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Abstract

The rapid diffusion of short-form video platforms has intensified highly immersive
interaction patterns, often leading to excessive and unintentional consumption
behaviors commonly referred to as doomscrolling. Despite growing concern about
its psychological and behavioral impact, limited research has focused on its real-time
detection through objective behavioral data.

This thesis presents the design and experimental validation of a mobile applica-
tion for the detection of doomscrolling behavior on the most widely used short-video
platform, namely TikTok. The system uses Android Accessibility Services to collect
processed interaction data, including scroll velocity, content skipping rate, interac-
tion frequency, watch time, and session duration. A set of behavioral metrics was
defined to model user activity and compute personalized detection thresholds.

A longitudinal study was conducted in two phases: a warm-up phase for baseline
profiling and threshold computation, followed by a detection phase in which thresh-
olds defined by the LLM are used to capture doomscrolling behavior, progressively
adapting to new user habits. Objective behavioral indicators were integrated with
subjective self-reports, including user-labeled doomscrolling episodes and perceived
session duration.

The results suggest that specific behavioral features can effectively characterize
problematic scrolling patterns. Finally, the thesis discusses the potential integration
of Artificial Intelligence techniques, using Large Language Models (LLMs), to enable
adaptive feedback generation and personalized digital well-being interventions.
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Chapter 1
Introduction

In the contemporary digital landscape, mobile devices and social media platforms
have become deeply embedded in everyday life, shaping how people communicate,
access information, and spend their free time. The widespread adoption of smart-
phones has enabled constant access to digital services that encourages patterns
of interaction characterized by frequent, brief, and toxic engagement throughout
the day [1]. In recent years, short-form content platforms have further amplified
these dynamics by introducing interaction models based on rapid consumption,
continuous scrolling, and algorithmically curated feeds.

Even if such systems offer clear benefits in terms of accessibility, their widespread
use has also raised increasing concerns about their impact on user behavior and
well-being [2, 3]. A recurring issue reported by users is the tendency to remain
engaged with social media applications longer than originally intended. This
prolonged usage emerges gradually during interaction rather than as a result of
deliberate planning, causing users to lose track of time [4]. Experiences like this are
often associated with feelings of dissatisfaction, frustration, or reduced self-control,
suggesting a misalignment between user intentions and their actual behavior during
interaction.

These concerns have contributed to the growth of the concept of digital well-being,
which broadly refers to an individual’s ability to maintain a healthy, balanced
and intentional relationship with digital technologies [5]. Within the field of
Human-Computer Interaction (HCI), a substantial body of research has focused
on understanding how interface design choices and interaction mechanisms can
support or undermine users’ autonomy, awareness, and self-regulation [6, 7.

A key factor underlying many of these phenomena is the broader economic
and technological context in which modern digital platforms operate. Most large-
scale social media systems are developed within the framework of the attention
economy, a paradigm in which user attention and engagement are the primary
contended resources. [8]. In the attention economy paradigm, digital platforms
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and social media companies prioritize metrics related to user engagement, such as
session duration, interaction frequency, and user retention, as primary indicators of
platform success. These metrics, while useful for optimizing advertising revenue
and engagement, do not directly capture user satisfaction or well-being. Research
has shown that attention-driven design and engagement optimization can even
have negative consequences for user autonomy and well-being, highlighting the
limitations of traditional success metrics in digital platforms. [9, 10]

This incentive structure has a direct impact on the design of the interface. To
maximize engagement, platforms rely on interaction mechanisms that encourage
continuous consumption. In the field of HCI, these mechanisms have been defined
as Attention-Capture Damaging Patterns (ACDPs), that is, recurring design
patterns that leverage cognitive biases and behavioral tendencies to sustain user
attention over time [11, 12]. Examples of such patterns include infinite scrolling
feeds, automatic content playback, and algorithmic recommendation systems that
continuously adapt to user behavior.

Although these patterns are effective from an engagement perspective, they may
also contribute to interaction styles that are less intentional and less reflective. In
particular, they can facilitate prolonged usage sessions characterized by repetitive
actions, minimal deliberation, and reduced awareness of time passing. Prior work
has shown that habitual and low-effort interaction patterns can make smartphone
use more pervasive and harder to regulate, even in the absence of explicit user
intent [1].

These dynamics are especially present on platforms centered around short and
fast consumable content. Among them, TikTok represents a relevant case study.
Its interaction model is built almost entirely around the integration of infinite
scrolling, automatic video playback, and a highly optimized recommendation
algorithm. TikTok became popular for its interface, centered on a full-screen,
vertically scrollable feed of algorithmically curated content, a paradigm that has
subsequently been adopted by other platforms such as Instagram (Reels) and
YouTube (Shorts). [13].

This design makes TikTok a suitable environment for observing behavioral
patterns associated with prolonged unintentional use [13, 14]. Empirical studies
and recent reports suggest that users spend a significant amount of time on the
platform, often exceeding the average of other major social media services [15]. More
importantly, the nature of this usage, characterized by rapid content consumption
and low interaction cost, raises questions about users’ awareness and well-being
during consumption [16].

The term doomscrolling has been used in recent literature to describe a pattern
of compulsive and repetitive consumption of online content. In this context,
doomscrolling does not simply refer to a prolonged usage time, but to a specific mode
of engagement characterized by continued content consumption despite reduced
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interest or satisfaction and emotional fatigue [13]. Similarly to other problematic
dynamics of social media use, doomscrolling emphasizes the interaction between
user behavior and frictionless feed architectures that encourage uninterrupted
scrolling [17]. Understanding this phenomenon therefore requires moving beyond
purely temporal measures and considering how users interact with content at a
behavioral level.

In response to concerns about excessive or problematic usage, both researchers
and industry professionals have proposed a variety of Digital Self-Control Tools
(DSCTs), such as screen-time dashboards, usage statistics, reminders, and hard
usage limits. While these tools can increase user awareness, they often rely on
static thresholds and require explicit user configuration. Moreover, they tend to
focus primarily on how long an application is used, rather than on how it is used
[6].

As a consequence, such approaches may fail to capture qualitative aspects of
interaction that characterize doomscrolling behavior, including impulsive scrolling,
low engagement with individual content items, and reduced intentionality [18].
In addition, rigid enforcement mechanisms, such as application blocking, may be
perceived as intrusive, leading users to disable them or to circumvent their effects
over time.

These limitations suggest the need for alternative approaches that emphasize
behavioral understanding over strict control. In particular, there is increasing
interest in systems capable of detecting potentially problematic usage patterns,
and supporting user awareness through adaptive feedback [19].

Despite the growing body of literature on digital well-being and problematic
technology use, a gap remains regarding the detection of doomscrolling behavior in
real-world usage contexts using behavioral data collected directly on users’ devices.
While previous work has explored the psychological correlates of social media use
and the effects of specific design patterns, fewer studies have attempted to treat
doomscrolling as a measurable phenomenon grounded in interaction metrics [4, 7].

This thesis aims to contribute to this research area by investigating whether
interaction data and metrics, such as scrolling behavior, interaction frequency, and
session dynamics, can be used to identify patterns associated with doomscrolling
during everyday usage. In addition, the proposed approach integrates Large Lan-
guage Models (LLMs) to interpret behavioral metrics at a higher level. Specifically,
LLMs are employed to support personalized threshold generation helpful for doom-
scrolling detection. Rather than focusing exclusively on restriction or prevention,
the proposed approach explores interventions useful to help users reflect on their
ongoing behavior.



Introduction

1.1 Objectives

The primary objective of this thesis is to investigate whether doomscrolling behavior
can be identified through the analysis of users’ interaction patterns on mobile devices,
going beyond traditional measures of application usage. Rather than assuming
that prolonged usage alone is indicative of problematic behavior, this work explores
doomscrolling as a qualitative phenomenon characterized by specific behavioral
dynamics, such as repetitive scrolling, low engagement with individual content
items, reduced intentionality and specific content category consumption.

To address this objective, the thesis adopts a user-centered and behavior-oriented
perspective, aligned with recent research in the field of digital well-being and digital
self-control tools [6, 7]. In particular, the goal is not to enforce usage reduction
through rigid restrictions, but to support user awareness by providing timely and
context-sensitive feedback based on observed interaction patterns.

More specifically, the objectives of this work can be summarized as follows:

1. To analyze and characterize interaction patterns associated with doomscrolling
behavior, with a focus on scrolling dynamics and user engagement during
content consumption.

2. To design and implement a mobile system capable of collecting interaction
data directly on the device, without requiring modifications to the monitored
applications.

3. To define a set of behavioral metrics aimed at capturing qualitative aspects of
mobile interaction beyond session duration.

4. To explore awareness-oriented interventions, such as adaptive notifications,
designed to prompt user reflection without imposing hard constraints on usage.

5. To evaluate the proposed approach through a longitudinal user study con-
ducted in real-world conditions, assessing both detection effectiveness and user
perception.

By pursuing these objectives, this thesis aims to contribute to ongoing research
on digital well-being by providing empirical insights into the feasibility of detecting
doomscrolling behavior through interaction data and by exploring design strategies
that prioritize user agency over control.

1.2 Structure of the Thesis

This thesis is organized into eight chapters, guiding the reader through a structured
path that begins with the analysis of the scientific literature, proceeds with the
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design of the application and execution of an empirical study, and concludes with
the interpretation and discussion of the experiment results.
Starting from Chapter 2, the thesis is structured as follows.

o Chapter 2 — Background and State of the Art presents a review of
the scientific literature related to the theoretical foundations of this work.
The chapter introduces key concepts in the field of Human-Computer Interac-
tion (HCI), focusing on digital well-being, problematic technology use, and
attention-capturing design patterns. Particular attention is devoted to the
taxonomy of Attention-Capture Damaging Patterns (ACDPs), focusing on
doomscroll, infinite scroll, and auto-play mechanisms.

e« Chapter 3 — Study Design and Methodology describes in detail the
empirical approach adopted in this thesis. The chapter outlines the research
questions and hypotheses, the overall study design, the definition of variables
and metrics, the participant recruitment strategy, and the data collection
procedure. It also presents the instruments and methodologies employed to
capture user interaction data and subjective feedback during real-world usage.

o Chapter 4 — Design and Implementation of the Application illustrates
the architecture and functioning of the mobile application developed for the
study. This chapter motivates the main design and technological choices
underlying the implementation, describing how the system collects interaction
data, processes behavioral metrics, and delivers awareness-oriented feedback
to users.

o Chapter 5 — Results presents the data collected during the empirical study
in a structured and systematic manner. The chapter reports the results of the
analyses conducted to address the research questions, including descriptive
statistics and comparisons across different usage conditions.

o Chapter 6 — Discussion interprets the obtained results in light of the
theoretical framework introduced in the earlier chapters. The implications of
the findings are discussed with respect to the relationship between interface
design, user behavior, and digital well-being, as well as their relevance for the
design of more mindful and user-respecting technologies.

o Chapter 7 — Limitations and Future Work provides a critical reflection
on the methodological and practical limitations of the study, while also outlin-
ing promising directions for future research and potential extensions of the
proposed approach.
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e Chapter 8 — Conclusions summarizes the main contributions and final
outcomes of the thesis, highlighting the significance of the findings within the
broader context of research on digital well-being and interaction design.



Chapter 2

Background and State of the
Art

This chapter aims to establish the theoretical framework upon which the entire
thesis is grounded. The analysis begins with an examination of the economic model
that governs the contemporary digital ecosystem, namely the Attention Economy,
and then explores its direct consequences on individuals’ well-being through the
introduction of the concept of Digital Well-Being. The chapter subsequently focuses
on the specific mechanisms through which user attention is captured and sustained,
referred to as Attention-Capture Damaging Patterns (ACDPs). A taxonomy of
these patterns is presented, with a targeted focus on Infinite Scroll and Autoplay,
the two interaction mechanisms investigated in the experimental study. The
relationship between these design elements and the central psychological constructs
underlying this research, Normative Dissociation and Sense of Agency, is then
examined. Finally, the chapter concludes by narrowing the discussion to the
specific case study of TikTok, considered as a paradigmatic example of short-video
platforms characterized by attention-intensive interaction models.

2.1 Digital Well-Being in the Age of the Atten-
tion Economy

To fully understand the dynamics governing the interaction between users and
social media platforms, it is essential to examine the socio-economic context in
which these technologies have emerged and continue to evolve. This context is
shaped by the rise of a new economic paradigm, commonly referred to as the
Attention Economy, which has redefined both the value and the nature of resources
within the digital ecosystem.
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The intense competition for this scarce resource, human attention, has led
to a range of critical issues, ultimately contributing to the emergence of a new
field of inquiry and design. This field, known as Digital Well-Being, seeks to
address the challenges introduced by attention-driven technologies and to promote
more balanced and intentional forms of interaction between individuals and digital
systems.

2.1.1 The Attention Economy as a Business Model

The foundational principle underlying the Attention Economy was first articulated
by Nobel laureate Herbert A. Simon. As early as 1971, in a pre-digital context,
Simon observed that an abundance of information inevitably produces a scarcity
of another critical resource: human attention. He famously argued that, in an
information-rich world, information consumes the attention of its recipients, making
attention the true limiting factor in cognitive and economic terms [8].

This concept was later analyzed by several scholars, most notably Michael
Goldhaber, who in the 1990s explicitly connected the concept of attention shortage
to the rise of the Internet. However, it was Davenport and Beck who formalized this
idea into a specific economic framework with their innovative work The Attention
Economy [20]. They described a critic inversion of the traditional economic
paradigm: in a context where information is abundant and easily accessible, the
scarce and valuable resource is no longer information itself, but rather the human
attention required to process it.

Within this framework, attention becomes a form of currency, finite, valuable,
and highly contested, around which digital markets are organized [21]. Technology
companies, and social media platforms in particular, increasingly compete for
users’ attentional resources, investing heavily in interface designs and interaction
mechanisms aimed at maximizing engagement.

Digital platforms have built their business models almost entirely on this principle.
Rather than generating profit through the direct sale of products or services to users,
many platforms monetize the time, focus, and behavioral data produced during user
interactions. Engagement metrics such as session duration, frequency of access, and
interaction volume are translated into economic value through targeted advertising
and data-driven personalization strategies [22]. As highlighted by usability research,
in an environment saturated with content, “attention, not information, has become
the primary bottleneck” [23].

This economic logic imposes a clear direction on design practices. Interfaces
are not primarily optimized for efficiency, utility, or user well-being, but for the
continuous maximization of engagement-related metrics [11]. Design decisions such
as frictionless navigation, continuous content streams, and personalized recom-
mendations are therefore not incidental, but rather systematic responses to the

8
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incentives imposed by the Attention Economy.

As a consequence, a structural conflict of interest emerges between platforms and
users. While platforms are incentivized to prolong usage and intensify engagement,
users may seek to maintain a controlled, intentional, and goal-aligned relationship
with technology. This tension lies at the core of many contemporary concerns
surrounding excessive social media use and represents a central motivation for the
investigation of digital well-being and attention-aware design strategies [24, 25].
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Figure 2.1: Graphic representation of everything that happens on average on the
most used social media platforms in 60 seconds

2.1.2 The Emergence of the Digital Well-Being Concept

The pervasive exposure to digital environments explicitly designed to capture and
retain user attention has been shown to produce significant effects on individuals
psychological well-being and everyday functioning. A growing body of empirical
research highlights how the constant availability of communication, entertainment,
and personalized content fosters patterns of frequent and often automatic device
checking, which may occur with limited awareness or conscious intention [24, 26].
Users are frequently motivated to engage in such behaviors by boredom, the desire
to fill idle moments, or as a strategy to cope with socially uncomfortable situations
[27, 23].

Over time, these repeated interactions can transform an initially goal-oriented
or instrumental use of technology, such as replying to a message or checking a

9
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notification, into habitual and prolonged engagement. This shift is often charac-
terized by a progressive loss of temporal awareness, whereby users underestimate
the duration of their interactions and remain engaged for longer than intended
[1, 25]. Research in media psychology further distinguishes between active forms
of use, such as content creation or direct social interaction, and passive forms of
consumption, including continuous feed scrolling and algorithmically driven content
viewing. Notably, it is passive usage that has been most consistently associated
with declines in affective well-being and user satisfaction [28, 29].

Platforms centered around continuous content consumption, such as social
media applications, video streaming platforms, and digital games, are frequently
identified as contexts in which long and unintentional sessions are likely to occur
(30, 31]. These sessions often end with negative outcomes, including feelings of
frustration, guilt, or regret, with a clear distinction between users’ initial intentions
and their actual behavior [24, 25]. Also, problematic usage patterns have been
linked to broader consequences, such as decreased sleep quality and difficulty with
social interactions, increasing concerns about the impact of attention-intensive
technologies on everyday life [32, 33].

In response to these new concerns, a new research area has taken shape with the
name of Digital Well-Being. Rather than considering excessive use of technology
exclusively in pathological terms, this field investigates how digital technologies
can coexist in every day life in order for individuals to live a balanced, meaningful,
and goal-aligned life [5]. From this perspective, digital well-being is not defined
by the absence of technology use, but by the alignment between users’ intentions,
values, and actual interaction outcomes.

Several studies have contributed to explore this concept by emphasizing the
subjective and experiential dimensions of technology use. For example, research
has explored the distinction between meaningful and meaningless smartphone
interactions, linking the latter to reduced concentration and lower satisfaction
[6]. This line of work highlights that users may remain highly engaged with a
system while simultaneously experiencing a loss of control or purpose, challenging
traditional assumptions that equate engagement with positive user experience.

As awareness of these issues has increased, many users have attempted to adopt
strategies to regain control over their digital habits, such as turning off notifications,
uninstalling applications, or setting personal rules. However, study evidence
suggests that the effectiveness of these strategies is quite limited, particularly in
the context of applications optimized to engage users through persuasive design
mechanisms [34, 35]. This gap between user intentions and actual behavior has
contributed to the development of Digital Self-Control Tools (DSCTs), which aim
to support self-regulation through features such as usage monitoring, reminders,
and time limits [6].

From 2018 onward, major technology companies have incorporated native digital

10
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well-being functionalities into their operating systems, publicly framing these tools
as efforts to promote healthier usage patterns. Despite their widespread adoption,
systematic evaluations indicate that many DSCTs struggle to produce lasting
behavioral change [7]. These tools often operate as external constraints rather than
as mechanisms that foster internal awareness or habit formation, leading users to
bypass, disable, or ignore them over time [18].

This evidence has created a significant shift in the digital well-being world,
considering not only users’ self control as a primary way of taking action, but also
single platform responsibilities in terms of persuasive designs. Research in Human-
Computer Interaction has played a crucial role in this transition by demonstrating
how interface designs actively shape user behavior and make disengagement very
difficult [11, 12]. From this point of view, problematic usage patterns are not only
the result of addiction and weakness of the user, but the result of specific design
choices ruled within attention-driven business models.

Consequently, the study of digital well-being increasingly emphasizes the need
to critically examine the relationship between economic incentives, interface design,
and psychological experience. Understanding how these elements interact provides
a necessary foundation for the analysis of specific attention-capturing mechanisms,
which are examined in detail in the following section through the lens of Attention-
Capture Damaging Patterns.

2.2 Attention-Capture Damaging Patterns

The analysis conducted so far has highlighted how engagement-oriented business
models translate abstract economic incentives into concrete interface design choices.
Within this context, Attention-Capture Damaging Patterns (ACDPs) represent a
key analytical construct for understanding how digital interfaces systematically
shape user behavior in attention-intensive environments.

This section introduces ACDPs as a distinct class of design patterns that operate
aiming at economic interests, user vulnerabilities, and interaction design. After
defining the concept and its theoretical foundations, the section presents the criteria
used to identify and classify ACDPs, as proposed in recent HCI literature. These
criteria provide a structured framework for analyzing how specific design patterns
contribute to prolonged, unintentional, and potentially harmful engagement, setting
a start point for the focused examination of Infinite Scroll and Autoplay in the
following sections.

2.2.1 Definition and Taxonomy of ACDPs

Recent work in Human-Computer Interaction has emphasized the need to dis-
tinguish between interface designs that merely encourage engagement and those
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that actively undermine users’ ability to regulate their attention. In this vein,
Attention-Capture Damaging Patterns have been introduced to describe recurring
design strategies that exploit psychological and cognitive mechanisms in order to
sustain user attention, often leading to misalignment between users’ intentions
and their actual behavior [12, 11]. Unlike traditional dark patterns, which are
often associated with deception, coercion, or economic manipulation, ACDPs are
primarily characterized by their impact on attention and agency. They operate
by subtly reshaping interaction dynamics, making continued engagement easier
than disengagement, and thereby fostering prolonged, habitual, and frequently
unreflective use [21, 22]|. This distinction is particularly relevant in the context of
digital well-being, where harm often emerges not from isolated decisions, but from
cumulative interaction patterns over time [5, 24]. To support the systematic identi-
fication of ACDPs, Monge Roffarello et al. propose a set of five criteria (C1-C5)
that together capture both the mechanisms through which attention is captured
and the experiential consequences for users. These criteria are not intended as
strict binary conditions, but rather as analytical dimensions along which interface
designs can be evaluated [12].

« C1 — Exploit Phycological Vulnerabilities Attention-Capture Damaging
Patterns exploit predictable psychological heuristics and cognitive biases to
induce behaviors that conflict with users’ long-term goals. Unlike nudges
designed to promote beneficial actions, ACDPs leverage mechanisms such as
novelty seeking, short-term reward preference, and emotional memory bias
to sustain engagement beyond users’ intentions. Variable reward schedules,
in particular, reinforce repeated interaction by making content discovery
itself rewarding, often leading to continued use even when perceived value
diminishes.

e« C2 - Automation of the User Experience and Normative Dissociation
ACDPs often automate interaction flows in ways that reduce opportunities
for intentional decision-making and reflection. By minimizing explicit choices
and promoting seamless, uninterrupted sessions, these patterns facilitate
states of normative dissociation, characterized by reduced self-awareness and
diminished goal monitoring. While such states can occasionally be beneficial,
their deliberate induction in low-meaning activities may result in prolonged,
unreflective engagement that is only recognized retrospectively.

o C3 — Loss of Awareness of Usage Goals A central impact of ACDPs is the
erosion of users’ awareness of their original goals for technology use. Through
continuous attention demands and frequent distractions, these patterns divert
users from goal-directed interaction toward behaviors aligned with platform
objectives. As a result, users may engage in actions they would not have
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consciously chosen, often at the expense of productivity and intentionality.

o C4 — Distorted Sense of Time and Diminished Control Exposure to
ACDPs is commonly associated with a distorted perception of time and a
reduced sense of control over interaction. Users frequently underestimate
the duration of their engagement and report feeling “carried along” by the
interface. This experience is closely linked to a diminished sense of agency,
as continued interaction is framed as the default and disengagement becomes
cognitively or perceptually difficult.

o C5 — Post-Use Regret Finally, ACDPs are often associated with a retrospec-
tive sense of regret following interaction. Users may experience dissatisfaction
when reflecting on time spent in low-value activities, particularly when short-
term gratification fades. This regret arises from the perceived discrepancy
between actual behavior and alternative, more meaningful uses of time, rein-
forcing the tension between engagement maximization and digital well-being.

Based on this analysis, Monge Roffarello et al. proposed a precise taxonomy
that identifies 11 ACDPs summarized in the following table (2.1) [12]
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Table 2.1: A typology of 11 attention capture damaging patterns. [12]

Pattern Name

Description

Main Context(s) of Use

P1 - Infinite Scroll

As the user scrolls down a page, more content auto-
matically and continuously loads at the bottom.

Social media (e.g., Facebook,
Instagram, and Twitter).

P2 - Casino Pull-to-refresh

When the user swipes down on their smartphone,
there is an animated reload of the page that may or
may not reveal new appealing content.

P38 - Neverending Autoplay

A new video is automatically played when the cur-
rent one finishes. There is never a point for the
user to stop and reflect, and the option to turn off
autoplay is hidden or non-existent.

Social media on smart-
phones.
Social media and video

streaming platforms,
YouTube.

e.g.,

P4 - Guilty Pleasure Recom-
mendations

Personalized suggestions that prey on individual
consumer frailty to target user’s guilty pleasures
and increase use time.

Social media and video
streaming platforms, e.g.,
YouTube.

P5 - Disguised Ads and Rec-
ommendations

Advertisements and recommendations, e.g., posts
and sponsored pages, that are disguised as normal
content into social networks’ newsfeeds.

Social media.

P6 - Recapture Notifications

Notifications that are deliberately sent to recapture
users’ attention and have them start a new usage ses-
sion, e.g., notifications with recommended content
or notifications about content the user has never
interacted with.

Social media, video stream-
ing platforms, and messaging
applications.

P7 - Playing by Appointment

Users are forced to to use a digital service at specific
times as defined by the service, otherwise the user
may loose points and achievements.

Video games (mostly on so-
cial networks) and social me-
dia in general.

P8 - Grinding

Users are forced to repeat the same process several
times to unlock an achievement, e.g., a new level in
a video game or a badge on a social network.

Video games and social me-
dia.

P9 - Attentional Roach Mo-
tel

Registering to and accessing attention-capture digi-
tal services is easy, while operations like logout or
canceling an account are painfully difficult.

Social media, e.g., Facebook.

P10 - Time Fog

A pattern through which designers reduce users’
awareness of time spent, e.g., by hiding the smart-
phone’s clock.

Video streaming platforms,
e.g., Netflix.

P11 - Fake Social Notifica-
tions

The platform sends messages pretending to be an-
other user or social notifications about some content
the user has never interacted with.

Video games (mostly on so-
cial networks) and social me-
dia in general.

2.2.2 Focus on Infinite Scroll and Autoplay

Although the taxonomy of Attention-Capture Damaging Patterns is broad, two
patterns emerge as particularly pervasive and influential in contemporary social
media platforms, especially in short-video applications such as TikTok. Infinite
Scroll and Never-Ending Autoplay play a central role in shaping the interaction
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dynamics of these systems and are therefore the focus of the experimental investi-
gation presented in this thesis. Both patterns closely align with the objectives of
the Attention Economy, as they are designed to deliver a seamless, automated, and
low-friction consumption experience aimed at maximizing user engagement and
time spent on the platform [20, 21].

o Infite Scroll Infinite Scroll is an Attention-Capture Damaging Pattern that
eliminates natural stopping points in an interface by continuously loading
new content as the user scrolls downward. Unlike paginated layouts, which
implicitly signal the completion of a content unit, infinite scrolling creates an
uninterrupted stream in which the end of available content is never reached [31].
This design choice has been widely discussed in the literature as problematic,
as it systematically discourages users from reassessing whether to continue or
terminate an interaction session [11, 12].

From a behavioral perspective, infinite scroll exploits users’ sensitivity to
novelty and intermittent rewards. As users scroll, each new content item
represents an uncertain outcome, which may or may not be rewarding. This
uncertainty, combined with occasional highly engaging content, reinforces
continued interaction and promotes automatic scrolling behavior [36, 35].
Over time, such behavior can become habitual, reducing the role of deliberate
decision-making and increasing the likelihood of prolonged, unintentional
usage [1].

Empirical studies suggest that infinite scroll contributes to both within-session
and cross-session engagement loops. Rixen et al. describe a dual mechanism
in which prolonged scrolling during a single session coexists with habitual
patterns of frequent application checking across the day [31]. These dynamics
are closely associated with a distorted perception of time and diminished
awareness of usage goals, two core impacts of Attention-Capture Damaging
Patterns [24, 25].

Importantly, the effects of infinite scroll are not immutable. Design interven-
tions that reintroduce stopping cues or visual boundaries have been shown to
reduce passive consumption and overall time spent on a platform, highlighting
the role of deliberate design choices in shaping user behavior [19].

o Never-Ending Autoplay Never-Ending Autoplay is an Attention-Capture
Damaging Pattern that automates the transition from one content item to
the next, removing the need for explicit user action to continue consumption.
By design, autoplay minimizes decision friction and motor effort, lowering the
cognitive cost associated with remaining engaged [12]. As a result, continued
consumption becomes the default behavior, while disengagement requires an
explicit and effortful decision.
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This automation has been shown to directly affect users’ sense of agency,
understood as the perception of being in control of one’s actions and their
outcomes [37, 38]. When content playback proceeds automatically, users may
experience reduced autonomy and a diminished ability to reflect on whether
continued consumption aligns with their intentions [39]. Such effects are
particularly relevant in the context of digital well-being, where agency and
intentionality are central components [5].

The behavioral impact of autoplay has been empirically demonstrated in
multiple contexts. A controlled experimental study on Netflix usage found
that disabling autoplay led to statistically significant reductions in both average
daily viewing time and the duration of individual viewing sessions [30]. Similar
dynamics have been observed on social media platforms, where automated
recommendations and playback mechanisms contribute to extended usage
sessions and increased difficulty disengaging [40, 13].

In short-video platforms such as TikTok, autoplay is tightly integrated with
vertical infinite scrolling. The immediate playback of each new video, combined
with the absence of loading delays, creates a highly immersive environment in
which users can remain engaged with minimal cognitive effort. This coupling
amplifies the attention-capturing effects of both patterns and further reduces
opportunities for reflective choice [41].

Taken together, Infinite Scroll and Never-Ending Autoplay do more than simply
increase the quantity of content presented to users. They fundamentally alter the
nature of interaction by removing both explicit decision points and intentional motor
actions, two essential components of goal-directed behavior [6]. As a consequence,
users are gradually transformed from active explorers of content into passive
recipients of a continuous stream of stimuli.

2.2.3 Impact on User Experience

Prolonged interaction with interfaces dominated by Attention-Capture Damaging
Patterns does not merely affect users’ observable behavior, but also has profound
consequences on their subjective experience and underlying mental states. Beyond
generating feelings of wasted time and post-use regret, which have been widely
reported in the literature [28, 29|, sustained exposure to such patterns has been
associated with a broad range of negative psychological outcomes.

Among these effects, research has highlighted cognitive depletion, defined as a
reduction in available mental resources that may persist beyond the interaction
itself. Excessive engagement with digital platforms—particularly during evening
hours—has been shown to impair subsequent cognitive performance and self-
regulation, with effects extending into the following day [23, 25]. Additionally, the
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constant availability and demand for attention characteristic of attention-driven
platforms has been linked to technostress, a modern form of stress arising from
the perceived inability to disconnect and from the pressure to remain continuously
responsive and online [24].

Furthermore, the fragmented and interruption-rich digital environments pro-
moted by ACDPs have been associated with diminished attentional capacity and
increased stress related to multitasking and frequent context switching [35, 2].
While these impacts are significant, the literature suggests that two psychological
constructs are particularly central for understanding how ACDPs alter the user
experience at a deeper level: Normative Dissociation and the Sense of Agency
(SoA). These constructs form the theoretical core of the present thesis.

o Normative Dissociation Exposure to low-friction, continuous content
streams can induce a psychological state commonly referred to as normative
dissociation [42]. In this state, users experience a temporary reduction in
self-awareness and reflective thought, interacting with digital content in a
largely automatic and unintentional manner. Rather than actively choosing
each action, users become absorbed in the interaction flow, often realizing the
extent of their engagement only in hindsight.

Normative dissociation has been empirically observed in the context of social
media and short-video platforms, where interface designs intentionally min-
imize decision points and encourage uninterrupted consumption [12]. Such
states are frequently described by users in colloquial terms as being “on
autopilot” or “zoned out,” reflecting a subjective experience of diminished
control and awareness. While dissociative states are not inherently harmful
and may occur in everyday activities, their induction through persuasive and
attention-oriented design raises concerns when they emerge during interactions
that lack intrinsic value or personal meaning [42, 19].

o Sense of Agency Normative dissociation is closely intertwined with the

erosion of the Sense of Agency, defined as the subjective perception of being
the initiator and controller of one’s actions and their consequences [37, 38]. A
strong sense of agency is a fundamental component of intentional behavior and
psychological well-being, as it supports autonomy, self-efficacy, and reflective
decision-making [39].
Attention-Capture Damaging Patterns undermine the sense of agency by
automating actions and reducing the predictability of their outcomes. Design
mechanisms such as autoplay and algorithmically curated feeds act “on behalf
of the user,” continuing interactions without explicit consent and presenting
content that may not clearly reflect prior choices [12, 41]. As a result, users
may feel less in control of their interaction trajectory, perceiving their behavior
as driven by the system rather than by their own intentions.
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Empirical evidence suggests that diminished sense of agency is associated with
more negative experiences of technology use and lower satisfaction with social
media engagement [5]. When users perceive that disengagement requires effort
while continuation is automatic, the balance between autonomy and system
control shifts in favor of the platform, compromising a core pillar of digital
well-being.

Taken together, these findings support a coherent causal chain that underpins
the theoretical framework of this thesis. Attention-Capture Damaging Patterns
promote interaction styles characterized by low friction and automation, which
facilitate states of normative dissociation. In turn, this dissociative experience
erodes users’ sense of agency, reducing their capacity to act intentionally and to
regulate their behavior in accordance with personal goals [6, 7].

Within this framework, doomscrolling can be understood not simply as prolonged
usage, but as a qualitatively distinct mode of interaction marked by passivity,
reduced awareness, and diminished control. The centrality of normative dissociation
and sense of agency in this process motivates their explicit consideration in the
design, implementation, and evaluation of the system proposed in this thesis.

2.3 Normative Dissociation in Social Media Use

In this thesis, the term normative dissociation is used to refer to a non-clinical,
everyday state characterized by reduced self-reflection and attenuated awareness
of the ongoing interaction, which can emerge during prolonged and repetitive
engagement with digital content streams. Importantly, the relevance of dissociation
in this context does not depend on pathological interpretations; rather, it highlights
a shift in the quality of interaction, away from intentional and goal, directed behavior
and toward more automatic and less reflective engagement [42, 25]. This perspective
is particularly useful when analyzing social media platforms that heavily rely on
continuous feeds, algorithmic personalization, and low-effort content transitions
[12, 41]. ACDPs such as infinite scrolling and autoplay are not only effective at
increasing time-on-platform; they also transform the interaction into an experience
that can become cognitively “lightweight” and repetitive [31, 30]. By removing
explicit decision points (e.g., “Should I continue?”) and by making continuation
the default option, these patterns facilitate states in which users keep consuming
content with limited conscious deliberation [12]. In such conditions, the interaction
may gradually detach from the user’s initial intention, turning a brief, purposeful
check into an extended session that is only fully recognized after it ends [24]. This
mechanism is consistent with broader evidence on smartphone habits and checking
behavior. Oulasvirta et al. showed that smartphone use often becomes pervasive
through habit formation, enabling frequent and sometimes automatic engagement
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across the day [1]. When habitual checking is combined with interface architectures
designed to sustain intra-session engagement, the conditions for prolonged, passive,
and less self-aware interaction become especially strong [31, 12]. While normative
dissociation is a multifaceted construct, research related to problematic and passive
social media use suggests a set of recurring experiential dimensions that help
characterize how dissociation manifests during interaction. In the context of this
thesis, four dimensions are particularly relevant because they connect interface
mechanisms to observable behavioral traces and post-use reports:

e Diminished self-awareness. During dissociative interaction, users may
experience reduced monitoring of their internal state, intentions, and ongoing
goals. This reduction in self-awareness is compatible with evidence linking
intensive technology exposure to decreased cognitive resources and attentional
availability [23, 25]. In ACDP-driven environments, where the interface
continuously presents new stimuli and requires minimal deliberation, self-
monitoring may progressively weaken [12].

o Distorted sense of time. A common feature of prolonged social media
sessions is the subjective underestimation of time spent, often followed by
retrospective realization of having exceeded intended use [24]. This dimension is
particularly relevant for doomscrolling experiences, where the user’s perception
of time passing may diverge from actual session duration.

 Reduced meaningful recall of consumed content. Passive consumption
can produce an experience that feels “empty” or low-value, where users struggle
to recall specific content items afterward. This effect is consistent with the idea
that dissociation involves attenuated reflective processing during interaction
[42, 35]. From a behavioral standpoint, rapid content switching and minimal
engagement signals can be viewed as correlates of such reduced encoding.

e Automatism and mindless continuation. Dissociation is often associated
with behavior that feels automatic—users continue scrolling or watching
without an explicit decision to do so. This dimension resonates with evidence
on habit-driven smartphone use [1] and with ACDP criteria emphasizing
automation and reduced friction [12]. It is also the most directly linked to
measurable interaction patterns (e.g., high scrolling frequency, low interaction
diversity, sustained session continuation).

Together, these dimensions provide a structured lens to interpret dissociation not
as an abstract construct, but as an experiential outcome that can plausibly be related
to behavioral signals captured during real-world use [7]. This connection is crucial
for the empirical approach adopted in this thesis, which aims to operationalize
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doomscrolling through interaction metrics rather than relying only on time-based
measures.

Table 2.2: Key dimensions of normative dissociation in social media use and their
conceptual grounding.

Dimension Description
Diminished self- Reduced monitoring of intentions, goals, and inter-
awareness nal state during interaction; facilitated by continu-

ous attention demands and low-friction consumption
Distorted sense of Altered perception of time spent, with realization

time often occurring retrospectively after the session ends
Reduced content re- Limited ability to recall specific items consumed
call during the session, consistent with reduced reflective

processing and passive engagement
Automatism (mind- Scrolling/watching continues with minimal con-
less continuation) scious deliberation; linked to habit-driven smart-
phone behavior and automation-oriented interface
design

2.4 Sense of Agency

The causal chain outlined so far, where attention-capture damaging patterns foster
low-friction, automated consumption and facilitate normative dissociation, reaches
a critical point in its impact on a fundamental psychological construct: the Sense
of Agency (SoA). In broad terms, SoA refers to the subjective experience of being
the initiator of one’s actions and of exerting control over their outcomes in the
world. This experience is not an abstract philosophical notion; it is a pervasive
component of everyday cognition that supports autonomy, intentional action, and
self-regulation [37, 39].

Within the domain of digital well-being, agency is particularly relevant because
many negative user experiences, such as feeling “pulled” into a platform, losing
track of time, or continuing use beyond one’s intentions, can be interpreted as
situations in which perceived control is weakened [5, 24]. In this sense, SoA offers
a conceptual bridge between interface design and user well-being: when platforms
systematically automate continuation and reduce decision points, users may remain
engaged while experiencing a gradual shift from deliberate interaction to passive
consumption [12, 7].

Understanding how SoA is defined, theorized, and measured is therefore essential
for interpreting the psychological consequences of ACDPs and for grounding the
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empirical approach adopted in this thesis. In particular, the study of doomscrolling
behavior requires not only identifying what users do (e.g., scroll frequency or session
duration), but also clarifying how they experience what they do—especially in
terms of control and intentionality [6, 25].

2.4.1 Definitions and Theoretical Models

In its broadest sense, the Sense of Agency (SoA) refers to the subjective experience
of being the originator of one’s own actions and of exerting control over their
consequences in the external world [37, 38, 39]. Rather than being an abstract
construct, agency represents a fundamental component of conscious experience,
allowing individuals to perceive themselves as causal actors and to differentiate
self-generated actions from externally driven events [39, 37].

As articulated by Haggard and Tsakiris, agency can be succinctly described
as the experience of “being in control of one’s actions and, through them, events
in the outside world” [37]. This experience underpins everyday interaction with
both physical and digital environments, supporting autonomy, intentionality, and
self-regulation. Importantly, however, the sense of agency is not a unitary or static
phenomenon.

Neurocognitive research has shown that agency emerges from multiple interacting
processes operating at different levels of awareness. In particular, the influential
framework proposed by Synofzik et al. distinguishes between two complementary
components of agency that are especially relevant for the analysis conducted in
this thesis: the feeling of agency and the judgment of agency [43, 38].

o The feeling of agency refers to a low-level, pre-reflective experience that arises
automatically during voluntary action. It is a non-conceptual and largely
embodied sensation generated by rapid sensorimotor processes, reflecting
the immediate coupling between action and perceived outcome [38, 37]. For
example, when a user scrolls through a feed and the content moves smoothly in
response to the finger’s motion, this fluent contingency produces an immediate
sensation of control that characterizes the feeling of agency.

o In contrast, the judgment of agency operates at a higher, reflective level.
It corresponds to an explicit, post-hoc attribution of authorship, expressed
through conscious beliefs such as “I caused this” or “this happened because of
my action” [38, 37]. This evaluative process integrates not only motor signals,
but also contextual information, prior beliefs, expectations, and narrative
interpretations of the interaction [43]. As such, it is more susceptible to
cognitive biases and retrospective reinterpretation.

This layered nature of the Sense of Agency is crucial for understanding the impact
of attention-capture damaging patterns. Design mechanisms such as infinite scroll
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and never-ending autoplay may preserve, or even enhance, the feeling of agency at
the level of micro-interaction by providing immediate, responsive feedback to user
input. At the same time, their cumulative effect often manifests at the level of
judgment of agency. After prolonged passive consumption, users may retrospectively
perceive that the time spent did not align with their original intentions, leading
them to attribute control to the platform rather than to themselves [44, 30]. This
discrepancy between momentary control and reflective evaluation constitutes a key
psychological basis for experiences of regret and dissatisfaction.

To explain how these experiences of agency are generated, the literature has
proposed several theoretical models, now generally regarded as complementary
rather than mutually exclusive. Predictive or comparator models posit that agency
arises when the brain’s predictions about the sensory consequences of an action
match the actual feedback received [38]. Conversely, postdictive accounts emphasize
that agency judgments are constructed retrospectively through cognitive inference,
based on how events are interpreted after they occur [43].

The most widely accepted contemporary perspective integrates these views
within an optimal cue integration framework. According to this model, the brain
dynamically combines multiple sources of information, such as sensorimotor pre-
dictions and contextual cues, to generate an overall experience of agency [38,
37].

2.4.2 Sense of Agency in HCI

Long before the emergence of the digital well-being discourse, the Sense of Agency
was already recognized as a core principle in the design of effective interactive
systems. Classical Human-Computer Interaction (HCI) literature emphasizes the
importance of supporting an internal locus of control, grounded in the observation
that users value the perception of being in command of the interface and of seeing
the system respond coherently to their actions. As articulated by Shneiderman and
Plaisant, successful interfaces are those that foster “the feeling that the user is in
control of the interface and that the system responds to their actions” [45]. Within
this perspective, a high Sense of Agency has traditionally been considered a hallmark
of good interaction design, as it promotes feelings of autonomy, competence, and
effectiveness.

With the rise of the Attention Economy, however, this principle has increasingly
been put under strain. As digital platforms have become optimized for maximizing
engagement, the relationship between Sense of Agency and user experience has
shifted from a design objective to a critical point of tension. A growing body
of research indicates that a weakened Sense of Agency is associated with passive
interaction styles, excessive use, and negative post-use emotions such as frustration
and regret [4, 28]. Consequently, the Sense of Agency has become a central construct
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in the study of digital well-being.

In response to these concerns, HCI research has begun to systematically investi-
gate how specific interface mechanisms, particularly Attention-Capture Damaging
Patterns (ACDPs), contribute to the erosion of perceived control [12]. Empirical
evidence illustrates this conflict clearly. For example, an experimental study by
Schaffner et al. on Netflix revealed that features such as autoplay often place users
in situations where their perceived intentions are misaligned with their actual behav-
ior. Participants reported watching more content, and different content, than they
had originally planned, highlighting a direct tension between engagement-oriented
design and user agency [30].

Most work in this area has relied on explicit measures of agency to quantify
these effects. A seminal contribution is the study by Lukoff et al. on YouTube,
which combined surveys and co-design sessions to examine how different interaction
mechanisms shape user experience [44]. Their findings show that features support-
ing deliberate planning and explicit choice, such as search and playlists, tend to
strengthen the Sense of Agency, whereas automated mechanisms like recommen-
dations and autoplay systematically undermine it. Similar conclusions have been
reached in experimental studies on streaming platforms, where disabling autoplay
led to statistically significant reductions in both viewing time and session length
[30].

More recently, HCI researchers have started to explore the use of implicit
measures of agency in order to capture more subtle aspects of user experience.
For example, Didion et al. considered temporal binding paradigms to assess the
feeling of agency in interactions with generative Al systems, demonstrating that
agency can be studied beyond self-report measures even in complex and automated
environments [46]. These approaches provide promising tools for analyzing agency
as it unfolds during interaction, rather than only through retrospective evaluation.

Across different studies, a consistent pattern always emerges. Algorithmically
curated feeds tend to minimize the Sense of Agency in a gradual and imperceptible
manner. While users perform actions such as scrolling, the results of those actions
are basically determined by the platform’s optimization objectives rather than by
the user’s intentions. This introduces a form of causal ambiguity: the user acts,
but the system decides [44, 41].

As concluded by Lukoff et al., contemporary platforms often provide strong
support for ritualized use while offering limited support for instrumental, goal-
oriented interaction. Users frequently report that their intentions are diverted
by automated playback and endless recommendations, resulting in prolonged
engagement that feels misaligned with their original goals [44]. This dynamic, in
which interface design privileges passive and habitual consumption over intentional
use, constitutes the core mechanism investigated in this thesis and will be analyzed
in depth in the specific context of TikTok.
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2.5 Short-Video Platforms as a Case Study

The rapid diffusion of social media platforms over the last two decades provides the
structural background against which contemporary short-video applications have
emerged. As shown in Figure 2.2, as stated by the Digital 2025 report of Simon
Kemp [15], the adoption of social networks has followed a steady and sustained
growth trajectory, reaching a majority of the world’s population in recent years.
What initially started as niche online communities in the early 2000s, such as
Facebook or Myspace in 2004 [15], has progressively evolved into a dominant mode
of digital communication and content consumption.

This widespread adoption has created the conditions for increasingly competitive
attention markets, in which platforms differentiate themselves not merely by
functionality, but by their ability to maximize user engagement and time spent.
Within this context, short-video platforms represent the latest evolutionary stage
of social media, characterized by highly optimized interaction loops and content
delivery mechanisms explicitly designed for rapid, continuous consumption.

Among these platforms, TikTok stands out as a particularly relevant case study
due to both its scale and the extremity of its engagement-oriented design.
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Figure 2.2: Number of social media user identities (single individuals with multiple
social media accounts) as a percentage of total global population [15]

2.5.1 The case of TikTok

The social media application known as TikTok represents the most emblematic
case study for analyzing the effects of attention-capture mechanisms discussed in
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the previous sections. Its rapid global adoption and its exceptional ability to retain
users for extended periods make TikTok a paradigmatic example of a platform
designed according to the principles of the attention economy.

According to recent global reports, TikTok has surpassed 1.5 billion monthly
active users worldwide, positioning itself among the most widely used social media
platforms [15]. However, what truly differentiates TikTok from other social networks
is not merely the size of its user base, but the intensity of user engagement. As
illustrated in Figure 2.3, TikTok exhibits the highest average monthly time spent per
user among major social media applications, exceeding long-established platforms
such as YouTube, Facebook, and Instagram [47].

This result is particularly noteworthy given TikTok’s relatively recent emergence
compared to its competitors. Prior research suggests that such high levels of
engagement are not incidental, but rather the outcome of deliberate design choices
aimed at minimizing decision friction and maximizing interaction continuity [31,
12]. TikTok systematically combines two central Attention-Capture Damaging
Patterns (ACDPs): Never-ending Autoplay and an extreme form of Infinite Scroll,
implemented through vertical swiping in a full-screen video interface.

Unlike platforms such as YouTube, which still support more goal-oriented modes
of use (e.g., search, playlists, manual selection), TikTok is structured almost entirely
around a single dominant interaction mode: the For You page. This algorithmically
curated feed delivers a potentially infinite sequence of short videos, dynamically
selected to maximize immediate engagement [41, 48, 40]. Users are not required
to formulate explicit goals; instead, they are gradually absorbed into a continuous
stream of stimuli, where each item represents a new potential reward.

From this perspective, TikTok should be regarded not only as a commercially
successful platform, but also as a natural laboratory for studying the psychological
and behavioral consequences of attention-optimizing interface design. Its global
diffusion, extreme engagement levels, and structural reliance on ACDPs make
TikTok an ideal context for investigating the relationships between interaction
design, normative dissociation, and SoA core themes.
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Figure 2.3: Average time per month that users spend using each platforms. Data

collected from Android devices, ranked by cumulative time.

2.5.2 Interaction Patterns and Algorithmic Feeds

What distinguishes TikTok is not merely the presence of individual Attention-
Capture Damaging Patterns (ACDPs), but their tight integration and structural
centrality within the overall user experience. Unlike other platforms, where mecha-
nisms such as Infinite Scroll or Autoplay coexist with more articulated interfaces, in
TikTok these mechanisms effectively constitute the interface itself [49, 31, 12]. The
core interaction experience (illustrated in Figure 2.4) emerges from the convergence

of three key design elements:

« Immersive full-screen video: Each piece of content occupies the entire
visual space, maximizing perceptual impact, minimizing external distractions,
and facilitating deep attentional absorption [49].

o Never-ending autoplay: The transition between videos is automatic and
immediate, removing natural stopping points and eliminating explicit decision

moments for the user [12].

e Vertical infinite scroll: Progression to the next item is reduced to a minimal
motor action, a simple vertical swipe, revealing an apparently limitless stream

of new stimuli [31].

Together, these elements produce an almost entirely frictionless consumption
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experience, explicitly designed to reduce cognitive effort and promote passive, con-
tinuous engagement [40]. The resulting interaction model minimizes opportunities
for reflection and disengagement, encouraging users to remain within the content
flow for extended periods.

S Follow Button
T g

Ty

Like Button | —.

Comment Button _’,:;.,.5

Save Button | — |

Share Button

s +=— [ Creators Username

ner #tra

Video Caption

Figure 2.4: The For You page interface of TikTok, characterized by full-screen
video, vertical infinite scroll, and automatic content transitions.

The orchestration of this experience is driven by TikTok’s powerful recommen-
dation algorithm operating within the For You page. As highlighted by Feng et
al., TikTok represents the most advanced example of a content-centric recommen-
dation system, marking a clear departure from earlier people-centric social network
models such as Facebook [49]. The primary objective is not to surface content from
accounts explicitly followed by the user, but to continuously deliver videos that
maximize engagement potential, regardless of their source.

The behavioral consequences of this architecture are effectively captured by the
double-loop model proposed by Rixen et al., previously introduced in Section 2.2.2
[31]. TikTok excels both at triggering the outer loop of habitual app checking and,
most notably, at sustaining the inner loop of session scrolling for unprecedented
durations. As a result, brief and seemingly intentional interactions are frequently
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transformed into prolonged sessions of passive consumption.

2.5.3 Evidence of Impact on User Behavior

An increasing body of empirical research has begun to document the specific
behavioral and psychological effects associated with TikTok’s distinctive interaction
architecture. One of the most robust quantitative findings is provided by the field
study conducted by Rixen et al., which reports that usage sessions on TikTok are
significantly longer than those observed on other major social media platforms
such as Facebook, Instagram, and Twitter [31]. This objective evidence supports
the hypothesis that TikTok’s design is particularly effective at sustaining user
engagement, often extending usage well beyond users’ initial intentions.

Beyond effects on self-awareness and time perception, emerging research suggests
that intensive use of TikTok can also influence higher-level cognitive processes.
Experimental evidence by Jiang and Ma indicates that frictionless interaction
paradigms typical of short-video platforms, characterized by minimal effort and
rapid content transitions, can reduce analytical thinking and reflective processing,
a phenomenon summarized as “swiping more, thinking less” [50]. Although such
findings remain exploratory, they provide initial support for the claim that prolonged
exposure to highly optimized attention-capture interfaces may have measurable
cognitive consequences.

Recent conference-based studies further reinforce these observations. Zhang and
Liu, for instance, report that frequent TikTok users exhibit patterns of repetitive
engagement and reduced perceived control over content consumption, particularly
during extended sessions [51]. Their findings highlight how algorithmically curated
feeds and continuous playback contribute to habitual use cycles that are difficult
for users to interrupt voluntarily.

Taken together, these converging lines of evidence indicate that TikTok’s combi-
nation of market dominance, unique interaction design, and documented behavioral
effects makes it a particularly relevant case study for investigating attention capture,
loss of intentionality, and digital well-being. This convergence provides a strong
empirical foundation for the experimental investigation conducted in the remainder
of this thesis.
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Chapter 3

Study Design

This chapter presents the study design and the methodology adopted to explore
doomscrolling as a specific form of problematic interaction with social media
platforms. After discussing the theoretical background and related work in Chapter
2, this section shifts the focus to the practical side of the research, explaining how
the phenomenon was observed and analyzed in real-world usage scenarios.

The main goal of the study is to analyze the patterns of user interaction that
are associated with doomscrolling during daily use of TikTok, combining objective
metrics collected with subjective user feedback. For this reason, a longitudinal
in-the-wild study was conducted, allowing participants to use a custom mobile
application in their natural environment over an extended period of time. This
approach was chosen to ensure greater validity and to capture authentic interaction
behaviors that may not emerge in controlled laboratory settings.

The methodology adopts multiple perspectives, integrating quantitative objective
data derived from logged interaction, with qualitative subjective measures collected
through questionnaires and user labeling (interactive pop-up). Behavioral metrics
were defined to capture key aspects of user interaction, such as scrolling dynamics,
engagement intensity, and temporal perception, which have been identified in the
literature as relevant indicators of attention capture and potentially harmful usage
patterns [52]. At the same time, we analyzed the perceived experience, awareness,
and self-evaluation of the user’s behavior.

This chapter is structured as follows. Section 3.1 introduces the research
objectives and formalizes the research questions guiding the study. Section 3.2
describes the overall study design, including its longitudinal nature and experimental
phases. Finally, section 3.3 defines the variables of interest and presents the
operationalization of behavioral metrics used in the analysis.
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3.1 Research Objectives and Research Questions

Given the exploratory nature of the study and the absence of experimentally ma-
nipulated interface conditions, the research adopts an observational approach in
which research questions are formulated around naturally occurring usage sessions.
From these research questions, a set of hypotheses is derived to guide the empirical
analysis and to structure the interpretation of the collected data.

RQ1: Can doomscrolling be characterized through recurring behavioral patterns
observable during real-world social media usage sessions?

This first research question addresses whether sessions perceived by users as
doomscrolling present distinguishable interaction characteristics when compared to
non-problematic sessions. Drawing on prior work on attention capture, automatic
interaction, and loss of control, the study investigates whether specific behavioral
metrics can serve as indicators of such sessions.

Based on the literature and on the conceptualization of doomscrolling as a state
of prolonged, automatic, and passive consumption, the following hypotheses are
formulated:

o« H1: Sessions labeled by users as doomscrolling are associated with longer
session durations compared to non-doomscrolling sessions.

o H2: Doomscrolling sessions exhibit higher scrolling intensity and more impul-
sive scrolling patterns than non-doomscrolling sessions.

o H3: Doomscrolling sessions are characterized by lower levels of active interac-
tion compared to non-doomscrolling sessions.

RQ2: Does awareness-oriented feedback influence users’ reflection on their social
media usage during a longitudinal study in-the-wild?

Grounded in principles of reflective design and digital well-being interventions,
the following hypothesis is formulated:

o H4: Repeated exposure to awareness-oriented feedback increases users’ reflec-
tion on their social media usage over the course of the longitudinal study.

RQ3: Can a Large Language Model support the definition of threshold values for
the detection of doomscrolling based on behavioral metrics?

Rather than evaluating the model’s ability to produce objectively optimal
thresholds, this research question focuses on the plausibility, consistency, and
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empirical alignment of Al-generated thresholds within the context of an exploratory
study. Accordingly, the following hypotheses are formulated:

o H5: Threshold values generated with the support of a Large Language Model
are coherent with the distribution of observed behavioral metrics.

o H6: Al-supported threshold definitions exhibit meaningful alignment with
users’ session-level doomscrolling labels.

o HT7: The use of an Al-based approach facilitates the adaptability of threshold-
based doomscrolling detection in an exploratory setting.

3.2 Study Design

The study was structured into five sequential phases, spanning from the preliminary
conceptual investigation to the final analysis of the collected data. This phased
organization ensured methodological coherence and allowed the gradual refinement
of the research instrument before its deployment in a real-world longitudinal setting.

Unlike controlled laboratory experiments based on manipulated interface condi-
tions, the present research adopted a longitudinal in-the-wild approach. This choice
was motivated by the need to observe doomscrolling in everyday contexts, without
altering the platform interface or constraining user behavior, as doomscrolling
usually appears spontaneously, capturing more authentic data. Participants inter-
acted with social media platforms in their natural environment for 14 consecutive
days, allowing the observation of authentic behavioral patterns associated with
doomscrolling. The overall study design is articulated as follows.

o Phase 1 — Preliminary Study The first phase consisted of a preliminary con-
ceptual investigation aimed at conceptualizing the definition of doomscrolling
and identifying relevant behavioral indicators of this phenomenon.

Based on the theoretical framework discussed in Chapter 2, this phase involved
the identification of core indicators related to attention capture, automatic
scrolling behavior, passive consumption, and temporal distortion. Then, based
on these constructs, a set of potential behavioral metrics was defined to frame
doomscrolling in a measurable way.

« Phase 2 — Development of the Research Instrument The second phase
involved the design and development of a custom mobile application, later
used as the main research instrument. The application was designed to collect
interaction data during real-world social media usage (TikTok specifically) to
provide meaningful suggestions (e.g., pop-ups, personalized feedback) to the
user. The tool was designed to:
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— compute session-level behavioral metrics (e.g., interaction count, average
watch time, etc.).

— collect session-level subjective labels (e.g., perceived session time, subjec-
tive doom label).

— deliver awareness-oriented feedback.

The development phase enabled the operationalization of the constructs iden-
tified in the preliminary study into measurable variables suitable for empirical
analysis.

Phase 3 - Participant Recruitment Following the development of the
research instrument, participants were recruited through a screening process.
A preliminary questionnaire was distributed to identify eligible participants
based on predefined inclusion criteria, such as regular social media usage
(specifically TikTok),ownership of a compatible mobile device and willingness
to participate in a 14-day longitudinal study.

Phase 4 - Longitudinal Experimental Phase The fourth phase represented
the core empirical component of the study. Participants used their smartphones
as usual for 14 consecutive days, while the application collected interaction
data during social media sessions. This phase can be further divided into
two sub-phases: during the Warmup phase (7 days) the application passively
collects data regarding user behavior; while during the Detection phase (7
days) the data collected is used to define the usage thresholds in order to
activate the detection algorithm.

Phase 5 - Data Analysis The final phase consisted of aggregating, cleaning,
and analyzing the collected data. The main goal was to investigate the ability
of the application to influence user behavior and mitigate toxic usage of TikTok.
The data collected will display slight changes in behavioral metrics, towards a
more conscious use of social media.
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Figure 3.1: Phases of the research process.

3.3 Variables and Operational Definitions

In order to empirically investigate the research questions introduced in Section
3.1, it was necessary to define the variables involved in the study and clarify their
respective roles. We evaluated independent and dependent variables, allowing the
investigation to be structured in analytical terms. This distinction is essential
to ensure that the collected data can be systematically analyzed and interpreted.
Given the observational nature of the research and the absence of experimentally
manipulated conditions, variables were defined in terms of behavioral predictors
and outcome measures derived from real-world interaction data and subjective user
input.

The study integrates objective behavioral metrics with subjective self-reported
measures, enabling a quantitative analytical framework.

3.3.1 Independent Variables: Behavioral Predictors

In the present study, independent variables correspond to behavioral metrics
extracted from interaction data collected during social media (TikTok) usage
sessions. These variables were not experimentally manipulated but were observed
as naturally occurring predictors of users’ subjective perception of doomscrolling
and temporal distortion. The following behavioral predictors were embedded at
the session level:

o Actual Session Duration The total time elapsed between the beginning
and the end of a social media session.

e Scrolling Intensity and Velocity Quantitative measures capturing the
frequency and speed of scrolling gestures within a session, intended to reflect
automatic or impulsive interaction patterns.

o Impulsive Scroll Rate The proportion of rapid, consecutive scrolling events
occurring within short temporal intervals.
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» Interaction Rate The frequency of deliberate user interactions (e.g., likes,
comments, shares) relative to session duration (less then 2 seconds).

o Content Skipping Rate The proportion of content items viewed for very
short durations.

e Depth of Engagement A composite metric that captures the extent to
which users meaningfully watch the content encountered during a session. It
is computed as the complement of the content skip rate, where a video is
considered “skipped” if its watch time is shorter than a predefined threshold
of 2 seconds.

Formally:

Nskipped

DepthOfEngagement = 1 —
Ntotal

(3.1)
where Ngippea represents the number of videos watched for less than 2 seconds,
and Nyt is the total number of videos observed during the session.

o Average Watch Time The mean duration spent viewing individual content
items within a session.

o Content Distribution A list of categories relative to videos watched during
a scroll session

3.3.2 Dependent Variables: Subjective and Analytical Out-
comes

The dependent variables in this study correspond to outcome measures reflecting
users’ subjective perception and analytical classification results, such as perceived
scrolling time, and a boolean information on doomscrolling perception.

The primary dependent variable is:

« User Doomscrolling Label (Subjective) After selected sessions, partici-
pants were asked to indicate whether they perceived the session as an instance
of doomscrolling. This binary self-report measure helps the LLM with the
computation of the initial thresholds during the detection phase.

o Temporal distortion index Defined as the discrepancy between perceived
session duration (captured at the end of some sessions through an interactive
pop-up) and actual session duration, this variable captures potential time
distortion effects.
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dayId: "20260211"
labelType: "LABELED"

metrics

avgScrollVelocity: 1.5724521279335022

avgWatchTime: 230348
contentDistribution: {{'category":"cooking""su...}
contentSkippedRate: O
depthOfEngagement: 1
durationMinutes: 5.131
endTime: 1770809869121
impulsiveScrollRate: O
interactionRate: 2
interactionsCount: 4
startTime: 1770809561261
totalScrollEvents: 2
sessionId: "77bc371-00a0-45ef-b50e-d0e2dalbaf30"
timestamp: 1770809877329
userEstimatedMinutes: 8

userLabelDoom: false

Figure 3.2: Sample of session data, the metrics attribute shows each independent
variable defined

3.3.3 AlI-Supported Threshold Variables

In relation to RQ3, personalized threshold values were derived with the support
of a Large Language Model (LLM). The motivation for using an LLM was not
to “predict” doomscrolling directly, but to support the definition of user-specific
habits in a scenario where fixed global thresholds may be inadequate due to strong
variability across users (e.g., different baseline scrolling speed, interaction frequency,
or typical session length). For this reason, the resulting thresholds were treated as
analytical parameters: they define how raw behavioral signals are interpreted by
the detection pipeline.

Threshold initialization occurs at the end of the Warm-up phase. During this
stage, the application collects a first dataset of sessions and associated user-provided
labels. This labeled dataset is then summarized and provided to the LLM, which
returns threshold values grounded in the observed distribution of the user’s behavior.
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In practice, the Warm-up phase serves to estimate an initial baseline and to avoid
starting the detection phase with arbitrary values.

After initialization, the thresholds are periodically updated to account for
behavioral drift and adaptation over time. Updates are performed in batches: at
fixed intervals, a new set of recent sessions is aggregated and used to refine the
previous thresholds. This step follows an in-context learning approach: instead of
retraining a model, the LLM is prompted with the current threshold set together
with a compact representation of newly collected sessions. The output is an updated
set of thresholds, designed to preserve continuity with the previous baseline while
gradually incorporating new evidence from ongoing use.
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Chapter 4

Design and Implementation
of the Application

This chapter presents the design and implementation of the mobile application
developed to support the empirical study described in Chapter 3. This chapter
describes the system architecture, the internal application structure, the behav-
ioral metrics computation logic, the threshold-based detection algorithm, the Al
integration workflow, and the backend data model. Through this detailed analysis,
the chapter demonstrates how theoretical constructs related to doomscrolling were
translated into a functioning, deployable software system.

4.1 Design Objectives and System Requirements

The development of the application was guided by a set of design objectives derived

from the research questions defined in 3.1. Since the application served as the

primary research instrument for the in-the-wild study, its design needed to balance

data collection capabilities with usability, privacy protection, and system reliability.
The primary design objectives of the system were the following:

« Behavioral Monitoring The application was required to monitor user
interaction patterns without altering the natural usage behavior of participants.
Also, the system was designed to collect only interaction metadata (e.g., scroll
events, timestamps, interaction counts), without accessing sensitive data.

» Real-Time Session-Level Detection The application needed to support
session-level doomscrolling detection in near real-time. The detection logic was
implemented locally on the device to minimize latency and reduce dependency
on network availability.
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o Interpretability of Detection Logic Rather than employing machine
learning classification models directly on the device, the detection mechanism
relied on thresholds applied to behavioral metrics to increase feasibility.

These design objectives were translated into a set of Functional Requirements
(FR) and Non-Functional Requirements (NFR), reported in Tables 4.1 and 4.2.

Functional requirements define what a system must do (features, user actions,
data processing), while non-functional requirements define how the system performs
those functions (speed, security, usability, reliability).

Table 4.1: Functional requirements of the mobile application.

1D Requirement Description

FR1 The system shall compute session behavioral metrics (e.g., depth of
engagement, interaction count, content distribution, etc.).

FR2 The system shall store aggregated session data in a cloud database.

FR3 The system shall generate threshold parameters from a backend service
supporting Al-based generation.

FR4 The system shall apply threshold-based detection logic to session metrics
locally on the device.

FR5 The system shall deliver awareness notifications when detection criteria
are met.

FR6 The system shall prompt users to provide session-level subjective labeling
(doomscrolling yes/no and perceived duration).

FR7 The system shall allow user to manually set his preferences about session
duration threshold and daily usage limit.
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Table 4.2: Non-functional requirements of the mobile application.

1D Requirement Description

NFR1 The system shall operate continuously in the background during social
media usage sessions without noticeable impact on device performance
or battery consumption.

NFR2 The system shall guarantee data privacy by collecting only interaction
metadata.

NFR3 The system shall use anonymized user identifiers to prevent direct
identification of participants.

NFR4 The system shall be compatible with most Android devices.

4.2 Overall System Architecture

The overall system architecture is structured around a client which acts as the
primary data collection, processing, and intervention unit. The architecture is
composed of three main layers:

« the client-side application running on the Android device;
 a cloud storage layer for persistence;

o an external server used for threshold generation and adaptation.

The application is responsible for monitoring real-time interaction inside TikTok
through an Accessibility Service able to compute and map behavioral metric, and
the triggering of awareness feedback (e.g., overlays and notifications).

The cloud storage layer, implemented using Firestore Database, is used for
persistence of interaction data and synchronization. The stored data include
aggregated behavioral metrics and lightweight content category summaries.

Finally, the external server is used to correctly prompt OpenAl LLM (GPT-4.1
and GPT-4.1 mini) to generate thresholds and adjust them during the last phase.

As illustrated in Figure 4.1, the application operates in two distinct but inter-
connected phases:

o Warm-up Phase (baseline observation)

« Detection Phase (active threshold-based detection)

This separation ensures a clear distinction between baseline behavioral ob-
servation and threshold-based doomscrolling detection and is managed by the
AppPhaseManager .kt component. This component allows for the transition be-
tween phases and manages the life-cycle of the longitudinal study.
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Figure 4.1: Overall System Architecture, displaying the main structural compo-
nents of the application (e.g. TikTokCaptureEventService.kt)

4.2.1 Warm-up Phase: Baseline Behavioral Observation

During the Warm-up Phase, the system operates in passive monitoring mode,
collecting data from everyday usage without providing feedback. The primary
objective of this phase is to collect representative behavioral data without activating
detection mechanisms. The procedural flow is as follows:

1. The TikTokCaptureFEventService intercepts user interaction events through
the Android Accessibility framework which logs general system events such as
TYPE VIEW_SCROLLED or TYPE VIEW_CLICKED.

2. Raw interaction events are used to compute aggregated session-level structures
and behavioral metrics.
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3. Sessions may be labeled or unlabeled, depending on whether the user is
asked for subjective input. The decision of showing the interactive pop-up
is delegated to the LabelingScheduler.kt component. A maximum of 7
pop-ups can be shown per day, with a probability of 30% for each session.

At the end of the warm-up phase (seven days), during the first session of the
detection phase, the application initiates a threshold initialization procedure. This
procedure consists of sending to the backend server all labeled sessions collected
during the warm-up phase, including both objective behavioral metrics and the
subjective labels provided by the user ("doomscrolling" vs "not doomscrolling").

The backend service then builds a structured prompt (shown in Appendix
A.1) and forwards it to the OpenAI API (GPT-4.1). The purpose of this request
is to elaborate personalized numeric thresholds that best separate DOOM and
NON-DOOM sessions based exclusively on the user’s observed behavior.

A structured prompt refers to a carefully designed textual input to the Large
Language Model (LLM), organized into semantically distinct sections that guide
the model’s reasoning process. Rather than sending raw data alone, the prompt
embeds: role specification, task instructions, reasoning constraints, an in-context
learning example, and the actual user dataset.

This structure serves three main purposes:

1. To constrain a response based on data contained in the dataset.
2. To enforce output format consistency.
3. To reduce generic assumptions.

The LLM is explicitly instructed to produce strictly formatted JSON containing
only numeric threshold values, without commentary or explanatory text. This
JSON output is then parsed by the backend service and stored as the personalized
threshold set for the user.

4.2.2 Detection Phase: Threshold-Based Evaluation

In this phase, the system continues to capture interaction events through Tik-
TokCapture FventService and computes session-level metrics. However, unlike the
Warm-up Phase, each session is now evaluated using the threshold-based detection
algorithm implemented in DoomDetector.kt.

Thresholds are defined as either minimum (min) or maximum (max) numeric
values associated with specific behavioral metrics. Each threshold represents a
boundary condition that, when satisfied, contributes to the classification of the
current session as a potential doomscrolling episode.
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More precisely, a min threshold is triggered when the observed metric exceeds
the defined value, while a maz threshold is triggered when the observed metric
falls below the specified value. Doomscrolling detection is not based on a single
metric, but on the simultaneous activation of multiple threshold conditions.

Another key feature of this phase is the update of the thresholds. At the first
session of each new day, the application triggers a backend request to recompute
thresholds based on the sessions collected during the previous day. This process
follows the same Al-supported workflow used at the end of the Warm-up Phase (as
described in 4.2.1).

This recalibration mechanism was designed to allow the detection system to
progressively adapt to evolving user behavior patterns.

4.3 Mobile Application Design

The mobile application was designed as a modular, event-driven Android system ca-
pable of operating continuously in the background. Since modern Android versions
restrict background execution to preserve battery life and system performance,
the application leverages an Accessibility Service declared as a foreground-bound
system service. By registering as an accessibility listener, the application remains
active even when not in the foreground, allowing it to capture interaction events in
real time.

Particular attention was devoted to ensuring the separation of concerns between
event capture, domain logic, data persistence, and user interface components.

The application structure reflects a layered architecture, organized into distinct
packages corresponding to functional responsibilities as shown in Figure 4.2.

4.3.1 Technology Stack

The application was developed for Android devices using Kotlin as the main
programming language. Kotlin was selected for its modern language features,
strong type safety, concise syntax, and seamless interoperability with the Android

SDK.
The core components of the technology stack include:

Android SDK and Accessibility Framework

TikTok events, such as scrolling, video interactions, or moving across tabs, are
captured using the Android AccessibilityService APIs.

The TikTokCaptureEventService extends the AccessibilityService class,
allowing the application to intercept basic interaction events and compute session-
level behavioral metrics.
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Figure 4.2: Package structure of the application in Android Studio

The main events processed by the TikTokCaptureEventService are:

o AccessibilityEvent.TYPE_VIEW_SCROLLED This event is handled by the
corresponding function handleScrollEvent (event, ts), which manages the
computation of the scroll gesture in TikTok.

o AccessibilityEvent.TYPE_VIEW_CLICKED This event is handled by the cor-
responding function handleClickEvent (event, ts), which correctly maps
each click to a precise behavior (video interaction or tab switch).

In order to filter only events coming from TikTok, the onAccessibilityEvent ()
function applied a filter on the package-name of each events, which has to correspond
to "com.zhiliaoapp.musically'

Firebase Firestore

Cloud persistence is implemented using Google Firebase Firestore, a NoSQL
document-based database. Firestore was chosen for the following reasons:

1. its real-time synchronization capabilities,
2. structured hierarchical document storage,

3. seamless Android SDK integration,
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Sessions and thresholds for each user are stored and uploaded in Firestore using
the FirestoreUploader class, which includes different functions that serve this
task.

The database follows the hierarchical schema:

users/{userId}/day/{day}/sessions/{sessionId}

users/{userId}/day/{day}/thresholds/current

Backend Service and OpenAl API

The application utilizes a backend server used to communicate with OpenAl. The
main tasks are to:

o Compute the initial thresholds for a specific user
« Update daily the previous thresholds for a specific user

o Retrieve the context and category of videos watched during a session, using
screenshots

The choice of using GPT-4.1 and GPT-4.1 mini through the OpenAl API service is
due to the simplicity of using such an accurate LLM instead of pretrained smaller
models.

4.3.2 Application Modules

The application is organized into multiple packages that reflect a layered architec-
tural model. The main modules are described below.

Service Layer

The services package contains components responsible for system operations and
background execution.

o TikTokCaptureEventService The core component of the system. This
Accessibility Service intercepts interaction events, computes session behavioral
metrics, and sends raw interaction data to the domain layer.

« NotificationService and NotificationServiceProvider These services
manages notification creation, configuration, and triggering based on detection
outcomes.

e Overlay Services They are responsible of displaying a pop-up window while
using TikTok in real-time, mainly in case of doomscrolling detection or user
subjective labeling.
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Domain Layer

The domain package contains the core behavioral logic of the application.

MetricsAggregator Aggregates raw interaction events into session behavioral
metrics.

DoomDetector Implements the detection algorithm. It evaluates session
metrics against threshold values (min and max) and returns a structured
decision object containing: detection level (WARNING if time metric exceeds
but no other thresholds are triggered or DOOM if time metric exceeds with
additional triggers), boolean doom decision and a list of triggered signals.

LabelingScheduler Manages the timing and frequency of user labeling
prompts during sessions (maximum of 7 pop-ups per day showed with a
probability of 30%) .

AppPhaseManager Controls the transition between Warm-up and Detection
phases.

TikTokUsageEventsPoller Supports periodic checks to verify opening and
closing of the TikTok application

Data Layer

The data package encapsulates persistence and data transfer logic. The most
important packages includes:

model/ Defines structured data classes such as SessionMetrics, Thresholds,
AggregateMetrics, ScrollEvent and more.

repository/ Implements data access abstraction and data operations.

remote/ Manages communication with Firestore, by correctly mapping and
uploading data.

This separation ensures that domain logic remains independent from the persis-
tence mechanism.

UI Layer

The user interface components are organized under pages/, components/, and the
main activity entry point. The UI layer is intentionally lightweight, as the primary
computational logic resides in background services and domain components.
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Table 4.3: Core application modules and their architectural responsibilities.

Module Layer Core Responsibility

TikTokCaptureEventService  Services Captures TikTok interaction events via Accessi-
bility Service and detects session boundaries.

MetricsAggregator Domain Aggregates raw interaction events into session-
level behavioral metrics.

DoomDetector Domain Applies threshold-based detection logic and pro-

duces structured session decisions.

AppPhaseManager Domain Controls the transition between Warm-up and
Detection phases.

LabelingScheduler Domain Manages scheduling of user labeling prompts
during sessions.

NotificationService Services Delivers awareness-oriented feedback based on
detection outcomes.

Repository / Remote Layer  Data Handles persistence, Firestore synchronization,
and communication with the backend threshold
service.

Ul Layer Presentation Manages application pages, and visualization of
pop-up windows.

4.4 Session Management and Behavioral Metrics
Computation Engine

The core component of the application is the TikTokEventCaptureService, which
acts as the central orchestrator of interaction capture, session life cycle management,
and real-time behavioral aggregation. Unlike simple usage trackers (such as Screen
Time for i0S or Digital Well-being for Android) based exclusively on the application
foreground time, this service implements a fine-grained event-driven architecture
capable of detecting scroll gestures, user interactions, session boundaries, and
contextual transitions within the TikTok interface.

This section describes in detail the logical definition of a session, the mechanisms
used to capture interaction events, and the procedural flow that transforms raw
events into structured data structures.

4.4.1 The Central Role of TikTokEventCaptureService.kt

TikTokEventCaptureService extends the Android AccessibilityService class
and operates continuously in the background. It intercepts AccessibilityEvent
instances generated by the TikTok application (package "com.zhiliaoapp.musically")
and filters them according to relevance.
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The service performs three fundamental tasks:

1. Detection of session start and end.

2. Capture and classification of interaction events (scrolls, clicks, content transi-
tions).

3. Upload of session-level metrics.

4.4.2 Logical Definition of a Session

A session is defined as a continuous period of active interaction within the TikTok
“For You” page. The session life cycle is managed through a state-based mechanism
governed by internal flags such as isSessionActive and contextual tab tracking. A
session begins when the following conditions are all true: TikTok enters foreground
(detected by TikTokUsageEventsPoller), the active tab corresponds to "home"
and there are no active sessions.

The method maybeStartSession(ts: Long) performs these checks and ini-
tializes:

e sessionStartTime
e lastScrollTime

Instead a session is terminated when one of these two conditions occurs: Tik-
Tok moves to the background or the user navigates away from the Home tab.
Termination is handled by endScrollSession().

At session end:

 Real-time detection is stopped (in the detection phase)
e Screenshot routines are stopped
o All interaction and scroll events are retrieved from EventRepository

o The session is persisted locally and uploaded to Firestore

Scroll Gesture Detection Logic

Scroll gestures are not directly interpreted as single events. Instead, they are
constructed from consecutive TYPE_VIEW_SCROLLED accessibility events, which are
frequently emitted during a single scroll gesture. When a scroll event is received,
the service first verifies that a session is currently active and that the user is inside
the Home tab (“For You Page”). The first useful scroll event initiates a gesture.
At this moment, the system records the initial timestamp and the vertical position.

47



Design and Implementation of the Application

Then subsequent scroll events contribute to build the ongoing gesture by updating
the cumulative vertical delta and incrementing the number of new events.

The termination of the scroll gesture is handled by a time out mechanism. If
no new scroll events are detected within NO_SCROLL_TIMEOUT milliseconds (0.25
seconds), the gesture is considered complete.

Interaction and Click Detection

In addition to scroll gestures, the system monitors user interactions through
TYPE_VIEW_CLICKED accessibility events. These Android events are used to capture
the engagement in TikTok, such as likes, content interactions, and navigation
between different tabs of the application. When a click event is received, the service
first extracts specific information from the event data, including event.text
and event.source.viewIdResourceName. This parsing enables the system to
differentiate between navigation actions (e.g., switching between Home, Inbox, or
Profile tabs) and content interactions.

4.5 Al-Supported Threshold Definition

A central design requirement of the system is the use of an LLM to compute and
update the detection thresholds used by the doomscrolling application. Instead of
manually defining fixed thresholds for each behavioral metric, the application relies
on a dedicated backend service that prompts a Large Language Model to derive
personalized threshold values from the user’s own session dataset.

This approach was adopted because doomscrolling is highly individual: a session
duration or scrolling intensity that is problematic for one user may be completely
normal for another.

From an architectural perspective, all LLM interactions are performed server-side.
This ensures secure handling of API credentials, centralizes prompt management,
and allows server-side validation of the returned thresholds before they are stored
and delivered to the mobile client.

4.5.1 Prompt Engineering Strategy

The backend service employs two distinct prompts, reflecting two different moments
of the longitudinal workflow: (i) the initial threshold computation at the end of
the Warm-up Phase, and (ii) the daily update during the Detection Phase.

Initial threshold computation (thresholdDefinerPrompt.txt). At the end
of the Warm-up Phase, the system collects a dataset of user labeled sessions
containing objective behavioral metrics (e.g., session duration, scroll velocity,

48



Design and Implementation of the Application

impulsivity rate, content skipping rate, watch times, interactions), and subjective
user labels (doomscrolling vs not doomscrolling), as well as subjective estimates
of perceived duration. This dataset is serialized and injected into the prompt
placeholder {{DATASET}}.

The prompt, shown in Appendix A.1, explicitly constrains the model to derive
thresholds only from patterns present in the provided dataset, discouraging generic
assumptions about doomscrolling. In addition, the prompt provides an in-context
reasoning template and forces the model to return only a strict JSON object with
a fixed schema.

This is important for reliability: the application expects a complete threshold
set, and the output must be readable without additional processing.

In the event of a failure in the LLM request (e.g., network error, timeout, or
invalid response format), the system falls back to a deterministic local strategy.
In this case, each threshold is computed individually as the arithmetic mean of
the corresponding metric values observed during the warm-up phase. Since all
session metrics are stored locally on the device, this fallback mechanism guarantees
continuity of operation and prevents blocking the transition to the Detection Phase.

Daily threshold update (thresholdUpdaterPrompt.txt). During the Detec-
tion Phase, thresholds are updated regularly to account for the behavioral shifts
of the user over days. The update prompt, shown in Appendix A.2, receives the
current threshold configuration ({{CURRENT_THRESHOLDS}}) and a batch of new
sessions from the previous day ({{NEW_SESSIONS}}), which may include labeled
and unlabeled sessions.

The main design principle in this prompt is conservativeness: the prompt
instructs the model to avoid drastic changes unless multiple sessions consistently
contradict the current threshold model. Labeled sessions are treated as stronger
evidence than unlabeled ones as stated in the prompt, but even in that case the
update is gradual. As in the initial computation prompt, the output is constrained
to the same strict JSON schema, and the prompt explicitly requires returning every
threshold field, even if unchanged.

4.5.2 Threshold Application Logic

Once generated, thresholds are stored and later applied entirely on-device using a
decision mechanism implemented in DoomDetector.kt. This separation is inten-
tional: the mobile application remains in full control of the detection logic, while
the Al component only provides the values. This is important to reduce OpenAl
API calls and therefore costs.

The threshold application logic follows a two stage structure. First, the detector
applies a time gate: if the session duration does not exceed minSessionDuration,
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the session is not problematic. This design choice keeps the duration of the session
as the primary gatekeeper.

If the duration gate is passed, the detector evaluates a set of secondary behavioral
metrics by comparing them with the corresponding thresholds. In the current imple-
mentation, doomscrolling is detected if at least one secondary condition is triggered
(e.g., impulsive scrolling rate above minImpulsiveScrollRate, content skipping
above minContentSkippedRate, scroll velocity above minAvgScrollVelocity, or
depth of engagement below maxDepthOfEngagement). The detector returns both
the final decision and the list of trigger signals, making the outcome observable for
the user study.

This design choice reflects the role of secondary thresholds as complemen-
tary behavioral signals that characterize the mode of consumption, rather than
its simple duration. While the primary condition (session duration exceeding
maxSessionDuration) captures extended exposure, the secondary thresholds serve
as indicators of attention traps, such as rapid content rejection (high impulsive
scroll rate and skipping), automatic interaction patterns (high scroll velocity), and
reduced intentional engagement (low depth of engagement).

Requiring at least one secondary condition (in addition to the primary one) was
chosen to higher the accuracy of the model of doomscrolling detection. In contrast,
relying solely on the duration of the session would be insufficient, as long sessions
can also represent intentional and engaged usage.

4.6 User Interface and Interaction Design

Although the main functionality of the application operates primarily in the
background, the user interface plays a crucial role in providing structured feedback to
guide the user to mitigate excessive doomscrolling. The application was intentionally
designed to remain minimally intrusive during normal usage, while still providing
clear feedback and meaningful interaction when required.

The UI design follows three main principles:

o Non-intrusiveness: monitoring occurs silently in the background without
interfering with normal TikTok usage.

o Transparency: users can understand what is being measured and why
feedback is provided.

e User-Centered Feedback: the application has to provide personalized
feedback and meaningful information.

The following sections describe the main UI components and interaction flows.

50



Design and Implementation of the Application

4.6.1 Main Application Screens

The application is primarily made of 4 different sections to navigate: Dashboard,
Insights, Notifications, and Settings. These sections are accessible through a bottom
navigation and each of them serves a distinct purpose within the overall interaction
model.

Dashboard

The Dashboard represents the main overview screen of the application (Figure 4.3).
Its purpose is to provide a concise summary of the user’s recent activity.

Dashboard

Average daily usage

19m

Average daily doomscrolling

\ 28%

5m
Doomscrolling threshold 4.0m
Daily limit 2h 30m
H il ‘ 0

Dashboard Insights Notifications Settings

Figure 4.3: Dashboard overview displaying average daily usage and doomscrolling
indicators.

The upper card presents the average daily usage throughout the week, visual-
ized through a simple bar chart. This allows users to quickly identify patterns and
fluctuations in their engagement over time.

Below, a circular indicator summarizes average daily doomscrolling, showing
both the percentage of doomscrolling in relation to total usage time and the
corresponding value in minutes. Importantly, the screen also displays the current
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session duration threshold and daily limit. This reinforces transparency, so users
can see the parameters against which their behavior is being evaluated.

Insights

The Insights section (Figure 4.4) provides a more detailed breakdown of the last
doomscrolling session.

< Insights

Scrolling time

00:00 4m 0s
The chart shows time spent on each video during the session

Session overview

« Started at 16:11

+ Doomscrolled for 2m 42s

« Swiped past 14 posts

Session details

Total time 4m Os
No interactions 2m 34s
Speed Slow
H il ‘ *

Dashboard Insights Notifications Settings

Figure 4.4: First part of Insights screen showing session-level metrics and scrolling
patterns.

The screen includes a time graph that visualizes the temporal distribution of
watch times during a session, giving a useful insight to the user.

Below the graph, a session overview summarizes key elements such as session
start time, total doomscrolling duration, and number of posts swiped. An additional
section session details provides further contextual information, including total
time, interaction patterns, and scrolling speed.

The Insights screen presents a dedicated section to personalized and subjective
suggestions, i.e. a set of informative instructions built around triggered thresholds
(e.g., suggesting to diminish scroll speed if one of the triggers includes velocity).
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Personalized suggestions

« Very fast scrolling: try slowing down and fully
watching 3 videos before swiping.

Digital Wellbeing in TikTok

You can use TikTok's native functions in
order to limit usage and notifications.

How to do it?

Open TikTok - Settings - Time and
wellbeing — Screen time

f ih a e

Dashboard Insights Notifications Settings

Figure 4.5: Second part of Insights screen showing personalized subjective sug-
gestions and TikTok digital well-being tutorial.
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Notifications

The Notifications section (Figure 4.6) contains notifications about previous doom-
scrolling sessions and awareness messages generated by the detection engine.

Notifications Mark allread  Clear

All Unread

Take a break?

High doomscrolling risk detected.
Feb 21,2026 4:15:36 PM

Take a break?

High doomscrolling risk detected.
Feb 21,2026 3:51:45 PM

Take a break?

High doomscrolling risk detected.
Feb 21,2026 3:45:34 PM

Take a break?

High doomscrolling risk detected.
Feb 20, 2026 3:31:44 PM

A ih ‘ *

Dashboard Insights Notifications Settings

Figure 4.6: Notifications history showing detected high-risk sessions.

When a session is classified as doom during the Detection Phase, a notification
is generated and stored in this section. The interface allows users to review past
alerts, providing temporal context, and aiming to reinforce accountability.

Settings

The Settings section (Figure 4.7) allows users to set important parameters such as
the daily usage limit and the doomscrolling time threshold.

Although threshold values are determined primarily through the AI mechanism
described in Section 4.5, users still have the ability to adjust certain limits manually
based on their preferences.
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Settings
Daily limit 2h 30m
Set your max usage time per day
Doomscrolling time threshold 4m
QR ccvveccccccncterannnennns
Notifications
Privacy
f ih ‘ *

Dashboard Insights Notifications Settings

Figure 4.7: Settings screen allowing adjustment of daily limits and doomscrolling
thresholds.

4.6.2 Overlays

Unlike the main application screens, which are accessed intentionally by the user,
overlays represent visual interventions that appear directly on top of TikTok
during usage. They are implemented as interactive banners/interfaces and are only
triggered in specific moments.

Two distinct overlay types are used within the application: the session labeling
overlay displayed at the end of selected sessions during the Warm-up phase, and
the real time doomscrolling detection overlay.

Session Labeling Overlay

At the end of selected sessions during the Warm-up Phase, the application displays
a short feedback overlay designed to collect subjective information from the user
(Figure 4.8).

The purpose of this overlay is not to interrupt the user experience aggressively,
but to ask sporadically for subjective information. The interface asks the user
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¥ 0100%

> Help us improve detection

Secondo te, in questa sessione sei caduto in
doomscrolling?

Osi ONo

Quanto tempo pensi di aver scrollato?

Stima: 10 minuti

Figure 4.8: Session labeling overlay shown at the end of selected sessions during
the Warm-up Phase.

whether the session felt like doomscrolling or not. In addition, users are asked to
estimate how long they believe they have been scrolling.

From a technical standpoint, the overlay is triggered by the LabelingScheduler
after endScrollSession() is executed and only during the Warm-up Phase. The
overlay can appear at most 7 times during the day, and with a strict percentage of
appearance of 30%, in order to limit excessive intrusiveness of the application in
daily usage of TikTok.

Doomscrolling Detection Overlay

During the Detection Phase, a different overlay can appear while the session is still
ongoing (Figure 6.1).

This overlay is triggered when the real-time detection engine classifies the current
session as DOOM. The alert is based on the threshold application logic described in
Section 4.5.2.
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¥ 0100%

Potential doomscrolling detected
based on your habits

You have scrolled the feed for 1 minutes
without significant interactions.

D Learn more

Take a break

Ignore for now

Figure 4.9: Real-time doomscrolling detection overlay displayed during high-risk
sessions.

Rather than blocking TikTok usage, the overlay acts as a reflective interruption,
displaying a personalized message about excessive usage of TikTok.
Three possible actions are offered:

e Learn more, which redirects the user to the Insights page;
o Take a break, closing the application (TikTok);
o Ignore for now, allowing immediate continuation.

Importantly, this interaction design was directly informed by RQ2 and its
corresponding hypothesis H4. Rather than enforcing restrictive measures, the
system was designed to provide awareness feedback that encourages user reflection
while preserving autonomy. The Learn more option supports reflective insights by
going into detail about behavioral metrics; Take a break suggests voluntary self-
regulation; and Ignore for now preserves user agency, avoiding forced interruption.
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This design aligns with the research hypothesis that repeated exposure to
awareness-oriented feedback increases reflection over time. By allowing users to
repeatedly encounter, and optionally act on feedback, the Ul becomes a core
experimental instrument to evaluate whether it directly influences behavioral
awareness during the longitudinal study.

Additionally, the system includes a "cool down" mechanism to prevent repeated
alerts within a short time window. This ensures that interventions remain mean-
ingful rather than disruptive.
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Chapter 5

Study Methodology

5.1 Participant Recruitment and Sample

The selection of an appropriate sample was essential to ensure the validity and
reliability of the study results. Since the research aims to analyze natural doom-
scrolling behaviors in everyday contexts, it was important to recruit participants
who actively use TikTok and exhibit heterogeneous usage patterns. This section
describes the inclusion criteria, the recruitment procedure, and the characteristics
of the final sample that participated in the longitudinal study.

5.1.1 Inclusion Criteria

Participants were recruited based on a set of predefined criteria, with the objective
of ensuring that the sample consisted of individuals with relevant and regular
experience in social media usage.

The inclusion criteria were defined as follows:

1. Being at least 18 years old.

2. Owning a personal Android smartphone compatible with the research applica-
tion.

3. Being an active user on social media platforms.
4. Being an active user of TikTok specifically.

5. Being willing to install the research application and participate in a 14-day
longitudinal in-the-wild study.

These criteria ensured that participants were familiar with the interaction
patterns under investigation and that sufficient behavioral data could be collected
during the study period.
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5.1.2 Recruitment Procedure

The recruitment was conducted through the distribution of an online screening
questionnaire (the full text of which is reported in Appendix B). The questionnaire
was distributed through university-related messaging groups (e.g. Telegram and
WhatsApp) and through a snowball sampling process.!

Candidates who satisfied all inclusion criteria were subsequently contacted via
email and provided with detailed instructions regarding the installation of the
mobile application, the study procedure, and ethical considerations, including
informed consent and the possibility to withdraw from the study at any time
without consequences.

Recruitment continued until the desired number of participants was reached.

5.1.3 Sample Characteristics

The study involved a small sample of five participants. The sample consisted of 2
females and 3 males, with a mean age of 27,4 years (range 24-59). This choice was
motivated by the exploratory nature of the research, which required continuous
data collection and active user labeling over an extended period of time. Given
the high granularity of the logged behavioral data, each participant generated a
substantial number of sessions and interaction events.

Based on the information collected through the screening questionnaire, all
participants reported regular use of at least one social media platform characterized
by infinite scrolling mechanisms (40% of participants stated of using socials more
then 2 hours, 40% stated of using socials between 1 and 2 hours and 20% less then
60 minutes, with TikTok and Instagram Reels as the most used platforms).

All participants completed the 14-day longitudinal study. The resulting dataset
includes multiple session-level observations per participant, allowing for analysis
across different usage contexts and days.

5.2 Experimental Procedure and Data Collection

This section describes the experimental procedure adopted during the longitudinal
study and the mechanisms used to collect behavioral and subjective data. The
procedure was designed to ensure methodological rigor and data consistency.

!Snowball sampling is a recruitment technique in which already enrolled participants help
identify and recruit additional eligible subjects, starting from a small initial group and progressively
expanding the sample.
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5.2.1 Experimental Procedure

After completing the screening questionnaire and satisfying all inclusion criteria,
eligible participants were contacted via email and added to a dedicated mailing list
of research participants. Through this mailing list, participants received detailed
instructions regarding the installation procedure, study timeline, and general
participation guidelines.

The participants were instructed to install the application on their personal
Android devices. In order to enable the data collection required for the study, three
specific system-level permissions were requested: Accessibility Service access, used to
monitor scrolling events and interaction patterns within TikTok; Notification access,
required to allow the application to provide notifications; and Overlay permission,
allowing the system to display pop-ups for session labeling and detection feedback.

Participants were explicitly informed about the purpose of each authorization
and about the type of data that would be recorded.

Each participant used TikTok as usual over a period of 14 consecutive days. No
artificial tasks or constraints were imposed, in order to preserve naturalistic usage
conditions.

The user study was structured into two sequential phases: a warm-up phase and
a detection phase. This division allowed the system to initially observe a baseline
behavior of the specif user in order to then activate detection mechanisms through
computed thresholds.

Longitudinal Study

{Warm—up PhaseHThreshold ComputationHDetection Phase}

Figure 5.1: Structure of the user study, including baseline observation and
threshold-based detection.

Warm-up Phase

The first phase of the study, called warm-up phase, was designed to collect interac-
tion data without triggering any detection feedback. During this initial period, the
application passively saved interaction events and computed session metrics, then
uploaded online using Firestore.

The purpose of this phase is precise. It enabled the collection of initial behavioral
metrics and sessions subjectively labeled by the user, which were later used to
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determine more precisely the values of computed thresholds used for doomscrolling
detection.

During this phase, no notifications and session feedback were provided, and
participants were not explicitly informed about specific detection criteria to avoid
priming participants towards particular usage patterns.

Detection Phase

Following the warm-up phase, the study entered the detection phase. During
this phase, the application continued to collect interaction data while activating
doomscrolling detection through a set of specific thresholds.

When session’s behavioral metrics exceeded predefined threshold values, the
system generated awareness-oriented feedback. During this phase, user’s subjective
evaluation of random sessions continued in order to always have a more accurate
dataset.

The thresholds defined at the beginning of this phase are updated daily. The
update process relies on in-context learning using the GPT-4.1 model [53]. At
each iteration, a structured dataset of sessions is provided to the model through a
carefully designed prompt.

The daily batch includes unlabeled sessions collected during the previous day.
Together with the previously computed threshold values, these session-level metrics
are passed as contextual input. The model is instructed to revise the thresholds while
maintaining consistency with the previously established baseline and incorporating
new observed patterns.

5.2.2 Data Collection Infrastructure

Behavioral and subjective data were collected through the mobile application and
securely stored in a cloud-based database infrastructure.

The system was designed to record only interaction metadata and a brief
summary of the content category watched. Content categorization is performed
through periodic visual sampling: approximately every 30 seconds, a screenshot
of the currently displayed video is captured. The image is then processed using
the GPT-4.1-mini model, which provides a high level categorization of the content
(e.g., entertainment, news, fitness, etc.).

Only the computed category label is stored for analysis, while the raw image
is not permanently captured. This approach enables contextual understanding of
viewed content, providing more accuracy to doomscrolling evaluation.

For data persistence and synchronization, the study used a Firestore database,
part of the Firebase platform provided by Google. Firebase is a cloud backend-as-
a-service (BaaS) solution that offers authentication, storage, and real-time data
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management functionalities for mobile and web applications.

Firestore Database is a NoSQL document-oriented database designed to support
scalability. In the context of this study, it was used to securely store session metrics
and user labels for each participant. Each participant was assigned an anonymous
identifier, ensuring that collected data could be linked correctly while preserving
user privacy.

s > 7933abf4-2584...

+ Avviaraccolta

sessions

+ Aggiungi campo

98343008148539
+ Aggiungi campo

":"education”,"...}

21 0.5588235294117647
0.014705882352941176

1

Figure 5.2: Example of a session saved on Firebase for a given user, showing the
structure and organization of data

The following data categories were collected as shown in Figure 5.2:

 Session metadata (start time, end time, duration, timestamp);

o Aggregated behavioral metrics (depth of engagement, interaction rate, content
skipped rate, average watch time, etc.);

o Content distribution with a list of categories regarding the content viewed

« Subjective session metrics (only for LABELED sessions)

Data were securely transmitted from the application to the database and orga-
nized at the session level. This structure enabled repeated-measures analysis across
multiple sessions for each participant during the 14-day longitudinal period.

The data collection strategy was designed in accordance with principles of data
minimization and privacy preservation, ensuring that only information strictly
necessary for the research objectives was recorded.
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Table 5.1: Session variables collected and stored in the Firestore database.

Variable

Type

Description

Independent Variables (Behavioral Predictors)

durationMinutes
totalScrollEvents
avgScrollVelocity

impulsiveScrollRate

interactionRate

interactionsCount

contentSkippedRate
depthOfEngagement

avgWatchTime

contentDistribution

Continuous
Discrete
Continuous

Continuous
Continuous
Discrete

Continuous

Continuous

Continuous

Categorical (Aggregated)

Total duration of the session (in minutes).
Total number of scroll events recorded during the session.
Average scrolling velocity computed across the session.

Proportion of rapid consecutive scroll events within short
time intervals.

Ratio of active user interactions (e.g., likes, comments)
over session duration.

Total number of explicit interactions performed during
the session.

Proportion of content items skipped after brief exposure.

Metric capturing sustained interaction with specific con-
tent items.

Mean viewing time per content item within the session.

Distribution of viewed content categories within the ses-
sion.

Dependent Variables (Labeled Sessions only)

userLabelDoom

userEstimatedMinutes

Binary

Discrete

User-reported indication of whether the session was per-
ceived as doomscrolling (Yes/No).
User-estimated duration of the session (in minutes).
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Results

6.1 Data Preparation

The empirical analysis was conducted on data collected during a 14 day user study
involving a concise but meaningful sample of five participants. Each participant
completed a 7 day warm-up phase followed by a 7 day detection phase. During the
first phase, the sessions were subjectively labeled by the users as doomscrolling or
not-doomscrolling, while during the detection phase, the sessions were automatically
classified by the system based on personalized threshold values (as described in
4.5).

All session data were exported from Firestore into three structured JSON files,
including: all recorded sessions (1500 records), sessions detected as doomscrolling
during the detection phase (= 100 records), and the daily threshold configurations
(= 50 records). The files collected were, respectively:

e sessions.json
e sessions__doom.json

 thresholds.json

Before the analysis, the dataset was subjected to a cleaning and preparation process
to ensure consistency and comparability among the participants.

First, users who did not complete a sufficient portion of the study (at least 12
days) were excluded, ensuring consistent representation and adequate temporal
coverage to observe stable behavior patterns and exposure to the system’s feedback
mechanisms. Second, micro-sessions (i.e., sessions shorter than 3 seconds) were
removed from the dataset, excluding from the dataset brief interactions mostly
associated with accidental openings or transitional app switches, that did not reflect
meaningful usage behavior. Third, the behavioral metrics embedded within each
session were extracted and structured into a unified analytical dataset.
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The final dataset consisted of all valid sessions in both phases for the included
participants, with each session annotated with the following:

» Phase (warm-up or detection)
« Doom label (subjective or system-detected)

o Behavioral metrics (e.g., duration, impulsiveScrollRate, contentSkippedRate,
interactionRate, avgWatchTime, avgScrollVelocity)

This preparation process ensured that the following analyses were performed on
consistent and meaningful data while minimizing noise and unnecessary records.

6.2 Research Questions Analysis

This section presents the empirical analysis conducted to address the three research
questions introduced in chapter 3. This analysis pursues three objectives: first,
to examine whether doomscrolling can be characterized through observable and
recurring behavioral patterns; second, to evaluate whether awareness feedback
influences user behavior over time; and third, to assess the effectiveness of the Al
mechanism of identifying correctly doomscrolling sessions.

6.2.1 Characterizing Doomscrolling (RQ1)

To investigate whether doomscrolling can be characterized by recurring behav-
ioral patterns, we conducted a feature activation analysis based on high-intensity
behavioral signals. In addition, we performed a cross-user consistency analysis to ex-
amine whether the detected behavioral signals were consistent between participants.
Specifically, we analyzed how frequently each high-intensity signal was triggered
within doomscrolling sessions for different users. The goal of this analysis was to
verify whether the same signals consistently characterized doomscrolling among
participants, or whether the phenomenon manifested through different patterns
depending on the individual user.

Instead of comparing simple averages, the feature activation analysis focuses
on the likelihood that a session exhibits extreme behavioral values. A session was
considered to activate a signal if its metric exceeded the global 75th percentile
(or fell below the 25th percentile for the interaction rate). This approach allows
the analysis to capture high-intensity patterns without being overly sensitive to
isolated outliers.

For each metric, we then estimated the conditional probability of signal activation
separately for doom and non-doom sessions. In particular:
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P(signal | doom)
represents the proportion of doom sessions whose metric crossed the predefined
percentile threshold, while
P(signal | non-doom)

represents the same proportion computed over non-doom sessions.
The comparison between these probabilities was summarized through a risk
ratio (RR), defined as:

P(signal | doom)

RR =

P(signal | non-doom)

A risk ratio greater than 1 indicates that the behavioral signal is more likely to
occur during doom sessions. Higher values suggest stronger associations between
the metric and doomscrolling behavior.

rq1_feature_activation_results

metric type P(signall/doom) P(signallnon_doom) risk_ratio

impulsiveScrollRate | high 0,385 0,113 3,407
contentSkippedRate | high 0,385 0,145 2,650
avgScrollVelocity high 0,385 0,145 2,650
avgWatchTime high 0,385 0,145 2,650

Figure 6.1: Results derived from the Feature Activation Analysis done for RQ1

Results indicate that doom sessions were:

e 3.4 times more likely to exhibit high impulsiveScrollRate
e 2.6 times more likely to exhibit high contentSkippedRate
e 2.6 times more likely to show high scroll velocity

e 2.6 times more likely to have a high average watch time

These findings demonstrate the presence of consistent and recurring behavioral
signatures associated with doomscrolling behavior.

Although feature activation analysis revealed strong behavioral signals associated
with doom sessions (with RR > 2), cross-user consistency analysis showed variability
between participants, suggesting that doomscrolling may manifest through partially
subjective behavioral patterns rather than a single universal behavioral pattern.
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6.2.2 Behavioral Changes Across Phases (RQ2)

To investigate whether awareness-oriented feedback influenced user behavior over
time, we adopted a strategy focused on three main analyses.

Three complementary analytical approaches were adopted: daily doom rate
trend analysis, behavioral comparison across early and late detection days, and
qualitative inspection of selected participant trends.

Daily Doom Rate During Detection

For each participant, days were ordered chronologically and divided into warm-up
(first seven active days) and detection (subsequent days).
For each detection day, a daily doom rate was calculated as:

number of detected doom sessions

doom rateg,, =
“ total sessions

This metric captures the relative frequency of doomscrolling episodes in correla-
tion with total sessions of the day. Linear regression models were fitted individually
for each participant using the detection day index as the independent variable and
the daily doom rate as the dependent variable. The slope () was used to estimate
the direction of the behavioral change, while R? was used to assess the strength of
the linear trend.

The results revealed heterogeneous patterns among the participants. One
participant exhibited a moderate positive slope (5 = 0.051), indicating an increase
in the doom rate over time. A second participant showed a slightly negative slope
(8 = —0.023), suggesting a slight reduction. A third participant showed a slope close
to zero( = 0.024), indicating no consistent change. The determination coefficients
remained relatively low (approximately between 0.01 and 0.18), suggesting that
daily doom rate fluctuations were only weakly explained by a linear progression.

At the group level, the aggregated mean daily doom rate showed a small positive
slope (8 = 0.026) with moderate explanatory strength (R? & 0.32). This higher
explanatory power likely results from the aggregation process, which smooths
individual behavioral fluctuations and reduces noise.

In general, these findings do not indicate a systematic reduction in doomscrolling
frequency during the detection phase. Instead, behavioral evolution appears to be
strongly individual.

Behavioral Intensity Reduction

While the daily doom rate captures changes in the relative frequency of detected
episodes, it does not describe how the behavioral intensity of sessions evolves over
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time. To inspect more subtle adaptations, we compared early and late detection
behavior for each participant.

For each user, the detection phase was split into two temporal segments (early
vs. late detection days).

o Early Detection: first half of detection days
o Late Detection: last half of detection days

For each segment, we computed the mean value of key behavioral metrics
(session duration, impulsiveScrollRate, contentSkippedRate, interactionRate, avg-
WatchTime, and avgScrollVelocity). We then calculated the relative change between
segments as:

A% _ Mate — Hearly . 100
Hearly

The resulting deltas for each user were finally aggregated to obtain a group-level
overview of how behavioral intensity shifted over time.

Overall, the analysis revealed a mixed pattern rather than a uniform reduction
in intensity. On average, avgScrollVelocity decreased by 19.6% (std = 41.8%) and
avgWatchTime decreased by 23.3% (std = 72.1%), suggesting that participants
tended to scroll more slowly and spend less time per video during the late detection
period. However, other indicators showed opposite dynamics: contentSkippedRate
increased by 30.4% (std = 21.0%) and impulsiveScrollRate increased by 27.0%
(std = 42.2%), each result pointing to a more fragmented consumption style
characterized by frequent skipping and faster decision.

The relatively high standard deviations observed for some metrics indicate
substantial variability between participants. This variability is consistent with the
individualized nature of doomscrolling behavior, which can manifest itself through
different interaction patterns depending on personal habits, content exposure, and
engagement levels.

Session duration also increased substantially (+66.3%, std = 99.4%), indicating
that the overall time spent per session did not consistently decrease during detection.
The very high standard deviation suggests a strong difference between participants
and sessions, indicating that changes in session duration were not uniform between
users. This variability should therefore be interpreted with caution, as the sample
dimension and the length of the longitudinal study may increase noise and dispersion.
Finally, interactionRate decreased by 33.2% (std = 23.5%), suggesting fewer explicit
interactions (e.g., likes or shares) in late detection sessions.

Taken together, these findings do not support a consistent reduction in behavioral
intensity during the detection phase. Instead, changes appear heterogeneous,
reinforcing the interpretation that awareness-oriented feedback may affect users in
different ways depending on individual habits and different contexts.
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rq2_intensity_summary_clean

metric mean std

avgScrollVelocity -19,605 41,753
avgWatchTime -23,313 72,125
contentSkippedRate 30,389 21,026
durationMinutes 66,303 99,442
impulsiveScrollRate 26,982 42,232
interactionRate -33,190 23,544

Figure 6.2: Behavioral Intensity Change summary, showing percentage of change
and std for each metric

Longitudinal Trajectory Visualization

To further investigate how behavior evolved during the detection phase, we con-
ducted a longitudinal trajectory analysis focusing on two participants with the
highest number of valid sessions (participant A and participant B). Rather than
relying exclusively on aggregated statistics, this analysis examined the evolution of
key behavioral metrics throughout detection.

For each detection day, we computed the daily doom rate and the mean values
of selected behavioral indicators, including session duration, impulsiveScrollRate,
contentSkippedRate, and interactionRate. Linear regression models were computed
for each metric to estimate directional trends, but the primary focus remained on
the observed daily trajectories.

Participant A. Across the six detection days, the daily doom rate exhibited a
mild upward trend (8 = 0.051, R? = 0.18), suggesting no reduction in the frequency
of detected doom episodes. Session duration also showed a slight increase over
time.

However, a different pattern emerged when considering behavioral intensity
indicators. ImpulsiveScrollRate displayed a clear decreasing trajectory (5 = —0.028,
R?* = 0.52), indicating a progressive reduction in impulsive scrolling behavior.
InteractionRate similarly declined over time (8 = —0.027, R? = 0.32), while
contentSkippedRate remained relatively stable.

Taken together, these findings suggest that although the number of detected
doom sessions did not decrease, certain aspects of behavioral intensity may have
attenuated during detection, potentially reflecting a partial adaptation effect.
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Figure 6.3: Doom Rate trend for participant 1
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Figure 6.4: Session Duration trend for participant 1
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Figure 6.5: Impulsive Scroll Rate trend for participant 1
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Figure 6.6: Interaction Rate trend for participant 1
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Figure 6.7: Content Skipped rate trend for participant 1

Participant B. In contrast, the second participant exhibited a different trajectory.
The doom rate showed only a weak upward trend (3 = 0.024, R? = 0.06), indicating
substantial daily variability without a strong directional pattern.

In addition, other behavioral metrics revealed a more systematic evolution.
Session duration increased considerably over time (8 = 0.645, R? = 0.51), also
impulsiveScrollRate, which showed a pronounced upward trajectory (5 = 0.078,
R? =0.78). ContentSkippedRate also increased (5 = 0.043, R? = 0.48), suggesting
a progressively more fragmented and rapid consumption pattern. InteractionRate
remained essentially stable.

This combination of increasing duration and impulsive indicators suggests a
trajectory of intensification rather than regulation during the detection phase.
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Figure 6.8: Doom Rate trend for participant 2
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Figure 6.9: Session Duration trend for participant 2
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Figure 6.10: Impulsive Scroll Rate trend for participant 2
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Figure 6.11: Interaction Rate trend for participant 2
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Figure 6.12: Content Skipped rate trend for participant 2

Summary of Trajectory Patterns. The comparison between these two profiles
shows the heterogeneous nature of the behavioral change. While one participant
exhibited signs of reduced impulsivity despite stable doom frequency, the other
showed a consistent intensification of scrolling dynamics.

These different types of trajectories reinforce the interpretation derived from
the previous analyses: awareness feedback did not completely produce a uniform
behavioral shift among participants. Instead, behavioral adaptation appears to be
highly individualized.

In general, this trajectory analysis illustrates how doomscrolling behaviors can
evolve in complex and different ways over time.

6.2.3 Evaluation of LLM-Based Thresholding (RQ3)

To address RQ3, we evaluated whether the thresholds generated by the Large
Language Model could capture behavioral patterns associated with doomscrolling
sessions. The detection logic implemented in the system is based on interpretable
threshold values applied to behavioral metrics. Each threshold defines a bound-
ary condition that indicates whether a specific behavioral signal associated with
doomscrolling is present within a session.

The thresholds used in the evaluation were extracted from the values dynamically
generated by the LLM during the detection phase of the study and stored in the
Firestore database. Since thresholds could be updated over time, the values used in
the analysis correspond to the mean threshold values computed for each participant
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during the study. This design choice reflects the assumption that doomscrolling
manifests itself relative to an individual’s baseline behavior rather than as an
absolute universal pattern. This aggregation provides a stable estimate of the
personalized values inferred by the LLM.

Given a session, we define a set of behavioral conditions corresponding to the
six metrics used by the detection system:

e minimum session duration
e minimum impulsive scroll rate
e minimum content skipped rate
e maximum interaction rate

o maximum depth of engagement

maximum average watch time

Each condition evaluates whether the session metric satisfies the corresponding
threshold constraint. Formally, for a session s and a threshold condition ¢, we
define the activation function:

Ii(s) 1 if the threshold condition 7 is satisfied
i\S) =
0 otherwise

The total number of behavioral signals activated in a session is computed as
follows:

6
Signals(s) =Y _ I;(s)
i=1

where Signals(s) represents the number of threshold conditions satisfied by the
session. This value provides an interpretable indicator of how strongly a session
exhibits the behavioral characteristics associated with doomscrolling.

The analysis was conducted on 34 sessions explicitly labeled as doomscrolling
by the participants during the warm-up phase of the study. After matching
sessions with the available personalized thresholds, 31 sessions were included in the
evaluation.

Results indicate that doomscrolling sessions activate multiple behavioral signals
simultaneously. In particular, the mean number of activated signals across sessions
was:

Signals gy, = 2.35
7
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while the median number of activated signals was equal to 3. This suggests that
doomscrolling sessions are typically characterized by the simultaneous presence of
two to three behavioral indicators rather than by a single dominant metric.

To better understand which behavioral signals contributed most frequently to
threshold activation, we computed the activation probability of each condition in
all analyzed sessions. For a threshold condition ¢, the activation probability is
defined as:

number of sessions where condition 7 is satisfied

total number of evaluated sessions

The results show that some behavioral signals were consistently more present
than others. In particular, low interaction rate and low average watch time
emerged as the most frequently activated conditions, with activation probabilities
of approximately 61% and 58% respectively. Similarly, high impulsive scrolling
behavior was observed in more than half of the sessions analyzed.

In contrast, other signals, such as content skipped rate, were activated less
frequently.

To further examine the capability of the generated thresholds, we compared
the number of activated signals in sessions labeled as doomscrolling and sessions
labeled as non-doomscrolling by participants. For each session, the same signal
activation function defined above was applied.

Let Signalsgeom and Signals,eqeom denote the number of activated signals for
doom and non-doom sessions respectively. The mean values observed in the dataset
were:

Signals gy, = 2.35

Stignals 2.64

nodoom

Although non-doom sessions exhibited a slightly higher average number of ac-
tivated signals, this result highlights an important characteristic of the detection
framework. The thresholds generated by the LLM do not act as strict classifica-
tion boundaries but rather as indicators of behavioral tendencies associated with
doomscrolling. Individual signals may occasionally appear in normal browsing
sessions; however, the presence of multiple simultaneous signals provides a stronger
indication of potentially problematic interaction patterns.

In general, the results provide preliminary evidence that the LLM-based thresh-
old generation approach can support the identification of meaningful behavioral
boundaries within the observed interaction data.
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6.3 Subjective Feedback

To complement the behavioral data collected during the study, participants were
asked to complete a post-study questionnaire, to capture their subjective perception
of the system and its influence on their social media usage. The questionnaire
included a set of Likert-scale questions together with a small number of open-ended
questions, allowing participants to rate specific aspects of their experience and
provide more detailed qualitative feedback. The questionnaire explored three
main aspects: perceived awareness of personal scrolling behavior after the study,
perceived usefulness and appropriateness of notifications, and overall utility of the
application.

In general, the responses indicate that the application contributed positively to
users’ awareness of their social media habits.

The app helped me reflect on my social media use I_D Copy chart

5 answers

4

4(80%)

3
2

1

1(20%)
0(0%) 0(0%) 0(0%)
0

1 2 3 4 5

Figure 6.13: Participant responses on whether the application encouraged reflec-
tion on their social media usage.

Participants generally reported greater awareness of the time spent on social
media platforms and an improved ability to recognize moments where they were
engaged in doomscrolling. Most responses to statements related to awareness and
reflection were concentrated in the upper-middle range of the five-point Likert
scale. For the statement “The app helped me reflect on my social media usage”,
80% of the participants selected a rating of 4, while the remaining 20% selected
3. Similarly, for the statement “I can recognize better when I’'m doomscrolling”,
60% of the participants selected 4 and 40% selected 3. These results suggest a
moderately positive perceived impact of the system on the awareness of users about
their scrolling behavior.
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| can recognize better when I'm doomscrolling LD Copy chart

5 answers

8 3 (60%)

2 (40%)
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Figure 6.14: Participant responses on whether the application helped them better
recognize when they were doomscrolling.

These findings are consistent with the qualitative feedback provided in the open
responses. Several participants explicitly mentioned situations in which the system
prompted reflection during ongoing usage. For example, a participant noted:

“The app was especially helpful during times when I lost track of time
and scrolled endlessly”.

These contexts correspond to moments commonly associated with prolonged or
passive consumption of social media content, suggesting that the awareness feedback
may be especially relevant during these types of session.

Participants also highlighted situations in which the system helped them inter-
rupt potentially unproductive behavior. One response indicated:

“The application was more useful while studying or working”

suggesting that the notifications sometimes acted as a reminder of ongoing distrac-
tion.

Regarding the perceived appropriateness of notifications, responses were homo-
geneous. The statement evaluating whether notifications appeared at appropriate
moments received consistently low ratings, and participants generally selected 2
on the five-point scale. This suggests that even if the notifications were generally
understandable and sometimes useful, their timing did not always match the ex-
pectations of the users. Several participants pointed out that notifications could
occasionally appear too early in a session or during moments that did not clearly
correspond to doomscrolling behavior. These observations are consistent with the
findings discussed in RQ3, which highlighted the variability in behavior patterns
between participants and the difficulty of defining universally accurate thresholds
to detect doomscrolling. This feedback reinforces the importance of adaptive and
personalized thresholding mechanisms when trying to identify such a complex and
individual phenomenon.
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Notifications arrived at appropriate times O Copy chart

5 answers

6

5 (100%)

Figure 6.15: Distribution of participant responses regarding whether the notifica-
tions were delivered at appropriate moments during usage.

The open responses about suggestions for the application further clarify this
aspect. Some participants suggested that the detection could be made more
accurate or less sensitive. For example, a participant recommended:

“Avoid notifications after a few seconds of use, and initially incorporate
more detailed user analysis to understand patterns and when doomscrolling
is really happening.”

Another participant similarly noted that:

“I would probably adjust the detection slightly to make it even more
accurate.”

These comments indicate that, while the underlying concept of the system was
generally appreciated, users perceived room for improvement in the precision of
the detection mechanism.

Despite these concerns about notification timing, participants generally reported
that the suggestions provided by the application were understandable. Ratings
for the clarity of suggestions ranged from 3 to 5, indicating that users were able
to interpret the feedback without difficulty. This suggests that the design of the
messages and suggestions successfully communicated the intended purpose of the
intervention.
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Overall app rating IO copy chart

5 answers

Average rating (4.20)

2 (40%) 2 (40%)

1 (20%)

1 2 3 4 5

Figure 6.16: Overall user rating of the application on a 5-point scale, showing an
average evaluation of 4.2.

Finally, participants were asked to provide an overall evaluation of the application
and indicate whether they would consider using a similar tool in the future. The
overall ratings ranged from 3 to 5 (with a mean of 4.2), suggesting a generally
positive perception of the system. When asked whether they would continue using
a similar application, four participants responded positively, while one participant
indicated uncertainty. This result suggests that the concept of a system designed
to increase awareness of scrolling behavior is acceptable to users, even though
improvements in detection accuracy and notification timing could further enhance
the user experience.
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Chapter 7
Discussion

The analyses presented in the previous chapter provide empirical evidence that
allows us to revisit the research questions that guided this study. Rather than
focusing on individual metrics alone, the purpose of this chapter is to interpret the
observed patterns in relation to the conceptualization of doomscrolling adopted in
this work and to evaluate whether the proposed hypotheses are supported by the
empirical findings. Because the study was conducted in an in-the-wild setting and
relied on natural user sessions rather than controlled experimental manipulations,
the results should be interpreted primarily as exploratory observations. Nevertheless,
the collected data reveal consistent behavioral trends that contribute to a deeper
understanding of how doomscrolling manifests in everyday social media use.

The first research question (RQ1) aimed to investigate whether doomscrolling
can be characterized through recurring behavioral patterns observable during real-
world social media sessions. The results presented in Chapter 6 provide several
indications that sessions detected as doomscrolling indeed exhibit distinct inter-
action characteristics when compared to non-problematic sessions. In particular,
feature activation analyses suggest that these sessions tend to have higher watch
times and display higher levels of scrolling intensity. Taken together, these patterns
align closely with the conceptual definition of doomscrolling adopted in this thesis,
which frames the phenomenon as a state of prolonged and passive consumption of
content with automatic interaction mechanisms.

Regarding the first hypothesis (H1):

Sessions labeled by users as doomscrolling are associated with longer
session durations compared to non-doomscrolling sessions.

The findings indicate that sessions labeled by users as doomscrolling are generally
associated with longer durations compared to other sessions. This result is consistent
with the theoretical understanding of doomscrolling as a behavior in which users
remain engaged in content consumption beyond their initial intention or interest.
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Rather than representing deliberate exploration, the duration of extended sessions
can reflect a form of attention capture, in which the continuous presentation of
algorithmically selected content encourages prolonged engagement [12]. In this
context, the duration of a session becomes a useful instrument for identifying
potential states of reduced engagement, where users continue scrolling without a
clear stopping point.

The second hypothesis (H2):

Doomscrolling sessions exhibit higher scrolling intensity and more impul-
sive scrolling patterns than non-doomscrolling sessions.

proposed that doomscrolling sessions would exhibit higher scrolling intensity and
more impulsive scrolling patterns. The behavioral metrics analyzed in the previous
chapter provide evidence supporting this expectation. Sessions considered problem-
atic were often characterized by faster interaction rhythms and a higher rate of
consecutive scroll actions. Such patterns suggest a mode of interaction in which
users rapidly move from one content to another without deeply engaging with them.
This behavior is consistent with the notion of automatic or habitual interaction
regarding the design of the attention capture platform.
Regarding the third hypothesis (H3):

Doomscrolling sessions are characterized by lower levels of active interac-
tion compared to non-doomscrolling sessions.

which predicted that doomscrolling sessions would involve lower levels of active
interaction, the analysis did not clearly show that sessions detected as doomscrolling
typically contain fewer meaningful interactions, such as likes, comments, or other
engagement actions, relative to the number of items viewed.

Taken together, these observations offer preliminary evidence consistent with
the first research question: doomscrolling appears to manifest through recurring
behavioral patterns that can be observed in interaction data collected during
real-world usage sessions. Importantly, none of the individual metrics alone is
sufficient to fully capture the phenomenon. Rather, it is the combination of
multiple behavioral indicators that allows for a more reliable characterization of
the phenomenon. This observation supports the design choice adopted in this work,
where doomscrolling detection is based on a set of complementary signals rather
than on a single metric.

The second research question (RQ2) investigated whether awareness-oriented
feedback could influence users’ reflection on their social media usage during the
longitudinal study. This question explored whether the introduction of reflective
notifications could be associated with measurable behavioral changes over time.
The analyses presented in Chapter 6, including the evolution of the daily doom rate,
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the comparison between early and late detection phases, and the inspection of indi-
vidual behavioral trajectories, revealed heterogeneous patterns among participants.
In general, the results did not show a consistent reduction in the frequency of
doomscrolling during the detection phase, suggesting that the evolution of behavior
during the study was highly individualized.

Regarding hypothesis (H4):

Repeated exposure to awareness-oriented feedback increases users’ re-
flection on their social media usage over the course of the longitudinal
study.

the empirical results provide only partial support. At the aggregate level, the
daily doom rate did not show a clear decreasing trend during the detection phase,
and several behavioral indicators did not evolve consistently toward a reduced
intensity. In particular, some metrics such as scroll velocity and average watch
time slightly decreased, and other indicators such as impulsiveScrollRate and
contentSkippedRate increased, suggesting that users sometimes adopted a more
fragmented consumption pattern rather than a more reflective one.

However, the longitudinal trajectory analysis highlights that behavioral adapta-
tion can occur in subtle and highly individual ways. For example, a participant
showed a gradual reduction in impulsive scrolling despite a stable doom session
frequency, suggesting that certain aspects of interaction dynamics may have evolved
during the detection phase. At the same time, other participants exhibited opposite
trajectories, reinforcing the interpretation that awareness-oriented feedback does
not affect all users uniformly.

Several factors may explain the absence of a clear group-level effect. First, the
limited number of participants reduces the statistical power of the analysis and
makes aggregate trends highly sensitive to variability. Second, the relatively short
duration of the longitudinal observation may not have been sufficient to capture
more gradual behavioral adaptations. Changes in digital consumption habits often
require longer exposure to reflective interventions before becoming observable in
interaction data [1, 25].

Together, these findings suggest that the second research question can be ad-
dressed at an exploratory level, providing preliminary insights. Although the results
do not provide strong empirical evidence for a systematic behavioral reduction in
doomscrolling, they indicate that awareness-oriented feedback may influence certain
interaction dynamics in ways that are highly dependent on individual habits.

The third research question (RQ3) explored whether a Large Language Model
could support the definition of threshold values for detecting doomscrolling behavior
based on behavioral metrics. The purpose of this analysis was to understand whether
the thresholds generated through an LLM could produce interpretable values that
reflect meaningful behavioral patterns observed during the study.
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Regarding the first hypothesis (H5):

Threshold values generated with the support of a Large Language Model
are coherent with the distribution of observed behavioral metrics.

the analysis suggests that the generated thresholds were generally consistent with
the empirical distribution of the behavioral indicators collected during the study.
When applied to sessions labeled as doomscrolling, multiple threshold conditions
were frequently activated simultaneously, with an average of approximately 2.35
signals per session and a median of three signals. This indicates that doomscrolling
sessions tend to exhibit several behavioral characteristics at the same time rather
than being defined by a single dominant metric.

The second hypothesis (H6):

Al-supported threshold definitions exhibit meaningful alignment with users’
session-level doomscrolling labels.

examined whether threshold signals were consistent with subjective labels pro-
vided by participants. Rather than functioning as a strict classification mechanism,
the detection framework was designed to use behavioral thresholds as indicators of
engagement intensity. Individual signals therefore do not determine the classifica-
tion of a session, but instead contribute to a pattern of behavior evidence. Within
this framework, simultaneous activation of multiple signals represents a stronger
indication of potential doomscrolling behavior, while the presence of isolated signals
may simply reflect normal variability in user interaction.

Finally, the third hypothesis (H7):

The use of an Al-based approach facilitates the adaptability of threshold-
based doomscrolling detection in an exploratory setting.

is supported by the nature of the threshold generation process. During the
study, the LLM periodically updated the threshold values based on newly collected
session data, allowing the system to adapt to evolving behavioral patterns. This
adaptive mechanism represents a key advantage compared to traditional manually
defined thresholds, which typically remain static and require extensive manual
tuning.

In general, these findings provide preliminary evidence that the LLM-based
threshold generation approach can help identify behavioral boundaries within the
interaction data and support the detection framework, although further validation
on larger datasets would be required.

In general, the results discussed in this chapter provide a coherent view of
how doomscrolling behavior can be analyzed through behavioral interaction data.
Although the analyses do not point to a single pattern of doomscrolling, they
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suggest that the phenomenon can be partially characterized through a combination
of observable behavioral signals, personalized detection thresholds, and awareness-
oriented feedback mechanisms. Taken together, the findings highlight the potential
and the complexity of detecting problematic engagement patterns in everyday
social media usage.

First, the results suggest that doomscrolling sessions tend to exhibit recogniz-
able behavioral characteristics, consistent with the conceptual definition of the
phenomenon adopted in this work.

Second, the analysis of the longitudinal phase indicates that awareness-oriented
feedback does not necessarily produce a uniform behavioral change among users.
Instead, the observed trajectories suggest that reflective interventions can influence
interaction dynamics in more subtle and individualized ways.

Finally, the exploratory integration of Large Language Models for threshold
generation demonstrates the potential of Al-supported approaches in the design of
behavioral detection systems.

Although the results should be interpreted within the exploratory scope and the
limited scale of the study, they still contribute to the broader discussion on how
interaction metrics and Al-based techniques can be combined to better understand
problematic engagement patterns in modern social media environments.
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Chapter 8

Limitations and Future
Work

Despite the results discussed in the previous chapters, it is important to recognize
several limitations that characterize the present study. These limitations provide
the correct context for interpreting the results found and finding potential directions
for future research.

8.1 Limitations

An important first limitation refers to the technological constraints related to the
operating system on which the system was developed. The proposed application
relies on the Android Accessibility Service to capture interaction events such as
scrolling gestures, interaction frequency, and session dynamics during TikTok usage.
This approach allows for the collection of detailed behavioral data directly from the
user’s device while maintaining a lightweight monitoring process. However, similar
capabilities are currently much more restricted within the iOS ecosystem. Due
to Apple’s strict privacy and security policies, third-party applications have very
limited access to low-level interaction data and gesture detection. As a consequence,
extending the proposed system to iOS devices would require alternative technical
approaches and would likely provide a significantly reduced set of observable
behavioral signals. This platform dependency therefore represents a limitation in
terms of cross-platform applicability.

The second limitation relates to the intrinsic complexity of detecting doom-
scrolling behavior with high precision. Doomscrolling is not a strictly defined
behavioral state, but rather a subjective and highly individualized pattern of
interaction with digital content. Different users may experience doomscrolling
under different conditions, depending on factors such as personal habits, emotional
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state, type of content consumed, or time of day. Although the system attempts
to address this challenge through personalized thresholds and the integration of
user-provided labels, the detection process inevitably remains an approximation of
a more complex phenomenon.

Additionally, the size of the participant sample represents another factor that
should be considered when interpreting the results. Although the longitudinal
study in-the-wild allowed the collection of realistic behavioral data over time, the
number of participants remains limited. This restricts the possibility of performing
more advanced statistical analyses and limits the generalization of the findings to
larger samples. Nevertheless, the exploratory nature of the study provides valuable
initial insights that can guide future investigations on larger and more diverse
samples.

Another potential limitation relates to the possibility of a Hawthorne effect.
Since participants were aware that their interaction behavior was being monitored
by the application, their browsing habits may have been partially influenced by this
awareness. Even though the application was designed to operate in the background,
the knowledge of being observed could have encouraged participants to adopt more
deliberate interaction patterns, potentially altering their natural usage behavior
during the study period.

A further limitation concerns the fact that the study focused exclusively on a
single social media platform, namely TikTok. While TikTok represents one of the
most prominent examples of algorithmically curated short-video feeds and infinite
scrolling interfaces, doomscrolling behavior can also occur on other platforms such
as Instagram and YouTube Shorts. As a consequence, the behavioral patterns
identified in this work can be influenced by the specific interaction design and
recommendation mechanisms of TikTok, limiting the generalization of the results
to other platforms.

8.2 Future Work

The limitations identified above naturally suggest several directions for future work.
An important first research direction concerns the extension of the system to a
broader set of platforms and applications. Future studies could explore alternative
techniques for interaction monitoring that do not rely exclusively on Android
accessibility services, potentially enabling compatibility with other mobile operating
systems. Moreover, the approach could be generalized beyond TikTok, applying
a similar detection mechanism to other social media platforms characterized by
infinite scrolling.

Another promising avenue concerns the refinement of doomscrolling detection
models. While the current system relies on rule-based thresholds supported by Large
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Language Models to personalize detection criteria, future work could investigate
the integration of more accurate and precise machine learning models trained
exclusively on larger and more specific datasets of behavioral interactions. Such
models could potentially capture more complex temporal patterns and interactions
between behavioral signals, leading to more robust detection mechanisms.

Finally, future research could also refer to the personalization of feedback and
intervention strategies. In the present study, awareness notifications were designed
to encourage reflection on ongoing behavior. As shown in the results discussed in
chapter 7, where users suggested a more accurate timing for notifications, future
systems could explore adaptive interventions that dynamically adjust their timing
and content based on the user’s interaction patterns, personal preferences, or
historical behavioral trends. This could enable more effective digital well-being
interventions.
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Chapter 9

Conclusions

This thesis addresses the growing concern about problematic engagement patterns
on modern social media platforms, with a particular focus on the phenomenon
commonly referred to as doomscrolling. Within the broader context of the attention
economy, platforms such as TikTok are designed to maximize user engagement
through mechanisms such as infinite scrolling and algorithmically personalized
content feeds. Although these design strategies contribute to highly engaging user
experiences, they can also facilitate prolonged and often unintentional content
consumption.

The main objective of this research was to investigate whether behavioral
interaction data collected directly from users’ devices could be used to identify
patterns associated with doomscrolling during everyday social media usage. Rather
than focusing exclusively on restricting user behavior, the proposed approach
explored the potential of awareness-oriented notifications aimed at encouraging
reflection and self-regulation.

To support this investigation, a mobile application was developed for Android
devices capable of monitoring interaction metrics during TikTok sessions. The
system captured behavioral signals such as scroll dynamics and interaction fre-
quency, which were subsequently used to identify potential doomscrolling episodes.
A key component of the proposed framework was the integration of a Large Lan-
guage Model (GPT-4.1) to support the generation and refinement of personalized
behavioral thresholds.

The system was evaluated through a longitudinal study in-the-wild, allowing
behavioral data to be collected within realistic everyday conditions.

The results highlighted that doomscrolling episodes can be partially characterized
through observable interaction patterns. In particular, the feature activation
analysis of behavioral signals showed that these patterns tended to appear more
frequently during sessions labeled as doomscrolling, although individual signals
were not exclusively associated with problematic sessions.

91



Conclusions

Furthermore, the longitudinal analysis of the detection phase suggested that
awareness-oriented feedback did not lead to a uniform behavioral change between
participants. Instead, the observed trajectories indicated heterogeneous responses.
These findings suggest that reflective interventions can influence user behavior in
subtle and individual ways rather than producing immediate or uniform behavioral
changes.

Beyond the specific findings, this work also illustrates the broader potential of
combining behavioral data with Al analysis techniques to support digital well-being
research. Although there are some limitations bound to RQ3, as shown in chapter
8, the integration of Large Language Models opens new possibilities for building
adaptive and personalized behavioral monitoring systems capable of evolving with
the user’s habits over time.

In conclusion, the proposed system contributes to a growing body of research
that seeks to better understand the relationship between interface design, user
behavior, and digital well-being. Future work will be essential to address the
limitations discussed in this study to refine these approaches, extend them to larger
populations, and explore new forms of adaptive interventions capable of supporting
healthier and more intentional interactions with digital platforms.
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LLM Prompts for Threshold
Computation

A.1 File: thresholdDefinerPrompt.txt

You are an expert behavioral analyst specializing in personalized
digital wellbeing.

Your task is to analyze a dataset of user sessions (using Tiktok)
containing:

- objective metrics (scroll velocity, session duration, impulsivity rate,
avg watch time per tiktok, interactions, etc.)

- subjective labels provided by the user ("doomscrolling" vs '"not
doomscrolling")

- subjective estimates of perceived duration

Using ONLY patterns present in this specific dataset, derive
personalized decision thresholds that best separate DOOM vs NON-DOOM
sessions ("doomscrolling" vs "not doomscrolling").

Do NOT use generic assumptions about doomscrolling.
Do NOT invent metrics that are not provided.
Base your reasoning EXCLUSIVELY on patterns found in the user’s data.

### IN-CONTEXT LEARNING EXAMPLE (follow this logic)

Example reasoning:

1. Identify the metric that best separates the two classes (usually
session duration).
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LLM Prompts for Threshold Computation

2. Determine secondary metrics that consistently increase during DOOM
sessions.

3. Choose stable numeric thresholds that maximize separation.

4. Return strict JSON with only the thresholds, no commentary.

Example output format:

{
"minSessionDuration": 12,
"minImpulsiveScrollRate": 0.4,
"minContentSkippedRate": 0.3,
"maxDepthOfEngagement": 0.1,
"maxInteractionRate": 0.5,
"minAvgScrollVelocity": 2.3,
"maxAvgWatchTime": 1

b

IMPORTANT: Produce EVERY threshold in the output format example

### DATASET TO ANALYZE
{{DATASET}}

### YOUR TASK
Analyze the dataset and output:
1. A set of personalized numeric thresholds for doomscrolling detection.

Return ONLY valid JSON in this exact structure:

{
"minSessionDuration": 12,
"minImpulsiveScrollRate": 0.4,
"minContentSkippedRate": 0.3,
"maxDepthOfEngagement": 0.1,
"maxInteractionRate": 0.5,
"minAvgScrollVelocity": 2.3,
"maxAvgWatchTime": 1

b

IMPORTANT: Produce EVERY threshold in the output format example

94




© 00 J O U= W N =

10

11

12

13
14
15
16
17
18

19

20
21
22
23
24
25
26
27
28
29
30
31
32

33
34
35

LLM Prompts for Threshold Computation

A.2 File: thresholdUpdaterPrompt.txt

You are an expert behavioral analyst.

You will receive:
1. The current threshold model.
2. A batch of new sessions (some labeled, some unlabeled).

Your task is to update the thresholds **quite conservatively*x:
- Labeled sessions can outweigh unlabeled ones.
- Thresholds should not drastically change unless multiple sessions
contradict the current model.
Unlabeled sessions may quite shift thresholds if they show a
consistent trend.
- The primary threshold (usually session duration) must remain the most
important gatekeeper.
- Do NOT use any weights or scoring systems. Only output updated
thresholds.

### IN-CONTEXT LEARNING EXAMPLE (follow this pattern)

Example behavior:

- If several newly labeled DOOM sessions exceed a metric, slightly lower
that metric’s threshold.

- If several newly labeled NON-DOOM sessions stay below a metric,
slightly increase threshold.

- Ignore isolated outliers.

Example output:

{
"minSessionDuration": 12,
"minImpulsiveScrollRate": 0.4,
"minContentSkippedRate": 0.3,
"maxDepthOfEngagement": 0.1,
"maxInteractionRate": 0.5,
"minAvgScrollVelocity": 2.3,
"maxAvgWatchTime": 1

}

IMPORTAT: Return EVERY threshold in the example, even without changes
from the the previous ones

### CURRENT THRESHOLDS
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{{CURRENT_THRESHOLDS}}

### NEW SESSIONS
{{NEW_SESSIONS}}

Return ONLY valid JSON in this exact structure:
{
"minSessionDuration": 12,

"minImpulsiveScrollRate": 0.4,
"minContentSkippedRate": 0.3,
"maxDepthOfEngagement": 0.1,
"maxInteractionRate": 0.5,
"minAvgScrollVelocity": 2.3,
"maxAvgWatchTime": 1

b

IMPORTAT: Return EVERY threshold in the example, even without
from the the previous ones

changes
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Participant Questionnaires
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PRE-QUESTIONARIO (SCREENING)

Questo questionario ha lo scopo di valutare I'idoneita alla partecipazione a uno studio

sull'uso dei social media, in particolare TikTok.
Se interessati a scaricare I'applicazione si prega di inserire la stessa Email utilizzata in

PlayStore.

* Indica una domanda obbligatoria

1. Email *

Requisiti Tecnici

2. Sistema Operativo Principale *
Contrassegna solo un ovale.
Android
i0S

Altro:

3. Versione di Android *

Contrassegna solo un ovale.
Android 11 o superiore
Inferiore

Non so



4. Eta*
Contrassegna solo un ovale.
18-24
25-30
31-35

>35

Utilizzo Social

5. Quali social utilizzi regolarmente? *

Seleziona tutte le voci applicabili.

TikTok
Instagram Reels
YouTube Shorts
Altro

Nessuno

6. Quanto tempo passi mediamente al giorno su questi social? *

Contrassegna solo un ovale.
<30 min
30-60 min
1-2 ore

>2 ore

Autopercezione



7. Mi capita di scrollare piu a lungo di quanto vorrei *

Contrassegna solo un ovale.

Per Moltissimo

8. Uso i social in modo automatico, senza pensarci *

Contrassegna solo un ovale.

Per Moltissimo

9. Perdo la percezione del tempo mentre scrollo *

Contrassegna solo un ovale.

Per Moltissimo

10. Dopo aver usato i social, a volte mi sento insoddisfatto *

Contrassegna solo un ovale.

Per | Moltissimo

Dati per la beta

La partecipazione allo studio & volontaria.

E possibile ritirarsi in qualsiasi momento, senza fornire motivazioni, comunicandolo via
email all'indirizzo:

s$331356@studenti.polito.it



11.  Accetti di partecipare allo studio per circa 2 settimane? *
Contrassegna solo un ovale.
Si

No

12. Se sei curioso di scaricare I'applicazione, inserisci la mail che utilizzi per
PlayStore

Questa email verra utilizzata esclusivamente per:

-abilitarne I'accesso alla versione beta dell’app tramite Google Play
-ricontattarti con il link per il download dell'app

Non verra usata per altri scopi né condivisa con terze parti.

Questi contenuti non sono creati né avallati da Google.

Google Moduli



POST-QUESTIONARIO (FINE STUDIO)

Questo questionario serve a valutare la tua esperienza con I'app durante lo studio.

* Indica una domanda obbli

atoria

1. Email *

2. Sono piu consapevole del tempo che passo sui social *

Contrassegna solo un ovale.

Per Moltissimo

3. Riesco a riconoscere meglio quando sto doomscrollando *

Contrassegna solo un ovale.

Per Moltissimo

4. Presto piu attenzione al modo in cui utilizzo i social *

Contrassegna solo un ovale.

Per Moltissimo



5. L’app mi ha aiutato a riflettere sul mio utilizzo dei social *

Contrassegna solo un ovale.

Per Moltissimo

6. Le notifiche arrivavano in momenti appropriati *

Contrassegna solo un ovale.

Per Moltissimo

7. | suggerimenti erano comprensibili *

Contrassegna solo un ovale.

Per Moltissimo

8. Ho trovato I'app invadente *

Contrassegna solo un ovale.

Per Moltissimo



9. Mi sono sentito giudicato dall’app *

Contrassegna solo un ovale.

Per Moltissimo

10. Le notifiche interrompevano inutilmente I'esperienza *

Contrassegna solo un ovale.

Per | Moltissimo

Valutazione complessiva

11. Valutazione complessiva dell’app *

12. Continueresti a usare un’app simile? *
Contrassegna solo un ovale.
Si
No

Forse

Domande aperte - Suggerimenti



13. In quali situazioni I'app ti & stata piu utile?

14. Cosa miglioreresti o cambieresti?

15.  Note aggiuntive (opzionale)

Questi contenuti non sono creati né avallati da Google.

Google Moduli
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