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ecosystem. By decoupling experimental contexts from personas and supporting multiple behavioral 
modes, it allows researchers to model diverse user identities and explore how recommendation 
dynamics evolve over time. The framework’s modular architecture, reproducible design, and web-
based control interface facilitate transparent, comparative studies of algorithmic personalization and 
potential filter bubble formation. TRACE establishes a scalable foundation for empirically grounded, 
extensible, and ethically sound auditing of recommender systems. 
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Abstract
Auditing large-scale recommender systems like YouTube remains
a methodological challenge due to the trade-o� between behav-
ioral realism, scalability, and reproducibility. We present TRACE, an
open-source framework that integrates Large Language Models to
simulate context-aware, persona-driven user journeys. TRACE com-
bines containerized browser automation, database-backed trace-
ability, and asynchronous data enrichment to enable reproducible
large-scale audits of YouTube’s recommendation ecosystem. By
decoupling experimental contexts from personas and supporting
multiple behavioral modes, it allows researchers to model diverse
user identities and explore how recommendation dynamics evolve
over time. The framework’s modular architecture, reproducible
design, and web-based control interface facilitate transparent, com-
parative studies of algorithmic personalization and potential �lter
bubble formation. TRACE establishes a scalable foundation for
empirically grounded, extensible, and ethically sound auditing of
recommender systems.

CCS Concepts
• Information systems! Recommender systems; Evaluation
of retrieval results.
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1 Introduction
YouTube’s recommendation system plays a crucial role in shaping
how billions of users discover and engage with information, thereby
in�uencing global political discourse and societal norms. Concerns
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have been raised through controlled audits that its algorithmic
feedback loops may inadvertently create "�lter bubbles", poten-
tially reinforcing users’ existing beliefs, spreading misinformation,
or even leading them down paths toward ideologically extreme
content [6, 11]. However, empirical studies often show that such
content constitutes only a minor part of what users typically watch,
highlighting a signi�cant disconnect between controlled audits and
actual user behavior [1].

This discrepancy often arises from the methodological limita-
tions of existing auditing techniques [2]. Many auditing frameworks
depend on rigidly scripted agents, which, while o�ering repro-
ducibility, fail to capture the nuances of human decision-making
and curiosity. Consequently, there is a pressing need for a tool
that can bridge the gap between behavioral realism, experimental
control, and large-scale reproducibility.

To address this challenge, we introduce TRACE (Transparent
Recommendation Auditing and Collection Engine). TRACE is an
open-source framework designed for scalable and extensible au-
dits of YouTube’s recommendation algorithm. It leverages Large
Language Models (LLMs) to simulate realistic, persona-driven user
journeys, providing a more nuanced approach to understanding
algorithmic behavior.

2 Related work
The practice of auditing YouTube’s recommendation algorithm
spans a range of methodologies, each with its own strengths and
weaknesses. System-level analyses, which often use the YouTube
API or third-party data, are e�ective in mapping the structural
connections between topics and channels [10, 12]. While these
methods can uncover inherent biases in the platform’s content
network, they do not account for personalization, as they lack
behavioral inputs.

To capture these individualized dynamics, many researchers
employ automated agents, often called "sock puppets," to simulate
user interactions like watching or clicking on videos. Some bots
are programmed to follow predetermined viewing paths to analyze
reorientation e�ects [13], while others mimic speci�c interests
or explore recommendation trees through various strategies such
as autoplay or random walks [4, 5]. More sophisticated designs
incorporate human-like behaviors, including varied timing and
scrolling, to enhance realism [8]. Recent advancements have even
introduced reinforcement learning to create adaptive auditing bots
that can dynamically adjust their engagement based on content [9].
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However, these approaches present a trade-o�. Highly scripted
bots o�er excellent control and reproducibility but often lack the
adaptability needed to elicit genuine algorithmic responses, making
their �ndings less representative of real-world user experiences.
While studies involving real users provide the most authentic in-
sights into YouTube’s recommendation dynamics, they are expen-
sive, di�cult to scale, and pose signi�cant ethical challenges, partic-
ularly when it involves exposing participants to potentially harmful
content [1, 7].

Recent work has proposed LLM-based user simulation frame-
works for recommender systems, aiming to generate proxies for
user behavior. Agent4Rec and RecUserSim, for instance, emphasize
behavioral realism by equipping agents with personas, memory,
and decision modules to approximate real user behavior [3, 14].

This review of existing methods reveals a clear gap in the �eld:
the need for a framework that combines the behavioral realism of
human users with the scalability, control, and ethical safety of au-
tomated agents. TRACE is designed to �ll this void by using LLMs
to simulate psychologically plausible user behavior at scale, o�er-
ing a transparent and reproducible alternative to current auditing
techniques.

3 Framework design and methods
TRACE is engineered to simulate human-like user journeys at scale,
enabling researchers to conduct rigorous and reproducible audits
of YouTube’s recommendation algorithm. Its core innovation lies in
the use of LLM-driven "personas" to navigate the platform, creating
realistic browsing patterns that can trigger genuine algorithmic
personalization. Each audit conducted with TRACE is structured
into a two-phase process to ensure both experimental control and
behavioral realism.

3.1 A two-phase simulation methodology
3.1.1 First phase: contextual initialization. To ensure that compar-
isons between di�erent experimental runs are meaningful, each
audit begins with a context-setting phase. This phase establishes a
standardized algorithmic baseline for each agent. This is achieved
by having the agent watch a prede�ned list of "warm-up" videos,
which are stored as a reusable "context." During this stage, the agent
sequentially visits each video in the context list, simulating a watch
event and collecting the recommendations that are generated. By
decoupling the initial algorithmic exposure (the context) from the
agent’s behavioral pro�le (the persona), TRACE allows for con-
trolled, cross-persona comparisons, making it possible to attribute
di�erences in recommendation pathways directly to the persona’s
behavior.

3.1.2 Second phase: persona-driven exploration. Here, the agent’s
navigation is guided by a speci�c persona de�ned as a detailed,
natural-language description of a user’s interests, biases, and view-
ing habits. This persona serves as a continuous input for an LLM,
which makes decisions on behalf of the agent; while individual
decisions are stochastic by the LLM’s nature, TRACE relies on large
numbers of parallel agents and aggregation across runs to average
out random variation and recover stable behavioral signals. The
agent operates in an iterative loop:

(1) Data collection: It scrapes all visible recommendations on
the current video page.

(2) Decision-making: To simulate a user with heterogeneous
interests, the agent probabilistically selects a persona from a
weighted pool before each interaction.

(3) Interaction: The agent navigates to the selected video and
simulates a viewing event.

(4) Data logging: Every recommendation, its ranking, the cho-
sen video, and the LLM’s justi�cation for the choice are
meticulously logged in a central database.

This loop repeats for a con�gurable number of steps. TRACE
does not aim to reproduce individual-level human optimality, but
rather to generate behaviorally plausible and internally consistent
interaction patterns su�cient to compare algorithmic responses
under controlled conditions.

3.2 Modeling behavioral diversity
TRACE’s �exibility is enhanced by its support for multiple experi-
mental modes, which dictate how personas are applied during the
simulation. This allows researchers to model a wide range of user
behaviors:

(1) Single persona mode: The agent consistently adheres to a
single persona, representing a user with stable interests.

(2) Mixed persona mode: The agent randomly selects from
a weighted list of personas at each step, simulating a user
with multiple, diverse interests.

(3) Sequential persona mode: The agent switches between
di�erent personas after a set number of steps, modeling an
evolution in a user’s preferences over time.

(4) Random choice mode: The agent ignores all personas and
selects videos at random, providing a neutral baseline to
isolate the e�ects of algorithmic personalization.

3.3 System architecture
TRACE is built on a modular, container-based architecture de-
signed for scalability and reproducibility. As shown in Figure 1,
the framework consists of four decoupled components orchestrated
via Docker Compose.

Figure 1: Overview of the TRACE architecture. Persona-
driven agents interact with YouTube through a Selenium
Grid, logging data to a central PostgreSQL database enriched
asynchronously through the YouTube Data API.

The core components are:
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• A central PostgreSQL database that serves as the system’s
backbone, ensuring complete data traceability and repro-
ducibility.

• A scalable Selenium Grid for parallel browser automation,
allowing multiple agents to run concurrently.

• Independent Scraper Agents, which are persona-driven bots
that simulate human-like navigation.

• An asynchronous Enrichment Worker that fetches addi-
tional metadata and transcripts for collected videos using
the YouTube Data API, preventing bottlenecks during the
scraping process.

Figure 2: The web interface for managing TRACE experi-
ments, which allows for the con�guration of pro�les, con-
texts, as well as real-time monitoring.

This modular design ensures that experiments are reproducible
and can be scaled to run large-scale comparative audits with statisti-
cal robustness, while also allowing the underlying LLM to be easily
swapped to study model-speci�c biases and variability. To enhance
usability, TRACE can be operated either from the command line
or through a web-based graphical user interface (GUI), as depicted
in Figure 2. This interface allows researchers to easily con�gure
experiments, de�ne personas, and monitor progress in real time.

4 Research capabilities and applications
TRACE provides a scalable, �exible, and reproducible framework
for auditing YouTube’s recommendation algorithm. Its architec-
ture enables the concurrent operation of many independent agents,
allowing for large-scale, comparative, and statistically robust exper-
iments. Personas can be easily created, combined, or adapted, mak-
ing it possible to investigate evolving research questions about user
behavior and algorithmic personalization without modifying the
core system. The containerized design guarantees reproducibility,
while structured logging ensures full transparency and auditability.

Beyond these general features, TRACE expands the analytical
reach of algorithmic audits. It reduces the sensitivity of experi-
ments to the initial context-setting phase by maintaining behavioral
control throughout the entire navigation process. In conventional
audits based on random selection, control over agent behavior
typically ends once the initial exposure context has been de�ned.
TRACE, by contrast, preserves behavioral coherence across multi-
ple viewing and recommendation cycles. This continuity enables

researchers to analyze how recommendation pathways evolve dy-
namically as simulated users interact with content, rather than
restricting their analysis to the initial exposure moment.

This approach enables the study of radical pathways, where
users consistently select content aligned with a speci�c ideology,
providing insight into how reinforcement dynamics unfold. It also
supports the exploration of mixed or evolving personas, revealing
how YouTube’s algorithm reacts to complex, shifting user pro�les
and how its memory adapts when a user transitions from one
viewpoint to another.

The framework also supports comparative analyses that quantify
the respective in�uence of user behavior and algorithmic person-
alization. Persona-driven experiments can be directly compared
with random-choice baselines conducted under identical conditions,
allowing researchers to isolate algorithmic e�ects from behavioral
ones.

Finally, the framework facilitates systematic comparisons be-
tween opposing ideological personas under identical experimental
conditions. Unlike random or single-context approaches, TRACE
ensures that both sides of an ideological spectrum are explored
through equally realistic, behaviorally consistent simulations. This
feature yields balanced insights into how recommendation systems
respond to di�erences in user identity and engagement patterns,
contributing to more transparent and accountable auditing of algo-
rithmic personalization.

Figure 3: Evolution of rank-weighted lean scores for Pro-
Palestine, Pro-Israel, and Neutral personas over �fty steps.
All agents shared the same initialization context before di-
verging in single-persona mode.

Proof of Concept
To illustrate TRACE’s capabilities, we conducted a controlled proof-
of-concept experiment designed to assess the system’s capacity
to generate, control, and analyze ideologically contrasted recom-
mendation trajectories. The objective was not to draw substantive
conclusions about political bias or to validate user behavior, but
rather to demonstrate how TRACE supports transparent, repro-
ducible, and rank-aware audits of algorithmic personalization.

Given its sensitive nature, the Israeli-Palestinian con�ict was
selected as a challenging test case to evaluate the framework’s
robustness. The seed videos for initialization were chosen based
on pre-registered, stance-balanced criteria and were applied uni-
formly across all agents to establish a shared baseline. All sessions
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were executed in a controlled, containerized environment with
consistent region and language settings. To ensure reproducibil-
ity and cost-e�ciency, agents utilized Mistral Small 3.2 Instruct
(<$0.01/agent) and residential proxies ($0.10/agent) to mitigate bot
detection. The framework demonstrated scalability on commodity
hardware (Ubuntu desktop, Intel i7-8700k, 32GB RAM), supporting
10 concurrent instances (2GB RAM each).

Three distinct personas were de�ned in natural language: a Pro-
Israel, a Pro-Palestine, and a Neutral user. For each of these per-
sonas, 100 independent scraper agents were deployed. Each was
executed in single-persona mode, ensuring stable behavioral pro-
�les throughout the simulation. To guarantee comparability, all
agents underwent the same initialization phase. During this phase,
each persona viewed an identical set of introductory videos (�ve per
ideological stance, for a total of �fteen) to establish a shared contex-
tual baseline within YouTube’s recommendation ecosystem. This
controlled exposure ensured that any divergence in subsequent rec-
ommendations could be attributed to di�erences in persona-driven
behavior rather than contextual bias.

Following initialization, each persona engaged in a �fty-step nav-
igation sequence, selecting videos according to its de�ned behav-
ioral and ideological preferences (94%, 93%, and 65% stance-coherent
choices for the pro-Israel, pro-Palestine, and neutral personas, re-
spectively). At each step, TRACE collected all visible recommenda-
tions and their corresponding ranks, alongside the video ultimately
chosen by the agent and the language model justi�cation for that
choice. This meticulous logging enabled the computation of a rank-
aware lean metric, de�ned as the rank-weighted expected stance of
the recommendation list (with Pro-Israel = �1, Neutral/Unrelated
= 0, and Pro-Palestine = +1), thereby quantifying the ideological
orientation of the recommendations while re�ecting the relative
prominence of higher-ranked content within the user interface.

Figure 3 illustrates the evolution of the mean lean score over
time. While the �gure suggests an initial Pro-Palestinian bias and
a gradual polarization toward each persona’s initial stance, the
focus here is methodological: TRACE makes it possible to detect,
quantify, and reproduce such ideological dynamics across multi-
ple independent runs, with complete control over contextual and
behavioral variables. Each trajectory results from an autonomous,
persona-driven browsing process executed under identical experi-
mental settings, providing a transparent and auditable foundation
for analyzing algorithmic sensitivity to user identity and initial
recommendation bias.

5 Conclusion
TRACE o�ers a scalable and extensible framework that rede�nes
how researchers can audit YouTube’s recommendation algorithm.
Integrating Large Language Models into persona-driven simula-
tions bridges the methodological gap between behavioral realism,
control, and reproducibility. Its modular, containerized architecture
and centralized database ensure full traceability and large-scale par-
allelization, while the intuitive web interface allows researchers to
con�gure, launch, and monitor experiments in real time. Through
its proof-of-concept, TRACE demonstrates how ideological trajec-
tories can be transparently generated, logged, and analyzed under

identical conditions, providing valuable insight into the interaction
between user behavior and algorithmic personalization.
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