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Understanding Digital Well-being in Social Media Use:

App-Specific Use, Goal Pursuit, and Platform Designs

Abstract

Social media platforms are now deeply embedded in everyday life, shaping how people
communicate, seek information, and experience social connection. Over the past two decades, a
large and rapidly growing body of research has examined the relationship between social media
use and users’ health and well-being. Findings from the digital well-being literature have remained
mixed, documenting both positive and negative associations between social media use and well-
being. These mixed findings are partly attributable to the complexity and heterogeneity of social
media use, which involves highly content- and context-dependent behaviors, and are further
compounded by persistent limitations in access to behavioral data from online platforms.

This dissertation contributes to the literature on social media use and well-being through
three correlated and complementary perspectives. The first chapter reviews existing research
on social media and well-being, outlines key conceptual and methodological challenges in the
field, and introduces the three following empirical chapters, explaining how they are positioned
within the existing evidence and how they contribute to the field. The second chapter introduces
a novel approach to measuring objective social media use using user-donated screenshots and
examines how app-specific usage patterns relate to daily well-being outcomes. The third chapter
shifts from exposure-based measures to psychological processes of goal pursuit, examining how
goal awareness and goal strength shape momentary social media experiences and well-being,
and incorporating TikTok data donation packages to advance objective measurement. The fourth
chapter shifts attention to the platform level, using Large Language Model (LLM)-assisted

content analysis to examine how major social media companies articulate and signal compliance
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with digital well-being practices, providing empirical evidence relevant to policy and regulatory
discussions. Together, these studies offer a multi-dimensional account of how social media use,
user psychology, and platform design jointly shape well-being in digital environments.

The second chapter investigates the association between app-specific social media use
and daily well-being among adolescents using app specific use data extracted from screenshots.
Drawing on a two-week ecological momentary assessment (EMA) on social media use and well-
being, combined with user-donated screenshots from 374 Swiss adolescents (mean age = 15.71;
61% female), the study introduces “Appnomes,” a set of app-level metrics capturing screen time,
number of activations, and notifications across platforms. These behavioral indicators were linked
to daily measures of hedonic and eudaimonic well-being using multilevel models. Overall, results
revealed small, mixed, or null associations between app-specific use and well-being. While certain
associations emerged, such as longer TikTok use predicting lower same-day eudaimonic well-
being but higher next-day positive emotions, Snapchat screen time predicting lower relaxation,
competence, and positive affect, and WhatsApp activations predicting greater feelings of
connection. Collectively, these results challenge the moral panic on the detrimental impact of
social media use on teens well-being and underscore the limitations of exposure-based models
that ignore contextual and psychological factors.

The third chapter shifts focus from behavioral exposure to underlying psychological
processes, examining how goal awareness, defined as awareness of one’s goal for social media
use, and goal strength, the degree to which an individual is motivated to pursue that goal, shape
momentary user experiences and well-being. Using a 7-day EMA design with 266 U.S. adults (six
surveys per day; 71.3% response rate), the study integrates self-reported goals for social media
use and well-being outcomes, screentime screenshots, and user-donated TikTok behavioral data.
Within individuals, higher goal awareness and goal strength were associated with more positive
experiences and better well-being, respectively, particularly when social media use served goals
such as coping, entertainment, passing time, or habitual use. TikTok data showed little behavioral
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variation by goal awareness and goal strength, except that users with higher goal awareness
skipped videos faster. Findings highlight goal awareness as a key process shaping momentary
social media use experiences, while also underscore the need to better capture behavioral signals
of intentional social media use.

The fourth chapter extends the analysis from users to platforms, examining social media
platforms’ claims to promote digital well-being practices. Digital media platforms increasingly face
pressure from the public and legislators worldwide to mitigate harm to user well-being and
promote healthier digital environments. Platforms appear to be paying greater attention to digital
well-being proclaiming actions being taken by them to mitigate the harm. This study provides
arguably the first large-scale analysis of digital well-being related-practices claimed by platforms
using LLM-assisted content analysis of 13,497 company announcements published by seven
major platforms (Facebook, Instagram, WhatsApp, X/Twitter, TikTok, YouTube, and Snapchat)
from each platform’s first post through May 15, 2025. Our analysis identified 5,685 distinct digital
well-being practices, showing a steady increase in platform-reported efforts since 2019, with a
notable surge following the introduction of the General Data Protection Regulation in the
European Union. Across the four identified mechanisms of digital well-being practices, more than
80 percent of practices fall within content-based governance and user-initiated controls, with far
fewer addressing default safety features or personalized algorithmic curation. Only a small share
of announcements includes user-level impact evaluation, leaving the implementation status and
actual effects of these practices largely unknown. The study indicates that platforms appear
responsive to public and legislative pressures, but the actions they highlight tend to emphasize
visible, content-focused measures rather than deeper changes to underlying algorithmic
operations.

Taken together, this dissertation highlights the complexity of the relationship between
social media use and well-being. It addresses this complexity through two complementary
structural approaches: examining the psychological processes underlying social media use to
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conceptualize use as goal pursuit processes and extending the scope of digital well-being to the
platform level by analyzing platform design practices. The insights from this dissertation are
particularly relevant for emerging Al-mediated tools, where both user psychology and platform
design choices play central roles in shaping user experiences and well-being. Finally, this
dissertation advances methodological approaches by integrating objective social media data,
collected through screenshots and platform data donation packages, with self-reported measures

to enable more rigorous study of digital well-being.

vi



Table of Contents

B[ =T TP EEPP PP [
(0707 o)V 1 o] 1) SHTEUT OO OOPUPPPPPPPPPPPPPRt i
ADSTIACT ... iii
Table Of CONENES ... Vii
LISt OF FIQUIES ...ttt e e e e et e e e e e e e e et e e e e e e e e e e aaanns ix
LISt Of T@DIES....ceeieeie et e e e X
GIOSSANY OF TEIMS ...ttt e e e e e e et e e e e e e e e e nreeaae s Xi
[ T=To [ Tox= 11 0] o WP Xii
ACKNOWIEAGEMENT . ... Xiii
L1 gF=T o] (=Y ol Il 1o T [U T3 11 o PSPPSR 1
1.0 OVEBIVIBW .ttt ettt e e ekttt e e e s et e 2o s bb e e e e e mbe e e e e e nbeeeeeennneeeeanns 1
1.2 Literature review: social media use and well-being ............cccccooiiis 2
1.3 Challenges in digital well-being studies.................oo i, 7
1.4 Overview of the empirical chapters ... 9
Chapter 2: Appnome analysis reveals small or no associations between social media app-
specific usage and adolescent Well-DeiNg...........ccoooiiiiiiiiii e 11
2. INEFOAUCTION ...t e e e e e e e e e e e e e e e nnrrnr e e e e e e e aaaes 12
W0 /1= {3 Vo Lo USSR 21
2.3 RESUIES ...ttt e e e e e e e e e e 30
2.4 DISCUSSION ....cceeeieiiitte ettt ettt e oottt e e oot e ettt e e e e e e e e e et e e e e e e e e nnb e r e e e e e e e aaan 42
Supplementary MaterialS. ... ... 49
L To 18 =T TP PP OPPUPPPPPPPPRN 49
TaADIES ... 57
Chapter 3: Higher goal awareness improves social media user experience and well-being...... 60
K I I [ 1 0o [ 1 e (o o B PO PPPPPPR PP 61
K302 V1= {aTo o ST URRPRPRIN 67
BB RESUIES e a e 84
B 00 I 1S U 11 oo T 100
Supplementary MaterialS . ... ... 112
T =P 112
LI 0] 5T PSSP PPPPP R TPPPPP 129
COTEDOOK ...t 138



Chapter 4 — Digital well-being features on social media platforms: an LLM-assisted analysis of

social media company anNOUNCEMENT..........iiii i e e e e e e e 144
o I [ a1 To [FTed o] o TR SO PP PPP PP 145
|V =1 13 o Yo USRI 150
4.3 RESUILS ...t e e e e e e e e e e e e e as 155
4.4 DISCUSSION ....eeeiieeeee ittt e ettt e e e e e e e e e e e e e e e e e e e e e e e e e e s n e e e e e e e e e e e reeaeeeeas 178
Supplementary MatErIAlS. ... ... 187

T 0 =PRI 187
TADIES .. e e e e e 195
(@700 =T oo o] PP 198
(0] 1 ] o1 TS 205

(O F=T o] (=Y o T 0o Tod 11 -1 o RSP 220
5.1 Key Findings and IMpliCatioNS............ueoiiiiiiii et 220
5.2 FULUIE RESEAICI ..ottt e e e e e e e e e 222

S =T =T g o7 PRSPPI 225

viii



List of Figures
Figure 1.1 An example of Appnome on the screentime (A), number of activations (B), and
number of notifications (C), of one female (1) and one male (2) study participant in the HappyB

5] (1[0 Y 25
Figure 1.2. The distribution of person-level average screentime (A), number of activations (B),
and number of notifications (C) by gender in the HappyB study..........ccccooiiiiiiiiiiiiee. 32

Figure 1.3. Correlation between average screentime (A), number of activations (B), and number
of notifications (C) of selected Apps and average hedonic and eudaimonic well-being in the
between-person level in the HApPYB StUAY......ccooeiiiiiiiiiee e e 33

Figure 1.4. Forest plot of the mixed linear models results on the associations between TikTok,
WhatsApp, and Instagram screentime, number of activations, and number of notifications and
hedonic/eudaimonic well-being in the HappyB study...........ccuuiiiiiiiiii e 36

Figure 1.5. Associations of TikTok, WhatsApp, and Instagram usage with hedonic and
eudaimonic well-being outcomes on the same day, the following day (1-day lag), and two days
later (2-day lag) in the HappyB StUAY .........oooiiiiiiiiiiiieee e e e e 38

Figure 2.1. The study design for the goal awareness and social media experience study......... 67

Figure 2.2. The example time of TikTok activities in the episodes matched with EMA survey for
LAV T 0 2= LT o =1 g PO RP 74

Figure 2.3. Associations of goal awareness and goal strength with happiness, by subgroup of
(Lol pgl=T g e=T VAo o= I 4] 1= 93

Figure 2.4. Within-person (A) and between-person (B) associations between TikTok use
behaviors and goal awareness, goal strength, social media use experience, and subjective well-

Figure 3.1. Introductions of digital wellbeing practices for platforms from 2008-2025 .............. 156
Figure 3.2. Target user groups of digital well-being practices by platforms.............................. 158
Figure 3.3 Distribution of digital well-being practices in TIKTOK ..............evvieiiiiiiiiiiiies 159

Figure 3.4. Author positions in the company announcements with digital well-being practices 160
Figure 3.5. Targeted harms of the digital well-being practices in company announcement ..... 161
Figure 3.6. Topical focus of the digital wellbeing practices from company announcements..... 162
Figure 3.7. Mechanisms of the digital wellbeing practices from company announcements...... 165

Figure 3.8. Evaluation status of the digital wellbeing practices from company announcements

X



List of Tables
Table 1.1. Mixed linear model results on the standardized associations between screentime,

number of activations, and number of notifications and hedonic/eudaimonic well-being in the

[ F=T 0] 0377 = 2= (1 o | 2 34
Table 2.1. Between-person and within-person associations between social media motivation

awareness, strength, use experience, and Well-being ... 91
Table 3.1. Selected examples of policies addressing digital well-being and online safety ....... 147



Glossary of Terms
Disability-Adjusted Life Years (DALY's)
General Data Protection Regulation (GDPR)
Digital Services Act (DSA)
European Union (EU)
World Health Organization (WHO)
Ecological Momentary Assessment (EMA)
Standard Deviation (SD)
Application Programming Interface (API)
Optical Character Recognition (OCR)
Open Science Framework (OSF)
Generalized Anxiety Disorder—2 (GAD-2)
Patient Health Questionnaire—2 (PHQ-2)
Large Language Model (LLM)
Akaike Information Criterion (AIC)
Root Mean Squared Error (RMSE)
Age-Appropriate Design Code Act (AADC)
Intraclass Correlation Coefficient (ICC)

Food and Drug Administration (FDA)

Xi



Dedication

To my mother, Yanzhen Qiao, whose belief in me has carried me through;

to my father, Zheng Liu, who opened my eyes to the world;

to my grandparents, Cuilin Yang and Fuliang Qiao, who raised me with unconditional love;
to my husband, Sen Yang, for his trust, support, commitment, and love;

and to my younger and older selves: please keep moving forward and exploring life with

courage and curiosity

xii



Acknowledgement

This dissertation would not exist without the extraordinary community of mentors, collaborators,

friends, and family who have walked this journey with me.

My committee members

| want to thank my dissertation advisor, Professor David Canning, who has seen me
through every stage of this work. I still remember sitting in his office during my first year, insisting
that | wanted to study social media because it mattered, even though | did not yet know how
exactly to study it. David has witnessed my growth from that moment on, and his steady guidance,
patience, and trust gave me the freedom to follow my passion.

| am profoundly grateful to Professor Kasisomayajula ("Vish") Viswanath, whose
interdisciplinary insights across fields opened entirely new doors for me. Every conversation with
Vish brought a new insight or a new question, and his expertise in how to make real-world,
population-level change that reduces social disparities, has shaped how | think about this field.

| am also deeply grateful to Professor Amit Goldenberg, who decided to work with me
even when my ideas were still rough and unformed. From Amit | learned how to become a
scientific researcher: how to ask deep questions, how to do empirical work rigorously, how to
collaborate, how to learn from others, and how to guide others in turn. | could not have continued
this work without him. Amit empowered me to think of myself as a researcher, and that has made

all the difference.

My collaborators on the dissertation chapters

| want to thank my collaborators for the three chapters of this dissertation. Professor Laura
Marciano was the first researcher to generously share her resources with me, and she ended an
anxious early period of my PhD when | did not yet know whom to work with or how to begin real

Xiii



empirical work. Laura introduced me to the fields of mobile communication and media psychology
and gave me the freedom to find my own footing within them.

For the second chapter, | am grateful to Professor Yael Millgram, who shared her
resources and guided me through my first-ever experience of ecological momentary assessment
data collection, and to Professor Joseph Bayer, who agreed to advise this work, guided me
through theories of mobile media habit, and welcomed me into his lab, which is becoming a
second intellectual home during my PhD journey.

For the third chapter, | thank Dr. Ravi lyer, who thought of me for so many different projects,
cared deeply about what | wanted to achieve, and empowered me to explore the field of social
media well-being and human-centered Al, not only through empirical analysis but through cross-
sector collaborations that connected me with industry. | am also grateful to the two undergraduate
students who have since become close friends, Stanley Huang and Emily Xing, who were patient
through my own exploration of analytic methods and of what it means to be a mentor. They worked
diligently and produced far more learning and results than | expected. | feel | owe them a great

deal, and | hope they get the best of everything in what comes next.

My mentors and broader research community

Beyond the dissertation itself, | had the great fortune of working with Amanda Yarnell and
Professor Matthew Motta on projects supporting content creators' science communication on
social media platforms. This work did not make it into the dissertation, but it deepened my
understanding of the different stakeholders in the digital well-being ecosystem.

| also want to thank Professor Bryn Austin, along with Jill Kavanaugh and Professor
Zachary Ward, who brought me into the world of simulation modeling for platform design and
health outcomes. It is through that collaboration that | came to understand the dark patterns and

design features on social media platforms that structure user experience.

Xiv



| owe a particular thank-you to Professor Jeffrey Hall, with whom | worked as a research
assistant during his year at the Berkman Klein Center. Jeff taught me, from beginning to end,
what the ecology of social media experience really means, and he believed in me and trusted me
even when | was only beginning to explore this field.

| am also grateful to Professor Lucia Magis-Weinberg, Professor Nathaniel Osgood,
Professor Nathanael Fast, and my mentor and dear friend Professor Naijia Liu, whose mentorship

and generosity have meant a great deal to me.

My peers

To my peers and friends in the Goldenberg Lab — Yaoxi Shi, Hangiu Li, Federico
Zimmerman, Yajun Cao, Sofie Labat, Cathy Fang, Noa Cohen Eick, Matan Eshed, Geshi Yeung,
Sumer Vaid, and Catherine Huanh — thank you for the everyday intellectual support and social
companionship.

To my PhD cohort friends Sun Kim, Yuchen Liu, and Sian Tsuei, thank you for sharing
your experience, concerns, and insights, and walking through this PhD together.

To the researchers and the content-creator community at the Center for Health
Communication, thank you for grounding me in another intellectual home and for reminding me
that research is also a practice, lived out in the real world.

| have also been lucky to work with an extraordinary group of undergraduate research
assistants: Emily Xing, Stanley Huang, Darwin Li, Jeffrey Zhou, Natalia Siwek, Ziqi Zheng, and

Zein Alabdeen Zammar. Your curiosity, energy, and care made the work better.

Funding

| gratefully acknowledge funding from the Harvard Data Science Initiative, the Harvard
Lee Kum Sheung Center for Health and Happiness, the Institute for Quantitative Social Science,
the Harvard Center for Population and Development Studies, and the Department of Global

XV



Health and Population at the Harvard T.H. Chan School of Public Health. All of these supports

made my dissertation research possible.

A special thanks to Barbara Heil
| genuinely do not know how | would have survived the billion small steps of this PhD

without you. Thank you for your kindness, support, and patience with me at every turn.

Family and friends

Finally, to my family — my parents, my grandparents, my aunt, and my husband — thank
you for your love and support, and for being my home. And to the friends | met outside of academia
— my roommates Jiayin Qu, Jinyu Li, and Hui Ren, my dear friend Yiyun (Star) Chen, and my
friends from the climbing gyms — thank you for keeping me human through all of this. This is for

all of you.

Xvi



Chapter 1: Introduction

1.1 Overview

Over the past two decades, social media platforms have transformed not only the
landscape of human communication but also everyday life. Unlike prior generations of mass
media, which operated primarily through one-to-many broadcast models, social media enables
many-to-many interaction, positioning individuals as consumers, creators, distributors, and
curators of content within digital networks [1,2]. Consequently, social media has become
increasingly woven into daily routines. At the same time, algorithmic recommendation systems
personalize information flows at scale, tailoring content to maximize individual attention and
engagement [3,4]. This continuous personalization hooks some users into prolonged engagement
[5], resulting in widely reported experiences of information and connection overload due to
fragmented exposure [6], depletion of self-control [7], and increased exposure to harmful content
[8], with the extent of these experiences varies considerably across individuals and contexts.

Parallel to the rise of social media platforms, there has been a widely observed crisis in
mental health and digital well-being. Globally, over one billion people were living with mental
health conditions in 2025 [9], with a continuing upward trend [10]. The trend is particularly striking
among children and adolescents. One in seven individuals aged 10—19 experiences a mental
disorder, accounting for 15% of the global burden of disease in this age group [11]. The number
of disability-adjusted life years (DALYs) attributable to mental disorders among those aged 10—
24 increased from 26.1 million in 1990 to 36.3 million in 2021 globally [12]. In the United States,
nearly one in five children aged 3-17 (21%) has been diagnosed with a mental, emotional, or
behavioral condition [13].

The parallel increases in social media use and mental health concerns have heightened
attention to digital well-being, defined as individuals’ overall experiences and well-being outcomes

in relation to their use of digital technologies. Since 2023, more than 10% of adults report negative



experiences or seeing content that they think are bad for the world on platforms such as X
(formerly Twitter), Facebook, Instagram, YouTube, and TikTok [14]. For parents who themselves
face challenges in digital well-being, additional responsibilities arise in supporting children’s digital
experiences, creating further challenges for families and schools working with youth [15,16]. As
emphasized in the U.S. Surgeon General’'s Advisory, more research is needed to clarify the
mechanisms behind platform use and health outcomes [17].

In response to the crisis in digital well-being, a substantial body of research has examined
the impact of social media on well-being and health. Over the past two decades, the central
research question has shifted from “Is social media use good or bad?” to “Under what
circumstances, for whom, and what types of use are harmful or beneficial?” [18—20] More recently,
discussions have expanded to governance questions concerning the evidence needed to inform
platform design [21], industry regulation [22], and global legislation [23,24]. Although substantial
progress has been made in improving digital well-being, concerns of users’ mental health remain
prevalent (WHO teens 2024) and regulatory frameworks are still evolving [11,25], indicating the
need for continued empirical research to guide effective intervention and governance. This
dissertation contributes to this broader effort by providing evidence on how social media use, user
psychology, and platform design relate to user well-being. In this chapter, | first review the
literature on social media and well-being, then summarize key barriers in studying digital well-

being, and introduce the three empirical chapters and their contributions.

1.2 Literature review: social media use and well-being

A rapidly expanding body of research has investigated whether, and under what conditions,
social media use is related to well-being and mental health. This literature spans multiple
disciplines, including psychology, communication, public health, computer science, and human

computer interaction, and reflect diverse theoretical and methodological approaches.



Time of use

Despite the common lay perception that social media use is inherently harmful, empirical
research examining the relationship between social media use and well-being has yielded mixed
findings. Systematic reviews indicate that associations between social media use and well-being
are generally small and heterogeneous due to differences in study populations, designs,
disciplinary approaches, platforms and well-being outcomes examined [26,27]. Some meta-
analyses document statistically significant negative associations between overall social media
use and well-being, but with small effect sizes ranging approximately from -0.05 to -0.15
standard deviation [18,28]. For example, one review estimated that overall social media use
explains roughly 1% of the variance in well-being [29]. At the same time, other meta-analysis also
suggests that certain dimensions of well-being, such as hedonic well-being (r, Pearson correlation
coefficient = 0.11) and social well-being (r = 0.07), are positively associated with social media use
[30]. Notably, inconsistency in this literature extends beyond the estimated associations between
social media use and well-being to disagreements in their interpretation, with similar small-to-
moderate effects alternatively described as modest or as serious by different researchers [20].
Together, these mixed findings underscore the heterogeneity of the relationship between social
media use and well-being and the complexity of social media experiences. Moreover, the mixed
findings point to the need to move beyond questions of overall use toward a more nuanced

understanding of how social media is used and experienced.

Passive-active social media use

Beyond overall time spent on social media, a major line of research has examined what
users actually do on social media platforms and how these activities relate to well-being. One
widely used framework distinguishes between active social media use, which involves interacting
with others (e.g., messaging or posting content) [18], and passive use, which involves consuming
social media content without direct interaction [31]. Early hypotheses and empirical studies linked

3



active social media use to more positive well-being outcomes and passive use to more negative
ones [32,33]. However, recent reviews indicate little support for a net negative association
between passive use and well-being, and suggest that passive use can also involve positive
experiences such as enjoyment, inspiration, and online support [18,34,35]. Moreover, the active—
passive dichotomy has been criticized as overly simplistic and conceptually imprecise, as passive

use collapses diverse experiences and individual heterogeneity [20,34].

Activities on social media

Moving beyond the active—passive framework, research on specific social media activities,
such as posting or browsing, has also yielded mixed findings regarding well-being. For example,
posting behavior has been associated with poorer academic performance in some studies [36],
but with improved affective well-being in others [37], particularly when posting involves authentic
self-expression [38]. Similarly, browsing activities have been associated with decreased well-
being in some contexts [37], especially when browsing others’ or influencers’ content, but not
when browsing one’s own profile [39], with negative social comparison as a key mediating
mechanism [15]. With the rise of short-form video platforms, feed browsing has become an
increasingly prominent activity, with studies documenting negative effects of doomscrolling
[40,41], alongside evidence that browsing certain types of content, such as videos depicting
prosocial behavior, can have positive effects [42], and that browsing relaxing videos may serve

as a coping strategy for everyday stress [43].

Content on social media

Beyond the activities people engage in, a growing body of research has focused on the
content users are exposed to on social media and its implications for well-being. A substantial
body of research has examined exposure to harmful social media content, including
misinformation [44], hate speech [45], and cyberbullying [46], and linked such exposure to poorer

4



well-being outcomes, such as increased psychological distress and anxiety. Some forms of
harmful content disproportionately affect specific subpopulations, such as thinspiration content
among adolescent girls and misogynistic content within online incel communities [47,48]. At the
same time, other studies highlight the benefits of positive social media content for well-being,
including community building among individuals with mental health conditions [49], peer support
within self-harm communities [50], and exposure to creative or inspiring content [51]. Together,
this content-focused literature underscores the heterogeneous nature of social media
experiences, as the same amount of screen time or the same activity can expose users to content

with vastly different psychological implications.

Other dimensions of social media use

Beyond activities and content exposure, researchers have further dissected social media
use along several additional dimensions, including use heterogeneity across platforms, users’
subjective experiences, contextual factors, and behavioral patterns, each adding layers of
complexity to understanding its relationship with well-being. One line of work focuses on users’
subjective experiences, including measures such as the Digital Stress Scale, which captures
experiences like fear of missing out, information overload, and online vigilance [52], and the Social
Media Mindset Scale, which assesses users’ perceived agency and valence in their own social
media use [53]; both have been shown to predict well-being. Researchers have also emphasized
contextual factors, such as the physical and social settings in which social media use occurs [54],
and their interaction with behavioral patterns, including variability, fragmentation, and burstiness
of use [55,56]. Taken together, these approaches underscore that social media use is deeply
woven into daily life and is inherently high-dimensional, context-dependent, and content-
dependent.

Temporality of social media use and its affective responses is another high-dimensionality
problem in digital well-being research. Social media exposure is not a static quantity but a process
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that unfolds across time. The temporal structure of social media exposure, such as when use
occurs, how it clusters across the day, whether effects accumulate gradually or spike and rapidly
recede, is a substantive dimension of exposure that existing measures rarely capture fully.
Critically, the effects of social media use on well-being may operate at fundamentally different
timescales: some responses are short-lived and affective, tied to a specific interaction, while
others are long-term and cumulative, reflecting the slow accretion of impacts over months or years.
The temporal complexity of social media exposure means that studies often cannot make explicit
at which temporal level their measures and inferences are operating. The mismatch between the
granularity of exposure measurement and outcome assessment compounds this ambiguity.
Objective behavioral data may capture app opens at the resolution of seconds or minutes, or
aggregate use into daily totals, while well-being is typically assessed at intervals of hours or days,
as shown in Chapter 2. Short-lived affective responses to specific interactions may have already
receded by the time a well-being measure is taken. At the other end of the spectrum, long-term
cumulative effects remain understudied, in large part because tracking participants across months
or years is logistically and financially costly.

Even within the short-term window, the choice of lag structure, as examined in Chapters
2 and 3, introduces assumptions about when effects manifest that may not hold uniformly across
individuals, contexts, or platforms. The present dissertation focuses on short-term within-person
associations, but does not resolve the full complexity of temporal dynamics in social media
exposure. This remains an open methodological frontier requiring progress on two fronts: better
measurement tools to align the temporal resolution of exposure and outcome data, and stronger
theoretical frameworks to guide assumptions about the timescales over how social media use
and well-being co-evolve.

In summary, the high degree of context and content dependence of social media use
poses great challenges in studying its impact on well-being. Unlike comparably more discrete
behaviors such as smoking or exercising, social media use is deeply woven into nearly all aspects

6



of daily life and cannot be adequately characterized by a small set of behavioral indicators. For
any individual at any moment, social media use reflects a complex combination of personal
characteristics, platform features, situational context, activities and content exposures, and

emotional or cognitive responses.

1.3 Challenges in digital well-being studies

The mixed findings in the relationship between social media use and well-being also
reflects fundamental methodological and structural challenges in studying social media as a
behavioral exposure. First, causal identification in the study of social media and well-being is
particularly challenging because social media exposure is high-dimensional, rapidly evolving, and
deeply embedded in everyday life. Even when holding time spent constant, individuals may
engage in different activities, encounter different content, and allocate attention in distinct ways,
often within seconds [27,57,58]. Many of these dimensions, such as the content viewed, are
difficult to observe or measure comprehensively. As a result, empirical models may omit important
aspects of the underlying exposure, introducing endogeneity concerns, making it difficult to
identify a stable causal estimand.

Second, the temporal dynamics of social media use further complicate scientific inference.
The potential effects of social media engagement on mental health and well-being are cumulative
processes that unfold over time [59]. Detecting meaningful effects therefore requires modeling
trajectories rather than relying on cross-sectional snapshots [17,60,61]. However, longitudinal
designs are resource-intensive and analytically complex. Moreover, short-term and long-term
effects may diverge. Consistent with theories of hyperbolic discounting [62,63], social media
engagement may provide short-term gratification through news feeds and social interaction, while
potentially conflicting with longer-term goals or aspirations [7,64].

Third, limited access to users’ objective social media behaviors constitutes another

structural constraint in the study of digital well-being. Early research relied primarily on self-
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reported time spent that is vulnerable to recall bias [65,66]. Researchers subsequently sought
objective behavioral data through platform Application Programming Interfaces (APIs), passive
monitoring tools, and data donation packages that allow participants to share account histories
[67,68]. However, access to high-quality objective data remains constrained. Establishing
infrastructure that enables platforms or users to share data with independent researchers has
proven difficult due to privacy and safety concerns, technical limitations, and limited incentives
[69]. Moreover, even when objective behavioral data are obtained, researchers often face a
methodological tension between high-dimensional digital traces and relatively modest sample
sizes, where granular behavioral features can outpace statistical power and theoretical
interpretability. Unlike fields that rely on large-scale population or administrative datasets with
standardized, low-dimensional measures, digital well-being research must navigate a trade-off
between measurement richness and conceptual clarity. Some progress has emerged: the
European Union’s Digital Services Act (DSA) strengthens users’ rights to access their data [24];
academic initiatives are developing large-scale data donation systems [70,71]; and some
platforms have begun collaborating with researchers [72], yet the sustainability and scalability of
the collaborations remain uncertain.

Fourth, analyzing high-dimensional behavioral and content data of social media use
remains challenging in digital well-being research. Although more precise measurement is
expected to clarify the mechanisms linking social media use and well-being, extracting meaningful
signals from complex data is difficult. For example, the Screenomics project captures screenshots
of users’ smartphones every five seconds while the screen is active, producing one of the most
granular forms of behavioral data currently available [73]. As illustrated in their examples,
sequential screenshots may include different platforms (e.g., Instagram, WhatsApp), distinct
content types (e.g., cosmetic advertisements, transportation schedules), and varying interactions

[74]. Systematically coding and interpreting such granular data is conceptually challenging and



analytically demanding. This challenge is similarly reflected in our analysis of objective TikTok
usage in Chapter 3 of this dissertation.

A fifth methodological challenge in digital well-being research concerns the tension
between Type | error control and hypothesis generation in high-dimensional exploratory analyses.
Studies in this domain frequently examine a large number of exposure—outcome combinations,
such as across platforms, app categories, behavioral metrics, and well-being dimensions, as
illustrated by the review in Section 1.2 and the study in Chapter 2. Checking a large amount of
exposure—outcome combinations creates a dilemma. On one hand, testing a large number of
hypotheses simultaneously inflates the risk of false positive findings, making some form of
correction for multiple comparisons necessary. On the other hand, many studies in this domain
are better understood as hypothesis-generating than hypothesis-confirming. Specifically, as
illustrated in Chapter 2, their goal is to identify candidate associations worthy of further
investigation, not to test any single relationship. Applying strict corrections in this context
substantially increases the risk of false negatives, such that associations with small but potentially
meaningful effect sizes may be dismissed as evidence of absence. There is no consensus on
how best to balance these competing demands. Increasing statistical power through larger
samples and pre-registration represent sound practices. However, studies of complex digital
engagement behaviors are resource-intensive, and achieving adequate power to detect small
within-person effects reliably is not always feasible. Interpreting null results in high-dimensional
exploratory analyses therefore requires careful distinction between "no effect" and "insufficient
power to confirm a preliminary signal." The distinction here is analytically non-trivial and remains

underappreciated in the literature.

1.4 Overview of the empirical chapters

The empirical chapters (Chapters 2—4) seek to advance understanding of digital well-being

by addressing several of the methodological and conceptual challenges outlined above. Chapter
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2 advances the measurement of social media use by introducing a scalable approach, using user-
shared screenshots of device screen time dashboards, to collect objective, app-specific
behavioral data. Drawing on these app-level metrics, Chapter 2 examines how platform-specific
usage patterns relate to well-being outcomes within an EMA study of adolescents. Chapter 3
further extends objective measurement by incorporating TikTok data donation packages
alongside screenshot-based app metrics. More importantly, Chapter 3 moves beyond identifying
specific types of use as risk factors to investigate a broader psychological process that may
underline different types of social media use. Chapter 3 conceptualizes social media engagement
as a series of momentary goal pursuit episodes and examines whether goal awareness and goal
strength predict subsequent experiences and well-being. Finally, Chapter 4 examines digital well-
being practices from the platform perspective. While policymakers and scholars frequently debate
platform responsibility, systematic documentation of platform-initiated well-being efforts remains
limited. In Chapter 4, | conduct a large-scale content analysis of public announcements from
seven widely used social media platforms, analyzing the claims, design features, target harms,
and evaluation plans articulated by the platforms themselves. Together, these chapters advance
research on social media and well-being at three levels: improving behavioral measurement,

identifying cross-cutting psychological processes, and documenting institutional practices.
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Abstract

The debate on how social media use influences adolescent well-being is mostly based
on self-reports of social media use (SMU). By collecting data and screenshots donated from 374
Swiss adolescents (Mean age= 15.71; SD age=0.82) over 2 weeks, we created “Appnomes” —
app-specific usage metrics on screentime, number of activations, and number of notifications
per participant per day, and associated them with daily hedonic and eudaimonic well-being.
Longer TikTok time predicted lower eudaimonic well-being (standardized coefficient  =-0.08)
but higher positive emotions (B =0.06) the next day. In practical terms, a one standard deviation
(SD) increases in TikTok use (approximately 39 minutes above an individual’s typical daily use)
was associated with a 0.08 SD decrease in eudaimonic well-being the same day and 0.06
standard deviation increase in positive emotions the next day. Longer use of WhatsApp
predicted negative emotions (3 =0.06, one SD=30 minutes above an individual’s typical use)
while more screen activations for WhatsApp predicted greater feelings of connection (p =0.08,
one SD=17 activations above an individual’s typical levels). Instagram notification was positively

related to increased feeling of focus (f=0.06, one SD=12 notifications above an individual’s

11



typical levels) the next day. YouTube screen unlocks predicted more feelings of meaning
(B=0.07, one SD=2 activations above an individual’s typical levels) the next day. More Snapchat
notifications predicted less relaxed, less competent, and less positive emotions (with -0.07 < 3 <
-0.06, one SD=8 notifications above an individual’s typical levels) the next day. Results pointed
towards minimal or no effects, challenging the moral panic on the detrimental impact of social

media use on teens well-being.

2.1 Introduction

In the recent decade, adolescents represent the fastest-growing demographic of social
media users. In 2022, the time spent online by U.S. adolescents doubled, compared to 2014-15,
with 95 % of teens using YouTube, 67% TikTok, 62% Instagram, and 59% Snapchat [75]. A similar
trend can be found in Switzerland, where 99% of 12 to 19-year-olds own a smartphone, 95% use
instant messaging apps, and 91% use social media sites, with Instagram, YouTube, Snapchat,
and TikTok being the top ones [76]. Along with the increased use of social media, mental health
problems are also rising among adolescents. Studies found that life satisfaction is lowest among
individuals aged 15-24 years old in most of the world's regions [77]. In 2021, almost half of U.S.
teens felt persistently sad or hopeless, and one-third reported poor mental health [78], while about
37% of Swiss teens experienced mental health problems [79]. Moreover, adolescence is the time
window of developmental sensitivity to the negative well-being outcomes of social media [59]. As
stated in the U.S. Surgeon General Advisory on Social Media and Youth Mental Health [17] and
the update of the Digital Services Act in early 2024 [24], parallel trends of rise in adolescents’
mental health problems and social media use ring an alarm bell for our society. Hence, exploring
the impact of social media and smartphone use on adolescent well-being — with objective social
media data - is increasingly vital to provide robust results beyond cross-sectional data and self-

reported measures, and inform policymaking.
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Despite some compelling studies [20,80,81], the (bi)-directional relationship between
social media use (SMU) and adolescent well-being remains debated. In the release of the U.S.
Surgeon General stated that “there are ample indicators that social media can also have a
profound risk of harm to the mental health and well-being of children and adolescents” (p. 4) but
called for more research using advanced methodologies to disentangle both negative and
(understudied) positive effects of social media use on adolescents’ well-being [17]. So far, the
literature on social media use and adolescent well-being includes many systematic reviews and
reviews of reviews [27,28,82], and an emerging trend of intensive longitudinal studies using
Ecological Momentary Assessments (EMAs) [54,83—-85], and, in some rare cases, trace data
[85,86]. The consensus among previous studies is that the extent of social media use has a
negative but very small impact on adolescents’ mental health [27,28], but mechanisms behind the
association need to be further examined.

In the sections below, we present a review of the four perspectives for advancing studies
on social media use and adolescent well-being and discuss how the current study will incorporate

these perspectives.

Current objective social media data collection

Central to the debate between social media use and well-being is identifying how activities
on social media affect well-being, a task complicated by the idiosyncratic nature of social media
use behavior. Current self-reported measures of social media time are inadequate as they fail to
capture different activities and are often underreported [87] or distorted by users [88], and are
only moderately correlated with objective metrics [89]. Therefore, granular and accurate data on
users' social media activity are essential to unpack the detailed mechanisms between social
media use and adolescent well-being. The European Union’s DSA, effective February 2024, is a
significant advancement that mandates platforms to share data on platform design and operation
through appropriate interfaces with researchers [90] in future studies. Although some US states
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have pilot programs [91], similar comprehensive legislation is lacking in other global regions,
making collecting objective social media data for empirical research challenging.

Objective social media data are activity records as processed or saved through an online
environment [92] and can be collected using APIs, app data donation, and passive sensing, but
each of these approaches is often hampered by various challenges [67]. First, data from APlIs are
constrained by content limitations to protect user privacy, removing most identifiable information,
such as the user demographics. This leads to the second limitation: it is difficult to link social
media use data requested from API to well-being and mental health outcomes, which are mostly
measured through self-reports [67,93]. Third, data from API are subject to rate limits and platform
policy changes. For example, the Twitter Academic APl and Reddit Pushshift API, once free to
access for academic research, were both gated with subscription fees in 2023 [94,95].

Another option is using Data Donation Packages, archives of social media platforms that
each user has the right to download. In both Europe and the United States, social media platforms
are legally mandated to share user trace data with their users. However, challenges remain at
both the data collection and analysis stages, and privacy issues. A low compliance rate has been
reported for these kind of studies [68], and analyzing the content of data donation packages is
often complicated by the frequent changes in infrastructure implemented by social media
platforms [68].

Passive sensing apps like EARS and Ethica (now Avicenna) collect data on screen state
and battery status from smartphones without the user's active input [96]. However, most sensing
apps only collect overall screen time, and only a few Android-specific sensing apps can track the
exact screen on and off times by app [97]. To partially overcome these limitations, the Human
Screenome Project proposes Screenomic analysis, capturing smartphone screenshots every 5
seconds while the user is actively using the device [74]. While this method offers detailed data,
this approach can be highly intrusive and increases privacy risks [98], especially for underage
users. In addition, high-frequency data collection generates a vast amount of image data,
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requiring substantial computational effort, and posing challenges in deriving meaningful
measurements from the images.

In summary, collecting objective and specific data on teen smartphone usage and social
media use at scale, while adhering to international regulations and minimizing privacy invasion
among underage populations, presents significant research challenges. The current study
introduces a novel method for collecting objective social media data from adolescents using user-
donated screenshots to track specific app usages on smartphones. Reflecting the concept of
screenomes, which records sequences of digital screen states, we developed "Appnomes"—
metrics that measure app-specific screen time, number of activations, and number of notifications
per participant per day, derived from user-donated screenshots. Appnomes encapsulate the body
of app-specific usage information collected in this manner. For more detailed information on the
methodology for collecting and analyzing user-donated screenshots, please refer to a previous

study by our team [99].

Between- and within-level analysis in social media use and well-being

The effects of social media use on adolescent well-being are person-specific and highly
heterogeneous [81], necessitating both between- and within-level analyses to capture the
underlying complexity [20]. Intensive longitudinal designs such as EMAs enable multilevel
modeling, where each survey assessment (level one) is nested within participants (level two) [61].
In multilevel modeling, the between-level analysis examines intergroup relationships, while within-
level analysis focuses on intragroup levels, examining how social media use predictors at different
times are associated with the well-being of the same individual [100] (e.g., N=1 approach [20]).

Multilevel modeling in social media use and well-being studies enable researchers to
compare how between- and within-person level associations differ. Beyens et al. [81] found no
significant average within-person effects between active and passive social media use and well-
being, yet observed substantial heterogeneity with some adolescents experiencing positive
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associations between active use and well-being effects and others experiencing negative
associations. Moreover, the association varied among adolescents with 44% feeling no change,
46% feeling better, and 10% feeling worse after passive SMU. Orben et al. [101] analyzed data
from seven waves of a UK national survey, noting small negative between-level associations
between social media use and life satisfaction, but not at the within-person level. Other studies
have reported differences in the between- and within-level analysis results [54,85,102,103]. A key
challenge in this approach is its inability to support inferences from an individual to a targeted
population. Therefore, scholars advocated for principles to quantify, interpret, and explain
variation in average within-person effects [104]. These findings indicate that simply focusing on
between-level analyses can obscure important individual dynamics. Therefore, both within- and
between-level analyses, combined with longitudinal designs, should be conducted in studying

social media use and well-being.

Temporal dynamics of social media use and well-being

Recent discussion in research has emphasized the temporal dynamics of the association
between social media use and well-being, exploring the "delayed effects" where social media use
at one time point relates to well-being later. For example, a study [105] with 89 young adults found
that passive Facebook usage was related to reduced lagged affective well-being two hours later.
Another experience sampling study found that social media use was positively associated with
perceived uncertainty at the same measurement occasion, but not at the subsequent
measurement occasion, suggesting a short-lived relationship [106], suggesting a transient
relationship. Marciano et al.[85] found that frequent smartphone use significantly predicted
improved well-being the day after, and this effect size shrank at three days and returned to near
zero at seven days. These studies underscore the temporal dynamics, suggesting that the

potential of social media use on well-being are transient.
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However, determining the appropriate time unit for longitudinal studies analyzing the social
media use and well-being relationship—minutes, hours, days, or months—remains challenging.
While exposure to social media can triggers neural reactions within seconds [107], most EMA
studies collect data from the previous hours or the current day, and cohort studies, like those by
Orben et al. [101], aggregate associations over even longer periods. Indeed, panel studies that
track participants for months or years may not account for these temporal dynamics, potentially
biasing study interpretations. This mismatch in time intervals, between the rapid neural responses
and the feasible measurement intervals in observational studies, leaves unresolved questions
(e.g., how effects can accumulate and interact through time?). Ephemeral associations (effects
lasting only a few minutes) may not be captured, while longer-term associations (effects over
several years) remain unexamined. More empirical data is needed to identify these dynamics
across different time scales. In the current study, we examine how social media use is associated

with well-being on the same day and with one- and two-day lags.

App-specific social media components and psychological processes

In examining social media use and well-being, it is essential to recognize that different
apps offer unique features, functions, and content, which result in different user activities and
experience. Studies have distinguished between active usage, involving user interactions, and
passive usage, which focuses on content consumption on social media [18]. Recent research has
identified core components of the social media ecosystem and the psychological processes
related to them, such as profiling with self-presentation, streaming that triggers social comparison,
and networking with receiving social support [108].

Different social media apps emphasize these components to varying degrees. For
instance, WhatsApp mainly provides channels for networking and messaging, TikTok is more on
providing streaming through short videos, while Facebook and Instagram blend these
components. This variation in emphasis leads to differing psychological processes, and
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subsequently, distinct relationships between platform use and well-being across different apps.
For example, during COVID-19, a cross-sectional study found that passive Facebook use was
linked to decreased well-being through social comparison, active Instagram use was associated
with enhanced life satisfaction via social support, while TikTok had no significant impact [109].
Another EMA study has shown that both Facebook and Instagram use predicted increased social
comparison, lower self-esteem, and negative affect [110]. Additionally, a two-wave panel survey
found perceived information overload in YouTube among adults, in WhatsApp and Snapchat
among older adults, but not in Facebook or Instagram [111]. Another experimental study found
no significant differences in subjective well-being between active and passive uses of Instagram,
Facebook, or Twitter [112]. Most of these studies targeted adults, yet there is evidence that
adolescents use Facebook less and prefer TikTok and Instagram more than adults [75]. Together,
these studies emphasize the importance of moving beyond general metrics of social media use
to focus on specific apps, especially among adolescents. Moreover, rather than merely focusing
on specific social media platforms, studying the app-specific use with well-being facilitates
identifying unique platform features and underlying psychological processes, which further
supports the study of psychological mechanisms between social media use and well-being.

Our research also explores the relationship between gaming apps like "Clash of Clans"
and "Pokemon Go," and well-being, that are less studied than social media apps in existing
literature. Previous studies have undermined the idea that video gaming harms mental health,
showing minimal evidence of harm and, in some cases, noting benefits such as stress reduction
[113-115]. Digital games may meet various psychological needs, such as identification, social
interaction, and escapism, linked to improved hedonic, eudaimonic, and social well-being [115].
Yet, research also shows a significant negative impact of problematic gaming on adolescents'
mental and psychosocial health [116,117]. Given that adolescents spend as much time gaming

as they do using social media [118], and both activities engage similar psychological processes,
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there is a strong case for comparing the impact of gaming apps and social media apps on well-

being.

From ill-being to well-being

Another important perspective for studies on social media use is to move beyond focusing
on ill-being, such as psychopathological symptoms, and shift towards well-being and flourishing
[119]. This shift is important because the absence of ill-being does not necessarily equate to well-
being [120]. Moreover, this transition reflects a broader philosophical change in social media
studies: moving from identifying failures of social media platforms to exploring how platform
designs or user behaviors can promote well-being [30,121].

Responding to the call for a broader perspective, our study adopts the human flourishing
framework to examine well-being as a cornerstone for societal thriving [122]. We focus on hedonic
well-being, happiness or contentment derived from experiencing pleasure and avoiding pain, and
eudaimonic well-being [122], rooted in Aristotle’s concept of self-actualization and meaningful life
purposes. Hedonic well-being includes aspects such as life satisfaction, positive affect, and
negative affect [123]. Theoretical dimensions of eudaimonic well-being include autonomy,
environmental mastery, personal growth, positive relations with others, purpose in life, and self-
acceptance [123]. A study showed how specific social media activities are related to adolescent
flourishing levels, however, only between-person associations have been explored [119]. A recent
meta-analysis summarized the association between social media use and “positive” well-being
indicators finding that hedonic well-being was positively related to communication activities on
social media (Pearson correlation coefficient, r=0.11) and positive online experiences (r=0.21),
problematic social media use (r=—0.13) and social comparison on social media (r=—0.30). While
eudaimonic well-being was only associated with problematic social media use (r=-0.26) [30].
However, included studies were mostly cross-sectional and none used intensive longitudinal data
with social media data collected through screenshots.
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The present study

The present study provides a possible solution to address previous issues on collecting
objective social media data to disentangle the between- and within-person variation, examine the
temporal dynamics, and consider adolescent well-being outcomes in a continuum from ill- to well-
being. Using Appnomes—app usage metrics on screentime, number of activations, and number
of notifications derived from user-donated screenshots—and well-being measures from EMAs,
we applied multilevel modeling to explore between- and within-person associations and answer
the following two research questions: RQ1: How do Appnomes relate to well-being at the
between- and within-person level? RQ2: Is the relationship between App-specific usage metrics
and well-being consistent over time?

The HappyB study applied an EMA design and collected data on the well-being of 374
adolescents living in Switzerland (Meanage= 15.71; SDage= 0.82, 62.8% female) over two weeks
in Spring 2022. Participants were invited to rate their well-being three times per day (with prompts
at 12 pm, 6 pm, and 9 pm) with questions related to the last two hours. In total, 277 participants
completed 2,273 assessments and uploaded screenshots, achieving a 58.6% compliance rate at
the assessment level. Well-being measures included positive emotions (i.e., happiness,
relaxation, and contentment) and negative emotions (i.e., anger, sadness, and loneliness), while
eudaimonic well-being was related to the engagement in the activities (i.e., feeling “engaged”,
“‘competent”, and “focused”, and feeling that the activities “were worthwhile and meaningful”,
“‘made me feel connected with others”, and “made me feel satisfied”). Answer options were on a
Visual Analogue Scale (VAS) from 0 “not at all” to 100 “A lot”. Participants also donated daily
screenshots of App-specific usage metrics, including the total screentime, number of unlocks, and
number of notifications, for the three most used apps from the previous days. The study received
ethical approval from the IRB of US|, Universita della Svizzera ltaliana, Lugano, Switzerland, and
was supported by the Department of Education, Culture, and Sport of Canton Ticino. Informed
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consent was obtained from all study participants following regulations of the involved institutes in
Switzerland. All data collection and study analyses were performed in accordance with relevant

guidelines and regulations of the involved institutes.

2.2 Method
Data Collection

The HappyB study included the collection of intensive longitudinal data by tracking social
media use and well-being in 374 Swiss adolescents (Mean-age= 15.71; SD-age= 0.82, 62.8%
female) over 14 days in Spring 2022. Note that the target sample size for our EMA was set at 250
participants prior data collection, based on power analysis to achieve 90% power for detecting
small effect sizes (0.1 SD). Students who were in grades 1 and 2 are recruited from 4 high schools
in Switzerland and joined the study between the 7th and the 23rd of March, 2022. Participants
completed a baseline survey and EMAs using the Ethica app (now Avicenna). The timeline of the
HappyB study data collection is shown in Figure A1.1 in the supplementary file. The baseline
survey collected information on the socio-demographic characteristics, while EMAs were
conducted three times daily from Day 1 to Day 14 at 12 pm, 6 pm, and 9 pm via the Ethica App.
EMAs measured self-reported current well-being including hedonic and eudaimonic well-being
assessment. Participants also provided screenshots of phones' settings, showing App-specific
usage patterns including daily usage time, screen activations, and notification counts of used
apps. The example screenshots are shown in Figure A1.2. To collect the objective data on social
media App-specific usage patterns, we ask participants to go to their smartphone’s Settings —
Usage Time, take screenshots of platform usage information from yesterday, and upload it to
Ethica. The platform usage information includes usage time, number of screen unlocks, and

number of notifications.

Well-being measurements
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On a scale of 0-100, participants were asked to report the level of positive emotion
(measured by happiness, relaxation, and contentment), negative emotion (measured by anger,
sadness, and loneliness), eudaimonic activity (measured by the feeling engaged, competent, and
focused), and eudaimonic well-being (measured by feeling meaningful, connected, and satisfied)
in the previous two hours. The well-being measures were collected three times per day in the
study period and averaged into daily measures in the downstream analyses. The distributions of
specific and aggregated well-being measures are presented in Supplementary Figure A1.3 and

Supplementary Figure A1.4.

Text extraction from user-donated screenshots

We extract information on App-specific usage patterns, including the total and app-specific
screentime, number of notifications, and number of activations, from the collected screenshots.
For example, in Supplementary Figure A1.2 (A), we extract the following information for an
individual: a total screentime of 278 minutes (4h 38m) from the previous day, with 63 minutes
from Chrome, 53 minutes from Office, and 47 minutes from YouTube. Similarly, in Supplementary
Figure A1.2 (B), we extracted: a total of 157 screen activations happened the previous day, with
44 activations due to WhatsApp, 19 activations for Mobile FFS and another 19 activations for
Photomath.

We developed a pipeline to extract details on total screen time, number of activations, and
notifications for the top 3 apps from screenshots. The text extraction pipeline incorporates image
preprocessing, Tesseract Optical character recognition (OCR), text translation, and post-
processing [99]. OCR is a method to convert texts from images into machine-encoded text. We
applied OCR to transfer the objective social media usage data from the screenshots to text. Then,
we conducted post hoc heuristic correction of the extracted texts, correcting the extracted app

names based on a database of app nhames using edit distance.
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To evaluate the accuracy of our text extraction, we randomly selected a total of 600
screenshots, with 100 each for iOS/Android screen time, activation, and notification, and
annotated them manually to establish the ground truth. For example, the ground-truth labels for
Figure A1.2 (C) are: 347, “WhatsApp”, “267”, “TikTok”, “24”, “Instagram”, and “17”. In general, we
generated 7 measures for each screenshot, including the total screentime/count, app name for
the app with the 1st screentime/count, screentime/count for the 1st app, app name for the app
with the 2nd screentime/count, screentime/count for the 2nd app, app name for the app with the
3rd screentime/count, and screentime/count for the 3rd app. We evaluate the pipeline's
performance based on the accuracy rate—the percentage of screenshots where extracted text

precisely matched the ground truth, with the results shown in Supplementary Table A1.1.

Appnome construction

To establish App-specific usage patterns for each participant, we generated an Appnome
that displays daily screen time, activation count, and notifications per app and app category
across the study period. In this study, we constructed the Appnome by the top 6 Apps with the
highest average rank in screen time, number of activations, and number of notifications, including
TikTok, WhatsApp, Instagram, YouTube, Game apps, and Snapchat, in the downstream analyses.
Note that we aggregated all game apps into the general Games category in the app-specific
analysis. Using the text extracted from screenshots, we created an Appnome for each participant,
detailing daily screen time, notifications, and activations for the top three apps. This is visualized
for each participant, as illustrated in Figure 1.1. We also describe the distribution of person-level
average screentime, number of activations, and number of notifications in Figure 1.2.

Before downstream analyses, we applied a series of filters to ensure the data quality. We
preprocessed the text extracted from the screenshots at both the screenshot and participant level.
At the screenshot level, we dropped screenshots without total counts, removed screenshots
without the name of the first app, excluded screentime screenshots with total screen time or app-
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specific screentime exceeding 20 hours (1200 minutes), dropped screenshots with the total
screentime (or counts) smaller than the sum of the screentime (or count) of the top three apps,
and removed screenshots with the screentime (or counts) of the first app smaller than the
screentime (or counts) of the second app as well as the third app, as these scenarios could
indicate a measurement error, such as the participant submitting a weekly instead of a daily view,
or an error with the text extraction pipeline. At the participants level, we kept participants that had
at least 2 days of observations with both the App-specific usage patterns and the well-being
outcome measures. In the filtered sample, we have 1,151 assessments from 151 people for
screentime analysis, 1,105 assessments from 150 people for activation analysis, and 1,357

assessments from 191 people for the notification analysis.
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Figure 1.1 An example of Appnome on the screentime (A), number of activations (B), and number of notifications (C), of one
female (1) and one male (2) study participant in the HappyB study
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Note: The figure shows the App-use features of one female adolescent and one male adolescent in the study. Study participants uploaded daily
screenshots from their cellphone settings, detailing App-specific screen time, unlocks, and notifications throughout the study period. Image
processing and OCR techniques were employed to extract text from these screenshots.
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-- As shown in (A-1), the female adolescent spent most of the screen time on TikTok and Instagram in almost the entire study period. As shown in
(B-1), most of the screen unlocks comes from activating WhatsApp. As shown in (C), the adolescent received more than 150 notifications from
WhatsApp daily and less than 100 notifications from Instagram daily in the study period.

-- The male adolescent has a different app-use feature compared to the female participant. As shown in (A-2), the male adolescent spent more
than 1000 minutes using YouTube in the observed days. The adolescent also spent some time on Instagram and Game Apps. As shown in (B-2),

most of the Screen unlocks comes from activating Instagram, WhatsApp, and YouTube. As shown in (C-2), the adolescent received notifications
mainly from WhatsApp in the study period.



Between and within-level analyses on app usage and well-being

First, we conducted a between-level analysis by calculating partial correlations between
the average well-being score of the participants and the average app usage across study periods,
adjusting for age and gender (Figure 1.3). The Bonferroni correction is conducted to correct for
multiple hypotheses testing. For example, regarding positive emotion with app-specific
screentime, six regression models are fitted to test competing hypotheses, thus the level of
confidence is 0.05/6 = 0.0083.

Then, we analyzed well-being outcomes (positive and negative emotions, eudaimonic
activity, and eudaimonic well-being) and app usage features at level one (days), nested within
individuals at level two, with the Ime4 package in R (4.2.1) software [124]. Using mixed linear
models, we explored within-person variations in well-being outcomes (Y) and App-specific
features (X) of the same day, adjusting for well-being outcome of the previous day(Y+1), age,
gender, and school, with days as level one and individuals as level two. For example, positive
emotion (y1) -- screentime of Instagram (x1) is one pair of well-being outcomes — App-use feature
predictors. In total, we have 288 pairs of such outcomes (12 outcomes and 4 aggregated
outcomes) and predictors (3 features per app for 6 Apps), that we fit mixed linear models on. For
each well-being outcome and App-use feature, we adjust the P values by P_adjusted =
P_unadjusted * 6 to control for multiple hypotheses testing. The coefficient estimates that are
significant after the Bonferroni correction are marked with * and highlighted in bold.

For each outcome and feature pair, we fitted two linear regression models, one with a
random intercept, and one with a random intercept and a random slope. We then conducted
likelihood ratio tests comparing the two models to select the model that provides a good fit and is
more parsimonious. The App-specific usage features were person-mean centered in the mixed
linear models, with the random intercept models specified as:

Wellbeingy; = Bo; + B1AppFeturey; + B,Wellbeing;_q1y; + BsAge; + PaGender; + psHighSchool;
+ ey
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Boi = Yoo + Hoi

And the random slope random intercept model is specified as:

Wellbeingy; = Bo; + BriAppFeaturey; + fy;Wellbeing._q1y; + f3Age; + PsGender;
+ BsHighSchool; + ey;
Boi = Yoo T Koi

B1i = Y10 + My

The mixed linear model results are presented in Table 1.1, zooming in on the relationship
between the four aggregated well-being outcomes, positive/negative emotion and eudaimonic
activity/well-being, and App-specific usage features. In addition, the correlation between App-
specific usage features and individual well-being measures, such as sadness and feeling satisfied,
are presented in Figure 1.4 (presenting results for TikTok, WhatsApp, and Instagram) and

Supplementary Figure A1.5 (presenting results for Games Apps, YouTube, and Snapchat).

Same-day and 1-, and 2- day lagged within-level analyses on app usage and well-being
Next, we extended the same-day analysis to 1- and 2-day lagged analyses to test intra-
individual relationships between well-being outcomes and App-specific usage features using
multilevel modeling. Similar to the same-day analysis, we conducted Bonferroni correction for
multiple testing. The 1-day lag random intercept model is specified as:
Wellbeingy; = Bo; + B1AppFeture_qy; + B, Wellbeing_1y; + B3Age; + BoGender;
+ fsHighSchool; + ey;

Boi = Yoo + Hoi

And the 1-day lag random slope random intercept model is specified as:
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Wellbeingy; = Bo; + BriAppFeature_qy; + Bo;Wellbeing_qy; + P3Age; + BoGender;
+ BsHighSchool; + e;;
Boi = Yoo + Hoi
Bii = Y10t Hai
The results comparing the same-day, 1-day, and 2-day lagged multilevel models for TikTok,
WhatsApp, and Instagram are presented in Figure 1.5, and the results for Games Apps, YouTube,

and Snapchat are presented in Supplementary Figure A1.6.

Attrition analysis

We remove participants from data analysis if the participant completed less than 2 assessments
across the entire study period. We conducted hypotheses testing to examine whether people
dropped from the study have significant differences in demographic characteristics, App-specific
usage features, and well-being outcomes. Analysis of Variance (ANOVA) and Chi-squared test
were applied to check whether group means and frequencies were significantly different. The
results of the attrition analysis are presented in Supplementary Table 3. Given the attrition we
observed in our study, we also conducted a power analysis for the multilevel modeling using the
mimpower package in R[125]. Based on the observed data, the intraclass correlation coefficient
(ICC) ranged from 0.45 to 0.6, and variance explained by the fixed effects of Level 1 and Level 2
predictors were around 0.003 and 0.0035, respectively. The estimated power results show that
with n_between=150 and n_within=7, the power estimates for the app-specific usage variables
ranges from 0.66 £ 0.07 to 0.75 + 0.06, and with n_between=150 and n_within=10, the power
estimates ranges from 0.80 + 0.08 to 0.88 + 0.07. We discussed the attrition issue in the
Limitations section above. The data and code for replication can be found in the Open Science

Framework (OSF) page here.
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2.3 Results
Individual “Appnome”

Using text extracted from user-donated screenshots, we constructed individual
“‘Appnome”, summarizing total and top three apps’ metrics for each dimension (screentime,
unlocks, and notifications) for each user across the study period. For the current analyses, we
selected the top 6 social media Apps with the highest average rank in screen time, number of
activations, and notifications for the analyses in this paper. Figure 1 (A-1, B-1, and C-1) shows
the Appnome of one female participant who primarily used WhatsApp, TikTok, and Instagram.
She spent 36-161 minutes on Instagram and 21-99 minutes on TikTok daily, unlocked her
smartphone 8-23 times for WhatsApp, and received 136-342 WhatsApp notifications and around
50 Instagram notifications during the study. Figure 1 (A-2, B-2, and C-2) displays the Appnome
of one male participant, who predominantly used WhatsApp, YouTube, and some Instagram. His
daily YouTube screen time ranged from 130 to 330 minutes, with around 10 times of activations

each for YouTube and Instagram, and 332 WhatsApp notifications on a Wednesday.

Between-person level app usage characteristics

Figure 1.2 and Table A1.2 show that females primarily used TikTok, averaging 78.19
minutes (SD=62.33 min) daily, followed by Instagram (mean=37.89 min, SD=38.13 min) and
WhatsApp (mean=36.99 min, SD=33.92 min). Males used YouTube the most, averaging 44.27
minutes (SD=53.94 min) daily, followed by Instagram (mean=27.85 min, SD=30.38 min),
WhatsApp (mean=25.11 min, SD=29.37 min) and TikTok (mean=24.93 min, SD=47.46 min).
Females spent significantly more time on TikTok than males (P<.001), while males spent
significantly more time on YouTube than females (P=.001). WhatsApp accounted for the most
screen unlocks, with average unlocks of 33 (SD=26) for female and 23 (SD=23) for male daily.
Both females (mean=114 times, SD=78 times) and males (mean=107 times, SD=113 times)

received the most notifications from WhatsApp, followed by Instagram.
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Between-person level correlation between app usage and well-being

We examined the partial correlation (controlled for age and gender) between the app-
specific usage and the same day well-being outcomes at the between-person level. Figure 1.3
reveals that longer TikTok screentime (r=-0.15), more Games Apps activation (r=-0.21), and more
Snapchat notifications (r=-0.12) correlated with lower positive emotion. Conversely, longer screen
time (r=-0.12) and more notifications (r=-0.12) on YouTube were linked to lower negative
emotions. None of the correlations were statistically significant following Bonferroni correction

(p<.008).

Within-person level correlation between app usage and well-being
We conducted multilevel analyses, with time at level one and participant at level two,

controlling for age, gender, school, and the previous day's well-being outcome (the autoregressive)
to account for within-person variations, for each pair of app-specific usage and well-being
outcomes. Table 1.1, Figure 1.4 and Figure A1.5 present the standardized and unstandardized
correlation between app-specific features and well-being outcomes. As shown in Table 1.1, after
Bonferroni correction, most correlations are not statistically significant. However, several features
of apps like TikTok and WhatsApp show significant associations with well-being. For statistical
significance, we set the threshold at p<.008 (0.05/6), accounting for 6 competing hypotheses for

each pair of well-being outcomes and app features.
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Figure 1.2. The distribution of person-level average screentime (A), number of activations (B), and number of notifications (C)
by gender in the HappyB study
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Note: The figure presents the distribution of the person-level average App-use features. Study participants uploaded daily screenshots from their
cellphone settings, detailing app-specific screen time, unlocks, and notifications throughout the study period. OCR techniques were employed to
extract text from these screenshots. Utilizing the extracted text, we calculated the average app-use features for each participant and depicted the
distribution of these averages among the study participants in a violin plot.
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Figure 1.3. Correlation between average screentime (A), number of activations (B), and number of notifications (C) of selected
Apps and average hedonic and eudaimonic well-being in the between-person level in the HappyB study
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Note: The figure presents the partial correlation of the between-person level well-being outcomes (Y) and App-use features (X) adjusting for age
and gender. For instance, the average score of positive emotion (y1) and screentime on Snapchat (x1) are calculated for each person. The partial
correlation coefficient between y1 and x1 is then estimated among the study participants. Bonferroni correction is conducted to correct for multiple
testing (adjusted P value threshold = 0.05/#=0.0083, where #=6). None of the correlation coefficients are significant statistically after the
correction.
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Table 1.1. Mixed linear model results on the standardized associations between screentime, number of activations, and
number of notifications and hedonic/eudaimonic well-being in the HappyB study

Positive Emotion Negative Emotion Eudaimonic Activities Eudaimonic Well-being
Coef SE P VPC Coef SE P VPC Coef SE P VPC Coef SE P VPC
Screentime by App

Games 0.01 0.02 0.677 0.34 0.02 0.02 0.324 0.21 -0.04 0.02 0043 046  -0.03 002 0254 0.36
Instagram 900 0.02 0.980 0.33 0.02 0.03 0549 1.00 -0.03 0.02 0.155 046  -0.02 0.02 0423 0.36
Snapchat 001 0.02 0712 0.33 0.02 0.02 0495 020 -0.02 0.02 0474 045 -0.02 0.02 0417 0.35
TikTok -0.04 0.02 0.044 0.33 0.03 0.02 0258 021 -0.04 002 0.037 044  -0.08 0.02 0.001* 0.35
WhatsApp 904  0.02 0.075 0.31 0.06 0.02 0.008* 0.19 0.00 0.02 0.882 045  -0.01 0.02 0607 0.35
YouTube 0.03 0.02 0178 0.33  -0.01 0.02 0.702 0.19 0.00 0.02 0.941 046  -0.03 0.02 0206 0.37
Activation by App

Games 0.00 0.03 0.907 0.17 0.00 0.03 0.903 099 -002 0.03 0472 026  -0.04 0.03 0108 0.21
Instagram  -0.01 0.03 0.763 0.16 0.02 002 0503 037 -003 0.03 0335 025 -0.01 0.03 0817 0.22
Snapchat  0.02 0.04 0587 0.98 0.01 0.02 0.840 0.38 0.01 0.03 0.596 0.25 0.02 0.03 0.528 0.21
TikTok -0.03 0.03 0.238 0.17 0.01 002 0712 039 -003 0.03 0.325 026 -0.02 0.03 0429 0.21
WhatsApp ~ 0.02 0.03 0.363 0.16 0.00 0.03 0.990 0.37 0.02 0.03 0.359 0.25 0.07 0.03 0.013 0.19
YouTube 0.03 0.03 0211 017  -0.05 0.03 0.030 0.38 0.04 0.03 0.119 0.25 0.00 0.03 0.947 0.21
Notification by App

Games 0.01 0.03 0.691 0.39 0.03 0.04 0456 0.69 0.02 0.03 0464 045 0.00 0.03 0924 0.37
Instagram  0.04 0.02 0.053 0.37  -0.04 0.03 0.241 1.00 0.03 0.02 0.110 0.43 0.02 0.02 0437 0.35
Snapchat  -0.01 0.02 0.486 0.34 001 002 0750 025 -0.03 0.02 0.144 042  -0.04 0.02 0105 0.35
TikTok 0.00 0.02 0958 0.37 0.06 0.02 0.003* 0.26 0.00 002 0.827 043  -0.02 0.02 0455 0.36

WhatsApp -0.03 0.02 0.281 1.00 0.04 0.02 0.044 0.23 -0.03 0.02 0.103 0.42 -0.02 0.03 0.386 1.00
YouTube -0.01 0.02 0.656 0.36 0.00 0.02 0.879 0.23 0.04 0.02 0.078 0.43 0.02 0.02 0.457 0.36

Note: The Table shows the standardized relationship between well-being outcomes (Y) and the App-specific features (X) of the same day from
mixed linear models, adjusting for the well-being outcome of the previous day, age, gender, and school in each model, with time (each day) as
level one, and adolescents as level two. Well-being outcomes are collected from self-reported questionnaires, and App-specific features are
derived using the text extraction pipeline from the cellphone screenshots of the setting pages uploaded by users, both within the same EMA study.
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-- For example, positive emotion (y1) -- screentime of Instagram (x1) is one pair of well-being outcomes — App-use feature predictors. We have 72
pairs of such outcomes (4 outcomes) and predictors (3 features per App for 6 Apps).

-- For each of the 72 pairs of well-being outcomes — App-use feature predictors, we fit a random intercept model and random slope model. We
apply the likelihood ratio test to select the best model following the parsimonious rule. We report the estimated coefficients, standard errors, P
values, and the Variance partitioning coefficients (VPC) of each model in Table 1.1.

-- Bonferroni correction is applied to account for multiple testing. For each well-being outcome and App-use feature, we apply an adjusted
threshold for the P values. For example, regarding positive emotion with screentime, six regression models are fitted to test competing
hypotheses, thus the P value threshold for statistical significance is adjusted by 0.05/6 = 0.0083. The coefficient estimates that are significant after
the Bonferroni correction are marked with * and highlighted in bold.
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Figure 1.4. Forest plot of the mixed linear models results on the associations between TikTok, WhatsApp, and Instagram
screentime, number of activations, and number of notifications and hedonic/eudaimonic well-being in the HappyB study
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Note: The Figure shows the unstandardized coefficients and confidence interval between well-being outcomes (Y) and App-specific features (X) of
the same day from mixed linear models, adjusting for well-being outcome of the previous day, age, gender, and school in each model, with time



LE

(each day) as level one, and adolescents as level two. Well-being outcomes are collected from self-reported questionnaires, and App-specific
features are derived using text extraction pipeline from the cellphone screenshots of the setting pages uploaded by users, both within the same
EMA study.

-- For example, happy (y1) -- screentime of Instagram (x1) is one pair of well-being outcomes — App-use feature predictors. We have 288 pairs of
such outcomes (12 individual outcomes and 4 aggregated outcomes) and predictors (3 features per App for 6 Apps). Figure 4 shows the results
for TikTok, WhatsApp, and Instagram. The results for Game Apps, YouTube, and Snapchat are presented in Figure A1.5.

-- For each pair of well-being outcomes — App-use feature predictors, we fit a random intercept model and random slope model. We apply the
likelihood ratio test to select the best model following the parsimonious rule.

-- Bonferroni correction is applied to the confidence interval to account for multiple testing. For each well-being outcome and App-use feature, we

adjust the level of significance by 0.05/# of tests (#=6) and the confidence interval based on the adjusted level of significance. The confidence
interval is adjusted by Estimate + gnorm (1 — %) * Standard_error, where #=6.

-- The interactive Plotly version of this plot is available in OSF project in path “/code_and_data_for_replication /within_level”.
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Figure 1.5. Associations of TikTok, WhatsApp, and Instagram usage with hedonic and eudaimonic well-being outcomes on
the same day, the following day (1-day lag), and two days later (2-day lag) in the HappyB study
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Note: The Figure shows the unstandardized coefficients and confidence interval between well-being outcomes (Y) and App-specific features (X) of
the same day, the following day (1-day lag), and two days later (2-day lag) from mixed linear models, adjusting for well-being outcome of the
previous day, age, gender, and school in each model, with time (each day) as level one, and adolescents as level two. Well-being outcomes are
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collected from self-reported questionnaires, and App-specific features are derived using text extraction pipeline from the cellphone screenshots of
the setting pages uploaded by users, both within the same EMA study.

-- Figure 5 shows the results for TikTok, WhatsApp, and Instagram. The results for Game Apps, YouTube, and Snapchat are presented in Figure
A1.6.

-- For each pair of well-being outcomes — App-use feature predictors, we fit a random intercept model and random slope model. We apply the
likelihood ratio test to select the best model following the parsimonious rule.

-- Bonferroni correction is applied to the confidence interval to account for multiple testing. For each well-being outcome and App-use
feature, we adjust the level of significance by 0.05/# of tests (#=6) and the confidence interval based on the adjusted level of significance. The

confidence interval is adjusted by Estimate + qgnorm (1 - %) * Standard_error, where #=6.

-- The interactive Plotly version of this plot is available in OSF project in path “/code_and_data_for_replication /within_level”.



Time dynamics of the associations between app usage and well-being

We also applied multilevel models to explain well-being using app-specific features with one-
day and two-day lags. The unstandardized correlations for the same-day, 1-day, and 2-day
lags are presented for TikTok, WhatsApp, and Instagram (Figure 1.5) and for Game apps,
YouTube, and Snapchat (Figure A1.6). We found that most relationships between app-specific
features and well-being outcomes remained insignificant over the following one or two days,

with the exceptions of Snapchat and TikTok

Specific app usage and adolescent well-being

TikTok. At the between-person level, longer screen time on TikTok correlated with
lower levels of contentment (r=-.18, p=.032), feeling focused (r=-.18, p=.035), feeling engaged
(r=-.17, p=.039), feeling competent (r=-.17, p=.042), feeling connected (r=-.17, p=.044), and
eudaimonic activity (r=-.18, p=.029) across participants, but the associations were not
statistically significant after Bonferroni’s correction. At the within-person level (Table 1.1), time
spent on TikTok was significantly associated with lower eudaimonic well-being (B=-.08,
unstandardized B=-.04, p=.001) on the same day. In other words, one additional minute of
TikTok use corresponded to a .04-point decrease in eudaimonic well-being on a 0-100 scale.
In terms of the standardized coefficient, the finding also means that a one SD increases in
TikTok use (approximately 39 minutes above an individual’s typical daily use) was associated
with a 0.08 SD decrease in eudaimonic well-being the same day. Additionally, increased
TikTok screen time was linked to lower levels of contentment (B =-.07, p=.003), engagement
in daily activities (B =-.06, p=.008), satisfaction (B =-.07, p=.007), and feelings of connection
with others ( =-.10, p<.001) on the same day (Figure 1.4), but increased positive emotion the
following day (B=.06, p=.004) (Figure 1.5). Moreover, TikTok notifications (one SD=2
notifications above an individual's typical level) were associated with increased negative
emotions ($=.06, p=.003) and sadness (f=.07, p=.002) on the same day while TikTok

smartphone unlocks were not significantly associated with well-being.
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WhatsApp. At the between-person level (Figure 1.3), WhatsApp features showed no
statistically significant associations with well-being. At the within-person level (Table 1.1),
longer WhatsApp screentime correlated with increased negative emotion (=.06, p=.008, one
SD=30 minutes above an individual’s typical level), and this relationship diminished to nearly
zero in subsequent day (Figure 1.5). Additionally, WhatsApp smartphone unlocks were related
to a greater sense of connection (=.08, p=.008, one SD=17 activations above an individual’s
typical level), while the number of WhatsApp notifications was not significantly associated with
well-being on the same and following days.

Instagram. At the between-person level, increased Instagram screen activation
correlated to higher levels of anger (r=.21, p=.010) and feeling connected (r=.21, p=.012), and
more Instagram notification was related to enhanced feeling connected (r=.19, p=.010) and
eudaimonic well-being (r=.15, p=.044). However, these relationships were not statistically
significant after Bonferroni’s correction. At the within-person level, Instagram notifications was
positively related to greater feeling of focused ($=.06, p=.006, one SD=12 notifications above
an individual’s typical level) on the following day.

YouTube. At the between-person level, more YouTube smartphone unlocks were
associated with lower feelings of connection (r=-.18, p=.034), and more YouTube notifications
correlated to higher feelings of satisfaction (r=.16, p=.032), though neither association was
statistically significant after Bonferroni’s correction. At the within-person level, on the following
day, more YouTube smartphone unlocks were associated with an increased feeling of
meaningful (8=.07, p=.006, one SD=2 activations above an individual’s typical level); other
associations were not significant statistically.

Snapchat. At the between level, more Snapchat smartphone activation correlated to
lower happiness (r=-.15, p=.043) on the same day, but this was not significant statistically after
Bonferroni correction. At the within level, no significant association was observed between
Snapchat screentime and well-being outcomes on the same day after the Bonferroni
correction. However, on the following day, Snapchat notifications (one SD=8 notifications

above an individual’s typical level) was negatively related to feeling relaxed (=-.06, p=.003),
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feeling content (3=-.07, p=.001), feeling competent in activity (3=-.06, p=.002), feeling satisfied
(B=-.07, p=.001), and positive emotion (B=-.06, p=.005).
Game Apps. No relationship was found at the between-person and within-person level

after the Bonferroni correction.

2.4 Discussion
The current study employs user-donated screenshots to build individual Appnomes —

including different app usage metrics and examines the between- and within-person
relationship with hedonic and eudaimonic adolescent well-being collected through EMAs. The
discussion about the feasibility, ethical and privacy concerns of the user-donated screenshot
and Appnome analysis is presented in another study of our group [99].

According to the Appnome, the most frequently used social media apps were - in order
- WhatsApp, Instagram, TikTok, YouTube, Snapchat, and Game Apps (aggregated from
various game apps). None of the between-person level relationships with well-being was
statistically significant with few exceptions. That aligns with the majority of reviews and meta-
reviews that found small and inconsistent effects [18,19,82]. Exceptions included YouTube,
where notifications were associated with higher levels of feeling satisfied at the between-
person level. Previous studies found a positive correlation between viewing inspiring videos
on YouTube and psychological well-being [51], in addition to watching music and infotainment
content on YouTube [126]. A review found both negative and positive associations between
YouTube use and well-being from both cross-sectional and longitudinal studies [127]. As
YouTube is a video browsing app, users primarily passively consume content. Therefore,
future studies should aim to unpack the relationship between the content on YouTube and
user outcomes. Additionally, at the between-person level, more notifications from Instagram
were associated with higher levels of feeling connected and eudaimonic well-being, and more
screen activations due to Instagram were also related to a higher level of feeling connected.
A previous study found that people who have an Instagram account are less lonely, anxious,

and depressed than those who do not have an account [128]. Our findings suggest that the
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networking component on Instagram may benefit our study participants by providing online
social support and a sense of community [129]. Alternatively, users who have better social
connectedness might be more inclined to use Instagram.

At the within-person level, results indicated both positive and negative small effects
across platforms. As discussed earlier, different apps are characterized by distinct
components, such as profiling, networking, or streaming [58]. This leads users to engage with
them in varied ways and contexts to fulfill different needs, which correspond to different
psychological processes and well-being outcomes. Below, we discuss the findings for each
platform and explore the potential mechanisms associated with each.

At the within-person level, increased screen time on TikTok was associated with
decreased levels of eudaimonic well-being, contentment, and feelings of connection with
others on the same day, but increased positive emotion the following day. As an app that
provides streams of short videos through the “For You” page, users spend more time passively
consuming content on TikTok compared to other social media platforms [130]. Therefore, the
content and user experience on TikTok play a crucial role in shaping well-being outcomes.
According to previous studies, TikTok users report both "enjoyment" and "time distortion" as
well as telepresence (immersion in the world of TikTok) [129]. The enjoyment dimension may
reflect the benefits of engaging, humorous content and online friendships within TikTok [131].
The time distortion and telepresence dimensions suggest that longer TikTok screen time may
serve as an escape from everyday worries, although using TikTok as a coping strategy is
suboptimal and can lead to lower eudaimonic well-being on the same day [81,129]. Moreover,
since this is a correlational study, it's important to consider that stressed adolescents might
use TikTok as a way to cope with their stress [132].

In addition, increased screen time on WhatsApp was related to elevated levels of
negative emotions, which contrasts with previous studies finding that longer time spent on
WhatsApp is positively associated with higher psychological well-being [133,134]. As a
platform primarily focused on networking and messaging components, WhatsApp offers social

support to users but can also increase stress due to information overload or online vigilance,
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leading to different well-being outcomes [52]. This discrepancy can be explained by the fact
that well-being is affected by individual usage modes and experiences with WhatsApp features.
In a previous study, users with more active usage of the read receipt feature reported higher
levels of perceived stress [135]. Also, at the within-person level, we found WhatsApp
activations were associated with an increased feeling of connection, which is likely related to
strengthened bonding social capital [133].

Furthermore, more notifications from Snapchat were not associated with well-being on
the same day but were linked to decreased positive emotion, feelings of competence, and
satisfaction the following day. Snapchat is a social media platform for multimedia messaging,
where people exchange pictures and videos (snaps) that are meant to disappear after being
viewed. In previous studies, high Snapchat use was linked to higher delinquent behaviors,
school avoidance, and more anxiety and stress [136,137]. One potential explanation for the
negative association between Snapchat and well-being is that certain behaviors on the
platform increase social comparison. For example, monitoring ex-partners on Snapchat and
using the Snap Map feature have been associated with increased jealousy in romantic
relationships [137]. Snapchat offers a mix of profiling, networking, and streaming components,
compelling researchers to not only link specific user motivations or activities on Snapchat to
well-being but also focus on the underlying psychological processes in future studies.

Additionally, we did not find a significant association between well-being and usage of
Game apps, measured as an aggregation of various games identified from screenshots.
However, it is important to note that "game apps" are an aggregated category, including
puzzles, card games, adventure games, and action games, among others. Not all game apps
in the app store have social networking aspects. As a result, different types of mobile games
can trigger various psychological responses; some alleviate loneliness and boost achievement,
while others may lead to addiction among adolescents with low self-esteem due to the game's
rewarding nature [138]. Future studies on game apps should ensure a thorough understanding

of the features of the games and conduct more focused analyses accordingly.
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Overall, our results mainly showed small or non-significant associations. That aligns
with the ongoing scientific debate stating that associations might be negligible and speak
against the moral panic on social media and adolescent mental health [18,19]. Besides the
rise of social media, other factors like a broader definition of mental health and greater
awareness of mental health issues could also explain the decline in adolescent mental health
[139]. Previous research has also shown approaches through which social media can benefit
youth mental health [140]. In the current study, though shifting from aggregated social media
use metrics towards within-person variations offers deeper insights into the underlying
mechanisms of social media's impact on adolescent well-being [54,101,141], the small size of
the effects showed that these features are still insufficient to fully capture the social media
behaviors or activities that risk or promote well-being. One practical implication is that
intervening on these features might not have a great effect on well-being.

The fact that many associations were not statistically significant after applying a more
restrictive threshold for significance highlights the importance of adjusting for multiple
hypothesis testing when studying app-specific data. Correcting for multiple testing is essential
to prevent p-hacking and inaccurate results due to chance when exploring a large amount of
data [142]. It bears noting, however, that Bonferroni correction is conservative by design, and
in the context of an exploratory study, this stringency carries a real cost. The correction
substantially increases the risk of false negatives. Specifically, associations with genuine
empirical relevance may not survive the corrected threshold not because they are absent, but
because the study is underpowered to confirm them at this level of strictness. This issue is
particularly consequential given that much research in the social media and well-being domain,
including the present study, is better characterized as hypothesis-generating than hypothesis-
testing. In hypothesis-generating work, the goal is to identify candidate associations worthy of
further investigation, not to achieve definitive confirmation. Therefore, in hypothesis-
generating work, a less conservative significance threshold is more appropriate for flagging
preliminary signals. We therefore suggest that associations in the present study which show

consistent directional patterns across multiple outcomes or platforms, but do not survive strict
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multiple comparison correction, should not be dismissed as pure nulls. Future studies in this
domain would benefit from explicit attention to two design decisions often made implicitly:
whether the analysis sits in a hypothesis-generating or hypothesis-testing paradigm, and
whether the chosen correction procedure is calibrated to the study scope and power
estimation.

Finally, we examined the temporality of within-person associations between app-
specific usage features and well-being. In cases where within-person associations were
almost significant on the same day, most relationships diminished to near zero the following
day. Overall, these results raise an important point concerning the temporality of the effects of
social media [85,106] and underline that these relationships can change over time. We can
speculate that these temporal effects can be due to several reasons. On one hand, the impact
of social media might be cumulative rather than instant. Repeated exposure to certain types
of content or interactions could gradually influence well-being, becoming more apparent a day
later as these effects build up. On the other hand, the feedback from social media, such as
comments and likes, might not be immediately seen but reviewed the next day, thus
influencing well-being once the user has had time to absorb and react to this feedback. These

temporal changes should be considered even when policymakers need to act.

Limitations

The current study has three main limitations. First, the study experienced a relatively
high attrition rate. Only 74.1% (277 out of 374) of the participants who completed the baseline
survey finished at least one assessment and submitted screenshots along with the
assessment among the total 14-day assessments. This attrition rate falls within the slightly
lower range of those reported in existing EMAs [143,144]. Our attrition analysis showed that
the drop-off group and the group with good adherence were generally comparable, except that
female participants were more likely to remain in the sample (Table A1.3). However, despite
the attrition analysis results, the high level of attrition may introduce the issue of missing not

at random, particularly regarding social media use or other socio-demographic characteristics
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that we did not measure. It is also important to note that the attrition analysis was conducted
on demographic and baseline characteristics, but not on the study outcomes themselves as
participants who dropped out are no longer providing outcome data, their well-being
trajectories during the study period remain unobserved. This means that systematic
differences in well-being or social media use between those who remained and those who
attrited cannot be ruled out, and the analytic sample may over-represent participants with
particular patterns of engagement or well-being that differ from those who left the study early.

Second, participants who consistently donated screenshots throughout the study may
differ systematically from those who did not, for example in their engagement with social media,
comfort with data sharing, or general mindset about social media use, introducing a further
layer of selection bias that may limit the representativeness of the analytic sample. Additionally,
the OCR-based extraction of app usage data from screenshots may introduce non-random
measurement error, as recognition accuracy can vary systematically across device types,
operating system versions, and app interface designs, potentially creating uneven
measurement quality across participants.

Third, the observed app-specific usage time from user-donated screenshots is subject
to a missing data problem. Only the top three apps' usage features are observed in the
screenshots; the fourth app and beyond are not. In the current analysis, we assume that the
usage time of an unobserved app is zero. However, this assumption may be incorrect, as the
app could have been used for some time. Beyond this coverage limitation, even for the three
observed apps, the extracted metrics are aggregates that treat qualitatively distinct
experiences as equivalent. Passive browsing and active interaction, or harmful content
consumption and peer support seeking, contribute equally to a screen time total, obscuring
the contextual and content-dependent variation that the broader dissertation argues is central
to understanding social media's effects on well-being.

Fourth, the current study can be improved by considering the reciprocal relationship
between social media use and well-being through advanced modeling approaches such as

cross-lagged models and structural equation models. Additionally, the linear mixed-effects
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models employed here assume linear, additive associations and fixed lag structures, which
may not fully capture nonlinear or dynamic processes inherent to social media use, such as
threshold effects, dose-response relationships, or feedback loops between use and well-being
over time. Given the scope of the current study, we did not conduct these additional analyses,
but we plan to explore these approaches in future research.

Finally, the sample consists of Swiss adolescents recruited from four high schools in
Canton Ticino, and is not representative of the broader adolescent population. Findings may
not generalize to adolescents in other national, cultural, or socioeconomic contexts, and future
research should examine whether app-specific associations with well-being hold across more

diverse populations.

2.5 Conclusion

The current study offers a novel approach to study the relationships between
Appnomes and hedonic and eudaimonic adolescent well-being. Our results highlight the
importance of studying both between- and within-person variations, as well as the temporal

dynamics in the association between social media use and well-being.
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Figure A1.1. Study Design of Chapter 2
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Figure A1.2. Examples of screenshots on number of screentime (A), number of screen unlock/activation (B), and number of

notifications (C)

(A)
4h38m
- o &, - .
O
€ Chiome 1him
0 Office 53:
8 YouTube 47m

74 notifiche ricevute

(B)

13:06 7
< Cerca
< Indietro iPhone
(<] leri, 31 marzo
leri, 31 marzo

4.00:28 157

D EBC

WhatsApp

Mobile FFS

Photomath

Rider

Mostra altro

al 5C ==

Dashboard

1 April

Maost notifications

e WhatsApp 267 received

J" TikTok 24 received

.@ Instagram 17 received




IS

Figure A1.3. The distribution of person-level average positive emotion (A), negative emotion (B), eudaimonic activity (C), and
eudaimonic well-being (D) by gender in the HappyB study
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Note: The figure presents the distribution of the person-level well-being outcomes. Participants completed a daily self-reported survey on hedonic and
eudaimonic well-being throughout the 14-day study period. Positive emotion is measured by the level of Happiness, Relaxation, and Contentment, while
Negative emotion is assessed based on Anger, Sadness, and Loneliness. Eudaimonic well-being is measured by the level of feeling meaningful, connected,
and satisfied. Eudaimonic activity is measured by the level of feeling engaged, competent, and focuses
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Figure A1.4. The radar plot of the hedonic (A) and eudaimonic well-being (B) outcomes by gender
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Note: The figure presents the distribution of the person-level well-being outcomes. Participants completed a daily self-reported survey on hedonic and
eudaimonic well-being throughout the 14-day study period. Hedonic well-being is measured by the level of Happiness, Relaxation, Contentment, Anger, Sadness,
and Loneliness. Eudaimonic well-being is measured by the level of eudaimonic well-being, including feeling meaningful, feeling connected, and feeling satisfied,
and the level of eudaimonic activity, including the level of feeling engaged, competent, and focused.
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Figure A1.5. Forest plot of the mixed linear models results on the associations between Games Apps, YouTube, and Snapchat
screentime, number of activations, and number of notifications and hedonic/eudaimonic well-being
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Note:

-- S-Figure 1 shows the unstandardized coefficients and confidence interval between well-being outcomes (Y) and App-specific features (X) of the same
day from mixed linear models, adjusting for well-being outcome of the previous day, age, gender, and school in each model, with time (each day) as level one,
and adolescents as level two. Well-being outcomes are collected from self-reported questionnaires, and App-specific features are derived using text extraction
pipeline from the cellphone screenshots of the setting pages uploaded by users, both within the same EMA study.

-- For example, happy (y1) -- screentime of Instagram (x1) is one pair of well-being outcomes — App-use feature predictors. We have 288 pairs of such
outcomes (12 individual outcomes and 4 aggregated outcomes) and predictors (3 features per App for 6 Apps).

-- For each pair of well-being outcomes — App-use feature predictors, we fit a random intercept model and random slope model. We apply the likelihood
ratio test to select the best model following the parsimonious rule.

-- Bonferroni correction is applied to the confidence interval to account for multiple testing. For each well-being outcome and App-use feature,

we adjust the level of significance by 0.05/# of tests (#=6) and the confidence interval based on the adjusted level of significance. The confidence interval is
0.05

2%(#-1)

-- The interactive Plotly version of this plot is available in OSF project in path “/code_and_data_for_replication /within_level”.

adjusted by Estimate + gnorm (1 — ) * Standard_error, where #=6.
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Figure A1.6. Associations of Games Apps, YouTube, and Snapchat usage with hedonic and eudaimonic well-being outcomes on the

same day, the following day (1-day lag), and two days later (2-day lag), results from mixed linear models
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Note:

-- S-Figure 2 shows the unstandardized coefficients and confidence interval between well-being outcomes (Y) and App-specific features (X) of the same
day, the following day (1-day lag), and two days later (2-day lag) from mixed linear models, adjusting for well-being outcome of the previous day, age, gender,
and school in each model, with time (each day) as level one, and adolescents as level two. Well-being outcomes are collected from self-reported questionnaires,
and App-specific features are derived using text extraction pipeline from the cellphone screenshots of the setting pages uploaded by users, both within the
same EMA study.

-- For each pair of well-being outcomes — App-use feature predictors, we fit a random intercept model and random slope model. We apply the likelihood
ratio test to select the best model following the parsimonious rule.

-- Bonferroni correction is applied to the confidence interval to account for multiple testing. For each well-being outcome and App-use feature,

we adjust the level of significance by 0.05/# of tests (#=6) and the confidence interval based on the adjusted level of significance. The confidence interval is
0.05

2%(#-1)

-- The interactive Plotly version of this plot is available in OSF project in path “/code_and_data_for_replication /within_level”.

adjusted by Estimate + gnorm (1 — ) * Standard_error, where #=6.



Tables

Table A1.1. The accuracy rate of text extraction in HappyB screenshot analysis

Screenti Screentime Activation Activation Notification Notification
me (I0S) (Android) (10S) (Android) (10S) (Android)

Total screentime/count 0.91 0.93 0.91 0.94 0.95 1.00

APP #1 name 0.98 0.91 0.97 0.99 0.91 0.97

APP #1 screentime/count 0.94 0.87 0.94 0.99 0.89 0.94

APP #2 name 0.90 0.89 0.96 1.00 0.91 0.94

APP #2 screentime/count 0.91 0.88 0.93 1.00 0.91 0.94

APP #3 name 0.89 0.92 0.95 1.00 0.88 0.94

APP #3 screentime/count 0.86 0.87 0.95 0.99 0.89 0.93

(9]

~ Note: The Table shows the measurement-level accuracy rate of text extraction in the HappyB screenshot analysis. The measurement-level accuracy rate is
determined by the proportion of screenshots for which the extracted text matches the ground truth exactly, in terms of measurements such as total screen time,
relative to the total number of screenshots within that category. It's important to recognize that the high accuracy rate observed in the Android activation category

can be attributed to many screenshots in our dataset originating from an older Android version.



Table A1.2. Descriptive analysis for well-being outcomes and app-specific usage

features by gender and age

Gender Age
Male Female vaTue 15 16 17 18 vaTue
(N=56) (N=148) (N=97) (N=72) (N=25) (N=8)
Well-being outcomes
Positive Emotion 63.36 54.32 0.007 57.53 56.52 54.63 47.34 0.551
Negative Emotion 27.34 28.53 0.714 23.89 3215 30.22 40.17 0.009
Eudaimonic Activity 60.86 50.95 0.002 5438 53.09 5196 44.83 0.583
Eudaimonic Wellbeing  57.85 50.09 0.019 52.12 53.68 4796 44.08 0.435
Average Screentime by app
Games 3.44 4.33 0.684 4.08 5.24 1.86 0.85 0.636
Instagram 27.85 37.89 0.168 33,57 3483 36.56 63.56 0.293
Snapchat 0.05 0.19 0.508 0.04 0.24 0.50 0.00 0.459
TikTok 24.93 78.19 0.000 66.51 64.09 70.69 59.13 0.976
WhatsApp 25.11 36.99 0.067 29.59 37.89 50.03 14.46 0.049
YouTube 44.27 17.90 0.001 30.29 20.67 1447 540 0.284
Average number of activations by app
Games 0.49 0.25 0.267 0.28 0.38 0.18 0.12 0.838
Instagram 11.39 15.02 0.338 15.61 1266 11.70 23.98 0.361
Snapchat 0.85 1.40 0.478 1.37 0.90 2.01 1.56 0.684
TikTok 1.18 3.89 0.027 4.28 3.11 1.67 222 0.247
WhatsApp 23.18 32.90 0.082 30.88 30.29 3578 26.83 0.820
YouTube 1.16 0.44 0.061 0.69 0.58 0.17 0.41 0.690
Average number of notifications by app
Games 0.10 0.09 0.962 0.12 0.04 0.19 0.00 0.601
Instagram 5.84 15.93 0.003 12.80 1424 1569 9.72 0.856
Snapchat 7.62 12.17  0.247 10.84 11.38 1249 756 0.961
TikTok 0.33 0.64 0.490 0.52 0.45 1.21 0.17 0.625
WhatsApp 106.83 114.07 0.633 99.93 123.80 13547 97.27 0.19%4
YouTube 2.15 0.72 0.229 1.75 0.53 0.13 0.00 0.594

Note: P-values for outcomes by gender are derived from the t-test, and p-values for the outcomes by

age are derived from ANOVA.
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Table A1.3. Attrition analysis of the current study

Finish <2 Finish 2-10 Finish >=10
assessments assessments assessments Test
(N=169) (N=151) (N=54) Statistics | '2IUe
Mean SD Mean SD Mean SD

Age 15.77 0.83 15.72 0.84 15.60 0.79 0.66 0.519

Female

(%) 53.85 74.35 65.08 7.06 0.029

Games 6.45 36.51 5.31 21.29 4.56 20.12 0.33 0.717

Instagram 51.06 56.74 35.85 48.07 34.76 42.78 1.94 0.144
Screentime Snapchat 0.70 3.94 0.72 7.11 0.24 3.39 1.34 0.263

TikTok 74.24 120.55 66.14 81.55 55.33 72.02 4.28 0.014

WhatsApp 35.52 43.58 36.83 50.94 37.67 49.69 0.07 0.928

YouTube 27.70 42.34 25.85 55.84 26.67 52.10 0.06 0.941

Games 0.45 1.89 0.51 2.65 0.52 2.35 0.01 0.990

Instagram 19.52 21.71 14.37 21.12 14.33 20.07 1.00 0.369
Number of Snapchat 0.30 1.71 1.66 7.45 1.07 4.29 2.16 0.116
activation TikTok 4.52 11.42 4.45 9.33 5.06 9.47 0.83 0.437

WhatsApp 30.18 47.35 32.93 34.67 37.29 34.88 3.29 0.038

YouTube 0.00 0.00 0.77 3.30 0.34 2.21 4.99 0.007

Games 0.26 1.43 0.25 2.22 0.14 1.35 0.88 0.416

Instagram 10.23 18.87 14.89 30.55 12.85 23.97 1.64 0.194
Number of Snapchat 5.67 13.54 12.73 53.63 7.89 22.37 3.14 0.043
notification TikTok 0.00 0.00 0.96 5.58 1.32 6.88 1.46 0.232

WhatsApp 95.08 90.25 122.14 124.44 134.34 141.97 3.25 0.039

YouTube 0.26 1.13 1.91 10.94 2.23 11.56 0.69 0.501

Note: The Table presents the average age, proportion of females, and the average App-specific features among participants who finished less
than 2 assessments, who finished 2-10 assessments, and more than 10 assessments. Analysis of variance (ANOVA) is applied to compare group
means for age and App-specific features, and the Chi-2 test is applied to compare the proportion of females among the three groups.
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Abstract

A key challenge in social media use and well-being research is that social media behaviors
are highly context- and content-dependent. This study therefore examines an underlying
psychological process by conceptualizing social media use as momentary goal pursuit.
Specifically, it investigates how goal awareness, defined as awareness of one’s purpose for using
social media, and goal strength, the degree of motivation to pursue that goal, shape momentary
user experiences and well-being. Using a 7-day ecological momentary assessment (EMA) design
with 266 U.S. adults (six surveys per day; 71.3% response rate), the study integrates self-reported
goals for social media use and well-being outcomes, screentime screenshots, and user-donated
TikTok behavioral data. Within individuals, higher goal awareness and goal strength were
associated with more positive experiences and better well-being, respectively, particularly when
social media use served goals such as coping, entertainment, passing time, or habitual use.
TikTok use showed little behavioral variation by goal awareness and goal strength, except that
users with higher goal awareness skipped videos faster. From pre- to post-EMA, nearly half of

participants reported increases in perceived agency in their social media use and more positive
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experiences. Findings highlight goal awareness as a key process shaping momentary social
media use experiences, while also underscore the need to better capture behavioral signals of

intentional social media use.

3.1 Introduction

Social media has become an integral part of daily life. In 2025, 84% of U.S. adults reported
using YouTube and 71% reported using Facebook [145]. Globally, social media platforms engage
billions of users, with especially high uptake among adolescents [145-147]. Notably, the global
expansion of social media use has coincided with population-level declines in mental well-being,
yet the causal nature of this relationship remains unresolved [17,148]. The global number of
disability-adjusted life-years (DALYSs) attributable to mental disorders increased from 80.8 million
to 125.3 million from 1990 to 2019 [10], with an estimated 5.7% of adults globally suffer from
depression, and suicide remains the third leading cause of death among those aged 15-29 [11].
In light of these trends, a growing body of research has examined whether social media use is
associated with mental health.

When examining the association between time spent on social media and well-being,
systematic reviews and meta-analyses have reported either small, inconsistent, or heterogeneous
effects [18,19,27]. This lack of a clear effect, has led researchers to try and establish clarity on
the association by zooming in on specific types of social media use to identify more fine-grained
behaviors that may be particularly harmful or beneficial. In line with the goal of associating well-
being with more specific social media behavior, prior studies have examined different aspects of
use such as type of use behavior (e.g., active versus passive use, or specific behaviors such as
browsing or posting) [36—38], content exposure (e.g., misinformation, mental health—related
content, online social support, hate speech) [44,45], and the physical or social context of use [54].
We refer to these collectively as type-specific approaches, which are studies that focus on

particular dimensions of social media use, whether defined by time, activity, content, context, or
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platform. Type-specific approach is well suited for identifying dimension-specific risks and benefits
of social media use. However, individuals typically engage in multiple forms of social media use,
shifting across platforms, activities, and contexts constantly. As a result, type-specific approaches
in the study of social media use and well-being may be limited in integrating effects across
different use types to interpret individual-level heterogeneity, and informing feasible interventions
for users, designers, or policymakers that must operate across diverse and evolving types of use.
Yet comparatively little research has focused on identifying insights that generalize across
different types of social media use. Therefore, in this study, instead of subdividing types of social
media use, we adopt a type-independent approach by focusing on the psychological processes
that operate across social media use.

In this study, we conceptualized social media use as a process of momentary goal pursuit.
Inspired by theories of goal pursuit [149-151], we focus on two factors that shape the
effectiveness of goal pursuit in social media use: goal strength, defined as the momentary
intensity of motivation, and goal awareness, defined as users’ conscious awareness of their goals
during use. While both goal strength and goal awareness have been shown to facilitate effective
goal pursuit in other domains [152—154], these constructs, particularly goal awareness, remain
underexamined in social media research. This approach holds promise because in attention-
optimized social media environments [155,156], users’ momentary goals can easily drift during
use, making goal strength and goal awareness central processes for understanding experience
across types of use. In light with these ideas, the present study examines how momentary goal

strength and goal awareness shape social media experiences and well-being.

Social media use and well-being
Despite the common lay perception that social media use is inherently harmful, empirical
research examining the relationship between social media use and well-being has yielded mixed
findings [18,19,27,82]. The mixed findings likely reflect variation in study populations, designs,
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disciplinary approaches, platforms, and outcomes examined [26,83]. More fundamentally, studies
examining different types of social media use face the challenge that individuals rarely engage in
only one type of use. Instead, they routinely move across platforms, activities, and contexts within
short periods of time [74,157,158].

One emerging line of research emphasizes users’ subjective perceptions of their social
media experiences, independent of specific types of social media use [53,159,160]. For example,
research on social media mindsets shows that perceived agency over use (in control vs. out of
control) and perceived valence of its effects (enhancing vs. harmful) are associated with well-
being outcomes [53,160]. Notably, the associations between mindset and psychological distress
are not mediated by specific types of use [53], suggesting that social media mindsets represent
psychological states that may generalize across different types of social media use. Building on
social media mindset research, which captures users’ global, trait-level evaluations of agency and
valence, the present study extends this perspective to momentary fluctuations in psychological
states and shifts focus from reflective assessments of use to goal-pursuit processes that precede

and accompany social media engagement.

Social media use as goal pursuit process

We conceptualize social media use as a sequence of momentary goal-pursuit episodes.
This perspective builds on two lines of research on the motives underlying social media use and
habitual social media use. Empirical evidence suggests that social media use is goal driven. Prior
research has identified a wide range of motives for social media use, including self-expression,
networking, social interaction [161-163], entertainment [164], stress coping [165], and filling idle
moments in everyday routines [166]. Alongside this line of work, habitual social media use has
been widely observed, such as repeated engagement with specific platforms [167] or routine
activities such as checking or posting [168,169]. Although habits are often characterized as
automatic, they are not independent of goals. Rather, habits emerge through repeated goal
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pursuit in stable contexts, where cue—routine—reward cycles become reinforced over time
[170,171]. Thus, seemingly habitual social media behaviors can be understood as learned forms
of goal pursuit that are initiated by contextual cues. Therefore, both perspectives indicate that
social media use reflects goal pursuit. Moreover, motives for social media use vary both between
individuals and within individuals over time, as users shift goals in response to situational
demands [157,158,172]. Habitual use is likewise dynamic, comprising nested sub-habits within
broader routines [57]. Accordingly, social media goal pursuit is best understood not as a single,

stable behavior, but as a sequence of momentary goal-pursuit episodes.

Goal strength

When considering goal pursuit, one central dimension is goal strength, referring to the
intensity or strength of a goal [149,173-175]. Some initial social media research documents
variation in the intensity of goals to engage with social media. For example, intentions to socialize
online vary across individuals, and stronger intentions predict greater subsequent engagement
[176,177]. Longitudinal studies also show within-person daily fluctuations in goal-related
processes such as need satisfaction and frustration in social media use [178], and further found
goal conflict moderated the relationship between online vigilance and perceived stress [179]. In
addition, empirical research shows that stronger goal strength is associated with more effective
goal achievement [152]. Across domains such as education, health behavior, and emotion
regulation, research shows that stronger goal strength predicts greater sustained effort and more
positive behavioral and well-being outcomes [153,180,181]. Extending these insights to social
media, we expect that stronger momentary goals promote more deliberate, goal-directed
engagement (e.g., seeking humorous content to unwind or searching for a friend’s post to
reconnect), whereas weaker goals may increase reliance on default affordances such as

algorithmically curated feeds, resulting in mindless or maladaptive use. Accordingly, we
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hypothesize that stronger goals during social media use facilitate goal achievement and, in turn,

more positive user experiences and well-being outcomes.

Goal awareness

Beyond goal strength, another important but less studied dimension of goal pursuit is goal
awareness. In the context of social media use, goal awareness refers to the extent to which users
are consciously aware of their goals during momentary engagement. Social media goal pursuit
can occur with reduced conscious awareness, particularly because of the habitual nature of social
media use as described above. For example, users report experiences such as doomscrolling,
time distortion, “rabbit-hole” engagement, as well as late-night use despite fatigue, in which they
initiate social media with little awareness and only realize time has passed after prolonged
sessions [40,41,182-184]. Although conscious awareness is not always necessary for goal
achievement, it may be particularly important for goal attainment when goal pursuit is effortful or
challenging [150,185-187]. Specifically, conscious awareness supports goal pursuit by directing
attention toward goal-relevant information and mobilizing cognitive resources [150]. Experimental
research shows that increasing the salience and conscious accessibility of goals enhances
persistence, performance, and emotional experience, particularly under conditions of goal conflict
[188]. Consistent with this view, ecological momentary assessment studies show that greater
momentary awareness of the source of negative emotions is associated with more frequent
emotion regulation attempts, greater use of effective strategies, and higher perceived regulation
success [154,189]. Extending these insights to social media use, we argue that a higher level of
awareness of one’s goals enables more effective and adaptive engagement with social media,

thereby supporting more positive user experiences and well-being.
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The current study

To test this account, we conducted an EMA study that repeatedly measured motivation
awareness, motivation strength, motivation type, and well-being in daily life. These self-reports
were linked to objective TikTok use logs and screenshots of device-level screen time, allowing us
to examine psychological processes alongside observed behavior. We focused on TikTok for
objective behavioral data collection for two reasons. First, short-form video has become the
dominant mode of social media consumption, with TikTok reaching over one billion active users
globally and representing one of the fastest-growing platforms among young adults [190]. Its
algorithmically curated feed, designed to maximize continuous engagement, makes it a
particularly relevant context for examining goal pursuit processes and their behavioral signatures.
Second, TikTok's data donation package provides structured and accessible forms of objective
behavioral data, including timestamped records of individual video interactions, making it well-
suited for linking behavioral patterns to EMA-reported psychological states. The current study
aims to test the following hypotheses:

e H1: At both the between-person and within-person levels, higher goal awareness and goal
strength in social media use are associated with more positive user experiences and better
well-being outcomes, respectively.

e H2: The associations in H1 holds regardless of the specific type of the goal of social media
use.

e H3 (explanatory): Higher goal awareness and goal strength are associated with activities

and experience on TikTok that align more closely with an individual's goals.
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Figure 2.1. The study design for the goal awareness and social media experience study
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3.2 Method
3.2.1 Sample recruitment

We conducted a 7-day EMA study to test the proposed hypotheses. Participants were
recruited via Prolific, an online research recruitment platform. Eligibility criteria required
participants to be English-speaking adults residing in the United States who had used TikTok at
least once in the past month. Data collection was conducted in July 2025. A total of 266
participants were recruited (Mean age = 37.9 years; 61.28% female). All participants provided

informed consent prior to participation.

3.2.2 Study procedure

The study design was presented in Figure 1. After recruitment on Prolific, participants were
directed to complete a baseline survey administered via Qualtrics. Following the baseline survey,
participants were guided to download a smartphone-based EMA app, Expiwell, on their personal
devices. Participants then completed a 7-day EMA protocol. Participants received six EMA

prompts per day for seven consecutive days (Days 1-7), delivered at fixed times: 10:00 a.m.,
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12:00 p.m., 2:00 p.m., 5:00 p.m., 7:00 p.m., and 9:00 p.m. Each prompt asked participants to
reflect on their experiences during the preceding hour. To obtain objective indicators of screen
use, participants were instructed to submit screenshots of their smartphone screen-time statistics
twice daily, at the 5:00 p.m. and 9:00 p.m. surveys, across the 7-day period. Screenshots were
taken directly from the device’s system settings and included total screen time and app-specific
usage, allowing for objective assessment of social media use duration.

At the end of the EMA period, participants completed an endline survey and were invited
to share their TikTok data through a secure data donation platform. Specifically, participants were
guided to download their TikTok data donation package from either the TikTok mobile application
or web account interface. TikTok data donation packages are personal data archives containing
a user's complete activity history on the platform, including video viewing records, interaction
behaviors (e.g., likes, shares, comments), and usage timestamps, which platforms are legally
required to make available to users under data privacy regulations such as the EU General Data
Protection Regulation (GDPR) and comparable U.S. frameworks. Participants then uploaded the
data package (ZIP file) to the secure Next-Eyra data donation platform. In the Eyra platform,
personally identifiable information in the TikTok data package is removed prior to researcher
access. Participants were also able to select which categories of TikTok data and what data they
wished to share with researchers. Only de-identified data explicitly consented to by participants
were made available to the research team. Participants were compensated via Prolific in

accordance with platform standards and study completion.

3.2.3 Study measurements

Independent variables

At each EMA prompt, participants first reported the platform they used most in the past
hour. If they indicated that they had not used any social media platform, they were asked to select
the primary non—social media activity they engaged in during that hour (e.g., studying, shopping,
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or household tasks). When participants reported using a social media platform in the past hour,
they were asked to report their momentary goal pursuit during that period, including goal
awareness, a written description of their goal, and goal strength. Goal awareness was assessed
with the question, “Think back to when you opened [the most-used platform/activity] in the past
hour. How aware were you, at that moment, of your reasons for opening it?”, using a 5-point Likert
scale ranging from not at all aware to extremely aware. Participants then provided a brief open-
ended description of their motivation (“In a few words, can you describe why you opened [the
most-used platform], the last time you used it in the past hour?”). Goal strength was measured
with the item, “In the past hour, when you used social media, how motivated were you to achieve
the reason you described in the previous question?”, using the same 5-point Likert scale. When
participants reported no social media use in the past hour, the same set of questions assessing
goal awareness, description, and strength was administered with reference to the specific non—

social media activity they reported engaging in most during that period.

Dependent variables

At each EMA prompt, we assess the two sets of dependent variables: subjective well-
being and social media use experience. Momentary subjective well-being was assessed at each
EMA prompt using self-reported emotional states. Participants rated how strongly they were
feeling several emotions at the moment of the survey on a scale from 0 (not at all) to 100
(extremely). Positive emotions included happiness, inspiration, and life satisfaction, while
negative emotions included distress, anger, and loneliness. Items were analyzed as indicators of
positive and negative affect. Besides, participants also reported their subjective experience of
social media use in the past hour. Specifically, they were asked to reflect on their use of the social
media platform reported earlier and indicate how happy, meaningful, and effortful the platform

made them feel. Responses captured momentary evaluations of platform-specific experiences.
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Covariates

The baseline survey assessed individual characteristics related to digital well-being and
social media use. Demographic information, such as age and gender, was collected via Prolific.
The baseline survey also collected data on social ties (self-reported number of strong social ties),
digital stress [52], problematic social media use [191], anxiety (GAD-2) [192], depression (PHQ-
2) [193], social media mindset [53], and need for cognition [194]. The endline survey, administered
between Days 7 and 10, reassessed social media mindset that includes measures of perceived
agency and valence for social media use [53]. At each EMA prompt, we also measured the level
of engagement to five distinct social media activities. Specifically, participants reported the
number of minutes spent on social media activities during the past hour using slider scales ranging
from 0 to 60 minutes. Activities included: (a) posting content, (b) browsing others’ posts, (c)

searching for specific information, (d) messaging, and (e) commenting on or liking others’ content.

3.2.4 Ethics and transparency

The study procedures were approved by the Institutional Review Board (IRB) of the
Harvard University-Area (IRB24-1356). All measures and procedures followed the study’s
preregistered protocol, which is publicly available at https://osf.io/4rfsQ/overview. Data for

analyses replication is available here.

3.2.5 Survey data analysis

A total of 266 U.S. adults participated in the EMA study, yielding 7,961 completed EMA
surveys across the 7-day period, corresponding to an overall response rate of 71.26%. As
specified in the power estimation in the pre-registration, assuming six prompts per day over seven
days with a 50% response rate (~21 assessments per participant) and an intraclass correlation
coefficient (ICC) of 0.40, a sample of 250 participants would provide over 90% power to detect
small effects (B = .05 between-person; B = .01 within-person). As shown in Figure A2.1, survey
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completion rates remained stable across study days, consistently exceeding 70%. Of the 7,961
EMA responses, 4,318 (54.2%) involved social media use in the preceding hour, whereas the
remaining 3,643 responses reflected engagement in non—social media activities (e.g., learning,
household tasks). The present analyses focus on the 4,318 EMA observations involving social
media use. Descriptive analyses were conducted to characterize patterns of social media use and
goal-related measures. All survey data processing and analyses were performed using Python

3.9and R4.2.1.

3.2.6 Screenshot analysis

Objective social media use time data were collected via participant-submitted screenshots
of smartphone screen-time summaries. Text was extracted from screenshots using the same
image-processing and text-recognition pipeline established in Chapter 2. Across the 7-day study
period, participants were expected to submit 3,724 screenshots (two per day). A total of 2,452
screenshots were received, corresponding to a submission rate of 65.8%, shown in Figure A2.2.
The screenshot submission rates remained stable and exceeded 60% across days, surpassing
screenshot compliance rates reported in prior research using similar methods [99]. To ensure
data validity, all submitted screenshots underwent a series of quality checks, motivated by prior
evidence that participants may occasionally upload incorrect or irrelevant images. Three quality
criteria were applied: (1) the timestamp of the screenshot had to align with the scheduled EMA
prompt, (2) the screenshot had to display a daily (rather than weekly) screen-time view, and (3)
the screenshot date had to match the corresponding survey date. Shown in Figure A2.3, of the
submitted screenshots, 2,424 (95.4%) satisfied at least one quality criterion, and 2,046 (80.5%)

satisfied all three criteria. Screenshots meeting all three quality checks were retained for analysis.

3.2.7 LLM-assisted content analysis on written description
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We analyzed participants’ open-ended responses to the question, “In a few words, can
you describe why you opened [the social media platform reported used the most in the past hour]
the last time you used it in the past hour?”. Each response was classified into thematic categories
representing distinct types of intentions for social media use. We developed a 10-category
codebook, covering information seeking, social connection, self-expression,
entertainment/relaxation, passing time, coping, habitual use, productivity/learning, trigger-driven
use, and unspecified intention, with detailed descriptions and examples for each category. The
codebook was initially developed based on prior literature on motivations for social media use
[112,195]. The research team then randomly sampled 200 self-reported motivation responses,
independently reviewed and categorized them, and iteratively refined the coding scheme through
repeated discussion. This iterative process focused on distinguishing closely related constructs
(e.g., passing time vs. coping, habitual vs. trigger-driven use) and ensuring that vague or purely
activity-based responses were consistently classified as “Unspecified.”

Classification was performed using GPT-40, prompted with the full codebook and the
survey response text. Each response was run through the model five times with temperature set
to 0, and the final label(s) were selected based on the most probable output across runs. If no
category aligned, the model returned “None.” To evaluate reliability, we conducted manual double
coding on a random sample of responses and compared GPT classifications with human coding
using Cohen’s kappa. This procedure provided a measure of model-human agreement while also
allowing us to identify edge cases and further refine the codebook. The performance of the LLM-
assisted text classification is presented in Table A2.1. The codebook of goal categories is

presented in supplementary materials.

3.2.8 TikTok data analysis
The donated data included 1) time-stamped records of TikTok activities, including viewing,
posting, commenting, liking, sharing, following, searching, favoriting, and logging events; 2) URLs
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of videos that were viewed, liked, shared, and marked as favorite; 3) text of the comments made
by the user; 4) search terms the users input; 5) the usernames followed by the users. We
observed 1918 EMA bursts with tiktok activities in the past 2 hours from 161 participants, resulting
in 116020 activities. In the EMA data, because participants were asked to report their awareness
of motivation for the most-used app in the past hour, we restricted analyses to EMA bursts in
which TikTok was identified as the most-used app. This resulted in 1,234 EMA bursts from 180
participants. Among these, 1,000 bursts from 143 participants could be linked to TikTok use in
the DDP objective data. The discrepancy may reflect (a) the fact that only 192 of the 266
participants shared their TikTok DDP logs, and/or (b) recall error or misreporting in the EMA self-

reports.

Identify TikTok episodes matched with EMA survey

We first identified TikTok use episodes relevant to our research questions by linking the
timing of TikTok use with the timing of EMA survey responses for each participant. Although many
participants shared their complete TikTok use histories, our analyses focused on use sessions
corresponding to the EMA recall window. Specifically, when a survey was responded at 10:00
a.m., participants were asked to report on their TikTok use during the preceding hour; accordingly,
user responses to the motivation-related questions in the survey is based on their experience
from 9:00-10:00 a.m, thus we linked survey responses to objective use data in that period. To
account for potential recall imprecision regarding the one-hour window, we conducted a sensitivity
analysis using an extended two-hour window (e.g., in this case, 8:00—-10:00 a.m.). For each
participant, we created episodes of TikTok use occurring within these matched time windows. The
timing of different activities within the matched episodes is illustrated for each participant and

each EMA survey, with examples shown in Figure 2.2.
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Figure 2.2. The example time of TikTok activities in the episodes matched with EMA survey
for two participants
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025.
Participants (N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited
via Prolific who had used TikTok at least once in the past month. All participants provided informed consent.
Donated TikTok data included time-stamped records of user activities and content interactions, which were
linked to EMA reports and restricted to bursts in which TikTok was identified as the most-used app. Data
points represent a logged activity from user donated TikTok data.

Create indicators for basic activities

The TikTok usage data captures a rich and comprehensive record of users’ experiences,
including both user actions and the content they are exposed to. Therefore, there are numerous
ways to unpack the data, that identify objective behavior signals and integrate the objective
signals with subjective EMA self-reports to inform hypothesis testing. A comprehensive
exploration of these possibilities, however, is beyond the scope of the current study. We note that,
in a parallel project, we are working on systematically expanding TikTok data to examine whether
users with different motivations exhibit distinct objective usage patterns, and whether the
awareness or strength of these motivations shapes the TikTok experience. These ongoing

projects investigate variation in multimodal video content exposure, including topic distributions,
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semantic and sentiment characteristics, and functional video attributes (e.g., informational versus
non-informational content).

In the present study, we focus on core behavioral indicators derived from TikTok use data,
including (a) basic activities and (b) three constructed behavioral signals, including active use,
session duration, and video skipping behaviors. Basic activities consist of specific TikTok actions
reported in the user-shared data, including viewing, posting, commenting, liking, sharing, following,
searching, favoriting, and logging events. For each activity type, we derived the following
measures. These measures were computed separately for each activity type and used as inputs
for subsequent analyses.

e Total activity counts in the matched use episodes: the cumulative number of occurrences
of the activity in each use episode matched with the EMA survey, which is a within-person
level variable.

e Total activity counts in entire use history: the cumulative number of occurrences of the
activity across the participant’s entire TikTok DDP history, which is a between-person level
variable.

e Normalized activity rate: the total number of activities divided by the number of days since
the participant began using TikTok, capturing average daily activity frequency, which is a

between-person level variable.

Identify use sessions within TikTok use episode

A defining feature of TikTok use is that users frequently skip videos and engage with the
platform in both continuous and discontinuous patterns. For example, a user may open TikTok
once and scroll consecutively for five minutes, or open the app multiple times for brief one-minute
sessions, sometimes prompted by push notifications. During continuous use, video-skipping
behavior is particularly prevalent. Video skipping may indicate either mindless scrolling or active

curation of one’s content environment. Accordingly, we aim to examine these phenomena in
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greater detail and to operationalize them using behavioral trace data. As a first step, we identify
consecutive TikTok use sessions from the TikTok use data.

As illustrated in the bottom panel of Figure 2.2, from approximately minute 5 to minute 8,
the user engages in consecutive video viewing, indicating continuous scrolling behavior, likely
within the For You feed. Therefore, when TikTok video viewing events occurred consecutively,
defined as the user initiating a new video before the previous one finished, we treated these
viewing events as belonging to the same session. The length of a session was defined as the
time difference between the start time of the first video and the end time of the last video in that
sequence, where the end time was calculated as the start time of the last video plus its video
duration. We defined sessions of activity at the level of each participant and each EMA survey
window. For each viewing event, we computed an end time as the start time plus the video
duration (obtained from the TikTok Research Tool, with missing durations imputed as 46 seconds,
which is the mean video duration observed in the collected TikTok data). Viewing events were
sorted chronologically, and consecutive events were chained into the same session if the gap
between the end of one event and the start of the next was less than 60 seconds; otherwise, a
new session was initiated. Each session was therefore characterized by a start time (the first
viewing event), an end time (the end time of the final viewing event in the chain), and a session
duration (end minus start). We further calculated the total number of sessions per participant per
EMA survey burst, as well as the total observed duration of TikTok use as the sum of session
durations for each TikTok use episode.

We note three additional analytical decisions made to enable session construction. First,
although most non-viewing activities on TikTok occur alongside video viewing, because the app
typically opens directly to the For You feed, there are instances in which users engage in activities
such as searching or sharing without an identifiable viewing session. For these activities, use
duration could not be directly observed, as only the event start time (but not the end time) was
available in the TikTok data. In such cases, we imputed duration values based on activity type: 5
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seconds for liking, following, and favoriting; 10 seconds for searching and sharing; 20 seconds
for commenting; and 3 minutes for posting. Second, not all TikTok content includes explicit
duration metadata. In particular, TikTok allows text- and photo-based posts, for which duration
information is unavailable. We therefore imputed a duration of 10 seconds for text and photo posts
and 46 seconds for video posts with missing duration information, where 46 seconds corresponds
to the mean video duration in our dataset. Finally, due to data limitations, our active use duration
measure cannot capture time spent repeatedly watching a single video when no subsequent
observable activity occurs. In these cases, the duration of the final viewed video is truncated at

its recorded length, leading to a potential underestimation of actual use time.

Create indicators for behavioral signals

Based on the identified sessions within each TikTok use episode, we constructed three
higher-level behavioral signals from TikTok use data: observed use duration, active TikTok use,
and video-skipping behavior. Observed use duration was operationalized as the total time
participants spent on TikTok within each episode, calculated as the sum of session durations
across all identified sessions.

Active TikTok use was constructed following the passive—active social media use literature
[18] and captures user-initiated interactions beyond passive viewing, including liking, following,
favoriting, searching, commenting, sharing, and posting. We operationalized active use using four
indicators: (1) the total frequency of active behaviors within the matched episode; (2) the
proportion of active behaviors relative to video views (# active behaviors / # views); (3) the number
of active behaviors per second of actual TikTok use; and (4) the average frequency of active
behaviors per active session, defined as the mean number of active behaviors per session within
the observed period.

To capture video-skipping behavior, we constructed two sets of measures: (1) indicators
of whether and how often videos were skipped, and (2) indicators of how much time participants
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spent on a video before skipping. A video view was coded as skipped if the start time of the
subsequent video occurred before the end time of the current video, where the end time was
defined as the start time plus the video duration. We then computed the total frequency of video
skips (Freq_vs). We further derived three normalized measures: the proportion of video skips
relative to total video views (Ratio_vs), the number of video skips per second of observed TikTok
use (Density_vs), and the average frequency of video skips per active session
(Fregpersession_vs). In addition, for videos that were skipped, we calculated the time elapsed (in
seconds) between the start of a video and the initiation of the subsequent video, representing the
time spent on the video before skipping. For videos that were not skipped, this measure was
coded as missing. To account for heterogeneity in video length, we also computed the ratio of
time spent before skipping to the total duration of the video. Together, these measures capture

both the frequency and temporal dynamics of video-skipping behavior during TikTok use episodes.

3.2.9 Descriptive data analysis

We conducted a series of descriptive analyses to characterize the sample, measured
variables, and objective social media use. Demographic characteristics of the study sample are
reported in Table A2.2. The distribution of the baseline problematic social media use is
summarized in Figure A2.4, and the baseline social media mindsets are described through
measures of agency (Figure A2.5) and valence (Figure A2.6). We next describe the distributions
of the key independent variables, goal awareness and goal strength (Figure A2.7), as well as their
variation across different motivation categories (Figures A2.8 and A2.9). Summary statistics for
the dependent variables, independent variables, and covariates are reported in Table A2.3. Users’
total screen time and screen time by app and app categories, extracted from user-shared
screenshots, are summarized in Table A2.4. We also described objective TikTok use data,
including overall usage patterns and three derived measures: observed use duration, active
TikTok use, and video-skipping behavior (Table A2.5, Figure A2.10). We also examine two key
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objective TikTok use variables, active activity per video view and the proportion of viewed videos
that were skipped, across different self-reported TikTok use goals (Figure A2.11). As a sanity
check for potential temporal patterns, we also examined whether time of day and day of week
were associated with systematic differences in key variables, including goal awareness, goal
strength, social media use experience, subjective well-being outcomes, social media activities
(Figure A2.12), and TikTok objective use variables (Figure A2.13) by plotting their means and

standard deviations across time.

3.2.10 Statistical analysis
We tested the study hypotheses using multilevel modeling to account for the nested
structure of the EMA data, with repeated prompts nested within days and days nested within

individuals.

Test Hypothesis 1

To test H1, which posits that higher goal awareness and goal strength in social media use
is associated with more positive user experiences and better well-being outcomes at both the
within-person and between-person levels, we estimated a series of three-level linear mixed-
effects models (R, Ime4) to account for the nested structure of repeated EMA observations within
days and days within individuals. The primary independent variables of interest were goal
awareness and goal strength, each operationalized at both the between-person (grand mean
centered) and within-person (person mean centered) levels. Dependent variables included social

media experience and subjective well-being.

All models additionally adjusted for a set of theoretically relevant covariates across
multiple levels. Between-person covariates included age, gender, baseline need for cognition,
baseline problematic social media use, baseline network social network size, baseline mindset
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measures (agency and valence), and the most observed used app category (social media, game,
browser, message) in the entire study period from screenshot. Day-level covariates included total
time spent on social media during the day. Within-person covariates included the proportion of
time spent browsing relative to other activities on social media use, and the platform use category
of the past hour social media use session (TikTok, Facebook, Instagram. YouTube, Reddit,
Twitter/X, message apps, and others). Random intercepts were specified for individuals and for
survey days nested within individuals to account for unobserved heterogeneity at both levels.

To determine the appropriate random-effects structure, we estimated four candidate
models for each outcome while holding the fixed-effects specification constant: (1) a random-
intercept—only model, (2) a model with random intercept and random slopes for momentary goal
awareness, (3) a model with random intercept and random slopes for momentary goal strength,
and (4) a model with random slopes for both momentary goal awareness and goal strength
(specified without correlated random effects). All models were estimated using maximum
likelihood. Model fit was compared using Akaike Information Criterion (AIC), and the best-
supported model for each outcome was selected based on the lowest AIC value among
converged, non-singular models. Fixed-effect estimates were reported from the selected model.

Results are presented in Table 2.1.

Test Hypothesis 2

To test H2, which posits that the associations between goal awareness, goal strength, and
outcomes are consistent across different types of social media use goals (e.g., entertainment,
information seeking, and social connection), we first estimated separate three-level multilevel
models within subsets defined by goal type. The model specifications within each subset were
identical to those used in the main analyses for H1. Results from these subgroup analyses are

presented in Figure 2.3 and Table A2.6.

80



In addition, we tested H2 using a moderation framework by examining whether goal type
moderated the within-person associations between goal awareness, goal strength, and outcomes
at the momentary level. Specifically, we tested six types of social media use goals as moderators
by estimating separate three-level multilevel models for each goal type. In each model, the
outcome was regressed on the within-person and between-person components of goal
awareness and goal strength, the moderator (goal type), and their interactions, along with the full
set of covariates included in the H1 models. The focal test of moderation was the interaction
between the within-person components of goal awareness or goal strength and goal type, which
assessed whether the momentary associations varied as a function of social media use goal.
Consistent with the H1 analyses, we evaluated multiple random-effects specifications (random
intercepts and random slopes) and selected the final model based on the lowest AIC among non-

singular models. Results of the moderation analyses are reported in Table A2.7.

Test hypothesis 3

For H3, we examined whether higher motivation awareness or goal strength was
associated with specific objective tiktok use patterns. We conducted three sets of analyses. First,
we examined both between-person and within-person correlations among TikTok objective use
and goal awareness, strength, as well as social media experience and subjective well-being
outcomes (Figure 2.4, Figure A2.14). To examine associations between repeated-measures
variables, we estimated linear mixed-effects models with random intercepts for participants
(Figure 2.4). Each model included a random intercept for participants to account for stable
individual differences in the outcome across time. The independent variables, TikTok objective
behaviors, were decomposed into within-person (person-mean centered) and between-person
(grand-mean centered) components. Both the within-person and between-person components of
the predictor were entered simultaneously as fixed effects in the model. The dependent variables
are the goal awareness, strength, subjective well-being, and social media experience measured
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in each EMA survey. To facilitate comparability of effect sizes across variables, standardized
coefficients for both within- and between-person effects were derived post hoc by scaling the
estimated coefficients by the ratio of the predictor’s standard deviation to the outcome’s standard
deviation. As a robustness check, we additionally estimated between-person and within-person
Pearson correlations (Figure A2.14). Between-person correlations were computed as Pearson
correlations between person-level means of each variable, while within-person correlations were
computed as Pearson correlations between person-mean-centered deviations across all
observations. These correlation-based estimates capture the same decomposition of
associations as the multilevel models.

Second, we tested whether objective TikTok use variables served as mediators of the
association between the independent variables and the outcomes, thereby assessing potential
indirect pathways (Table A2.8). We conducted multilevel mediation analyses using linear mixed-
effects models to examine whether objective TikTok use mediated the within-person association
between goal-related predictors (goal awareness and goal strength) and happy social media
experience. Time was included as a covariate in both the mediator and outcome models.

Third, because the objective TikTok use data are high dimensional, the analyses
described above may not adequately capture the complex and potentially nonlinear relationships
between objective TikTok use and goal awareness, goal strength, and social media use
experiences. To address this limitation, we employed random forest models to identify the most
informative predictors of both dependent and independent variables (Figure A2.15). Specifically,
we applied a Hybrid/Mundlak feature decomposition to the longitudinal, person-nested EMA data
within a random forest framework, allowing us to disentangle within-person associations from
between-person differences while retaining the flexibility to model nonlinear and high-dimensional
relationships. Prior to model estimation, we winsorized selected predictor groups by replacing
values above the 99th percentile with missing values to reduce the influence of extreme outliers.

Missing values were then handled using mean imputation for numeric predictors and mode
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imputation for non-numeric predictors within the analytic dataset. Random forest models were
estimated using the ranger package with permutation-based variable importance, specifying 50
trees for importance extraction and setting mtry to |p/3|, where p denotes the total number of
predictors. Permutation importance ranks predictors by the increase in prediction error when that
variable is permuted. To evaluate generalization under clustering, we used grouped 5-fold cross-
validation by person ID, ensuring that all observations from a participant appear in only one fold.
We report model performance using grouped cross-validated root mean squared error (RMSE),
comparing the random forest predictions against a mean-only baseline to quantify improvement
in out-of-sample prediction.

We plotted the top 20 most important variables with color-coded grouping to visualize
whether importance is dominated by within-person signals vs between-person/stable differences.
Specifically, we grouped predictors into conceptually distinct categories reflecting both
measurement level and data source. The groups included time-varying independent variables
(e.g., momentary goal awareness and goal strength) and covariates (e.g., type of goal, social
media use activity) measured in the EMA survey at the within-person level (p_w); their between-
person counterparts derived from person-level means across the EMA period (p_b); stable
person-level characteristics such as demographics, anxiety, depression, social media use
mindset, need for cognition, problematic social media use, total screen time, and dominant
platform use (s_self). Objective TikTok use were incorporated at multiple levels, including long-
term person-level activity aggregated across the full data donation period (s_ddp), person-level
TikTok activity during the focal 14-day EMA window (ddp_b), and momentary within-person
TikTok activity during the EMA period (ddp_w). Finally, we included social media experience and
subjective well-being measures at both the between-person (wb_b) and within-person (wb_w)

levels, as well as temporal context variables capturing day of week and time of day (todw).

Post hoc analyses on social media mindset

&3



In addition to the preregistered tests of Hypotheses 1-3, we conducted a set of exploratory
post hoc analyses informed by patterns observed in the data. We examined changes in agency
and valence mindsets of social media use from baseline to post-EMA. The motivation for this
analysis was that the EMA survey, where we repeatedly prompted participants to report their goal
awareness and motivational strength, may itself function as an intervention, potentially shaping
goal pursuit processes during social media use. Examining changes in the agency and valence
mindset may help inform the design of future intervention studies. We therefore visualized the
distribution of individual-level changes in agency and valence mindsets (endline minus baseline;
Figure 2.4). To assess which baseline characteristics were associated with subsequent changes
in agency and valence mindsets, we estimated two separate linear regression models predicting
change in agency and change in valence, respectively. Both models included baseline
demographic characteristics (age and gender), baseline mental health indicators (anxiety and
depression), psychosocial traits (fear of missing out, social network size, and need for cognition),
baseline social media use status (problematic social media use and baseline agency and valence
mindsets), smartphone usage characteristics (total screen time), and indicators for primary app
categories used (browser, gaming, messaging apps, and TikTok). Results are presented in Table

A2.9.

3.3 Results

3.3.1 Descriptive Results

Baseline Characteristics

We first describe the characteristics of the study sample. As shown in Table A2.2, the
average participant age was 38.1 years (SD=11.9 years). The sample was 61.5% female, with
60.9% identifying as White, 17.1% as Black, and 6.2% as Asian. In addition, 17.9% of participants
were students, 4.1% were unemployed, and 5.3% were born outside the United States. In terms

of the baseline characteristics of social media use, Figure A2.4 shows the distribution of
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problematic social media use, measured on a scale ranging from 0 to 5. Approximately 15% of
participants reported scores in the upper range of the scale (scores = 4). Distributions of agency
and valence mindsets are presented in Figures A2.5 and A2.6, respectively. For agency mindset,
over half of participants reported scores above the midpoint of the scale, with a comparable
proportion reporting scores below the midpoint, indicating substantial variability in perceived
agency in social media use. In contrast, the distribution of valence mindset was skewed toward
more positive evaluations, with over 75% of participants reporting values above the midpoint,

reflecting generally positive attitudes toward their social media experiences.

EMA measures

Turning to the distribution of EMA measures and their variability, Table A2.3 summarizes
the distributions of key EMA variables, including independent variables (goal awareness and
strength), dependent variables (social media use experience and subjective well-being), and
social media activity. On average, participants reported moderate levels of goal awareness (M =
3.60, SD = 1.18) on a 1-5 scale, with an intraclass correlation coefficient (ICC) of 0.52. Goal
strength showed a similar pattern (M = 3.36, SD = 1.16; ICC = 0.49). These ICC values indicate
that substantial variance in both measures was attributable to both between-person differences
and within-person fluctuations over time.

For dependent variables, shown in Table A2.3, participants’ momentary social media
experiences in the past hour were assessed along three dimensions, happiness, meaningfulness,
and effortfulness, each measured on a 1-5 scale. The mean level of happiness was 3.59 (SD =
1.04), meaningfulness averaged 3.41 (SD = 1.22), and effortfulness was lower on average (M =
2.60, SD = 1.31). ICCs for these experience measures ranged from 0.58 to 0.65, suggesting
between-person differences accounted for a larger share of the variance than the within-person

differences. Subjective well-being was assessed using a 0—100 scale. Average happiness was
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61.13 (SD = 28.58), with an ICC of 0.75, indicating that a larger proportion of variability comes
from the between-person differences than the within-level differences.

Finally, participants reported the amount of time spent engaging in different types of social
media activities in the past hour. Browsing accounted for the greatest amount of time (M = 20.45
minutes, SD = 16.43; ICC = 0.50), followed by searching (M = 7.16 minutes) and commenting (M
= 7.43 minutes), both of which exhibited ICCs exceeding 0.65. These patterns suggest that while
browsing was the dominant activity overall, engagement in specific activities varied both across

individuals and across time.

Distribution of goal awareness and strength

Figure A2.7 presents the distribution of goal awareness and goal strength across all EMA
observations. Overall, substantial variability was observed at the person-time level in both the
magnitude of goal awareness and the strength of motivation. Across EMA reports, 27.4% of
observations indicated that participants were extremely aware of their goals, and 30.2% indicated
high goal awareness. In contrast, 6.2% of observations reflected not being aware of the goal at
all, with 12.0% reporting slight awareness and 24.1% reporting moderate awareness. A similarly
wide distribution was observed for goal strength. Across EMA observations,19.0% and 27.3% of
reports indicated extreme or very high goal strength, respectively, while 31.0% reflected moderate
strength. Lower levels of goal strength were less common, with 15.9% of observations reporting
slight strength and 6.7% reporting not motivated at all.

Figure A2.8 further illustrates how goal awareness varied across self-reported goal
categories. Goal awareness tended to be lower when social media use was motivated by
entertainment (panel D), habitual use or passing time (panel E), or when no explicit goal was
specified, such as when participants described only an activity or context (e.g., “scrolling in bed”)
(panel F). In contrast, higher levels of goal awareness were more frequently reported when use
was motivated by information seeking, social connection, self-expression, or external triggers
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such as notifications (panel A-C). A similar pattern was observed for goal strength (Figure A2.9).
Motivation tended to be weaker when social media use was driven by entertainment, coping or
relaxation, habitual use, passing time, or unspecified goals, whereas stronger goal strength was
reported when use was oriented toward information seeking, productivity, social connection, self-

expression, or externally triggered engagement.

Screentime characteristics

Table A2.4 summarizes statistics on smartphone screen time derived from user-shared
screenshots. Daily total screen time, measured in minutes, averaged 431 minutes (7.2 hours) per
day (SD = 274), with a median of 386 minutes (6.4 hours). The intraclass correlation coefficient
(ICC = 0.56) indicates that screen time exhibited substantial variability at both the between- and
within-person levels. When disaggregated by app category (as defined by App Store
classifications), social apps accounted for the largest share of screen time, with a mean of 166
minutes per day (median = 136 minutes; SD = 159). This was followed by productivity apps (mean
= 57 minutes), entertainment apps (mean = 45 minutes), and gaming apps (mean = 34 minutes).

We further examined screen time at the app level. We combined Safari, Chrome, Edge,
Firefox, and related applications as the browser app. Browser use accounted for the highest
average app-level screen time (M = 71 minutes; ICC = 0.55), followed by TikTok (M = 52 minutes;
ICC = 0.62). The long screentime of TikTok is partly due to the fact that the study recruited
frequent TikTok users. Gaming apps accounted for an average of 30 minutes per day, followed
by messaging apps (mean = 29 minutes), YouTube (mean = 25 minutes), Facebook (mean = 25
minutes), and Instagram (mean = 16 minutes).

We further note that these app category and app-level results should be interpreted with
caution. The screenshots captured only the top three to five apps by usage, resulting in missing
data for less frequently used applications. As a result, app-specific estimates likely reflect usage
of the most heavily used apps rather than a complete account of total app engagement.
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Objective TikTok use

We further describe TikTok-specific activities derived from user-donated TikTok data,
which capture objective, real-time patterns of platform use at the individual level. As summarized
in Table A2.5, participants spent an average of 27.1 minutes (SD = 22.3 minutes) using TikTok in
the 2 hours preceding each EMA response, with an ICC of 0.33, indicating that a substantial
proportion of variability occurred within individuals over time. Figure A2.10 illustrates the
distribution of TikTok use over the two-hour observation window at the person-session level. As
shown in panel A, over 65% of TikTok use sessions lasted less than 30 minutes, whereas
approximately 8% lasted more than one hour. On average, participants engaged in four TikTok
use sessions, defined as continuous periods of TikTok use separated by at least 60 seconds of
inactivity, within the 2-hour observation window (M = 4.2, SD = 3.4). As shown in Figure A2.10
panel B, more than half of observation windows contained fewer than five TikTok sessions,
whereas a small fraction (approximately 2%) contained more than 15 distinct sessions within the
same two-hour time window.

We next examined the frequency of TikTok activities observed during the two hours
preceding each EMA survey. Across observations, participants engaged in an average of 89 total
activities (median = 65), including approximately 79 video views. In the 2-hour period, active
behaviors were comparatively infrequent: participants clicked an average of four ‘likes,”
conducted approximately one search, and engaged in fewer than one following (mean = 0.16
times), favoriting (mean = 0.38 times), sharing (mean = 0.31 times) or commenting (mean = 0.25
times) actions, with minimal content posting behaviors. Over 70% of two-hour observation
windows involved fewer than 10 active behaviors (Figure A2.10 panel C), reflecting the
predominantly browsing-oriented nature of TikTok use. To capture engagement intensity, we
computed activity rates by normalizing activity counts by estimated minutes of TikTok use in the
2-hour time window. On average, participants viewed approximately 3.1 videos per minute, and

88



other actions such as liking, searching, or commenting occurred at rates well below one event per
minute.

We additionally examined video-skipping behavior. Participants skipped an average of 59
videos during the two-hour observation window. Approximately 65% of viewed videos were
skipped before completion. Shown in Figure A2.10 panel E, fewer than 35% of observation
windows involved skipping fewer than 20 videos, while approximately 30% involved skipping
between 20 and 60 videos. The distribution exhibited a pronounced right tail, with a small number
of sessions involving skipping more than 300 videos, although this pattern was relatively rare. On
average, participants skipped more than two videos per minute of use (Table A2.5). When
examining the proportion of viewed videos that were skipped at the session level (Figure A2.10,
panel F), approximately 20% of sessions involved skipping more than 80% of viewed videos, and
roughly 50% involved skipping between 60% and 80%. In contrast, only a small fraction of
sessions (approximately 3.8%) involved skipping very few or no videos during the observation
window.

The mean time to video skip was 12.5 seconds, and the ratio of time watched to total video
duration averaged 0.25, suggesting that participants typically viewed only the first quarter of a
video before moving on. Shown in Figure A2.10, panel G and H, over 60% of videos were skipped
within the first 10 seconds of playback, with a small proportion exhibiting extremely rapid skipping
(within 5 seconds); more than 70% of videos were skipped before 30% of the total video duration
had elapsed.

Finally, we examined the objective TikTok active engagement and video-skipping behavior
across self-reported TikTok use goal categories (Figure A2.11). Overall, there were no substantial
differences in the frequency of active engagement behaviors across goal groups. However, as
shown in Figure A2.11 panel B, trigger-driven TikTok use (e.g., use initiated by receiving a
notification) was associated with a lower proportion of skipped videos compared with use
motivated by habitual engagement, passing time, entertainment, or coping. Use motivated by
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social connection or self-expression also tended to be associated with a higher proportion of
skipped videos relative to trigger-driven use. These differences were modest and did not show

statistical significance, and thus should be interpreted as descriptive patterns with cautious.

Temporal variations

Finally, as shown in Figure A2.12, we did not observe systematic temporal differences in
self-reported social media experiences or goal-related variables, including goal awareness and
goal strength, nor in subjective well-being outcomes across the day. In contrast, Figure A2.13
illustrates greater temporal variability in objective TikTok use measures. Although these patterns
did not reach statistical significance, descriptive trends suggest that video-skipping behavior
tended to be slightly higher during evening and later hours of the day. Similarly, both the frequency

of TikTok use and total observed use duration appeared to increase later in the day.

3.3.2 Results of H1

Table 2.1 presents the within- and between-person associations between social media
goal awareness, goal strength, and two sets of outcomes: social media use experiences and
subjective well-being. At the within-person level, social media use characterized by higher goal
awareness was associated with greater happiness (standardized coefficient, B = 0.04, SE = 0.01)
and lower loneliness (B = 0.02, SE = 0.01). Higher goal awareness was also associated with more
positive momentary social media experiences, including feeling happier (8 = 0.05, SE = 0.01),
perceiving the experience as more meaningful (B = 0.06, SE = 0.01), and experiencing social
media use as more effortful ( = 0.03, SE = 0.01). Similarly, at the within-person level, greater
goal strength was positively associated with higher general happiness ( = 0.05, SE = 0.01) and
feeling more inspired (B = 0.06, SE = 0.01). Goal strength was also strongly related to momentary
social media experiences, including greater happiness (B = 0.16, SE = 0.02), greater
meaningfulness (§ = 0.21, SE = 0.02), and higher effortfulness (B = 0.04, SE = 0.01).
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At the between-person level, goal awareness was not significantly associated with the
outcomes. In contrast, individuals who, on average, reported stronger goal strength tended to
experience higher levels of happiness (8 = 0.35, SE = 0.08) and inspiration (8 = 0.34, SE = 0.07),
as well as more social media experiences with greater happiness (B = 0.47, SE = 0.06),

meaningfulness (B = 0.45, SE = 0.05), and effortfulness (B = 0.23, SE = 0.08).

Table 2.1. Between-person and within-person associations between social media
motivation awareness, strength, use experience, and well-being

Subjective well-being SMU experience was
Less Less

Happiness Inspired Distressed Lonely (Happy Meaningful Effortful
‘Goal awareness|0.12 001  0.12 000 [-0.01 0.04 0.06
(between) (0.08) (0.07)  (0.08) (0.09) [(0.06) (0.05) (0.08)
Goal awareness 0.02 0.02 0.02 0.05 0.03
(within) 0.04 (0.01)* (0.01)  (0.01) (0.01)* |(0.01)* 0.06 (0.01)* (0.01)*
Goal strength 0.34 -0.09 0.13 0.47 0.23
(between) 0.35(0.08)* (0.07)*  (0.08) (0.09) [(0.06)* 0.45 (0.05)* (0.08)*
Goal strength 0.06 0.01 0.02 0.16 0.04
(within) 0.05(0.01)* (0.01)*  (0.01) (0.01) ((0.02)* 0.21 (0.02)* (0.01)*
VPC (person) |o.66 0.64 0.53 0.69 [|0.38  0.34 0.59
VPC (day) l0.09 0.07 0.17 0.09 [0.07  0.06 0.04

Note: Data comes from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025.
Participants (N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited
via Prolific who had used TikTok at least once in the past month. All participants provided informed consent.
Reported results are derived from three-level linear mixed-effects models that account for repeated EMA
observations nested within days and individuals and adjust for relevant covariates. * indicates P value <
0.05. The VPC values indicate the proportion of total outcome variance attributable to stable differences
between individuals (person-level), day-to-day fluctuations within the same individual (day-level), and
moment-to-moment variability within a day (residual level), respectively.

Taken together, these findings highlight the role of goal awareness in shaping social media
experiences at the within-person level: when individuals use social media with greater awareness
of why they are engaging in a given moment, they report happier and more meaningful social
media experiences and better well-being outcomes. In addition, goal strength is associated with

social media experiences and well-being at both the within- and between-person levels, indicating
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that users who are more strongly motivated at a particular moment, as well as those who are
generally more motivated overall, have higher chances of reporting happier and more meaningful
social media experience and well-being outcomes. These patterns are consistent with our
hypotheses.

Interestingly, greater goal awareness and goal strength were associated with social media
use experiences that were perceived as more effortful, yet also happier and more meaningful.
This pattern sheds light to the discussion around balancing users’ immediate need satisfaction

and long-term value-aligned engagement. We will return to this point in the Discussion.

3.3.3 Results of H2

We further examined whether the associations between goal awareness, goal strength,
and study outcomes varied across subgroups defined by self-reported social media use goals in
the EMA surveys. Results from subgroup analyses are presented in Table A2.6, with Figure 2.3
providing a visual summary of associations for the happiness outcome. Across goal types
characterized by coping or entertainment motives (8 = 0.07, SE = 0.02), habitual use or passing
time (B = 0.04, SE = 0.02), as well as instances in which no explicit goal was specified ( = 0.08,
SE = 0.03), goal awareness at the within-person level was consistently and positively associated
with momentary happiness (Figure 2.3, Table A2.6). In addition, at the between-person level,
individuals who reported higher goal awareness during habitual or passing-time use (B = 0.21,
SE = 0.09) or uses for coping or entertainment motives (3 = 0.18, SE = 0.09) also reported higher
overall levels of happiness. These patterns indicate that goal awareness is associated with
greater well-being even in contexts typically characterized by low conscious awareness of goals

or intentionality.
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Figure 2.3. Associations of goal awareness and goal strength with happiness, by subgroup
of momentary goal types

Goal awareness Goal strength Goal awareness Goal strength
(within) (within) (between) (between)
Coping & Entertainment - | HeH g He— R f—o— R | —e—
Information & Productivity - 5:01 . %I—H 8 r%—.—i . % —e—
Connection & Expression - r—d:—| 4 :l—.—< E |—§.—| - i —e—
Habitual & Passing time W 1 hm 1 I—0—< 1 —e—
Response to trigger - |—0-§-| 1 3!—0—4 B I—i0—| 4 3 —e—
Goal Unclear | 1 | o . H—e— : . —e—
T T T T T T T T T T T T
-0.25 0.00 0.25 -0.25 0.00 0.25 -0.5 0.0 0.5 -0.5 0.0 0.5
Estimate (95% ClI) Estimate (95% ClI) Estimate (95% CI) Estimate (95% ClI)

Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025.
Participants (N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited
via Prolific who had used TikTok at least once in the past month. All participants provided informed consent.
Reported results are derived from separate three-level linear mixed-effects models within subsets defined
by social media use goal type, using identical model specifications to those in the main analyses in H1.

Turning to goal strength, within-person analyses showed that when social media use was
motivated by information seeking or productivity (8 = 0.07, SE = 0.02), social connection or self-
expression (B = 0.06, SE = 0.03), externally triggered engagement ( = 0.08, SE = 0.03), or when
goals were unspecified (B = 0.08, SE = 0.03), higher momentary goal strength was significantly
associated with greater happiness (Figure 2.3, Table A2.6). This positive association between
goal strength and happiness was also observed at the between-person level across all goal
categories, indicating a robust relationship between stronger motivational engagement and well-
being.

Across outcomes (Table A2.6), at the within-person level, higher goal awareness was
consistently associated with more positive social media experiences, particularly greater
happiness and meaningfulness, among use episodes characterized by coping or entertainment
goals, as well as habitual or passing-time use. Similarly, higher goal strength, at both the within-

and between-person levels, was positively associated with perceiving social media experiences

93



as happier and more meaningful when use was driven by information seeking or productivity,
coping or entertainment, habitual or passing-time use, and when goals were not clearly specified.

We further conducted moderation analysis to test H2 to complement the subgroup
analysis. Shown in Table A2.7, we examined whether the associations between social media use,
goal awareness, goal strength, and happiness were moderated by goal-type subgroups. Overall,
we found no strong evidence of moderation. The only exception is that, when social media use
was motivated by social connection or self-expression, the within-person association between
goal awareness and happiness appeared weaker compared with instances in which social media
use was not driven by connection or expression motives.

In summary, the results indicate that the relationships between goal awareness, goal
strength, and the study outcomes are not generally moderated by goal type. At the within-person
level, higher goal awareness was associated with more positive experiences and better well-being
outcomes when the goals of using social media are entertainment or coping, habitual or passing-
time use, and unspecified; higher goal strength was associated with more positive experiences
and better well-being outcomes when social media is used for information seeking or productivity,
social connection or self-expression, or externally triggered engagement. At the between-person
level, the positive association between goal strength and well-being remained consistent across

goal categories. Together, these findings support H2.

3.3.4 Results of H3

We next examined the within- and between-person associations between objective TikTok
use behaviors, including duration of use, number of sessions, video-skipping behavior, and active
engagement, and independent variables (goal awareness, goal strength), as well as the outcomes
(social media experiences, and subjective well-being). The goal is to examine whether individuals
who use social media with greater goal awareness or goal strength engage with TikTok in

objectively different ways. More broadly, we examine whether measurable, objective behavioral
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signals correspond to the psychological constructs we assessed. As shown in Figure 2.4 and
Figure A2.14, we found little evidence of systematic associations between the extracted objective
TikTok behaviors and goal awareness or goal strength, or with the study outcomes. Most pairwise
associations did not reach statistical significance at the p < 0.05 level, and these analyses were

not adjusted for multiple comparisons.

Figure 2.4. Within-person (A) and between-person (B) associations between TikTok use
behaviors and goal awareness, goal strength, social media use experience, and subjective
well-being
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(B) Between-person associations
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025.
Participants (N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited
via Prolific who had used TikTok at least once in the past month. All participants provided informed consent.
Donated TikTok data included time-stamped records of user activities and content interactions, which were
linked to EMA reports and restricted to bursts in which TikTok was identified as the most-used app.
Estimates are from linear mixed-effects models with participant-level random intercepts, decomposing
objective TikTok behaviors into within-person (person-mean centered) and between-person (grand-mean
centered) components and reporting standardized coefficients. A robustness check was performed with
Pearson correlation analysis, shown in Figure A14.

Despite the largely nonsignificant results, several descriptive patterns are noteworthy. At

the within-person level, a higher proportion of self-reported time spent browsing (relative to other
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TikTok activities) was associated with shorter viewing durations before videos were skipped,
indicating faster skipping in sessions dominated by browsing. Sessions characterized by higher
levels of browsing also tended to exhibit lower levels of active engagement behaviors. In contrast,
at the between-person level, individuals who spent a higher proportion of time watching videos
before skipping, indicating longer viewing relative to total video duration, tended to report slightly
lower levels of happiness, lower perceived meaningfulness of social media use, and lower goal
strength, as well as a higher proportion of time spent browsing.

In the multilevel mediation analysis (Table A2.8), goal awareness was positively
associated with happy social media experience (dy:X = 0.21, SE = 0.04, p < .05), but was not
significantly related to the number of active TikTok activities (dm:X = —-0.02, SE = 0.34), nor was
the mediator associated with happy experience (dy:M = 0). This pattern was consistent across
multiple objective TikTok use measures and outcome variables, as well as for both goal
awareness and goal strength, with goal-related predictors showing robust direct associations with
social media experience but little evidence that objective TikTok behaviors served as mediators.
Accordingly, there was no evidence that the objective TikTok use behaviors we created mediated
the association between goal awareness, goal strength and social media experience, subjective
well-being.

Figure A2.15 presents the results of the hybrid random forest analyses across four
outcomes. In Panel A, where the outcome is an objective TikTok behavior measured as raw time
before video skip, 13 of the top 20 predictors reflect momentary, within-person TikTok activity,
consistent with the fact that both predictors and outcome are derived from the same data source
of TikTok objective data. Notably, within-person happiness and subjective well-being rank as the
second- and third-most important predictors, suggesting that momentary affective states are
associated with video skip patterns on the platform. Panel B shows results for goal awareness of
social media use, where the strongest predictors are trait- and state-level goal strength, followed
by trait-level subjective well-being. Panel C, which examines goal strength as the outcome,
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reveals a similar pattern to Panel B. Panel D focuses on happiness as the outcome, after
excluding other well-being and experience variables due to high correlations, trait-level goal
awareness and goal strength remain the most important predictors, and the number of videos
skipped per episode—also shows a modest level of importance. The observed RMSE reductions
are generally modest, ranging from 0.1 to 0.2 standard deviations relative to the baseline, we
interpret the variable importance results with caution. Overall, these findings indicate that
objective TikTok interaction patterns, particularly video skipping behavior, are related to subjective
well-being, although these associations should be interpreted cautiously given the exploratory

nature of permutation-based variable importance.

3.3.5 Change in social media use agency

As shown in Figure 2.5, approximately 48% of participants reported an increase in agency
of social media use (feeling more controlled for social media use), while fewer than 35%
experienced a decrease. Similarly, over 55% of participants reported increases in valence (social
media use experience in positive), whereas fewer than 30% experienced a decrease in valence.

We next examined which baseline characteristics were associated with greater
improvements in agency and valence (Table A2.9). For changes in agency, higher baseline
agency was associated with smaller subsequent increases (8 = -0.53, SE = 0.02), suggesting a
ceiling effect, whereas higher baseline valence (§ = 0.04, SE = 0.02) was associated with greater
increases in agency over time. Several other characteristics were also associated with greater
increases in agency, including longer average smartphone screen time (8 = 0.09, SE = 0.01) and
reporting TikTok (B = 0.08, SE = 0.02), browsing (f = 0.10, SE = 0.02), gaming (B = 0.13, SE =
0.02), or messaging apps (B = 0.07, SE = 0.02) as the most frequently used app category, relative
to other app types. A broadly similar pattern emerged for changes in valence. Participants with
lower levels of baseline valence (f = -0.57, SE = 0.02) were associated with smaller subsequent
increases in valence. Participants who spent more time on their smartphones and those who
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primarily used browsing, gaming, messaging apps, or TikTok as their most frequently used app
category exhibited greater increases in valence over time. Together, these findings suggest that
both baseline mindsets and patterns of smartphone and app use are associated with changes in

agency and valence following the EMA period.
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Figure 2.5. Distribution of changes in social media use agency (A) and valence (B) mindsets
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Note: Agency and valence were measured on a 5-point scale (range = 1-5) at both baseline and endline. Data come from a 7-day Ecological
Momentary Assessment (EMA) study conducted in July 2025. Participants (N = 266; mean age = 37.9 years; 61.3% female) were English-
speaking U.S. adults recruited via Prolific who had used TikTok at least once in the past month. All participants provided informed consent.



3.4 Discussion

This study conceptualizes social media use as momentary goal pursuit and examines this
process using a seven-day observational EMA design that integrates self-reports with participant-
shared smartphone screenshots of screentime and, more importantly, objective TikTok data from
data donation package. At the within-person (state) level, we find that users who were more aware
of why they were engaging with social media, or who felt more strongly motivated at the moment
of use, reported happier, more meaningful, and more effortful social media experiences, as well
as higher levels of subjective well-being. Importantly, these associations were broadly robust
across different types of social media use goals, suggesting that the benefits of goal awareness
and goal strength are not confined to specific goals of use. In contrast, objective indicators of
TikTok use showed limited and inconsistent associations with goal-related constructs and well-
being, underscoring the challenges of inferring users’ subjective experiences from high-
dimensional and context-dependent behavioral traces alone. Although we observed some signals
suggestive of nonlinear associations between video-skipping behavior and happiness, these
findings should be interpreted with caution. In the sections below, we discuss the findings from

the perspectives:

3.4.1 Goal awareness reflection as a user-centered digital intervention

A central implication of our findings concerns the potential of momentary goal awareness
as a user-centered digital literacy intervention. Across moments of social media use, individuals
reported more positive experiences and better subjective well-being when they were more aware
of why they were engaging with social media at that moment. This state-level association
suggests that interventions that prompt users to reflect on their goal before or during use may
meaningfully improve digital well-being. This interpretation aligns with widely shared intuitions
from users. Anecdotal reports indicate that many users desire simple reminders or mindful pauses

that help them reconnect with their purpose for using social media and reduce distraction [196].
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Such intuitions have motivated prior work in psychology and human—computer interaction [197—
200], as well as the development of consumer-facing tools designed to introduce brief friction
before app use [201-203]. For example, the One Sec app has a built-in intervention that prompts
users to reflect on their goals before opening an app [202]. The intention reflection intervention
supports more mindful engagement by making users’ motivations salient at the moment of action.
Our findings provide empirical support for this approach by showing that goal awareness, even
when measured repeatedly in everyday contexts, is associated with better experiential and well-
being outcomes.

Notably, although not preregistered, we observed exploratory evidence that more than
half of participants showed improvements in their social media use mindsets, including perceived
agency and valence, over the seven-day EMA period, with larger improvements observed among
participants with higher overall screen time. This pattern suggests that repeatedly prompting users
to reflect on their motivations and experiences may itself function as a low-intensity intervention,
strengthening users’ sense of control and fostering more positive appraisals of social media use.
Building on these findings, we have started an experimental study that examines whether
intention-reflection interventions embedded in everyday use contexts can causally shape user

experiences and well-being outcomes.

3.4.2 Applying goal pursuit theory in social media use

Another contribution of this study is its conceptualization of social media use as a form of
momentary goal pursuit. Our work applies psychological goal theories to explain users’
experiences across diverse types of social media engagement. By treating social media use as a
sequence of goal-directed episodes rather than a monolithic behavior, we show that goal
awareness and goal strength are related to users’ experiences across a wide range of goals for
use. In this section, we discuss the lessons learned and unresolved challenges that arise from
applying the goal pursuit framework to social media use.
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One initial concern motivating this work was whether goal awareness would meaningfully
vary in social media contexts, given that much social media use is characterized as habitual and
automatic. Contrary to this concern, our data shows substantial moment-to-moment variation in
both goal awareness and goal strength, indicating that habitual use does not preclude conscious
awareness of goals during social media engagement. Moreover, the distribution of goal
awareness varied by goal type in conceptually coherent ways: when goals were concrete, such
as information seeking, social connection, or responding to notifications, users reported higher
levels of goal awareness, whereas use motivated by entertainment, passing time, or habit showed
lower and more dispersed levels of awareness. These patterns suggest that social media use
encompasses both highly intentional and weakly intentional episodes.

A second puzzle concerned whether the benefits of goal awareness and goal strength
would be limited to particular “constructive” goals, such as learning or social connection, rather
than extending to more hedonic or habitual forms of use. Instead, our findings suggest the
opposite: goal awareness plays a particularly important role in predicting social media use
experiences in use episodes where goal awareness may be low, such as coping, entertainment,
passing time, and habitual use. In contrast, for goal contexts where users already reported high
levels of awareness (e.g., information seeking or social connection), associations between goal
awareness and social media use and well-being outcomes were weaker or nonsignificant, likely
reflecting ceiling effects and reduced variability in awareness. Together, these results suggest
that it is not the content of users’ goals per se, but the degree to which those goals are consciously
accessible and motivationally engaged at the moment of use, that shapes social media
experiences.

Despite these advances, two unresolved questions remain. First, goal awareness and goal
strength were moderately to strongly correlated in our data (Figure A2.16), raising important
questions about cases in which users report high awareness of a goal that is nevertheless weakly
motivating with low strength. Although we conducted exploratory analyses using participants’
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open-ended descriptions of their motivations, we did not identify clear qualitative patterns that
distinguished such cases. Understanding when and why users are consciously aware of weak or
minimally motivating goals, and how these states differ from both strong goal pursuit and mindless
engagement, remains an open question for future research.

A second unresolved puzzle concerns how habitual social media use should be
conceptualized within a goal-pursuit framework. In highly automatized behaviors, analogous to
fastening a seatbelt upon entering a car without the need to consciously think about road safety,
individuals may act with minimal or no conscious awareness of underlying goals. Yet EMA
surveys necessarily prompt users to reflect on their goals. For social media use episodes that are
highly habitual, the survey may potentially induce post hoc inference of ones’ goals. In other words,
we do not know the cognitive processes users engage in when asked to report goals during highly
habitual use, and whether such reports reflect genuine momentary awareness or reconstructed
explanations. Addressing the challenge of integrating habitual use into theories of goal-directed
social media behavior is essential for future work aimed at improving digital literacy, promoting
mindful use, and informing product design and policy that center user values [57]. It is also critical
for developing measurement approaches that more precisely distinguish automatic engagement

from reflective goal pursuit.

3.4.3 Designing for user values and agency

Beyond implications for user psychology, our findings also speak to broader questions
about how goal pursuit and agency can be incorporated into the design of digital platforms. A
large body of literature characterizes social media use as a domain in which users struggle with
hyperbolic discounting [62,155,204], facing a persistent tension between short-term gratification
and longer-term value-based use goals, which further indicate failures in users’ self-control [205].
Analogous to dietary choices in which immediate pleasure often overrides long-term health goals,
social media platforms are frequently framed as environments optimized to deliver rapid, highly
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salient rewards that undermine users’ self-regulation over time. From this perspective, momentary
social media use is often implicitly treated as inherently misaligned with users’ longer-term
interests.

Our results complicate this narrative by showing substantial heterogeneity in users’
momentary goals and experiences. At the state level, users reported wide variation in what they
sought from social media at each moment of use, and greater goal awareness was associated
not only with increased happiness, but also with greater perceived meaningfulness and effort of
the use episodes. These findings suggest that momentary engagement need not be reduced to
impulsive or low-effort consumption driven solely by immediate reward. Instead, even within short
time horizons, social media use can reflect intentional, value-aligned goal pursuit that is
experienced as both effortful and meaningful. Our findings suggest a possible role for momentary
goal awareness in supporting social media use that balances immediate needs with broader
values and agency.

Although our analyses focus on users’ momentary goals and experiences, our findings
should not be interpreted as placing responsibility for digital well-being solely on individual users
[21]. Rather, they point to an important role for platform design in supporting users’ goals and
agency. When users are more aware of their goals or feel more strongly motivated at the moment
of engagement, they report better experiences and well-being in our study. This finding suggests
that platforms could meaningfully improve user outcomes by designing environments that detect,
respect, and align with users’ goals. From this perspective, fostering intentional engagement is
not merely a matter of individual self-control, but a shared responsibility in which platforms shape
the choice architectures and affordances that enable goal-consistent use. The third chapter of the
dissertation contains more details around this point.

At the same time, our findings highlight a fundamental design challenge: users’ goals are
dynamic, context-dependent, and heterogeneous across both moments and individuals. Goals
may vary at the state and trait levels, shift rapidly within sessions, and coexist in ways that are
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difficult to infer from behavioral signals alone. Designing systems that meaningfully respond to
such complexity, while allowing users to articulate, reflect on, and revise their goals, remains an
open problem. Despite the challenge, the bottom line is that rather than optimizing solely for
engagement, platforms need to develop mechanisms that help users clarify what they want in a
given moment and curate experiences accordingly. While addressing these challenges is beyond
the scope of the present study, our findings motivate future work on how platforms can
operationalize goal-sensitive design in ways that enhance user agency without overburdening
users.

Finally, we note that these implications extend beyond social media platforms to the
emerging design of LLMs, Al chatbots, and the general Al-driven tools. Much like early social
media, contemporary Al systems are primarily developed and evaluated through technical
benchmarks emphasizing accuracy, efficiency, or task performance [206]. Yet these systems
increasingly function as interactive products embedded in users’ everyday lives, shaping
experiences, decisions, and well-being. Our findings underscore the importance of incorporating
user goals and values into the evaluation and design of such systems. As Al technologies
continue to evolve, insights from social science, human—computer interaction, and user
experience research will be essential for ensuring that these systems align with users’ intentions

rather than exploit their attention, attachments, or sense of agency.

3.4.4 Implication from the analysis on objective TikTok

In this final section, we discuss findings on the associations between objective TikTok use
behaviors and goal awareness, goal strength, and well-being. We initially hypothesized that
individuals who engage with social media with greater goal awareness or stronger motivation
would exhibit systematically different patterns of TikTok use compared to those with lower levels
of goal pursuit processes. Contrary to this expectation, we found little evidence of consistent
associations between objective TikTok behavioral indicators and goal-related psychological

105



constructs or social media use experience and well-being outcomes. While a small number of
descriptive patterns emerged, such as associations between faster video skipping and
momentary happiness, these results should be interpreted cautiously given the lack of consistent
findings.

One interpretation of the lack of behavioral signals about goal awareness from objective
TikTok data is that our current analytic approach may be insufficient to capture the high-
dimensional and context-dependent nature of TikTok use. The same observable behaviors, such
as video skips, can reflect qualitatively different psychological states. For example, rapid video
skipping may indicate disengaged, mindless browsing in some contexts, but deliberate
exploration or efficient filtering in others; conversely, prolonged viewing may reflect either deep
interest or passive immersion driven by algorithmic recommendation. As a result, simple
behavioral summaries, such as average viewing duration or skipping rates, may be insufficient to
capture the underlying psychological meaning of platform use. From this perspective, the absence
of robust behavioral signals for goal pursuit process from objective TikTok use data may reflect a
mismatch between the complexity of users’ experiences and the granularity of analyses we
conducted.

Alternatively, the divergence between self-report and behavioral associations may also
reflect common-method bias [207]. Because goal awareness, goal strength, and well-being are
all assessed via the same self-report EMA instrument, while objective TikTok behavioral
indicators are measured in a different way. Shared method variance, such as acquiescence bias
and social desirability, may partially inflate their inter-associations, while objective TikTok
behaviors are not subject to the same inflation. Although the real-time, in-the-moment nature of
EMA assessments reduces several traditional sources of common-method bias relative to cross-
sectional, retrospective surveys, we acknowledge that it does not eliminate them entirely.

The mismatch between the complexity of social media use experience and analytic
granularity points to important directions for future research. Rather than focusing solely on
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aggregated behavioral metrics (e.g., active engagement or video-skipping rates), future research
may benefit from incorporating the content and contextual features of social media use into the
analysis. One promising hypothesis is that intentional social media use may be reflected less in
how users interact with content (e.g., how quickly they skip) and more in what content they are
exposed to and engage with. For instance, individuals with higher goal awareness may encounter
or select more homogeneous, goal-aligned content that reflects stable interests or higher
cognitive engagement, whereas less intentional use may be associated with more heterogeneous
or repetitive content optimized primarily for attention capture. Examining content characteristics
alongside behavioral traces may therefore provide a more sensitive lens for detecting how goal
pursuit manifests in digital environments.

An alternative interpretation of the largely null associations between objective TikTok use
behaviors and goal awareness, goal strength, and well-being is that subjective experience and
objective behavior may be only weakly related. Under this account, individuals’ self-reported
awareness, motivation, and well-being reflect subjective appraisals of their engagement that are
not tightly mapped onto observable behavioral traces. Although such a dissociation may appear
counterintuitive, similar discrepancies between subjective judgments and objective behavior have
been documented in social media use [208], as well as across multiple domains in psychology,
such as memory [209] and attention [210,211].

If subjective experience and objective behavior are indeed partially decoupled, the
implications for digital well-being shift accordingly. Rather than focusing exclusively on modifying
behavioral patterns or usage metrics, interventions may be more effective when they target users’
interpretations, appraisals, and sense of agency regarding their own behavior. This perspective
aligns closely with emerging work on social media mindsets [53] and agency in social media use.
From this standpoint, digital well-being may be less about achieving externally defined “optimal”

usage patterns and more about supporting users in developing self-understandings and
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experiences of use that feel intentional, agentic, aligned with their goals, and psychologically

satisfying.

3.4.5 Limitations

Several limitations of this study should be acknowledged. First, our design relies on
participants’ self-reports of goal awareness and motivational strength over the past hour. These
measures are metacognitive in nature and inherently susceptible to self-perception processes
[212]. In the context of EMA, participants may infer or reconstruct their motivations post hoc rather
than report directly accessible mental states. Such reports may therefore be influenced by recall
bias, social desirability bias, or broader self-appraisal tendencies, and may not perfectly reflect
momentary motivational states as they unfolded in real time. This concern may be particularly
salient in contexts of habitual or automatic use, where goals may not be fully accessible to
conscious awareness, as discussed above. Moreover, given the observational nature of the study,
we cannot fully rule out confounding between well-being outcomes and biases from the self
perception process. For example, individuals experiencing more positive momentary affect may
be more likely to construe their engagement as intentional or goal-directed, simultaneously
reporting higher goal awareness, stronger motivation, and better well-being. To address these
concerns, we are conducting a follow-up study employing an experimental pop-up survey design
that prompts users to report goal awareness at the moment of app opening. This design not only
reduces bias from self perception, but also allows for causal tests of whether prompting goal
awareness can itself function as an intervention to enhance digital literacy and well-being.

Second, despite extensive efforts to maximize data coverage, missing data remain a
limitation across multiple sources, including EMA surveys, smartphone screenshots, and TikTok
data donation packages. In particular, objective behavioral analyses were restricted to TikTok
because comparable donated data were unavailable for other platforms, and not all EMA-reported
usage episodes could be linked to objective records. As a result, some episodes of social media
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use, especially those involving non-TikTok platforms, are excluded from analyses on the objective
behavioral signals for goal awareness and goal strength.

Third, our analyses, especially those involving objective TikTok behaviors, entailed
multiple hypothesis tests aimed at identifying potential signals in high-dimensional data. Although
this approach was appropriate for hypothesis generation and pattern discovery, many tests were
not adjusted for multiple comparisons and should be interpreted cautiously. Future research will
benefit from preregistered hypotheses, tighter model specifications, and confirmatory designs to
rigorously evaluate the behavioral pathways suggested by the present findings. More specifically,
we are extending our analyses of objective TikTok data by linking behavioral patterns with the
content of viewed videos. Together with recent large-scale data donation efforts in research [213—
215], these advances are expected to enable the development of theory-driven and interpretable
models that move beyond purely exploratory data mining.

Fourth, the sample was purposively recruited via Prolific, an online research panel, with
screening criteria targeting frequent TikTok users in the United States. As a result, the sample is
not representative of the U.S. adult population. Specifically, participants were younger, more likely
to be female, and more active on social media than the general population. As an opt-in
convenience panel, the current study does not use a probability-based sampling, and sampling
weights are not applicable given that the primary analyses examine within-person psychological
processes rather than population-level estimates. Furthermore, participation in the TikTok data
donation component introduces an additional layer of selection bias. Participants who consented
to share their behavioral data may differ systematically from those who declined, for example in
their comfort with data sharing, level of platform engagement, or attitudes toward social media
use. This may limit the representativeness of the subsample used in the objective behavioral
analyses. Generalizability of the findings to less frequent social media users, older adults, or
populations outside the United States remains an open question. Future research would benefit
from more diverse samples, including participants from non-Western contexts and lower social
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media engagement groups, to establish the boundary conditions of the goal pursuit framework in

digital environments.

3.5 Conclusion

This chapter examined social media use through the lens of momentary goal pursuit,
combining a seven-day EMA with smartphone screenshots and TikTok data donation to capture
both subjective experiences and objective behaviors in state-level social media use. Applying
goal-pursuit theory to social media engagement, we found that higher levels of goal awareness
and goal strength at the moment of use were consistently associated with happier, more
meaningful social media experiences and greater happiness. Importantly, these associations
were broadly robust across different types of social media use goals, suggesting that the
awareness of goals matters regardless of whether users engage for entertainment, coping,
information seeking, or habitual reasons.

At the same time, we found little evidence that higher goal awareness or strength
translated into systematic differences in objective TikTok use patterns, such as usage duration,
session frequency, video skipping, or active engagement. These objective patterns of TikTok use
were not significantly associated with well-being outcomes, with the exception that people who
watch a smaller proportion of each video before skipping tend to report higher happiness, high
meaningfulness of social media experience, and higher level of goal strength. In general, these
largely null findings highlight the complexity of real-world digital behavior and the limits of inferring
psychological states from platform traces alone, while also underscoring the challenges of
studying highly habitual and high-dimensional forms of engagement.

Taken together, these results suggest that supporting users’ goal pursuit, particularly by
enhancing goal awareness during use, may improve digital well-being. This perspective highlights
promising opportunities for user-centered digital literacy interventions, while also raising deeper
questions about how habitual use can be meaningfully integrated into goal-pursuit frameworks.
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Beyond individual behavior, our findings underscore the responsibility of platforms to design
systems that align with users’ goals and support agency rather than merely maximizing
engagement. At the same time, our empirical analyses illustrate both the promise and the difficulty
of integrating subjective experience with objective digital trace data. Finally, the insights from this
work extend beyond social media to emerging Al-driven systems, where aligning technology with

human goals and well-being remains an urgent and unresolved challenge.
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Supplementary materials

Figures

Figure A2.1. Number of surveys by EMA burst in the study
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent.
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Figure A2.2. The screenshot compliance rate

(A) Distribution of donated screenshots per user (B) Number of Screenshots by Days in Study
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent. Objective social media use
time data were collected via participant-submitted screenshots of smartphone screen-time summaries. Text of total
screentime and app-specific screentime were extracted from screenshots.

Figure A2.3. The quality of screenshots
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent. Objective social media use
time data were collected via participant-submitted screenshots of smartphone screen-time summaries. Text of total
screentime and app-specific screentime were extracted from screenshots.
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Figure A2.4. Distribution of the baseline problematic social media use (PSMU)
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent.
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Figure A2.5. Distribution of the baseline social media mindset (Agency)

Distribution of Baseline Social Media Mindset (Agency)
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants

(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent.
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Figure A2.6. Distribution of the baseline social media mindset (Valence)

Distribution of Baseline Social Media Mindset (Valence)
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent.
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Figure A2.7. The distribution of goal awareness and goal strength in the current study

(A) Goal Awareness
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(B) Goal Strength

In the past hour, when you use [the mosted used social media platform],
how motivated were you to achieve the reason you describe in the previous question?
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants

(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent.
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Figure A2.8. Distribution of goal awareness across subgroups defined by self-reported
social media use goals

(A) Goal: Information seeking, productivity (B) Goal: Social connection, expression (C) Goal: Trigger driven use
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent.
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Figure A2.9. Distribution of goal strength across subgroups defined by self-reported

social media use goals
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent.
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Figure A2.10. Distribution of TikTok use behaviors, including observed time use (A),
number of sessions (B), number of active activities (C), active activities per video view
(D), number of video skips (E), proportion of videos skipped among all video views (F),
time before video skipped (G), and time before video skip relative to total video duration
(H), among 2-hour TikTok use episodes preceding EMA surveys
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent. Donated TikTok data
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included time-stamped records of user activities and content interactions, which were linked to EMA reports and
restricted to bursts in which TikTok was identified as the most-used app.
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Figure A2.11. Active engagement and video skipping across self-reported tiktok use
goals
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent. Donated TikTok data
included time-stamped records of user activities and content interactions, which were linked to EMA reports and
restricted to bursts in which TikTok was identified as the most-used app.
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Figure A2.12. Temporal variation in self-reported social media experiences and activities

(C) Proportion of browsing on social media

(F) Happiness

Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent.
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Figure A2.13. Temporal variation in objective tiktok use variables

(A) Observed total use duration on TikTok (B) Number of sessions in TikTok use episode (C) Number of active activities on TikTok
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent. Donated TikTok data
included time-stamped records of user activities and content interactions, which were linked to EMA reports and

restricted to bursts in which TikTok was identified as the most-used app.
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Figure A2.14. Within-person (A) and between-person (B) correlations between TikTok use
behaviors and goal awareness, goal strength, social media use experience, and
subjective well-being
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(B) Between-person correlation
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent. Donated TikTok data
included time-stamped records of user activities and content interactions, which were linked to EMA reports and
restricted to bursts in which TikTok was identified as the most-used app. Analyses reported are between-person and
within-person Pearson correlations computed from person-level means and person-mean-centered deviations,
respectively.
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Figure A2.15. Important variables selected by random forest analysis
(A) Time before video skipped (B) Goal awareness of social media
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent. Donated TikTok data
included time-stamped records of user activities and content interactions, which were linked to EMA reports and
restricted to bursts in which TikTok was identified as the most-used app.Predictor importance was assessed using
random forest models with Hybrid/Mundlak feature decomposition to capture nonlinear, high-dimensional
associations while disentangling within- and between-person effects.

e p_w: Within-person EMA survey measures, including momentary independent variables (goal awareness,

goal strength) and time-varying covariates related to social media use and goals.
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p_b: Between-person (person-mean) versions of EMA survey variables, capturing stable individual
differences in goals and social media use reported during the EMA period.

s_self: Stable person-level characteristics, including demographics, baseline psychological traits (e.g.,
anxiety, depression), social media use mindset, need for cognition, problematic social media use, total
screen time, and dominant platform use.

s_ddp: Long-term person-level TikTok behavioral indicators derived from the full data donation history (e.g.,
total activity count, average daily activity since platform adoption).

ddp_b: Person-level TikTok activity aggregated over the 14-day EMA window.

ddp_w: Within-person fluctuations in TikTok activity during the EMA period.

wb_b: Between-person measures of subjective experience and well-being (person means across EMA).
wb_w: Within-person deviations in subjective experience and well-being during EMA.

todw: Temporal context variables, including day of week and time of day.
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Figure A2.16. Heatmap of the distribution of goal awareness and goal strength in social
media use
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Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent.
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Tables

Table A2.1. Performance of text classifier for social media use motivation

Example N (%) Cohen k| Precision [ Recall | F1
"Coping To distract myself. 247 (0.06) 0.77 0.88| 0.71|0.79
Entertainment |Scro|ling for entertainment. |717 (0.17) | 0.75| 0.66| 0.97| 0.78
| used it because it is an
Habitual use addictive force of habit. 399 (0.09) 0.64 0.67| 0.67(0.67
Info seeking |Looking for a show to watch. |995 (0.23) | 0.76| 0.80| 0.81 | 0.81
Passing time || want to kil time. |1059 (0.25) | 0.90| 0.92| 0.92| 0.92
Trigger driven |got a notification |113 (0.03) | 0.72| 0.79| 0.69| 0.73
Productivity || used it to create a WFH video. |142 (0.03) | 0.87| 0.78| 0.99| 0.88
| use it to post and share my
Self-expression thoughts. 648 (0.15) 0.70 0.55[ 0.99] 0.71
Contacting friends via
Social connection DMs/messages. 352 (0.08) 0.67 0.74| 0.70|0.72
Activity / context only || wanted to watch some videos. |996 (0.23) | 0.69| o.70| o.79| 0.74

Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent. Open-ended responses in
each EMA survey describing reasons for social media use were classified into 10 intention categories using an LLM-
assisted coding approach (GPT-4.0) guided by a literature-based codebook, with reliability assessed via comparison

to human coding.
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Table A2.2. Demographic characteristics of the study sample (N=4,318)

Variable Statistics
‘Age '38.1 (11.9)
Sex, female (%) 61.5
Ethnicity, White (%) 69.1
Ethnicity, Black (%) 17.1
Ethnicity, Asian (%) 6.2
Ethnicity, Others (%) 7.4

Is student (%) 17.9
Unemployed (%) 4.1

Country of birth, Non US (%) 53

Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. All participants provided informed consent.
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Table A2.3. Descriptive statistics for key variables measured in the EMA study
N Between- Within-
(EMA) N (person) Scale (Min--Max) Mean SD P25P50P75Person SDPerson SD ICC

Goal pursuit variables

Goal awareness 4299 263 1--5 3606 1.183 3 4 5 0.881 0.854 0.516
Goal strength 4290 263 1--5 336 1155 3 3 4 0.829 0.846 0.490
SMU experience in the past hour was:
Happy 4286 263 1--5 3.591 1042 3 4 4 0.846 0.694 0.598
Meaningful 4286 263 1--5 3411 1195 3 4 4 0.934 0.8 0.577
Effortful 4286 263 1--5 2409 1308 1 2 3 1.076 0.784 0.653
Subjective Well-being
Happy 4292 263 0--100 61.129 28.58 44 64 84 25.233 14.764 0.745
Angry (r*) 4292 263 0--100 4728 13693 0 0 O 13.358 10.592 0.614
Inspired 4290 263 0--100 36.535 33.863 0 29 64 28.866 16.967 0.743
Lonely (r*) 4288 263 0--100 13.54 25442 0 0 14 22.268 13.278 0.738
Distressed (r*) 4288 263 0--100 9.927 19.274 0 0 11 16.1 13.082 0.602
Life satisfaction 4288 263 0--100 61.66 28.559 44 65 85 26.467 13.298 0.798
Level of social media use activity engagement in the past hour:
Posting 4305 263 0--60 3.931 10462 0 0 O 9.404 7.5 0.611
Browsing 4304 263 0--60 20.451 16.426 8 16 30 12.563 12.596 0.499
Searching 4303 263 0--60 7.155 12277 0 1 9 11.045 7.596 0.679
Messaging 4302 263 0--60 4525 10872 0 0 3 8.938 7.37 0.595
Commenting 4101 262 0--60 7432 12.032 0 2 10 10.759 7.099 0.697

*r: Reverse coded
Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants (N = 266; mean age = 37.9 years; 61.3%
female) were English-speaking U.S. adults recruited via Prolific who had used TikTok at least once in the past month. All participants provided informed consent.
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Table A2.4. Descriptive statistics for screentime from the user shared screenshots in the current study

N Between- Within-
N (person Scale Person Person
(EMA) ) (Min--Max) Mean SD P25 P50 P75 SD SD ICC

Total screen
time 1270 235 0--1433 430.615 274.163 268 385.5 538 242.57 204.103 0.585

By app categories
Social 1270 235 0--1363 166.196 158.59 56 136.5 233 129.109 108.697 0.585

Productivity 1270 235 0--1237 56.782 114581 O 9 68 89.279 85.451 0.522
Entertainment 1270 235 0--1390 45251 12202 O 0 22 89.259 83.767 0.532
Games 1270 235 0--1378 33.5 100514 O 0 0 118.209 70.592 0.737
Utilities 1270 235 0--954 30.343 86.616 O 0 8 66.881 61.654 0.541
Information 1270 235 0--948 21.025 69.813 O 0 0 43.332 58.569 0.354
Shop 1270 235 0--507 9.333 38.062 O 0 0 23.157 35.431 0.299
Others 1270 235 0--849 24131 75.03 0 0 0 53.501 65.705 0.399

By apps
TikTok 1270 235 0--1019 52.092 105.708 O 0 65.75 89.097 69.636 0.621
Browser 1270 235 0--1308 71.427 126.103 O 16 94 96.158 87.748 0.546
Game apps 1270 235 0--1358 30.174 98917 O 0 0 126.506 64.607 0.793
Message apps 1270 235 0--1384 29.322 85611 O 0 19 71.354 59.72 0.588
YouTube 1270 235 0--1429 25.357 95433 O 0 0 70.421 59.767 0.581
Facebook 1270 235 0--750 25209 57474 O 0 29 47.272 41422 0.566
Instagram 1270 235 0--897 16.62 52229 0 0 0 34.573 39.811 0.43
Mail apps 1270 235 0--899 11.836 63.311 O 0 0 46.589 48.803 0476
ChatGPT 1270 235 0--836 5964 48272 O 0 0 36.041 29.508 0.599

Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants (N = 266; mean age = 37.9 years; 61.3%
female) were English-speaking U.S. adults recruited via Prolific who had used TikTok at least once in the past month. All participants provided informed consent.
Objective social media use time was derived from participant-submitted smartphone screen-time screenshots processed via an established text-recognition
pipeline, with quality checks applied to ensure temporal alignment and data validity.
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Table A2.5. Descriptive statistics of activities on TikTok, extracted from user donated TikTok data

N N Scale (Min- Between- Within-
Mean SD P25 P50 P75 Person Person ICC
(EMA) (person) Max)
SD SD
Total use duration (sec) 794 124 7--8,455  1626.4411336.802575.751264.52379.75 798.443 1126.69 0.334
Number of sessions* 794 124 1--25 4237 3.389 2 3 6 2.016 2.565 0.382
Basic TikTok activities (frequency)
All activities 807 124 1--696 88.691 86.816 28 65 1225 47.629 69.669 0.319
View 807 124 0--692 78.802 82184 225 53 1105 44.979 64.637 0.326
Like 633 101 0--87 4468 9.123 0 1 5 6.367 6.764 0.47
Login 807 124 0--38 4.2 4.243 1 3 6 2.555 2974 0425
Search 804 123 0--20 1.218  2.095 0 0 2 1.343 1.792 0.36
Share 774 114 0--9 0.309 1.016 0 0 0 0.8 0.8 0.5
Comment 579 90 0--15 0.247 1.276 0 0 0 0.701 0.851 0.404
Post 291 45 0--1 0.007 0.083 0 0 0 0.05 0.1 0.203
Follow 767 115 0--5 0.156 0.53 0 0 0 0.452 0.508 0.441
Favorite 740 109 0--15 0.38 1.286 0 0 0 1.131 1.088 0.519
Active activities (like, follow, favorite, search, comment, share, and post)
Number of active events 807 124 0--110 5.69 9.748 0 2 7 6.9 7473 0.46
Active activities per view 794 124 0--3 0.126  0.234 0 0.038 0.143 0.259 0.266 0.486
Active activities per minute of use 794 124 0--7.83 0.29 0.603 0 0.109 0.348 0.625 0.784 0.389
Video skip behaviors
Number of video skips 794 124 0--613 59.252 68.815 14 36 79.75 37.816 52.705 0.34
Video skips per view 794 124 0--0.989 0.646 0.197 0.568 0.687 0.776 0.16 0.189 0.419
Video skips per minute of use 794 124 0--14 2.141 1.753 0.951 1.812 2.734 1.307 1.31 0.499
Skip latency (time to skip, in sec) 765 121 0--368 12457 17.389 6.5 9.452 14.043 7.77 16.735 0.177
Skip latency (time to skip/video duration,
in prop) 765 121 0--0.957 0.254 0.101 0.204 0.247 0.293 0.065 0.096 0.315

Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants (N = 266; mean age = 37.9 years; 61.3%
female) were English-speaking U.S. adults recruited via Prolific who had used TikTok at least once in the past month. All participants provided informed consent.
Donated TikTok data included time-stamped records of user activities and content interactions, which were linked to EMA reports and restricted to bursts in which

TikTok was identified as the most-used app.



Table A2.6. Associations of goal awareness and goal strength with subjective well-being
and social media use experience, by subgroups of momentary goals

Coping Information Connection Habit Response Goal
Entertain Productivity Expression Pass time to triggers is unclear
Outcome: Happy
Goal awareness (w) 0.07 (0.02)* 0.03 (0.02) -0.01(0.03) 0.04 (0.02)* -0.05 (0.04) 0.08 (0.03)*
Goal awareness (b) 0.18 (0.09)* 0.16 (0.10) 0.04 (0.12) 0.21 (0.09)* 0.05(0.12) 0.16 (0.10)
Goal strength (w) 0.04 (0.03) 0.07 (0.02)* 0.06 (0.03)* 0.03(0.02) 0.08 (0.03)* 0.08 (0.03)*
Goal strength (b) 0.28 (0.10)* 0.35 (0.10)* 0.39 (0.12)* 0.35(0.09)* 0.44 (0.12)* 0.33 (0.10)*
Outcome: Inspired
Goal awareness (w) 0.07 (0.03)* 0.02 (0.02) -0.04 (0.03) 0.01(0.02) 0.04 (0.02)
Goal awareness (b) 0.08 (0.09) 0.08 (0.09) -0.00(0.11) 0.01 (0.08) -0.00 (0.10)
Goal strength (w) 0.05 (0.02)* 0.08 (0.03)* 0.14 (0.04)* 0.05 (0.02)* 0.07 (0.03)*
Goal strength (b) 0.37 (0.09)* 0.31 (0.09)* 0.37 (0.11)* 0.39 (0.09)* 0.35 (0.10)*
Outcome: Less distressed
Goal awareness (w) 0.03 (0.03) -0.06 (0.06) 0.02 (0.02)
Goal awareness (b) 0.06 (0.10) 0.19 (0.13) 0.16 (0.11)
Goal strength (w) -0.00 (0.04) 0.10 (0.08) 0.03 (0.03)
Goal strength (b) -0.05 (0.10) 0.02 (0.13) -0.18 (0.11)
Outcome: Less lonely
Goal awareness (w) 0.05 (0.02)* 0.03 (0.02) -0.05(0.03) 0.06 (0.02)* -0.05 (0.04) -0.01 (0.02)
Goal awareness (b) -0.03 (0.10) 0.08 (0.11) -0.12(0.12) -0.06 (0.10) 0.03 (0.13) 0.05 (0.11)
Goal strength (w) -0.02 (0.02) -0.00 (0.02) 0.04 (0.03) -0.00(0.02) 0.03(0.04) 0.01(0.02)
Goal strength (b) 0.19 (0.11) 0.11(0.10) 0.24 (0.12) 0.22 (0.11)* 0.23 (0.13) 0.11(0.12)
SMU experience is happy
Goal awareness (w) 0.10 (0.03)* 0.02 (0.03) 0.07 (0.03)* 0.06 (0.03)
Goal awareness (b) 0.01 (0.07) 0.01 (0.08) 0.02 (0.07) 0.05 (0.07)
Goal strength (w) 0.16 (0.04)* 0.17 (0.03)* 0.13 (0.03)* 0.21 (0.03)*
Goal strength (b) 0.51 (0.07)* 0.47 (0.08)* 0.49 (0.08)* 0.41 (0.07)*
SMU experience is meaningful
Goal awareness (w) 0.08 (0.03)* 0.06 (0.03) 0.03 (0.03) 0.07 (0.02)* 0.03 (0.03)
Goal awareness (b) 0.10 (0.07) 0.04 (0.07) -0.09 (0.08) 0.08 (0.07) 0.11 (0.07)
Goal strength (w) 0.17 (0.03)* 0.20 (0.03)* 0.26 (0.04)* 0.13 (0.02)* 0.20 (0.04)*
Goal strength (b) 0.45 (0.07)* 0.42 (0.07)* 0.48 (0.08)* 0.40 (0.08)* 0.39 (0.07)*
SMU experience is effortful
Goal awareness (w) 0.04 (0.03) 0.06 (0.03)* 0.01 (0.02) 0.01 (0.02)
Goal awareness (b) -0.09 (0.09) -0.04 (0.10) -0.03 (0.08) -0.08 (0.11)
Goal strength (w) -0.02 (0.03) 0.03 (0.03) 0.03 (0.02) 0.05 (0.03)
Goal strength (b) 0.25 (0.10)* 0.22 (0.10)* 0.15 (0.09) 0.30 (0.11)*

Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants
(N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific who had
used TikTok at least once in the past month. Reported results are derived from separate three-level linear mixed-
effects models within subsets defined by social media use goal type, using identical model specifications to those in
the main analyses in H1. * indicates P value < 0.05. Results from models that fail to converge in estimation were not

presented.
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Table A2.7. Associations of social media goal awareness and strength with happiness, moderated by group subgroups

Coping & Information & Connection & Habitual use & Response to

Entertainment Productivity Expression  Passing time triggers Goal unclear
Goal awareness (within) 0.03 (0.01)* 0.04 (0.01)* 0.05(0.01)* 0.04 (0.01)* 0.04 (0.01)* 0.03(0.01)*
Goal awareness (between) 0.11(0.08) 0.10(0.08) 0.11(0.08) 0.12(0.08) 0.11(0.08) 0.11(0.08)
Goal strength (within) 0.06 (0.01)* 0.06 (0.01)* 0.05(0.01)* 0.07 (0.01)* 0.06 (0.01)* 0.06 (0.01)*
Goal strength (between) 0.34 (0.08)* 0.35(0.08)* 0.36(0.08)* 0.35(0.08) 0.35(0.08)* 0.36 (0.08)*
Goal subgroup -0.04 (0.02) -0.02(0.02) 0.08 (0.03)* 0.00 (0.02) 0.08 (0.03)* -0.03 (0.02)
Awareness (within) x goal subgroup 0.03 (0.02) -0.01(0.02) -0.07 (0.03)* 0.00 (0.02) -0.05(0.04) 0.03(0.02)
Awareness (between) x goal subgroup  0.01 (0.03) 0.03(0.03) 0.03(0.04) -0.01(0.03) -0.03(0.05) 0.01(0.04)
Strength (within) x goal subgroup 0.00 (0.02) 0.01(0.02) 0.04(0.03) -0.03(0.02) 0.03(0.03) 0.02(0.02)
Strength (between) x goal subgroup 0.03 (0.04) 0.01(0.03) -0.05(0.04) 0.02(0.03) -0.02 (0.05) -0.02 (0.04)

Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025. Participants (N = 266; mean age = 37.9 years; 61.3%

female) were English-speaking U.S. adults recruited via Prolific who had used TikTok at least once in the past month. Reported results are derived from separate
three-level linear mixed-effects models within subsets defined by social media use goal type, using identical model specifications to those in the main analyses in

H1. * indicates P value < 0.05. Estimates are from three-level linear mixed-effects models with interaction terms testing whether social media use goal type
moderates within-person and between-person associations between goal awareness, goal strength, and outcomes.



Table A2.8. Mediation analysis of goal awareness and goal strength on happy social

media experience via objective tiktok use

X = Goal awareness

X = Goal strength

term Estimate (SE) term Estimate (SE)
m = Number of active activities

dm:time_c 0.02 (0.02) | dm:time_c 0.02 (0.02)

time_c:dy -0.01 (0.0)* | time_c:dy -0.01 (0.0)*
dm:X -0.02 (0.34) | dm:X 0.19 (0.33)
dy:X 0.21 (0.04)* | dy:X 0.25 (0.04)*
dy:M 0.0 (0.0) | dy:M 0.0 (0.0)

m = Ratio of view skipped

dm:time_c 0.0 (0.0) | dm:time_c 0.0 (0.0)

time_c:dy -0.01 (0.0)* | time_c:dy -0.01 (0.0)*
dm:X 0.0 (0.01) | dm:X -0.0 (0.01)
dy:X 0.22 (0.04)* | dy:X 0.25 (0.04)*
dy:M 0.01 (0.15) | dy:M 0.04 (0.16)

m = Time before video skipped relative to video duration

dm:time_c 0.0 (0.0) | dm:time_c 0.0 (0.0)

time_c:dy -0.01 (0.0)* | time_c:dy -0.01 (0.0)*
dm:X -0.0 (0.01) | dm:X -0.0 (0.01)
dy:X 0.2 (0.04)* | dy:X 0.24 (0.03)*
dy:M 0.45 (0.42) | dy:M 0.43 (0.42)

Note: Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025.
Participants (N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific
who had used TikTok at least once in the past month. All participants provided informed consent. Donated TikTok
data included time-stamped records of user activities and content interactions, which were linked to EMA reports and
restricted to bursts in which TikTok was identified as the most-used app. Indirect effects were tested using multilevel
mediation analyses estimated with linear mixed-effects models, examining whether objective TikTok use variables
mediated within-person associations between goal-related predictors and happiness, with time included as a

covariate. Specifically:

e dm:time_c: The coefficient for dm:time_c represents the within-person time trend in objective TikTok use,
indicating whether individuals’ TikTok use systematically increases or decreases over the study period.

e time_c:dy: The coefficient for time_c:dy represents the within-person time trend in social media experience
being happy, indicating whether reported happiness changes over time independent of predictors.

e dm:X: The coefficient for dm:X represents the a path, indicating the extent to which goal awareness (or goal

strength) predicts within-person variation in objective TikTok use.

e dy:M: The coefficient for dy:M represents the b path, indicating whether within-person variation in objective

TikTok use is associated with happy social media experience.

e dy:X: The coefficient for dy:X represents the direct effect (¢’ path) of goal awareness (or goal strength) on

happy social media experience, adjusting for objective TikTok use.

136



Table A2.9. Results from linear regression models predicting change in agency and
valence from baseline characteristics

Change in Agency

Change in Valence

Intercept -0.00 (0.01)* -0.00 (0.01)
Age 0.03 (0.02) 0.07 (0.01)*
Female -0.05 (0.01)* -0.01 (0.01)
Anxiety -0.09 (0.02)* -0.12 (0.02)*
Depression -0.16 (0.02)* 0.02 (0.02)
FOMO -0.03 (0.02) -0.04 (0.02)*
Baseline agency mindset -0.53 (0.02)* -0.00 (0.02)
Baseline valence mindset 0.04 (0.02)* -0.57 (0.02)*
Problematic social media use -0.03 (0.02) 0.05 (0.02)*
Social network size 0.02 (0.02) 0.12 (0.01)*
Need for cognition 0.19 (0.01)* 0.13 (0.01)*
Most used app: browser 0.10 (0.02)* 0.18 (0.02)*
Most used app: game 0.13 (0.02)* 0.12 (0.02)*
Most used app: messaging apps 0.07 (0.02)* 0.16 (0.01)*
Most used app: TikTok 0.08 (0.02)* 0.21 (0.02)*
Screentime on smartphone 0.09 (0.01)* 0.18 (0.01)*
Adjusted R square 0.288 0.386

Note: Note: Data come from a 7-day Ecological Momentary Assessment (EMA) study conducted in July 2025.
Participants (N = 266; mean age = 37.9 years; 61.3% female) were English-speaking U.S. adults recruited via Prolific
who had used TikTok at least once in the past month. All participants provided informed consent. Exploratory
analyses examined individual-level changes in agency and valence mindsets from baseline to post-EMA and used
linear regression models to identify baseline predictors of these changes.
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Codebook

Section 1: LL M-assisted content analysis
codebook_type_of use ={
"M1": {

"label": "Information Seeking",

"description": "Using social media to actively search for, look for, or find information,
content, or updates. This includes seeking knowledge, tutorials, recommendations, shopping
information, or inspiration, as well as checking for what is new or happening (e.g., events, news,
updates from creators). The defining feature is that the user is deliberately seeking something,
rather than casually consuming content for fun or habit.",

"examples": [

"Looking for a show to watch.",

"To see what happened at Tomorrowland (main stage burned down).",
"l was looking at videos and posts of the band | saw from other people that was there.",
"Needed a tutorial.",

"Shopping for clothes.",

"l was looking for inspiration but found nothing.",

"To see what's new going on.",

"To check if someone posted.",

"Wanted to see a few of my faves and if they posted.",

"To keep up with accounts | follow.",

"To get updates.”

]
13
"M2"{
"label": "Social Connection",
"description": "Using social media to connect with one’s own social network, such as friends
or family.",

"examples": [
"Contacting friends via DMs/messages.",
"I have went on to keep up with the news about Trump and my friends.",
"To keep up with friends and family and stay in the know."

]
2
"M3": {

"label": "Self-Expression”,

"description": "Using social media to actively express oneself, share one’s own perspective, or
engage in interactions that reflect one’s thoughts. This includes creating posts, uploading
content, commenting, interacting and participating in visible ways on the platform. It does not
include passively viewing others’ content, seeing updates from others, or replying to individual
messages.",

"examples": [
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"l use it to post and share my thoughts.",

"To express myself on I1G.",

"l wanted to post about the passing of Ozzy Osborne.",
" commented on a video",

"I made a morning post",

]
}

"M4": {

"label": "Entertainment / Relaxation",

"description":"Using social media explicitly for fun, amusement, casual leisure, or lighthearted
relaxation. This includes engaging with humorous, playful, relaxing, or entertaining content, or
using the platform as background company. To be classified as Entertainment / Relaxation, a
response must clearly indicate enjoyment, fun, relaxation, or amusement. Do not assign to this
category if the response only (1) describes an activity without expressing enjoyment (e.g., ‘I
am watching videos” — should be M10; ‘to watch videos and news’ — should be M10 and
M1), (2) refers to coping with negative states such as stress, fatigue, or iliness (see M6), or (3)
describes news, tutorials, or other information-seeking purposes (see M1).",

"examples": [

"Scrolling for entertainment.”,

"Basically | use it for fun.",

"To enjoy watching funny videos.",

'l use it to relax after a whole day busy work.',

"Watching dance challenges on TikTok for fun.",

"It is very interesting.",

"Checking memes that make me laugh.",

'Needed some background noise while | worked on something'

]
2
"M5"{
"label": "Passing Time",
"description": "Using social media to fill idle moments or alleviate boredom.",
"examples": [
"I want to kill time.",
"To cure boredom.",
"l was commuting",
"l was in the restroom"”,
'Passing time',
'listening to podcasts while driving',
'To look at videos and pass the time',
'| was finishing lunch and looking for something to read.'

]

b
"M6": {
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"label": "Coping",

"description": "Using social media to distract, comfort, or regulate oneself in response to
negative, tiring, or stressful states. This includes using social media to take a break, to unwind,
to relieve boredom, to deal with fatigue, or to manage negative emotions or difficult
circumstances.",

"examples": [

things.",

]
2

"To distract myself.",

"I have used it because it is an addictive force of habit and helps me forget about
"| was sick at home.",

"I needed a break.",

"I needed to unwind.",

"I had some downtime.",

"| felt tired and wanted to relax.",

"l was unhappy and wanted a distraction.",

"l couldn’t sleep so | scrolled for a bit."

"M7":{

"label": "Habitual Use",

"description": "Habitual social media use describes the development of an automatic,
frequent behavior of engaging with social media platforms, driven by environmental cues and
occurring with minimal awareness or intentionality. Therefore, the response states that social
media was used automatically, out of habit, no clear motivation, unclear about the intention, or
describing a repeated pattern of use should be labeled as habitual use. Note that the following
cases should not be labeled as habit: ",

1,

"examples": [

"Just a habit.",

"l have used it because it is an addictive force of habit and helps me forget about things.",
"l used it because it is an addictive force of habit.",

"l do not really know why i was on tiktok",

"l open it without thinking much.",

"| automatically opened it.",

"No specific intention",

"l did not realize | was scrolling",

'| woke up and just started using it.",

'l find IG being so funny so now | check it once or twice every day'

"exclusions": [

" “] checked while | had some downtime.” — Not Habitual Use; should be Passing

Time (M5).",

(M5)."

" “Just scrolling to pass some time.” — Not Habitual Use; should be Passing Time
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" “l open TikTok because | got done doing what | was supposed to be doing early so |
got bored and picked up my phone.” — Not Habitual Use; should be Passing Time (M5)."

]
2
'‘M8'":{ "label": "Productivity / Learning",

"description": "Using social media for instrumental, professional, or structured learning
purposes. This includes (1) work, career, business, or productivity-related use (e.g., creating or
sharing work content, networking, promoting business), and (2) educational or knowledge-
building activities that involve learning about substantive domains (e.g., academic subjects,
specific topics, or formal skills training). Unlike everyday information or checking casual
updates, responses here explicitly reflect professional, academic, or knowledge-oriented
goals.",

"examples": [

"l used it to create a WFH video.",

"To network on LinkedIn.",

"To follow a lecture on YouTube",

"To post content for my business”,
"l wanted to research something about a vaccination.",
"l was researching the subject of the Shah of Iran.",
"To gain knowledge about a topic I'm studying."

]
2

'M9'": {"label": "Trigger-Driven Use",
"description": "A trigger that prompted social media use. This includes: 1) System-level triggers
(e.g., push notifications, app updates, reminders), 2) Social triggers where another person’s
action prompted the response (e.g., a friend/coworker messaged, someone commented, being
tagged).",
"examples": [

"got a notification",

"friend sent me a message",

"app asked me to update",

"respond to a message",

"read a message from my friend",

'messaging family back’,

'my friend sent me a link'
]
13
"M10": {

"label": "Activity/Context Only",

"description": "This category is reserved for responses that only describe an action (watch
video) or context, without giving any reason, purpose, or specific content focus. It applies only
when no underlying motivation can be inferred. Do not use this category if the response
identifies: (1) a type of content being sought (e.g., memes, billiard posts, local groups), (2) a
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clear state or goal (e.g., relaxing, passing time, connecting, learning), or (3) a trigger such as
responding to others.",
"examples": [
"I wanted to watch some videos.",
"To scroll TikTok.",
"To browse content.",
"Looking around.",
"Check timeline.",
"l went on the app.",
"Just looking at posts.",
"Watched videos.",
"Scrolling.",
"On Messenger."
1,
"exclusions": [
"Mentions of a type of content being sought (e.g., 'memes,’ 'billiard posts,' 'local groups') —
should be Information Seeking.",
"Mentions of a clear state or goal (e.g., relaxing, passing time, connecting, learning) — should
be Entertainment/Relaxation, Passing Time, or Coping, etc."”,
"Mentions of responding to others (e.g., replying, messaging back, reacting to a friend's post)
— should be Trigger-Driven Use."

]
}
}

def _get prompt_classify_motivation(codebook_type_of use, text):

prompt = textwrap.dedent(f"""\
You are a research assistant helping with a thematic analysis of survey responses.
We want to understand people's motivations for using social media.

You are given:

1. A codebook of categories, with labels, descriptions, examples, and exclusions (for several
categories).

2. A short survey response from a participant describing why they used social media in the past
hour.

Your task:

- Read the participant response carefully.

- Assign one or more motivation categories from the codebook. A single response may belong
to several categories.

- Only choose categories from the codebook. Do not invent new categories.

- If none of the categories apply, output exactly "Not-Applicable".
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Output rules:

- If the response fits one category, output only that category label (e.g., "Information Seeking").
- If the response fits more than one category, output all applicable labels separated by a comma
and a space (e.g., "Passing Time, Habitual Use").

- Do not output anything other than the label(s) or "Not-Applicable". Do not add explanations or
extra text.

Codebook:
{codebook_type_of use}

Survey response:
"{text}ll

Now please output the assigned label(s):

")

return prompt
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Abstract

Digital media platforms increasingly face pressure from the publics and legislators worldwide to
mitigate harm to user well-being and promote healthier digital environments. Platforms’ response
has been to proclaim actions in response to public concerns. This study examines platforms’
claims to promote digital well-being practices through their public company announcements and
analyzes these practices through the lens of a harm-responsive design process. This study
provides arguably the first large-scale analysis of digital well-being related practices claimed by
platforms using a large language model assisted content analysis of 13,497 company
announcements published by seven major platforms (Facebook, Instagram, WhatsApp, X/Twitter,
TikTok, YouTube, and Snapchat) from each platform’s first post through May 15, 2025. We
identified 5,685 distinct claims about digital well-being practices claimed by the platforms and
characterized their distribution across platforms, target user groups, harm categories, intervention

mechanisms, and whether the impact of these practices are being assessed. Our findings show
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that platforms have reported the adoption of a growing number of digital well-being practices since
2019, with a surge following the introduction of the EU General Data Protection Regulation.
Approximately one third of all practices focused on harmful content, followed by harmful contact
and user privacy, while relatively few addressed harmful user behaviors such as excessive
scrolling. Across the four identified mechanisms of digital well-being practices: content-based
mechanisms, user-initiated experience control, default access and account protection, and
personalized algorithm curation, more than 80% fall within content-based governance and user-
initiated controls, with far fewer addressing default safety features or personalized algorithmic
curation. Only a small share of announcements includes user-level impact evaluation, such as
how many users were affected or whether the intended outcomes were achieved, leaving the
implementation status and actual effects of these practices largely unknown. Platforms appear
responsive to public and legislative pressures, but the actions they highlight tend to emphasize
visible, content-focused measures rather than deeper changes to underlying algorithmic
operations. These findings reveal substantial transparency gaps in platform-reported digital well-
being practices, including limited information about what platforms actually implement and a lack
of evidence regarding the user-level impact of these interventions. We call for harm-responsive,
evidence-based, and globally coordinated systems for documenting platform design choices and

their impacts.

4.1 Introduction

The simultaneous rise in social media use, negative online experiences, and mental health
crises, particularly among youth and adolescents, has become a major global concern. Digital
well-being, defined as the impact of technologies and digital services on mental, physical, social,
and emotional health [216], represents one of the most pressing challenges of our time.

In response to these concerns, a range of digital self-control tools has been developed

[199]. These tools are delivered as web extensions or mobile applications [217] and grounded in
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theories of user agency [218], self-regulation [219], and behavioral design such as the HOOK
model [220]. These tools implement interventions such as blocking or content removal, self-
tracking, goal advancement, and reward or punishment mechanisms [199,217]. However,
external digital well-being tools require users, and often parents, to be aware of them, able to
afford them, and possess the skills and motivations to use them consistently, creating major
barriers to their widespread adoption and sustainable long-term use, and may exacerbate
inequality. In other words, most digital self-control tools are “self-programmed” by the user
community and heavily rely on “self-regulation” with continuous motivation of individual users
[217].

Recognizing that digital well-being cannot rely solely on individuals, governments and
legislators have begun introducing laws that hold social media platforms responsible for creating
safer and healthier online spaces. As shown in Table 3.1, regulatory efforts addressing digital
well-being are emerging globally, with early frameworks in the EU and UK, followed by expanding
initiatives in countries such as Australia, Brazil, India, Rwanda, China, and the United States. With
the growing global momentum around digital well-being legislation, it is worth examining the
response of the platforms with avowed claims about mitigating any harmful impacts. By analyzing
platform-level actions, researchers and policymakers can assess regulatory gaps, evaluate the
effectiveness of digital well-being initiatives, and guide future governance and design strategies.

This study examines how social media platforms responded to these external pressures

by claiming to alter their platforms’ features to promote digital well-being practices. In this study,

we use the term digital well-being practices to refer to the design features, policies, and initiatives
introduced by social media platforms to reduce user harm, address mental health concerns,

enhance positive experiences, and promote healthier technology use.
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Table 3.1. Selected examples of policies addressing digital well-being and online safety

. . g Year Effective .
Policy Name Jurisdiction Adopted Date Target Population Regulatory Focus
General Data Mav 25 Strengthening user control over personal data
Protection Regulation EU, UK 2016 y 29, All users through limits on data processing and consent
2018 .
(GDPR) requirements
Digital Services Act Feb 17, Imposing risk-based transparency and
(DSA) EU 2020 2024 All users accountability requirements on online platforms
. July 25, Mandating platform-level child safety, content
Online Safety Act UK 2023 2025 All users moderation, and reporting obligations
Social Media . Dec 10, . Restricting social media access for minors to
Minimum Age Law Australia 2025 2025 Children under 16 protect child mental health and well-being
Digital Personal Data . Regulating personal data collection and use
Protection Act India 2023 2023 All users through consent-based data protection rules
Onll.ne Ch”.d 2019/ 2019/ Children and  Mandating content filtering, age verification, and,
Protection Policy & Rwanda . .
D . 2024 2024 adolescents content moderation for providers
Ministerial Instruction
Resolution No. 245 Brazil 2024 2024 Children and _Deflnlpg chllldren s rights in dlgltgl enV|ro.nments,
adolescents including privacy and access to information
Regulation on the Jan 1 Imposing platform responsibilities through social
Protection of Minors China 2023 ’ Minors co-governance to protect minors’ well-being and
. 2024 o
Online digital rights
Age.-Approprlate United States Children and  Requiring age-appropriate design and default
Design Code Act . 2022 — . . .
(California) adolescents settings to reduce risks to minors
(AADC)
Social Media United States 2023 . Minors Introducing age verification, parental consent,

Regulation Act

(Utah)

and limits on addictive platform features




Study platforms’ digital well-being practices through company announcements

To examine how social media platforms have implemented internal practices for digital
well-being, we analyzed company announcements published through official newsrooms or
websites. Two recent reports have reviewed digital platforms’ company announcements related
to child safety [221,222]. One report identified 91 platform changes influenced by the Age-
Appropriate Design Code Act (AADC) between 2018 and 2022, covering four categories: age-
appropriate design, time management, privacy and data management, and youth safety and well-
being [221]. Another study identified 128 platform changes related to child privacy and safety from
2017 to 2024, grouped into four categories: defaults, tools, information, and support for
adolescent users [222]. However, no study has yet systematically examined digital well-being
design features across different user populations, including how platforms describe, justify, and
promote these features. Such evidence is essential for answering the core question of what social
media platforms have actually done to promote digital well-being.

We focus on company announcements because our central question is what platforms
publicly claim to have done in response to growing external pressure from users, advocates, and
regulators. Company announcements are the primary vehicle through which platforms
communicate these claimed responses, making them directly available evidence of how platforms
frame and justify their actions on digital well-being. By analyzing the announcements, we take
platforms at their own words, examining what they say they have changed and how they
characterize the problem they are addressing, which is itself informative for questions of
regulatory oversight and public accountability. Moreover, other potential data sources are also
limited. External researchers lack access to internal company documents. Existing resources
such as the Facebook Archive cover only a single platform and provide partial information within
a time period. While corporate transparency reports offer some quantitative metrics of platform
governance activities, they lack the rich contextual meaning and justification of platform actions
that company announcements provide.
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Examining digital well-being practices through a harm-responsive design process

Beyond the need for a comprehensive overview of design changes, platform digital well-
being practices require a structured approach to assess their impact on user well-being.
According to the taxonomy of social media harms [223], key issues of social media on user well-
being fall into four categories:

e Harmful or unwanted content: exposure to potentially damaging content such as

misinformation, violence, nudity, and extreme material;

e Harmful or unwanted user behaviors: users developing negative or harmful
psychological reactions to social media use, such as negative social comparison and
fear of missing out; and users develop in response to social media use, such as loss
of self-control and problematic use;

e Harmful or unwanted contacts: harmful interactions from other users or bots, such as
bullying or unwanted sexual advances;

e Privacy violations: threats to users’ data and accounts on social media platforms,
including privacy invasion, impersonation, and exposure to malware or adware.

More importantly, specific design elements contribute to these harms. Features like infinite
scroll, ephemeral content, and push notifications may encourage excessive use, while
discriminatory algorithms, attention optimization, and the lack of negative feedback channels
could amplify harmful content [224].

Given the link between platforms’ structural designs and harms, we evaluated whether
platforms follow a systematic harm-responsive approach in developing and assessing digital well-
being interventions (Figure A3.1). The harm-responsive approach consists of three key steps:
harm identification, where platforms assess harms and the design choices motivated by them;

design changes implemented to mitigate these harms; and impact evaluation, where the
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outcomes and effectiveness of these interventions are systematically assessed. In summary, this
study focused on two research questions:
e R1: Evaluating the coverage, content, and design of digital well-being initiatives
implemented by social media platforms through company announcements.
e R2: Determine whether platforms explicitly claim that their digital well-being initiatives
address identifiable well-being concerns and whether they report evaluations of their

effectiveness.

4.2 Method

The data for this study come from an analysis of 9,542 company announcements from the
websites of seven social media platforms. We examined the content of these announcements to

address the research questions with the assistance of Large Language Models (LLMs) [225,226].

4.2.1 Data Collection and Preprocessing

We collected all company announcements and news articles (N=13,497) published on the
official newsrooms of seven social media platforms, including TikTok, Meta (Instagram, Facebook,
and WhatsApp), YouTube, Snapchat, and Twitter/X, from the earliest available date up to May
15, 2025. These platforms were selected because they are among the largest social media
platforms by daily active users and are primarily smartphone-based [227]. The source websites
for the seven platforms are listed in Table A3.1. We then applied a keyword dictionary—based
search to identify articles relevant to digital well-being. To be included, a company announcement
had to contain at least one keyword related to well-being, user experience, youth, or other related
themes, as detailed in Table A3.2. After keyword filtering, 9,542 company announcements

remained for analysis.
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We also removed duplicate company announcements that appeared in different
languages or were reposted across regional newsroom sites. For example, TikTok often
republished identical announcements through multiple country offices or language versions. To
identify duplicates, we employed a two-step process: (1) we compared URLs and titles, as many
duplicates shared nearly identical titles (e.g., teens_update_2020qg1), and (2) we embedded text
with Sentence-BERT, a sentence-level transformer model that encodes text into semantic vector
representations, and calculated cosine similarity scores between pairs of TikTok announcements
published within a one-month window [228]. For non-English items, we used GPT-4o0 to translate
all texts into English before analyses. Announcements with a cosine similarity above 0.7 were
treated as duplicates and merged into a single entry. After removing duplicates, the final dataset

comprised 7,318 unique company announcements.

4.2.2 Codebook Development

An initial codebook was developed by the investigators through the review of 100
randomly selected articles and informed by a literature review of relevant concepts and categories
to be extracted. The final codebook, detailed in the supplementary materials, includes both
deductive and inductive dimensions. The deductive codes were derived from theory and prior
literature to capture key aspects of digital well-being practices, including demographics (target
population or user group), geography (scope or implementation region), harms (type of user harm
addressed, following the Social Media Harm Taxonomy), design feature (platform or design
feature involved, following the Platform Design Taxonomy), motivation of platforms (stated reason
or driver for the practice), automaticity (whether the feature is default or user-initiated), instruction
(information or guidance provided to users), evaluation plan (approach to assessing
effectiveness), impact (reported or intended outcome), and partnership (external collaborators or

affiliated entities). The inductive codes, derived from iterative reading and thematic analysis,
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include design features (specific platform mechanisms identified in text) and specific harms

(concrete harms described beyond predefined categories).

4.2.3 Human coder labeling

With the codebook developed in 4.2.2, two coders underwent multiple rounds of training
to familiarize themselves with the coding framework and ensure consistent application. Content
coding was conducted in Qualtrics following the established codebook. To assess initial
consistency, the coders independently annotated 10 randomly selected news articles, sampled
to include at least one from each social media platform. Inter-coder reliability was then assessed
using ICC. For items that demonstrated low agreement, the research team met to discuss
discrepancies, refine code definitions, and clarify coding instructions. The coders subsequently
coded an additional 40 randomly selected articles, and reliability was reassessed. After two
iterations, satisfactory ICC levels were achieved (see Table A3.3). Each coder then independently
coded 75 additional articles, resulting in a gold-standard labeled dataset of 200 articles, which

served as the reference for evaluating LLMs performance against human annotation.

4.2.4 LLM-Assisted Pipeline for Deductive Content Classification

Given the large volume of platform company announcements with design changes, we
applied LLMs to assist in content analysis. LLMs have been widely used in text classification,
named entity recognition, summarization, and both inductive and deductive coding. They have
proven effective in psychological text analysis [229], deductive coding using predefined
codebooks [225], and inductive thematic analysis [226,230]. In this study, we extract key
information from platform-disclosed digital well-being practices and apply LLMs to support
qualitative content analyses of company announcements across multiple dimensions. One core
challenge in this content analysis lies in the mismatch between the sampling unit (company
announcements) and the analytical unit (individual digital well-being practices). A single
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announcement may describe multiple design practices, each of which constitutes a distinct
analytical unit. Consequently, extracting precise information for each analytical unit requires
addressing two major linguistic challenges: long-range dependencies, where relevant concepts
persist across multiple sections of an article, and co-reference complexity, where a single
sentence may refer to multiple concepts. To address these challenges, we developed an LLM-
assisted content analysis pipeline that systematically captures and organizes information across
such dependencies. The overall workflow is illustrated in Figure A3.2, with detailed prompt
provided in the supplementary materials and prompt structures described in Figure A3.3.

Our pipeline employs a multi-stage, LLM-assisted approach. First, each article is unitized
or decomposed into discrete, self-contained references to the analytical unit, the digital well-being
design practices, based on predefined inclusion criteria (see Figure A3.4). To qualify as a digital
well-being practice, (1) the practice must be explicitly associated with reducing digital harms or
promoting digital well-being, and (2) it must involve a clearly defined and implemented product or
feature integrated into the platform’s design (see supplementary materials, Prompts, Step 1). Next,
after pooling all analytic units, the model references the original article to annotate each unit
according to an annotation schema (see Figure A3.5). Finally, classification is performed directly
on these annotated analytic units.

Following best practices in LLM-assisted content analysis [225,231-234], we designed a
structured prompting framework that employed several complementary techniques: a few-shot
prompting approach leveraging in-context learning to minimize task-specific fine-tuning; persona
descriptions to align the model with domain-specific expertise; chain-of-thought reasoning for
step-by-step analysis and error inspection; and structured output specifications in JSON format
to standardize results. All classification tasks were reformulated as binary classification problems.
We used GPT-40 (temperature = 0, n = 5 repetitions) to simulate independent coders, following
prior work on self-consistency [235,236]. We combined a majority-vote procedure with perplexity-
based selection to determine the most representative response among the five repetitions for
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downstream analysis. The model was also instructed to estimate its uncertainty level; cases with
high uncertainty were flagged for human review. To assess robustness, we manually inspected
50 company announcements to verify that the model did not hallucinate or misattribute information
when generating abstractive summaries and extracting textual references for each platform digital
well-being practice. We compared the machine-coded responses with the ground truth generated

by human research assistants (Table A3.3).

4.2.5 LLM-Assisted Thematic Content Analysis

We also applied LLM to assist the thematic analysis on platform design features and
targeted harms described in company announcements. The process followed a three-step,
human-in-the-loop framework integrating qualitative reasoning from researchers with model-
based scalability. First, we prompted the LLM to extract a concise action code from each digital
well-being practice. Each code represented a concrete, platform-level design intervention or
initiative, expressed as a short, neutral phrase describing what the social media platform was
doing or implementing. Then, we instructed the LLM model to synthesize and merge the initial
action codes into broader, non-overlapping design themes through iterations over all company
announcements. The model was instructed to generate between 15 and 30 well-defined themes,
ensuring interpretability and parsimony, while placing ambiguous items in an “Uncategorized”
group. Human researchers then reviewed and refined the merged codebook, resolving
redundancy and ensuring conceptual coherence. Finally, the LLM applied the revised theme
codebook to classify the full corpus, assigning each digital well-being practice to one or more
design categories. Details of the prompt are provided in the Prompts section in the supplementary
materials, Step 4. For the text classification step, we evaluated the model's performance by

comparing its coding results with 100 human-coded practices based on the revised codebook.
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4.3 Results

From the 13,497 company announcements collected across Meta (Facebook, Instagram,
WhatsApp), TikTok, YouTube, Snapchat, and Twitter/X, a total of 7,318 unique announcements
remained after preprocessing and duplicate removal. Applying our coding pipeline to this dataset,
we identified 3,175 announcements related to digital well-being. From these, we extracted 5,685
distinct digital well-being practices introduced from as early as 2005 to the end of our data
collection period on May 15, 2025. Among the identified digital-wellbeing practices, TikTok
accounted for the largest share (n = 3,433; 60.39%), followed by Facebook (n = 705; 12.40%),
Instagram (n = 488; 8.58%), X/Twitter (n = 323; 5.68%), YouTube (n = 316; 5.56%), Snapchat (n

= 290; 5.10%), and WhatsApp (n = 130; 2.29%).

4.3.1 Digital well-being practices by platforms

All platform-initiated digital well-being designs began to increase noticeably after 2019. As
shown in Figure 3.1 panel A, Facebook and Instagram exhibited the first major waves of reactions
starting in 2019, followed by a sharp rise in TikTok’s digital well-being practices in 2020. Among
the 511 digital well-being practices on TikTok in July-December 2020, 62% were related to the
dissemination of health-related information or content moderation, as will be detailed below.

Notably, multiple platforms exhibit a co-increasing trend in digital well-being
announcements within a similar time window beginning in 2019. This coordinated shift temporally
aligns with the implementation of the European Union’s General Data Protection Regulation
(GDPR) [23] in 2018 (the dotted line in Figure 3.1), suggesting that rising regulatory pressure may
have catalyzed broader signaling efforts across platforms.

When comparing the proportion of digital well-being announcements relative to all
company announcements, as shown in Figure 3.1 panel B, Facebook shows the first and the
highest increase, rising from nearly zero to a peak of 18% in July-December 2019. Instagram and

WhatsApp followed similar trends, increasing from nearly zero to 10% and 8%, respectively,
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during 2019. A second surge in the proportion of company announcements with digital well-being
practices occurred in 2021-2022, during which Instagram’s proportion rose to 14% and
Snapchat’s to 10%. Twitter/X displayed a steady upward trend in digital well-being practices from
2017 to 2022 (ranging between 5-8%) but experienced a decline after 2023 after the
reorganization. Although TikTok reported a large absolute number of digital well-being initiatives,
its overall proportion remained below 7% when adjusted for its high total volume of company

announcements.

Figure 3.1. Introductions of digital wellbeing practices for platforms from 2008-2025

(A) Number of Digital Well-Being Practices Identified from Company Announcements
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(B) Proportion of Digital Well-Being Practices in Company Announcements
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Note: The plot presents, for each platform and half-year period, (a) the raw number of platform digital
well-being designs, and (b) the proportion of digital well-being practices relative to the total number of
company announcements extracted from official websites. Data were collected from official news
channels where social media platforms publish company announcements and updates.

4.3.2 Target users of digital well-being practices

We observed that TikTok and Snapchat have the highest proportions of digital well-being
designs aimed at addressing harmful effects on children and adolescents (both at 21%), likely
reflecting the larger share of young users on these platforms, shown in Figure A3.2. Across all
platforms, less than 5% of practices are directed toward parents, with Snapchat showing the
highest proportion within this group. Meanwhile, TikTok and YouTube report 3% and 5% of
practices, respectively, targeting content creators, partly reflecting their creator-centric cultures

and platform structures.
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Figure 3.2. Target user groups of digital well-being practices by platforms
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Note: The chart illustrates the primary target users of each platform’s digital well-being practices, that is,
the intended audience specified in the company announcements. When the target audience was not
explicitly stated, we assumed the practice was directed toward general users (not shown here). Practices
explicitly target children and adolescents, parents, or content creators are displayed. Figure A3.6 presents
the raw number of digital well-being practices categorized by platform and target user.

4.3.3 Geographic distribution of digital well-being practices

Germany, the United States, Spain, the United Kingdom, and Australia are the leading country
offices posting digital well-being practices on TikTok, followed by other European offices such as
France and ltaly, and Asian offices including Japan, Malaysia, Brazil, and India (Figure 3.3). At
the regional level, the Latin America office published the largest number of digital well-being posts,
followed by the European, African, and Middle East & North Africa offices. Notably, the color
scales in panels A and B are comparable, indicating that the volume of digital well-being posts
from Germany and the United States exceeds the total number of posts from any regional office.
This pattern may suggest a systematic bias in platform responsiveness: TikTok appears more
active in communicating digital well-being commitments in Global North markets than in Global

South, where regulatory pressure is stronger and enforcement mechanisms more developed.

158



Figure 3.3 Distribution of digital well-being practices in TikTok
(A) By TikTok country office
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Note: Among the platforms included in this study, only TikTok released company news announcements
through country-specific channels, allowing us to accurately determine the geographic distribution of its
digital well-being practices. Other platforms, such as Meta, occasionally referenced regional or country-
level activities in their announcements, but these mentions were inconsistent and incomplete. Therefore,
we report detailed geographic results only for TikTok. TikTok operates both country-level and regional
offices. Accordingly, panel (A) presents the number of practices reported by each country office, while panel
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(B) presents the number of practices released by three regional offices, including the European Union,
Middle East & North Africa, Africa, and Latin America. Because TikTok’s announcements did not explicitly
define the countries covered by each regional office, we inferred regional groupings based on the World
Bank.

4.3.4 Authors of the digital well-being practices company posts

Most digital well-being practices were posted by one of the following groups: C-suite
executives, policy and government relations teams, trust and safety teams, or communications
teams. YouTube had a higher proportion of posts from C-suite executives, whereas TikTok and

X/Twitter had more posts authored by their trust and safety teams.

Figure 3.4. Author positions in the company announcements with digital well-being
practices
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Note: Data were collected from official news channels where social media platforms publish company
announcements. Among all platforms, only TikTok, X/Twitter, and YouTube specify author names or teams
in their company announcements. Accordingly, we report data for these three platforms.

4.3.5 User harms targeted by digital well-being practices
The largest proportion of digital well-being practices across platforms, except for

WhatsApp, focused on reducing harmful content through measures such as content moderation
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and labeling, ranging from 23% on Snapchat to 36% on X/Twitter, shown in Figure 3.5. Following
the social media harm taxonomy, harmful content refers to users’ exposure to potentially
damaging materials such as misinformation, violence, nudity, and other extreme content. User
privacy harm, such as threats to users’ data and accounts including privacy violations,
impersonation, and exposure to malware or adware, constitutes another major category,
accounting for 6% (YouTube) to 18% (WhatsApp) of practices across platforms. Harmful contact,
defined as harmful interactions from other users or bots such as bullying or unwanted sexual
advances, is most frequently addressed by Snapchat (14%) and WhatsApp (14%), consistent
with the social and interactional nature of these platforms. By contrast, harmful usage, users’
negative psychological or behavioral reactions to social media, such as fear of missing out, social
comparison, loss of self-control, or problematic use, was the least frequently targeted category

across all platforms.

Figure 3.5. Targeted harms of the digital well-being practices in company announcement
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Note: The plotillustrates the primary target harms addressed by each platform’s digital well-being practices,
categorized into four types based on the social media harm taxonomy: harmful content, referring to
exposure to damaging materials such as misinformation, violence, nudity, or extreme content; harmful
behavior, denoting negative psychological or behavioral reactions such as fear of missing out, social
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comparison, or loss of self-control; harmful contact, involving harmful interactions from other users or bots,
including bullying or unwanted sexual advances; and harmful use of information (user privacy), concerning
risks to user data and accounts, such as privacy breaches, impersonation, or malware exposure. Some
digital well-being practices do not fall into any of these categories. For instance, those focused on providing
health or positive information which are not the scope of this paper. Figure A3.7 presents the raw number
of digital well-being practices categorized by target harms.

Figure 3.6. Topical focus of the digital wellbeing practices from company announcements
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Note: the topics were derived from the thematic content analysis of social media company announcements.
Data were collected from official news channels where social media platforms publish company
announcements.

Shown in Figure 3.6, across TikTok, Facebook, Instagram, and YouTube, hate speech
and offensive content are among the most frequently mentioned topics in company
announcements related to digital well-being practices. For instance, TikTok revised and expanded

its definition of hate speech within its community guidelines [237]. In another post, Meta reported
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substantial progress in detecting and removing such content in its 2020 Community Standards
Enforcement Report [238], with the proactive detection rate for hate speech increased from 89%
to 95% on Facebook, and rose from 45% to 84% on Instagram.

These efforts are followed by practices targeting abuse, harassment, and bullying. For
example, in its post “Demonstrating Respect and Empathy on World Kindness Day,” Snapchat
described measures to combat abuse and harassment by enforcing strict bans on non-
consensual intimate imagery and sexual harassment [239]. The platform also offers in-app tools
for users to block and report offenders, supported by its 24/7 Trust and Safety teams that review
reports and take actions such as issuing warnings, suspending, or terminating accounts. Similarly,
Meta introduced updates to its safety standards in Facebook community chats, giving group
administrators and moderators enhanced control tools to maintain a safe environment [240].

Another recurring theme is digital literacy. TikTok, for example, provides users with
contextual tools to assess content credibility, including labels for unsubstantiated videos and
verification check marks to confirm account authenticity. It also applies state-affiliated media
labels to identify government-influenced content, expanding this policy globally to promote
transparency about information sources [241]. Moreover, topics related to mental health
awareness and suicide prevention also appear in digital well-being practices. For instance, TikTok
offers search interventions that direct users to local helplines such as Crisis Text Line for
immediate support [242], alongside well-being guides and awareness campaigns like Mental

Health Awareness Month [243].

4.3.6 Mechanisms of digital well-being practices

We also analyzed the mechanisms of digital well-being practices, defined as the specific
actions, design features, and operational levers through which platforms implement them,
encompassing both interface-level interventions and informational or governance measures. We
identified four broad mechanism categories: content-based mechanisms, user-initiated

163



experience controls, default data safety and account protection, and personalized algorithmic

content curation.

Content-based mechanisms

The analysis of platform-initiated digital well-being mechanisms reveals a clear
concentration of practices at the content level. As shown in Figure 3.7, the most prevalent
mechanisms include the provision of updates or resources, content governance on specific issues,
and content moderation. Regarding the provision of updates or resources, platforms often deliver
educational, civic, and health-related information. For instance, in April 2021, TikTok [244]
partnered with experts and organizations to provide educational resources on sexual assault
awareness, featuring learning content on its Discover page and permanent public service
announcements linking to help resources in its Safety Center. Similarly, Instagram [245] began
surfacing localized eating disorder hotlines and expert advice when users searched for, shared,
or encountered disordered eating content in February 2021, and added options for users to
message friends directly from these in-app resources for timely support.

Another content-focused digital well-being mechanism highlighted in company
announcements is issue-based content governance. While it sometimes overlaps with information
and resource provision, this category centers on platform-led initiatives aimed at addressing
specific societal events or crises, such as public health emergencies, elections, or misinformation
surges, to maintain the integrity and reliability of online information. For example, during the
COVID-19 pandemic, TikTok [246] provided verified public health information by hosting an in-
app WHO information hub, broadcasting live sessions with WHO experts, and labeling millions of
COVID-related videos with banners linking to trusted sources. Beyond health crises, platforms
also expanded governance mechanisms to address misinformation during election periods across
countries such as South Africa [247], Ghana [248], Thailand [249], and the United States [250],
as well as in response to security and violence-related events, such as the New Zealand terrorist
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attack [251]. For example, in January 2024, Snap [250] outlined a comprehensive election
integrity plan, including proactive removal of misinformation and deepfakes, human review and
fact-checking of all political ads, bans on foreign-funded advertising, and real-time monitoring by
its election integrity team to safeguard users from election-related harms. Similar efforts were
seen in conflict-related contexts [252], where platforms prioritized the removal of harmful or
misleading content to reduce societal risk.

Figure 3.7. Mechanisms of the digital wellbeing practices from company announcements
Design Category Frequency by Platform

Content governance of a given issue- 354 227 o¢ 53 215
Provision of updates or resources- )7 1 44 1000
User management of contact 7- 1
Age restriction 7- ! 2 1
Content moderation- 2 121 69 2( 15 44 ! 800
Parental control - 349
User management of screentime- 286 3 21 0
User management of content- 226 41 27 3 9 500 8
£
Data security features - 212 59 29 ;
£
Content reporting- 172 21 15 26 4 17 z
Al and synthetic content management - 107 400
Recommended feeds and engagement metrics - 105 19 23 1 2 16 26
Account protection, verification and removal - 70 19 38 12 28
Content labeling - 64 8 0 3 8
-200
Compromised account management - 19 5 10
Limits of user data collection - 18 37 0 2

Ads control - 13 / 3 6 0 1

Tik'Tck Facei::ook Insta'grarn Snapchat WhatsApp xrrw'itter You'i'ube

Note: Mechanisms refer to the specific actions, design features, and operational levers through which
platforms implement their digital well-being practices, including both interface-level interventions and
informational or governance measures. The mechanisms are derived from thematic analysis on company
announcements. Data were collected from official news channels where social media platforms publish
company announcements.

A further set of company announcements report the outcomes of content moderation or

describe measures implemented within the moderation process to enhance transparency.
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Several platforms have begun publicly reporting their moderation outcomes and process
improvements. In February 2021, TikTok [253] enhanced transparency by publishing a detailed
Transparency Report that disclosed the volume, speed, and rationale for content removals,
appeals, and ad rejections. In January 2024, YouTube [254] introduced a new Channel Activity
feature for live chat moderation, allowing streamers and moderators to view users’ past
moderation history, such as deleted messages, timeouts, or hides from the previous 30 days, to
support more informed and transparent decisions. Likewise, in December 2024, TikTok [255]
further strengthened its fact-checking system through partnerships with 20 independent fact-
checking organizations worldwide to verify information, label unverified content, restrict it from For
You feeds, and proactively remove misinformation that violates its policies.

Beyond these three major areas, a smaller set of content-level practices also emerged,
including Al-generated and synthetic content management, content labeling, and content
reporting. Al-generated and synthetic content management refers to platform policies and tools
designed to detect, label, or regulate content created or altered by artificial intelligence. For
example, in February 2020, Twitter [256] introduced a policy on synthetic and manipulated media,
pledging to label or remove harmful fabricated content and provide contextual information to
improve users’ understanding of media authenticity. In April 2024, Meta [257] updated its policy
to label Al-generated or manipulated media with “Al info” tags, prioritizing transparency and
contextualization over removal and applying stricter labels to high-risk or deceptive cases.

Another content-level approach involves content labeling, both for promoting reliable
information and warning against potentially misleading material. For instance, in May 2024,
TikTok [258] launched a dedicated STEM feed in Europe, where all featured content is fact-
checked and labeled by collaborating institutes to ensure accuracy and educational quality. In
March 2022, TikTok [259] began labeling state-controlled media and adding warning labels to

unverifiable or misleading videos to provide users with greater context and transparency.
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Finally, several initiatives focus on content reporting systems, which empower users to
flag harmful or unwanted material and enhance accountability in moderation. For instance, in April
2025, Snap [260] improved its content reporting mechanism by enabling users to easily report
individual messages, stories, or accounts, including specific categories for non-consensual
intimate imagery (NCII) and child sexual exploitation, allowing its 24/7 safety teams to prioritize
and respond rapidly. Similarly, in February 2023, TikTok [261] introduced a “Report records” page
that allows users to track the status of their submitted reports, thereby enhancing transparency

and user trust in the review and enforcement process.

User-initiated experience control

Another category of mechanisms observed involves built-in platform controls and tools
that users can actively configure, including parental controls, user management features for
screen time, content, and contacts, as well as user management for compromised accounts.

Parental control refers to platform-provided tools and settings that enable parents or
guardians to monitor, manage, and restrict their children’s online activities to ensure age-
appropriate, safe, and balanced digital experiences. For example, In November 2020, TikTok [262]
expanded its Family Pairing feature, allowing parents to link their accounts with their teens’ to
manage safety and privacy settings, including controls over search, screen time, restricted mode,
comments, account discoverability, liked videos visibility, and direct messaging. In February 2021,
YouTube [263] introduced supervised accounts that allow parents to manage their tweens’ and
teens’ access through three content settings, Explore, Explore More, and Most of YouTube, while
controlling features like watch history, search history. Similarly, In March 2022, Meta launched
Family Center and new parental supervision tools on Instagram [264], enabling parents to monitor
teens’ screen time, manage interactions, set usage limits, and access expert educational
resources, all within a centralized hub designed to support safe and age-appropriate digital
experiences.
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Another category concerns user management of screen time, comments, contacts, and
content. Many of these features are optional for general users but enabled by default for minors
under 18. For instance, in March 2023, TikTok [265] introduced a For You feed refresh feature
that lets users reset content recommendations and added options to filter specific hashtags or
mark videos as “not interested,” enabling greater control over viewing experiences. In May 2025,
TikTok [266] further launched a “Sleep Timer” feature to promote mindful screen use by
automatically interrupting teens’ feeds after 10 p.m. with guided meditation exercises, enabled by
default for teens and optional for adults. Likewise, in June 2022, Meta [267] introduced the
“Hidden Words” feature to help teens manage their online interactions and foster safer, more
positive experiences on Facebook and Instagram. Similarly, YouTube [268] enhanced its screen
time tools by making “Take a Break” and “Bedtime” reminders more prominent and frequent, with
default hourly breaks for users under 18 and adjustable settings for all viewers. Platforms also
expanded tools to help users understand and manage what content they see. In August 2023,
Snapchat [269] introduced new controls, in compliance with the DSA, that allow EU users to see
why content is recommended to them and opt out of personalized Discover and Spotlight feeds.

Beyond user control over screen time and content, platforms also provide visibility controls,
which are tools allowing users to manage who can contact or interact with users. For example, in
November 2021, Facebook [270] strengthened user control over visibility and interactions through
tools such as unfriending, unfollowing, blocking, restricting, comment and tag controls, and Limits,
which let users manage who can see, mention, or contact them and hide unwanted or abusive
content on Facebook and Instagram. Similarly, in February 2025, TikTok [271] launched an in-
app #SaferTogether hub that helps users manage visibility and interactions by adjusting account
settings (who can discover or view their content), community controls (who can follow, message,
or comment), and content controls (filtering keywords, marking videos as “Not Interested,” or
enabling Restricted Mode). In September 2023, WhatsApp [272] introduced Channels, giving
users greater control over their visibility by protecting personal information of followers and
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admins, allowing admins to decide who can follow or discover their channel, and keeping users’
follow choices private.

Social media platforms also implement digital well-being practices aimed at managing
compromised user accounts, which occur when unauthorized parties gain access to a user’s
credentials. For instance, in April 2018, Meta [273] enhanced its account security infrastructure
by disabling search-by-phone and search-by-email functions and by revising account-recovery
procedures to mitigate data scraping and reduce the risk of account compromise. Similarly, in
March 2025, TikTok [274] introduced Security Checkup, an in-app dashboard designed to help
users detect and respond to potential account breaches by reviewing login devices, activating
two-step verification, monitoring suspicious activity, and updating recovery options to strengthen

overall account protection.

Default access and account protection

Another mechanism employed by social media platforms to promote digital well-being
involves default access controls and account protection measures. These actions are typically
implemented directly by the platforms and are not adjustable by users. Such measures include
age restrictions, data security features, and account protection, verification, and removal protocols.

Age restriction refers to platform-enforced measures that limit access to specific features
or content for users below a certain age, aiming to protect minors from harmful material and
ensure age-appropriate online experiences. For example, in July 2021, Meta [275] stated that
Facebook and Instagram are not designed for users under 13 and that the company enforces
minimum age requirements through age screens, Al-based age detection, and account removal
for underage users. In November 2020, TikTok [276] strengthened its safeguards by restricting
Direct Messaging to users aged 16 and above to prevent potential misuse of the feature. Similarly,

in April 2023, Snapchat [277] enhanced its age verification system by using users’ birthdates to
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ensure its My Al chatbot delivers age-appropriate responses and promotes safer interactions for
younger audiences.

In addition, social media platforms claim to employ data security features, which are
technical measures designed to safeguard user information from unauthorized access, misuse,
or breaches. For instance, in December 2021, Meta [278] improved data security in Messenger
and Instagram Direct Messages by making end-to-end encryption (E2EE) the default setting and
advancing abuse detection mechanisms to protect user privacy while mitigating harmful behaviors.
Likewise, in September 2023, WhatsApp [279] expanded its Channels feature globally,
introducing privacy safeguards that hide follower identities, protect admin and user information,
and automatically delete updates after 30 days. In April 2025, TikTok [280] strengthened data
protection for European users by bringing its Norwegian data center online, enabling local data
storage, independent oversight, and enhanced privacy controls.

Furthermore, social media platforms report improving user accounts security by enhancing
account protection, improving verification, and strengthening removal of inauthentic accounts.
Early efforts focused on account protection. For instance, as early as October 2011, YouTube
[281] strengthened user account security by promoting the use of unique passwords,
implementing two-step verification, and educating users about phishing, malware, and other
online threats. Platforms have also developed in-app protection tools that automatically detect
and restrict harmful content in direct messages. For example, in April 2024, Meta [282] introduced
nudity protection in DMs, which uses on-device machine learning to blurimages containing nudity,
display cautionary messages to senders and recipients, while keeping image analysis local to
maintain user privacy. In addition, platforms have introduced account verification measures. For
example, in May 2020, Facebook [283] implemented an identity verification system for high-reach
or potentially inauthentic profiles, requiring users to submit valid identification if their posts went
viral or showed suspicious patterns, and those who refused or failed verification had their content
distribution reduced.
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Besides account protection and verification, platforms also engage in account removal to
maintain user safety and platform integrity. For instance, in its 2019 report, Meta [284] stated that
it handles fake accounts through automated detection systems that block them before creation,
remove them immediately after signup, and disable those later found active. Similarly, in a 2018
post, X (formerly Twitter) [285] reported that it suspends accounts involved in harassment or
manipulation by combining automated systems and human review to swiftly detect, remove, and
block users who violate policies or attempt to disrupt public conversations during breaking events.
In February 2023, TikTok [261] announced that it permanently bans accounts that repeatedly or
severely violate its Community Guidelines, and further emphasized its zero-tolerance

enforcement policies [286] in April 2024.

Personalized algorithmic content curation

The content users encounter on social media platforms is largely determined by
personalized algorithmic recommendation systems. These algorithms operate by mapping the
vast universe of potential content a user might engage with, identifying items most aligned with
inferred preferences, and ultimately prioritizing and recommending those that best serve the
platform’s optimization goals [22]. Platform decisions regarding how to interpret user behavior
signals and how to balance engagement, retention, and safety directly shape what appears in
users’ feeds. Yet these decisions are largely opaque: platforms rarely disclose the specific signals
they prioritize, the weights assigned to engagement versus safety objectives, or how algorithmic
trade-offs are resolved in practice. In response to growing concerns about the psychological and
social effects of algorithmic personalization, platforms have introduced several digital well-being
practices aimed at improving the recommendation process itself. These include adjusting feed
composition, and limiting user data collection, and enhancing advertisement controls to promote

user experience.
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Several company announcements explicitly describe how their recommendation systems
operate. A 2019 YouTube [287] post provides an overview of how the platform uses user data,
including watch history, search history, clicks, watch time, likes, dislikes, shares, and survey-
based satisfaction signals, to power personalized recommendations. Similarly, in a 2023 post,
Meta [288] explains that its recommendation system identifies relevant content for users by (1)
interpreting the semantic meaning of multimodal content through models such as MViT, XLM-
R/XLM-V, and FLAVA/Omnivore, and (2) employing large-scale retrieval systems that rapidly
narrow billions of candidate items to a few hundred most aligned with an individual user's interests.
Meta [289] further updated the ranking and content information in 2025. However, these posts
could be hard for non-technical people to understand. Furthermore, we do not observe
comprehensive reporting on how these recommendation systems function, nor do we see long-
term tracking of their development and performance over time.

Beyond offering high-level explanations of how their recommendation systems operate,
platforms have also taken steps to increase transparency for users. For example, Meta [290]
shared approaches in publishing “system cards,” disclosing key ranking signals, creating posts
within transparency centers, and expanding in-app tools such as “Why Am | Seeing This?” Meta
has further introduced user controls that allow people to personalize their feed experience by
incorporating explicit user feedback: Instagram [291] has offered a “Not Interested” option since
2021, and in 2023 Meta added the “Show More / Show Less” feature [292], enabling users to
directly signal whether they want to see more or less of specific types of content. However, these
approaches also place the burden of algorithmic correction on users themselves, requiring active
and ongoing effort from users.

Beyond announcements describing how their recommendation systems operate,
platforms also claim to be adjusting the composition of recommended content, some by increasing
diversity in users’ feeds and others by reducing the visibility of borderline content. For example,
in December 2021, TikTok [293] outlined several efforts to improve its recommendation algorithm

172



by diversifying For You feed content, limiting repetitive or sensitive videos, enabling users to filter
unwanted topics, and embedding safeguards to ensure recommendations remain varied,
personalized, and safe. More specifically, TikTok reported diversifying recommendations by
interspersing content outside users’ typical preferences, preventing consecutive videos from the
same creator or sound, and testing mechanisms to avoid clusters of similar content (e.g., dieting,
sadness, breakups). In 2023, TikTok [294] also introduced an option for EU users to disable
personalization entirely to comply with the Digital Services Act (DSA). Snapchat proposed a
slightly different approach. In a November 2020 post, Snapchat [295] emphasized rewarding
creativity on Spotlight by distributing over $1 million per day to eligible creators using a proprietary
formula based on unique daily views, while monitoring for fraud and requiring compliance with
Spotlight guidelines. In contrast, YouTube’s 2022 priorities [296] highlighted efforts to reduce the
prevalence of “borderline” content, videos that approach but do not violate policies, with a stated
goal of keeping such content below 0.5% of total views on the platform.

Beyond platform-level decisions about recommendation system design, another important
factor shaping what users see is the set of metrics platforms use to rank content, such as
engagement rate, retention, or valued watch time. For example, Facebook’s 2018 “time well spent”
update [297] sought to reduce passive public content and prioritize meaningful interactions with
friends and family, yet it did not specify which user metrics were used to operationalize or quantify
the “time well spent” concept. More broadly, we found no company announcements that directly
explain how these metrics are defined, weighted, or optimized within ranking algorithms. Instead
of disclosing the metrics underlying engagement optimization, platforms address these issues
indirectly, typically through user-facing controls that influence visible engagement signals without
revealing how those signals are treated in the ranking process. For example, in May 2021,
Instagram and Facebook [298] introduced options to hide like counts and filter comment
interactions, tools that may influence how users engage with content but do not alter how
engagement metrics are internally used for personalized recommendations. Similarly, YouTube
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[296] removed public dislike counts to reduce harassment, yet continues to incorporate individual
dislike signals internally to shape recommendation outcomes.

Another important dimension shaping the output of personalized recommendation
systems is the set of user data that platforms track and convert into algorithmic signals. However,
across platforms we found little detailed information about which specific user data streams
ultimately become inputs to their personalization models. What platforms do describe instead
relates primarily to restrictions on data usage for advertising, especially for teens. For instance,
in 2023 Meta [299] announced that advertisers can no longer target teens based on prior
engagement data, such as Instagram posts they have liked or Facebook Pages they follow, and
that only age and location may be used for ad targeting, with gender removed as an option.
Similarly, TikTok [300] explains in an August 2022 post that it uses data such as age, gender
settings, and inferred interest categories to personalize ads, and that its “About this ad” feature
allows users to see which data informed a specific ad and adjust their ad personalization
preferences. Snapchat has made comparable changes. Since August 2023, to comply with the
EU Digital Services Act, most targeting and optimization tools on Snapchat [301] are no longer
used to personalize ads for certain users, and the platform now provides expanded transparency
about why a particular ad was shown and gives users the ability to control their ad personalization

settings.

4.3.7 Impact evaluation status of digital well-being practices

In evaluating platform-initiated digital well-being practices, we observe that most company
announcements describe the activities undertaken, whereas what is also important, but less
frequently reported, are the outputs and effects of these activities. Outputs refer to the immediate,
measurable products of an action. For example, the number of posts removed for violating
platform policies, the number of accounts flagged or suspended, or the introduction of a new

safety or screen-time feature. Effects capture the short- or long-term changes resulting from these
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outputs, such as reductions in users’ exposure to harmful content or improvements in users’ self-
reported well-being.

Across platforms, we found that most company announcements did not report either type
of information. Shown in Figure 3.8, approximately more than 83% of company announcements
across platforms did not include any evaluation details. Only about 5-10% of posts mentioned
outputs, such as the number of violating posts removed. Fewer than 5% mentioned effects, such
as changes in user safety outcomes or reductions in harmful content exposure. For example, in
a TikTok post [302] introducing its mental health awareness collaboration with WHO, the company
highlights activities such as partnering with WHO, engaging Fides creators, and providing mental-
health resources, as well as inputs such as a $3 million donation and access to expert networks,

but it does not report any outputs or outcomes associated with these efforts.

Figure 3.8. Evaluation status of the digital wellbeing practices from company
announcements

B No evaluation Output I Effectiveness
TikTok 87%
Facebook 83%
Instagram 84%
X/MTwitter 86%
YouTube 84%
Snapchat 92%
WhatsApp 92%
0.0 0.2 0.4 0.6 0.8 1.0

Proportion of Digital Well-Being Practices

Note: The plot illustrates the primary evaluation status addressed by each platform’s digital well-being
practices. Data were collected from official news channels where social media platforms publish company
announcements. Figure A3.8 presents the raw number of digital well-being practices categorized by
platform and user harms.
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When examining differences across the four mechanism categories, we found that
content-based mechanisms contained the highest proportion of reported evaluation information
(Figure 3.9). These posts most often cited outputs such as the volume of content removed or
accounts closed. For example, in January 2021, YouTube [303] reported removing more than half
a million videos under its COVID-19 policies since February 2020. Similarly, an August 2020
TikTok post [304] on countering hate speech reported removing 380,000 videos, banning 1,300
accounts, and deleting 64,000 hateful comments; however, the post acknowledged that these
figures do not represent a comprehensive capture of all hateful content, and it did not provide
more effect-level evaluations, such as reductions in users’ exposure to hate or improvements in
user self-reported perceived safety. A December 2022 post from Meta [305] likewise mentioned
blocking millions of fake accounts per day and removing more than 150 networks of malicious
actors since 2017, and hate speech exposure on Facebook decreased from 10-11 to about 2
views per 10,000 content views. In general, effect evaluations for the platform practices through
content-based mechanisms remain rare, and virtually none draw on user self-report data, even
for short-term outcomes.

In contrast, posts related to user-initiated controls, default access and account protections,
and personalized algorithms exhibit a much lower prevalence of reported output or effect
evaluation, with only a few exceptions. For user-initiated controls and for data-safety or default-
access protections, platforms typically report outputs such as the frequency of feature use or the
number of accounts reviewed or removed, but provide little evidence of downstream effects. For
example, in a post announcing the expansion of its Mental Health Education Fund and the launch
of guided meditation features, TikTok [306] reported several outputs, including 173 million
impressions, 600,000 new followers, 200,000 website visits, 486 new volunteers to the mental
health awareness topics, and a 98% retention rate for the use of the Sleep Schedule feature.
Likewise, a Meta post [278] about safer private messaging shared outputs such as more than 100
million views of safety notices in one month and a 50% year-over-year increase in reporting.
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Similarly, a June 2025 Snapchat [307] post described a pop-up warning for teens that resulted in
more than 12 million blocks, yet provided no evidence of subsequent effects on user safety or

experience.

Figure 3.9. Evaluation status of the digital wellbeing practices from company
announcements

Proportion of Mechanisms by Evaluation Category
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Note: The plot illustrates the primary evaluation status addressed by each platform’s digital well-being
practices. Data were collected from official news channels where social media platforms publish company
announcements.

Impact evaluation is even more limited for personalized algorithm mechanisms, as
platforms rarely explain how algorithmic changes translate into measurable outputs or outcomes.
For example, Meta [290,308] evaluated its recommendation system by asserting that recent Al
advancements contributed to a 15% increase in watch time in the Facebook Reels player, along
with reduced skip and hide rates. However, the post did not provide sufficient detail on how these
metrics were generated or assessed, limiting the interpretability of these claims for external

readers.
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4.4 Discussion
4.4.1 Summary of findings

In this study, we conducted a large language model assisted content analysis of all 13,497
company announcements published by seven major social media platforms from their inception
through May 15, 2025. We identified 5,685 digital well-being practices and described their
distribution by platform, target user groups, harm categories, mechanisms, and impact evaluation
status. Our findings show that platforms have reported an increasing number of digital well-being
practices in their public announcements since 2019, with a notable rise following the introduction
of the EU General Data Protection Regulation in 2018. We also found that TikTok’s country and
regional offices in the Global North, particularly Germany, the United States, and the EU regional
office, reported more digital well-being practices than offices in the Global South. Approximately
one third of all practices focused on addressing harmful content, such as hate speech and
offensive material, followed by practices aimed at reducing harmful contact to protect users from
abuse, harassment, and bullying. By contrast, relatively few practices addressed harmful
behaviors such as excessive scrolling.

We classified the digital well-being practices into four broad mechanisms: content-based
mechanisms, user-initiated experience controls, default data safety and account protection, and
personalized algorithmic content curation. Most practices fell within content-based governance or
user-initiated controls, while very few involved changes to personalized algorithmic curation.
Across all four mechanisms, platforms provided limited evidence of actual user level impact.
Announcements rarely reported how many users were affected by a practice, how users
experienced the change, or whether the practice produced the intended effects. Content based
practices sometimes reported the number of posts or accounts removed, yet these metrics
remained disconnected from user level outcomes. Only a small number of announcements
mentioned user self-reported experiences, and platforms disclosed even less about the impacts

of privacy measures, safety features, or algorithmic adjustments.
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TikTok exhibits a comparatively higher volume of digital well-being announcements in our
analysis. However, we cannot determine whether this pattern reflects greater substantive
investment in digital well-being initiatives or a more intensive signaling strategy. Notably, many of
TikTok’s announcements are concentrated in content governance and health-related information.
This emphasis may reflect stronger incentives to publicly demonstrate responsibility, particularly
given TikTok’s heightened geopolitical scrutiny and regulatory vulnerability as a non—-U.S.-origin
platform.

Taken together, these patterns suggest that social media platforms increasingly signal a
commitment to digital well-being, particularly after 2019 amid rising public concern and regulatory
pressure. Yet the practices they report focus mainly on content removal, information provision,
and optional user-initiated controls, with far fewer efforts aimed at improving default data
protections or algorithmic systems. Moreover, platforms offer little evidence about whether these
actions improve users’ experiences. As a result, the actual implementation and the effectiveness

of platform driven digital well-being practices remains largely unknown.

4.4.2 Transparency is needed in reporting what platforms are actually doing

A central challenge in understanding platforms’ digital well-being efforts is the persistent
gap between what companies claim in their company announcements and what they actually
implement. This gap arises for three main reasons: (1) platform announcements may not
accurately describe how features work in practice, (2) the target populations and geographic
coverage of digital well-being practices are often unclear, and (3) platform designs change
frequently, making it difficult to track whether a feature is new, updated, or replaced.

First, public descriptions of digital well-being features do not always match their actual
operation. For instance, according to the North Carolina v. TikTok complaint, TikTok’s widely
promoted 60-minute daily limit for teens does not function as an actual limit. Instead, teen users
merely receive a notification after 60 minutes and can continue using the platform by entering a
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simple preset passcode. This illustrates how company narratives may overstate or misrepresent
the protective value of safety features. Second, platform announcements rarely specify where or
to whom a feature applies. Some digital well-being tools are launched only in specific countries
due to local regulations, such as features introduced in the European Union to comply with the
Digital Services Act. It is unclear whether these features are also applied in other regions. Third,
digital well-being features evolve constantly, and the current company-announcement format
provides only a fragmented and incomplete record. For example, a single feature may appear
multiple times in announcements or be described differently across updates, making it unclear
whether it represents a revision of an existing feature or an entirely new one. Although we
attempted to identify duplicative features, this effort is constrained by the absence of a consistent
system for documenting updates or tracking regional differences.

In summary, these factors make it nearly impossible for external observers to verify what
platforms have truly implemented, how broadly a practice is applied, let alone what effects it
produces. This persistent gap between public claims and internal operations underscores the
need for a more transparent and systematic disclosure system for platform digital well-being

practices.

4.4.3 Lack of transparency in the impact of digital well-being practices

Beyond the challenge of understanding what platforms actually implement, another major
challenge concerns the unclear effects of digital well-being practices on users. We found that the
majority of company announcements provide no information about the impact of these practices,
raising concerns that the digital well-being features described may function as cosmetic practices
or symbolic signals of responsibility than as effective interventions.

For content-based mechanisms, some announcements report the number of posts,
accounts, or pieces of content removed. Similarly, companies such as Meta and TikTok have
begun releasing transparency reports [309] that highlight metrics such as the volume of content
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taken down. Yet the definitions behind these metrics are not clearly articulated. More importantly,
aggregate removal counts cannot indicate how many users actually encountered harmful content
or how many user sessions were protected. Given that social media platforms host billions of
posts each day, it is difficult to map moderation numbers onto the actual number of users affected.
A reduction to one percent of harmful content may sound encouraging, but at global scale, one
percent still represents substantial exposure at the user level. Moreover, the effectiveness of the
content moderation model itself has been challenged. A study [310] found content removals
prevented only 24-30% of the posts’ predicted engagement. For many announcements aimed at
providing well-being-related information or instructions for using certain features, it also remains
unclear whether users see or access these materials. In short, without information linking content-
based mechanisms to user experience, it is impossible to know what these metrics mean for real
users.

For user-initiated controls, our study found that only a small share of announcements
report any outcomes. External studies [199,217,219] consistently document low compliance and
high attrition with self-control tools for digital well-being, such as screen time reminders. If the
compliance and effectiveness of external tools are low, it is reasonable to question whether
internal platform features requiring similar self-regulation are widely adopted or meaningfully
affect user experience. Platforms may highlight the availability of these controls, but we do not
know how many users use them, how often they use them, or whether they lead to changes in
screen time or well-being.

The effects of algorithmic recommendation systems are even less transparent. Platforms
occasionally make public claims about improving feed ranking, such as Facebook’s 2018
announcement that it would prioritize meaningful social interactions [311]. However, evidence
about the impact of such changes is limited, and many initiatives have since faded from public
discussion. For external researchers, personalized algorithms are complex systems, and
quantifying the effects of digital well-being practices on algorithmic recommendations is even
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more challenging. One of the closest studies, a randomized controlled trial by Guess et al. [312],
found that turning off personalized recommendations and switching to reverse chronological feeds
on Facebook and Instagram reduced screen time, but the amount of political and untrustworthy
content users saw increased. Recent research [22] indicates that personalized algorithms do not
need to be an all-or-nothing choice between default personalization and chronological feeds.
Users can be given meaningful ways to adjust their recommendations, such as selecting among
different recommender systems or setting preference filters, and platforms could set defaults
optimized for long-term well-being. However, none of these user-directed or value-driven

approaches appear in the company announcements we reviewed.

4.4.4 Policy implication: global governance with evidence-based and transparent
infrastructure

Our findings suggest that company newsroom announcements are not a sufficient
mechanism for transparency regarding digital well-being practices. To support meaningful
oversight, the global community will need more robust systems for documenting platform design
choices and for reporting their effects on users in a consistent and accessible way. Based on this
study, we propose three features that an ideal transparency system for platform digital well-being
design should include: (1) a clear harm-responsive design process, (2) collaboration with external
researchers or evaluators to assess impact in a manner analogous to clinical trials for new
medicines, and (3) a global governance framework to ensure equitable access and accountability.

First, an ideal transparency system should follow a harm-responsive design process,
clearly articulating why platforms introduce specific digital well-being features, how these features
are developed, and what effects they produce. A complete system would mirror core steps in
academic research: platforms would describe the problem they aim to address, explain why the
problem matters based on internal evidence or monitoring, outline the actions they plan to take,
and disclose both the outputs and the short- and long-term effects of those actions on user
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behavior, well-being, and mental health. Many platforms already employ internal research teams
capable of generating such information. A dedicated disclosure structure that shares key
elements of this process with the public would make digital well-being practices far more
understandable and accountable.

Second, the process could draw from the structure of clinical trials for new medicines,
where external researchers and evaluators have independent access to data and content to
assess impact. When a pharmaceutical company develops a medical treatment, it must follow a
clear protocol with multiple phases of testing, each with defined goals, participants, and evaluation
criteria. External experts are involved at specific stages, and regulatory bodies such as the Food
and Drug Administration (FDA) oversee the process through established standards. Social media
platforms also produce products that affect behavior, well-being, and health. Granting external
researchers free and open access to platform data and content would enable independent audits
of platform practices and their effects, reducing reliance on self-reported metrics. Although
platform products are more complex and cannot be isolated as easily as a drug compound, the
underlying principle remains relevant. A structured system could require platforms to explain what
a new design feature aims to do, who it might affect, when external reviewers should evaluate it,
and which institutions at national or global levels should provide oversight. Such a protocol would
give the public a clearer understanding of platform decision-making and establish a consistent
pathway for assessing safety and effectiveness.

Finally, a complete transparency and safety system will require global governance. Other
public spheres, such as health and environmental protection, rely on international bodies that set
shared standards and coordinate action, including the WHO and United Nation Environment
Programme. These systems are imperfect, but they reduce inequality between regions and
prevent countries from addressing complex problems in isolation. Digital platforms operate
globally, yet no comparable structure exists for transparency, safety, or accountability. Without a
coordinated international framework, platform governance will continue to vary widely across
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regions, reproducing inequities observed in public health and environmental governance.
Developing a global mechanism for digital platform oversight would promote consistent standards
and support a more equitable approach to user safety worldwide.

Building such systems is critical not only for social media governance but also for the
future of Al. The shortcomings observed in social media safety, including unclear reporting, weak
public oversight, and optimizing for maximum engagement but not long-term user value,
demonstrate how difficult it is to steer complex digital systems toward user well-being once they
are widespread. These lessons apply directly to Al products, from chatbots to emerging Al agents.
The current moment provides an opportunity to design governance systems that center human
values. Work on human-centered and value-aligned Al [313-315], including frameworks on
human flourishing and purpose-driven Al, highlights the importance of aligning digital products
with user goals rather than engagement metrics or profit incentives. Applying these lessons now
can help ensure that Al systems evolve in ways that support user well-being rather than repeating

the failures of social media governance.

4.4.5 Limitations

This study has several limitations. First, our analysis is based solely on what platforms
choose to disclose through their public announcements. These announcements provide only a
selective view of platform practices rather than a complete account of internal operations. It is
possible that platforms report actions that do not reflect actual implementation. It is also possible
that they engage in additional digital well-being work that is not reported because it is difficult to
communicate to the public, particularly in areas such as data security, safety protocols, or
algorithmic design. Because the study relies exclusively on publicly available newsroom
announcements, it cannot validate the accuracy or completeness of what platforms claim. Other
sources, such as the Facebook internal document archive released by whistleblowers or legal
disclosures produced during lawsuits—including recent cases in which Meta was required to
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release hundreds of pages of internal materials—offer partial insight into internal decision-making.
However, these sources are limited, uneven, and often dated. As a result, our findings capture
only the public-facing account of digital well-being practices.

Second, our classification of digital well-being practices relies on large language model
assisted methods. Although we evaluated model performance and carried out additional checks
to reduce misclassification, misclassifications are inevitable. Both false positives and false
negatives may occur, and some practices may have been missed or incorrectly categorized.
Additionally, LLM-assisted classification raises reproducibility concerns: outputs may vary across
model versions, temperature settings, or prompt formulations, making exact replication by
independent researchers difficult. To mitigate this, we used a fixed temperature setting, majority
voting across repeated runs, and report our prompt structures in the supplementary materials,
though full reproducibility cannot be guaranteed as model versions are updated over time.

Third, despite our efforts to remove duplicate entries, some repeated or overlapping
announcements may remain in the dataset. Platforms sometimes publish the same
announcement across different country or regional pages, especially in the case of TikTok. We
attempted to detect duplicates by comparing URLs, comparing text directly, and using cosine
similarity measures from sentence embeddings. When announcements were highly similar, we
treated them as duplicates. Even with these steps, some announcements that describe the same
feature in slightly different ways may have been counted more than once.

Fourth, there is no agreed upon taxonomy for platform design or digital well-being
practices. Although we drew on prior work, including the platform design framework by lyer and
colleagues, existing classifications do not fully capture the range of practices we identified. As a
result, our four mechanism categories were developed through a bottom up approach. This
required researcher judgment, and other scholars may propose alternative ways of organizing
these practices. We acknowledge that this is a source of subjectivity and welcome further
discussion on how to build more comprehensive and standardized frameworks.
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Finally, the digital environment is changing rapidly. By the time this study is published,
policy shifts, platform design changes, or new governance actions may have already altered the
landscape. For example, Australia’s emerging policy to restrict social media access for users
under sixteen may reshape both user behavior and platform responses. As platforms and
regulators continue to evolve, the content of newsroom announcements and the nature of digital
well-being practices may shift quickly. Our findings reflect the practices described during the

period we studied but may not capture changes that occur afterward.

4.5 Conclusion

In conclusion, this study provides the first large-scale, LLM-assisted analysis of platform-
reported digital well-being practices. By identifying 5,685 digital well-being practices across seven
major social media platforms, we reveal clear trends: a notable expansion of platform attention to
digital well-being since 2019, a greater volume of practices originating from Global North offices,
and a particular focus on adolescents and youth. Although platforms increasingly signal a
commitment to digital well-being, primarily through content removal, information provision, and
optional user controls, they provide little evidence about how these actions affect users and rarely
report efforts to strengthen default protections or algorithmic systems. These patterns highlight
the limitations of company newsroom announcements as a transparency mechanism and
underscore the need for more rigorous, evidence-based, and globally coordinated oversight. We
argue that an effective transparency infrastructure for platform digital well-being practices should
follow a harm-responsive design process, incorporate independent evaluation similar to clinical
trial protocols, and be embedded within a global governance framework that ensures consistent

standards and equitable protections for users worldwide.
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Supplementary materials
Figures

Figure A3.1. Harm-responsive design process (HRDP) for assessing social media
platform digital well-being design

1. Harm identification 2. Design changes 3. Impact evaluation
Problems emerged on Platform conduct design Monitor whether problems
platform changes to solve the problems are resolved

t !
Note:
- Harm identification: platforms assess harms and the design choices that enable them;
- Design changes: interventions are implemented to mitigate these harms;
- Impact evaluation: the effectiveness of these interventions, including outputs and outcomes, is
systematically assessed.

HRDP provides a qualitative framework to determine whether platforms effectively identify harms, express

their motivations for the design implementation, implement targeted or informed interventions, and
conduct meaningful post-implementation evaluations.
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Figure A3.2. Framework for LLM-Assisted Content Analysis Pipeline in Chapter 4

000 o agjon 1

Il 0j 0f

o Unitization of articles ° Self-consistency with majority vote ° Apply annotation schema

()
! [
L

il

° Inferential Classification



681

Figure A3.3. LLM-assisted pipeline for deductive content classification in Chapter 4
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Figure A3.4. Example template of model response for Step 1

"Al": Brief description of digital wellbeing design intervention,
"abstractive": A brief summarization of the design change,
“reason": "It satisfies inclusion criteria I1 ...."

"A2": Brief description of digital wellbeing design intervention,
"abstractive": A brief summarization of the design change,
"reason": "It satisfies inclusion criteria I1 ...."

count: N
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Figure A3.5. Annotation Schema
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Figure A3.6. Raw Counts of Digital Well-Being Practices by Platform and Target User
Target User Groups of Digital Well-Being Practices by Platform

Facebook I
Instagram I

X/Twitter

YouTube I

Snapchat Users

I Children and adolescents
Parents
WhatsApp mmm Content creators
0 200 400 600 800

Number of Digital Well-Being Practices

Note: The chart illustrates the primary target users of each platform’s digital well-being practices, that is,
the intended audience specified in the company announcements. When the target audience was not
explicitly stated, we assumed the practice was directed toward general users (not shown here). Practices
explicitly target children and adolescents, parents, or content creators are displayed. This figure presents
the raw number of digital well-being practices categorized by platform and target user.

192



Figure A3.7. Raw Counts of Digital Well-Being Practices by Platform and User Harms

Harms Described in Company Announcements of Digital Well-Being Practices

TikTok

Facebook

Instagram

X/Twitter

YouTube

Harm Type
B Harmful content
Harmful contact
. Harmful behavior
I User privacy

Snapchat

WhatsApp

0 200 400 600 800 1000 1200 1400 1600
Number of Digital Well-Being Practices

Note: The plot illustrates the primary target harms addressed by each platform’s digital well-being
practices, categorized into four types based on the social media harm taxonomy: harmful content,
referring to exposure to damaging materials such as misinformation, violence, nudity, or extreme content;
harmful behavior, denoting negative psychological or behavioral reactions such as fear of missing out,
social comparison, or loss of self-control; harmful contact, involving harmful interactions from other users
or bots, including bullying or unwanted sexual advances; and harmful use of information (user privacy),
concerning risks to user data and accounts, such as privacy breaches, impersonation, or malware
exposure. Some digital well-being practices do not fall into any of these categories. For instance, those
focused on providing health or positive information which are not the scope of this paper. The figure
presents the raw number of digital well-being practices categorized by target harms.
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Figure A3.8. Raw Counts of Digital Well-Being Practices by Platform and Evaluation
Status

Evaluation Approaches of Digital Well-Being Practices by Platform

TikTok

Facebook

Instagram

X/Mwitter
YouTube
Snapchat Evaluation Type
B No evaluation
Output
WhatsApp B Effectiveness

0 500 1000 1500 2000 2500 3000 3500
Number of Digital Well-Being Practices

Note: The plot illustrates the primary evaluation status addressed by each platform’s digital well-being
practices. Data were collected from official news channels where social media platforms publish company
announcements. This figure presents the raw number of digital well-being practices categorized by
platform and user harms.
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Tables

Table A3.1. The source of company announcements by social media platforms

Platform Newsroom source
Meta (Facebook, Instagram, WhatsApp) https://about.fb.com/news/
TikTok https://newsroom.tiktok.com/
YouTube https://blog.google/products/youtube/
Snapchat https://newsroom.snap.com/
Twitter / X https://blog.twitter.com/
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https://newsroom.snap.com/
https://blog.twitter.com/

Table A3.2. Well-being-related tags and keywords used to filter digital well-being
company announcements in the current study

Inclusion filters

Tags / Keywords

Tags related to Well-
being

Keywords related to
Well-being

Well-Being, Suicide Prevention, Security News, Safety, Privacy,
Security, Health, Digital Literacy, Misinformation, Hate Speech,
COVID-19 Response

safety, safe, safer, secure, security, cybersecurity, privacy,
transparency, transparent, trust, protection, enforcement, integrity,
policy, policies, guidelines, parents, parent, child, children, young,
youth, teenage, kid, student, well-being, wellbeing, experience,
experiences, health, mental, prevention, fake, support, feature,
awareness, responsible, sexual, rules, rule, school, bully, violence,
disinformation, misinformation, strives, guardian, protect, harassment,
authenticity, accountability, violation, suicide, suicidal
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Table A3.3. The performance of human and machine coder in the content analyses

Task in Content
Analysis

Outcome Label
(binary)

(between human

Agreement

Agreement

(Human and machine

coders) coder)
Include or exclude company posts Kappa* = 0.71 Kappa = 0.69
Identify digital well-being practices in the posts Kappa = 0.69 Kappa = 0.68
Children and adolescents Kappa =0.79 Kappa = 0.76
Target user groups Parents Kappa = 0.78 Kappa =0.76
Content creators Kappa =0.78 Kappa = 0.75
Harmful content Kappa =0.74 Kappa =0.73
Harms addressed Harmful contact Kappa =0.73 Kappa = 0.71
Harmful behavior Kappa = 0.76 Kappa = 0.72
User privacy Kappa = 0.75 Kappa =0.70
Company values Kappa = 0.71 Kappa = 0.68
Stated mofivation Legislation Kappa =0.78 Kappa =0.70
External event Kappa = 0.79 Kappa = 0.69
External research Kappa = 0.80 Kappa = 0.68
No evaluation Kappa = 0.82 Kappa =0.75
Evaluation process Output evaluation Kappa = 0.75 Kappa = 0.68
Effectiveness evaluation Kappa =0.78 Kappa = 0.67
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Codebook

Metadata
URL
Provide the source URL of the news release or announcement.

ID
Enter the assigned ID for this item (e.g., A2).

1. Digital Well-Being Practice Presence

Label: Digital Well-Being Mention

Question: Does the extractive reflect a digital well-being practice mentioned on the URL page?
O Yes

O No (If “No,” skip remaining items and submit response.)

2. Explicit Harm Type

Label: Explicit Harm Addressed

Select all harms explicitly mentioned or targeted by the practice.
O Harmful content

O Harmful contact

O Harmful behavior

O Privacy-related concerns

O External harm (e.g., COVID-19)

O Transparency and accountability

3. Harm Label

Label: Specific Harm Category

Select all that apply (categories derived from thematic analysis).
] Not covered by any options below

O COVID-19

O Cancer

O Social Comparison

0 General Mental Health Support
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O LGBTQ+ Health and Safety

O Abuse, Harassment, and Bullying Prevention
O Body Image and Eating Disorders
O Suicide and Self-Harm

O Social and Emotional Learning

[0 Hate Speech and Offensive Content
O Terrorism and Violent Extremism

O Sexual Exploitation and Assault

[ Accessibility for Disabled Users

O Digital Literacy

O Substance Abuse

1 Sleep

0 Anti-Racism and Racial Equity

4. Motivation

Label: Motivating Factors

Select all sources of motivation cited for the practice.
O Company values

O Research

O Others

O Advocacy groups

0 Community pressure

O Civil society

O Legislation

O Events
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O Education

5. Motivation Nature

Label: Nature of Motivation Citation

If a motivation is cited, indicate its nature.
O Qualitative

O Quantitative—experimental

O Quantitative—observational

O Other

O Not mentioned

6. Automaticity
Label: Implementation Type
[0 By default

O User-initiated

7. Design Element (Platform Design Taxonomy)
Label: Design Element (Set 1)

Select all design elements mentioned.

[0 Not covered by any options below

O Infinite Scroll

O Auto Play

0 Engagement Gamification

O Notifications (Platform or User Content)
O Requiring Account Creation

0 Ephemeral Content

01 Barriers to Deletion

O Attention Optimization

O Personalization
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O Lack of Rate Limits

O Lack of Negative Feedback (Barriers to Reporting)
O Badges and Verification

[0 Discriminatory Algorithms

O Profile/Picture Effects

O Generative Al Platform Tools

O Generative Al User Tools

O Lack of Friend/Connection/Messaging Rate Limits
[0 Default Profile Privacy

[0 Default Post/Comment Privacy

O User Discoverability (Search or Friending)

O Age Verification

O Geolocation

O Disproportionate Data Collection by Platform

8. Design Element (Thematic Coding)

Label: Design Element (Set 2)

Select all applicable elements.

[0 Not covered by any options below

O Al, Synthetic, and Manipulated Content Management
O Comment and Chat Message Moderation

[0 Educational and Policy Resources Provision

O Content Accessibility for Users

O Health and Well-being Information Provision

O Parental Controls
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0 Recommendation System Content Interventions
O Screen Time Management Tools

O Content Quality Labels

0 Content Age Restriction Warning Labels
O Interaction Visibility Control

O Issue-Based Content Governance

O Data Security Features

0 Compromised Account Detection

[0 Advertising and Monetization Controls
0 Content Reporting and Appeals

O Account Verification Measures

O Account Protection Measures

O Content Moderation

O Misinformation Detection and Reduction
O User Content Control

O Data Collection Limits for Vulnerable Users

9. Entities Mentioned

Label: Entities Referenced

Indicate any entity mentioned in the release.

(Note: Partnership is a subset of entity—list all entities even if collaboration is implied.)
0 Businesses

[0 Non-academic research institutions

O Nonprofits and community groups

O Others

0 Governmental agencies
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O Academic institutions

10. Partnerships
Label: Collaborative Partners

Select all entities explicitly described as partners.

O Businesses

O Non-academic research institutions

O Nonprofits and community groups

O Others
0 Governmental agencies

O Academic institutions

11. Evaluation

Label: Evaluation Type
O Effectiveness only

O Output only

[0 Both output and effectiveness

O No evaluation mentioned

12. Evaluation Nature

Label: Nature of Evaluation
O Quantitative—observational
O Quantitative—experimental
O Qualitative

O Not mentioned

O Other

13. Demographics
Label: Target Population
0 Not specified
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O Children or adolescents
O General users

O Others

O Content creators

O Parents

14. Instruction

Label: Instruction Type

O Not applicable (by-default design)

[0 User initiation required but not provided
1 Provide description

O Provide link to other pages

[0 Provide image

15. Geographic Scope

Label: Geographic Application

O Not specified

O Global scale (e.g., applied in 85+ countries)
O North America (U.S. & Canada)

O EU/UK

O Other high-income countries

O Low- and middle-income countries

O If unsure, specify location below:

204



Prompts

Step 1: unit_of_analysis_prompt

You are a content and qualitative analysis expert.

You will analyze a news announcement from a social media company to identify how many
distinct digital well-being designs are described. This task requires careful reasoning, so please
follow each step below. Only include designs that satisfy **BOTH** of the following inclusion
criteria:

**I1**: The practice must be clearly associated with reducing **digital harms** or promoting
**digital well-being**.

This includes, but is not limited to, efforts related to: User safety (e.g., preventing harassment,
bullying, or self-harm);

e Privacy and data protection; Exposure to harmful or sensitive content (e.g., violence,
disordered eating, hate speech);

e Misinformation and content credibility; Health-related behaviors and risks (e.g.,
substance use, mental health);

e Age-appropriate design and protections for minors; Encouraging healthier or more
mindful usage patterns (e.g., reducing screen time, content fatigue, or compulsive
scrolling)

**[2**: The practice involves a **clearly defined and implemented product or feature** that is
integrated into the **platform’s design**. To be included, the change must reflect a concrete
design decision made by the platform—that is, something that platform engineers, designers, or
product teams have built into the functionality, interface, algorithm, or user flow of the product.
This can include: User-facing features (e.g., dashboards, nudges, content warnings, filters, help
pop-ups);

e System-level or back-end mechanisms (e.g., algorithmic downranking of harmful
content, automated detection of self-harm posts)

e The intervention must go beyond vague or aspirational claims. It should describe a
specific, actionable, clearly identifiable and implemented platform-level product or
feature—regardless of whether it is new or previously launched.

General statements about values, goals, or unspecified systems should be excluded.

For example, include if the practice is:
o A Help Page is added with links to COVID-19 resources [reasoning: this is a specific
platform product (12) and relate to well-being (11)]
e The platform rolls out an Al system to detect harmful content targeting on children
[reasoning: this is a specific platform feature (12) and relate to well-being (11)]
Moreover, Exclude if:
e The platform claims to “prioritize safety” or “aims to reduce harm” without specifying how
this is done in the product
e The platform makes general statements like “our systems protect youth” without naming
or describing an actual product, feature, or process
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If something does not meet both |1 and 12, it must be excluded.

#HHH Step-by-step instruction:
1. Summarize the overall goals and themes of the announcement. This helps build context. Do
not extract any features yet.
2. ldentify all statements that could potentially describe a digital well-being design. For each:
2.1) Summarize the statement.
2.2) Evaluate whether it meets 11 and 12.
2.3) If it fails either criterion, explain why and discard it.
3. For the remaining valid candidates, group similar items together if they reflect the same
design or concept. Provide justification for each grouping.
4. Count the number of distinct digital well-being designs based on your groupings. Be
conservative—if unsure whether two things are distinct, assume they belong to the same
category.
5. Provide a final list of distinct digital well-being designs, with the following output format.

#HHE Output format
If at least one practice qualifies, use this structure:
{{"actions":[
{{"id": "A1",
"summary": "Short description of the identified action",
"reasons": "Explain briefly why action satisfies criteria”,
"uncertainty": "uncertainty score as an integer ranges from 0-5"}},
{{"id": "A2" (if there are more than one practices satisfy both |1 and 12),
"summary": "Short description of the identified action”,
"reasons": "Explain briefly why action satisfies criteria",
"uncertainty": "uncertainty score as an integer ranges from 0-5, with 0 means
extremely certain and 5 means extremely uncertain"}},

1,

"count": number of total practices that match inclusion criteria

b

If no changes, then output this format:

{{"actions": ],

"reasons": Brief summarize what is the practice introduced in the announcement (in a short
sentence),

"uncertainty": "uncertainty score as an integer ranges from 0-5, with 0 means extremely
certain and 5 means extremely uncertain"}},

"count": 0

1

Please do not output messages other than the JSON files. #### The news announcement:
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Step 2: structured_annotation_schema_prompt

You are a content and qualitative analysis expert.

Your task is to analyze a news announcement from a social media company about a digital well-
being design using a structured JSON schema. You will be provided with a JSON schema that
contains a single **platform-level design practice (PDWP)**, already extracted from the article
using prior analysis. This design practice is identified by an id (e.g., "A1") and is summarized in
a brief "summary" field. Your goal is to re-analyze the original article and extract structured
information strictly based on the article content. Do not generate annotations based on
inference.

#HHH Step-by-step instruction:
1. Extract a block of sentence(s) from the news announcement that:
-- Clearly describe the design change itself, and
-- Provide important context that helps explain why, for whom, or how it was introduced
This block should include:
- Sentences that directly describe the design
- Nearby sentences that clarify implementation, outcomes, or target audience
- Summary or framing sentences from the earlier introduction or elsewhere in the article, \
if they help explain the problem, harm, target, or motivation for this design
In other words: extract the **full contextual span** of the PDWP, even if part of the context
appears outside of the immediate paragraph (such as in the article’s opening summary).

2. Populate the "annotations" field selectively

After extracting the full contextual block for the given PDWP, examine it carefully to identify
whether it contains any explicit supporting details relevant to the annotation fields. Use the
entire contextual span, including any background or framing sentences you included in Step 1,
as your source of evidence. Do not guess or infer. Only include an annotation if the article
clearly and explicitly provides it. For each field in the 'annotations', ask yourself:

“Does the news announcement explicitly mention this for this specific design change?”

If yes — include the field, using a concise and faithful phrase or short sentence.

If no — omit the field entirely.

##HH Annotation Fields You Should Check (Only Include When the Field is Mentioned for the
Specific PDWP):

| Field | Meaning |

I I

- |

| “explicit_harm’ | If the news announcement described the PDWP addresses digital harm
or user well-being, summarize it |

| “entities’ | If the news announcement named an external organizations, companies, or

individuals in the text around the specific PDWP, extract all names of the mentioned entities.
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Please do not miss external organization names, even if it is already extracted in other fields
such as "evaluation", "partnership". |

| “motivation’ | If the announcement says why the PDWP is introduced or the background
motivation of introducing the PDWP (e.g., "to help prevent harm", "to address abuse", "to
improve user experience", "follow community feedback", "follow specific events"), summarize
the motivations |

| "'motivation_evidence’ | If the news announcement mentions or cites studies, user feedback,
data, or other materials in the background of explaining why the PDWP is being introduced or
what motivates its provision, summarize that evidence. This includes both quantitative evidence
(e.g., internal studies, metrics, testing) and qualitative evidence (e.g., user interviews, pilot
feedback, or qualitative assessments). Pay special attention to any quantitative numbers that
indicate measurable outcomes or impact, and include these numbers in the summary when
available. |

| “partnership | If the news announcement described specific collaborators or targets (e.g.,
universities, nonprofits) involved in the PDWP, extract all names of the mentioned collaborators
I

| "geographic_scope’ | If the news announcement stated that the PDWP applies to a specific
country, region, or market, list all names of the regions that the PDWP will be applied to

I

| "demographics’ | If the news announcement stated that the PDWP targets a user group
(e.g., teens, parents, creators, or all users), list all names of the groups that the PDWP will be
applied to |

| “evaluation® | If the news announcement mentions any impact measures, output metrics,
or evaluation efforts related to the PDWP’s output, outcome, or effectiveness, summarize them.
This includes both quantitative evaluations (e.g., internal studies, metrics, testing) and
qualitative efforts (e.g., user interviews, pilot feedback, or qualitative assessments). Pay special
attention to any quantitative numbers that indicate measurable outcomes or impact, and include
these numbers in the summary when available. |

| “instruction” | If the news announcement described how to use, access, or interact with the
PDWP, summarize the instruction |

You should include only the fields for which there is explicit, article-based evidence. If a field is
not mentioned, omit it entirely.

#### Output Format
{{
"A1": {
"extractive": "Verbatim sentence(s) from the news announcement that you extracted for the
specific PDWP",
"annotations": {{
"explicit_harm": "string (only if the news announcement mentions it)",
"entities": "string (only if the news announcement mentions it)",
"motivation": "string (only if the news announcement mentions it)",
"motivation_evidence": "string (only if the news announcement mentions it)",

"partnership": "string (only if the news announcement mentions it)",
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"geographic_scope": "string (only if the news announcement mentions it)",
"demographics": "string (only if the news announcement mentions it)",
"evaluation": "string (only if the news announcement mentions it)",
"instruction": "string (only if the news announcement mentions it)"
1
1

Step 3: Prompts for inferential classification

anno_codebook = {
‘explicit_harm":[

'behavioral harm (e.g., long hours of use, sleep disturbance)’,
'harmful content’,
'harmful contact (e.g., unwanted direct message),
'privacy-related concerns',
'transparency and accountability (e.g., rules of prohibited content)’,
‘external harm (e.g., COVID, suicidality)'
1,

‘demographics';|
'child or adolescent’,
'parents’,
'content creators',
'general users',
'others (please specify in the output)'

1,

'motivation': [
'research’,
'civil society',
'legislation’,
‘community pressure’,
'‘advocacy groups',
'‘events (e.g., World Eating Disorder Action Day)',
‘company values',
'others (please specify in the output)'

1,

'motivation_evidence": [
'‘quantitative-observational’,
‘quantitative-experimental’,
'qualitative’,

'other’,
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'not mentioned'

1,

'motivation_nature': |
'‘quantitative-observational’,
'‘quantitative-experimental’,
'qualitative’,

‘other’,
'not mentioned'

1,

'geographic_scope": [
'List full country, state, or region names, separated by commas'

1,

"instruction’: [
'provide url',
'provide image',
'provide description’,
'do not provide'

1,

'evaluation”: [
'Output only (defined as what the change produces, e.g., \
a tool used by 16 million users or some internal team made 10 different tools.)',
'Effectiveness only (defined as the effect of the PDWP on the desired result, e.g., \
improve proportion of users raising mental health questions by 5%, or reduce 75%
misinformation.)',
'Both output and effectivess'

1,

‘evaluation_nature": [
'‘quantitative-observational’,
‘quantitative-experimental’,
'qualitative’,

'other’,
'not mentioned'

1,

'partnership': [
'academic institution’,
'non-academic research institution’,
'nonprofits and other community groups',
'‘governmental agencies',
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'businesses’,
'others (please specify in the output)'

1,

‘entities”: [
'‘academic institution',
'non-academic research institution’,
'nonprofits and other community groups',
'‘governmental agencies',
'businesses’,
'others (please specify in the output)'

1,

'‘automaticity': ['by default’,
'user-initiated'

1,

'design_element";[

"Infinite Scroll",

"Auto Play",

"Engagement Gamification",

"Notifications (Platform and User Content)",
"Requiring Account Creation",

"Ephemeral Content",

"Barriers to Deletion",

"Attention Optimization",

"Personalization",

"Lack of Rate Limits",

"Lack of Negative Feedback (Barriers to Reporting)",
"Badges and Verification",

"Discriminatory Algorithms",

"Profile / Picture Effects”,

"Generative Al Platform Tools",

"Generative Al User Tools",

"Lack of Friend/Connection/Messaging Rate Limits",
"Default Profile Privacy",

"Default Post/Comment Privacy",

"User Discoverability (Search or Friending)",
"Age Verification",

"Geolocation",

"Disproportionate Data Collection by Platform"

]
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question_codebook = {

'‘explicit_harm': "According to the **explicit_harm summary**, which harm category (or
categories) in the **annotation codebook™** best describe the type of harm the PDWP is
intended to address?",

'‘demographics": "According to the **demographics summary**, which demographics category
(or categories) in the **annotation codebook™* best describe the type of target users of the
PDWP?",

'motivation': "According to the **motivation summary**, which type of motivation(s) provided in
the **annotation codebook** best explain why the platform introduced the PDWP?",

'motivation_evidence": "According to the **motivation_evidence summary**, what type of
evidence in the **annotation codebook** was provided about what motivate the platform to
initiate the PDWP (if any)?",

'motivation_nature": "According to the **motivation_nature summary**, what type of evidence in
the **annotation codebook** was provided about what motivate the platform to initiate the

PDWP (if any)?",

'geographic_scope': "According to the **geographic_scope summary**, what geographic regions
(country, state, or area) does the PDWP apply to? Please list full names.",

'instruction': "According to the **instruction summary**, what type of instruction or guidance in
the **annotation codebook** is provided by the PDWP (if any)?",

‘evaluation’: "According to the **evaluation summary**, what type of evaluation results provided
in the **annotation codebook** was mentioned in the PDWP?",

‘evaluation_nature': "According to the **evaluation_nature summary**, what type of evaluation
evidence in the **annotation codebook™** was provided about the PDWP (if any)?",

'partnership': "According to the **partnership summary**, what types of partners provided in the
**annotation codebook** were mentioned in carrying out the PDWP?",

'entities": "Which entity category (or categories) from the **annotation codebook** best describe
the entity (or entities) mentioned in the **entities summary**?",

"automaticity": "Does it indicate that the change is: 1) applied by default and does not require
user action, or 2) Requires users to apply, initiate, or access it?",

"design_element": "Which design element(s) from the list are referenced or implicated in the
**summary**?"
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#i#t evidence and evaluation nature

def generate_minimal_prompt(news_extractive, news_anno_summary, annotation_field,
annotation_field_code, question):
codebook_text = "\n".join([f"- {item}" for item in annotation_field_code])

prompt = textwrap.dedent(f"™ You are a content and qualitative analysis expert. Your task is
to assign classification tags to a **platform-level design well-being practices (PDWP)** using a
structured annotation codebook. The PDWP represents a platform-level design feature intended
to promote user well-being or reduce user harms on a social media platform.

Read the following **extractive** and the **summary** about the PDWP's **{annotation_field}**
carefully.

**Extractive**: {news_extractive}

**{annotation_field.capitalize()} Summary**: {news_anno_summary}

Given the following **annotation codebook™** of *{annotation_field}':
{codebook_text}

And given the extractive and annotation summary above, choose one or more categories from
the annotation codebook of “{annotation_field}" that best answer the following **question**:
**{question}**

Do not infer, generalize, or assume information beyond what the annotations support. Assign
multiple tags within a field only when clearly justified by the annotations. When choosing tags for
the annotation codebook, only include the main phrase, no need to include the examples in the
parentheses in the final JSON output.

### Output format:
json

{{

"{annotation_field}": ["tag1", "tag2" (only if there are more than one categories)]

b

Please do not output messages other than the JSON files.

")

return prompt
def generate_minimal_prompt_extrac(news_extractive, annotation_field, annotation_field code,

question):
codebook_text = "\n".join([f"- {item}" for item in annotation_field code])
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prompt = textwrap.dedent(f"" You are a content and qualitative analysis expert. Your task is
to assign classification tags to a **platform-level design well-being practices (PDWP)** using a
structured annotation codebook. The PDWP represents a platform-level design feature intended
to promote user well-being or reduce user harms on a social media platform.

Read the following **summary** about the PDWP's **{annotation_field}** carefully.
**summary**: {news_extractive}

Given the following **annotation codebook** of “{annotation_field} :
{codebook_text}

And given the **summary** above, choose one or more categories from the annotation
codebook of *{annotation_field}" that best answer the following **question™*:
**{question}**

Do not infer, generalize, or assume information beyond what the annotations support. Assign
multiple tags within a field only when clearly justified by the annotations. When choosing tags for
the annotation codebook, only include the main phrase, no need to include the examples in the
parentheses in the final JSON output.

##H# Output format:
json

{{

"{annotation_field}": ["tag1", "tag2" (only if there are more than one categories)]

1

Please do not output messages other than the JSON files.

")

return prompt

Step 4: Prompt for the thematic analysis

4.1: summarize design features

You are an expert in content thematic analysis. Your task is to extract a concise **Action code**
— a short phrase that clearly describes what the social media platform is doing or implementing
— based on a description of **platform-level design practices (PDP)** on a social media
platform.

The PDP represents a **concrete platform-level design feature or initiative**. Focus only on the
**specific action or intervention taken by the platform**, not general context, opinion, or
background. Your output should be a neutral, descriptive phrase that summarizes the core
platform action.

**Data format**
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Corpus: [original description you will receive from us]
Action code: [short summary of what the platform is doing that you will output to us]

Please see the examples below:

**Example 1**

Corpus: A couple of weeks ago we talked about how, creators need to start disclosing in
YouTube Studio desktop if the content we're uploading has been altered or synthetically
generated in a meaningful way. Now, in addition to the YouTube blog post and help center, |
had the chance to sit down and chat with our VP of product management, Jennifer Flannery
O'Connor, to talk about not just how the disclosure and labeling works for creators and viewers,
but why it's needed, what the guiding principles are behind it, and how it might evolve from
here.:

Action code: Al-generated content disclosure for creators

**Example 2**

Corpus: We've also heard from creators about the importance of broadening accessibility for
people who are deaf or hard of hearing. Thanks to long term investments in machine learning,
we now provide automatic captions in more languages. We also offer machine translated
captions for mobile that enable viewers to translate their captions to 16 languages. YouTube
has captioned over six billion videos with more than one billion users watching videos with
captions enabled every day.

Action code: Expanded automatic and translated captions for accessibility.

**Example 3**

Corpus: We have also added new measures to limit Snapchatters under 18 from showing up in
search results or as a friend suggestion to someone else unless they have friends in common.
This builds on protections we’ve long had in place that require teens to be friends with another
Snapchatter in order to communicate directly.

Action code: Limit teen visibility in search and friend suggestions

**Example 4**

Corpus: Today we are also releasing new in-app content that helps explain these risks and
shares important resources for Snapchatters, such as hotlines to contact for help. This content
will be featured on our Stories platform and surfaced to Snapchatters by relevant Search terms
or keywords. Several of our new product safeguards were informed by feedback from The
National Center on Sexual Exploitation (NCOSE). Our new in-app educational resources were
developed with The National Center for Missing and Exploited Children (NCMEC).

Action code: In-app educational resources

**Output format™*
Output only the **Action code**. Do not include any explanation or interpretation.

Please work on:
Corpus: {extractive}
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Action code:

4.2: summarize harms

You are an expert in content thematic analysis. Your task is to extract a concise **Well-being
topic code* — a short phrase that clearly identifies the specific well-being-related issue, harm,
or target group mentioned in a description of platform-level digital well-being design practices
(PDWP) from a social media platform. If the content is not in English, please also translate your
response to English.

A PDWP refers to a platform-level design feature or intervention aimed at promoting user well-
being or reducing harm.

Only include a well-being topic if it is explicitly mentioned in the text. Do not infer, generalize, or
interpret beyond the given content.

Your output should be a neutral, descriptive phrase summarizing the well-being issue in English.
If no well-being-related topic is clearly mentioned, write: "None".

**Data format**
Corpus: [original description you will receive from us]
Well-being topic code: [short phrase or "None"]

Please see the examples below:

**Example 1**

Corpus: A couple of weeks ago we talked about how, creators need to start disclosing in
YouTube Studio desktop if the content we're uploading has been altered or synthetically
generated in a meaningful way. Now, in addition to the YouTube blog post and help center, |
had the chance to sit down and chat with our VP of product management, Jennifer Flannery
O'Connor, to talk about not just how the disclosure and labeling works for creators and viewers,
but why it's needed, what the guiding principles are behind it, and how it might evolve from
here.:

Well-being topic code: None

**Example 2**

Corpus: We've also heard from creators about the importance of broadening accessibility for
people who are deaf or hard of hearing. Thanks to long term investments in machine learning,
we now provide automatic captions in more languages. We also offer machine translated
captions for mobile that enable viewers to translate their captions to 16 languages. YouTube
has captioned over six billion videos with more than one billion users watching videos with
captions enabled every day.

Well-being topic code: deaf people

**Example 3**
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Corpus: We have also added new measures to limit Snapchatters under 18 from showing up in
search results or as a friend suggestion to someone else unless they have friends in common.
This builds on protections we’ve long had in place that require teens to be friends with another
Snapchatter in order to communicate directly.

Well-being topic code: Adolescent privacy

**Example 4**

Corpus: Today we are also releasing new in-app content that helps explain these risks and
shares important resources for Snapchatters, such as hotlines to contact for help. This content
will be featured on our Stories platform and surfaced to Snapchatters by relevant Search terms
or keywords. Several of our new product safeguards were informed by feedback from The
National Center on Sexual Exploitation (NCOSE). Our new in-app educational resources were
developed with The National Center for Missing and Exploited Children (NCMEC).

Well-being topic code: Sexual Exploitation and exploited children

**Qutput format**

Output only the **Well-being topic code** [None or the generated code]. Do not include any
explanation or interpretation. Please translate the response to English\

Do not include explanations or reasoning. Do not generate Well-being topic code unless a well-
being issue is explicitly stated.

Please work on the following:
Corpus: {extractive}

Well-being topic code:

4.3: merge themes

You are an expert in iterative content thematic analysis. | will provide a list of short, descriptive
**initial codes** that summarize **platform-level digital design practices (PDP)** from a large
dataset. Each code reflects the action described in a corpus item.

Your task is to group similar or related codes into broader well-defined themes. Each theme
should represent a meaningful pattern or design category.

Please generate between 15-30 themes.

Avoid overly narrow, redundant, or overlapping themes by merging where appropriate.
If any code does not clearly belong to a theme, include it in an "Uncategorized" group.
** Input data format **:

code 1: [example code text]

code 2: [example code text]

code 50: [example code text]
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** output format **
Return the output as a JSON dictionary with the following structure:

{{
"T1": {{
"theme_label": "short label summarizing the theme",
"theme_description": "brief explanation of what the theme captures”,
"theme_example": |
"example initial code 1",
"example initial code 2",
"example initial code 3",
"example initial code 4", # if their is a forth one
]
1
"T2": {{
"theme_label": "...",
"theme_description": "...",
"theme_example": [...],
1

"Uncategorized": {{
"example": [
"initial code not categorized",
"another uncategorized code"
1
1
1

Now it's your turn. Below is the input:
(Do not include any explanation or text outside of the JSON output.)

{text}

4.4: text classification

You are an expert in iterative content thematic analysis.
Your task is to assign the most appropriate **theme label(s)** to the given **corpus item**,
based on a finalized **theme codebook** developed through prior rounds of analysis.

The **theme codebook** defines the thematic categories within a taxonomy of platform design
features.

Each **corpus item** represents a specific platform-level design practice implemented by a
social media platform.

Some **corpus item** may clearly reflect one or more design features captured in the **theme
codebook**, while others may not fit any theme. Note that some **corpus item** may not be in
English, please return the theme label(s) in English.
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Your goal is to carefully read each **corpus item** and assign only the most relevant theme
label(s) from the theme codebook.

**Classification guide™*

Use only the theme labels provided in the codebook.

If the corpus does not match any existing theme, label it as "None".
Each corpus may be assigned zero, one, or multiple theme labels.

** Qutput format **

Please return your result as plain text, listing only the assigned theme label(s).

If one or more themes apply, return the exact theme labels separated by commas (for example,
"User Content Control,Misinformation Detection and Reduction")

If no theme applies, return the word "Uncategorized".

Do not include quotation marks, brackets, or any explanation, but just the clean text.

Now it’s your turn. Below is the **theme codebook™ and **corpus item™**:

**Theme Codebook™™

Each theme includes a label, a brief description, and several examples. You must use these
themes exactly as provided for classification.

{theme_codebook}

**Corpus ltem™**
{text}
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Chapter 5: Conclusion
5.1 Key Findings and Implications

This dissertation advances research on social media use and well-being from three
perspectives: by developing scalable objective behavioral measurement through user-donated
screen time screenshots and extending the application of data donation methods using TikTok
trace data; by shifting the focus from specific types of use to a cross-cutting psychological process
that conceptualizes social media engagement as momentary goal pursuit; and by examining
platform-level digital well-being practices to identify gaps in transparency and inform policy
discussions.

Chapter 2 demonstrates a scalable approach to capturing objective, app-specific social
media behaviors through user-donated screenshots and highlights the importance of examining
both between- and within-person variation in the relationship between social media use and
adolescent well-being. Overall, the results showed predominantly small or non-significant
associations between app-specific usage metrics and both hedonic and eudaimonic well-being
outcomes. The findings suggest that focusing solely on app-level usage may offer limited insight
into the mechanisms linking social media use and well-being, underscoring the importance of
considering broader psychological and contextual factors.

Chapter 3 shifts the focus from specific types of social media use to the underlying
psychological process of goal pursuit, demonstrating that higher levels of momentary goal
awareness and goal strength are associated with more positive and meaningful experiences. The
findings highlight the potential of incorporating goal awareness into user-centered digital literacy
interventions. At the same time, we raise important theoretical questions about how habitual use
can be meaningfully integrated into goal-pursuit frameworks within digital environments. The
limited associations between goal awareness, goal strength, and objective TikTok usage patterns

further underscore the complexity of real-world digital behavior, suggesting the need for more
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refined study designs and analytical approaches to better capture high-dimensional engagement
data.

Chapter 4 broadens the lens to the platform level by documenting the expansion of
platform-reported digital well-being practices through analysis of company announcements.
Although platforms increasingly signal a commitment to digital well-being, these commitments
largely emphasize content removal, information provision, and optional user controls. The
announcements provide limited evidence regarding the effectiveness of these practices and rarely
report structural changes to default settings or algorithmic systems. These findings suggest that
reliance on newsroom disclosures is insufficient as a robust mechanism, underscoring the need
for more rigorous, evidence-based, and transparent frameworks for monitoring platform digital
well-being practices.

Overall, the empirical studies in this dissertation are subject to sampling constraints that
limit the generalizability of their findings. Chapter 2 recruited Swiss adolescents through high
schools, and Chapter 3 recruited U.S. adults via Prolific with screening criteria targeting frequent
TikTok users. Neither sample is representative of a broader national or international population.
In both studies, participants who consented to share behavioral data may differ systematically
from those who declined, for example in their comfort with data sharing, level of platform
engagement, or general orientation toward social media research, introducing an additional layer
of selection bias that constrains inference from the objective behavioral analyses in particular. |
want to note that these sampling constraints are not incidental but reflect a broader structural
challenge in digital well-being research: the populations most accessible to researchers — young,
educated, Western, and digitally active — are precisely those for whom existing evidence is

already most abundant.
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5.2 Future Research

Building on the empirical chapters, | outline several directions for future research. First,
following Chapter 2, | am developing a framework to examine the variability of individuals’ social
media use using objective data, capturing patterns such as fragmentation, routine, complexity,
and uncertainty beyond time spent. Second, extending Chapter 3, | integrate objective TikTok
logs with multimodal content data from short-form TikTok videos and interaction behaviors to
identify content consumption patterns associated with goal awareness, goal strength, and well-
being outcomes. | also develop a taxonomy for analyzing short-form social media videos, outlining
multiple dimensions of analysis, including topic, sentiment, stylistic and structural features, and
mid-level expressive qualities such as tone, pacing, and overall “vibe,” to enable more systematic
and scalable content analysis. Third, building on Chapter 4, | expand the analysis of digital well-
being practices to Al companion chatbots, combining platform disclosures with user discussions
on forums to better understand user experiences in emerging Al-mediated environments.

An ongoing challenge in the study of digital well-being is the tension between relatively
modest sample sizes and increasingly high-dimensional behavioral data. Related to this is the
broader question of what constitutes a meaningful effect size in this domain, a question the field
has yet to resolve. Conventional benchmarks such as Cohen's d = 0.2 [316] were derived from
between-person, cross-sectional designs and are not directly applicable to within-person EMA
analyses, where variance partitioning at the person level inherently produces smaller
standardized coefficients. Rigorous longitudinal work in social media use and well-being has
found that within-person effects of social media use on life satisfaction are trivial in size,
suggesting that small effects are characteristic of the broader literature rather than indicative of
methodological inadequacy [101]. At the same time, small within-person effects should not be
dismissed, when consistent and cumulative across the millions of users who engage with social
media daily, even modest associations may carry substantial public health implications at scale,

underscoring the importance of replication, causal identification, and app-specific precision in
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future work. While practical and ethical constraints often limit large-scale data collection, future
research would benefit from substantially larger samples. Emerging large-scale data-donation
initiatives [71] and regulatory developments (e.g., Digital Services Act [24]) may help facilitate
broader data access, enabling more scalable and reproducible investigations.

Beyond social media, the empirical findings and conceptual insights from this dissertation
offer relevant implications for emerging Al systems, such as companion chatbots and Al tools.
Like social media, Al technologies are rapidly becoming embedded in daily life, characterized by
personalization, persistent interaction, and the potential to shape users’ psychological and
behavioral processes [317-319]. Current research on Al engagement often relies on self-reported
usage and attitude, and focuses on identifying benefits or harms. These approaches are similar
to those used in early social media studies. The lessons learned from social media research,
particularly regarding objective behavioral measurement, user agency, and goal pursuit, and
platform governance on user safety, therefore provide a valuable foundation for studying Al
systems.

Looking ahead, extending the study of digital well-being to more diverse and
underrepresented populations, such as those in the Global South, represents both a longer-term
goal of this research and a broader priority for the field [320]. Much of the existing evidence on
social media and digital well-being relies on online survey samples or students from high-income
countries, where stronger data infrastructures and research resources facilitate data collection.
Objective behavioral data and EMA studies on digital well-being remain far less common in
middle- and low-income contexts. As a result, current knowledge on digital well-being is
disproportionately derived from high-income contexts—a form of data absenteeism [321], the
systematic absence of data on groups experiencing social vulnerability—limiting its
generalizability, which also reflects broader structural inequalities in global research capacity.
Challenges related to social media and Al use may differ across socio-economic, cultural, and
regulatory environments. Expanding this research to the Global South is therefore essential not

223



only for representativeness but also for identifying context-specific risks, opportunities, and
governance needs. Addressing this gap would contribute to a more equitable and globally

informed framework for digital well-being.
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