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Abstract

This paper studies the drivers of engagement with harmful social media content,
assessing the role of recommendation algorithms in reinforcing existing behavioral pat-
terns. A large-scale experiment replacing personalization algorithms with random con-
tent delivery for more than a million users on a prominent Indian platform reduced
overall usage, underscoring the algorithms’ importance in optimizing engagement and
advertising revenue. The intervention moderated the content feed of more extreme
users, exposing them to content typically viewed by an average user. Surprisingly, the
estimated probability of ‘sharing’ harmful anti-minority (or toxic) content increased
by 8 pp among the treated users, despite a 9 pp decrease in the proportion of toxic
posts viewed on average. The inelastic sharing of toxic content implies users actively
engage with preferred posts, regardless of algorithmic recommendations. These results
are consistent with a behavioral model where users ‘share’ content to signal their true
characteristics and their conformity with the behavior of other users in their network.
I estimate this model to show that a 1% reduction in new exposure to toxic content
through the algorithms decreases ‘sharing’ of toxic posts by influencing user behavior
only by 0.16%, such that the remaining variation in engagement is explained by user
tastes. Therefore, regulatory measures aimed at reducing engagement with problem-
atic content may have limited effectiveness, as user preferences significantly contribute
to the spread of harmful content.
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1 Introduction

The Information and Communication Technology (ICT) sector in India constitutes over
13% of the country’s GDP, and this contribution is expected to increase to 20% by 2025
(ITA, 2024). Firms in the ICT sector, including social media, OTT, and online shopping
platforms, heavily invest in developing and improving feed-ranking technologies— machine
learning algorithms designed to maximize usage by setting the order in which content is
presented to users on various platforms. The personalization algorithms increase the time
users spend on platforms by reducing search costs of online content (Goldfarb and Tucker,
2019). Such cutting edge, albeit opaque technologies enhance firm profitability by drawing
advertisers to the platforms in large numbers (Gentzkow and Shapiro, 2010).

However, as an average person spent 151 minutes on social media platforms each day
in 2022, increased social media usage has amplified concerns about the harms caused by
these black box algorithms (Statista, 2023; Allcott et al., 2020). Social media usage is spec-
ulated to worsen mental health outcomes, and even radicalize users because online political
divisions are thought to be deepened by these algorithms (Guess et al., 2023a; Agan et al.,
2023; Van Bavel et al., 2021). This is because recommendation systems may reinforce user
beliefs by creating political ‘filter bubbles’ (Sunstein, 2001).! Recommendation algorithms
are thought to increase political polarization, and therefore, need to be regulated, even when
such regulation makes social media platforms less profitable. In developing countries with
weak democratic institutions like India, political divisions on the digital commons mani-
fest as direct attacks by members of the majority group on minorities by propagating toxic
anti-minority posts (Garimella and Eckles, 2017).2

Lawmakers in the United States Senate as well as the Supreme Court are discussing
regulatory frameworks for personalization algorithms adopted in the social media industry,
which caters to 300 million users in the US alone. However, the policy implications, both
for platforms and users, of regulating recommendation algorithms used in the ICT sector
are understudied, especially in the context of developing countries like India. Such policies
can only be effective in reducing engagement with harmful content if regulators take into
account the fact that consumption is some unobserved combination of user tastes and rec-
ommendation algorithms, each reinforcing the other (Hosseinmardi et al., 2024). Therefore,
careful empirical work is needed to estimate the effects of customization algorithms in a way
that disentangles the effects of user preferences, from the persuation effects of exposure, in
driving problematic behaviors online (DellaVigna and Gentzkow, 2010).

This paper addresses three key research questions. First, to what extent are socially
undesirable behaviors, such as ‘sharing’ posts that are hurtful towards minority groups,
enabled by exposure to toxic content via personalization algorithms? Second, how malleable

!These harms are important to study because political divisions on social media platforms can limit
participation of diverse view points in building public discourse, and can be detrimental to the quality
of democracy (Acemoglu, 2021). Moreover, these platforms have been shown to cause increased offline
violence (Miiller and Schwarz, 2021). These phenomenon have most commonly been studied on platforms
like Facebook, Twitter or WhatsApp (Aridor et al., 2024; Tucker et al., 2018).

ZPerspective is a free API that uses machine learning to identify ‘toxic’ comments, where toxicity is
defined as “rude, disrespectful, or unreasonable comment that is likely to make someone leave a discussion.”
See https://perspectiveapi.com/how-it-works/ for a comprehensive guide.
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is user behavior when exposed to automatically personalized social media feeds? Third,
what is the cost, in terms of user retention and engagement, of regulating machine learning
algorithms to social media platforms? A rich literature in economics has characterized the
demand for content from traditional media sources, in addition to measuring the effects of
biased media exposure on human behavior.®> However, the findings of this literature cannot
be generalized because unlike broadcast media, social media platforms customize information
that users are exposed to, by way of algorithms.

In order to answer these questions, I conducted a large-scale experiment in collaboration
with a TikTok-like Indian social media platform, with close to 200 million monthly active
users (henceforth called SM), for 11 months in 2023. My intervention effectively ‘switched
off” the personalization algorithm for close to a million randomly picked treated users, and
exposed them to randomly picked content instead. Therefore, exposure to content in the
treatment group was given purely by chance. This enabled, under certain assumptions,
identification of behavioral responses to exposure to various kinds of content via the algo-
rithm. In particular, I study engagement with toxic content when the treatment reduced a
user’s exposure to such content, where post toxicity was defined as per Google’s Perspective
algorithm.*

Treatment was randomly assigned at the user level, and less than 1% of SM’s users
were treated.® Note that, the recommendation algorithm for control users continued to
optimize over various metrics of user satisfaction during the intervention period.® SM'’s
typical recommendation algorithm, like that of Netflix, does this by serving users the kind
of content they have engaged with in the past. This is operationalized through contextual
embeddings that are obtained by factorizing engagement matrices constructed at the user-
post level (Athey and Imbens, 2019), as is delineated in greater detail later. These embedding
vectors represent some abstract measure of user tastes over social media content as learned
by the personalization algorithm. For treated users, these learned embedding vectors were
replaced with a random draw of user features or ’taste vectors’ in the same latent space. This
effectively randomized exposure to posts for treated users during the intervention period.

On average, treatment reduced an average user’s exposure to toxic content (measured
as the proportion of toxic posts viewed out of all posts viewed) by 8.65 percentage points.
Surprisingly, the intervention increased engagement with toxic content (measured as the
proportion of toxic posts shared out of all posts shared) by 7.77 percentage points. I also
find that about 15% of the treated users left the platform in the 11-month experimental
period, and only 5% left immediately after the intervention began, but treated leavers were

3See DellaVigna and La Ferrara (2015) for a comprehensive review.

41 measure toxicity of content using Perspective’s Machine Learning models developed by Google sub-
sidiary Jigsaw, to identify abusive comments (Jiménez Durdn, 2022). Perspective has been adopted
by organizations like The New York Times to automatically regulate and filter abusive comments (See
https://perspectiveapi.com/case-studies/).

5T could not stratify the randomization procedure, say by geographic location, due to constraints on
engineering capacity in SM’s data science teams. Note that the experimentation and survey data collection
coincided with mass layoffs in the tech sector, which severely impacted SM’s economic prospects. In this
way, the intervention differed from the stratification strategy proposed in the pre-analysis plan.

6Satisfaction is measured using number of logins and number of posts viewed, as well as engagement
with posts that are liked, shared, or commented upon between February 10, 2023 and March 10, 2023. The
baseline period considered in this study is December, 2022.
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indistinguishable from the control leavers along observable user characteristics. I performed
various robustness checks to show that the results were not driven by selection of treated
users who stopped using the platform.

The inelastic nature of user demand for toxic content suggests that users actively seek
out posts aligning with their preferences, even when such content is not readily served to
them via the recommendation algorithm.” This behavior may be attributed to users placing
high value on sharing toxic content when they encounter fewer toxic posts during the inter-
vention, possibly due to diminishing returns from sharing such content. To investigate this
phenomenon, I devised a novel statistical test to detect the presence of ’behavioral’ effects
in the estimated treatment effects. The hypothesis that the treatment 'mechanically’ led
to a reduction in toxic shares is rejected because the proportional treatment effect on toxic
sharing is distinct from the proportional treatment effect on toxic viewing.® This means
that the marginal returns from sharing toxic content are not constant with respect to the
proportion of toxic content viewed.

This statistical test suggests that the returns to sharing toxic posts are, in fact, higher for
treated users who were exposed to less toxic content. This could be attributed to users’ innate
tastes or preferences for toxic content, or because exposure to new content somehow changes
user behavior. The results are consistent with a model where users engage with posts not just
for their consumption value, but also because they learn about society’s tastes for different
types of content from the algorithm-generated content feed. In other words, content feeds
may expand or contract users’ Overton Windows, which are the range of ideas considered
acceptable in public discourse (Astor, 2019). Consequently, users may share content to signal
their characteristics or their conformity with their own group. The experimental variation
intervenes upon this signaling channel by exogenously altering users’ perception of society’s
tastes through the random assignment of content. However, to disentangle the effect of user
tastes from the behavioral effect of signaling conformity due to exposure to new content,
additional assumptions need to be made.

I build a behavioral model to characterize sharing behavior. In the model, users make
sharing decisions by weighing the new information (about society’s tastes for tocix content)
they receive through the algorithm, against their innate tastes for such content. Then,
users and algorithm are said to be in steady state when the probability of the algorithm
recommending a toxic post, and the probability of the user sharing the post is expected
to be constant over time. This equilibrium condition provides the identifying conditions
for behavioral changes with respect to users’ baseline behavior (used as a proxy for tastes)
and to the algorithm’s content recommendations.’ The estimation strategy derived from
the model is non trivial because posts are drawn independently at random from the same
distribution on each day for all treated users. As a result, there is constant exposure across
treated users on average due to the Law of Large Numbers, resulting in insufficient variation
in toxic exposure to directly estimate behavioral responses. Therefore, the effect of random
exposure to toxic content does not identify the behavioral effect of content exposure. This

"The elasticity of toxic sharing with respect to toxic viewing is estimated to be 0.73, and significantly
less than 1.

8Here, treatment effect is said to be mechanical when the change in toxic shares is always a fixed proportion
of toxic views.

9The behavioral effects are parameterized by the rate at which users update their view of the world



is why I cannot use a standard difference-in-difference estimator, but regress differences in
toxic sharing on levels of toxic viewing.

The structural estimates indicate that the odds of sharing toxic content decrease by
0.16% when the proportion of toxic content viewed decreases by 1%, relative to the propor-
tion of non-toxic content viewed. Therefore, exposure to toxic content via recommendation
algorithms is shown to play a significant role in changing online behavior. Additionally, the
structural model implies that most of the variation in users’ sharing behavior is determined
by sharing behavior at baseline. This implies that user behavior in response to content
exposure is fairly sticky in the short run.

These estimates are derived after making corrections for measurement error in the in-
dependent variable, which is a binary variable indicating if a post viewed at baseline was
toxic.1® This variable is typically measured with error because toxic posts are sampled by the
recommendation algorithm from a list of toxic posts according to some binomial distribution.
Further, users typically view only a fraction of content assigned to them by the algorithm in
a ranked list of posts. This paper makes another methodological contribution by proposing
a novel method to correct for this error in the main explanatory variable, i.e. proportion of
toxic content viewed at baseline, using a novel instrument. I regress the engagement outcome
on half the toxic posts viewed by a user, and instrument this explanatory variable with the
other half of toxic posts viewed. This corrects the measurement error due to the exclusion
restriction baked into the instrument.

My results have a number of important policy implications for regulating digital tech-
nologies to minimize harm and political polarization, especially in developing countries. Any
intervention that reduces exposure to toxic content, or increases exposure to other types of
content, leads to behavioral changes. A regulator would want to make sure that these be-
havioral changes do not counteract the mechanical effects of the reduced toxic exposure, to
minimize discrepancy between the actual and intended effect of the intervention. I show
that while the intervention significantly reduces the proportion of toxic content viewed, a
significantly large proportion of new behaviors can be predicted using engagement patterns
at baseline. Therefore, any intervention that reduces toxic exposure may not be entirely
effective in changing user behavior.

The remaining paper is organized as follows. Section 1.1 identifies contributions of this
paper in light of a growing literature on the economics of social media as well as regulation of
new black-box technologies and algorithms. Sections 2 and 3 provide details of the context
and data respectively. Section 4 delineates the design of the experiment, and provides
reduced form estimates that motivate an interrogation of mechanisms via a structural model
in Section 5. In this Section, I also model the appropriate measurement error correction when
toxic posts viewed are randomly sampled from the list of posts assigned. Finally, Section 6
provides the structural estimates, and Section 7 concludes.

Oaveraged at user level.



1.1 Relevant Literature

Content recommendation algorithms are often accused to boost engagement with undesirable
types of content, like hate speech, on social media platforms across the world.!* However, it
is unclear if this phenomenon is driven by solely by algorithmic exposure to toxic content,
or by users’ pre-existing preferences over such content. This is because the algorithms are
optimized to enhance user satisfaction using revealed preferences that the algorithm learns
from users’ past engagement behavior. On the other hand, user preferences for content could
be influenced by the content they view, so that users can convincingly signal that they are
engaging with posts that are popular in their network. The main objective of this paper is
to understand these human-computer interactions in shaping digital spaces. In doing so, the
paper contributes to three strands of the literature.

First, it relates very closely to the recent and major contributions of Guess et al. (2023b)
and Guess et al. (2023a) in studying the role of machine learning algorithms employed by
Meta in driving political polarization during the 2020 US Presidential Electionsature on
the effects of new technologies on political outcomes like protest participation (Enikolopov
et al., 2020; Manacorda and Tesei, 2020; Enikolopov et al., 2018; Cantoni et al., 2023), voting
behavior (Zhuravskaya et al., 2020; Fujiwara et al., 2023), mental health (Allcott et al., 2020;
Braghieri et al., 2022) as well as targeted attacks on vulnerable communities by non-state
actors (Bursztyn et al., 2019; Miiller and Schwarz, 2021). This literature mainly focuses on
the threats of social media and black box Al technologies in the context of authoritarian
regimes, where state actors may be involved in surveillance and pushing pro-government
narratives (Beraja et al., 2023a,c).

The literature recognizes the importance of online outcomes like mobile phone usage
(Bjorkegren, 2019), digital addiction (Allcott et al., 2022; Aridor, 2022), news consumption
(Levy, 2021), spread of misinformation (Acemoglu et al., 2021), radicalization (Hosseinmardi
et al., 2020), and employment of surveillance technologies (Beraja et al., 2023b). There is also
an increasing interest in social media’s role in engagement with hate speech (Jiménez Duran,
2022; Jiménez Durédn et al., 2023), and in regulatory policies to check this trend (Beknazar-
Yuzbashev et al., 2022). I contribute to this literature by studying relevant behavioral and
political outcomes in the highly fragmented political context of 1.26 billion Indian people,
using experimental data that includes millions of social media users.

I do not rely on survey outcomes and instead analyze preferences revealed ‘in the wild’
through high-frequency engagement behavior of users with millions of posts on SM. Partici-
pants in my study were assigned treatment randomly. As a result, I gather data on outcome
variables for all users, and not just a self-selected sample of users (who have been commonly
asked to consent to participate in surveys in related prior work). Additionally, I observe
user behavior for a considerably long time span, i.e. fourteen months. Along with obtaining
the administrative data, I also conducted a large-scale and unique experiment to measure
behavioral responses to widely adopted technologies. The intervention lasted for 11 months.

Second, this paper relates to a rich literature studying the relationship between media
bias and political polarization (DellaVigna and Kaplan, 2007; Gentzkow and Shapiro, 2010,
2011; Chiang and Knight, 2011; Durante and Knight, 2012; Boxell et al., 2022). Even though
social media differs from traditional media in some key aspects (most notably, entry cost

Uhttps://www.bbc.com/news/world-africa-67275219
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and personalization of content), existing literature sheds light on how exposure to content
changes important aspects of human behavior (Jensen and Oster, 2009; Ferrara et al., 2012).
While various channels, like change in social norms or adoption of ‘excuses’, have been
suggested in the literature (Bursztyn et al., 2020a,b; Bursztyn and Jensen, 2017), I show
that social media engagement is driven by utility derived from signaling one’s type while
conforming to one’s own own group (Becker, 1991; Besley and Coate, 1992; Bénabou and
Tirole, 2011; Ali and Bénabou, 2020; Butera et al., 2022). However, experimental evidence
on behavioral outcomes due to (social) media bias and algorithmic content customization is
scarce, especially on TikTok-like platforms that currently attracts a large proportion of social
media users (Aridor et al., 2024). I add to this literature by studying economic and political
outcomes when content exposure is personalized using machine learning algorithms on newer
platforms. This is contrasted with the effect of broadcast media in changing behavior.

Finally, I contribute to the burgeoning literature on the economics (and regulation) of
black box algorithms (Rambachan et al., 2020; Aridor et al., 2022) by precisely estimat-
ing the role of these algorithms in driving engagement with new technologies in potentially
harmful ways. These human-computer interactions are especially important to study in the
presence of behavioral responses that may have unanticipated or unintended consequences
(Bjorkegren et al., 2020; Hosseinmardi et al., 2024). I study these questions in the con-
text of a very large developing country where these technologies have been introduced only
recently, and so robust regulatory frameworks are currently absent. Fairness concerns of
algorithms notwithstanding (Kleinberg et al., 2018), there is a growing interest in the im-
pact of algorithms in a world where they have a wide variety of applications (Arnold et al.,
2021). Examples of such human-computer interactions include online shopping for given per-
sonalized information, decision making in the legal system, and hiring in the labor market
(Kleinberg et al., 2022; Agan et al., 2023; Ludwig and Mullainathan, 2021).

My large-scale experiment in the (developing) world’s second largest market for social
media complements this literature by studying the degree of malleability in human behavior,
in the face of algorithms. Using a structural model, I demonstrate how behavioral patterns
influence algorithmic recommendations, and how this in turn generates behavioral responses.
This is done by disentangling user incentives to use social media platforms to gain consump-
tion utility, as well as public recognition utility from signalling. While social media platforms
aggressively use algorithms to retain users on the platform, users are active agents who often
seek out the content that aligns with their pre-existing biases. This is important as more
and more people interact with technologies that generate customized feeds using different
types of machine learning algorithms, in contexts with scant regulations.'? Crucially, user re-
sponses may dampen the effects of regulatory policies that could be introduces in developing
countries.

2 Background

I lay out details of the context of this study to highlight the importance of behavioral
responses to viewing social media posts using new digital technologies. These behavioral
responses, in turn, determine content exposure, as feed curation technologies attempt to

12Examples of such platforms include Netflix, Facebook, Twitter, Google Ads, and TikTok



learn ‘preferences’ from human behavior.

2.1 Social Media in India

There has been a sharp increase in political polarization and hate speech on social media
platforms around the world (Halberstam and Knight, 2016). The allegations of Facebook
whistleblower, Frances Haugen'?, the violent events of January 6, 2021, on the Capitol Hill
in Washington DC!*, and Facebook’s failure to prevent incitement of violence in Myanmar
and Ethiopia'® have piqued academic interest in the factors that lead to the production
and propagation of hateful content on these platforms (Huszar et al., 2022). With over
500 million social media users, India provides a highly relevant context for studying these
questions as social media has grave consequences for the socio-political environment in this
setting.

India is among the largest markets for online platforms in the world, second only to
China.'® Social media usage has grave consequences for the socio-political environment in
this setting, because social media posts are known to have provoked instances of violence, in
the form of mob lynchinsg, riots, and hate crimes (Mukherjee, 2020; Arun, 2019). The 2015
mob lynching of Mohammad Akhlaq, a Muslim farm worker, just outside of the National
Capital Region of Delhi, highlighted the role that platforms like WhatsApp play in spreading
misinformation and exacerbating hate (Mukherjee, 2020; Arun, 2019). This unfortunate
incident is by no means an isolated one.

Social media platforms like WhatsApp, Facebook, and Twitter face an unprecedented
challenge of moderating content in this large market. This is difficult because these are
American companies operating in a vastly different context, where hate speech on social
media propagates in a very typical way. The enormity of this task was most recently high-
lighted by Meta’s inability to control anti-Muslim disinformation campaigns, just ahead of
the Indian election of 2024.17

Context-driven content moderation is a difficult challenge also because the production of
hate in the Indian context is very often linked with institutions that enable these platforms to
carry out their businesses. In agreeing with the government, social media platforms may in
fact be biased against opposition parties and pressure groups. This was seen when Twitter
decided to suspend various accounts linked with the Farmer’s Movement during massive
protests against three controversial farm bills that were passed by the Indian Parliament
(Dash et al., 2022). Similarly, the Wall Street Journal has alleged that Facebook India’s
Public Policy Head selectively shielded offensive posts of leaders of the ruling Bharatiya
Janata Party (BJP), which has been described which is Modi’s Hindu Nationalist Party'®.

Threats to minority communities, stemming from social media usage in India, are specu-
lated to be bolstered by content recommendation algorithms, which are highly sophisticated

13https ://www.wsj.com/articles/facebook-whistleblower-frances-haugen-says-she-wants-to-fix-the-compan
Yhttps://www.nytimes.com/2021/03/25/business/jack-dorsey-twitter-capitol-riot.html
https://bit.1y/3smUoUE
https://www.statista.com/statistics/278341/number-of-social-network-users-in-selected-countries/
"https://thewire.in/tech/meta-approved-ai-manipulated-political-ads-during-indias-election-report
18WSJ has alleged that BJP leader, T. Raja Singh, has said in Facebook posts that Rohingya Muslim

immigrants should be shot, called Muslims traitors and threatened to raze mosques to the ground.


https://www.wsj.com/articles/facebook-whistleblower-frances-haugen-says-she-wants-to-fix-the-company-not-harm-it-11633304122
 https://www.nytimes.com/2021/03/25/business/jack-dorsey-twitter-capitol-riot.html
https://bit.ly/3smUoUE
https://www.statista.com/statistics/278341/number-of-social-network-users-in-selected-countries/
https://thewire.in/tech/meta-approved-ai-manipulated-political-ads-during-indias-election-report

customization algorithms that employ machine learning technologies. This is because, in
optimizing content engagement, social media is predicted to generate political filter bubbles
or echo chambers (Conover et al., 2011; Barbera et al., 2015). Such echo chambers are likely
to increase user exposure to more extreme and polarized view points in the digital space,
possibly leading to radicalization (Hosseinmardi et al., 2020).

2.2 The Platform

I partner with SM, a rapidly growing social media platform in India, to understand the effects
of exposure to extreme content on social media platforms, due to content recommendation
algorithms. I study how the nature of online interactions changes with my intervention in
SM’s rich online social network, which is constructed using sophisticated machine learning
algorithms. I assess the contribution of users’ existing behavioral patterns with regards to
extreme content using data from SM’s (close to) 200 million monthly active users.

SM’s app features resemble those of TikTok, and the platform made massive gains in
market share when TikTok was banned in India due to escalating geo-political tensions with
China (Mishra et al., 2022). SM is one of the most popular platforms in the country, where
users create and share content in over a dozen regional languages. Content based social
networks, such as SM, are centered around topics like Politics, Devotion, and Wishes.

The interactions on SM are mostly conducted through the ‘trending’ feed, which is also
the landing page when a user logs onto the platform (See Figure A.1). User interaction in this
network is possible only because of the similarity in content that users have shown to engage
with. In this sense, SM is very different from X (formerly, Twitter), where the network
depends on following and follower patterns. As a result, SM attracts a large proportion of
young voters among the urban and rural poor in India. This makes such analysis especially
important as little is known about political behavior of this demographic in India or about
the users of this massive platform.

2.3 Control (Current) Algorithm

The estimated treatment effect measures changes in engagement with toxic or non-toxic
content for treated users. The control group receives standard algorithmic recommendations
generated for each user on the platform, while I intervene on the algorithmic recommenda-
tions generated for treated users. In this paper, treatment captures exogenous deviations
in recommendations from the current algorithm employed by the platform. This is done
by randomly drawing content to generate user feeds. Like Netflix, user feeds on SM are
usually customized according to preferences revealed via previous engagement with content
using Field Aware Factorization Machines (FFM). This setting is therefore, ripe to study
the effects of intervening upon some of the most widely used algorithms in the tech industry.
The FFM algorithm essentially tries to learn some approximation of user preferences from
their previous engagement with content on the platform. This is done with the objective
of optimizing user retention and engagement by serving them content types that they have
shown affinity towards in the past. The algorithm factorizes a matrix of engagement at the
user-post level for some abstract set of user and post features. This enables the platform to
predict which posts should be recommended to users in order to maximize user retention.



This factorization process generates a vector of weights for each user with respect to
some post attributes, so that a cross product of weights for user and post latent features
gives the engagement matrix, or the ranking of various posts for each user. These vector-
weights in the space of latent post/ user features are known as embeddings in the semi-
supervised machine learning literature (Athey et al., 2021). The user features produced
as a result, are latent representations of user behavior revealed in the past. These latent
features are represented as a multi-dimensional embedding vector, where each element in
the vector represents the estimated weight each user is estimated to put on exactly 32 latent
post attributes. The dimensions of these embedding vectors cannot be interpreted in any
human-intelligible terms.

3 Data

I use high frequency administrative data on exposure to and engagement with posts by
millions of SM users. I also classify the posts that were ‘viewed’ and ‘shared’ by my sample
of users, to understand the behavioral factors driving engagement with extreme content.

3.1 Administrative Platform Data

I use administrative data from the platform to construct my main outcome variables includ-
ing, viewership of and engagement with political and toxic content at the user level. Posts
on the platform are also characterized by broad tag genres, user generated hash tags, as well
as the text associated with the posts using an LDA topic model.

Administrative data provides information on each post that is viewed or engaged with by
any given user. The precise time of exposure and engagement is also recorded in the data,
which helps identify distinct patterns in usage according to time of the day and weekends.
This allows me to trace the posts a user was exposed to, and to observe whether they chose
to engage with them or not. As a result, I am able to condition engagement statistics on
viewership, which is a feature absent from most observational studies that use social media
data (Hosseinmardi et al., 2020).

I also observe user characteristics, like their geographic location, gender, age, date of
account creation and language in the administrative data. These static user characteristics,
along with users’ exposure to and engagement with different types of content during the
baseline period allow me to analyze heterogenous treatment effects. These can be important
in characterizing heterogeneity in behavioral responses that I observe in the experimental
data. The variables and dimensions of heterogeneity used in this analysis were pre-registered
with the AEA RCT Registry (Kalra, 2023), and are descriptively summarized in Table 1.

3.2 Toxicity Classification

The administrative data provides user-post level data on viewership and engagement. To
measure the main outcome variable, i.e. toxicity of posts engaged with, I further process the
text from these posts in the admin data to classify them as toxic. Multilingual hate speech
classification is a key part of my research because I study the impact of my intervention on
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hatefulness of platform discourse and the content data is in many regional languages (none
in English). I use Perspective’s machine learning algorithms to identify toxicity in the Hindi
text. Toxic content is defined as “a rude, disrespectful, or unreasonable comment that is
likely to make one leave a discussion.”!?

Perspective, from Jigsaw/ Google, provides the best known machine learning solution for
toxicity detection, as it relies on transformer based/ deep learning models (most notably,
BERT) and training data from millions of comments from different publishers that are anno-
tated by ten human raters on a scale of “very toxic” to “very healthy” contributions (Fortuna
et al., 2020). This makes the algorithm sensitive to context while assigning toxicity scores.
Perspective’s Machine Learning models are being widely adopted to identify and filter out
abusive comments on platforms like New York Times, and are also being used in academic
research (Jiménez Durédn, 2022; Aridor et al., 2024). These models score a phrase “based on
the perceived [negative| impact the text may have in a conversation.”

I construct a binary variable, called ‘toxic,” which takes value 1 when Perspective’s toxic-
ity score on a post is higher than 0.2. Figure A.2 shows the most commonly occurring words
(in English) across posts that were classified as toxic or not, and the overlap in words across
the two groups. This validates the need for contextual embeddings for text classification,
using Perspective API. In Figure A.3, I plot and cluster the first principal component of
the vectorized TF-IDF word representation for each document, against the corresponding
toxicity scores for that post. I find that the separation between the word clusters corre-
sponds to the 0.2 cut-off of the toxicity measure. I validate the performance of this method
for multi-lingual abusive speech detection by comparing results with a choice of hate speech
classification algorithms and with manually annotated posts that were viewed on SM for
different toxicity thresholds in Figure A.4.

4 Experimental Design and Results

I conducted a large-scale experiment in collaboration with SM, to expose a million users to
content that was randomly drawn. This ‘random algorithm’ was in contrast to the usual
content feed which is customized according to user behavior in the past. The experiment
enables estimation of demand for toxic content, as being distinct from the supply through the
algorithms. The objective of this exercise is to identify the role of personalization algorithms,
and the underlying mechanisms, in driving engagement with harmful social media posts.

4.1 Treatment

In this experiment, treated users were shown a list of posts that were not ranked according
to user preferences but were randomly drawn from the entire corpus of content. The control
group consists of a random sample of users who were exposed to the usual ranked list of posts,
where the ranking was determined by user behavior revealed to the algorithm in previous
engagements.2’

Ynttps://perspectiveapi.com/how-it-works/
20T do not use data of the remaining 99% control users, because different users may be subject to different
AB tests at a given point in time. The random sample of control users is known to be uncontaminated by a
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Content on SM, comprising of image and video-based posts, is created by users and
influencers on this platform. The intervention does not affect the aggregate supply of content
because less than 1% of SM’s users were randomly allocated to the treatment group.?* The
intervention was designed to leave the incentives of content creators unaffected.

4.1.1 General Description of the Intervention

The random draw of posts for the treated user feeds were generated by replacing the al-
gorithmically generated embedding vector (as in Section 2.3) with randomly picked multi-
dimensional embeddings. These ‘random embedding’ vectors generated for treated users were
randomly drawn from the distribution of user embeddings that the algorithm generated for
control users. That is, the weights which represented the preference weights corresponding
to various post attributes for control users, were drawn randomly, for each treated user.??
The random draws were from the distribution of latent features, encoded in user embeddings,
that were generated for control users by the personalization algorithm, on each day.

The multi-dimensional embedding vectors are essentially generated by factorizing engage-
ment matrix at the user-post level, into vectors that characterize both the user and the post
in some latent embedding space. For the treatment group on the other hand, embedding
vectors are uniformly sampled from an epsilon ball whose centroid is given by the mean
embedding in the control group and radius is twice the sum of variances in that vector.??
In particular, p = + Zfil zio? = + Zf\il(:cz — p)?, where x; represents the embedding
with bias for user ¢, and NV is the total number of users. For each user embedding, uniformly
sample a point from an epsilon ball with the centroid p as the center and radius 2 x variance.

v ~ U(Ball(u, 20%))

where v is the new sampled embedding for the user, and U (Ball(u, 20?)) represents a uniform
distribution within the epsilon ball centered at g with radius 202. I show the distributions
of a few dimensions of the embedding vectors in the data in Figure A.6, where none of the
dimensions are interpreted in human-intelligible terms.

This way of administering the intervention has implications for the distribution of content
in the treatment group. I demonstrate the key properties of the content distribution in
the treatment group by simulating a simple recommender system with two dimensional
embedding vectors. For a randomly generated matrix of engagement for 1,000 control users
and 50 posts, I obtain two-dimensional embedding vectors for both the users and the posts
using Singular Value Decomposition (Golub and Reinsch, 1971; Wall et al., 2003). Then, I
imitate the procedure with which the intervention was implemented, uniformly at random
picking embeddings from a bivariate distribution centred at the mean of the embedding
vectors generated for control. This process is then repeated each day for a month-long
analysis period. In Appendix E, I provide details on how the simulation was implemented.

different intervention being implemented on the platform.

21Further, my sample excludes posts that were created more than 60 days before the date that a particular
piece of content was served.

22Each element in the embedding vector represents latent post attributes that may or may not be intelligible
to humans.

23 As per internal company documents and author’s conversations with data science engineers.
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First, note that the distribution of treatment embeddings, in Figure 1, approximates a
normal distribution centred around the average embedding vector generated by the control
group, as would be predicted by the Central Limit Theorem (CLT). Second, the CLT also
predicts a smaller spread for the treated embeddings than the control embeddings (Hayashi,
2011). Third, The bivariate distribution of the embedding vectors for treated users is also
more concentrated around the mean of the distribution. Finally, and most importantly,
the treatment has a greater affect on users with more extreme embedding assignment at
baseline. Figure 4 shows that the users with embedding assignments close to the mean at
baseline did not see differences in embedding assignment when treated. This is an important
characteristic of content distribution, and is later formally stated in terms of treatment
intensity as well as intent-to-treat.

4.1.2 Randomization

Treatment was randomly assigned at the user level to 1% of SM’s user base, which includes
both active and inactive users. Users opt-in to be randomly assigned to the treatment for
market research and AB tests conducted that are routinely conducted by the platform.?* The
intervention began on February 10, 2023 and continued till the end of the year (December 31,
2023). Data on relevant outcomes was gathered for the baseline period (December, 2022),
intervention period (February to December, 2023) and post-intervention period (January-
March, 2024).

User Ids were picked randomly at the start of the experiment, and selected users were
assigned to the treatment for the entire duration of the intervention. Similarly, control users
were also selected at the start of intervention, so that these users were not subject to any
other AB tests/ RCTs. For the analysis in this paper, I use a sample of a quarter million
active users (62299 in the treatment group, and 189648 in the control) who operate the app
in Hindi language. A user is said to have achieved minimum activity if she viewed at least
200 posts during the baseline period. Randomization in the experimental set up provides
the independence condition,

where, D; is an indicator for treatment, and (Y; +(0),Y; (1)) are potential outcomes for user i,
at time 7. I denote the baseline or pre-intervention period as 7 = 0, whereas the intervention
period is denoted by 7 = 1. I verify the validity of randomization in treatment assignment
among the sample of active users by assessing balance in observable user characteristics
across treatment and control. This is done for the main sample of a quarter million users,
that was constructed for analysis. The primary test that I performed is represented by the
following regression equation,

D; = wy+ Z wc1;(user characteristic = ¢) + ¢; (1)

C

where, treatment assignment (D;) or user characteristics do not vary over time 7. I consider
various observable user characteristics, including gender, state and city of residence, and

24My data use agreement does not require additional permissions or consent to be obtained from users, in
order to user these data for research purposes.
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the week in which a user first created their account. Since the treatment was assigned
randomly at the user level, I test that w. = 0 for all user characteristics, in order to verify
random assignment to treatment. Additionally, I test that all these coefficients are also
jointly insignificant, and do not expect to reject this hypothesis.

Table 1 provides estimates for a randomly selected set of attributes, as the full set of
user characteristics is too long. This Table provides summary statistics for exposure to
and engagement with toxic content at baseline (December, 2022). T am unable to reject the
hypothesis that each of these characteristics (individually or jointly) cannot predict treatment
assignment. Further, there is balance in behavior at baseline with respect to viewing and
sharing all types of posts, across treated and control users. This sets the benchmark for user
behavior, and various treatment effects are compared with the control means.

4.1.3 Treatment Intensity

Treatment intensity is defined by the average treatment effect on the total number of toxic
posts viewed (sometimes referred as toxic exposure). This outcome measures intensity of
treatment for different users because the platform or a social planner can only alter what
users are exposed to, by intervening on probabilities with which content is assigned to a user.
As before toxicity is defined as a binary variable, that takes value 1 when the toxicity score
of a post is at least 0.2.2° Therefore,

ATEY'! = B[V}

2, 7=1

(D)|D; = 1] — E[V!

(D) D; = 0] 2)
where, V' denotes total number of toxic posts viewed by user i, as the superscript ¢ henceforth
relates to toxic content only. The random exposure to content implies that users who saw
more toxic content at baseline would now see a lower number of toxic posts. This is also seen
in the recommender system I simulated above, where any one dimension of the embedding
vector could encode post or user toxicity.

I have verified that treatment assignment was randomized at the user level. This implies
that the sample of treated users is representative of different kinds of platform users in the
population. That is, treatment was assigned to toxic or non-toxic users with probabilities
equal to the proportion of toxic or non-toxic users in the population, respectively. I define
user type (for example, I have called some users toxic and other non-toxic) using their
baseline exposure to and engagement with different types of content.

I place both treated and control users into different quantiles of toxicity, depending on
the percentage of their feed that was toxic at baseline (December, 2022). Therefore, a user is
binned with other users who had similar levels of toxic exposure at baseline (See heterogeneity
in users’ baseline toxicity in Figure 9). Therefore, each bin represents user type in terms of
toxic engagement.

I measure treatment intensity simply as the heterogeneous treatment effect on total
number of toxic posts viewed for each group, defined using baseline exposure to toxic content,

ATE ) = E[VZT:1|Dz‘ = 1,Group; - = g] — E[VJT:1|D1‘ =0,Group; ;=0 =g] (3)

g,m=1 —

where, ¢ indexes the group that user i belonged, g € {1,2,..., G} = Group; ,—¢ arranged in
ascending order of the proportion of user feed that was toxic at baseline.

25See Section 3 for details on how the cut-off criterion of 0.2 was determined.
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The properties of the simulated recommendation algorithm above showed that users who
were assigned embedding values closer to the average at baseline were users who faced low
treatment intensity upon being treated. Therefore, I expect that users with average levels of
toxic exposure to face the lowest treatment intensity, compared to all other groups. Figure 6
shows that the treatment intensity, in terms of exposure to toxic content, is positive for users
with low baseline exposure to toxic content. As expected, the treatment effect on number
of toxic posts viewed is negative for users with high degree of toxic exposure at baseline
(Q5 to Q10). Finally, the average treatment effect on toxic exposure in Q4 group cannot be
differentiated from zero.

4.1.4 Intent to Treat

The intent-to-treat with respect to anti-minority and/ or hurtful content is measured as the
difference between the total number of toxic posts viewed and the number of toxic posts that
were predicted to be viewed based on past usage. That is,

ITT; (D3, Viig) = Vipmy (Dy) — B[V Vi, Di = 0,my] (4)

'L,T:1|

where, Vi _,(D;) is the number of toxic posts viewed by user 4, during the intervention
period 7 = 1, under treatment assignment D;. Additionally, the prediction of total number
of toxic posts viewed is conditional on the total number of posts viewed, m;, which is
assumed to be independent of treatment status, while computing the intent-to-treat. Then,
Ei 1|V _1|ViE o, Di = 0,m;] is the predicted number of toxic posts that would be viewed by
user ¢ during the intervention period, for given number of toxic posts viewed at the baseline
period, 7 = 0, if the user were to be assigned to the control group. Therefore, I rewrite
Eira [V 1| Vi o, Di = 0,my] as Ejp—1[m; - vj (Dy) |V —o, Di = 0,m], where v} ; (D) is the

t
Via

proportion of toxic posts viewed during the intervention period, -~

The intent-to-treat is the difference between the proportion of toxic posts viewed, and
the proportion of toxic posts the user would have viewed if she was not treated. This I'TT
measure is built under the assumption that there is no margin of endogenous response in
exposure to toxic content, because the total number of toxic posts viewed does not change.
As a result, treatment affects toxic exposure only by changing the proportion of toxic posts
that are assigned to the treated user.

The intervention was operationalized using random assignment probabilities instead of
probabilities customized according to users’ past usage. Note that, the treatment intensity
differs from intent to treat for treated users, within each heterogeneous group. This is because
of endogenous response in total number of posts viewed upon being assigned treatment, that
affects the treatment intensity. The intent to treat is measured under the assumption that
the total number of posts (of any type) viewed is independent of treatment status.

Figure 6 shows the intent-to-treat for heterogenous users according to baseline exposure
to toxic content. I find that the ITT follows the direction of, but is always larger than,
the treatment intensity. This is because, on average, treated users reduce the total number
of posts they view when the ‘random algorithm’ changes assignment probabilities for dif-
ferent types of content. The differences between I'TT and treatment intensity demonstrate
that treated users respond using the margin of total posts that can be viewed. Both these
endogenous choices are employed to build a model of user behavior later.
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4.2 QOutcomes

I study the effect of treatment, which turns off feed personalization via content recommen-
dation algorithms, on measures of satisfaction and engagement on the platform, as well as on
socially undesirable behavior. Treatment effect on measures of overall platform engagement,
like total number of posts viewed and time spent, helps identify the value of the algorithm
for the customers as well the cost of the intervention to the platform. The main objective
is to understand the sign and magnitude of the treatment effect on toxic shares, in order to
decompose it into its demand-side constituents.

4.2.1 Overall Platform Engagement

Since the content recommendations are tailored according to user tastes, I expect a deviation
from personalized recommendation in the intervention to reduce user retention and engage-
ment on the platform. This is because personalization algorithms are thought to decrease
user’s cost of searching for the content she likes. In reducing ease of content discovery, the
treatment is expected to reduce overall engagement with the platform.

I measure the average treatment effect on the total number of times a user logged on to
the platform (also referred to as retention), the total time they spent online, and the total
number of posts they viewed and shared. The treatment effects in Table 2 show reduced
engagement with the platform, and are estimated using

E[Yi1(D;)| D] = o + ¢ D; (

where, Y;; denotes the outcomes for user ¢ during the intervention period (r = 1), an
D; is an indicator for treatment assignment. As a result, the intent-to-treat (ITT) in (5
implies that ¢y = E[Y;1|D; = 0] and the main coefficient of interest, ¢y = E[Y;|D;
1] — E[Yi1|D; = 0], is the average treatment effect, under the unconditional independence
assumption (Al).

In Table 2, disengagement in all aggregate measures of platform usage is noted due to
negative and statistically significant treatment effects on total number of posts viewed and
the time spent on the platform. This means that the intervention was costly for the firm,
because an average treated user reduced the total time she spent on the platform by 2.5 hours,
compared to an average control user. As a result, treated users saw less advertisements, and
this could impact the ad-revenues that the platform attracts. This also has implications for
the value for consumers that the algorithm generates.

I find that treated users were more likely to leave the platform (to never login again
after leaving) in the first three months of the intervention. However, Table 4 shows that the
treated leavers were not different from the stayers along any characteristics observable in the
data.?® That is, I cannot rule out the hypothesis that, in the following regression equation,
¢3.c’s are individually or jointly insignificant.

Sa @2

1,(left platform) = ¢0+¢1Di+z ¢a,.1;(user characteristic = c)+z ¢3,.1;(user characteristic = ¢)-D;+¢;
(6)

26This is complemented by evidence in Table B.1, which shows balance across treatment and control
groups, along observable characteristics, in the sample of stayers.
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where, 1;(user characteristic = ¢) represents indicator variables for observable characteristics
c of user 7, including gender, age, days since account creation, as well as weekday and daytime
usage at baseline. I find that the decrease in total views and shares is due to the extensive
margin of users who drop-off the platform entirely. That is, I show this in Figure 11, because
among the sample of users who continued to stay on the platform after the intervention, there
is no change in the total number of posts viewed and shared.

Since treated users experience different treatment intensities depending on their baseline
platform usage, I further predict that users with higher treatment intensity were more likely
to leave the platform, or disengage from the content on it. Differences in treatment intensities
was illustrated through the assigned embeddings in a simulated recommender system, which
generated Figure 4. This shows that the users with embedding assignments close to the
mean at baseline did not see differences in embedding assignment when treated. As a result,
the treatment intensity is highest for users with more extreme embedding assignments at
baseline. Such users were, therefore, expected to be more disengaged with the platform at
baseline.

For treatment intensity measured in terms of exposure to toxic content, treated users
who viewed only one 1 toxic post at baseline were seen to have positive treatment intensity
in Figure A.7. On the other hand, users who saw more than one toxic post received intensity
of that treatment that was negative. In order to analyze treatment effects on groups of users
heterogenous by treatment intensity, I divide the sample of users into 10 quintiles based on
their exposure to toxic content at baseline.

Figure 9 suggests that the treatment effect on total number of logins is indistinguishable
across heterogeneous users. Further, heterogenous users by baseline toxicity have very similar
levels of total posts viewed and shared. However, I did not find any evidence that users who
are heterogeneous along the toxicity dimension differ in terms of observable characteristics.
This result can be explained by one of the main findings developed in this paper: users
engaging with extreme content at baseline seem to seek out the content they like anyway.
That is, even when it is harder for a user to find the content she likes, she is more likely to
spend time on the platform searching or scrolling past content to get to the posts she wants
to engage with.

4.2.2 Toxic Engagement

The objective of this intervention was to understand the role of the customization algorithms
in driving socially undesirable behavior, such as online sharing of harmful or toxic content.
I analyze this using outcomes such as total number of toxic posts viewed and shared, where
toxicity is defined as a binary variable, that takes value 1 when the toxicity score of a post
is at least 0.2.27 Therefore,

ATEY* = E[VA(D)|D; = 1] — E[V(D))|D; = 0] (7)
ATE™"e = E[S}(D;)|D; = 1] — E[S}(D;)|D; = 0] (8)

where, V' denotes total number of toxic posts viewed by user i, and S! denotes the total
number of toxic posts shared by user 7. The random exposure to content implies that users

27See Section 3 for details on how the cut-off criterion was determined
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who saw more toxic content at baseline would now see a lower number of toxic posts. For all
such users, I expect to see a reduction in the total number of toxic posts shared because (1)
these users have a lower number of toxic posts to share from, and (2) seeing more diverse
content may change their otherwise toxic attitudes.

Figure 7 shows that, during the first month of implementing this intervention (i.e. Febru-
ary 10 to March 10, 2023), the treatment group was exposed to less toxic content, and treated
users also shared a lower number of toxic posts in absolute terms. In fact, treatment reduced
the proportion of toxic posts viewed by 8 percentage points, but increased the proportion of
toxic posts shared by 7 percentage points. This is because even though an average SM user
saw less toxic posts, and shared a smaller number of toxic posts, this average user shared less
of other types of content. The is because users seek out content that they like, even when
the algorithm does not serve it to them readily. Therefore, change in overall engagement, or
behavioral changes, may explain these results.

Figure 11 shows that among the sample of users who continued to stay on the platform
after the intervention, there is no change in the total number of posts viewed and shared.
However, the exposure to and engagement with toxic content, both reduce for the average
treated stayer. This shows that selection is not driving the main results with respect to so-
cially undesirable behavior. This provides the foundation for the claim that the intervention
induced behavioral changes.

As before, the treatment intensity, with respect to number of toxic posts viewed, differs
by user behavior at baseline. Therefore, reduction is exposure to toxic content is primarily
driven by users who saw more toxic content at baseline. This is demonstrated in Figure 12,
where the negative treatment effect on number of toxic posts viewed is largest for users in
the highest quantile of the distribution of users viewing toxic content at baseline. Note that
for this quantile, the reduction in total number of toxic posts shared is not as large as the
reduction in toxic views.

4.2.3 Elasticity

The results demonstrate that users seek out the content they like. In particular, users who
engaged with more toxic content at baseline were likely to share a higher proportion of
toxic content even when they saw a lower proportion of toxic posts. This implies behavioral
change among treated users. I test if the total reduction in toxic shares is ‘mechanical’
because users share a fixed fraction of toxic posts they view. Mechanical sharing would
imply that users always share a fixed fraction of toxic content they view. For this analysis,
I define proportionate change in exposure to toxic content,

EVHDy)|D; = 1] — E[V}(D;)|D; = 0]

pView __
ATE EVAD)ID; = 0 ®)

where, V' denotes total number of toxic posts viewed by user i. Now, consider engagement

behavior (sharing) with respect to toxic content, so that

E[S;(Dy)|D; = 1] — E[S;(Dy)|D; = 0]
E[S;(D3)|D; = 0]

ATEpShare — ( 10)

18



where, S! denotes the total number of toxic posts shared by user 7. If users are seeking out
toxic content, then the proportionate change in toxic sharing is smaller than that propor-
tionate change in viewing (in absolute terms). That is, this model of user behavior predicts
that the elasticity of sharing toxic content is less than 1. Then, the elasticity of engagement
with toxic content (in the form of shares) with respect to exposure to toxic content is

] ] ATEpShare
e(Si9e, Vi) = AT EView (11)
Figure 8 shows that the elasticity of toxic sharing with respect to toxic viewing is less than 1.
This figure also shows that user behavior is malleable for some content categories, whereas
it is extremely sticky for categories like Devotion. Further, €(S/5"¢, V%) = 1 is the case of
mechanical effects under an assumption of constant effects. Intuitively, this means all users
always share a fixed proportion of toxic content that they view.

In order to test the hypothesis of mechanical effects, I check if the ratio of toxic shares
to toxic views is different across treatment and control.?® This hypothesis can be directly
tested by considering the log transformations of the outcome variables. However, it is unclear
if this approach will yield the correct estimates due to a very high proportion of zeroes in
the outcome data (Chen and Roth, 2023; Thakral and T6, 2023). I test this hypothesis of
mechanical sharing using a novel empirical test that I develop below.

Mechanical effects imply that the change in sharing behavior with respect to toxic content
is a constant proportion of the changes in toxic exposure. Furthermore, for this special case
when there are no behavioral effects, the probability of sharing a toxic post s; is assumed
to not respond to treatment assignment. I test for mechanical effects by making three
assumptions that are obtained on account of the experimental design, (M1) treated users
viewed toxic content that was necessarily picked randomly, so that

vi(l) L s (M1)

and (M2) in the special case that sharing behavior is stipulated to be purely mechanical,
suppose that,
Elsilvj(0)] =7, Vi (M2)

where, m € (0,1). That is to say, the conditional probability of sharing toxic content, if user
1 was assigned to the control group, is just some fixed fraction irrespective of the proportion
of toxic posts viewed. Further, this fraction is constant across all users 7.

Thus, if users behaved mechanically, the total number of toxic posts shared is a fixed
proportion of the total number of toxic posts viewed by all users. Then, the relative change
in proportion of toxic content shared should equal the relative change in proportion of toxic
content viewed. Finally, (M3) makes an assumption of constant effects.

Proposition 1. Consider a special case of the model so that sharing behavior does not
respond to treatment assignment or the exposure to toxic content during the intervention
period. Further the probability of sharing toxic content, for given levels of toxic exposure, is

28] use the term mechanical effect as a short hand for the case where the treatment effect on toxic shares
is a constant proportion of the treatment effect on toxic views. This is assumed to be the fixed proportion
of toxic content that users shared out of the toxic content they viewed at baseline.
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constant across all users. Then the proportionate change in sharing toxic content is exactly
equal to the proportionate change in toxic content viewed, i.e. AT EPShare = AT ErView

Proof. In Appendix. n

The proposition provides a direct way to test the hypothesis that treatment causes shifts
in engagement with toxic content only on account of shifts in exposure to toxic content.
This implication would be true if users’ sharing behavior with respect to toxic content is
not responsive to exposure, and is constant across all users. I have already noted that the
elasticity of toxic shares with respect to toxic views is less 1. I formally test the non-linear
hypothesis of equality of the two ratios in question, and reject it with a y2-stat of 9.44 and
a p-value of 0.002.

5 Theoretical Framework

Personalization algorithms have been criticized for their role in radicalizing users by creating
echo chambers of like-minded individuals who usually engage with toxic content. (7). I
intervened in these social networks by replacing the personalization algorithm with a random
algorithm, where users were recommended a random draw of posts in their social media feeds.
This paper is organized around the costs and benefits of this intervention administered to
randomly selected users. The costs of the intervention were borne by the platform as it led
to a decrease in the time users spend on the platform, and hence a decrease in the revenues
generated from advertising. This is because treated users were not served personalized
content, and were more likely to see content that they were not be interested in. On the
other hand, the intervention offers benefits to society by reducing the amount of toxic content
shared. The intervention may indirectly compound these benefits due to behavioral responses
of exposing users to different types of content (for example, users who were more likely to
engage with toxic posts at baseline were shown more neutral posts, and this may enable such
users to change their minds about, say, minority groups). This is because users derive utility
from signalling their conformity with social norms, by sharing posts that are closer to their
perception of society’s tastes for toxic content.

The treatment impacts user engagement with toxic content via three channels. First,
in assigning random draws of posts to treated users, the intervention directly reduced the
proportion of toxic posts viewed by users who engaged with more toxic content at baseline.
This mechanically left such users with fewer options to share toxic content from. Although
the intervention marginally increased the proportion of toxic posts viewed by users who
engaged with less toxic content at baseline, the average treated users viewed fewer toxic
posts. Second, treated users endogenously responded to new content assignment by viewing
fewer posts, or spending less time on the platform. This is because the algorithm’s recom-
mendations were no longer tailored to their innate preferences. The effect was pronounced
for users who were previously engaged with more extreme toxic content (henceforth, toxic
users), because they were more likely to be affected by the treatment.

Larger treatment effects for toxic users is implied by the larger differences between users’
latent features (computed by the true algorithm) and the average user embeddings that are
more likely to be assigned to treated users during the intervention period. The design of the
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intervention therefore, bakes in heterogenous treatment intensity across users, and identifies
conditional treatment effects for given toxic engagement at baseline. Third, the treatment
altered the perception of society’s tastes for toxic content, which users infer from the realized
sequence of posts that appear in their feed. Users update their view of socially acceptable
content in order to conform with other users of similar type (Akerlof and Kranton, 2000;
Fang and Loury, 2005). This change in perception elicits behavioral responses from users,
that are in line with the slant of the content they are exogenously exposed to.

The experimental data is sufficient to identify the first channel which altered the supply
of content. This results from the fact that the content recommendations are completely
independent of user preferences in this experiment. However, I cannot disentangle the sec-
ond and third channels without imposing additional structure on user behavior. That is,
treatment may lead users to disengage with the platform by spending less time on it, but
exposure to new types of content may change user behavior by altering their perception
of society’s tastes. Both these mechanisms are likely to be at play, especially when users
receiving utility from signalling their conformity with continuously changing social norms.
This action-signalling model (Butera et al., 2022) helps in disentangling users’ endogenous
response on the total number of posts viewed from the behavioral effect on the proportion
of toxic posts shared. This is important because the former provides accurate estimatess of
the cost of the intervention to the platform, while the latter predicts the role of behavioral
distortions in driving the treatment effect on toxic sharing.

5.1 Micro-Foundations

A user’s incentives are modeled in the spirit of Akerlof and Kranton (2000), where the user
receives payoffs from projecting a certain image of herself to her peers. The user cares about
how her action of sharing a post compares to some linear combination of behavior among the
population as well as one’s own true characteristics. This provides the micro-foundations
to structurally estimate a behavioral model, where the main parameter of interest is the
rate at which users update their engagement behavior when exposed to new content that
may be slanted (DellaVigna et al., 2012). The distinction between behavioral responses and
endogenous responses to user tastes is important to distniguish between the benefits (reduced
toxic engagement due to behavioral responses) and costs (reduced overall engagement with
the platform) of the intervention. The behavioral responses depend on user’s exposure to
socially acceptable content through the algorithm, and can aid policy instruments aimed at
reducing engagement with harmful content. However, other endogenous responses, driven
by fixed tastes for different types of content, are likely to undermine the effectiveness of such
policy measures. Crucially, these responses reduce the time a user spend on the platform,
proving costly to the platform in terms of advertising revenues.

5.1.1 Platform and Algorithm

In this model, the algorithm’s objective is to serve content according to user’s consumption
value and the signalling value she derives from sharing posts in her networks. I assume that
the structure of user preferences is known to the algorithm and user knows the distribution
of content recommendations that the algorithm would make at the beginning of a session.
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However, the user can change her view of socially acceptable content through an updating
process, only upon viewing the realized sequence of posts that appear in her feed. In this
way, exposure through the algorithm distorts user behavior, but the algorithm internalizes
this distortion.

The algorithm’s objective is to optimize post assignment across various types of content
to maximize the total number of posts that a user would view. I denote the probability
of the algorithm assigning toxic and non-toxic posts as ¢' and ¢" respectively. The total
number of posts viewed by each user, denoted by v, is endogenously determined by the user
for given probability assignments chosen by the algorithm. The algorithm chooses optimally
chooses ¢’s to maximize v for each user, because a user who views a higher number of total
posts also consumes a greater number of advertisements.

In optimizing the total number of posts viewed, the algorithm is essentially maximizing
the attention paid to various advertisements hosted on the platform. This helps the platform
increase the advertisement revenues it generates. Therefore, the firm is interested in maxi-
mizing the time users spend on the platform, which is sometimes measured using the total
number of posts viewed. I abstract away from the exact process through which this helps
the platform optimize revenue from advertisers. The platform’s problem is a simplification
of the actual problem faced by social media platforms, where the platform also optimizes the
number of likes and shares, as well as the number of ads shown to each user, and the price
charged to advertisers.

5.1.2 User

Consider a social media user who chooses 8" € {1,...,v"} posts of type-r to engage with
(and in particular, to ‘share’), where r € {t (toxic),n (non-toxic)}, and |S"| = S". That
is, the user chooses S™ posts to share out of the total v" posts of type-r posts viewed. She
also picks the utility maximizing number of posts to view, v = v + v, for given assignment
probabilities ¢* and ¢". Effectively, the user chooses the proportion of toxic posts shared as,
st =S8'/(St+ S™).

Choosing s" generates some consumption utility u(s",v;q", 87, "), where ¢" is the en-
dogenously determined probability with which the algorithm assigns type-r content to a
user. Further, 5" is interpreted as users’ intrinsic motivation to view, and " parameterizes
users’ intrinsic motivation to share posts of type r (Bénabou and Tirole, 2006). I assume
that u(s",v;q", 5", a") is increasing and weakly concave in s”, and W is increasing
in 8" and o”. The user’s objective is to maximize the utility she derives from consuming
posts, as well as the public recognition utility she receives from sharing posts.?”

For both these channels, I write a model where a user’s behavior is reference dependent on
the perception of society’s engagement behavior, as well as user’s own taste toward different
types of content. Let ¢(s";0",5") be the disutility when signalling action s" is distinct from
average behavior in the population, denoted by 5" (Becker, 1991; Besley and Coate, 1992).
This is because, the user infers society’s tastes for type-r content from the average sharing
behavior in the population. I assume that the user wants to conform with this average
behavior, by choosing s" that implies individual tastes close to everyone else’s tastes for

29consumption utility is obtained from both viewing and sharing posts.

22



toxic content. In this action-signalling model (Butera, Metcalfe, Morrison, and Taubinsky,
2022), users receive value upon choosing action intensity or the probability of sharing type-r
content s”,

Ulnets) = u(s",v;q", 67, a") —ve(s" — 0"
where, 6" is the weight users put on society’s perceived tastes for type-r content, and average
shares on a post of type r, §", reveals society’s preferences for this type of content as perceived
by the particular user.

Users in this model also derive utility from what their action reveals about their true
characteristics. They incur a cost if their action signals characteristics that are different from
their actual tastes. In other words, the disutility depends on how the user’s sharing behavior
differs from a reference level which is given by some convex combination of what others
do and their own unobserved intrinsic taste. Therefore, the value obtained from sharing
posts of type r with probability s”, upon being assigned ¢" proportion of type-r posts by the
algorithm is,

U(Tacts, chars) — u(8r7 v qr7 6T7 O/) - VC(ST —0's" — (]‘ - QT)pT) (12)

where, p" is users’ own taste for r-type content, which is not observed by the researcher.
When ¢(0) = 0 is the single peak of this ‘cost’ function, the utility maximization problem is

well defined when ¢(z) > 0 for all z. Further, I assume that aZC(SLe(TE;;Sgl*W)p ) > 0, so that
the local minima for the ¢(:) function is achieved at s" = 6"5" + (1 — 0)p". Then, for the
two types of content, expected utility from viewing v posts in total, and sharing each type

of posts with probability s" is given by

U =vlu(s; ¢, 8" a) + u(s";¢", 8", a)] — ve(s' — Ost — (1 — O)p') —we(s™ — s — (1 — O)p™) — p/°
(13)

where 17 > 0 provides the convex cost of increasing total number of posts viewed, which is
alternatively interpreted as the cost of spending more time on the platform at the margin.
I also assume that the consumption utilities are linearly increasing in the number of posts
viewed v. The key takeaway from this user model is that a user tends to distort the tastes
she reveals to the algorithm through her sharing behavior, due to the signalling value she
obtains from sharing posts.

5.1.3 Measurement I: 5" ~ ¢"

A user in this framework optimally chooses posts to share according to the consumption
value as well as the signalling value. However, she cannot perfectly observe society’s tastes
5" because engagement with a post is continuously changing. I assume that the perception
of society’s tastes is inferred from the distribution of the two types of posts that will be
viewed, ¢". This is because the algorithm assigns type-r content with probability ¢".

The user infers that other users with similar characteristics also view such content with
the same probability because of the personalization algorithm. That is, users are assumed to
infer society’s tastes for (non-)toxic content using the proportion of each content type that
is recommended to them by the algorithm. Then, I rewrite the utility function as

U=vu(s’;¢", 8" a) + u(s™; ¢", 8", a)] —ve(s' — 8¢ — (1 — 0)p") — ve(s" — 0¢" — (1 = O)p") —
(14)
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Therefore, the user’s sharing behavior is influenced by exposure to the algorithmically gen-
erated content feed, in addition to the intrinsic value they derive from engaging with social
media posts. The algorithm, in turn, learns this distortion, and makes content recommen-
dations accordingly. Then, ¢(-) gives net image pay-off which is assumed to be non-linear
(Bénabou and Tirole, 2011).

5.1.4 Timing

First, nature randomly assigns user specific parameters {«, 8%, 8", p', p™, 0}. These parame-
ters not only reflect how a user values consumption of different types of content, but also how
she values conformity. Therefore, nature assigns user tastes for viewing, and sharing r-type
content, 5" and « respectively. Additionally, the utility weight user places on conforming
with social norms, i.e. 0, is also realized. @ is effectively the rate at which users update their
behavior or are influenced by the content they view.

The platform first optimizes its ad-revenue by algorithmically assigning content that users
are more likely to stay and engage with. The algorithms’ choice variables are therefore, given
by ¢' and ¢" for each user. However, I assume that the probability with which the algorithm
assigns (non-)toxic posts is known to the user. That is, the user is aware of the distribution
q', but has no way of knowing the posts she will view, a priori.

Next, once the user knows the expected proportion of toxic and non-toxic posts that are
assigned to them, she decides when to stop drawing posts from her algorithmically curated
feed. In other words, the user decides the total number of posts she will view v, or the total
time she will spend on the platform upon observing the assignment probabilities.

Subsequently, the user sequentially draws posts to view and chooses whether to share
each of the viewed posts. The user responds to these assignment probabilities through her
engagement behavior, i.e. by sharing a viewed post. This determines s". I solve for this
general form of the game in Appendix C, but use particular functional forms to estimate
relevant parameters derived from the equilibrium conditions in the next section.

5.1.5 Equilibrium

This theoretical framework outlines users incentives to view and share different types of
content. That is (1) users have some innate tastes for toxic content, and (2) they want
to signal their type to conform with others in their network. Users share toxic content
so that the signal is close to a convex combination of society’s tastes (as perceived by the
user), as well as own tastes for toxic content. This structure of user preferences distorts the
probabilities with which the algorithm assigns content, away from users’ innate tastes for
different types of content. This is expected to drive the assignment probabilities into more
extreme directions. Users also choose the total number of posts to view, v.

Consider two time periods in this model, so that 7 € {0, 1} represents the baseline and
the intervention period respectively. The algorithm assigns toxic and non-toxic posts to
each user ¢ at time 7 with probabilities qfﬁ and g;', respectively. A priori, users know the
probability of being assigned (non-)toxic posts, and they use this information to select the
optimal number of posts to view, v; .. Then, a user decides whether to share each post

she views with probabilities (s! ;s ). After sharing a post, user decides whether to draw

1,77 21,T
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another post to view, out of the ranked list of posts assigned by the algorithm. However,
the user does not know if the post that is drawn next would be toxic or non-toxic, as she
only knows the probability distribution of the algorithm’s recommendations.

The solution for this strategic interaction allows me to identify the behavioral responses
to recommendations generated using the algorithm. Users are assumed to update their
perception of social preferences based on the content they view, and the algorithm in turn
internalizes distortions from users’ desire to conform. Using backward induction to arrive
at the subgame perfect equilibria for the given timing of interactions, first consider the last
sub-game where users make sharing decisions to maximize utility. I solve this game using
a particular functional form for ease of computation, and introduce user subscripts for each
variable at this point. Users maximize utility by choosing the total number of toxic and
non-toxic posts to share, i.e. Sj_and S;’,. Recall that this best response characterizes one
of the main outcome variables, i.e. proportion of toxic posts share, sf = S;_/(S}, + S7,).
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where, recall that p! denotes user i’s innate taste for toxic content, and v; , is the total number
of posts viewed which is endogenously chosen by user 7. Then, the utility function captures
the pleasure user ¢ derives from viewing (¢} . — (¢j ;)*/5;) and sharing content (s ) in each
category. As before, «; captures the consumption value derived from sharing posts. This
utility form also stipulates that users receive some disutility when their sharing behavior
deviates from own preferences, as well as perceived societal preference over different types of
content. With s; measured using g; ., the following lemma shows that user tastes relative to
society’s tastes (as perceived through the algorithm) are the main drivers of user behavior.

Lemma 1. For a utility maximizing agent 1,

sto=(1-0)(ph)" +0(d,)’
o= (=0 ) +6(a,)

Proof. The claims follow from users’ first order condition (with respect to sj ) from the
utility maximization problem stated above. O

The optimal sharing strategy is a convex combination of user’s own tastes as well as her
perception of society’s tastes, represented by her algorithmically generated content feed qu.
The user essentially balances the consumption utility she gets from sharing a post against
the disutility of behaving too far from their reference point. The reference point is given as
a convex combination of the two variables that constitute the best response, i.e. user’s own
tastes and perception of society’s tastes.

Then, for the given expected number of toxic and non-toxic posts shared, user ¢ solves for
v to maximize total utility from her social media engagement. The algorithm then considers
user’s endogenous choice of v; ;, to optimally assign quT to maximize user retention on the
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platform. User’s first order condition yields two solutions for v; ,, one of which is zero and
the other is given by the following proporsition.

Proposition 2. For Qf,r =1—q;., user chooses total number of posts to view as

2 2
1 t n £\ 2 n\ 2 (q’fﬂ') (qZT) 0412

Vip = {0% L+ aif —204q; ¢ 0+ i (1= 0) ((pF) "+ (p})") = gt B2 (15)

Proof. Proof in Appendix. O

Note that the non-trivial solution for v; ; is increasing in user’s intrinsic taste for viewing
toxic content, 3¢, but decreasing in the weight user puts on public recognition utility, 6. I
later use this result to estimate the effect of the intervention on the total number of posts
viewed by users.

Corollary 1. For user i with v;» > 0,

al/’iT
—T >0 16
50 2 (16)
That is, the total number of posts viewed by user i is increasing in the weight she puts on
public recognition utility.

This shows that the treatment effect is increasing in user’s valuation 6. I interpret this
result as the fact that users who are more sensitive to the signaling value of sharing posts
are more likely to view a greater number of posts on the platform. This also implies that
for relatively large assignment probabilities, exogenous changes to the algorithm lead to a
larger change the time users spend on the platform, when users are more sensitive to the
public recognition utility they derive from sharing posts.

The cross derivative of the total number of posts viewed with respect to the assignment
probabilities and the weight users put on public recognition utility is positive. This means
that users with larger 6 have larger treatment effects on the total number of posts viewed.
Next, I endogenize the assignment probabilities by considering the platform’s optimization
problem, to solve for the customization algorithm. In modeling the algorithm’s incentives,
this framework highlights the sources of distortion in content allocation. I show that the
social signalling aspect of user preferences is likely to increase the assignment of more extreme
content to users. In this way, the algorithm affects user behavior by exposiing them to content
they can share from, and also by altering their perception of society’s tastes.

Using the platform’s optimization problem, I show that if users do not derive public
recognition utility, the algorithm has less incentive to distort content assignment away from
user’s innate tastes. The platform’s objective is to maximize the total time that users’ spend
on the platform, because increasing time spent on the platform or the total number of posts
also implies that users will view a greater number of advertisements. Therefore, the platform
feeds the objective function in (15) to the algorithm, which in turn optimally chooses qfﬂT to
maximize advertisement revenues.

Proposition 3. The algorithm assigns toxic posts with probability

to_ Bi(Br0a; —1)
T 2Bl — B
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Proof. The proof of this proposition flows directly from the first order conditions of an
algorithm that is set to maximize v;, in (15), by choosing qfﬁ optimally. H

The solution for the algorithm’s problem provides optimal qf,T, which is increasing in
users’ tastes for viewing toxic content, 8f. While updating perception of social preferences,
an optimizing algorithm considers users’s innates tastes, as well as distortions due to user
perception of society’s tastes. The distortions in turn depend on what the algorithm serves
the user. It is useful to see that in the absence of this trade-off between own taste and
society’s tastes, the algorithm sets qu to the relative weight that a user puts on viewing
toxic posts. In the absence of behavioral considerations to conform, the algorithm assigns
content based on user’s intrinsic tastes.

Corollary 2. In the case of no updating, that is when 6 =0,

MR

That is, in the absence of action signalling concerns, the algorithm chooses an assignment
probability that is relative to the weight for that content type.

Proof. This claim is obtained by substituting # = 0 in the assignment probability in (17) in
Proposition 3. O

This result illustrates that when there is no distortion on account of users’ behavioral
updating response to the recommendations, the algorithm learns and caters to users’ prefer-
ences for viewing toxic content. The distortion is caused by the fact that algorithmic content
recommendations impose an internality on the user because the recommendation changes
users’ perception of society’s preferences for toxic content. In particular, the assignment
probabilities demonstrate that the effect of user incentives to signal their conformity with
society’s norms. To see this, first consider the derivative of the assignment probabilities with
respect to 6, which represents the weight users put on the public recognition utility modeled
into their preferences.

Lemma 2. .

90 20670 — B — B ~
Proof. This claim is obtained by taking the first derivative of the assignment probability in
(17) in Proposition 3, with respect to 6. O

That is, the assignment probabilities for toxic content could be increasing or decreasing
in the value a user puts on public recognition utility, depending on the user’s innate taste for
viewing or consuming toxic content. Then, for given joint distribution of users’ consumption
values (8¢, 5), I show that increasing 6 pushes assignment probabilities to the extreme. This
depends on user ¢’s initial distribution in the distribution of (5, 5"), because the assignment
probabilities only depend on the consumption value when 6 = 0 (Lemma 2). I simulate
equilibrium assignment probabilities for a randomly generated distribution of user tastes
(See Appendix E for simulation details). This shows that the probability of assigning toxic
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content increases rapidly with € for users who like toxic content more than other users. On
the other hand, this simulation demonstrates that the algorithm assigns toxic content to
users with lower probabilities to users who prefer non-toxic content, for higher values of 6.

The amount of weight that users put on public recognition utilities determines the dis-
tance of algorithmic recommendations from their consumption utilities. Furthermore, this
distance is increasing in the value of 6 or the gains from signalling. These results help in
characterizing, and later estimating, the optimal sharing function in terms of the models
primitives. In equilibrium, algorithm chooses the probabilities of toxic content for given user
preferences as well as the rate of updating perceptions. Users are then able to compute ex-
pected number of toxic and non-toxic posts they will share, prior to viewing the realizations
of the posts they draw to view, and their respective toxicities.

Proposition 4. In equilibrium, sharing probabilities are given by user tastes as well as the
weight a user puts on their perception of society’s preferences.

_ (8)° :
=(1-0)p+ 0(5t A + O(6°) (19)
n __ (Bn> 2
i = (1= O + 05" + O(F) (20)
Proof. in Appendix. n

This expresses the sharing function in terms of the model’s primitives, which is important
for two reasons. First, this is useful in identifying the various channels that determine total
platform usage, and the total engagement with problematic content on the platform. In
particular, the model identifies the role of users’ own tastes and that of aggregate engagement
with different types of content. This is important because it explicitly identifies that the
importance of signalling conformity, in creating incentives for the algorithm to sort users
into different echo chambers.

Second, this framework lays down the foundations for structural estimation that precisely
identifies the contribution of user tastes, separately from effect of exposure via recommenda-
tion algorithms, in determining engagement with problematic behavior on social media. The
next subsection lays out measurement choices made in order to estimate the role exposure
via algorithms, separately from the effect of own preferences, in determining engagement
with problematic content on social media platforms.

5.1.6 Measurement II: p; ~ 57,

The theoretical framework expresses equilibrium behavior in terms of model primitives. How-
ever, these primitives may not be observed in the data and therefore their measurement
merits explanation. The data D; . = {S} ., S, Vi’;, Vi’ } consists of measurements on num-
ber of toxic and non-toxic posts viewed and shared by each user, during the intervention
period (7 = 1) and the baseline period (1 = 0). I measure sharing probabilities during the

intervention period as, s7; = for r € {t,n}. That is, the proportion of toxic shares

W’
out of all the posts shared by user z. I imperfectly measure users’ innate preferences for

28



sharing different types of content with user’s baseline behavior (7 = 0), i.e. logp! = log 35,0
and p} = log s}. This is a reasonable proxy because user behavior at baseline is said to be
in equilibrium, so that users do not update their behavior, but continue sharing according to
their preferences. The logs are put in place to address skewness in the distribution of toxic
shares.

Similarly, I proxy users’ relative preference for viewing toxic content with the proportion
of toxic posts viewed. This is tenable under the assumption that in equilibrium, the opti-
mizing algorithm assigns toxic content in line with users’ tastes for viewing different types
of content. Therefore, I set

o4 Vi Br Vi
T | S8y T losvin | g | Sleega Ty = sl
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I rewrite the equilibrium sharing probabilities in Lemma 1 as functions of sharing behavior
at baseline, and views during the intervention period.

Proposition 5. The optimal sharing functions are written as

log s;; = (1 —0)logs;,+ 0logu;, + plogw; (21)
log s} = (1 —10)log sio + 0logv}!; + plogwy (22)

In this representation of the model, w} for all r € {¢,n} is the error term from the lin-
earization process above. This is interpreted as the time-invarying taste based shocks at the
user level. Proposition 5 gives the required sharing functions that I base the structural esti-
mates off. The parameters of interest cannot be directly estimated through these equations
due to certain features of the design of the experiment, which are explained below.

I extend the simulation above to show the optimal sharing function in Appendix E.
Assuming users view everything that is assigned to them, the proportion of toxic posts
viewed exactly equals the assignment probabilities, i.e. Uf@ = qfvl. Then, for different levels
of #, the distortion generated by the social signalling process can produce multiple steady
states. The simulation shows that only very high values of # can produce some unstable
steady states. I obtain unique steady states when users do not internalize the signalling
costs, or do not care for public recognition utilities.

5.2 Structural Estimation

I use the structural model to measure the rate at which a user updates her sharing behavior
to conform with other users in her network. This is because even though the experimen-
tal variation identifies user demand by randomly varying allocation of toxic content in the
treatment group, the mechanisms that drive user responses are not identified. I estimate
the model in order to identify the role of users innate preferences, separately from the rate
at which users update their behavior in response to changes in the algorithmic recommen-
dations. I postulate that users change their behavior is response to the treatment as they
infer society’s tastes for differernt types of content using the algorithm’s recommendations.
Accordingly, users update their sharing behavior, at some rate 6, to remain in step with
other similar users.
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While the platform employs it’s personalization algorithm to cater user incentives out-
lined above, the modeled algorithm is a fairly coarse representation of more sophisticated
technology. My objective is to mimic the incentives of a simple algorithm in order to analyze
user responses, and not to analyze the algorithm itself. This model shows that the algo-
rithm caters to users’ innate tastes when users do not care as much for public recognition
utility. On the other hand, the algorithm’s recommendations are distroted in more extreme
directions when users benefit from the social image they project by sharing posts.

5.2.1 Intervention

Since exposure and engagement with toxic content are endogenous variables due to the
recommendation algorithm, the demand and supply factors driving problematic behavior
cannot be disentangled in the control group. This is the main identification problem that
the experiment solves. This is because the algorithm is trained on some underlying user
preferences that also determine user behavior, but are not observed by the researcher. The
experiment replaces algorithmically generated content recommendations with a random draw
of posts to identify user demand for different types of content.

However, the reduced form relationship between toxic exposure and engagement across
treatment and control does not identify the main mechanism of interest: effect of exposure
to toxic content that is usually recommended by the algorithm, on engagement behavior
with respect to such content. Without additional assumptions, the experimental variation
cannot distinguish between the components of user behavior: innate tastes for toxic content
and preference for conformity. This is because a draw of posts is picked randomly for the
treated users each day, during the intervention period.

The Central Limit Theorem predicts that under a daily random draw of assignment
probabilities, the probability of assigning toxic posts for the treated group follows a normal
distribution centred at the average probability of assigning toxic posts in the control group.
Further, the variance of the assignment probabilities in treatment is much lower than the
control (by a factor of \/[{i|D; = 1}|). In fact, exposure to a particular type of content
is almost constant among treated users, rendering the relationship between exposure and
engagement unidentifiable in the treatment group.

I further belabour this point about the absence of a straight forward identification strat-
egy. Consider a difference-in-difference estimator to identify the behavioral chain of effects
from the change in toxic views because of the intervention, to the change in toxic shares

t
Yi0

This does not identify the main parameter of interest 6, because the algorithm and control
users continue to remain in steady state during the intervention period. As a result, differ-
ences in toxic views from baseline are seen as random deviations from the steady state. I
exploit unique features of this setting to model behavior and estimate pertinent parameters
that are not be estimable using a standard difference-in-difference approach.

The model provides an estimator for the effect of content exposure that is generalizable
to all users, by using exposure to toxic content among treated users at baseline only. This
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enables an interpretation of the mechanisms driving the treatment effects in comparisons
between treatment and control users, as the model of behavior below is well identified and
accounts for unobserved heterogeneity across users. I distinguish between two channels that
drive the treatment effect of switching off the content recommendation algorithms: (1) users’
innate tastes from problematic content (measured by baseline shares), (2) users’ perception
of society’s preferences (measured by assignment probabilities).

Let D; be a binary variable denoting treatment status, so that D; = 0 when ¢ was assigned
to the control group. The intervention described in Section 4 is administered during 7 = 1,
and I consider the first month of implementing this intervention (February 10, 2023 to March
10, 2023) for my empirical analysis. By design, treated users were assigned toxic content
with probability that is drawn at random from the control distribution of qf’l, each day
during the first month of the intervention.

On average, treated users were assigned toxic content with probability ¢ = F [qf,1 |D; = 0]
by design. Analogously, on average, treated users were assigned non-toxic content with
probability ¢" = E[g",|D; = 0]. This is because of the CLT, as the assignment probabilities
are independently resampled each day, for treated users from the control distribution of g;
during the intervention period. Control users continue to remain in their steady state, so
that these users view toxic and non-toxic content according to the algorithmic assignment
in equilibrium.

5.2.2 Sharing Behavior

According to Proposition 5, users update their sharing behavior using new posts of the type
they have viewed by some parameter . This is because the algorithm’s content recommen-
dation allow the user to infer the tastes of other similar users, and users update their sharing
behavior to conform with these inferred tastes. Considering the exponential transformation
of (21), the probability of sharing toxic or non-toxic content, during the intervention period
(1 =1) is,

32,1(Di) (UfJ(Qf,lv Di))9<w§>#<3§,0) = (23)
s (Dy) = (o83 (ay, D))’ (i) (s7)' ™" (24)

where, v; ; (¢} 1, D;) and v}, (¢f';, D;) are the proportions of toxic and non-toxic content viewed
for given treatment assignment (D;), respectively. Then, the probability of sharing toxic con-
tent, s}, (D;) for given treatment assignment describes user behavior during the intervention
period. This dynamic model specifies sharing behavior with respect to toxic posts, during
the intervention period, as a function of the proportion of toxic content viewed in the same
time period, time in-varying heterogeneity in user preferences, and user behavior at baseline.

The reduced form estimates indicated that user behavior is not very malleable in the
face of the administered intervention. This is because even though treated users saw a lower
proportion of toxic posts, I find a smaller reduction in the proportion of toxic posts shared
among the treated. This is because exposure to new information changes user behavior to
a limited degree. Then, a user incurs costs from sharing posts that are not aligned with her
true type.
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5.2.3 Identifying Conditions

This model of interaction between recommendation algorithms and social media users is said
to be in steady state when the probabilities of assigning toxic content and non-toxic con-
tent ([qf (D), q7',(Ds)]), as well as the probabilities of sharing toxic and non-toxic content
([si -(Ds), si(D;)]) are stable over time. This steady state condition is the main identifying
condition as it states that in the absence of any exogenous changes to assignment proba-
bilities, user behavior should be the same in each time period. As a result, any changes in
the probabilities of sharing toxic content are due to changes in exposure to toxic content,
allowing for the identification of the updating parameter 6, which does not change over time
or by treatment status. Therefore, users’ sharing behavior in steady state is given by the

conditions

82,0 (UE,Ov wf) = Sg,l (Uf,l(qzla Di)’ SE,O? wﬁ? Dl) (25)
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when the intervention exogenously changes probabilities of assigning content of different
types. At 7 = 1, users in the control group continue to remain in the steady state, which
means that 6 cannot be correctly estimated using data on shares and views for control
users. This is because the proportion of different types of content viewed by control users,
is correlated with sharing behavior at baseline, on account of the assignment probabilities
generated by the algorithm. Recall that the control algorithm and the outcome variable
are affected by unobserved user heterogeneity, which is not observed by the researcher.
Therefore, sharing and viewing are endogenously determined for control users.

Lemma 3. Estimates of 0 from the relationship between sharing behavior and the proportion
of toxic content viewed during the intervention period among a sample of control users is
biased.

In other words, for control users, the probability of viewing toxic v} ; (¢f ;, D; = 0) depends
on baseline sharing behavior (which represent users innate tastes for toxic content, p}), along
with the probability of sharing toxic content during the intervention period. This is because
control users continue to remain in steady state during the intervention period. As a result,
estimates of # generated from the control sample would be biased.

For user 7 in the treatment group, I rewrite the probability of sharing content. I maintain
the assumption that sharing behavior is endogenously determined by baseline behavioral
patterns, as well as exposure to new content. Then, the conditional probabilities of sharing
toxic and non-toxic content provide the main identifying assumptions because endogenous
sharing behavior at 7 =1 or 7 = 0 is a prior: expected to be equal.

Lemma 4. 0 is identified when the following assumptions are satisfied,

sto(Dy = 1) = (vl (g, Dy = 1)) (w!)" (st )™ (A2)



This is because, there is no reason to believe that the sharing behavior of any user ¢ would
be different in the two time periods in the absence of any exogenous changes in assignment
probabilities. I test this assumption in the discussion of the model in Section 5.3. Given
these identifying assumptions, 6 can be estimated using data on current and past shares
because ¢t L sﬁ’o and ¢" L s7, by design of the experiment. This implies that the right hand
side terms in the expressions above are not correlated.

As explained in Section 5.2.1, I do not observe enough variation is toxic exposure for
treated users during the intervention period. However, the difference in assignment probabil-
ities between baseline and intervention period provides heterogeneity in treatment intensity
which is exogenous to user tastes.

The effect on difference in sharing behavior over time is correctly estimated using the dif-
ference in exposure to toxic content over time, as this accounts for unobserved heterogeneity
in sharing behavior. Since, exposure to toxic content among the treated during the interven-
tion period is constant on average, the estimates from this differencing strategy effectively
only uses variation in baseline exposure among toxic users. As a result, # can be identified
using the relationship between difference in shares (from 7 =0 to 7 = 1) and levels of views
at baseline (T = 0) in the sample of treated users.

I estimate 6 using the relationship between baseline views and current shares among
treated users, which is identified using the steady state condition in (A2). Then, this provides
an estimation strategy that is independent of user’s preference shocks which are not observed
by either the algorithm, or the researcher.

Proposition 6. For some updating parameter 6 and constant share of toxic posts X, the
change in ratio of toxic-shares to non-toxic shares from the baseline is a function of the
log-odds ratio of the proportion toxic posts viewed at baseline. That is,

sia(1) Si0(1) 7 Vo
log | — —log | = =(1+0)log| = | —0log|—
<3¢,1(1)> <Si,0(1) ( ) q" Ui o

Proof. In appendix. O]

Intuitively, the constructed outcome in Proposition 6 accounts for unobserved user level
differences in preference for sharing any type of content. Proposition 6 effectively pro-
vides the estimating equation from the relationship between toxic shares and toxic views for
treated users. Next, I specify the estimation strategy as well as the assumptions required to
implement it.

5.2.4 Estimation

I estimate the updating parameter 6 from the relationship between baseline exposure to
toxic content (vf (1)), and the odds of sharing toxic content during the intervention period
(si1(1)/s71(1)) among treated users only. This helps in estimating the ‘stickiness’ of the
behavioral effect of changing content recommendations made by an algorithm. 6 can be
estimated in a linear regression due to the absence of correlation between toxic views in
the pre-intervention period and those during the intervention period among treated users,
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as shown above. As a result, the behavioral responses are identified using the relationship
between odds of sharing toxic content prior and during the intervention period.

However, notice that regression with logs is not independent of the units of measurement,
and the presence of zeroes in the data can generate misleading results (Thakral and To,
2023). Further, adding a small constant to the logs that may generate estimates that can
be incorrectly interpreted (Chen and Roth, 2023). Therefore, I employ a first differences
approach to estimate 6 using linear approximations of the log ratios. Define, A; ; = Ufﬂ_ -
and B, ; = st — ;.. Further, AB;; = B;; — B; -—1. Then, the following procedure states
the estimation strategy implemented in the data.

Proposition 7. The behavioral effect of exposure, 0 is identified in a linear model of treated
users responding to exposure to toxic content if

(SA1) treated users update their beliefs and sharing behavior in accordance with exposure

to toxic content as

dlog(si1(1)/s71(1))
dlog(q'/q")
(SA2) The behavioral effect is constant across time and users.
(SA8) users engagement behavior in equilibrium is stable over time s}, = si, and s}, =

=0

821

(SA4)Assignment probabilities are orthogonal to user preferences conditional on user’s
observed behavior, E[qf71(Di)|w,f, S;O, D] = E[Qf,l(Di”Sf,m Dj]

Then, 6 can be estimated using the following regression equation

E[AB;1|D; = 1] = v + M Aipo (27)
where, v = —0.
Proof. In Appendix. n

So, # measures the behavioral effect of current exposure to toxic content as it gives the rate
at which users update their behavior in line with lower exposure to toxic content. Intuitively,
0 measures user preference for conformity with societal tastes, that are reflected on user feeds
through ¢'. This is true in the sample of treated users where, —y; = 6 is estimable. Then,
1 — 6 provides the appropriate elasticity of user behavior during intervention with respect to
user behavior at baseline, or with respect to users’ inherent tastes for such content.

Estimating 6 allows me to distinguish between the two channels that drive the treatment
effect of switching off the content recommendation algorithms. These are users’ innate tastes
from problematic content (measured by baseline shares), and users’ perception of society’s
preferences (measured by assignment probabilities). This model provides the machinery to
identify estimates of the stickiness in human behavior, in addition to the correct interpre-
tation of these results. Furthermore, this interpretation is generalizeable for users in both
treatment and control groups. Therefore, the model arrives at a non-standard estimation
strategy for an important parameter that cannot be estimated on a platform that is in
steady state. I exploit unique features of this setting to estimate parameters that may not
be estimable using a standard difference-in-difference approach.
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5.2.5 Measurement Error

The estimation strategy above shows that 6 is measured using a sample of users in the
treatment group, whose exposure to content was completely random. 6 cannot be estimated
using a difference-in-difference strategy because both views and shares, for each type of
content, are in steady state for control users. The difference in odds of sharing between
the two time periods corrects the bias induced by the omitted variable: users’ unobserved
preference for sharing content. Still, features of the platform and design of the experiment
may induce measurement error in the proportion of toxic content viewed. This is because of
sampling errors, i.e. users view only a fraction of content in the ranked lists of content (in
a set order), that the algorithm generates for them in each time period.

Among treated users at baseline, each toxic post viewed is assumed to be a Bernoulli trial
with probability Qf,o- Similarly, each non-toxic post viewed is assumed to be a Bernoulli trial
with probability g;y. In each session therefore, the total number of toxic posts viewed is
subject to measurement error, on account of the sampling procedure itself. However, since
the sampling distribution of toxic and non-toxic views is known, this measurement error can
be represented as classical linear measurement error (Schennach, 2016).

Suppose, v5(1) and v}5(1) denote the true proportions of toxic and non-toxic content
viewed respectively, that are observed with measurement error in the data.

Uf,o(l) = Uf,*ou) + Avf,o(l)
Ugo(l) = U%(l) + AUZo(l)

where, Avf’o and Av, denote the measurement error in the proportion of toxic and non-
toxic content viewed respectively. In general, assume that Cov(v{j(1), Avj,(1)) = 0 and
Cov(vf5(1), Avfy(1)) = 0. The estimators of ¢ constructed from the strategy above are
therefore, likely to suffer from attenuation bias due to the unobserved measurement error
on the right hand side of the estimating equation. I construct an instrumental variable to
address this issue.

Note that Uio is the average of toxic posts viewed over all the posts viewed (of any type)
by a user. Consider the proportion of toxic posts viewed out of half of the total posts viewed,

J/2 J
U%%)(l) _ 2t tigo(l) v?%ﬂ(l) _ 2jmirapetiso(1)
n0 Ji2o J/2
where, j € {1,...,J} indexes each post viewed by user i, so that ¢;;¢ is a binary variable

indicating whether post j was toxic or not, and J/2 indexes the median post. The first
expression averages over the first half of posts per user (arranged in a random order) and
_t

is henceforth referred to as half1. Similarly, v;’5" denotes the fraction of toxic posts out of

the second half of the total posts viewed (for brevity, this variable is subsequently referred
to as hal f2). However, assuming that the measurement errors pertaining to each half of the
posts, per user, are uncorrelated to each other, the fraction over the first half of posts can
be instrumented by the second half of the posts. That is to say,

Cov(Av]y7 (1), AvZ (1)) = 0 (AME)

t
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Under this exclusion restriction, the attenuation bias in a 2SLS estimate of ; is reduced to
ZEro.

Proposition 8. Instrumenting average toxic views for each user with the average of one half
of posts viewed provides unbiased estimates.

Proof. In Appendix. n

The OLS estimates suggest that this strategy does not account for measurement error,
indeed produces estimates that are biased towards zero. The IV estimates of # show that
a significant portion of user behavior is determined by user tastes. This implies that user
behavior is not malleable with respect to exposure to new information. Crucially, users do
not seem to change their behavior upon seeing content that other similar users are engaging
with.

5.3 Discussion

I have developed a framework to highlight the channels that lead to user exposure to and
engagement with harmful social media content. The algorithm is programmed to maximize
the time users spend on the platform, by optimally choosing the content to recommend to
each user. This enables the platform to generate revenues from advertising, and so shut-
ting down the algorithm can be costly for the firms. On the other hand, users decide the
proportion of different types of posts to share with their friends, as well as the total time
they spend on the platform. User behavior is assumed to be determined by a combination of
her own tastes as well as her perception of social preferences for different types of content.
That is, the algorithm not only provides users with toxic content for her to share from, but
in exposing users’ to toxic content, the algorithm also alters their perception of society’s
preferences with respect to toxic content (DellaVigna and Gentzkow, 2010).

The structural model identifies the role of the algorithm in helping users update their
behavior in line with the society’s tastes for different kinds of content. This is important
because the user obtains value from public recognition of conformity with society. As a result,
the model predicts the malleability of user behavior by estimating 6. This is because user’s
innate tastes are considered to be unchanged, as is standard in behavioral models of social
interactions (Akerlof and Kranton, 2000). However, the model makes a set of assumptions
that help in identifying the parameters of interest, and simplifying a convulated setting.
These assumptions need to be validated.

5.3.1 Simplifying Assumptions

In writing the utility for structural estimation, I made five simplifying assumptions: (1)
consumption as well as signalling utility is additively separable for each content type, (2)
the consumption utility from sharing is equal for both types of content, i.e. o' = a" = «, (3)
action-signalling utility from sharing is also equal for both types of content, i.e. 6% = 6" =6,
(4) user behavior in the action-signalling model is updated at some constant rate 6 across all
users, (5) deviating from the reference point of own and society’s tastes generates disutility
which is quadratic in nature.
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The most general form of the model presented above is restrictive in the sense that
consumer utility is additive over the two types of posts. This rules out strategic complemen-
tarities and substitutabilities between different kinds of posts (Train, 2009). This is tenable
due to the fact that users scrolling through social media are assumed to be viewing posts
one at a time, and do not know if the next post they will view is going to be toxic or not.
Additionally, the path dependency of user behavior on all the distribution of all types of
posts is modeled through the action-signalling utility separately.

Out of these simplifying assumptions, I am able to test a combination of the second and
third assumptions. That is, I can observe whether the consumption and signalling value
from sharing toxic and non-toxic content is equal. This is validated in Table 5, as I test
for the equality of coefficients, stacking two regressions. The two regressions estimate the
relationship between toxic views and toxic shares, as well as non-toxic views and non-toxic
shares. I cannot reject the hypothesis that the coefficients from these regressions are equal.

I test the constant effects assumption with respect to the rate of updating user behavior
in the action-signalling model. Figure A.8 supports this assumption, as the estimates of
obtained from samples of different ‘types’ of users are indinstinguishable from each other.
I reject the hypothesis that the rate of updating user behavior is different across different
types of users using Table B.3.

Finally, I have assumed the costs of using social media to be quadratic for ease of compu-
tation. In doing so, the model does not stray far from the literature on strategic interactions
in the presence of social signalling, especially when such models are estimated using struc-
tural methods (Butera et al., 2022).

5.3.2 Identifying Assumptions

The main identifying assumption in this framework is that the probability of sharing toxic
content is equal in steady state equilibrium. Since, the control users continue to remain in
steady state during the intervention and were chosen randomly, I test this assumption in the
sample of control users,

Sio = Si1 (I4)

In order to test this assumption, I estimate parameters of the following regression,

St- 1(Dz = O) = 50 + 618270(192‘ = 0) + Eil

2

Under assumption (IA) I expect 09 = 0 and §; = 1 in the sample of control users. As before,
I correct for measurement error in computing the proportion of toxic posts shared, and also
normalize each variable to have zero mean. Table 6 shows that the hypothesized values of
do and 07 cannot be rejected, in the measurement error corrected case.

6 Structural Estimates

A difference-in-difference estimator for elasticity of toxic shares with respect to toxic views
is not estimable among control users because the proportion of toxic views is in steady state.
I estimate the structural relationship between the differences in probability of sharing toxic
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content over time, and the proportion of toxic posts viewed during the intervention period
using the following specification,

AB;1(D;=1) =y +mAio(D;=1) 4+ ¢ (28)

where, A; o(D; = 1) is the difference between the proportions of toxic and non-toxic content
viewed at baseline and ¢; ; is assumed to be a random error term. This exercise is performed
on treated users only, and it estimates the share of toxic engagement that is driven by
user behavior at baseline via feed-ranking algorithms. The resultant estimates are correctly
identified because the treated users are exposed to toxic content during the intervention
period purely by chance, therefore eliminating endogeneity in views and shares. Further,
even though ~; can be estimated in the control group, the estimates are likely to be biased
because toxic views and toxic shares in this case depend on toxic shares at baseline, because
of the content recommendation algorithm.

It has been shown that if the relationship of interest was indeed linear, then v; = —0.
However, I first assess if the relationship between these two variables is linear in Figure A.9a.
Due the skewness of the distribution of toxic views at baseline, I flexibly fit the probability of
sharing toxic content with respect to the difference proportion of toxic posts and non-toxic
posts viewed at baseline (as an approximation to the log-ratios).

The lowess curve in Figure A.9a approximates a linear relationship between difference in
past exposure and the difference in the difference over time for current engagement with toxic
content, in the treatment group. I also show the fitted values from a linear specification.
This shows the discrepancies between linear and more non-parametric approaches are small.

6.1 OLS Estimates

Table 77 shows that for 4; = —0, or the estimated effect of a 1% decrease in the proportion
of toxic posts viewed during the intervention period decreases the change in proportion of
toxic posts shared by —0% = 0.08%. This also demonstrates that estimated stickiness in
user behavior, or the elasticity in sharing behavior with respect to baseline sharing behavior,
(1-— é) is close to 0.92. Therefore, upon being exposed to toxic content randomly, users did
not fully update their behavior in line with content they saw during the intervention period.
These OLS estimates however, are likely to be biased downwards. This is because the
data on proportion of toxic or non-toxic posts viewed is likely to suffer from measurement
error, due to the fact that users sample posts to view after the algorithm assigns them. I use
the IV estimation strategy outlined in the previous section, to correct for this possibility.

6.2 IV Estimates

The IV estimates, in Column (2) of Table 7, indicate that the measurement error indeed led
to attenuation bias in the main OLS estimates shown in column (1) of Table ??. The first
column in Table 7 shows the strength of the first stage for the IV estimate. This first stage
also serves as a measure of reliability for the main outcome variable, in STATA’s in-built
measurement error correction program, whose result is shown in column (3). This is the
most accurate estimate of € that can be produced by this framework. The measurement
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error corrected estimate shows that a 1% reduction in exposure to toxic content reduces
engagement with toxic content by 0.16%.

This has implications for designing regulatory policies aiming to reduce engagement with
toxic content in digital spaces. My results indicate that the elasticity of the odds of sharing
toxic content, with respect to exposure at baseline is more than 0.84. This leaves little room
for policy instruments to alter sharing behavior through reduced exposure to toxic content.
Note that reductions in exposure to toxic content does not have a one-to-one relationship
with change in sharing behavior. Table 7 instead, shows that user behavior on social media
platforms depends on pre-existing user behavior by a significant degree.

These results are consistent with a model of user behavior where user response is deter-
mined by both current and previous exposure to toxic content. This means that while users
update their behavior in line with new information that they are exposed to, a significant
part of their behavioral responses are sticky as they depend on user behavior at baseline.
Therefore, while users largely follow their old behavioral patterns, user behavior is somewhat
malleable according to new exposure to toxic content.

6.3 Validation

I validate my estimation procedure that measures the rate at which users update their sharing
behavior upon being randomly exposed to more non-toxic content during the intervention
period. This model correctly estimates the updating-behavior only for treated users because
exposure to toxic content in the baseline period is related to the engagement with such
content during the intervention period only through the channel of behavioral response.

In the case of control users, exposure in the baseline period is related to engagement
with toxic content during the intervention period through two channels, 1) Direct: User
behavior is correlated across time, and 2) Indirect: Feed-ranking algorithms that expose
users to toxic content to maximize engagement using prior user behavior. Since both these
channels are correlated by design of the algorithm, the said relationship in the control group
is shown to suffer from omitted variable bias.

0 estimated using the control sample would be biased upwards as the omitted variable
(v ,/vj) is correlated with both the sharing behavior (s}, /sf;) as well as the exposure
at baseline (vj,/v7,) the main estimating equation (43). This relationship may not be
estimable when the outcome is the difference in sharing behavior between the two time
periods (s} /s}') —s}/s}), in order to account for unobserved heterogeneity in tastes among
users. This is because control users are in steady state, so the ratio of shares at baseline and
during the intervention period is expected to be equal.

The estimates are therefore, expected to be distinct from the main estimates above (See
Table B.5 and Figure A.10a). This validates the main estimation strategy because the
estimates from the same exercises among samples of treated and control users yields very
distinct results. Additionally, Figure A.9b shows that exposure to toxic content during the
intervention period has a much smaller effect on the odds of sharing such content.
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7 Conclusion

Recommendation algorithms determine the substance and ranking of content that social
media users view on various platforms, including Netflix, Facebook, TikTok and Google
Search Ads. This is concerning especially if the algorithm exposes users to misinformation,
or hate speech, as these aggregation technologies can lead users into echo chambers. This is
thought to increase political polarization across the world. However, less attention is paid
to the role of humans in shaping digital spaces like social media platforms, where more than
half of American teenagers are known to spend more than four hours a day.3°

This paper studies the role of algorithmically generated content feeds as well as subse-
quent behavioral responses in driving online engagement with different types of content. I
conducted a large-scale randomized evaluation of such algorithms by effectively turning it off
for two million treated users on a popular TikTok-like platform in India. This ensures that
the content users are exposed to during the intervention is uncorrelated with their behavior
and therefore, distinguishes the influence of technology from that of human behavior. I ex-
amine whether the content presented by algorithms substantially impacts user choices, or if,
conversely, users would seek out content consistent with their existing behavioral patterns.

I show that the while the intervention significantly reduced user exposure to toxic content,
the reduction in the odds of sharing toxic content were lower. I then developed a structural
model which shows that this may be the case because human behavior at baseline drives
more than three-quarters of the variation in odds of sharing toxic content. This means that
users update their behavioral patterns in line with exposure to new (mis)information only
partially, because 1% decrease in proportion of toxic posts viewed at baseline corresponds
to a 0.84% decrease in the odds of sharing toxic content.

These structural estimates are consistent with a user model where engagement adds to
users’ consumption value and enables them to receive public recognition utility by signalling
their action and characteristics. In this model, users are endowed with some inherent taste
for toxic content, which is measured by their baseline sharing behavior. Additionally, users
infer society’s tastes for different types of content from the algorithmically generated content
feed. This is because users know that the algorithm recommends similar content to users
with similar characteristics.

My findings have important implications for policy makers looking to regulate platforms
that employ new, and seemingly opaque technologies. This is because the total effect of
an intervention that decreases user exposure to toxic content is, in part, determined by
behavioral responses of users. Therefore, any technological regulations that stipulate that a
problematic piece of content be removed from social media must necessarily take into account
these behavioral effects. This would help in estimating the difference between intended and
actual effects of the policy, before it is implemented.

30https://news.gallup.com/poll/512576/teens-spend-average-hours-social-media-per-day.
aspx
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Tables and Figures

Figure 1: Distribution of simulated two-dimensional embedding vectors
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Notes: This graph shows that the two dimensions (components) of the simulated embedding vector follow
a Gaussian distribution centred around the mean of each embedding dimension. The spread of control
user embeddings is larger than the embeddings generated for treated users. This is because the treatment
embeddings are drawn each day from a given sample of control embeddings during the intervention period
(Central Limit Theorem). The algorithm used to simulate the embeddings for both treatment and control
groups uses Singular Value Decomposition to factorize the matrix of engagement in the control group.
Embeddings from the treatment group were uniformly drawn from an epsilon ball centred around the mean
control embedding. Details of the simulation are contained in Appendix E.
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Figure 2: Difference between embeddings assigned during intervention period and baseline
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Notes: This graph shows that the treatment has a smaller effect on users with embeddings closer to the
average at the baseline. On the other hand, users assigned more extreme embeddings at baseline had
bigger absolute effects in content exposure. The algorithm used to simulate the embeddings for both
treatment and control groups uses Singular Value Decomposition to factorize the matrix of engagement
in the control group. Embeddings from the treatment group were uniformly drawn from an epsilon ball
centred around the mean control embedding. Detdis of the simulation are contained in Appendix E.



Table 1: Balance in treatment assignment across all observable characteristics

Variable Mean Coef. Std.Err.
Observable User Characteristics

State: noState 0.631 -0.029 0.084
City: bangalore urban 0.001 -0.006 0.028
City: bhilwara 0.001 0.027 0.034
City: dehradun 0.001 0.018 0.028
City: hanumangarh 0.001 0.013 0.031
City: haridwar 0.002 -0.005 0.025
City: jhansi 0.001 0.016 0.030
City: jhunjhunu 0.002 -0.001 0.026
City: khandwa 0.001 0.004 0.035
City: kolhapur 0.001 -0.044 0.032
City: patna 0.003 -0.009 0.023
City: sant ravidas nagar 0.001 0.027 0.034
City: sri ganganagar 0.001 -0.001 0.030
City: sultanpur 0.001 0.004 0.026
City: valsad 0.001 0.032 0.033
Gender: M 0.695 -0.001 0.003
Week: 2016-04 0.000 0.028 1.180
Week: 2016-29 0.000 0.816 1.201
Week: 2019-17 0.001 0.271 1.181
Week: 2021-37 0.004 0.300 1.180
Baseline Behavior

Average Toxic Posts Viewed 2.681 0.000 0.001
Average Toxic Posts Viewed (%) 36.890 -0.000 0.000
Number of Posts Shared (%) 761.982 0.000 0.000
Number of Posts Shared 21.411 -0.000 0.000
Number of Logins 20.499 0.000 0.000
N 251704

F-statistic: 0.887 P-value: 0.689

Notes: This table shows the results of a single regression using all observable characteristics, run at
the user level. Coeflicients for a randomly selected set of observable characteristics are shown in the
table. D; = Bo+)_.Bc1;(user characteristic = c) +¢;, where D; is binary variable taking value 1, when
user ¢ was assigned to the treatment group. Weeks correspond to the date on which a user created
her account. None of the observable characteristics are correlated with treatment assignment. Cannot
reject null hypothesis of joint insignificance. Standard errors are robust at user level.
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Figure 3: Balance in viewing and sharing content from various genres at baseline
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(d) Number of posts shared. F-stat: 0.271, p-
value: 0.982

Notes: On average, treated users were exposed to less toxic content, but were also less active on the
platform. The decrease in toxic shares is not as large as the total decrease in shares. Stickiness in
sharing behavior with respect to toxic is explained by the structural model.
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Figure 4: Treatment effects on post embeddings viewed and shared
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Notes: These graphs shows that on average, the treatment effect was larger for posts viewed than for
posts shared. This is true even when the treatment effects are normalized according to the embedding
values of posts viewed and shared by control users. This suggests that even though treatment affects
content exposure, users are more likely to share content that they prefer anyway.
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Figure 5: Treatment effects on viewing and sharing content from various genres
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(b) Proportion posts shared. F-stat: 1317.659,
p-value: 0.000

Treatment effect on number of posts shared in a genre

0.0 L] o ¢ 3
° 0
_0‘1—
2]
b}
c
Qo
2
£ —0.2
7}
o
o
_0'3—
.
T T T T T T T T T
= 0] [ [ 3
o 8 3 o . = o 3 5
S c o c < £ =] 2
° G = E= o 2 5 = °
=] c - 1} (U} =z S 2
© > O ey a 1
S g 3 5 © a
5 o o c
w o
w
w
<
<}
=2

(d) Number of posts shared. F-stat: 276.637,
p-value: 0.000



Figure 6: Treatment intensity and intent-to-treat for number of toxic posts viewed
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(b) Treatment intensity is the heterogenous treatment effect on number of toxic posts viewed

Notes: This graph shows that the treatment intensity is larger for users with lower toxic exposure at
baseline. The treatment intensity is much smaller for users with highly toxic feed. The intent-to-treat,
computed as the difference between proportion obH#oxic posts viewed and the expected proportion of
toxic posts viewed, almost always has the same sign as the treatment intensity. The intent-to-treat
estimates are larger than the treatment intensity estimates because the total number of posts viewed
is held constant for ITT computation. Error bars are computed ar 5% level of significance.



Figure 7: Comparison of means for key outcomes across treatment and control
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Notes: On average, treated users were exposed to less toxic content, but were also less active on the
platform. The decrease in toxic shares is not as large as the total decrease in shares. Stickiness in
sharing behavior with respect to toxic is explained by the structural model.
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Figure 8: Elasticity of sharing different types of content
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Notes: Elasticity of sharing behavior with respect to exogenous content exposure due to treatment.
Elasticities are computed by dividing the purple marker with the green marker. Relevant elasticities
shown in parenthesis for each content type.
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Figure 9: Heterogeneous treatment effects on overall behavior
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Notes: These plots show that even though the treatment effect on the number of times users log-in

to the platform does not differ by heterogenous characteristics, the treatment effect on the number of
posts viewed and shared is significantly lower for users with higher exposure to toxic posts at baseline.
Total time spent on the platform also does not differ by toxicity of user’s feed at baseline, but the
treatment effect on time spent per toxic post is significantly lower (in absolute terms) for users with

higher exposure to toxic posts at baseline. All variables were aggregated at user level, and standardized
as z-scores.
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Figure 10: Heterogeneous treatment effects on toxic behavior

Total number of posts viewed

0.0 r'y |

-0.2

Treatment Effect

-0.3

D W\
52 oV o
AN A SN SN AN SN R A\ 3
o e d e s et @ g

Quantiles of Baseline Exposure to Toxic Content (% Feed Toxic)

S O PO S P
&S @S

Probability of dropping-off platform

0.0 —% £t .4 1 i
T 3 + ¢
(9]
£
w -0.1
€ }
o
£ -02
©
L
'_
-0.3
N N A O A A N O ) O
S A P O @ PSP
NI USRI\
S IR TE LR
Quantiles of Baseline Exposure to Toxic Content (% Feed Toxic)
Total toxic posts shared
. 0.0 —= ¥ : $ 3 +
& b f
w -0.1 3
e j
9]
£ -02
©
g
'_
-0.3

N \ A O ) N D W\ N W\
S NP DA @ P P S
O 0700 &0 o 0”0 o’ o @
XL

Quantiles of Baseline Exposure to Toxic Content (% Feed Toxic)

Total number of posts shared

0.0
-
o
G-o1 ! L3 EI 1
‘s’ 3 I 3 L) [
£ -02
©
g
'_
-0.3
) N O A N AN O N O
S AV P A @Y T AV S
NI NSRS
S I TP LR
Quantiles of Baseline Exposure to Toxic Content (% Feed Toxic)
Total toxic posts viewed
x> k3
0.0 -
5
3
E—O.l 3 i
*qc‘) L3
£ -02 3
©
g
'_
¥
)] \ A O A A D O N O
S NP A @ P P S
NI CUSRNCGRCICaN\
S IR TE LR

Quantiles of Baseline Exposure to Toxic Content (% Feed Toxic)

Outcomes
= Probability of dropping-off platform
— Total number of posts viewed
= Total number of posts shared
- Total toxic posts viewed
—— Total toxic posts shared

Notes: These plots show that the treatment effect on the number of toxic posts viewed and shared is
significantly lower for users with higher exposure to toxic posts at baseline. This is true despite the fact
that the treatment effect on the number of posts viewed and shared is significantly lower for users with
higher exposure to toxic posts at baseline. All variables were aggregated at user level, and standardized

as z-Scores.

58



Table 3: User characteristics correlated with the probability being exposed to more toxic
content at baseline

Variable Coefficient Interaction Coefficient
Treatment Effect -0.107 N/A
(0.076) N/A
Number of Views (Baseline) 0.0000*** -0.0000
(0.0000) (0.0000)
Number of Shares (Baseline) -0.0007** -0.0001
(0.0001) (0.0001)
Toxic Shares (Baseline) 0.0055** 0.0003
(0.0003) (0.0007)
User Gender -0.0197** 0.0016
(0.0074) (0.0150)
Days since account created -0.0002*** 0.0000
(0.0000) (0.0000)
User Age 0.0007 0.0042*
(0.0009) (0.0019)
Proportion content viewed on weekends -0.4282*** 0.0200
(0.0193) (0.0397)
Proportion content shared during daytime  0.1780*** 0.0021
(0.0093) (0.0183)
Share of views in Bollywood Genre -2.0971 -0.0943
(0.0363) (0.0728)
Share of views in Devotion Genre -1 -0.0868
(0.0333) (0.0664)
No Assigned Genre -1.7924** -0.0741
(0.0591) (0.1198)
Share of views in Greetings Genre -3.6599*** -0.0440
(0.0284) (0.0584)
Share of views in Humor Genre 6.6810*** -0.1752
(0.0598) (0.1151)
Share of views in News Genre 3.6608** 0.2125
(0.0748) (0.1476)
Share of views in Politics Genre 1.5813*** 0.1854
(0.2788) (0.6209)
Share of views in Romance Genre -1.0792%** -0.0192
(0.0352) (0.0717)

Notes: This Table shows that, conditional on observable user characteristics, treatment assign-
ment is not correlated with the probability of leaving the platform. This also shows that the
treatment does not differentially impact the probability of leaving the platform, for given observ-
able user characteristics, in any economically significant way. This means that the treated leavers
are not systematically different from the control leavers. These results are obtained by estimat-
ing the regression equation 1;(left platform = yes) = By + 1 D; + >, fc1;(user characteristic =
c) + >, BieDil;(user characteristic = ¢) 4 €;, where 1;(left platform = yes is an indicator taking
value 1, when user ¢ leaves the platform. ColumnJ9) reports estimated S.’s, while column (2) reports
estimated f1.’s. Standard errors are robust at user level. p < .0001***, p < .01**, p < .05*.



Table 4: User characteristics correlated with the probability of leaving the platform

Variable Coefficient Interaction Coefficient
Treatment Effect 0.010 N/A
(0.011) N/A
Number of Views (Baseline) -0.0000*** 0.0000
(0.0000) (0.0000)
Number of Shares (Baseline) -0.0000 0.0000
(0.0000) (0.0000)
Toxic Shares (Baseline) 0.0000 -0.0000
(0.0000) (0.0001)
Toxic Views (Baseline) -0.0001 -0.0004
(0.0004) (0.0008)
User Gender -0.0062*** -0.0026
(0.0011) (0.0024)
Days since account created 0.0000*** -0.0000
(0.0000) (0.0000)
User Age 0.0000 0.0001
(0.0001) (0.0003)
Proportion content viewed on weekends -0.0004 0.0050
(0.0029) (0.0062)
Proportion content shared during daytime  -0.0010 0.0028
(0.0013) (0.0028)
Share of views in Bollywood Genre 0.0094 -0.0093
(0.0053) (0.0103)
Share of views in Devotion Genre -0.0107* -0.0001
(0.0045) (0.0092)
No Assigned Genre 0.0088 0.0281
(0.0094) (0.0200)
Share of views in Greetings Genre 0.0044 -0.0131
(0.0046) (0.0093)
Share of views in Humor Genre 0.0206** 0.0085
(0.0079) (0.0174)
Share of views in News Genre 0.0067 -0.0178
(0.0066) (0.0137)
Share of views in Politics Genre 0.0150 -0.0603
(0.0405) (0.0651)
Share of views in Romance Genre 0.0172* 0.0066
(0.0055) (0.0112)

Notes: This Table shows that, conditional on observable user characteristics, treatment assign-
ment is not correlated with the probability of leaving the platform. This also shows that the
treatment does not differentially impact the probability of leaving the platform, for given observ-
able user characteristics, in any economically significant way. This means that the treated leavers
are not systematically different from the control leavers. These results are obtained by estimat-
ing the regression equation 1;(left platform = yes) = By + 1 D; + >, fc1;(user characteristic =
¢) + >, BieD;l;(user characteristic = ¢) + ¢, widre 1;(left platform = yes is an indicator taking
value 1, when user i leaves the platform. Column (1) reports estimated f.’s, while column (2) reports
estimated f1.’s. Standard errors are robust at user level. p < .0001***, p < .01**, p < .05*.



Figure 11: Comparison of means for key outcomes across treatment and control stayers
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Notes: This graph shows that on average, there are no significant differences in platform engagement
(total views and shares) between stayers in treated and control groups. On average, treated stayers
were exposed to less toxic content, but were also less active on the platform. The percentage decrease in
toxic shares is an order of magnitude larger than the total decrease in shares. These findings imply that
stayers may face increased returns from sharing toxic content, when the treatment randomly reduces
the number of toxic posts they are exposed to. These findings, combined with the fact that the treated
leavers do not differ from control leavers along observable characteristics, suggests that the treatment
effects are not driven by selection.
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Figure 12: Heterogeneous treatment effects on toxic behavior among stayers
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Notes: These plots show that the treatment effect on the number of toxic posts viewed and shared
is significantly lower for stayers with higher exposure to toxic posts at baseline. This is true despite
the fact that the treatment effect on the number of posts viewed is significantly lower for stayers with
highest exposure to toxic posts at baseline. All variables were aggregated at user level, and standardized

as Z-Scores.
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Table 5: Testing simplifying assumptions on sharing behavior

(1) (2)

Total Toxic Posts Shared Total non-Toxic Posts Shared

Total Toxic Posts Viewed 0.012%**
(0.001)
Total non-Toxic Posts Viewed 0.011**
(0.001)
Mean DV in control group 1209.2*** 34.30™*
(47.54) (1.465)
N 63041 63041

Notes: This Table provides evidence that the consumption value from sharing both toxic and non-toxic
content is equal. The coefficient estimates are obtained from stacking regressions of (non-)toxic shares
on (non-)toxic views. The statististical test of equality of coefficients could not reject the hypothesis that
the coefficients from the two regressions are equal. Robust standard errors in parenthesis. p < .0001***,
p < .01"*, p < .05*
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Table 6: Testing identifying assumption in structural model

(1) (2) (3)

Probability of sharing toxic post during intervention period

Probability of sharing toxic 0.209*** 1.105***

post at baseline (0.022) (0.119)

Proportion of toxic posts among first 0.478***

half of posts shared at baseline (0.055)

Mean DV in control group 4.52e-08  8.22e-09 3.48e-08
(0.030)  (0.034) (0.032)

N 28384 28384 28384

Notes: This Table tests the identifying assumption sZ 0= sﬁ 1 in the control group. Column (3) shows
that the measurement error corrected estimates of the intercept and slope coefficient are very close to 0
and 1 respectively. I cannot reject the hypothesis that the measurement error corrected slope coefficient
is equal to 1. All variables are standardized to have zero means. Robust standard errors in parenthesis.
p < .0001*** p < .01**, p < .05*
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Table 7: Structural estimation with measurement error correction

(1) (2) ®3)

Difference in toxic views at baseline (half = 2) Difference in toxic shares (current - baseline)

Difference in toxic views at baseline (half = 1) 0.558*** -0.142*
(0.00444) (0.0607)
Difference in toxic views at baseline -0.155*
(0.0704)
Constant -42.27 -13.96* -15.20*
(0.428) (5.831) (6.765)
N 63041 63041 63041

Notes: This Table provides estimates for the structural parameter 6 in the model of sharing behavior.
0 is the parameter that captures the extent to which users share content to signal their conformity with
the behavior of other users in their network, to derive benefits of public recognition. The model then
shows that the rate at which users update behavior according to the perceived behavior of others is also
0 and is very low. Column (1) shows results of an OLS regression of differences between probability of
viewing toxic and non-toxic content, computed using only the second half of posts viewed by user at
baseline, when they were arranged in a random order (half2). The independent variable in Column (1)
is difference between proportion of toxic and non-toxic posts viewed at baseline, computed using only
the first half of posts viewed by user at baseline, when they were arranged in a random order (half1).
The first stage relationship in Column (1) is positive, significant, but is not close to 1. Column (2)
shows results of a 2SLS regression of difference between baseline and intervention period in differences
between probability of sharing toxic and non-toxic content. In Column (2), the independent variable is
half1, which was instrumented with half2. Column (3) estimates the model with measurement error
correction, where the correlation between half1 and hal f2 serves as the reliability measure for the main
right hand side variable. Estimated slope coefficient estimates ~; is always negative and statistically
significant. Estimated 6 is therefore, positive. Baseline period is December, 2022 and intervention
period data spans from February 10, 2023 and March 10, 2023. Robust standard errors in parenthesis.
p < .0001*** p < .01**, p < .05*.
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A Supplementary Figures

Figure A.1: Landing page and trending tab on SM
Political discussions — wmtTaAtfE wafe

Trending Feed

Share to WhatsApp Download to Phone

Notes: This image shows the landing page and trending tab on the social media platform, SM. Users
see a feed of image posts and the creator generated hashtags on the landing page. Users can share,
comment, like, or download the post to their phone. Sharing refers to sharing on WhatsApp, and not
on the platform. A user can see other users who liked and commented on a post, but not the users
who shared the post.
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Figure A.2: Word clouds depicting words associated with highly toxic posts
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Notes: This Figure shows word clouds constructed using TF-IDF vectorizer on posts classified into high
and low toxicity categories respectively. Cut-off to classify posts into high and low toxicity categories
is 0.2. The figure demonstrates overlap in words pertaining to religion in both categories, for example
‘Islam’ and the Hindu mythological god-king ‘Ram,’” who is also central to Hindu nation building agenda
of the current ruling government. This highlights the need for contextual embeddings to characterize
the text data. Perspective’s toxicity algorithm uses human labelled comments and BERT models to
provide toxicity scores to each post, by representing posts in some latent space as embedding vectors.
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Figure A.3: Validating toxicity score threshold to construct binary outcome

PCA Component 1 vs. Toxicity Scores
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Notes: X-axis plots the first principal component of words in each document (post). Y-axis corresponds
to the toxicity score for the corresponding documents (posts). Toxicity scores for most posts in the
first (blue) cluster of a PCA representation of words rarely exceed 0.2. 0.2 is chosen as the appropriate
threshold for the binary outcome variable, indicating whether a post is toxic or not.
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True labels

True labels

Figure A.4: Confusion matrices for different cut-offs in toxicity scores
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(c) Toxicity score cut-off = 0.3
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(d) Toxicity score cut-off = 0.35

Notes: These confusion matrices show Type I and Type II errors for four thresholds for classifying
a post as toxic: 0.2, 0.25, 0.3, 0.35. User posts were granted continuous toxicity scores using the
Perspective API, and then classified as being toxic or not for the two thresholds. These scores were
compared with posts annotated as hateful by human annotators hired at Brown University.
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Figure A.5: Joint distribution of dimensions in simulated embeddings for treatment and
control groups
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Notes: This graph shows that the two dimensions (components) of the simulated embedding vector
can be expected to be more concentrated around the mean for the treated group. This is expected
by application of the central limit theorem as the treatment embeddings were drawn each day from a
given sample of control embeddings during the intervention period. The algorithm used to simulate
the embeddings for both treatment and control groups uses Singular Value Decomposition to factorize
the matrix of engagement in the control group. Embeddings from the treatment group were uniformly
drawn from an epsilon ball centred around the mean control embedding. Details of the simulation are
contained in Appendix E.
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Figure A.7: Treatment intensity for different types of users
Atleast 1 Toxic Views (98.6%) 1 Toxic View (11.9%) 0 Toxic Views (1.3%) 0 Shares and Toxic Views (0.8%

e

0.1

0.0

-0.1

-0.2

-0.3

—-0.4

-0.5

Treatment Intensity (Normalized)

-0.6
Control Treatment Control Treatment Control Treatment Control Treatment

Notes: This graph shows that treatment intensity is negative for users who saw more than 1 toxic
posts at baseline. User types are defined using toxic exposure at baseline, and the percentage users of
a particular type is shown in paranthesis. Treatment intensity is computed as the difference between
actual exposure to toxic content and predicted exposure to toxic content using baseline characteristics.
The distribution of the constructed variable is normalized around the mean over both treated and
control users.
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Figure A.8: Testing simplifying assumotion in action-signalling model
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Notes: This graph fails to reject the hypothesis that heterogenous users update their behavior at
different rates. This justifies the use of a single parameter 6 to capture the rate at which users update
their behavior according to the perceived behavior of others.
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Figure A.9: Exposure to toxic content and engagement with toxic content in and baseline
and in the same time period among control users
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B Supplementary Tables

Table B.1: Balance in observable characteristics among stayers

Variable Coefficient Standard Error
state: gujarat -0.016 0.022
city: auraiya -0.059 0.057
city: bhiwani -0.011 0.053
city: durg 0.007 0.045
city: gwalior -0.058 0.049
city: jalandhar -0.019 0.052
city: kutch 0.051 0.057
city: mahendragarh 0.003 0.061
city: mandsaur -0.025 0.049
city: rajnandgaon 0.008 0.055
city: ranga reddy 0.025 0.049
city: ratlam -0.004 0.051
city: sagar -0.039 0.050
city: samastipur -0.084 0.053
city: surat 0.011 0.041
city: udaipur 0.040 0.053
city: udham singh nagar 0.035 0.053
Male 0.005 0.004
18-24 -0.003 0.006
45+ -0.015 0.015

Notes: The table displays a randomly chosen subset of characteristics and corresponding coefficients
from one regression with all the characteristics on the right hand side, and treatment status on the
left hand side. None of the coefficients are individually or jointly significant when this regression was
estimated using a sample of stayers
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Table B.2: User characteristics correlated with the probability of leaving the platform con-
ditional on users being extreme at baseline

Variable Coefficient Interaction Coefficient
Treatment Effect 0.032 N/A
(0.032) N/A
Number of Views (Baseline) -0.0000*** 0.0000
(0.0000) (0.0000)
Number of Shares (Baseline) -0.0000 0.0000
(0.0000) (0.0000)
Toxic Shares (Baseline) 0.0002 -0.0001
(0.0002) (0.0003)
User Gender -0.0158*** -0.0099
(0.0035) (0.0074)
Days since account created 0.0000*** -0.0000
(0.0000) (0.0000)
User Age -0.0002 -0.0000
(0.0003) (0.0007)
Proportion content viewed on weekends -0.0133 0.0202
(0.0085) (0.0187)
Proportion content shared during daytime 0.0025 0.0049
(0.0041) (0.0090)
Share of views in Bollywood Genre -0.0617 -0.0169
(0.0137) (0.0278)
Share of views in Devotion Genre -0.0821*** 0.0024
(0.0131) (0.0266)
No Assigned Genre -0.0308 0.0398
(0.0261) (0.0516)
Share of views in Greetings Genre -0.1031** -0.0521*
(0.0126) (0.0252)
Share of views in Humor Genre 0.2879** 0.1203
(0.0408) (0.1051)
Share of views in News Genre 0.1262*** -0.0591
(0.0278) (0.0585)
Share of views in Politics Genre 0.0640 -0.1950
(0.1455) (0.2219)
Share of views in Romance Genre 0.0042 0.0246
(0.0169) (0.0341)

Notes: This Table shows that, conditional on observable user characteristics, treatment assign-
ment is not correlated with the probability of leaving the platform. This also shows that the
treatment does not differentially impact the probability of leaving the platform, for given observ-
able user characteristics, in any economically significant way. This means that the treated leavers
are not systematically different from the control leavers. These results are obtained by estimat-
ing the regression equation 1;(left platform = yes) = By + 1 D; + >, fc1;(user characteristic =
c) + >, BieDil;(user characteristic = ¢) 4 €;, where 1;(left platform = yes is an indicator taking
value 1, when user i leaves the platform. Column 76) reports estimated S.’s, while column (2) reports
estimated f1.’s. Standard errors are robust at user level. p < .0001***, p < .01**, p < .05*.



Table B.3: Structural estimates using OLS regression across heterogenous users

QL (Q2)  (Q3) (4) (Q5)
Difference in Toxic Shares (Current - Baseline)
Difference in Toxic Views at 0.434 -0.124 -0.201 -0.0402  -0.848
Baseline using one half of posts (0.498) (0.166) (0.141) (0.168)  (0.756)

Constant 4276 1272 -19.59  -4.697  -78.27
(49.08) (16.15) (13.50) (15.87)  (68.95)
N 12609 12623 12596 12613 12600

Notes: Dependent variable is differences in differences between probability of sharing toxic and non-
toxic content, between intervention period and baseline, for control users. The explanatory variables
are constructed by averaging differences between proportion of toxic and non-toxic posts viewed by
control users. 0 estimated for treated users of different types, based on their exposure to toxic content
at baseline. Robust standard errors in parentheses. p < 0.05%,p < 0.01**,p < 0.001***.
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Table B.4: Structural estimates using OLS regressions

Difference in shares (Current - Baseline)

Difference in views at Baseline -0.085*
(0.039)
Constant -8.486*
(3.745)
Obs 63270

Robust standard errors in paranthesis.
Notes: Dependent variable is differences in differences between probability of sharing toxic and non-
toxic content, between intervention period and baseline, for treated users. The explanatory variables
are constructed by averaging differences between proportion of toxic and non-toxic posts viewed by
treated users. 6 estimated in the treated sample suffers from attenuation bias due to measurement
error. Robust standard errors in parentheses. p < 0.05*,p < 0.01**,p < 0.001***.

78



Table B.5: Structural estimates using OLS regression and control sample

Difference in shares (Current - Baseline) Difference in shares (Current - Baseline)

Difference in views at baseline 0.312**
(0.046)
Difference in views -0.060**
(0.004)
Constant -3.953 -38.561**
(4.414) (0.355)
Obs 193437 193437

Notes: Dependent variable is differences in differences between probability of sharing toxic and non-
toxic content, between intervention period and baseline, for control users. The explanatory variables
are constructed by averaging differences between proportion of toxic and non-toxic posts viewed by
control users. 6 estimated in the control sample, in Column (1), is biased upwards. Robust standard
errors in parentheses. p < 0.05%,p < 0.01**,p < 0.0017**.
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C Predictions from General Model

I compute the Subgame Perfect Equilibria using backward induction, first solving for users’
optimal choice of sharing probabilities, when the user has viewed a toxic or non-toxic post.
At this point in the game, the user knows the total number of posts she will view. I also
assume that the user knows the distribution of toxic posts that the algorithm assigns her, ¢!
User optimally chooses (s, s), to maximize the utility function in (14). For some quadratic
functions u(-) and ¢(-), user’s first order condition implies

ou(s'; ¢, B, a) _ de(st — 05" — (1 —0)p')
Ost Ost
&i(a) +&(a) - s' = wi(e) - (5" —bg" — (1 - 0)p) (30)

because, u(-) is assumed to be weakly concave and quadratic in s', it’s first derivative is
a linear combination of s* with some unknown constants, & (a) with &(a) < 0. These
constants necessarily depend on «, which denotes the user’s consumption value from sharing
a post. Similarly, the constant x1(c) > 0 is obtained from the convexity assumption on
quadratic function ¢(+). Then, user’s best response functions are characterized from the first
order conditions as

i &Gle) k1 (c) t 1 k1(c) ’
o o o e s L B SR P P

(31)

and similarly,

S () . 0 S . L I (32)

L) —rilc)  &la) —ralc) &a(a) — k()
s, s™ € [0,1]. The user’s best response strategy shows that sharing behavior in equilibrium
is determined by a convex combination of user’s own taste for content and for sharing, as
well as some reference level of toxic posts that a user is exposed to, ¢'. These assumptions
enable me to present some testable hypothesis that help characterizing the reduced form
estimates, and the heterogeneity therein.

Proposition 9. For ¢' € [0,1], &(a) <0, and k1(c) >0,
— <0 33
57 < (33)
That 1s, the probability of sharing toxic content is increasing in the probability of being as-
signed such content.

Proof. For some fixed v,

S" Kk1(c)

_—= -y —

dq' &a(a) — k()
Then, under the stated assumptions, & (a) < 0, and k;(c) > 0,

k1(c) >0

ARG
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The reduced form estimates show that the treatment reduces the total number of toxic
posts viewed for users engaging with more toxic content at baseline. This proposition implies
that for such users, the treatment is expected to reduce the total number of toxic posts shared
as well. This is a direct implication of users’ innate tastes for sharing toxic content, as well
as the action-signalling value.

Proposition 10. For ¢* € [0,1], &(a) <0, and k1(c) > 0,

0%st
>0
0q'0& —

(34)

That is, the treatment effect on tozic shares is larger for users with higher marginal disutility
for such content.

Proof. This is the derivative in Proposition 9 with respect to & («). ]

Heterogeneous treatment effects are larger for users who had lower marginal utility from
sharing toxic content. That is, users with higher proclivity to toxic content, or positive taste
from sharing toxic content, had smaller treatment effects. These treatment effects, however,
do not disentangle the effects of user tastes from their signalling value. I estimate the effects
of users innate tastes using a simpler structural model in Section ?7?.

Users are assumed to know the probability distribution of being assigned toxic or non-
toxic posts at the beginning of each session, even though she cannot know which posts she
will view before the session starts. This information is however, sufficient to compute the
total number of posts she should view, v, to maximize her utility. Substituting optimal
sharing function in the utility function to optimize,

&1 R1 K1

max U = V[u<€2 e ¢ —(1- 0)€2 — ,ﬁpt; ¢, 5"
+ulg g_lm 0z 'ilmq” —(1-6)¢ ilmp’"‘;q",ﬁ")
el bt - -0 2y
e e R (R
— 1’V

The demand for social media consumption can be measured using the number of posts (both
toxic and non-toxic) users choose to view. Users can respond to the treatment by changing
the total time they spend on the platform looking at posts. This implies that an experiment
that assigns toxic posts randomly is costly for the firm.

Proposition 11. When s' — (1 — 8)p* < 0q", an intervention that randomly reduces q' is
costless to the firm.

Proof. In appendix. O]
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If users’ innate taste for viewing and sharing toxic content is weaker than the perceived
societal tastes, an intervention that reduces ¢' does not reduce overall usage of the platform.
This also suggests that if this condition is not true, that is if the probability of assigning
toxic posts is lower than user’s innate tastes for such content, users are likely to view less
toxic content

Proposition 12.
0*v
@07 = .

That is, the demand curve for social media consumption is an inverted-U shaped curve.
Proof. This flows from the proof of Proposition 11. O

The platform or the algorithm optimally chooses (¢*, ¢") for each user by a priori max-
imizing v. I measure the quantities of the attention commodity in terms of total number
of posts viewed. v(q¢*, p', p") is the correct objective function for the platform to maximize,
because a user who views a higher number of total posts also consumes a greater number of
advertisements. This objective function, therefore, allows the firm to maximize ad-revenues.

mx=§ ulg, o b = (=) 5 Y
+“(§2 il,ﬁ - 952 Iil,ﬁq" - (1= 9)52 'ilmp”;q”,ﬁ")
gt gt -0 )
_c(&g_lm —eéflﬁq” —(1 —9)525_2mpn)

First, consider the case of no updating, # = 0. That is, users do not update their perceptions
of society based on their feeds or the toxic content they are exposed to. In this case, I show
that the assignment probabilities are entirely determined by user’s innate tastes for toxic
content, and is not affected by the signalling value a user may derive from sharing. This is
because the user continues to behave according to some predetermined preferences, in each
time period.

Proposition 13. When 6 = 0, and for ¢5(5), 3 (5™) <0
_G+g—d
G+

That is, the probability of assigning toxic posts is directly proportional to users’ distaste for
non-toxic content, when there is no updating.

(36)

Proof. In appendix. ]

In the case of no updating, users do not receive any benefit from signalling how close
their behavior is to the norms of society.
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Corollary 3. When 6 =0,

t 51 K1 t
_ _ 37
i §2 — K1 &2 — /‘61p ( )

That is, the probability of sharing toxic content only depends on user tastes for toxic content
when there is no updating.

This results enable an interpretation of the reduced form results as the experiment does
not warrant any exogenous variation in 6. The experiment provides insight into the effect of
changing assignment probabilities exogenously.
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D Proofs

Proof of Proposition 1

Consider a special case of the model so that sharing behavior does not respond to treatment
assignment or the exposure to toxic content during the intervention period. Further the
probability of sharing toxic content, for given levels of toxic exposure, is constant across
all users. Then the proportionate change in sharing toxic content is exactly equal to the
proportionate change in toxic content viewed, i.e. AT EPShare = AT ppView

Proof. We have potential outcomes v!(1) and vf(0) but s! is unaffected by treatment or the
realization of v! under treatment assignment. Then, regression outcome S}, the total number
of toxic posts shared, on randomly assigned D; identifies a slope coefficient

E[S!(1) — S1(0)] = mE[st - (v{(1) — 0!(0))] =
and an intercept of
E[S;(0)] = mE[s; - v;(0)] = 9

Consider also the regression of V!, total number of toxic posts viewed, on randomly assigned
treatment, D;. This yields a slope coefficient of

B[V (1) = Vi(0)] = mE[vj(1) — v;(0)] = o

7

and an intercept of
E[V(0)] = mE[v;(0)] = ag
Then, we claim that ATEY View — ATE? Share . Y1 /% = a1 /ap. Consider,

W _ mE[st(v!(1) — v!(0))]

W mER0)]
miE | (v1(1) — v!(0)) Blst]o! (0]

)

m [of(0)E[st|e4(0)]]

- Bpt(1) = o(0)] _ e
mm - E[vl(0)] ors

where the last two steps follow from monotonicity, non-responsiveness assumptions and the
law of iterated expectations. O

Proof of Proposition 2

For ¢f_ =1 — ¢!, user chooses total number of posts to view as

1
Vir = {07_
K 2/’7

Bi B 2

t)? n )22
1+ af — 204, ¢ .0 + (1 — 9)((p§)2 + (pf)z) — (4-) — (¢i-) — a_] }
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Proof. Substituting users’ optimal strategy in the utility function, and measuring social
preferences using the assignment probabilities generated by the algorithm gives,

t n (qE,T)Q (qZT)Q +\ 2 n\2 t \2 n \2 a?
v = vt S0 ()4 () 0 ) 0 s

B By 2
(38)
The claim follows from user’s first order condition maximizing utility in (38) with respect to
Vi r. D

)

Proof of Proposition 4

In equilibrium, sharing probabilities are given by user tastes as well as the weight a user
puts on their perception of society’s preferences.

1o+ (5t) 2
- (5") 2
iy =(1—0)p! + e(ﬁt e + O(0%)

Proof. The proof follows from substituting the optimal assignment probabilities from the
firm’s problem in Lemma 77, into users’ best response functions described in Lemma 1. The
final expression is achieved by applying a second degree Taylor approximation to linearize
the expression around 6. O

Proof of Proposition 6

For some updating parameter # and constant share of toxic posts A, the change in ratio of
toxic-shares to non-toxic shares from the baseline is a function of the log-odds ratio of the
proportion toxic posts viewed at baseline. That is,

t t - t
sia(1) sio(1) q" Yi0
log | — —log | = =(1+0)log| = | —0log | —
<8i,1(1)> <3i,0(1) q" Yi0
Proof. The equilibrium condition on users’ sharing behavior in (25) simplifies to
sio = (vio) (w5)
sio = (viio) (w?)

As a result, the preference shock for toxic content is expressed as

=

S




Further, treated users view a constant proportion of toxic content during the intervention
. " AgtoP,
period v; (1) = =57, because

gt
L) = ———2
/UZ,].( ) (1 _ )\qn))\qt
o (1) = (=N
vl (1 — Ag™) At

1

Then, define log

st . . .
=~ | as the log-odds of sharing toxic content. Plugging values from (39)
i,1

and (41) into the definition of the log-odds ratio of sharing toxic content in (23), so that

st (1 Aqt’ (vt )™’ S)
e () (2050 »
sia(l) (1= (vi) " (si)
where, v}, is substituted from (??). Then, subtracting the defined log-odds ratio of sharing
toxic posts (as defined above) at baseline (7 = 0), and using (39) on the right hand side, we

get
t t 7 t
sia(1) sio(1) A q' Yio
log | = —log | = =0log| —— | +0log| = | —Olog | —
<3i,1(1)> <Si,0(1> 1—A q" Ui0
con‘sgant
which is the required expression in the stated proposition. O

Proof of Proposition 7

The behavioral effect of exposure, 6 is identified in a linear model of treated users responding
to exposure to toxic content if

(SA1) treated users update their beliefs and sharing behavior in accordance with exposure
to toxic content as

dlog(si, (1)/si(1))
dlog(q'/q")

(SA2) users engagement behavior in equilibrium is stable over time s}, = s, and s}, =
s;fl

(SA3) toxic posts form a fixed fraction of the corpus of content in each time period, A

(SA4)Assignment probabilities are orthogonal to user preferences conditional on user’s
observed behavior, E[qul(Di)|w;f, sio, D] = E[qfvl(Di)|s§70, Dj]

Then, 6 can be estimated using the following regression equation

=0

E[AB;1|D; = 1] =70 + 1 4ip (43)

where, v = —6.
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Proof. Consider Proposition 6 which gives
t t - t
sia(1) Sio(1) A q" Yi,0
log : —log | = =0|log| —— | +log| = || —fOlog | —~
(321(1)) <Si,0(1) L= qr Ui o

Then, consider the second order Taylor series expansion of log ( o ) , around some fixed

la

s«—o-

o

point v!, = v, = k1, where k1 is some constant. Then,

log (@) = _A10< )+ O(A;0(1))? (44)

n

This gives the right hand side of the required expression. Similarly, consider Taylor series

st st
expansion of the following term around = 52‘0
zl 7,0
st (1)
P AL T B TIC I  10
&\ s (D) o)
5i,0
1 351(1) Sfo(l)
=log| v~ =
521(1) 31,0(1)
1
= —AB;;(1
—ABL()

which gives the required expression on the left hand side, as the constant x, cancels out from
both sides of the relationship of interest, and is accounted for in the constant term. O

Proof of Proposition 8

Instrumenting average toxic views for each user with the average of one half of posts viewed
removed bias in estimates on account of measurement error.

Proof. The measurement error in these variables constructed using half the viewed posts, is
written as

_t t* t
vio (1) =iy (1) + Avg (1)
t tx t

UiQ,E)+) (1) = U:,E)Jr) (1) + Avi%gr (1)

tx ot tx _t
where, as before Couv(v;y” (1), Av;g” (1)) = 0 and Cov(v;" (1), AvsT (1)) = 0.
Note the first stage regression using hal f2 as the instrumental variable,

_t L
v6 ) (1) = ag + onv’57” (1) + pap
t*

= ap + a1 (v;5H(+ )+AU2(+))( ) + Lo
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_t
2(+)

where, Cov(v;," (1), pip) = 0. Then, any bias in the estimates from the IV specification,
due to measurement error in fraction of toxic posts viewed would depend on

Cov(w7 (1), 027 (1)) = Cov(w 2“<>+Av T (1), 057 (1) + AvZP (1))

= Cou(v; 2 (1), 057 (1))

due to the exclusion restriction stated in (AME), the IV approach eliminates measurement
error. The same strategy is applied to all users with regards to non-toxic content as well.
This shows that the IV estimations strategy only depends on the true distribution of the
main explainatory variable. [

Proof of Proposition 11
When s' — (1 — 0)p' < 6q', an intervention that randomly reduces ¢' is costless to the firm.

Proof. The first order condition with respect to total number of posts viewed v implies

= o[ g~ O )
Ful 0 g - ()
&2 5—1/1'1 052 i /‘élq —1- 0)52 5—2/’€1pt)
e ey
The proposition flows from the optimal v function. n

Proof of Proposition 13
When 6 = 0, and for (5(8'), (3(6") <0
WRE STl kS
G+ ¢

That is, the probability of assigning toxic posts is directly proportional to users’ distaste for
non-toxic content, when there is no updating.

(45)

Proof. With ¢" = 1 — ¢*, algorithm’s the first order condition implies
au(st;qtaﬁt7&) 051 + 6u<3t;qt7ﬁtaa) + au(sn;qt,ﬁn’a) 9'%1

Ost & — Ky dqt os" &9 — Ky
_ Ou(s™¢", B ) | Oc(s'(d)) —bg' — (1= 0)p") 66
aq" oq' £ — K1
_0c(s™(¢") —0q" — (1 - 0)p") 08 _
oq" §2 — K1
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As before, for given assumptions on quadratic u and ¢ (concave and convex, respectively), 1
write

du(s' ¢, B', )

L = &(8Y) + &(8Y)s" (46)
QBT T _ g, () 1 (") (47)

PSP ) + 5 (48)
PBTLL) — om + G (49)

Be(st(q') — 9;(;— (1—-0)p") _ ra(c)q' (50)
) 00 00 g 51

where, &, (4, (1 < 0 and ko > 0. Solving for ¢*, we get
q'120°K% + (Ch + ) (& — K1)? + 20&aka (& — K1) = 0°K5E — O(1 — O)Kki&p™
+ (GL + ¢ - G)(fz - K1)2 + 9§2I€2qt(§2 - /ﬁ)

]

E Algorithms

Simulate Treatment

This algorithm simulates control and treatment embeddings over multiple days and analyzes
the final aggregated embeddings. The treatment embeddings are generated by uniformly
sampling from an epsilon ball, and the process is repeated for each user over several days.
The Central Limit Theorem (CLT) suggests that the aggregated treatment embedding dis-
tribution should approximate a normal distribution.
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Algorithm 1 Simulating Control and Treatment Embeddings

1:

Input: num_control_users, num_treatment_users, num_movies, embedding_dim,
num_days

2: Output: final_control_embeddings, final _treatment_embeddings

10:
11:
12:
13:
14:

15:
16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:

27:
28:
29:

Generate synthetic binary user-item ratings data with missing values:
e Ratings are {1,0, NaN} with probabilities {0.3,0.3,0.4}

Remove rows with only NaN values

Calculate the global mean rating excluding NaN values

Fill in the missing values with the global mean

Apply Singular Value Decomposition (SVD) to derive embeddings:

e U,0,Vt =svds(ratings_filled, k = embedding_dim)
e initial_control_embeddings = U - o
Initialize daily control and treatment embeddings arrays:
e control_embeddings = zeros(num_control_users, embedding_dim, num_days)
e treatment_embeddings = zeros(num_treatment_users, embedding_dim, num_days)
e control_embeddingsl:, :, 0] = initial _control_embeddings

Calculate control_mean and control_var from initial_control_embeddings
Set radius = 2 - \/y, control var
for day in 0 to num_days — 1 do
if day > 0 then
Update control embeddings based on new ”usage” with some noise
control_embeddingsl:, :, day| = control_embeddings[:,:,day — 1] +
normal(0, 0.1, shape)
end if
for user in 0 to num_treatment_users — 1 do
while True do
Generate a random point uniformly from the epsilon ball
if norm(point) < radius then
treatment_embeddings|user, :, day| = control_mean + point
break
end if
end while
end for
end for
Aggregate the daily embeddings to get the final treatment and control embeddings:

e final_treatment_embeddings = mean(treatment_embeddings, axis = 2)
e final_control_embeddings = mean(control_embeddings, aris = 2)

Plot hexbin plots for the final aggregated embeddings
Plot histograms with proportions for eacti*dimension with the same bin width
Calculate and print the correlation matrices for the final aggregated embeddings




Simulate Assignment Probabilities

Algorithm 2 Simulation and Derivative Calculation

1: Input: Constants a and k, range of #, number of samples N
2: Output: Simulated values of ¢; . and its derivative with respect to 6
3: Set a < 1.0
4: Set k < 0.5 {Ensure 0 < k < 1}
5. Generate N samples of 3! from a Beta distribution: 8! ~ Beta(2,2)
6: Compute 5" as: ' + %
7. Clip 87 to the range [0, 1]
8: Define the range of  values: 6 € [0.01, 1.0]
9: for each ! and 5" do
10:  for each 0 value do
11: Compute ¢; . using the formula:
t Bf (Broa —1)
T 20850 — B B
12: Compute the numerical derivative of qf’T with respect to 6:
0dir a0 +h) —q(0)
00 h
13: Clip ¢; , values to the range [0, 1]
14:  end for
15: end for

16: Plot the results:
e Plot qfﬁT against 0 for different percentiles

e Plot the numerical derivative of ¢; . against 0
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Simulate Optimal Sharing Functions

Algorithm 3 Simulation and LOESS Smoothing for Sharing Functions

1: Input: Constants «, k, u, intercept offset, range of 8, number of samples N
2: Output: Simulated values of ¢; . and s} . with LOESS smoothing
3: Set a < 1.0
4: Set k < 0.5 {Ensure 0 < k < 1}
5: Set < 0.5
6: Set intercept offset to 0.2
7. Define the range of 6 values: 0 € {0.1,0.3,0.5,0.7,0.9}
8: Generate N samples of ! from a Beta distribution: ! ~ Beta(2,2)
9: Compute [ as: BI' + %
10: Clip B to the range [0, 1]
11: Generate p} positively correlated with /!
12: pt < min(1, max(0, 8! + Normal(0,0.1)))
13: Generate w! as a random normal draw centered around 0.5
14: w! <+ min(1, max(0, Normal(0.5,0.1)))
15: for each 6 value do
16:  Initialize arrays for ¢f . and sj .
17:  for each sample do
18: Compute ¢f . using the formula:
o Bi(BPoa—1)
T 2aBB0 — B - B
19: Ensure ¢} . > le — 5 to avoid non-positive values
20: Compute s} using the log-sharing function with offset:

s » = exp((1 — 0)log p} + 0log q; . + plogw;) + offset

21:  end for

22:  Perform LOESS smoothing on the s . values

23:  Plot the LOESS-smoothed curve

24: end for

25: Plot the 45-degree line for reference

26: Add labels, legends, and gridlines for better readability
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