The two co-moderators are selected to have voted to Ban, making the prevailing anti-hate norm
salient, and subjects earn a small “accuracy” bonus for voting with the group. We randomize
whether the group follows a majority rule (the subject is not pivotal; norm pressure binds) or a
unanimity rule (the subject is pivotal; norm pressure does not bind). The assigned aggregation rule
applies with probability 34, while the alternative applies with probability 14, and one decision
is randomly selected for payment. We pre-specify three outcomes: (i) a pivotal moderation choice
(AllowHate) to allow an even more hateful post; (i) a monetary willingness-to-pay to counteract an
opposing-side donation (Investment); and (iii) an affective thermometer gap (ThermometerDiff).

In the full sample, we nd no detectable effect on the pivotal moderation choice (AllowHate:

0.52 under No Pressure vs. 0.49 under Pressure, ? = 0+51). Monetary backlash is directionally
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larger under Pressure but imprecisely estimated (Investment: 0.14 vs. 0.17, ? = 0-25), and the
affective gap is modestly wider (ThermometerDiff: 36.0 vs. 39.6, ? = 0+16). Effects strengthen
when we restrict to a Uniform-Vote subsample—respondents who cast the same vote on all three
moderation decisions—where norm pressure more plausibly imposes a persistent wedge between
preferences and the group outcome: Investment rises from 0.11 to 0.18 (? = 0027), and Ther-
mometerDiff widens from 34.3t0 41.0 (? = 0-069), while AllowHate remains near-null. We inter-
pret the subsample evidence as suggestive that informal norm pressure can induce monetary and
attitudinal backlash when the norm clearly and persistently con icts with subjects' preferences.

The paper bridges three strands of economics. First, in behavioral economics, it extends the
study of social image and prosocial incentives by testing whether compelled norm adherence trig-
gers offsetting crowding out in adjacent decisions (Bénabou and Tirole 2006; Bursztyn and Jensen
2017). Second, in political economy, it provides an experimental counterpart to theories of ide-
ological backlash, identifying conditions under which informal enforcement hardens opposition
rather than shifting preferences (Wheaton 2023). Third, in development economics, where norm-
based interventions and community monitoring are common, the results inform the design of norm-
change strategies by quantifying the hidden costs of backlash (Gulesci et al. 2025). More broadly,
our ndings speak to the limits of informal institutions as policy tools: even absent legal coercion,
social pressure may induce counterproductive reactions among those most at odds with the target

norm.

3.2 Experimental Design

3.2.1 Context and Motivation

We study whether informal enforcement of a progressive social norm can induce backlash
among ideological opponents. The contextis online content moderation of borderline “hate speech”
on Reddit. We recruit self-identi ed conservatives on Proli ¢ and place each in a three-person
moderation group judging agged posts. The design makes the social norm salient by (i) selecting

the two co-moderators who voted to Ban, thereby representing a prevailing anti-hate norm, and (ii)
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incentivizing the subject to “vote with the group” via a small accuracy bonus. We vary whether the
subject is effectively constrained by the norm through the voting rule used to aggregate the three

votes (See Figure 3.1).

Figure 3.1: Treatment Design

3.2.2 Treatment

Each subject evaluates a series of three posts with an accuracy incentive: the group decision
is implemented on the platform and a decision is selected at random for a $0.50 bonus if the
subject's vote matches the nal outcome of the group (“pay one” bonus). The votes of the two other
moderators are Ban. The aggregation rule for each subject is randomized ex ante and displayed
on screen as a probability: with probability 3+4 (high), the assigned rule governs the decision, and
with probability 1+4 (low), the alternative rule applies. This assignment induces ex ante variation

in whether the subject is pivotal and hence whether the informal norm binds.
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“No Pressure”—unanimity rule (social norm off). Under unanimity, a post is banned only if

all three moderators vote Ban. Given that the other two have voted Ban, the subject is pivotal.

Voting No ban both (i) overturns the group decision (so the post is not banned) and (ii) secures the
accuracy bonus; voting Ban also secures the bonus. Thus, under unanimity the subject can align

wallet and conscience; the anti-hate norm does not impose a direct cost.

“Pressure”—majority rule (social norm on). Under majority, the post is banned if at least
two moderators vote Ban. With two Ban votes already cast, the subject is not pivotal. Voting
Ban conforms to the norm and yields the accuracy bonus but may impose a psychic cost if the
subject believes the post should remain; voting No ban preserves ideological integrity but forgoes
the bonus. Here, the monetary cost arises because and the prevailing norm determines the group
outcome independent of the subject's vote.

On each decision screen, the subject is informed that the assigned rule applies with probability
3¢4 and the other with probability 1+4; the realized rule is implemented after data collection.

Thus, participants in the Unanimity group are pivotal three times, unconstrained by social

norm. Participants in the Majority group are not pivotal and experience the pressure of the norm.

3.2.3 Outcomes of Interest

We elicit three families of outcomes measured after the moderation tasks:

1. Moderating decision. The rst outcome is a decision on a relatively more hateful post
where the participant is pivotal. We examine whether respondents are more willing to let
this content stand, and accordingly see whether treated subjects have a greater appetite for

hateful content or retaliation.

2. Behavioral backlash (monetary). Willingness to pay to counteract an opposing-side alloca-
tion: a costly option to reduce a third party's donation to Islamic Relief USA, implemented at

a xed exchange rate ($0.10 reduces the matched donation by $0.20, up to full reversal). We
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also elicit binary approvals of conditional $1 bonuses for a Democrat and for a Republican

in companion tasks.

3. Attitudinal backlash. Standard feeling thermometers toward Democrats and Republicans.

3.2.4 Implementation Details

The experiment is implemented in Qualtrics with the following ow: consent and no-deception
notice, instructions, comprehension checks, an introductory post, treatment posts, outcome tasks,
observational questions, demographics, and debrief. We recruit on the Proli ¢ panel, restricted to
self-identi ed conservatives. The base payment for participation is $2 for a survey of about 10
minutes plus up to $1 in bonuses. In the survey, we inform participants of our strict no-deception
policy. The posts for the study are drawn from a subreddit to which the research team has moder-

ation access

3.2.5 Sample

We recruit 620 subjects evenly divided into the "Pressure” and "No Pressure" conditions. Ran-
domization appears to have produced well-balanced groups (see Table B.2. The average age of our
sample is 44, fairly evenly split between males and females, mostly white (81%), and has a lot of
experience on Proli c.

To probe settings where the social norm more plausibly imposes a consistent wedge between
the subject's preference and the group outcome, we analyze a subsample of Uniform-Vote respondents—
those who cast the same vote on all three moderation decisions. The motivation is that vote rever-
sals likely re ect instances in which the subject sometimes agrees with the co-moderators, attenu-
ating any disutility from the norm under Pressure. Conditioning on uniform voting removes such
agreement episodes and yields a cleaner comparison in which the social norm is either persistently
on (for consistent No ban voters under Pressure) or off (under No Pressure).

The Uniform-Vote subsample—about a half of the size of the main sample—also appears to be

well-balanced (Table 3.2) with a similar demographic composition to the main sample.
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Table 3.1: Balance Table for the Main Sample

No Pressure (N=310) Pressure (N=310)

Mean Std. Dev. Mean Std. Dev. Diff. in Means p
PoliticalViews 74358 1827 74319 1745 0+039 0.787
InternetUsage 54256 3+500 54236 3+083 0+020 0.950
Time 7483355 99935840 776329 401-923 6707026 0.238
Age 44+048 13864 43455 14420 0594 0.602
Student 0135 0342 04137 0345 0+002 0.938
LogApprovals 5980 1965 6075 1872 0+095 0.538
Male 04465 0+500 04423 04495 0-042 0.294
White 0813 0-391 0-816 0-388 0-003 0.933
FullTime 0+565 04497 0540 04499 0-025 0.561

Table 3.2: Balance Table for Uniform-Vote Subsample

No Pressure (N=152) Pressure (N=147)

Mean Std. Dev. Mean Std. Dev. Diff. in Means p
PoliticalViews 7+395 14746 74442 1610 0047 0.807
InternetUsage 4816 2924 5442 3509 0626 0.174
Time 12130763 139957344 726789 347-083 11403974  0.317
Age 444487 13591 42503 14559 1.983 0.225
Student 0+120 0+326 0123 0+330 0-003 0.933
LogApprovals 54974 24141 5953 1+784 0-021 0.926
Male 04480 0-501 04483 0501 0-003 0.962
White 04842 0+366 0795 0+405 0-048 0.289
FullTime 0+615 0-488 0+554 0+499 0-061 0.316

3.3 Results

3.3.1 Moderation Decision

Figure 3.2 visualizes the distribution of the three preregistered outcomes in the full sample. In
the moderation task where the subject is pivotal, the share choosing to allow the relatively more
hateful post (AllowHate) is 0.52 in No Pressure and 0.49 in Pressure. The difference (0<03) is
small and statistically indistinguishable from zero (? = 0«51). We therefore nd no evidence in the
full sample that informal norm pressure alters the immediate moderation choice when the subject's

vote is pivotal. The result is equally null for the Uniform-Vote subsample.
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Figure 3.2: Main outcomes (full sample)

Note: Boxplots with overlaid uncertainty for AllowHate, Investment, and ThermometerDiff. AllowHate: Share of subjects who chose Allow / No

ban for the designated “more hateful” post in the pivotal moderation decision (higher = more willingness to let the content stand). Investment:
Average amount (in dollars) subjects chose to spend to reduce the opposing-side donation in the money task (higher = stronger monetary backlash).
ThermometerDiff: Average feeling thermometer gap between Republicans and Democrats (Republican minus Democrat, on 0-100 scales). Positive
values = warmer toward Republicans; negative = warmer toward Democrats.

3.3.2 Backlash Behavior: Monetary Investment

We next consider the monetary measure of backlash, Investment, de ned as the costly choice
to reduce an opposing-side donation. In the full sample, Investment averages 0.14 in No Pressure
and 0.17 in Pressure (difference ,0°03, ? = 0+25). Although the point estimate is positive, it is
imprecisely estimated and not statistically signi cant at conventional levels.

Within the Uniform-Vote subsample, Investment rises from 0.11 in No Pressure to 0.18 in
Pressure (difference ,0+07), and this difference is statistically signi cant (? = 0<027). This pattern
is consistent with a monetary backlash margin: when informal norm pressure binds more cleanly,

subjects are more willing to spend to counteract the opposing-side allocation.
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Figure 3.3: Main outcomes (Uniform-Vote subsample)

Note: Boxplots with overlaid uncertainty for AllowHate, Investment, and ThermometerDiff. AllowHate: Share of subjects who chose Allow / No

ban for the designated “more hateful” post in the pivotal moderation decision (higher = more willingness to let the content stand). Investment:
Average amount (in dollars) subjects chose to spend to reduce the opposing-side donation in the money task (higher = stronger monetary backlash).
ThermometerDiff: Average feeling thermometer gap between Republicans and Democrats (Republican minus Democrat, on 0-100 scales). Positive
values = warmer toward Republicans; negative = warmer toward Democrats.

3.3.3 Attitudinal Outcomes: ThermometerDiff

Turning to attitudes, ThermometerDiff (Democrat minus Republican feeling thermometer) av-
erages 36.0 under No Pressure and 39.6 under Pressure (difference ,3¢6, ? = 0¢16) in the full
sample. In the Uniform-Vote subsample, the averages are 34.3 and 41.0, respectively (difference
,6°7), with a ?-value of 0.069. While the full-sample estimate is imprecise, the subsample pattern
echoes the monetary nding: when we restrict to respondents with consistent voting—thereby re-
ducing contamination from episodes of agreement with the co-moderators—attitudinal divergence

modestly widens under Pressure.
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3.3.4 Summary

Across outcomes, the full-sample effects are small and not statistically signi cant at conven-
tional levels, but patterns strengthen in the Uniform-Vote subsample. In particular, Investment
shows a statistically signi cant increase under Pressure (? = 0027), and ThermometerDiff grows
in magnitude with marginal signi cance (? = 0069). We interpret the subsample results cau-
tiously as suggestive evidence that informal norm pressure can induce monetary and attitudinal

backlash when the norm more clearly and persistently con icts with the subject's preferences.
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Conclusion

Across three essays, this dissertation shows that digital media platforms “price” attention
through advertising loads and targeting, that toxicity can raise engagement while leaving welfare
unchanged or worse, and that norm-pressure interventions risk selective backlash where disagree-
ment binds most. Using a large-scale eld experiment, online studies, and transparent econometric
designs, | estimate elasticities and spillovers that are both statistically credible and economically
meaningful. The results jointly clarify the trade-offs platforms face between revenue and user
well-being, and they identify conditions under which curation and social pressure help or harm.
For policymakers and designers, the implication is to target levers that align incentives while avoid-

ing blunt, coercive norms that can back re.
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Appendix A: Additional Material for Chapter 1

A.1 Figures
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(a) Original Feed (b) Moderated Feed



(a) Replacement Ad (b) Possible Interactions

Figure A.2: Replacement Intervention

Note: The left panel of the gure shows an example of a replacement ad used in the replacement intervention. The right panel illustrates potential
interactions with the replacement ad. Users can like the ad or react to it using any available emoji, and their reaction will be displayed naturally, as
shown in the gure. If someone attempts to comment on or share the ad, a small pop-up appears, informing them that commenting and sharing are

disabled (as depicted in the gure).
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Figure A.3: Example of a Recruitment Ad

Figure A.4: Ad Loads: Variance Decomposition

Note: The gure reports the results of a variance decomposition exercise, showing the share of variance in experienced ad load attributable to
individual xed effects for each social media platform (Facebook, Reddit, and Twitter). Estimates are obtained from a two-way xed effects

regression that includes both individual and time xed effects. The decomposition is based on feed-only ad load.
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Figure A.5: Survival Rate in the Study

Note: The gure presents the share of users enrolled in the study who survived until a particular study period, measured as the number of days
relative to the intervention start date (which starts in period 1). We say that a particular user survived until period C if they were active on their

browser on the day corresponding to period C or later. The survival shares are split by treatment conditions.
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A.2 Tables

Table A.1: Effect of Interventions on Facebook Advertising Loads

User-Side Outcomes Platform-Side Outcomes

Experienced Ad Load Experienced Advertiser Distance Supplied Ad Load Supplied Advertiser Distance

Panel A: Hide vs Pure Control

Treated -0.112%* -0.068*** 0.002 -0.014*

(0.003) (0.011) (0.003) (0.008)
Mean 0.137 0.997 0.137 0.997
SD 0.113 0.233 0.113 0.233
N 27474 16831 27475 19113

Panel B: Replace vs Keep Control

Treated 0.000 0.109*** -0.000 0.015**

(0.004) (0.007) (0.004) (0.006)
Mean 0.137 0.999 0.137 0.999
SD 0.124 0.234 0.124 0.234
N 32352 21279 32352 21263

Note: Panel A presents estimated treatment effects of the hiding intervention on Facebook (relative to Pure Control), based on Equation 2.1 and
our main experimental sample. Panel B reports corresponding estimates for the replacement intervention (relative to Keep Control). The dependent
variables are: (i) experienced ad load, advertisement as a share of posts and comments viewed by the user, (ii) experienced advertising distance,
(iii) supplied ad load, advertisement as a share of posts and comments that a user was targeted with, before any Itering was applied, and (iv)
supplied advertiser distance. The unit of observation is the individual-day, where day is measured relative to the intervention date. Driscoll-Kraay
standard errors are parenthesized. All regressions were estimated using inverse probability weights re ecting the probability of group assignment
for individuals recruited on a given day. , ,and denote signi cance at the 10%, 5%, and 1% levels, respectively.

Table A.2: Effect of Interventions on Platform and Ad Engagement

Platform Engagement Ad Engagement

Index Time Content Index Impressions  Clicks

Panel A: Hide vs Pure Control

Treated 0.023 0.583 5.303* -0.193%* -7.025%* -0.038**
(0.016) (0.547) (3.166)  (0.015) (0.323) (0.010)

Mean 0.00 1112  59.14 0.00 7.34 0.065
SD 0.85 2791 173.98 0.808 25.11 0.355
N 70308 70308 70308 70308 70308 70308

Panel B: Replace vs Keep Control

Treated -0.010 -0.633 -3.611 -0.150%* -1.573%* -0.093**
(0.011) (0.474) (2.772) (0.014) (0.450) (0.009)

Mean 0.00 12.29  64.09 0.00 8.24 0.066
SD 0.852 31.65 203.78 0.796 32.70 0.369
N 82992 82992 82992 82992 82992 82992

Note: Panel A presents estimated treatment effects of the hiding intervention on Facebook (relative to Pure Control), based on Equation 2.1 and
our main experimental sample. Panel B reports corresponding estimates for the replacement intervention (relative to Keep Control). The dependent
variables are: (1) a platform engagement index, constructed from active time spent on the platform and the number of posts and comments shown
to the user; (2) active time spent on the platform; (3) number of posts and comments shown to the user; (4) an ad engagement index, constructed
from the number of ad impressions and the number of ad clicks; (5) number of ad impressions; and (6) number of ad clicks. The unit of observation
is the individual-day, measured relative to the intervention date. Driscoll-Kraay standard errors are reported in parentheses. All regressions were
estimated using inverse probability weights re ecting the probability of group assignment for individuals recruited on a given day. , , and

denote signi cance at the 10%, 5%, and 1% levels, respectively.
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Table A.3: Long-Term Effects of Interventions on Engagement

Platform Engagement Ad Engagement

Index Time Content Index Impressions  Clicks

Panel A: Hide vs Pure Control

Treated 0.021*  0.419  5.459% -0.173%* -6.573%* -0.041%*
(0.012) (0.422)  (2.479)  (0.011) (0.314) (0.008)

Mean 0.00 12.29 63.86 0.00 7.96 0.072
SD 0.849 30.56 181.22 0.81 26.65 0.409
N 114613 114613 114613 114613 114613 114613

Panel B: Replace vs Keep Control

Treated -0.027* -1.728%* -8.828** -0.176%* -1.089%* -0.111%*
(0.012)  (0.472)  (3.090)  (0.017) (0.460) (0.011)

Mean 0.00 13.54 71.71 0.00 9.15 0.069
SD 0.864 34.15 206.41 0.808 30.55 0.385
N 135820 135820 135820 135820 135820 135820

Note: Panel A presents the estimated treatment effects of the hiding intervention on Facebook, relative to the Pure Control group, based on
Equation 2.1. Panel B reports the corresponding estimates for the replacement intervention, relative to the Keep Control group. All regressions
are based on the extended sample, which involves 19.1 weeks of the intervention period (long-term effects) as opposed to 6 weeks speci ed in
the pre-registration (short-term effects). The dependent variables are: (1) a platform engagement index, constructed from active time spent on the
platform and the number of posts and comments shown to the user; (2) active time spent on the platform; (3) number of posts and comments shown
to the user; (4) an ad engagement index, constructed from the number of ad impressions and the number of ad clicks; (5) number of ad impressions;
and (6) number of ad clicks. The unit of observation is the individual-day, measured relative to the intervention date. Driscoll-Kraay standard errors
are reported in parentheses. All regressions were estimated using inverse probability weights re ecting the probability of group assignment for
individuals recruited on a givenday. , ,and denote signi cance at the 10%, 5%, and 1% levels, respectively.

Table A.4: Main Attrition Analysis

Survived Last Period

Hiding Replacing Keeping Hiding Replacing Keeping Hiding Replacing  Keeping Hiding Replacing  Keeping

(Intercept) 0702%*  Qe710*** (0e702***  0+179 0106 00179 27+129%*  2Qe074*** 27e129%**  19¢396** 5602 19+396**
(0-022) (0-021) (0:022)  (0-134) (0-132) (0-134) (1-251) (1-124) (1251) (7-941) (7+196) (7940)
GroupTreatment 0015 0007 0009 0195 0110 0285 1004 1659 1.944 10-261 5132 13794
(0-031) (0-028) (0°030)  (0-192) (0-182) (0-188) (1-757) (1-578) (1+682) (11-161)  (10-273) (10-717)
SurvivalScore 1255%*  (0e848***  1e255%** 66706***  48e873***  66+706***
(0-177) (0-175) (0-177) (10+296) (9+235) (10+295)
GroupTreatment SurvivalScore 0.262 0-145 0-407 13+683 4740 17833
(0+255) (0+240) (0+249) (14+554) (13+239) (13+831)
N 886 1045 925 829 973 865 886 1045 925 829 973 865

Note: Columns 1-6 report individual-level regressions of an indicator for survival until the end of the intervention period (period 42, i.e., 42 days
after the start of the intervention) on the treatment indicator. Columns titled “Hiding” pertain to the comparison between Hiding and Pure Control.
Columns titled “Replacing” pertain to the comparison between Replacement and Keep Control. Columns titled “Keeping” pertain to the comparison
between Keep Control and Pure Control. In columns 4-6, we additionally include the survival propensity based on user characteristics—computed
by regressing survival on age, male indicator, white indicator, indicator for obtaining a bachelor's degree, indicator for being a Democrat, share
of desktop usage of Facebook, active time spent on Facebook during the baseline period, content consumption on Facebook during the baseline,
number of ad impressions during the baseline, and baseline number of ad clicks. Columns 7-12 report analogous regressions, with the dependent
variable being the last period of recorded activity, which we use as a proxy for the last period in the study. The dependent variable is capped at
42, which indicates the last period of the six-week intervention. Note that the intervention starts in period 1, with baseline periods represented by
negative numbers and zero. Standard errors clustered at the individual level are reported in parentheses. , ,and denote signi cance at the
10%, 5%, and 1% levels, respectively.
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Table A.5: Long-Term Attrition Analysis

Hiding Replacing Keeping Hiding Replacing Keeping

(Intercept) 104425*** 109097*** 104425***  52¢923* 58+006** 52923*
(4+437) (4+309) (4+437) (27+677) (28+231) (27+674)
GroupTreatment 3467 1000 4671 10+645 4582 5084
(6+346) (5+877) (6185) (39+169) (38+571) (39+538)
SurvivalScore 225¢070***  235e061*** 225e070***
(38+114) (39+422) (38+110)
GroupTreatment SurvivalScore 11926 8500 9+991
(54+100) (53+470) (54+838)
N 886 1045 925 829 973 865

Note: Columns 1-3 report individual-level regressions of the last period of recorded activity, which we use as a proxy for the last period in the
study, on the treatment indicator. Columns titled “Hiding” pertain to the comparison between Hiding and Pure Control. Columns titled “Replacing”
pertain to the comparison between Replacement and Keep Control. Columns titled “Keeping” pertain to the comparison between Keep Control and
Pure Control. In columns 4-6, we additionally include the survival propensity based on user characteristics—computed by regressing survival on
age, male indicator, white indicator, indicator for obtaining a bachelor's degree, indicator for being a Democrat, share of desktop usage of Facebook,
active time spent on Facebook during the baseline period, content consumption on Facebook during the baseline, number of ad impressions during
the baseline, and baseline number of ad clicks. The dependent variable is not capped at any value. Note that the intervention starts in period 1, with
baseline periods represented by negative numbers and zero. Standard errors clustered at the individual level are reported in parentheses. , , and
denote signi cance at the 10%, 5%, and 1% levels, respectively.

Table A.6: Engagement Effects: Clustered Standard Errors

Platform Engagement Ad Engagement

Index Time Content Index Impressions  Clicks

Panel A: Hide vs Pure Control

Treated 0.023 0583 5.303 -0.193** -7.025%* -0.038
(0.036) (1.264) (7.223)  (0.051) (1.090)  (0.026)

Mean 0.00 11.12  59.14 0.00 7.34 0.065
SD 0.85 2791 173.98 0.808 25.11 0.355
N 70308 70308 70308 70308 70308 70308
Panel B: Replace vs Keep Control
Treated -0.010 -0.633 -3.611  -0.150* -1.573 -0.093
(0.032) (1.271) (7.122) (0.082) (1.100) (0.057)
Mean 0.00 12.29  64.09 0.00 8.24 0.066
SD 0.852 31.65 203.78 0.796 32.70 0.369
N 82992 82992 82992 82992 82992 82992

Note: Panel A presents estimated treatment effects of the hiding intervention on Facebook (relative to Pure Control), based on Equation 2.1 and
our main experimental sample. Panel B reports corresponding estimates for the replacement intervention (relative to Keep Control). The dependent
variables are: (1) a platform engagement index, constructed from active time spent on the platform and the number of posts and comments shown
to the user; (2) active time spent on the platform; (3) number of posts and comments shown to the user; (4) an ad engagement index, constructed
from the number of ad impressions and the number of ad clicks; (5) number of ad impressions; and (6) number of ad clicks. The unit of observation
is the individual-day, measured relative to the intervention date. Standard errors clustered at the individual level are reported in parentheses. All
regressions were estimated using inverse probability weights re ecting the probability of group assignment for individuals recruited on a given day.

, ,and denote signi cance at the 10%, 5%, and 1% levels, respectively.
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Table A.7: Long-Term Engagement Effects: Clustered Standard Errors

Platform Engagement Ad Engagement

Index  Time Content Index Impressions  Clicks

Panel A: Hide vs Pure Control

Treated 0.021 0.419 5459 -0.173%* -6.573** -0.041*
(0.031) (1.103) (6.253)  (0.042) (1.006)  (0.025)

Mean 0.00 12.29 63.86 0.00 7.96 0.072
SD 0.849 30.56 181.22 0.81 26.65 0.409
N 114613 114613 114613 114613 114613 114613

Panel B: Replace vs Keep Control

Treated -0.027 -1.728 -8.828 -0.176*  -1.989%*  -0.111
(0.030) (1.178) (6.593)  (0.094) (0.980)  (0.067)

Mean 0.00 1354 7171 0.00 9.15 0.069
SD 0.864 34.15 206.41 0.808 30.55 0.385
N 135820 135820 135820 135820 135820 135820

Note: Panel A presents estimated treatment effects of the hiding intervention on Facebook (relative to Pure Control), based on Equation 2.1 and our
main experimental sample. Panel B reports corresponding estimates for the replacement intervention (relative to Keep Control). All regressions
are based on the extended sample, which involves 19.1 weeks of the intervention period (long-term effects) as opposed to 6 weeks speci ed in
the pre-registration (short-term effects). The dependent variables are: (1) a platform engagement index, constructed from active time spent on the
platform and the number of posts and comments shown to the user; (2) active time spent on the platform; (3) number of posts and comments shown
to the user; (4) an ad engagement index, constructed from the number of ad impressions and the number of ad clicks; (5) number of ad impressions;
and (6) number of ad clicks. The unit of observation is the individual-day, measured relative to the intervention date. Standard errors clustered at
the individual level are reported in parentheses. All regressions were estimated using inverse probability weights re ecting the probability of group
assignment for individuals recruited on a given day. , ,and denote signi cance at the 10%, 5%, and 1% levels, respectively.
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Appendix B: Additional Material for Chapter 2

B.1 Additional Figures

Figure B.1: Examples of Recruitment Ads on Twitter
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Figure B.2: Screens from Installation Instructions GIF (Chrome Browser)

Figure B.3: Toxicity of Elements above the Threshold

Note: The gure depicts the distribution of toxicity of posts, comments, and replies above the hiding threshold of 0.3. All elements with toxicity
above the threshold were hidden for users in the treatment group during the intervention period. The data presented here encompasses the three
platforms (Twitter, Facebook, and YouTube) and includes both the baseline and the intervention period.
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Figure B.4: Speed of Hiding Toxic Content on Twitter

Note: The histogram depicts the distribution of the hiding speed for posts, comments, and replies on Twitter. The hiding speed is de ned as the

difference in the timestamp when an element was removed from the user's page by the extension and the timestamp when the element was rst
identi ed. The extension listened to changes in the DOM structure of the page (using Mutation Observer) in order to detect a new element appearing
on the page. The hiding speed is reported in milliseconds. The histogram is truncated at 2000 milliseconds. We collected data on the hiding speed

from August 22nd 2022 until the end of the study (end of September 2022).
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Figure B.5: Hiding Intervention: Feed

Note: Panel A shows an example of a Facebook group feed that we created for demonstrative purposes. Panel B depicts how this section would
look for a user with the hiding intervention on. One post from Panel A (the element in a red frame) was removed, as it has a toxicity score of 0.85,

above the hiding threshold of 0.3. The other two posts (green frames) were not classi ed as toxic. Panel B shows that the content below the hidden
element is pulled up. Thus, the post by Extension Testing 3 is now directly below the one by Extension Testing 1. We also see a new element (blue

frame), which was previously further below in the feed.

Figure B.6: Hiding Intervention: Comments

Note: Panel A shows an example of a comment section on Facebook that we created for demonstrative purposes. Panel B depicts how this section
would look for a user with the hiding intervention on. Two comments were removed (red frames). The rst one, “Come on, women are not as smart
as men”, has a toxicity score of 0.67. The second one, “Why does it matter? Your comments are pathetic...”, has a score of 0.93. Note that replies
are removed together with toxic comments (see the element in a gray frame). Panel B demonstrates that the content below the hidden elements is
pulled up. We also see new elements (blue frames), which were previously further below.

114



Figure B.7: Hiding Intervention on YouTube

Note: Panel A shows an example of a real comment section under a YouTube video. Panel B depicts how this section would look for a user with the
hiding intervention on. Three comments from Panel A were removed (elements in red frames). Starting from the top, their toxicity scores were 0.42,
0.81, and 0.7, respectively. The last comment (not hidden) is just below the hiding threshold—with a score of 0.28. Overall, two of the comments
from Panel A remained after the intervention was applied (elements in green frames). In Panel B, we see new elements (blue frames)—previously
further below in the comment section—which replaced the hidden elements. The presented comments do not originate from our sample—they are

publicly available online (as of 2022-10-31).
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Figure B.8: Show More Replies (Twitter)

Note: Panel A shows the bottom of the comments section on Twitter in the case when the extension is disabled—the user has to click “Show more
replies” to load the remaining comments. Panel B depicts the same section in the case when the extension is enabled—the remaining comments are
already loaded. The presented comments do not originate from our sample—they are publicly available online (as of 2022-10-31).

Figure B.9: Event Study Speci cation of Index of Engagement

Note: This gure presents estimates from the event study version of Equation (2.1) for the preferred index of user engagement for all treated
platforms (Facebook, Twitter, YouTube). The index is de ned in Section 2.3.1. The unit of observation is the individual-week, where week is
measured relative to the intervention date. We include users who were active on the last day of the study (day 56) or later. The blue area represents
95% con dence intervals. The red area represents 90% con dence intervals. Standard errors are clustered at the individual level.
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Figure B.10: Image of Practice Post 1

Note: The gure demonstrates the rst practice post, which is displayed to all participants in the survey experiment. Panel A provides the post as
initially shown to the participants. Panel B demonstrates the post with the comment section that appears if the user clicks “View 2 comments.”
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B.2 Additional Tables

Table B.1: Descriptive Statistics

Panel A: User demographics

Main Sample (mean) Representative (mean) Difference (C)
Age 18-29 (%) 30.80 30.99 0.06
Age 30-49 (%) 36.29 39.84 1.27
Age 50-64 (%) 22.57 20.76 -0.81
Male (%) 52.28 54.17 0.65
Democrat (%) 52.58 35.35 -6.13
Independent (%) 38.14 43.81 1.96
White (%) 64.94 69.24 1.53
Panel B: Twitter accounts
Main Sample (mean) Representative (mean) Difference (C)
Account years 7.1 5.2 -9.34
Number of followers 1,715.1 4,803.9 4.58
Accounts followed 1,204.8 1,071.3 -1.42
Panel C: Baseline Outcomes
Facebook, N= 638 Twitter, N= 742 YouTube, N= 724
Mean Median SD Mean Median SD Mean Median SD

Content shown/day 89 17 194 233 108 357 45 7 97

Feed elements/day 58 12 132 164 83 231 - - -

Comments/day 31 4 81 69 18 170 45 7 97
Toxicity/content shown 0.03 0.03 0.02 0.07 0.06 0.04 0.05 0.04 0.05
Reactions & posts /day 7 1 16 15 3 34 1 0 2
Toxicity/content produced  0.04 0.01 0.07  0.07 0.02 0.13 0.12 0.01 0.24
Minutes spent/day 17.0 3.8 324 295 12.4 45.7 105 25 20.1

Note: Panel A compares means of user characteristics in the main experimental sample (Main Sample) relative to a representative sample of Twitter
users from the American Trends Panel (ATP) of September 2020 (Representative). It also presents C-statistics from tests of difference in means
between both samples. Panel B compares Twitter accounts in our main sample relative to a random sample of 200,000 English Tweets collected
in August 2020 from the 1% random sample of Twitter's AP| Jiménez Duran 2022. Panel C displays the mean, median, and standard deviation of
some of our outcomes on Facebook and Twitter during the 14-day baseline period.
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Table B.2: Balance Table

Control (N=351) Treatment (N=391)
Mean Std. Dev. Mean Std. Dev.  Diff. in Means p
Qualtrics 04718 0451 0691 04463 04027 0.414
Twitter API 0880 0325 0847 0361 0034 0.180
Use Facebook 58211 274248 544359 29+134 3+852 0.188
Use Twitter 604434 26¢120 604585 25+408 0151 0.949
Age 42551 16+914 39+426 15584 3+125 0.038
Male 0509 04501 0535 0500 0-027 0.559
Democrat 0550 04499 0504 0501 0+046  0.309
Independent 0371 04484 04391 0489 0-019 0.660
White 0649 04478 0650 0478 0000 0.991
Private 0-091 0288 0-066 04249 0-024 0.258
Followers 22464469 16 812+660 1219124  10734+035 1027-345 0.361
Friends 1352-874 2989+165 1066+471 1512+232 286+402 0.131
Listed 32+786 239+926 21.082 107+892 11705 0.432
Years on Twitter 74238 44872 6884 44965 0354 0.363
Likes 17310625 40054627 16703601 41853629 607023 0.851
Tweets 13354515 45482157 8956+710 20513+705 4397805 0.120
N Pct. N Pct.

Region Midwest 47 134 48 123

Northeast 39 11-1 48 123

Outside the US 4 1.1 4 1.0

South 80 22+8 87 223

West 58 165 67 171

NA 123 350 137 350

Note: This table compares characteristics of users assigned to the treatment and control arms, for the main experimental sample. The top panel
presents means, standard deviations, difference in means, and the p-value from a test of difference in means. We report the following variables in
order: (1) a dummy equal to one if a user was matched to an intake survey response and zero otherwise, (2) a dummy equal to one if they were
matched to Twitter API data, (3) desktop share of Facebook usage, (4) desktop share of Twitter usage, (5) age, in years, (6) a dummy equal to one
if a person is male, (7) a dummy equal to one if a person is a Democrat, (8) a dummy equal to one if a person is an independent, (9) a dummy equal
to one if a person reported white/Caucasian ethnicity, (10) a dummy equal to one if user's Twitter account was private, (11) the number of followers
on Twitter, (12) the number of friends on Twitter, (13) the number of objects the user listed on Twitter, (14) the number of years since registering
an account on Twitter, (15) the total number of posts and comments liked by the user over the account's lifetime, (16) the total number of tweets
posted by the user over the account's lifetime. Variables 3-9 are based on responses to the intake survey. Variables 10-16 are based on Twitter API
data. The bottom panel presents the distribution of users per region in both treatment arms.

Table B.3: Effect of Intervention on Toxicity of Content Shown to Users

Facebook Twitter YouTube

Mean Toxicity =~ Proportion Toxic ~ Mean Toxicity ~ Proportion Toxic  Mean Toxicity = Proportion Toxic

Treated  0:020%* 0+033%** 0+048%** 0+069*** 0+034%** 00053+
(0+001) (0-001) (0+002) (0-002) (0-002) (0+002)
Mean 00249 00209 00487 00459 0+035 00312
SD 00308 00416 00469 00592 0+0376 00499
N 12044 12044 19311 19311 10248 10248

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The dependent variables are the average toxicity of
the content shown to users (Mean Toxicity) and the proportion of content shown to users that is toxic, i.e., with a toxicity score exceeding 0.3
(Proportion Toxic). The unit of observation is the individual-day, where day is measured relative to the intervention date. We include users who
were active on the last day of the study (day 56) or later. Driscoll-Kraay standard errors are parenthesized. , , and denote signi cance at the 10%,
5%, and 1% levels, respectively.

119



Table B.4: Heterogeneity by Baseline Exposure to Toxicity

Preferred Engagement Index Contagiousness
All Platforms Facebook Twitter YouTube  All Platforms Facebook Twitter YouTube

Treated 0-018 0-005 0017 0010 0-005 0-003 0-004 0-038

(0+011) (0-016) (0-016) (0-021) (0-006) (0-006) (0-007) (0-023)
Interaction 0.076*+* 00149%+*  0e092%*** 0-056 0+030*** 0e012%**  (Qe025**  0°108**

(0-012) (0-033) (0-014) (0-035) (0-010) (0-004) (0-010) (0-044)
Mean 040245 0+108 0-0111 0+0664 0-0782 0+0373 0-0748 0-0816
SD 076 04945 04725 0607 0156 0-0851 0145 020
N 37072 26936 36456 28000 12997 6337 8955 1313

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The dependent variables are the preferred index of
user engagement (Preferred Engagement Index) and the average toxicity of the published content, conditional on posting (Contagiousness). The
preferred index is precisely de ned in Section 2.3.1. The independent variables are the treatment dummy and the treatment dummy interacted with
a dummy equal to one if the individual had an above-median exposure to toxic content during the baseline period and zero otherwise. The unit of
observation is the individual-day, where day is measured relative to the intervention date. We include users who were active on the last day of the
study (day 56) or later. Driscoll-Kraay standard errors are parenthesized. , , and denote signi cance at the 10%, 5%, and 1% levels, respectively.

Table B.5: Attrition Regressions

(1) ) ©) 4)

Treatment 0036 0037 0047
(0+023) (0-023) (0+046)
Baseline Toxicity 04583 0556 04222
(0+358)  (0+362)  (0+440)
Baseline Time on Social Media 0008 0-008 0-015*
(0-005)  (0+005)  (0-008)
Baseline Toxicity Treatment 0787
(0+719)
Baseline Time on Social Media Treatment 0-015
(0-010)
Mean 0894 0894 0894 0894
SD 0309 0307 0307 0307
N 742 739 739 739

Note: This table reports estimates of an OLS regression on treatment assignment for our main experimental sample. The dependent variable is a
dummy equal to one if a user completed 56 days of the study and zero otherwise. Column 2 includes the average toxicity score of content displayed
to the user during the baseline (Baseline Toxicity), and its interaction with the treatment dummy. It also includes the average time spent on social
media during the baseline (Baseline Time on Social Media), and its interaction with the treatment dummy. The unit of observation is the individual
user. We include respondents who answered the endline survey. Robust standard errors are parenthesized. , , and denote signi cance at the 10%,
5%, and 1% levels, respectively.

Table B.6: Robustness to Alternative Attrition Threshold

Preferred Engagement Index Contagiousness
All Platforms Facebook Twitter YouTube All Platforms  Facebook Twitter YouTube
Treated 0e045*** 0056*** 0025** 0009 0e019*** 0e011** 0018*** 0037
(0009) (0-012) (0+012) (0-006) (0+005) (0-005) (0006) (0+035)
Mean 00228 00367 0-00541 040212 0+0793 0037 0+0756 00877
SD 0762 0868 Q727 0544 0159 00844 0146 0209
N 38864 33600 38864 38080 13502 6556 9340 1388

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The dependent variables are the preferred index of
user engagement (Preferred Engagement Index) and the average toxicity of the published content, conditional on posting (Contagiousness). The
preferred index is precisely de ned in Section 2.3.1. The unit of observation is the individual-day, where day is measured relative to the intervention
date. We include users who were active on day 42 of the study or later. Driscoll-Kraay standard errors are parenthesized. , , and denote signi cance
at the 10%, 5%, and 1% levels, respectively.
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Table B.7: Robustness to Using Stacked Regression

Preferred Engagement Index Contagiousness

All Platforms Facebook Twitter YouTube All Platforms  Facebook Twitter YouTube
Treated 0+056*** 0°061*** 0e037*** 0-011* 0°020*** 0+011** 00021 *** 0-073
(0-009) (0-012) (0-012) (0+006) (0-006) (0-005) (0-007) (0-044)
Mean 00232 0-0432 0-003 99 0-0188 0-0782 00371 0-0748 0-0805
SD 076 04875 072 054 0156 00848 0145 0-198
N 37184 32312 37184 36456 12997 6411 8962 1341

Note: This table reports estimates from Equation (2.1) with start date x period xed effects for our main experimental sample. The dependent
variables are the preferred index of user engagement (Preferred Engagement Index) and the average toxicity of the published content, conditional
on posting (Contagiousness). The preferred index is precisely de ned in Section 2.3.1. The unit of observation is the individual-day, where day is

measured relative to the intervention date. We include users who were active on the last day of the study (day 56) or later. Driscoll-Kraay standard
errors are parenthesized. , , and denote signi cance at the 10%, 5%, and 1% levels, respectively.

Table B.8: Robustness to Alternative Standard Errors

Preferred Engagement Index Contagiousness

All Platforms  Facebook Twitter YouTube All Platforms  Facebook Twitter YouTube
Treated 0<054* 0+063** 0030 04015 0020*** 0e011** 0e019*** 0037
(0-030) (0-030) (0-033) (0+020) (0-007) (0+005) (0-007) (0-041)
Mean 000232 00432 000399 0-0188 0-0782 0-0371 0-0748 0-0805
SD 076 0875 Q072 054 0156 040848 0145 0198
N 37184 32312 37184 36456 12997 6411 8962 1341

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The dependent variables are the preferred index of
user engagement (Preferred Engagement Index) and the average toxicity of the published content, conditional on posting (Contagiousness). The
preferred index is precisely de ned in Section 2.3.1. The unit of observation is the individual-day, where day is measured relative to the intervention

date. We include users who were active on the last day of the study (day 56) or later. Individually-clustered standard errors are parenthesized. , ,
and denote signi cance at the 10%, 5%, and 1% levels, respectively.

Table B.9: Descriptive Statistics (Survey Experiment)

Summary
N 4,120
Age (years) 41.608 (12.537)
Male 0.494 (0.500)
Minority Status 0.457 (0.498)
Religious 0.640 (0.480)

College 4 Years

Household Income  $70k

Days on Social Media per Week
WTA Comprehension

Full Comprehension

Survey Duration (minutes)
Comments Post 1

Comments Post 2

WTA 100 Posts ($)

0.567 (0.496)
0.488 (0.500)
6.261 (1.512)
0.617 (0.486)
0.523 (0.500)
9.757 (7.167)
0.417 (0.493)
0.343 (0.475)
13.378 (6.737)

Note: The table presents descriptive statistics for the sample of participants who were assigned a treatment condition. For each variable, we report
the sample mean and the standard deviation (in parentheses). We report the following variables in order: (1) age, in years, (2) a dummy equal to
one if a person is male and zero otherwise, (3) a dummy equal to one if they have a minority status, i.e., they selected an answer other than “white”
in a question about ethnicity, or they identify as a Hispanic, Latino, or a person of Spanish origin, or they reported a different sexual orientation
than heterosexual, (4) a dummy equal to one if they declared that they have a religion, (5) a dummy equal to one if they have completed a 4 year
degree or a post-graduate degree, (6) a dummy equal to one if they have a household income greater than $70,000, (7) the number of days in a week
that they consume social media, (8) a dummy equal to one if they correctly answered comprehension questions related to the second price auction
procedure, (9) a dummy equal to one if they correctly answered all comprehension questions, (10) the duration of the survey in minutes, (11) a
dummy equal to one if they clicked to uncover the comments under the rst practice post (NFL post), (12) a dummy equal to one if they clicked to

uncover the comments under the second practice post (the treatment post), (13) willingness to accept for the task of transcribing 100 social media
posts, in US dollars.
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B.3 Additional Analysis: Browser Experiment

In this section, we present additional analysis and robustness results for the browser experi-

ment.

B.3.1 Sensitivity Analysis for Selected Outcomes

We present sensitivity analysis related to two outcomes—active time spent on social media and
ad clicks. We do so to address concerns that the speci ¢ way in which we de ned them drives the

results.

Time Spent on Social Media. Recall that when computing active time spent on a social media
platform, we de ne the end of the session as the user either (1) switching to another platform
(indicated by the extension recording a new element from another platform or a ping related to
another platform) or (2) becoming inactive, i.e., there have been no new elements loaded for at least
3 minutes. The choice of 3 minutes without loading new content as the time required to consider a
user inactive is based on our estimation of the average amount of content on a desktop screen and
the average reading speed of a human (i.e., after 3 minutes the user has likely consumed everything
there is on the page). Table B.10 demonstrates robustness to alternative inactivity thresholds (1,
2, 4,5, and 10 minutes). In the paper, we report that the intervention has negative effects on the
time spent on social media on both Facebook and YouTube. The effect on Facebook is robust to
all ve alternative inactivity thresholds at the 5% level. The effect on YouTube is robust to 1-, 2-,
and 4-minute inactivity thresholds at the 5% level and to a 5-minute inactivity threshold at the 10%
level. Overall, we demonstrate that the results reported in the paper are not driven by choosing a

speci ¢ inactivity threshold.

Ad Clicks. In the paper, ad clicks are measured by observing pings that indicate that a user
accessed a new website, which is not among the platforms that we track, shortly after an ad was

displayed to them on social media. We de ne “shortly after” as before another 12 new elements
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Table B.10: Active Time: Robustness to Alternative Inactivity Thresholds

Inactivity Threshold
1 2 3 4 5 10

Facebook

Treated -1.180%* -1278%* -1314** -1328%* -1202%* -] 230%
(0.292) (0.365) (0.402) (0.437) (0.466)  (0.586)

Mean 9.18 12.36 14.31 15.74 16.89 20.72
SD 24.20 31.33 35.53 38.63 41.14 49.69
N 32312 32312 32312 32312 32312 32312
Twitter
Treated -0.319 -0.460 -0.351 -0.246 -0.169 -0.161
(0.765) (0.909) (1.001) (1.058) (1.132) (1.348)
Mean 17.14 21.38 23.76 25.45 26.76 31.07
SD 35.93 44.34 48.53 51.58 53.97 62.07
N 37184 37184 37184 37184 37184 37184
YouTube

Treated -0.512%*  -0541*  -0.611*  -0.632*  -0.618*  -0.363
(0.189) (0.237) (0.269) (0.305) (0.342)  (0.482)

Mean 4.32 7.04 9.04 10.71 12.15 17.42
SD 15.28 21.77 25.32 28.46 31.26 42.01
N 36456 36456 36456 36456 36456 36456

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The dependent variable is the total active time in minutes
spent on a particular social media platform. Each column corresponds to a different inactivity threshold (1, 2, 3, 4, 5, and 10 minutes) used in
computing the total active time (see Section 2.3.1 in the paper for details on how the outcome is de ned). The top panel presents the results on
Facebook, the middle panel on Twitter, and the bottom panel on YouTube. The unit of observation is the individual-day, where day is measured
relative to the intervention date. We include users who were active on the last day of the study (day 56) or later. Driscoll-Kraay standard errors are
parenthesized. , , and denote signi cance at the 10%, 5%, and 1% levels, respectively.

on the page load and within 2 minutes. These criteria re ect the fact that elements are loaded in
batches—the ad is likely to be recorded with the same or a very similar timestamp as posts next to
it. Table B.11 offers robustness to alternative criteria—before another 8, 10, or 15 elements load on
the page and within 3 or 4 minutes. The negative effect of the intervention on ad clicks on Twitter
is robust to 11 out of 12 combinations of the number of elements and time breaks. The negative
effect on Facebook is robust to extending the time break from 2 to 3 minutes at all levels of the
number of elements. However, it is not robust to the time break of 4 minutes, likely due to a long
time elapsed since the ad was shown, which in ates the noise. We conclude that our results on ad

clicks are robust to alternative de nitions of the outcome, especially on Twitter.

B.3.2 Endline Survey

Outcomes As discussed in the paper, we collected additional outcomes in the endline survey to

complement those recorded by the browser extension. First, without revealing any further informa-
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Table B.11: Ad Clicks: Robustness to Alternative De nitions

Elements

Facebook Twitter

8 10 12 15 8 10 12 15

2-Minute Break

Treated -0.037*  -0.037* -0.037* -0.040%* -0.043* -0.050** -0.051**  -0.057**
(0.015)  (0.015)  (0.015)  (0.016)  (0.016)  (0.017) (0.018) (0.019)

Mean 0.187 0.194 0.197 0.201 0.257 0.274 0.285 0.297
SD 0.876 0.903 0.913 0.925 0.962 1.03 1.07 1.13
N 33152 33152 33152 33152 38360 38360 38360 38360

3-Minute Break

Treated -0.042%  -0.046* -0.046* -0.050*  -0.039*  -0.050**  -0.053*  -0.057*
(0.018)  (0.018)  (0.019)  (0.020)  (0.022)  (0.022) (0.022) (0.023)

Mean 0.27 0.283 0.289 0.296 0.342 0.368 0.387 0.407
SD 1.06 1.10 1.11 1.13 1.10 1.17 1.23 1.29
N 33152 33152 33152 33152 38360 38360 38360 38360
4-Minute Break
Treated -0.030 -0.033 -0.032 -0.038 -0.041 -0.051** -0.054** -0.060**
(0.020) (0.021) (0.022) (0.023) (0.025) (0.025) (0.025) (0.026)
Mean 0.319 0.336 0.345 0.354 0.39 0.421 0.445 0.471
SD 1.18 1.22 1.24 1.26 1.17 1.25 1.32 1.39
N 33152 33152 33152 33152 38360 38360 38360 38360

Note: This table reports estimates from Equation (2.1) for our main experimental sample. The dependent variables are the total active time in
minutes spent on social media platforms (Time) and the number of separate browsing sessions (Sessions). Precise de nitions of these outcomes are
provided in Section 2.3.1. The unit of observation is the individual-day, where day is measured relative to the intervention date. We include users
who were active on the last day of the study (day 56) or later. Driscoll-Kraay standard errors are parenthesized. , , and denote signi cance at the
10%, 5%, and 1% levels, respectively.

tion about the study, we used a dynamic MPL to elicit participants' willingness to pay (or accept)

for keeping our extension installed for another month. We asked patrticipants whether they would
prefer to “keep our browser extension installed for one more month” or “receive $X”, with the
possible values of - 2 f0—0¢5—1—- 15— 2—4—6g. In addition, we asked whether they would prefer to
“keep our browser extension installed for one more month AND receive $Y” or “receive $0”, with

the possible values of . 2 f0—0¢5—1—15—2—4—6g. We randomly selected 10 participants for whom
one of the MPL choices was implemented.

Second, we elicited the impact of the intervention on participants' self-reported well-being.
Here, we followed the methodology proposed by Allcott et al. 2020 by selecting six of their survey
guestions encapsulating subjective well-being. Three measures pertain to positive emotions and
behavior: happiness, life satisfaction, being absorbed in doing something worthwhile. The other
three focus on the negative aspects: depression, anxiety, and boredom. To evaluate the outcome, we

created an index aggregating the answers to the six questions. For each individual, we computed
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ng be': g where His the numerical answer to the §uestion, kiis its mean, and §the standard
deviation, with the negative measures (a higher value indicates lower well-being) re-scaled by 1.
In each question, we emphasized the period of interest—the last six weeks, focusing attention on
the intervention time.

Lastly, to analyze whether a lower exposure to toxic content reduces users' normalization of
hateful attitudes, we asked the participants to read seven online comments and indicate to what ex-
tent they consider each of them toxic. The statements were displayed in random order. We selected
the texts from the training dataset for the Jigsaw challenges. The chosen statements represent dif-
ferent degrees of toxicity, with Jigsaw's toxicity scores ranging from 0.4 to 0.93. We provided the
survey participants with the same de nitions of toxicity and the same comment evaluation scale as
the ones faced by Jigsaw's annotators. We computed the proportion of people who reported each

statement to be “Toxic” or “Very Toxic” to maintain the original fractional interpretation of toxicity

scores. Then, we averaged the proportions across the statements to report the nal outcome.

Results Table B.12 shows that the hiding intervention had an insigni cant effect on the willing-
ness to pay/accept for using the browser extension for an additional month. The sample size of 375
users is small, especially given that we perform between-subjects analaysis, without being able to

rely on difference-in-differences estimation. Hence, we treat the null result as inconclusive.

Table B.12: Effect of Intervention on Users' WTA/WTP for the Extension

Willingness to Pay/Accept

Treated 0.125
(0.289)
Mean 4.80
SD 2.78
N 375

Note: This table reports estimates of an OLS regression on treatment assignment for our main experimental sample. The dependent variable is the
willingness to pay/accept for using the browser extension for an extra month. The unit of observation is the individual user. We include respondents
who answered the endline survey. Robust standard errors are in parentheses. *signi cant at 10%; ** signi cant at 5%; *** signi cant at 1%.

Table B.13 focuses on measures of user well-being collected in the endline survey. Overall,

we do not detect a signi cant effect of the hiding intervention on the index of individual well-
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being. Moreover, we nd that the treatment had no signi cant impact on any components of
the index considered in isolation. These ndings provide suggestive evidence that exposure to
toxicity may not be the main driving force behind the negative effects of social media on well-
being, a relationship well-documented in the literature. This point should be treated with caution
given the small sample size. We hope that our design will be applied in the future to investigate
toxicity's impact on well-being with a larger group of users, an important step in understanding

the mechanisms through which social media affects individual welfare.

Table B.13: Effect of Intervention on Users' Well-Being

Index Happiness Satisfaction Depression Anxiety Worthwile Boredom

Treated -0.027  -0.148 -0.073 0.019 0.091  -0.065  -0.043
(0.075)  (0.141) (0.159) (0.091)  (0.091)  (0.092)  (0.103)

Mean  -0.00 4.79 4.97 -1.92 -2.26 2.77 -1.95

SD 0.72 1.36 1.52 0.87 0.87 0.88 0.99

N 370 373 370 370 370 370 370

Note: This table reports estimates of an OLS regression on treatment assignment for our main experimental sample. The dependent variables are an
index of well-being and its components. The wording of survey measures for each component are provided in Section B.5.3. The unit of observation
is the individual user. We include respondents who answered the endline survey. Robust standard errors are in parentheses. *signi cant at 10%; **
signi cant at 5%; *** signi cant at 1%.

Lastly, we investigate a potential mechanism behind contagiousness of toxicity, namely, that
exposure to toxic content contributes to normalization of toxic behavior, which then increases the
likelihood that users engage in such behavior. Despite the overall strong effect of the exposure on
toxicity of own content (as reported in the paper), we nd no evidence of normalization of toxicity.
The results are presented in Table B.14. The effect on the index summarizing users' ratings of the
seven toxic statements is insigni cant, which offers suggestive evidence that exposure to toxicity
does not change their opinions on what is considered toxic. We also do not detect signi cant effects

on toxicity ratings for any of the seven statements individually.
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Table B.14: Effect of Intervention on Users' Ratings of Toxic Statements

Index C1 c2 C3 C4 C5 C6 c7

Treated -0.001 -0.058 0.021 -0.007 -0.005 -0.004 -0.029 0.077
(0.023) (0.050) (0.041) (0.049) (0.027) (0.052) (0.043) (0.051)

Mean 0.59 0.65 0.81 0.68 0.93 0.45 0.22 0.40
SD 0.22 0.48 0.40 0.47 0.26 0.50 0.41 0.49
N 367 367 367 367 367 367 367 367

Note: This table reports estimates of an OLS regression on treatment assignment for our main experimental sample. The dependent variables are
an index of users' evaluation of the toxicity of 7 social media posts and its components (C1-C7). The statements are provided in Section B.5.3.
The unit of observation is the individual user. We include respondents who answered the endline survey. Robust standard errors are in parentheses.
*signi cant at 10%; ** signi cant at 5%; *** signi cant at 1%.

B.3.3 Topic Analysis

In Section 2.3.3 of the paper, we report results of classifying posts and comments shown to
users during the study into 26 different topic categoti¥¥e relied on gpt-4o with temperature set

to zero. Below, we provide the exact wording of prompts used for the analysis.

System prompt You'll be asked to say what percent of social media posts talk about 26 topics.
Reply with ONLY a comma-separated list of 26 numbers. Each number should be between 0 and
1 and have 2 decimals, representing the % of posts that talk about each topic. Each post can talk

about multiple topics.

User prompt What percent of posts below talk about each of the following 26 topics?: 1) Au-
tomotive, 2) Beauty, 3) Books and literature, 4) Business, 5) Careers, 6) Education, 7) Events, 8)
Family and parenting, 9) Food and drink, 10) Gaming, 11) Health, 12) Hobbies and interests, 13)
Home and garden, 14) Law, government, and politics, 15) Life stages, 16) Movies and television,
17) Music and radio, 18) Personal nance, 19) Pets, 20) Science, 21) Society, 22) Sports, 23) Style
and fashion, 24) Technology and computing, 25) Travel, 26) Other. Subsequently, we provided

user's posts on a given day.

These are the topic categories that Twitter relies on when allowing advertisers to target speci ¢ users with their
ads.
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B.4 Additional Analysis: Survey Experiment

In this section, we present additional analysis and robustness results for the survey experiment.

B.4.1 Robustness to Excluding Pilot Observations

Following our pre-registration, and in order to maximize statistical power, the sample in the
paper (N=4,120) includes 414 pilot observations. Below, we reproduce regression tables for our
primary outcomes excluding the pilot observations. Table B.15 shows the treatment effects on
user engagement, measured as the likelihood of clicking to uncover the comment section below
the treatment post. All signi cant results on user engagement reported in the paper are robust
to excluding the pilot observations. This includes the main speci cation comparing the pooled
treatments against the pooled controls (p<0.001), as well as the effects of different types of toxicity

(hate speech and profanity).

Table B.15: User Engagement (Pilot Excluded)

Pooled Hate Profanity
All Comp. All Comp. All Comp.

Toxic 0.059 0.083 0.093 0103  0.025 0.063
(0.016) (0.022) (0.022) (0.032) (0.022) (0.032)

Mean 0.34 0.42 0.35 0.42 0.34 0.41
SD 0.47 0.49 0.48 0.49 0.47 0.49
N 3638 1921 1816 961 1822 960

Note: The table is based on a sample of all people who completed the second practice post, excluding the pilot observations (N=3,638). Column 1
shows the results of a regression of a dummy variable equal to one if a participant clicked to uncover the comment section below the second practice
post and zero otherwise on a dummy variable equal to one if they were assigned one of the toxic treatments (either the hate speech treatment or
the profanity treatment) and zero otherwise. Column 2 provides the same regression but with a sample restricted to individuals who passed all
comprehension checks. Columns 3-4 pertain to speci cations analogous to those in Columns 1-2 but with the sample restricted to individuals who
were in the hate speech treatment or the hate speech control. Columns 5-6 pertain to speci cations analogous to those in Columns 1-2 but with the
sample restricted to individuals who were in the profanity treatment or the profanity control. Robust standard errors are in parentheses. *signi cant
at 10%,; ** signi cant at 5%; *** signi cant at 1%.

Table B.16 shows treatment effects on the WTA to transcribe 100 social media posts, excluding
the pilot observations. As highlighted in the paper, the result that hate speech increases the WTA
for the transcription task is not robust to the exclusion, although the relevant coef cients remain

positive. The results on profanity's impact are virtually unchanged, with coef cients very close to
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zero. We interpret the results as an indication that the engagement ndings cannot be explained by
people having positive utility of consuming toxic content.

Table B.16: WTA for Transcribing (Pilot Excluded)

Hate Profanity
All WTA Comp. Comp. All WTA Comp. Comp.
Toxic  0.455 0.455 0.300 0.125 0.076 -0.012
(0.319) (0.406) (0.439) (0.314) (0.388) (0.421)
Mean 13.67 13.44 13.32 13.27 12.91 12.89
SD 6.79 6.82 6.81 6.71 6.49 6.52
N 1815 1128 961 1822 1123 960

Note: The table is based on a sample of all people who provided the willingness to accept for transcribing 100 social media posts, excluding the
pilot observations (N=3,637). Column 1 shows the results of a regression of the willingness to accept (WTA) for transcribing 100 social media
posts on a dummy variable equal to one if the participant was assigned the hate speech treatment and zero if they were assigned the hate speech
control. Column 2 provides the same regression but with a sample restricted to individuals who passed the comprehension checks about the WTA
elicitation. Column 3 provides the same regression as Column 1 but with a sample restricted to individuals who passed all comprehension checks.
Column 4 shows the results of a regression of the WTA for transcribing 100 social media posts on a dummy variable equal to one if the participant
was assigned the profanity treatment and zero if they were assigned the profanity control. Column 5 provides the same regression but with a sample
restricted to individuals who passed the comprehension checks about the WTA elicitation. Column 6 provides the same regression as Column 4 but
with a sample restricted to individuals who passed all comprehension checks. Robust standard errors are in parentheses. *signi cant at 10%; **
signi cant at 5%; *** signi cant at 1%.

B.4.2 Heterogeneity Analysis

As discussed in the paper, we test for heterogeneity of the treatment effects by gender, age, mi-
nority status, and religiosity. Table B.17 indicates no heterogeneous effects of hate speech, against
the associated control, on user engagement. Similarly, Table B.18 reveals no heterogeneous effects
of profanity, against the associated control, on gender, minority status, or religiosity. However,
we report an interesting result by age. For older individuals (35+), the effect of profanity on user
engagement is strong (5.9 pp). Yet, the overall effect is dampened by a signi cantly lower effect
for young people (p=0.027)—in fact, it has the opposite sign (4+1 pp).

Table B.19 reveals two potential moderators for the effects of hate speech on the WTA to
transcribe 100 social media posts at the 10% level. Both religiosity and belonging to a minority
group weaken positive effects on the WTA. This suggests the following association: those more
likely to be targeted by hate speech (members of minority groups) adjust the WTA by less in the
presence of hate speech. Lastly, Table B.20 indicates no signi cant moderators for the effects of

profanity on the WTA.

129



Table B.17: Heterogeneous Effects of Hate Speech on User Engagement

(1) () ©) (4) (5)

Toxic 0.094 0.088 0.085 0.082 0.114
(0.021) (0.030) (0.026) (0.028) (0.036)
Toxic Male 0.013
(0.042)
Toxic Young 0.029
(0.044)
Toxic Minority 0.027
(0.042)

Toxic Religious -0.030

(0.044)
Mean 0.35 0.35 0.35 0.35 0.35
SD 0.48 0.48 0.48 0.48 0.48
N 2021 2021 2021 2021 2021

Note: Column 1 shows the results of a regression of a dummy variable equal to one if a participant clicked to uncover the comment section below
the second practice post and zero otherwise on a dummy variable equal to one if they were assigned the hate speech treatment and zero if they
were assigned the hate speech control. Speci cations in Columns 2-5 extend speci cation (1) by including an additional dummy variable and its
interaction with the hate speech dummy. In Column 2, the additional variable is a dummy equal to one if the individual is male. In Column 3, itis

a dummy equal to one if the individual is younger than 35 years old. In Column 4, it is a dummy equal to one if the individual is a member of a
minority group (based on ethnicity or sexual orientation). In Column 5, it is a dummy equal to one if the individual reports being religious. Robust
standard errors are in parentheses. *signi cant at 10%; ** signi cant at 5%; *** signi cant at 1%.

Table B.18: Heterogeneous Effects of Profanity on User Engagement

(1) (2) ©) (4) (5)

Toxic 0.028 0.029 0.059 0.027 0.013
(0.021) (0.030) (0.025) (0.028) (0.035)
Toxic Male -0.006
(0.042)
Toxic Young -0.100
(0.045)
Toxic Minority 0.002
(0.042)

Toxic Religious 0.022

(0.044)
Mean 0.34 0.34 0.34 0.34 0.34
SD 0.47 0.47 0.47 0.47 0.47
N 2028 2028 2028 2028 2028

Note: Column 1 shows the results of a regression of a dummy variable equal to one if a participant clicked to uncover the comment section below
the second practice post and zero otherwise on a dummy variable equal to one if they were assigned the profanity treatment and zero if they were
assigned the profanity control. Speci cations in Columns 2-5 extend speci cation (1) by including an additional dummy variable and its interaction
with the profanity dummy. In Column 2, the additional variable is a dummy equal to one if the individual is male. In Column 3, itis a dummy equal

to one if the individual is younger than 35 years old. In Column 4, it is a dummy equal to one if the individual is a member of a minority group
(based on ethnicity or sexual orientation). In Column 5, it is a dummy equal to one if the individual reports being religious. Robust standard errors
are in parentheses. *signi cant at 10%,; ** signi cant at 5%; *** signi cant at 1%.
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Table B.19: Heterogeneous Effects of Hate Speech on WTA to Transcribe

(1) @) (3) (4) (5)

Toxic 0.624 0.314 0.543 1.151 1.364

(0.301) (0.402) (0.380) (0.405) (0.508)
Toxic Male 0.631

(0.604)
Toxic Young 0.322
(0.609)
Toxic Minority -1.165
(0.605)
Toxic Religious -1.142
(0.631)

Mean 13.61 13.61 13.61 13.61 13.61
SD 6.77 6.77 6.77 6.77 6.77
N 2020 2020 2020 2020 2020

Note: Column 1 shows the results of a regression of the willingness to accept for the task of transcribing 100 social media posts on a dummy variable
equal to one if they were assigned the hate speech treatment and zero if they were assigned the hate speech control. Speci cations in Columns 2-5
extend speci cation (1) by including an additional dummy variable and its interaction with the hate speech dummy. In Column 2, the additional
variable is a dummy equal to one if the individual is male. In Column 3, it is a dummy equal to one if the individual is younger than 35 years old.
In Column 4, it is a dummy equal to one if the individual is a member of a minority group (based on ethnicity or sexual orientation). In Column 5,
itis a dummy equal to one if the individual reports being religious. Robust standard errors are in parentheses. *signi cant at 10%; ** signi cant at

5%,; *** signi cant at 1%.

Table B.20: Heterogeneous Effects of Profanity on WTA to Transcribe

(1) () ©) (4) (5)

Toxic 0.033 -0.072 0.112 0.022  -0.568

(0.297) (0.400) (0.367) (0.407) (0.509)
Toxic Male 0.190

(0.596)
Toxic Young -0.034
(0.619)
Toxic Minority 0.063
(0.595)
Toxic Religious 0.948
(0.627)

Mean 13.15 13.15 13.15 13.15 13.15
SD 6.70 6.70 6.70 6.70 6.70
N 2028 2028 2028 2028 2028

Note: Column 1 shows the results of a regression of the willingness to accept for the task of transcribing 100 social media posts on a dummy
variable equal to one if they were assigned the profanity treatment and zero if they were assigned the profanity control. Speci cations in Columns
2-5 extend speci cation (1) by including an additional dummy variable and its interaction with the profanity dummy. In Column 2, the additional
variable is a dummy equal to one if the individual is male. In Column 3, it is a dummy equal to one if the individual is younger than 35 years old.
In Column 4, itis a dummy equal to one if the individual is a member of a minority group (based on ethnicity or sexual orientation). In Column 5,

it is a dummy equal to one if the individual reports being religious. Robust standard errors are in parentheses. *signi cant at 10%,; ** signi cant at

5%; *** signi cant at 1%.
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B.5 Supplementary Materials

This section contains supplementary materials accompanying both the browser (Section 2.3
of the paper) and the survey (Section 2.4 of the paper) experiments. In Section B.5.1, we present
additional information about the browser extension, such as the onboarding process and the privacy
policy. In Section B.5.2, we discuss our secondary method of recruitment—promotion by the
Mozilla Foundation. In Section B.5.3, we provide the wording of all demographic questions as
well as questions used to elicit outcomes in the browser experiment (intake survey and endline

survey). Section B.5.4 contains the corresponding materials for the survey experiment.

B.5.1 Browser Extension

We provide more information about our custom-built browser extension Social Media Re-

search. In particular, we outline the installation sequence, onboarding, and our privacy policy.

Store Listing

During the intake survey, we provided each individual with a link to the store compatible with
their browser. On clicking the link, users accessed our extension's store listing page (Figure B.11),
which outlined the core functionality, our privacy policy, and contact details of the researchers and
the IRBs.

Prospective users could read that their participation in the study helps “the academic community
understand how people interact with social media.” and that the extension “can improve [their]

user experience on Twitter, YouTube, and Facebook”. Furthermore, we informed them that the
extension “may optimize [their] Twitter, YouTube, and Facebook pages by changing page content”.
The store description did not directly reference hate speech or moderation of toxic content. In an
attempt to obfuscate the exact purpose of the study, we chose to describe the functionality in
general high-level terms that among other things could include hiding toxic content. Following the

advice from the IRBs overseeing the study, we provided a more precise description of the purpose
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