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Abstract

Recommendation algorithms on social media platforms
optimize for user engagement, which can inadvertently
amplify exposure to harmful content such as violence,
sexual material, and hate speech. Platform-level moderation
is often delayed, opaque, and uniform, motivating the
need for complementary user-side interventions that allow
individuals to reduce unwanted content in their feeds without
relying on platform cooperation. Prior work largely relies
on single-session or human-subject studies, limiting the
ability to capture recursive recommendation feedback loops,
control for users’ baseline preferences for harmful content,
or systematically compare intervention strategies across
harm types. To address these gaps, we propose a sock puppet
simulation framework that models 30 rounds of iterative
recommendation and interaction. We evaluate two user-side
interventions: Downranking and Replacement, on YouTube’s
Homepage and Up-Next interfaces, controlling for users’
baseline harm exposure levels (0%, 25%, 50%), yielding
18 experimental conditions with 1,000 puppets each. Our
results show that user-side interventions are effective relative
to the baseline, with effects concentrated on the Homepage
interface. In particular, Downranking emerges as the most
robust and consistent strategy, producing statistically signif-
icant improvements in both final-state outcomes (net change)
and cumulative harmful exposure across baseline preference
levels. For example, Downranking reverses baseline in-
creases in harm into significant decreases (e.g., from a +0.6
percentage-point increase to a —0.9 percentage-point reduc-
tion), and yields durable reductions in cumulative exposure
over time. Replacement shows weaker and less consistent
effects on final-state outcomes. We further find no strong
evidence of heterogeneous intervention effects across harm
types, and observe that the overall reduction in harmful rec-
ommendations is largely driven by declines in Physical harm.
Our work establishes the long-term efficacy of user-side
interventions and provides guidance for their design.

Code — https://github.com/lucenl/yt-intervention

1 Introduction
Social media platforms are reshaping how people consume
information and form perceptions of the world (Van Di-
jck and Poell 2013). The majority of platforms use recom-
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mendation systems to maximize user engagement by match-
ing the recommended content to users’ inferred preferences
(Covington, Adams, and Sargin 2016). However, users tend
to engage more with negativity (Robertson et al. 2023),
out-group hate (Yu, Wojcieszak, and Casas 2024), and
other potentially problematic content (Beknazar-Yuzbashev,
Jiménez-Durdn, and Stalinski 2024; Roggenkamp 2025).
Engagement-driven optimization can be socially problem-
atic. Indeed, evidence suggests that recommender systems
inadvertently expose users to harmful content, such as vio-
lence, self-harm material, sexual content, misinformation, or
hate speech (Wu et al. 2019; Nigatu and Raji 2024; Doring
2020; Hussein, Juneja, and Mitra 2020). This can lead to
severe real-world consequences, ranging from undermining
public health (Denniss and Lindberg 2025), rising risk of
self-harm and suicidal ideation in youth (Hamilton et al.
2025; Susi et al. 2023), offline violence and hate crimes
targeting marginalized communities (Miiller and Schwarz
2025). Consequently, the mitigation of algorithmically-
driven harm on social media platforms becomes an impor-
tant societal problem.

Among social media platforms, YouTube in particular
emerges as the core platform for examining recommenda-
tions to harmful content, and approaches to mitigate such
recommendations in particular. It is the most popular plat-
form, used by 85% of adults and 90% of teens in the U.S.
(Center 2025a,b). It has over 2.7 billion monthly active users
globally who collectively watch more than 1 billion hours
of videos every day (Goodrow 2017). YouTube’s recom-
mendation algorithms drive 70% of time users spend on the
platform (Rodriguez 2022), primarily via its Homepage (a
broad, personalized content feed generated by a user’s pref-
erence) and the Up-Next queue (a video sequence related
to the video currently being played). In addition, YouTube
is the “Great Radicalizer” (Tufekci 2018) that leads users
to extremism and conspiracy theories (Ribeiro et al. 2020;
Haroon et al. 2022), and its recommendation system also di-
rects vulnerable users to environments rich in violent, sexu-
alized, and harassing content, which can exacerbate anxiety
(BBC 2018; Gkolemi et al. 2022). Given YouTube’s pop-
ularity and its algorithm’s role in leading users to harmful
content, it is essential to design and test interventions that
mitigate algorithmic-driven harms.

Indeed, the platform itself already employs platform-level
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Figure 1: An overview of our experimental workflow for sock puppet-based intervention. The diagram illustrates the three stages
of the simulation: (1) Pre-intervention (Blue) training, where puppets are initialized with different baseline content preferences
using an initial watch history; (2) Intervention (Orange), where puppets receive YouTube recommendations that are classified
in real time for harmful content and modified using Downranking or Replacement before a video is selected and added to
the watch history; and (3) Post-intervention evaluation (Green), where original recommendations are logged and analyzed to

measure changes in harmful content over time.

interventions: actions, tools, or strategies designed to mini-
mize recommendations and consequent exposure to harm-
ful content on the platform. The core mechanism is con-
tent moderation (YouTube 2025a; Roberts 2022; Vaccaro
et al. 2021), an organized effort to screen and manage user-
generated content based on community policies, typically
relying on automated detection (Gorwa, Binns, and Katzen-
bach 2020; Gongane, Munot, and Anuse 2022), user report-
ing (Crawford and Gillespie 2016), and human review (Pe-
trakaki and Kornelakis 2025; Barrett 2020).

While these efforts have proven effective in reducing
overall harmful content (Buntain et al. 2021; Report 2025;
Reddit 2024; X 2024), this centralized approach faces crit-
ical limitations. First, moderation actions suffer from de-
lays, with 70.7% of moderation decisions taking more than
30 days (Trujillo, Fagni, and Cresci 2025), allowing harm-
ful content to circulate and cause negative effects long be-
fore it is assessed. In addition, platform moderation re-
mains a “black box” to scholars and users. Moderation
decisions are often opaque and the overall process is in-
consistent, evidenced by transparency reports showing that
only approximately 37% of user-flagged videos result in
actual removal(Report 2025). Last but not least, this cen-
tralized model leaves users powerless. Specifically, users
may wish to diverge from the platform’s engagement-driven
recommendations and moderation standards. For example,
users report wanting to see less divisive, negative, or moral-
outrage-based content and more accurate, nuanced, and ed-
ucational content on platforms (Rathje et al. 2024), yet they
do not have control over what is recommended and whether
the content they see as harmful is indeed minimized. Sim-
ilarly, content that is permissible under general platform
guidelines may still pose significant risks to vulnerable indi-
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viduals, such as children or users with specific mental health
conditions (e.g., eating disorders and PTSD) who may be
triggered by certain types of content (Yasaroglu 2020; Ur-
man, Hannak, and Makhortykh 2024).

To overcome the latency and intransparency of central-
ized moderation as well as the lack of user agency, we
propose a bottom-up, user-side intervention approach. This
framework serves as a normative safety intervention: User
agency is operationalized not through preference alignment,
but by empowering users to enforce established platform
norms more transparently and rapidly than centralized mod-
eration. Unlike platform-level moderation which removes
videos from servers, our interventions operate on the client
side directly. They intervene at the point of recommenda-
tion, adjusting the visibility or ordering of content in the
user’s feed in real-time, without requiring cooperation from
the platform. Prior work in this space ranges from “soft”
approaches like nudging and warning labels (Donabauer
et al. 2024; Zubairu, Abdou, and Matrawy 2025), designed
to enhance user awareness of potential risks, to “hard” al-
gorithmic interventions that directly modify the feed. This
includes user-configurable filtering (Bhargava et al. 2019),
automatic content hiding (Beknazar-Yuzbashev et al. 2025),
and feed re-ranking based on alternative objectives, such as
increasing diversity (Kolluri et al. 2026). Recent work fo-
cuses on “reductive” strategies, notably Downranking (sys-
tematically lowering the rank of target content) and Replace-
ment (substituting target content with an alternative one).
However, while these strategies have promise in reducing
animosity (Jia et al. 2024), existing research largely focuses
on short-term experiments and static contexts.

In particular, current research, often based on single ses-
sions or over short durations (Oak et al. 2025; Jia et al.



2024), provides limited insights into how interventions
might influence the algorithm’s feedback loop over time.
Without observing this feedback loop, we cannot know if
an intervention actually retrains the platform to be safer, or
just hides a single bad video in the moment. Second, ex-
isting studies struggle to isolate the influence of users’ var-
ied baseline preferences! for harmful content (Kolluri et al.
2026; Piccardi et al. 2024). More specifically, a user who
rarely watches harmful content has a different starting point
than a user with a deep history of seeking it out. Human-
subject studies often face challenges in accurately measur-
ing these preferences through surveys (Kolluri et al. 2026).
Even when studies account for baseline heterogeneity by ob-
serving pre-treatment exposure (Piccardi et al. 2024), they
lack direct experimental control over a user’s digital history.
Without the ability to exogenously manipulate these back-
grounds, it remains difficult to answer whether the interven-
tion worked because of the strategy itself, or simply because
the user had no interest in harmful content to begin with.
Lastly, although researchers target specific harms like misin-
formation or hate speech in isolation (Beknazar-Yuzbashev
et al. 2025; Zubairu, Abdou, and Matrawy 2025), there is a
lack of a more comprehensive investigation into how various
intervention strategies perform across distinct categories of
harm within a unified framework. For instance, is downrank-
ing similarly effective in reducing sexual content or physi-
cal harms as it is in reducing hate and harassment? Without
comparing these categories side-by-side, it remains unclear
if a strategy is universally effective, or if it fails against spe-
cific types of harm.

To address these gaps, we propose an intervention
framework that operates on platform recommendations
before users are exposed to or engage with harmful content.
We use sock puppets, automated agents that mimic user
interactions, to experimentally control user background
and observe longitudinal feedback effects (Bandy 2021;
Hussein, Juneja, and Mitra 2020). We train puppets with dif-
ferent baseline preferences by exposing them to initial video
histories containing 0%, 25%, or 50% harmful content,
and then run a 30-round simulation in which each round
represents an iterative cycle of recommendation and user in-
teraction. In each round, we test two different interventions
side-by-side: (1) Downranking (moving harmful content
lowest-ranked positions within our fixed-length feed) and
(2) Replacement (substituting harmful content with benign
alternatives), resulting in a modified recommendation feed
for each sock puppet.

We evaluate intervention effectiveness using two comple-
mentary metrics: net change in harmful recommendations
between Round O and Round 30, and cumulative harmful
exposure aggregated across all 30 rounds. Analyses focus
on three harm categories: Physical, Sexual, and Hate and
Harassment, and are conducted across YouTube’s two pri-

'In this study, we use the term “Baseline Preference” to denote
the initial exposure level derived from historical interactions, rather
than internal content preferences. This only characterizes the start-
ing state for subsequent recommendations, which are influenced by
prior watch history.
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mary recommendation surfaces, the Homepage and Up-Next
(see Appendix A.1 for category definitions). In summary, we
make the following contributions:

* We contribute a sock puppet simulation framework that
integrates multi-class real-time harm classification with
recursive feedback loops, in which simulated users select
programmatically from within the offered recommenda-
tions, offering a new standard for auditing algorithmic
interventions, one that accounts for dynamic feedback
loops and active user selection.

* We test whether “algorithmic steering” is possible: can
specific user-side interventions reduce recommendations
to harmful content generated by the platform’s original
recommendations compared to a baseline?

* We evaluate intervention effectiveness across different
user baseline preferences (0%, 25%, 50% harmful train-
ing histories), assessing how Downranking and Replace-
ment perform over time for users with varying prior ex-
posure to harmful content.

* We examine whether intervention effects vary across
harm categories: Physical, Sexual, and Hate and Harass-
ment, testing whether reductions in harmful recommen-
dations are category-specific or aggregate-driven.

* We provide empirical evidence that intervention design
critically shapes long-term effectiveness: Downranking
consistently outperforms Replacement, suggesting that
reinforcing users’ inferred benign preferences is more
effective than substituting harmful content with context-
agnostic alternatives.

2 Related Work
2.1 Social Media Harms

Prior studies define and measure online harm in different
frameworks, ranging from platform-specific guidelines to
academic taxonomies and text-based constructs such as tox-
icity and incivility. Jo and Wojcieszak (2025) propose a uni-
fied taxonomy of online harm for YouTube videos that syn-
thesizes prior works and platform guidelines into six cat-
egories, including Physical harm, Sexual harm, Hate and
harassment, etc. These categories map onto the major en-
forcement domains in YouTube’s safety policies, includ-
ing violent extremism. Platform transparency reports show
that these domains are associated with large volumes of en-
forcement actions. For example, between July and Septem-
ber 2025, YouTube removed 392,847 videos for violent ex-
tremism, 7,073,677 videos for child safety violations, and
260,335 videos for hate speech (Report 2025). Consistent
with this, user reports and audits reveal widespread exposure
to such content online. For instance, 66% adults report that
they witnessed harmful content online (Enock et al. 2023).
Exposure to such harmful content can have detrimental ef-
fects on individuals, groups, and society at large. These im-
pacts are often disproportionately severe for vulnerable pop-
ulations. For children and adolescents, exposure to harm-
ful content is linked to increased risks of anxiety, depres-
sion, body dissatisfaction, and potentially mimicking dan-
gerous behaviors (Office of the Surgeon General 2023; Wei-



gle and Shafi 2024). Similarly, for individuals with pre-
existing mental health conditions such as eating disorders or
post-traumatic stress disorder (PTSD), encountering trigger-
ing content can exacerbate symptoms (Abdalla et al. 2021;
Secker and Braithwaite 2021).

In addition, algorithmic audits show that recommender
systems can create detrimental feedback loops: initial user
interactions with harmful content can lead the algorithm to
recommend more such content in the future, potentially in-
creasing users’ exposure to harmful content over time. For
instance, initial engagement with borderline, sensational,
or extremist content is associated with systematic shifts in
subsequent recommendations toward more harmful material
(Ribeiro et al. 2020; Hussein, Juneja, and Mitra 2020). Re-
cent work quantifies this process, showing that engagement
with harmful content can increase the probability of receiv-
ing harmful recommendations (Griffiths et al. 2024).

For these reasons, many users, such as parents, caregivers,
and members of marginalized communities, express a desire
to reduce their exposure to harmful or triggering content and
to have greater control over what they see on social media
platforms (Rathje et al. 2024).

2.2 Platform-Level Interventions

Given the negative consequences of recommendations and
subsequent consumption of harmful content, platforms
themselves address multiple types of harms through con-
tent moderation systems that combine automated detection
with human review (Report 2025). In addition, extant re-
search has proposed varied classifiers to identify content
such as hate speech (Mukherjee and Das 2023), violent con-
tent (Khan, Tahir, and Ahmed 2018; Constantin et al. 2020),
erotic content (Tabone et al. 2021; Nguyen, Wilson, and
Dalins 2024), and misinformation (Wu et al. 2019). Recent
studies have explored the use of LLMs for detecting harmful
content (Liu et al. 2025; Bonagiri et al. 2025).

Although platforms emphasize the scale of their content
moderation efforts and report substantial removals of harm-
ful content (Report 2025; Reddit 2024; X 2024), indepen-
dent audits identify persistent limitations that undermine
their effectiveness and allow harmful content to remain ac-
cessible. First, moderation actions often suffer from substan-
tial operational delays. For example, more than 70% of mod-
eration decisions on YouTube and Pinterest occur over 30
days after content creation, limiting their ability to prevent
exposure (Trujillo, Fagni, and Cresci 2025). Second, plat-
form self-reporting lacks meaningful transparency: compar-
ative analyses show that transparency reports are frequently
incomplete or inconsistent, constraining external evaluation
of moderation practices (Miindges and Park 2024; Chang
et al. 2025). Third, beyond opacity, evidence suggests that
platform interface design can actively discourage user re-
porting, for instance through hard-to-find reporting channels
or dissuasive warnings (Wagner et al. 2020). Together, these
limitations indicate that platform-level moderation alone is
insufficient to address online harms, motivating the need for
complementary approaches.
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2.3 User-Side Interventions as a Complementary
Safeguard

As a supplement to platform-level moderation, researchers
explore user-side interventions, which operate directly on
the user’s device to modify the information flow to a spe-
cific user without altering the source content on the server
or the way it can be displayed to others.

On the “softer” end are approaches aimed at enhancing
users’ awareness or critical evaluation without directly al-
tering the feed’s content. This involves interface-level inter-
ventions, such as nudging and warning labels. For example,
Donabauer et al. (2024) used nudging principles to design
interface cues that improve users’ recognition of harmful
content. Zubairu, Abdou, and Matrawy (2025) designed and
evaluated warning labels for misinformation, demonstrating
their potential and limitations.

In addition, studies use browser extensions to implement
interventions, enabling user-side content modification, such
as customized content filtering from social media feeds for
better user control (Bhargava et al. 2019) and automati-
cally hiding toxic content from the interface (Beknazar-
Yuzbasheyv et al. 2025).

Building on browser-based approaches, other work
proposes algorithmic intervention strategies that directly
modify social media feeds. Jia et al. (2024) developed
democratic attitude feeds using downranking and con-
tent removal-and-replacement strategies to reduce anti-
democratic content exposure. Kolluri et al. (2026) enabled
user-customizable re-ranking through 78 pluralistic values
with real-time content scoring. Piccardi et al. (2024) provide
a comprehensive framework supporting re-ranking and con-
tent editing interventions. Recent work also applies LLMs to
algorithmic intervention, with Oak et al. (2025) demonstrat-
ing pairwise re-ranking effectiveness across six harm cate-
gories using zero-shot and few-shot approaches.

Extending earlier efforts, we present a systematic frame-
work for evaluating intervention effectiveness in controlled
yet realistic platform environments over extended periods,
with analysis of differential impact across harm categories.

3 Intervention on YouTube to Mitigate
Exposure to Harmful Content

3.1 Problem Formulation

Simulated Users and Background Representation. We
use u to represent a simulated user (i.e., a sock puppet
agent). The simulation progresses in discrete time steps, de-
noted by ¢ € {1,2,3...}. Simulated users vary in their
baseline preference for harmful content. To characterize this
baseline preference prior to intervention, we define their
Baseline preference (BP). This metric is calculated after an
initial “training” period of K time steps, during which the
simulated user interacts with the platform without interven-
tion. It is defined as the proportion of harmful content within
the history accumulated during this period, H (u, K):

Lovenur) M)

BP() = =5, 1))



The history H (u, K) serves as the initial state for the subse-
quent “intervention” phase (¢t > K).

Intervention Target: Recommendation Feed. While
H(u,t — 1) represents the user’s cumulative past watch-
ing history, during the intervention phase, our intervention
specifically targets the platform’s current recommendations
at time step ¢. We denote this recommendation feed as
R)(u,t), where s € {Homepage, Up-Next} represents the
distinct YouTube interfaces being simulated. Note that these
recommendations are generated based on the user’s prior
history, H(u,t — 1).

Intervention Framework and Objective. We define the
Harmful Exposure (HE) of a given recommendation feed R
as the proportion of harmful videos it contains:

Yyer h(v)

HE(R) = =<2

Thus, the harmful exposure from the platform’s origi-
nal feed from recommendation interface s at time ¢ is
HE(R®) (u,t)).

Let F denote the set of available intervention strategies,
namely Downranking (re-ordering based on harm probabil-
ity) and Replacement (substituting harmful items with safe
alternatives), which we systematically test. An intervention
function f € F maps the original recommendation feed R
generated by the platform to a modified feed R’ presented
to the user: f : R (u,t) = R/ (u,t)

At time step ¢, the simulated user selects a video v
from the modified feed R'(*)(u,t). This selected video is
then used to update the cumulative history: H () (u,t)
H) (u,t — 1) U {v:}. In this way, the intervention f indi-
rectly shapes the user’s watching history, which the platform
uses to generate future recommendations.

Our goal is to examine whether intervention functions
f € F can effectively steer the platform’s recommendations
toward a less harmful state. Specifically, we aim to reduce
the harmful exposure generated by the platform’s recom-
mendation algorithms, HE(R()(u,t)), throughout the in-
tervention period.

3.2 Sock Puppet Simulation Framework

Our intervention evaluation relies on sock puppet simulation
to assess intervention effectiveness in YouTube’s recom-
mendation environment under controlled conditions. Sock
puppets are automated agents widely used to audit platform
behavior under controlled conditions (Haroon et al. 2023).
In our project, implemented as automated web browsers,
each puppet maintains a persistent browser profile (cookies,
watch history) to ensure that YouTube provides personal-
ized and session-consistent recommendations. Our simula-
tion follows a three-phase workflow: (1) a pre-intervention
training phase to establish baseline user profiles; (2) an inter-
vention phase in which a fixed strategy f € F is applied at
each time step; and (3) a post-intervention evaluation phase
analyzing harmful exposure in collected recommendations.
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3.3 Harm Classification Model

We employ a two-stage harm classification pipeline based on
RoBERTa-large to identify harmful videos throughout train-
ing, intervention, and evaluation.

Binary Classifier. The primary classifier takes a video’s
textual metadata (title and description) as input and outputs
a harm probability score o(v) € [0,1]. A binary harm label
h(v) is assigned using a threshold 7, where h(v) = 1 indi-
cates a harmful video and h(v) = 0 otherwise. This binary
signal directly triggers the intervention strategies.

Category Classifier. For videos labeled as harmful, a sec-
ondary multi-class classifier assigns a harm category ¢(v) €
C = {Hate, Sexual, Physical } based on the highest predicted
probability. These labels are used for category-specific post-
hoc analysis. Training and validation details are provided in
Appendix B.

The primary goal of our study is to evaluate the inter-
vention framework itself, in which the classifier serves as
a modular “plug-in”. The threshold 7 is a methodological
choice to test the framework’s effectiveness under a consis-
tent safety standard. Consequently, the framework can ac-
commodate any alternative classifier or threshold that aligns
with a user’s personal definition or specific context of harm.

3.4 Intervention Strategies

We implement two intervention strategies designed to mini-
mize recommendations to and consequent exposure to harm-
ful content in users’ platform ecosystem lowering the likeli-
hood of user interaction with such content.

Downranking. This strategy re-ranks the original recom-
mendation list R(%) (u,t) based on predictive harm scores,
such that videos deemed more likely to be harmful based
on our classification are placed further down the sequence.
Formally, the new ranking is given by R/(®)(u,t) =
SOTt e () (1) (0(V)) 4> Where o (v) denotes the classifier’s
predicted probability of video v being harmful.

Replacement. Unlike Downranking, this strategy oper-
ates on the strict binary label h(v). It substitutes harmful
videos with benign alternatives. We maintain a harmless
video pool P, initialized with harmless videos identified
from the training set, and dynamically expanded with new
harmless videos encountered during simulation. For each
video v; in R(®)(u, t) labeled as harmful, the intervention
replaces it with a randomly chosen video from the pool

‘P. Consequently, the modified feed R’ (®) (u,t) contains
content that was not classified as containing hate, sexual, or
physical harm.

3.5 User Interaction Model

In order to simulate how real users might interact with
a ranked list of recommended videos (i.e., select a video
to watch), we employ a position-based decay probabilistic
model. This approach captures the position bias in recom-
mendation systems, where users are more likely to interact
with items ranked higher in the list (Zhou et al. 2016; Zhou,



Khemmarat, and Gao 2010). We provide the formal formu-
lation of the simulation and evaluation metrics in the Ap-
pendix C.

3.6 Evaluating Intervention

To quantify the effectiveness of interventions, we de-
rive metrics based on the harmful exposure definition
HE(R) established in Section 3.1. All evaluations are
performed separately for each YouTube’s interface s &
{Homepage, Up-Next} comparing the intervention strate-
gies (f € F) against the no-intervention baseline. We de-
note the start of the intervention as ¢.;4,+ = K and the end
aStepg =T

Net Exposure Change. This metric assesses the interven-
tion effect by computing the shift in the platform’s recom-
mendation state between the start to the end of the interven-
tion. First, for each individual puppet u, we calculate the
paired difference in harmful exposure generated by the plat-
form’s raw recommendations: A = HE(R®) (u, tena)) —
HE(R® (u, tstart)).

We then aggregate these individual shifts to estimate the
population-level Net Exposure Change:

IRNINE
= AlS

where M is the total number of puppets. A negative differ-
ence indicates that the intervention was effective compared
to the control group.

&L(S)

Cumulative Harmful Exposure (CHE) This metric cap-
tures the cumulative exposure risk over the entire experi-
mental window . It is defined as the total proportion of harm-
ful videos encountered across all time steps and all puppets:

M T
Zu:l Zt:KJrl ZUER(S)(u,t) h(v)
Yoy Y IR (u, 1)

A lower CHE compared to the baseline indicates superior
protective efficacy throughout the simulation.

CHE® =

4 Experimental Setup
4.1 Experimental Design

We design a multi-round intervention workflow to capture
the long-term impact of intervention strategies. The experi-
ment controlled for three key factors: (1) Intervention Strat-
egy (f € {Downranking, Replacement, None}); (2) User
Background (Prior Harm Exposure) (0%, 25% and 50%); (3)
Recommendation Interfaces (s € {Homepage, Up-Next}).
Crossing these factors resulted in 18 unique experimental
conditions. For each condition, we simulated N = 1,000
independent sock puppets. Each simulation ran for 7" = 30
rounds to capture longitudinal effects.

4.2 Dataset and Classifier Validation

We constructed a composite dataset (1,268 harmful and
68,818 harmless) derived from two annotated YouTube col-
lections. The harmful subset is sourced from the Meta-Harm
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dataset (Jo and Wojcieszak 2025), which contains six cate-
gories of online harm. From this collection, we focused on
three categories: Hate, Sexual, and Physical harm, selecting
only the samples where all three labeling actors reached a
consensus. The harmless subset is derived from a large-scale
audit conducted between November 2022 and January 2023,
representing actual user watch histories (Yu et al. 2024).
These videos span diverse non-problematic topics, includ-
ing verified news and educational content. All videos were
passed through a YouTube Data API v3 filter in May 2025
to exclude age-restricted, region-blocked, or removed con-
tent, ensuring each video remained accessible for automated
“watching” actions. Consistent with our focus on metadata-
based detection, we utilize video titles and descriptions as
the primary textual input for our models. Detailed harm cat-
egory definitions and granular dataset breakdowns are pro-
vided in Appendix A.

We fine-tuned the RoBERTa-large binary classifier on a
balanced subset of this dataset (details on splits and hyper-
parameters are provided in Appendix B). During inference, a
strict threshold of 7 = 0.8 was applied to the predicted prob-
ability score o(v) to determine the binary label h(v). On a
held-out test set, the binary classifier achieved both an F1-
score and Accuracy of 93.9%. The category-specific classi-
fier used for post-hoc analysis achieved both an F1-score and
Accuracy of 92.5%. Given these high performance metrics,
we integrate these models as the harm classifiers within our
simulation framework.

4.3 Simulation Configuration and Pipeline
Automation

Consistent with large-scale audits (Haroon et al. 2023;
Hussein, Juneja, and Mitra 2020), our simulation environ-
ment was configured following established protocols. To
isolate the algorithmic response from confounding variables
(e.g., user background), each puppet operated in an isolated
Docker container and operated in a separate Google Chrome
browser environment with a persistent profile. Our puppets
operated in a “signed-out” state but maintained persistent
HTTP cookies and local storage throughout the simulation
lifecycle.

During the pre-intervention training phase, we initialized
user profiles with varying degrees of prior harm preferences.
This phase consisted of K ~ 100 video interaction. For
each interaction, the puppet navigated to the target video
and “watched” it for a duration of 30 seconds. We select
this threshold because technical assessments and empirical
audits indicate that a 30-second duration is sufficient for a
“view” to be registered by YouTube’s backend (Funk 2020;
Haroon et al. 2023), and extending watch time does not yield
significant differences in influencing subsequent recommen-
dations (Chandio, Dar, and Nithyanand 2024). This process
aimed to create distinct user profiles with consistent recom-
mendation patterns before interventions.

The framework’s automated pipeline handled the real-
time data processing, including extracting recommendation
metadata (video IDs, titles and descriptions) from the
rendered YouTube interface. This data was asynchronously
passed to the inference engine for harm classification. Based
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Figure 2: Overall effectiveness of user-side interventions
after 30 rounds. Panel A compares final harmful video
percentages between baseline and intervention conditions;
Panel B shows results by surface (Homepage vs. Up-Next).
Panels C-D compare intervention strategies across and
within surfaces. Values reflect the final recommendation
state at Round 30. Error bars show standard errors. Aster-
isks indicate significant pairwise differences (* p < 0.05, **
p < 0.01, *** p < 0.001).

on the resulting labels, the pipeline executed the assigned
intervention strategy and logged all interaction data (e.g.,
raw feed, modified feed, and user selection) for subsequent
analysis.

5 Results
5.1 Opverall Effectiveness

To establish the primary effects of user-side interventions,
we first examine the final state of the recommendation
ecosystem after 30 rounds of interaction across all users.
Figure 2 presents a stepwise breakdown of the final-state
effects of our interventions. We first compare intervention
versus non-intervention conditions aggregated across all rec-
ommendation surfaces and user baseline preferences (Panel
A). We then disaggregate results by surface type to assess
whether intervention effects differ between the Homepage
and Up-Next (Panel B). Finally, we compare specific inter-
vention strategies both in aggregate and within each surface
to evaluate their relative effectiveness (Panel C and D).

As shown in Figure 2A, intervention conditions result in
a significantly lower final percentage of harmful recommen-
dations compared to the non-intervention baseline (4.16%
vs. 4.70%, p < 0.001). This confirms the overall effective-
ness of user-side interventions in reducing harmful content
in the final recommendation state. Figure 2B further breaks
down these effects by recommendation surface. Our inter-
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ventions significantly reduce harmful video percentages on
both Homepage (p < 0.001) and Up-Next (p < 0.05). No-
tably, on the Homepage, harmful content constitutes a sub-
stantial share of baseline recommendations (8.48%), which
is approximately 9.1 times higher than that of Up-Next
(0.93%). The low baseline on Up-Next limits the absolute
room for improvement, which helps explain the weaker sta-
tistical effects observed on this surface. Complete statistics
are reported in Tables 4 and 5.

Consequently, while interventions are effective on both
surfaces, their statistical impact is most pronounced on
the Homepage. Figure 2C and D compare the effective-
ness of specific strategies. Across both aggregated re-
sults and surface-specific analysis, Downranking consis-
tently achieves significant reduction in harmful recommen-
dations. While Replacement can significantly reduce harm-
ful video percentage on Homepage, its effects are less con-
sistent, especially showing non-significance on Up-Next.
Overall, Downranking consistently outperforms Replace-
ment in achieving a lower final harmful video percentage.

5.2 Intervention Effectiveness Across User
Baseline Preferences

To account for heterogeneity in users’ baseline preferences
for harmful content, we evaluate intervention effectiveness
across three training conditions (0%, 25%, 50%) using two
complementary metrics: (1) Net Change (Ap), which com-
pares the harmful video percentage between Round O and
Round 30; and (2) Cumulative Exposure, which aggregates
harmful exposure over all 30 rounds. Importantly, baseline
preference levels reflect the proportion of harmful content in
users’ historical interactions used to train the puppets, rep-
resenting controlled levels of prior exposure rather than in-
ternal preferences. These training levels do not directly cor-
respond to the harmful percentage observed at Round 0. As
a result, even users trained with 0% harmful content may re-
ceive non-trivial harmful recommendations at the start of the
simulation.

We first examine net change in harmful recommendations
(Ap). Figure 3 shows that on the Homepage, Downrank-
ing consistently outperforms the baseline across all train-
ing conditions, both mitigating algorithmic worsening for
clean preferences and amplifying reductions under higher
baseline exposure. For example, in the 0% condition, the
baseline harm rate increases by +2.5 percentage points (pp),
whereas Downranking limits this increase to +0.8 pp (p <
0.001), reducing the magnitude of worsening by approx-
imately 67%. In the 50% condition, Downranking nearly
doubles the net reduction in harm compared to the base-
line (—3.1 pp vs. —1.7 pp, p < 0.01), representing an ad-
ditional 81% reduction beyond the baseline trend. In the
25% condition, Downranking reverses a baseline increase of
+0.6 pp to a reduction of —0.9 pp. Furthermore, direct pair-
wise comparisons between Downranking and Replacement
show that Downranking achieves significantly larger net re-
ductions than Replacement across all three training condi-
tions, yielding an additional decrease of 1.4 pp, 1.2 pp, and
0.9 pp for the 0%, 25%, and 50% groups, respectively (all
p < 0.05, see Table 7 for the full results). In contrast, in-
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Figure 3: Net change in harmful video percentage (Apu)
between Round 0 and Round 30 across Homepage and
Up-Next recommendations. Bars show harmful video per-
centages across user baseline preference conditions (0%,
25%, 50%) and intervention strategies, with bootstrapped
95% confidence intervals. Values above the bars are the net
change (Ap) between Round 0 and Round 30. Positive val-
ues (red) indicate worsening, while negative values (green)
indicate improvement. Asterisks indicate statistically signif-
icant pairwise differences within each condition (two-sided
permutation tests: * p < 0.05, ** p < 0.01, *** p < 0.001).
The absence of brackets indicates non-significant differ-
ences (n.s.). On the Homepage, Downranking consistently
achieves significant reductions relative to the baseline and
outperforms Replacement across all conditions.

tervention effects in the Up-Next environment are substan-
tially weaker, none of the conditions reaches statistical sig-
nificance in net change on Up-Next.

While net change captures differences between the final
and initial states, cumulative exposure reveals a different
pattern. Figure 4 shows the distribution of per-user cumula-
tive harmful exposure, computed by summing harmful video
percentages across all rounds. This metric captures sustained
exposure over time and is particularly informative for Up-
Next, where net changes are small.

Across both recommendation surfaces and all training
conditions, Downranking yields consistent and statistically
significant reductions in cumulative harmful exposure rela-
tive to the baseline. Replacement also produces significant
cumulative reductions in most conditions, though its effects
are weaker and less consistent. For instance, under the 25%
training condition in Up-Next, cumulative harmful exposure
decreases from 1.06% in the baseline to 0.94% with Re-
placement and 0.80% with Downranking, corresponding to
relative reductions of 11.32% and 24.53%, respectively (de-
tailed in Table 8 and 9). Direct comparisons confirm that
Downranking yields significantly lower cumulative expo-
sure than Replacement across all Homepage conditions (ad-
ditional reductions of 0.75-0.96 pp; all p < 0.001) and most
Up-Next conditions (additional 0.14-0.17 pp; p < 0.01),
except for the 50% training condition on Up-Next where the
difference is not statistically significant. Complete pairwise

1430

A Homepage B Up Next
330- P29 —= 161 P e
© oz 14 s
2By
,.g e — 124 k.
g 201 '] i 101
o | |
o 15 81 i :
5 5 fo: |
k=] 1 ! [ 8 H
S 107 |
3 4 i
E ° 2
(]
T 0 . ; v 0 i
0% 25% 50% 0% 25% 50%
User Baseline Preference
3 None [ Replace [ Downrank

Figure 4: Distribution of cumulative harmful exposure
(CHE) over the 30-round intervention. The figure shows re-
sults for (A) Homepage and (B) Up-Next recommendations,
grouped by training condition (0%, 25%, 50%) and inter-
vention strategy: No Intervention (gray), Replacement (or-
ange), and Downranking (green). Box plots show the me-
dian and interquartile range (IQR); white diamonds indi-
cate the mean. Asterisks denote significant differences for
all pairwise comparisons within each training group (two-
sided permutation tests: * p < 0.05, ** p < 0.01, *** p <
0.001).The absence of brackets indicates non-significant dif-
ferences (n.s.).

tests are reported in Table 10.

Importantly, these cumulative reductions occur even in
the Up-Next interface, where baseline harmfulness is low
and final-state net changes are correspondingly small. Taken
together, these results highlight three key insights: (1) net
change and cumulative exposure capture distinct but com-
plementary aspects of intervention effectiveness; (2) Down-
ranking is the most robust strategy, consistently improving
both final recommendation states and total exposure; and (3)
even interventions with limited net change effects, such as
Replacement, can meaningfully reduce cumulative harm.

5.3 Category-Specific Analysis

To determine whether intervention effects vary by harm
type, we decompose the aggregated results into three distinct
categories: Physical Harm, Sexual Harm, as well as Hate and
Harassment Harm. We analyze the net change in the harm-
ful video percentages between Round O and Round 30, as
shown in Figure 5. We further provide a decomposition and
explanation in the Appendix E.5.

The results show a natural algorithmic drift in the base-
line condition. Specifically, the platform demonstrates a
substantial reduction in Physical Harm across both recom-
mendation surfaces and user baseline preferences. In con-
trast, Sexual Harm and Hate and Harassment Harm ex-
hibit different trends: On the Homepage, their percentages
in the recommendation feed increase, while on Up-Next,
their percentages decrease. Given that Physical Harm con-
stitutes the majority of the initial recommendation feed in
Round 0 across all conditions (e.g., 49.2% with 0% baseline
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Figure 5: Category-specific net change in harmful content (Round O - Round 30). Physical harm shows strong baseline reduc-
tions, while Hate and Sexual harms exhibit weaker, surface-dependent trends. No intervention produces statistically significant
additional reductions relative to the baseline at the category level (p > 0.05).

preference without intervention), its steep reduction mathe-
matically contributes to the aggregate reduction in harmful
videos. Thus, the effectiveness of our interventions is driven
primarily by the reduction of Physical Harm, rather than a
uniform mitigation across all categories.

More importantly, despite the superiority of Downrank-
ing observed in the aggregate results, we find that neither
Downranking nor Replacement is statistically distinguish-
able from the baseline within individual categories. We re-
port cumulative harmful video exposure in the Appendix as
a complementary analysis. Consistent with the net change
results, category-level cumulative patterns do not show a
clear and uniform intervention advantage across harm cat-
egories (see Figure 6). These results suggest that while user-
side interventions provide a general signal in reducing harm-
ful content in recommendations over feedback loops, they
struggle to override the algorithm’s potential content-level
biases. The platform appears to be highly responsive to mit-
igating Physical Harm, but remains less sensitive to the sup-
pression of Sexual and Hate content.

6 Discussion

We present a simulation framework for evaluating user-side
interventions aimed at mitigating exposure to harmful con-
tent in algorithmic feeds. By simulating longitudinal user in-
teractions without relying on human subjects, the framework
enables scalable and controlled evaluation of how interven-
tions shape both short-term recommendation outcomes and
feedback loops over repeated interactions.

Comparing Intervention Strategies. Our results high-
light that intervention effectiveness depends on the evalu-
ation perspective. Endpoint comparisons capture how in-
terventions alter the final recommendation state, whereas
cumulative exposure reflects sustained protection over re-
peated interactions. Across both metrics, Downranking con-
sistently achieves larger reductions in harmful exposure
than Replacement. These findings suggest that the observed
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reductions are not a purely “mechanical” result of posi-
tion bias. While our framework incorporates a probabilis-
tic interaction model, a mechanical interpretation would im-
ply that Replacement, which completely removes harmful
items from the feed, should be more effective at reduc-
ing exposure. However, our finding shows that Replacement
underperforms Downranking. This suggests that replacing
harmful videos with context-agnostic alternatives introduces
noise that disrupts the recommendation logic and poten-
tially trigger unpredictable harmful recommendations. De-
spite this noise, Replacement remains a viable strategy for
reducing cumulative exposure in some settings. These find-
ings underscore the importance of multi-dimensional evalu-
ation: strategies that rapidly suppress harmful content may
differ from those that primarily reduce aggregate exposure
over repeated interactions.

Limited Category-Specific Effects. When decomposing
results by harm type, we find no statistically significant dif-
ferences in intervention effectiveness across categories. Re-
ductions in aggregate harmful content are driven primarily
by large baseline decreases in Physical harm, while Hate
and Sexual harms exhibit weaker or mixed responses. This
suggests that user-side interventions in our setting operate at
an aggregate level rather than selectively mitigating specific
harm categories, pointing to limits in their ability to override
category-level dynamics of the underlying recommender.

Recommendation Surface Differences. Finally, we ob-
serve systematic differences between Homepage and Up-
Next recommendations. While baseline harmfulness is sub-
stantially lower in Up-Next, interventions still reduce cu-
mulative exposure over time. These differences likely re-
flect surface-specific recommendation mechanisms, with
Up-Next being more directly shaped by the immediately
preceding video. Our framework thus enables comparative
evaluation of intervention effects across multiple recommen-
dation contexts.



Protection Without Harmful Histories and Governance
Implications. Notably, interventions remain -effective
even for users trained with no prior exposure to harmful con-
tent. In the 0% training condition, we observe that “clean”
puppets still encounter a non-trivial baseline increase in
harmful recommendations over time. This finding highlights
a critical gap: because algorithmic feeds optimize primar-
ily for engagement, platform-level moderation may fail to
fully protect even users who actively avoid harmful content.
Our results demonstrate that user-side approach effectively
mitigate this risk: both Downranking and Replacement sig-
nificantly reduce harmful recommendations, providing an
autonomous layer of protection that empowers individuals.
This property is particularly relevant for safeguarding vul-
nerable or restricted user populations. For policymakers,
these findings establish a rationale for supporting user-side
interventions as a flexible alternative to the inherent limita-
tions of top-down, “one-size-fits-all” platform moderation.

7 Conclusion

We present a simulation-based framework for evaluating
user-side interventions aimed at reducing exposure to harm-
ful content in recommendation systems. By enabling con-
trolled, large-scale experiments without involving real users,
the framework supports systematic comparison of interven-
tion strategies across different user training conditions and
recommendation surfaces. Our results show that user-side
interventions such as downranking and replacement can
meaningfully reduce harmful exposure, including for users
with limited prior interaction with harmful content. The find-
ings highlight the importance of multi-metric evaluation,
reveal heterogeneous effects across harm categories, and
demonstrate effectiveness on both the Homepage and Up-
Next interfaces. Future work will extend this framework to
multimodal harm detection, explore category-specific inter-
vention designs, and validate the findings through controlled
studies with real users on live platforms.

8 Limitations

While the user-side interventions show significant effects in
mitigating harmful content exposure, this study has certain
limitations. several limitations. First, our harm detection
relies on text-based metadata, which may not generalize to
multimodal signals that dominate video platforms. Second,
although simulation enables controlled and scalable experi-
mentation, simulated user behaviors cannot fully capture the
complexity of real user interactions with recommendation
systems. Third, our analysis focuses on three harm cate-
gories that are reliably detectable through textual features,
and does not cover other harm types. Finally, the dynamic
nature of recommendation algorithms and continuously
changing content availability limits reproducibility, as
recommendations depend on evolving trends and platform
updates.
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Ethical Statement

This work studies user-side interventions for reducing harm-
ful content exposure in algorithmic recommendations as a
complement to platform-level moderation. The simulation
framework does not involve real users and does not influ-
ence live recommendation systems. All data used were pub-
licly available, and no personal or private information was
collected or shared. Our goal is to develop scalable tools that
enhance user agency and safety without replacing platform
responsibility. We emphasize that user-side interventions are
complementary safeguards rather than substitutes for plat-
form moderation, particularly for vulnerable populations.

A Dataset Overview for Sock Puppet

Training
To evaluate intervention effects of mitigating harmful con-
tent, we use sock puppets to simulate realistic users with
different profiles. Specifically, we focus on harmful content
users encountered during they watching trails. To supprot
such simulation, we constructed a training dataset that com-
bines harmful and harmless YouTube videos from two dis-
tinct sources.

For harmful content, we used a publicly available dataset
containing YouTube videos labeled across various harm cat-
egories (Jo and Wojcieszak 2025). Labels were assigned
independently by three sources: Amazon Mechanical Turk
workers, fine-tuned large language models (LLMs), and so-
cial science related domain experts. We selected a subset of
the dataset in which the binary harmful label was unani-
mously agreed upon by all three sources. Additionally, we
filtered the harmful subset to include only videos that were
categorized as containing Hate and Harassment harm (HH),
Sexual Harm (SXL), or Physical Harm (PH) by majority
agreement across annotators.

While the dataset contains videos labels as “harmless”,
they are typically collected from potential harmful sources.
Thus, we used different dataset for harmless videos.

Since sock puppets must perform web-based “watching”
actions during training, all videos in the training set must
remain available on YouTube. We used the YouTube Data
API v3 (YouTube 2025b) to check video availability. Videos
were excluded if they were: (1) Age-restricted, (2) Region-
restricted in the U.S. (3) Removed or resulted in retrieval
errors.

As of the experimental period (May 2025), 1,268 harmful
videos and 68,818 harmless videos passed the availability
filter and were retained for training process.

A.1 Harmful Category Breakdown

Harmful Content Category Composition. Regarding the
composition of harm categories in the sock puppet train-
ing dataset, we counted the number of relative proportions
of each harm category content among all available harmful
videos. Among the 1,268 videos, HH accounted for 37.5%
(476), SXL for 34.8% (441), and PH for 27.7% (351).

Harm Category Definitions. Sexual Harm (SXL): Con-
tent containing erotic scenes or explicit imagery, depictions
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of sexual acts and nudity, sexual abuse scenarios, and sex-
ually exploitative material. Examples include videos with
suggestive thumbnails, explicit sexual content, and mate-
rials that sexualize individuals without consent. Physical
Harm (PH): Content promoting or depicting self-injury,
suicide, eating disorder promotion, dangerous challenges
and pranks, and other activities that could result in physi-
cal harm to viewers or participants. Examples include self-
harm tutorials, dangerous viral challenges, and content glo-
rifying eating disorders. Hate and Harassment (HH): Con-
tent containing insults and obscenities, identity attacks or
misrepresentation, and hate speech targeting individuals or
groups based on gender, race, ethnicity, age, religion, polit-
ical ideology, disability, or sexual orientation. Examples in-
clude discriminatory commentary, targeted harassment cam-
paigns, and content promoting intolerance toward specific
communities.

A.2  Sock Puppet Training

To simulate different user risk profiles, we defined three
training conditions based on the percentage of harmful
videos in each sock puppet’s viewing history: 0%, 25%,
and 50%. For example, in the 25% condition, each puppet
watches 100 training videos, 25 of which are randomly sam-
pled from the harmful dataset described above. These harm-
ful videos are shuffled with 75 harmless videos to form the
final training sequence. This graduated exposure design en-
ables systematic exploration of how different levels of his-
torical harmful content exposure influence subsequent rec-
ommendations and intervention effectiveness.

B Training Details for RoOBERTa-based
Classifier
B.1 Model Overview

We developed a two-stage classification pipeline using fine-
tuned RoBERTa-large models® to identify and categorize
harmful content in YouTube videos. The first stage employs
a binary classifier to detect harmful content, while the sec-
ond stage applies a multi-class classifier to further catego-
rize detected harmful content into three specific harm types:
Hate and Harassment (HH), Sexual Harm (SXL), and Phys-
ical Harm (PH). Both models operate exclusively on textual
features extracted from YouTube video metadata, including
titles, descriptions, and available transcript segments.

B.2 Training Dataset

We used the same data sources described in Appendix A,
with slight modifications for model training. Unlike sock
puppet training, video availability was not a constraint, as
the classification task operates independently of video play-
back functionality. To ensure training quality, we imple-
mented additional filtering to remove low-quality samples
that are: (1) Visual-dependent videos with insufficient tex-
tual content; (2) Music, film, or art content lacking clear
harm-related indicators; (3) Ambiguous samples requiring
full transcripts beyond the RoBERTa token limit.

*https://huggingface.co/Facebook Al/roberta-large



Table 1: RoBERTa classifier training configuration and eval-
uation results.

(a) Optimized Training Hyperparameters

Hyperparameter Binary Multi-class
Learning rate 2.66e-6 1.94e-5
Weight decay 0.0054 0.0078
Scheduler type Cosine Cosine
Warmup ratio 0.145 0.135
Per-device batch size 8 8

Grad. Accum. Steps 8 8

Training epochs 15 15
Optimizer AdamW with 8-bit quantization
Threshold 0.8 0.8

(b) Evaluation Performance

Metric Binary Classifier Multi-class Classifier
Accuracy 93.9% 92.5%
Precision 93.9% 92.6%
Recall 93.9% 92.5%
F1-score 93.9% 92.5%

Table 2: Confusion matrices for binary and multi-class clas-
sification.

Binary Classification Multi-class Classification

| Pred. H Pred. F | HH SXL PH
True HH | 61 2 4
True H 271 9
True F 22 258 True SXL 5 60 2

True PH 1 1 65

To maximize training data reliability, We selected only
instances where the binary harmful label was unanimously
agreed across all three annotator types (MTurk workers,
GPT-4, and domain experts). For multi-class classification,
only harmful samples were used, where the multi-class label
was agreed by majority vote from three annotator types.

As a result, our dataset consists 2,240 examples for train-
ing and and 560 for validation and testing. We utilized title,
description and transcript to train the model.

B.3 Training Configuration and Evaluation
Results

Table 1 summarizes the optimized hyperparameters and
evaluation performance of the RoBERTa classifiers.

The confusion matrices for the binary and multi-class set-
tings are shown in Table 2.

B.4 Integration with Main Experimental
Framework

In our experimental pipeline, the ROBERTa classifiers pro-
vide real-time harmful content detection and harm cate-
gory identification during sock puppet interaction sessions,
enabling dynamic intervention implementation as harmful
content is encountered in new recommendation outcomes.
To optimize computational efficiency and response times,
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we implemented a Redis-based caching system that stores
classification results for previously classified videos.

C User Interaction Model

Formally, for a video v located at rank ¢ (where ¢ = 1 is
the top position) within the modified recommendation list
R ) (u,t), we define its selection probability P(v) as:

)\ifl
DAPa

where A\ € [0,1] is a decay factor controlling the steepness
of the user’s attention curve, and the denominator serves as
the normalization constant to ensures »_, P(v) = 1.

At each time step ¢, the sock puppet samples exactly one
video to watch according to this probability distribution. We
set A = 0.9 across all of our experimental conditions.

P(v | rank =) =

D Additional Analysis: Category-Level
Effects

D.1 Pre-Post Category Composition Changes

Pre-Intervention Harms Composition The proportion of
physical harm instances in our sock puppet training dataset
is relatively lower compared to Hate and Sexual content cat-
egories (27.7% vs. 37.5% and 34.8% respectively). Given
our random sampling methodology from the harmful train-
ing dataset, the category composition retained in individual
sock puppet training sequences should theoretically mirror
this distribution.

Post-Intervention Harms Composition Canges Our re-
sults show physical harm content consistently comprises 50-
70% of harmful content encountered in post-training recom-
mendation outcomes, This gap suggests that existing recom-
mendation algorithms may amplify physical harm content,
or moderation systems may more effectively detect and fil-
ter hate and sexual content, while physical harm content may
be overlooked. Table 3 shows the complete pre-post inter-
vention effects results in category-specific perspective.

E Full Results Across All Experimental
Conditions

E.1 Complete Statistics of Overall Intervention
Effectiveness

Table 4 and 5 provide the complete results underlying Fig-
ure 2. The first table reports the final-state harmful video per-
centages, standard errors, and sample sizes for each plotted
group. The second table reports the corresponding pairwise
statistical comparisons, including raw and Holm-adjusted p
values.

E.2 Complete Descriptive Statistics of Pre-Post
Harmful Content Exposure

Table 6 presents comprehensive descriptive statistics for
harmful content exposure across all 18 experimental condi-
tions, comparing Round O (pre-intervention) and Round 30
(post-intervention) measurements. Table 7 reports the direct



Table 3: Category-level pre—post intervention effects across all experimental conditions. Values report the proportional compo-
sition of harm categories within harmful content before intervention (Pre; Round 0) and after intervention (Post; Round 30).
Physical harm generally shows the largest proportional shifts across conditions.

Percentage (%)
0% 25% 50%
Pre  Post Pre  Post Pre  Post

Hate 18.34 2228 1639 22.82 16.32 2236
None Physical 69.19 53.86 70.34 5198 64.37 50.81
Sexual 12.47 23.86 1327 2521 19.31 26.83

Hate 15.70 22.01 15.00 21.69 16.48 2227

Focus Intervention Category

Homepage g oilace Physical 70.78 53.99 7029 55.09 65.50 51.72
Sexual ~ 13.52 24.00 1471 2322 18.03 26.01

Hate 1630 2025 17.15 2124 1573 22.49

Downrank  Physical 71.53 56.07 67.61 53.76 66.89 50.55

Sexual ~ 12.17 23.67 1523 2500 17.38 26.97

Hate 1949 1522 2237 1623 27.11 1822

None Physical 57.59 63.77 56.05 58.44 50.83 58.41

Sexual 2292 21.01 21.59 2533 22.06 23.36

Up-Next Hate 23.65 31.55 21.25 2346 2333 18.68

Replace Physical 57.71 52.38 52.17 56.17 55.06 52.20
Sexual 18.63 16.07 26.58 20.37 21.62 29.12

Hate 16.81 21.21 24.05 16.02 24.04 20.14
Downrank  Physical 65.80 55.30 52.00 56.90 51.41 50.69
Sexual 17.40 2348 2395 27.08 2455 29.17

Table 4: Final-state harmful video percentage used in Figure 2. Means and standard errors (SE) are reported in percentage
points. /N denotes the number of puppets in each plotted group. Panel labels correspond to Figure 2.

Panel  Surface Strategy Mean (%) SE N
A All None 470 0.085 6000
A All Intervention 4.16 0.054 12000
B Homepage None 848 0.124 3000
B Homepage Intervention 7.57 0.081 6000
B Up-Next None 0.93  0.065 3000
B Up-Next Intervention 0.74  0.035 6000
C All None 470  0.085 6000
C All Replacement 449 0.080 6000
C All Downranking 3.82  0.072 6000
D Homepage None 848 0.124 3000
D Homepage Replacement 8.13  0.118 3000
D Homepage  Downranking 7.00 0.110 3000
D Up-Next None 0.93  0.065 3000
D Up-Next Replacement 0.84 0.053 3000
D Up-Next Downranking 0.64  0.047 3000
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Table 5: Pairwise statistical comparisons shown in Figure 2. Reported p values are Holm-adjusted values from the final Figure 2
analysis pipeline. Significance labels match the plotted annotations.

Panel  Surface Comparison PHolm  Sig.
A All None vs Intervention 6.27e-08  *H*
B Homepage None vs Intervention 1.03e-09  ***
B Up-Next None vs Intervention 0.0115 *

C All None vs Replacement 0.0694 n.s.
C All Replacement vs Downranking ~ 3.00e-04  ***
C All Downranking vs None 3.00e-04  *kx*
D Homepage None vs Replacement 0.0419 *
D Homepage Replacement vs Downranking  3.00e-04  *%%*
D Homepage Downranking vs None 3.00e-04  #**
D Up-Next None vs Replacement 0.3111 ns.
D Up-Next Replacement vs Downranking 0.0088  **
D Up-Next Downranking vs None 0.0012  **

pairwise comparisons between Replacement and Downrank-
ing for net change.

E.3 Complete Descriptive Statistics of
Cumulative Harmful Content Exposure

Tables 8 and 9 present comprehensive descriptive statistics
for cumulative harmful content exposure across all 18 ex-
perimental conditions, including intervention effectiveness
against the baseline. Table 10 further reports the direct pair-
wise comparisons between Replacement and Downranking,
showing that Downranking achieves significantly lower cu-
mulative harmful exposure across all Homepage conditions
and most Up-Next conditions.

E.4 Additional Results for Category-Specific
Analysis: Cumulative Harmful Exposure

Figure 6 presents the distribution of cumulative harmful
video percentage over the 30-round intervention for each
harm type. Box plots show the median and interquartile
range; while diamonds indicate means. Overall, these pat-
terns do not indicate a clear and uniform intervention advan-
tage across harm categories. Physical Harm appears more
responsive to intervention, whereas Sexual and Hate content
exhibit weaker and less consistent shifts across conditions.

E.5 Aggregate Harm Reduction Is Dominated by
Physical Harm

We show that the observed aggregate reduction in harmful
recommendations is mathematically dominated by decline
in Physical harm. Let the overall harmful rate be defined as
a weighted sum of category-specific rates. The net change in
overall harm can be written as:

onerall = § wcAc
c

where w, is the proportion of category c at Round 0, and A,
is the net change for that category.

Across all user baseline preferences and recommendation
surfaces, Physical harm constitutes the largest share of ini-
tial recommendations (typically 45-60%), while Hate and
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Sexual harms together account for a smaller fraction. At
the same time, Physical harm exhibits large negative net
changes (e.g., -6 to -18 pp), whereas Hate and Sexual harms
show positive or much smaller-magnitude changes.

As a result, the weighted contribution of Physical harm
is consistently negative and substantially larger in magni-
tude than the combined contributions of the other categories.
Consequently, the aggregate reduction in harmful recom-
mendations is driven primarily by declines in Physical harm
rather than uniform reductions across categories.

E.6 Factors of Intervention Effectiveness

Training Exposure Dependencies. Our results reveal re-
lationships between sock puppet harmful exposure dur-
ing training phase and intervention effectiveness. Overall,
users with higher baseline harm preferences during train-
ing demonstrate greater susceptibility to intervention ef-
fects, particularly on the Homepage, where both intervention
strategies produce significant cumulative reductions across
all three training groups. Notably, even under the minimal
training condition (0%), baseline harmful content remained
at roughly 5% on Homepage and about 2% on Up-Next
across conditions. This finding provides evidence that social
media recommendation systems inherently introduce some
level of harmful content despite platform moderation and
user-side efforts.

Recommendation Focus Dependencies. We examined
intervention effects across two distinct recommendation
contexts: Homepage and Up-Next recommendations. These
contexts shows different response patterns to interventions.
Homepage recommendations demonstrated consistent and
robust intervention effects, with reductions in both net
change and cumulative exposure varying systematically. By
contrast, Up-Next recommendations showed weaker effects
in net change. This difference may be related to the sequen-
tial structure of Up-Next recommendations, which may limit
the magnitude of observable shifts in final-state outcomes.
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Figure 6: Cumulative harmful percentage for category-specific analysis over the 30-round intervention. Box plots show the
median and interquartile range; while diamonds indicate means. The figure provides a complementary descriptive view of
category-specific cumulative exposure across intervention conditions.

Table 6: Pre- and post-intervention net change (@) in harmful video percentage (pp) by focus, training harm level, and strategy.
Negative values indicate harmful-content reductions. A 95% CI are bootstrap confidence intervals for A . Diff denotes for Net-

change difference vs. baseline, which is the difference between a strategy’s Ay and the None baseline at the same training level
(negative values favor the strategy), with bootstrap 95% confidence intervals. P values come from two-sided permutation tests,
with Holm correction applied within each focus across intervention-versus-baseline comparisons. N is the number of puppets
per condition. In this metric, Downranking on the Homepage produces larger, significant reductions across training levels,
whereas Replacement shows smaller and non-significant reductions. On Up-Next, net changes are small and non-significant
across all strategies.

Focus Training Strategy Ap (pp) A 95% CI (pp) N Diff. (pp) Diff. 95% CI P
None 2.489 [ 2.016,2.978] 1000

0% Replacement 2.251 [ 1.791,2.705] 1000 -0.238 [-0.898,0.437] 0.830

2 Downranking 0.817 [0.373,1.252] 1000 -1.672 [ -2.320,-1.005] 0.001
g None 0.601 [0.084, 1.111] 1000

“E’ 25% Replacement 0.304 [-0.204, 0.793] 1000 -0.298 [-0.999,0.423]  0.830

5} Downranking -0.896 [-1.389,-0.402] 1000 -1.497 [-2.208,-0.755] 0.001
= None 1741 [-2.313,-1.159] 1000

50% Replacement -2.249 [-2.845,-1.646] 1000 -0.508 [-1.325,0.316] 0.663

Downranking -3.146 [-3.714,-2.576] 1000 -1.405 [-2.207,-0.585] 0.003
None -1.363  [-1.709, -1.021] 1000

0% Replacement -1.411 [-1.803,-1.029] 1000 -0.048 [-0.539,0.469] 1.000

- Downranking -1.330 [-1.682,-1.012] 1000 0.033 [-0.436,0.522] 1.000
5 None -2411  [-2.908,-1.930] 1000

Z 25% Replacement -1.901 [-2.317,-1.501] 1000 0.510 [-0.108,1.149] 0.724

;% Downranking -2.183  [-2.562,-1.811] 1000 0.227 [ -0.364, 0.859] 1.000
None -3.112  [-3.593,-2.616] 1000

50% Replacement -3.286 [-3.822,-2.768] 1000 -0.174 [-0.916,0.547]  1.000

Downranking -3.239  [-3.745,-2.759] 1000 -0.126 [ -0.821, 0.557] 1.000
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Table 7: Direct two-sided comparisons between Replacement and Downranking for net change in harmful-video percentage.

Ay is the mean net change from the initial to the final round (pp), with bootstrap 95% confidence intervals. Diff. is Downranking
minus Replacement in percentage points (negative values favor Downranking). p values are Holm-adjusted from two-sided
permutation tests within each surface.

Focus Training Replacement &J, (95% CI) Downranking &1 (95% CI) Diff. (pp)  pHom Sig.
Homepage 0% 2.25[1.79,2.70] 0.820.37, 1.25] -1.43  0.0003  ***
Homepage 25% 0.30 [-0.20, 0.79] -0.90 [-1.39, -0.40] -1.20  0.0014 **
Homepage 50% -2.25[-2.84, -1.65] -3.15 [-3.71, -2.58] -0.90 0.0323 *
Up-Next 0% -1.41 [-1.80, -1.03] -1.33 [-1.68, -1.01] 0.08 1.0000 n.s.
Up-Next 25% -1.90 [-2.32, -1.50] -2.18 [-2.56, -1.81] -0.28 0.9521 ns.
Up-Next 50% -3.29 [-3.82, -2.77] -3.24 [-3.74, -2.76] 0.05 1.0000 n.s.

Table 8: Cumulative harmful-video percentage on Homepage by training and strategy (condensed). Means and 95% Cls are
reported in %. A is in percentage points (pp). p values are Holm-adjusted from two-sided permutation tests comparing each
intervention against the baseline within surface and training condition.

Training Intervention Baseline mean (95% CI) Interv. mean (95% CI) A vs.ctrl (pp) Rel. change (%) DPHolm  Sig.
0% Replacement  7.33 [7.15, 7.52] 7.07 [6.90, 7.24] -0.26 -3.55 3.8696e-02 *
Downranking 7.33 [7.15, 7.52] 6.19 [6.02, 6.35] -1.14 -15.56  2.9997e-04  ##*
25% Replacement  8.48 [8.26, 8.70] 8.12 [7.91, 8.32] -0.36 -4.25 1.6898e-02 *
Downranking 8.48 [8.26, 8.70] 7.371[7.17,7.55] -1.11 -13.09  2.9997e-04  ##*
50% Replacement  10.23 [10.00, 10.46] 9.64 [9.43, 9.86] -0.59 -5.76  3.9996e-04
Downranking 10.23 [10.00, 10.46] 8.68 [8.47, 8.88] -1.55 -15.21  2.9997e-04  #%*

Table 9: Cumulative harmful-video percentage on Up-Next by training and strategy (condensed). Means and 95% ClIs are
reported in %. A is in percentage points (pp). p values are Holm-adjusted from two-sided permutation tests comparing each

intervention against the baseline within surface and training condition.

Training Intervention Baseline mean (95% CI) Interv. mean (95% CI) A vs.ctrl (pp) Rel. change (%) PHolm  Sig.
0% Replacement  0.96 [0.89, 1.03] 0.91 [0.84, 0.98] -0.05 -5.21 3.5176e-01 n.s.
Downranking 0.96 [0.89, 1.03] 0.75 [0.69, 0.80] -0.21 -21.88  2.9997e-04  ##*
25% Replacement  1.06 [0.97, 1.14] 0.94 [0.87, 1.01] -0.12 -11.32  3.8296e-02 *
Downranking 1.06 [0.97, 1.14] 0.80 [0.74, 0.87] -0.26 -24.53  2.9997e-04  #**
50% Replacement  1.24 [1.14, 1.33] 1.08 [1.00, 1.16] -0.16 -1290 2.3998e-02 *
Downranking 1.24 [1.14, 1.33] 0.97 [0.89, 1.06] -0.27 2177 2.9997e-04

Table 10: Direct two-sided comparisons between Replacement and Downranking for cumulative harmful-video exposure.
Means and 95% Cls are reported in %. A is Downranking minus Replacement in percentage points (negative values favor
Downranking). p values are Holm-adjusted within each surface.

Surface Training Replacement mean (95% CI) Downranking mean (95% CI) A (pp) DPHolm  Sig.
Homepage 0% 7.07 [6.90, 7.24] 6.19 [6.02, 6.35] -0.88  3.0000e-04  #**
Homepage 25% 8.12[7.91, 8.32] 7.37[7.17,7.55] -0.75 3.0000e-04  ***
Homepage 50% 9.64 [9.43, 9.86] 8.68 [8.47, 8.88] -0.96  3.0000e-04  #**
Up-Next 0% 0.91 [0.84, 0.98] 0.75 [0.69, 0.80] -0.17  1.2000e-03  **

Up-Next 25% 0.94 [0.87, 1.01] 0.80[0.74, 0.87] -0.14  7.1993e-03  **

Up-Next 50% 1.08 [1.00, 1.16] 0.97 [0.89, 1.06] -0.11  5.8594e-02 n.s.
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