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Abstract
Concerns about smartphone dependency have sparked interest in
minimal mobile phones: devices supporting basic communication
without social apps, web browsing, or games. These design choices
are thought to improve well-being, but have not been tested em-
pirically. We conducted a first-of-its-kind longitudinal experiment
examining the effects of switching from smartphones to minimal
mobile phones on young adults’ psychological well-being over a
week (n = 166). To account for individual variation in intrinsic mo-
tivation to try a minimal phone, we employed a quasi-experimental
design comparing the outcomes of three groups: 1) high-interest
volunteers who were asked to use minimal phones or participants
that were randomly assigned to either 2) use minimal phones or 3)
continue using their own smartphones. Results showed that switch-
ing to a minimal phone effectively reduced phone and social media
use. However, only high-interest volunteers - those intrinsically mo-
tivated to participate - showed significant within-person changes
in psychological well-being, reporting reduced stress, increased
life satisfaction, and less FoMo. No effects on well-being were ob-
served for those assigned to use the phone. Our results suggest that
switching to a minimal mobile phone may support some motivated
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individuals in improving their sense of agency and well-being in
an increasingly connected digital world.
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1 Introduction
Smartphones are an integral part of modern social life, enabling
people to access information instantly, communicate with their
peers at all times of the day, and navigate important elements of
their personal and professional lives [66, 73]. Recent surveys have
found that over 90% of adults and 85% of adolescents in the United
States currently have their own smartphone – a number that has
steadily increased over the last several years and continues to rise
[18, 61].
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However, there are concerns that smartphone use may be detri-
mental to psychological well-being - particularly among younger
generations who grew up with constant smartphone use as the
norm [35, 36, 75]. While mobile devices allow people to be con-
stantly connected, the ability to be “always on and available” can
have negative effects on their quality of life [29]. Many young users
report feeling that their smartphone use disrupts their focus [43]
and undermines their ability to be present for face-to-face interac-
tions [3, 14]. Furthermore, research on compulsive and problematic
smartphone use indicates that many people struggle with feeling
dependent on their phones, such as using their devices when they
do not mean to and feeling unable to reduce their screen-time, even
when they believe it to be harmful [29, 31]. Accordingly, parents
are worried about the effects of smartphone use on their children.
A recent nationally representative poll found that 67% of Ameri-
can parents believed that “overuse of devices and screen-time” was
harmful to their children’s health, surpassing the number of parents
who were concerned about the effects of school violence (49%) and
smoking or vaping (48%) [1].

These negative experiences correspond with some research sug-
gesting that smartphones are linked to the rise of mental health
challenges among children and adolescents [7, 53]. In particular,
scholars such as [24] have argued that increasing rates of depression,
anxiety, and stress can be tied to the introduction of smartphones
and social media into mainstream society. It is important to note
that the question of whether smartphones indeed cause such strong
negative effects continues to be the subject of rigorous empirical
investigation and academic debate [52, 54]. However, experts gen-
erally agree that many people are concerned about the amount of
time they personally spend on smartphones, and are seeking out
more intentional forms of technology use that can help them have
a greater sense of agency over their lives [33, 34, 39, 54].

To address this growing demand, researchers have developed dig-
ital disconnection strategies that support voluntary breaks from dig-
ital media, particularly smartphones [68]. Most take an individual-
focused approach by offering users features that allow them to
control notification frequency, set limits on app use, and manage
when they can use their phones (e.g., in the morning, at bedtime).
These are designed to support positive behavioral change by help-
ing users align their smartphone habits with their personal goals
[63]. More intensive disconnection options involve digital “detoxes”
where individuals try to fully stop using their devices for a day, a
week, or even months [71, 76]. However, one limitation of these
strategies is that they require continuous self-control that can be
challenging for individuals to sustain long-term [58]. Recognizing
these challenges, researchers and designers are now exploring a
different approach that may reduce the burden placed on users:
reimagining the fundamental design of mobile devices themselves
to minimize unwanted distractions and enhance user autonomy
[33, 80].

One promising device-level intervention for digital disconnec-
tion is the minimal mobile phone, which provides users with basic
communication abilities, such as calling and texting, while remov-
ing access to features such as social media, games, and internet
browsers that are often perceived as distracting [2, 8]. Also known
as “dumbphones,” these phones include classic models from well-
known mobile technology companies, such as the Nokia Flip and

the Maxcom MM135L, as well as “designer” mobile phones devel-
oped by new, smaller companies, including the Light Phone and the
Balance Phone (see 1) [69]. By supporting essential communication
while reducing exposure to the potential harms associated with
smartphone use, minimal mobile phones provide a middle ground
between light-touch applications that encourage reductions in use
(i.e., Apple ScreenTime limits) and intensive behavioral changes
like disconnecting from smartphones entirely for a period of time.
Despite their availability and increasing public interest [63, 69],
little empirical research has tested the causal effects of using a
minimal mobile phone on psychological well-being.

In this paper, we conduct an experimental evaluation of the
effects of minimal mobile phone adoption on psychological well-
being and quality of life. We recruited students to participate in a
one-week, between-subjects experiment that involved switching
from their regular smartphone to the Light Phone II, a minimal
mobile phone that allows individuals to make phone calls, send text
messages, navigate using GPS, and setting an alarm. The phone
did not afford any use of social media, web browser applications,
or games. This device-level intervention enabled us to investigate
how design choices (i.e., the exclusion of specific features) impact
people’s psychological well-being over time.

Crucially, this study tackles the role that a young adult’s mo-
tivation plays in shaping the effects of switching to the minimal
phone on well-being outcomes. People naturally vary in the ex-
tent to which they are interested in adopting a new technology,
whether that involves a relatively “light-weight” change, such as
downloading an app, or more intensive behavioral changes, such as
switching their primary mobile device [80]. Previous work suggests
that people often vary in their motivations for pursuing digital
disconnection [34], and that those who opt for a minimal mobile
phone tend to be strongly motivated to find a “low-distraction
digital handset” [69]. To account for this individual variation in
intrinsic motivation to try a minimal phone, we employed a quasi-
experimental design comparing the outcomes of three groups: 1)
high-interest volunteers who were asked to use minimal phones or
participants that were randomly assigned to either 2) use minimal
phones or 3) continue using their own smartphones. Our results
make important contributions to both the growing discourse on
the effects of smartphones on society and designer-led efforts to
improve our relationship with digital devices.

2 Related work
2.1 Smartphone use and psychological

well-being
The relationship between smartphone use and psychological well-
being has received widespread public and scholarly attention. To
date, hundreds of empirical studies [11, 38, 45, 79] have investigated
how particular elements of smartphone use relate to a wide variety
of indicators of psychological well-being, including the quality and
strength of their relationships (relational well-being), their satis-
faction with their lives (eudaimonic well-being), their day-to-day
mood (affective well-being), and their experience with symptoms
of stress, depression, and anxiety (psychological distress) [30].

Several mechanisms have been proposed to explain why smart-
phone use influences well-being in different ways, under the
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displace-interfere-complement framework [36]. On one hand,
smartphones are theorized to improve well-being when they com-
plement individuals’ experiences by providing otherwise unavail-
able opportunities and affordances [73]. Indeed, some studies find
that people who spend more time on their smartphones and use it
more frequently experience more positive emotions on a daily basis
because it allows them to stay in touch with friends and family
[42]. A large-scale study of British youth (n = 120,115) found that
smartphone and social media use was not inherently harmful and,
in moderate amounts, could even be beneficial for psychological
well-being and bring advantages in a connected world [57]. These
benefits appear to be particularly pronounced for individuals who
are separated from established communities, such as among college
students moving away from home [16] or adolescents isolated from
their peers due to the COVID-19 pandemic [47].

On the other hand, smartphone use may be harmful when it
displaces other activities such as face-to-face social interactions [35]
or interferes with other important activities such as homework or
sleep [45, 72]. For example, a meta-analysis of 83 empirical studies
found that smartphone use can disrupt in-person social interactions,
thereby undermining the quality of the interaction and potentially
harming the relationship itself [51]. More broadly, many individuals
can become sufficiently dependent on their smartphones that they
experience stress and anxiety when they must go without it - an
experience termed nomophobia that has been linked to increased
psychological distress (for a review, see [62]).

It is also important to consider the effect of smartphones on
psychological well-being over time [22]. Much of the existing litera-
ture has treated media use as having linear effects on psychological
well-being, assuming that more use is associated with proportion-
ally greater harms or benefits [46]. However, emerging research
leveraging longitudinal studies or intensive ecological momentary
analyses of individuals’ real-time responses to media suggests that
these relationships are often non-linear [59, 77]. For example, a
two-wave panel study of Belgian adolescents revealed curvilinear
associations between active Facebook use and loneliness [81], sug-
gesting that moderate use related to lower loneliness, while heavy
use was linked to increased loneliness. Leveraging evenmore granu-
lar data, a study by [9] following signals of individuals’ smartphone
use and well-being over the course of two years found that using
increased smartphone use frequency was linked to nonlinear de-
creases, and increases, in well-being that varied depending on the
person examined. Understanding the real effects of smartphone use
- and minimal phone use - on individuals’ psychological well-being
therefore requires consideration of the shape of the trajectory of
these potential media effects. In this study, we focused on investigat-
ing whether switching to minimal phones would affect participants’
psychological well-being in linear or nonlinear ways.

2.2 Approaches to digital disconnection
Given widespread concerns about the potential harms of digital
technologies, there has been a notable increase in interest in dig-
ital disconnection strategies to help people better manage their
relationship to their digital devices [63]. People are increasingly
searching for options that help them “unplug” or “detox” from their
smartphones [58], citing motivations including desires to improve

their well-being, reduce distractions, and feel more present in their
day-to-day lives [48, 80]. Indeed, the App Store is now filled with
numerous digital tools that aim to give individuals more control
over their interactions with their devices, such as the Forest app or
Detox [58].

Approaches to digital disconnection vary substantially in the
duration of time they are applied for, the level of granularity at
which they operate, and the extent to which they focus on teaching
individuals to self-regulate their own use or remove distracting fea-
tures [48]. The digital disconnection continuum framework offers
a useful way to conceptualize these strategies by situating them
along a spectrum of voluntary non-use [67]. On one end of the
spectrum are light-touch interventions, such as apps that nudge
users to pause before opening social media (e.g., one sec; [23]) or
tools that track screen time and prompt self-monitoring. These
aim to cultivate awareness and habit disruption without restricting
access. Moving along the continuum, interventions may place more
explicit constraints, such as time limits on specific apps or entire
categories of content (e.g., entertainment), features now embedded
in Apple’s ScreenTime and Android’s Digital Wellbeing dashboards.
At the most intensive end are full digital detoxes, which involve
complete abstinence from devices for a designated period, whether
individually or as part of collective efforts like the National Day of
Unplugging.

However, empirical evidence on the effectiveness of disconnec-
tion strategies remains decidedly mixed. In their review of 21 ex-
perimental studies investigating the effectiveness of digital detox
interventions on psychological well-being and quality of life, [58]
found that some efforts to promote digital disconnection were suc-
cessful at improving individual outcomes but others produced null
effects. A similar review focusing on digital well-being tools in the
field of human-computer interaction designed to support individual
agency over devices [63] also noted that some interventions were
more effective at improving well-being than others, with many
not resulting in anticipated changes. For example, an experimental
study of 127 students asked to lock their smartphones in a cabinet
for three days found that this full restriction in smartphone use
did not improve their affective well-being [15]. In fact, relative to
the control group that had access to their smartphones, students
who restricted their smartphone use felt more fear of missing out
instead of feeling more present with their peers.

This heterogeneity in individual responses to digital disconnec-
tion interventions can be understood through the differential sus-
ceptibility to media effects model [78], which argues that media
effects are not uniform, but vary across individuals. Past research
has highlighted how investigating the effects of smartphone use
on well-being is inherently challenging because smartphone use
is highly idiosyncratic: people use their smartphones for different
amounts of time, with different, across different applications [9, 60].
Accordingly, digital disconnection interventions should have differ-
ent effects on individuals depending on what aspect of smartphone
use is being reduced or restricted [34, 80]. Closer examination of
the existing literature suggests that more research has focused on
the effects of asking individuals to restrict or abstain from using
social media, than from their smartphones [58, 63], which appear
to demonstrate greater effects on psychological well-being. For
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Figure 1: Examples of minimal mobile phones include "de-
signer" phones custom-made to reduce distracting features,
as well as conventional mobile phones that focus on provid-
ing calling and texting features.

instance, a large-scale randomized experiment on Facebook absti-
nence found that abstaining from the platform led to reduced online
activity, increased offline social interactions, and improved subjec-
tive well-being [2]. Similarly, a one-week intervention aimed at
social media disconnection showed slight improvements in mental
health and perceived social support, as well as a decrease in fear of
missing out [6].

2.3 Minimal mobile phones as a device-level
intervention

Given that research shows digital disconnection affects different
people in different ways, it can be challenging to draw useful causal
conclusions about how these interventions should be designed or
what people should do. One promising approach to better isolate
these effects is conducting device-level interventions that system-
atically remove certain design features while preserving others.
Rather than studying complete digital detoxes or wholesale smart-
phone abstinence, researchers canmanipulate specific technological
elements, such as disabling push notifications while maintaining
calling and texting capabilities, or removing social media apps while
preserving productivity tools. This targeted approach aligns with

Roffarello and De Russis’s (2024) call for more research on the dif-
ferentiated effectiveness of disconnection strategies. In addition to
allowing us to draw more precise causal inferences about which
features drive problematic usage patterns, identifying the specific
features that are linked to benefits and harms not only strengthens
our theoretical understanding but also provides actionable guidance
for technologists.

Minimal phones represent one such opportunity to specifically
test the effects of removing certain features, while preserving others,
on user outcomes. Their rising popularity matches growing public
interest in approaches that make it easier for people to reduce their
phone usage by default [63]. For instance, more people than ever are
expressing interest in giving up their smartphones in exchange for
minimal mobile phones [69]. Contrary to popular perceptions that
youth are highly attached to their smartphones, this shift is driven
by young adults: 28% of Gen Z expressed interest in switching to a
minimal phone, while Boomers were the least likely.

Although changing devices involves a more radical shift than
downloading an app or implementing a screen-time limit, it may
also be easier for people to uphold their goals when certain af-
fordances are restricted by design. In their review of digital dis-
connection interventions, [58] found that many people who opted
for lighter-touch disconnection strategies, such as reminders and
screen-time limits, often struggled to maintain these digital habits.
Rather than persuading users to change their behavior within the
context of a fully functional smartphone, these devices eliminate the
option altogether by removing access to social media, web brows-
ing, and app stores (see Figure 1). In their article, [70] highlighted
that interventions that encourage technology non-use by design
through structural constraints, rather than nudges or rewards, may
be more effective because they do not require individuals to self-
regulate.

Recent scholarship has framed these devices within broader
movements, such as calm technology and slow design, which seek
to align technological experiences with values like focus, presence,
and intentionality [63, 74]. In contrast to the always-on, efficiency-
driven logic of most digital tools, minimal phones are intended
to promote autonomy and reduced cognitive load by minimizing
technological demands on users’ attention [69]. Qualitative and
journalistic accounts highlight some promising outcomes, such
as users reporting feelings of relaxation, focus, and control [44].
However, empirical evidence remains limited. Few studies have
systematically evaluated the effects of these devices in controlled
or longitudinal settings with larger sample sizes. Our study aims to
address this important gap in the literature.

2.4 Individual differences in motivation to
disconnect

One important dispositional factor that may shape the effects of
digital disconnection interventions, like switching to a minimal
phone, focuses on individual motivation. People vary in how much
they are intrinsically interested in wanting to pursue options de-
signed to support digital well-being, and their reasons why they
may choose to disconnect. In a recent comprehensive review, [48]
identified six primary motivations for disconnection, including: (1)
perceived overuse of digital media, which can prompt individuals
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to reassess their habits; (2) a desire to improve social interactions,
manage relationships, and control self-presentation; (3) the pursuit
of enhanced psychological well-being, such as reducing stress, anx-
iety, or depressive symptoms; (4) the need to increase productivity
and reduce digital distractions; (5) concerns over data privacy and
surveillance; and (6) the wish to reclaim purposeful engagement
and resist habitual media use.

Motivations to disconnect are multifaceted and dynamic. While
some drivers, such as overuse or privacy concerns, may reflect
longer-term patterns or values, others such as the desire to avoid
distractions or be fully present are more context-dependent and
situationally triggered. Importantly, expressed motivations (e.g.,
for well-being) and actual disconnection behaviors vary greatly
across individuals as well as within individuals over time. Notably,
disconnection does not always follow negative experiences with
technology. Instead, disconnection can be triggered by important
life transitions or lifestyle choices reflecting an individual’s complex
and ambivalent relationship with technology [49]. Therefore, some
individuals might take their motivation to disconnect a step further
by actively replacing, reducing, or removing technology at certain
times [32]. For these highly motivated users, disconnection is often
a deliberate, value-driven lifestyle choice. These individuals may
therefore benefit to a greater extent from a minimal mobile phone
that is intended to support such disconnection.

3 The Present Study
The purpose of this study was to investigate the effects of minimal
mobile phone adoption on young adults’ psychological well-being.
To address these questions, we employed a quasi-experimental
design comparing three groups: 1)high-interest volunteers who ac-
tively sought to participate in the minimal phone intervention, and
2) participants who were either randomly assigned to use minimal
phones or 3) randomly assigned to continue using their regular
smartphones. This approach allows us to test the causal effects of
this device-level intervention on multiple dimensions of psycho-
logical well-being over time, while also examining how individual
motivation shapes intervention outcomes.

The Light Phone II was "designed to be used as little as possi-
ble" by removing access to social media platforms, web browsers,
games, and entertainment app. We therefore first predicted that
these design constraints would reduce time spent on social media
engagement by making them more difficult to access, and overall
phone usage throughout the day. A summary of our hypotheses,
research questions, and key findings can be found below.

H1: Participants who use the Light Phone will (a) spend less time
on their phones and (b) less time on social media than those in the
control condition.

Removing these features at the device-level should influence
how much agency and control individuals feel they have over their
phones. We predicted that without constant notifications, the temp-
tation to play games, or the ability to scroll social media or check
their email, participants should experience less feelings of depen-
dency on their phones and more control over their phone use.

H2: Participants who use the Light Phone will experience will report
(a) less dependency on their phones and (b) more perceived agency
over their phones.

Past work on digital disconnection, such as the displace-interfere-
complement framework, suggests that switching to a minimal
phone should affect how people feel [14, 35]. The removal of dis-
tracting features should help people feel more present and attentive
in their day-to-day lives. Therefore, we predicted using the Light
Phone would improve participants’ affective well-being.

H3: Participants who use the Light Phone will experience better
affective well-being in terms of their (a) positive affect and (b) feelings
of productivity, than those in the control condition.

However, the same literature emphasizes that smartphones can
complement social interactions by allowing people to readily main-
tain communication across distance [16, 35, 47]. We therefore pre-
dicted that removing access to social media platforms and commu-
nication channels may would reduce participants’ sense of social
connection to others.

H3: Participants who use the Light Phone will experience will report
lower levels of social connectedness, than those in the control condition.

Drawing from research linking smartphone use to increased psy-
chological distress [25, 29], we predicted that reducing exposure
to distracting smartphone features would improve psychological
well-being. The constant connectivity, social comparison oppor-
tunities, and addictive design elements present in smartphones
may contribute to stress and depressive symptoms, while their re-
moval should promote greater psychological well-being and life
satisfaction.

H4: Participants who use the Light Phone will experience will report
(a) lower levels of depression, (b) lower levels of stress, and (c) higher
levels of life satisfaction, than those in the control condition.

In addition to our hypotheses, we considered two additional
exploratory research questions that guided our investigation of
individual differences and temporal dynamics. We posed these as
research questions rather than hypotheses given that little past
work has explicitly examined these factors in the digital discon-
nection, and we therefore approached them from an exploratory
angle. The differential susceptibility to media effects model sug-
gests that interventions will not affect all individuals uniformly
[78], and existing research indicates that people vary substantially
in their motivations for pursuing digital disconnection [34, 80]. The
inclusion of the high-interest group of volunteers tackles the moti-
vational challenge that is inherent to many behavioral intervention
studies [37, 41]: people are more likely to participate when they are
intrinsically interested. We examined if those who voluntarily seek
minimal phone alternatives would experience different outcomes
than those randomly assigned to use these devices.

RQ1: Does individual motivation to disconnect moderate the effects
of switching from smartphones to minimal phones on psychological
well-being and perceived agency?

Emerging research suggests that technology-wellbeing relation-
ships often exhibit curvilinear patterns rather than simple dose-
response effects [9]. Across all outcomes, we were interested in un-
derstanding whether the effects of minimal phone adoption emerge
immediately, develop gradually, or followmore complex trajectories
is crucial.

RQ2: Do relationships between smartphone or minimal phone use
conditions and well-being outcomes follow linear or non-linear trajec-
tories?
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Table 1: Summary of Hypotheses, Results, and Research Question Findings

Hypothesis Results RQ1: Does user motivation
matter?

RQ2: What are the tra-
jectories of change over
time?

H1a Light Phone users will spend less
overall time on their phones.

Supported Stronger effects among high-
interest Light Phone users

Linear growth model had
better fit

H1b Light Phone users will spend less
time on social media.

Supported Stronger effects among high-
interest Light Phone users

Linear growth model had
better fit

H2a Light Phone users will report
lower dependency.

Supported Stronger effects among high-
interest Light Phone users

Quadratic growth model
had better fit

H2b Light Phone users will report
higher perceived agency/control.

Supported – –

H3a Light Phone users will experience
higher positive affect.

Not supported – –

H3b Light Phone users will experience
greater feelings of productivity.

Not supported – –

H3c Light Phone users will report
lower social connectedness.

Not supported – –

H4a Light Phone users will report
lower depression.

Not supported – –

H4b Light Phone users will report
lower stress.

Partially sup-
ported

Significant effects only among
high-interest Light Phone users

Quadratic growth model
had better fit

H4c Light Phone users will report
higher life satisfaction.

Partially sup-
ported

Significant effects only among
high-interest Light Phone users

Linear growth model had
better fit

Note. Table summarizes preregistered hypotheses, model results, and findings for two exploratory research questions. RQ1 examines whether effects differed by initial motivation
to adopt the Light Phone (high-interest users). RQ2 indicates whether linear or nonlinear (quadratic) growth models provided the best fit for each outcome. Dashes indicate no
significant moderation effects or model fit differences.

4 Method
4.1 Study design and procedure
We conducted a longitudinal, between-subjects experiment to in-
vestigate the effects of switching from a smartphone to a minimal
mobile phone for one week on young adults’ well-being. From April
to November 2024, participants were recruited from an American
university to complete a study on “Personal experiences with smart-
phones” that involved completing four surveys over the course of
one week. All procedures were approved by the [Anonymized]
Institutional Review Board.

As shown in Figure 2, prospective participants completed a
screening questionnaire to determine their eligibility. They were
required to be over 18, enrolled as a student, and to have a mobile
phone with a physical SIM card that could be transferred to the min-
imal phone. Because choosing to give up one’s smartphone and try
a new mobile device involves substantial effort and is more intrin-
sically appealing to some people than others [34, 80], we recruited
participants through two approaches. Paper flyers and emails were
distributed to recruit people who were strongly interested in trying
the minimal phone - termed the high-interest group because of
their intrinsic motivation to pursue this experience. In addition, we
recruited students from a social studies class to participate in an
experiment where participants were randomly assigned to either a
treatment group that were asked to use the minimal phone for one
week or a control group that continued to use their smartphones as

usual. This design enabled explicit comparisons between partici-
pants who were motivated to reduce smartphone use and those who
engaged without prior interest, supporting a more nuanced under-
standing of who benefits from digital disconnection interventions
[58, 67, 78].

Next, participants attended a brief, in-person information ses-
sion. Students in the high-interest group and the treatment group
received information about the minimal phone used in the study, in-
cluding its features and its capabilities. The control group received
information about smartphones. Upon consenting, participants set
up their Light Phones with assistance from trained research assis-
tants who helped transfer the SIM cards into the minimal phone,
set up contact directories, and answer questions about the device.
Participants were asked not to use their regular smartphone during
the study period. They were required to submit a screenshot of
their Apple iOS ScreenTime or Android Digital Well-being screen-
time at the end of the week to ensure compliance. Control group
participants were instructed to continue using their smartphones
as usual, and submit a screenshot of their screen-time. All partici-
pants completed the baseline survey (Time 1) and a series of three
additional surveys over the course of the week (Time 2, Time 3,
Time 4). Throughout the study, participants received reminders
that they were allowed to exit the study and return to their original
devices at any time.

At the end of the study period, participants in the high-interest
group were allowed to keep their phones if they wished; treatment
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Figure 2: Participantswere recruited through two approaches:
1) campus flyers that identified individuals who opted into
using the Light Phone and 2) classroom recruitment that
randomized participants into treatment or control groups.

group participants were asked to return to their regular smart-
phones; and control group participants were given the opportunity
to try the minimal phone for one-week if they desired. The research
assistants helped participants transition back to their own devices.
All participants were compensated financially or with course re-
search credits, depending on their choice at the conclusion of the
study.

4.2 The Light Phone II
The minimal mobile device used in this study was the Light Phone
II. This phone has been described as a designer dumbphone by
previous human-computer interaction researchers [69] because
it is a newly developed mobile device that has been specifically
redesigned to meet the needs of users interested in improving their
digital well-being.

As shown in Figure 3, the Light Phone has a black-and-white
E-Ink display, physical navigation buttons, and a simplified operat-
ing system built on the Android Open Source Project that excludes
most conventional smartphone capabilities. Unlike most smart-
phones, the Light Phone II does not support social media, email,
web browsing, or any app store. Instead, it only includes calling,
texting, alarms, a basic calendar, a calculator, a notes app, a simple
MP3 music player, GPS navigation, and the ability to use the device
as a WiFi hotspot. It has no camera, no background app multitask-
ing, and no push notifications beyond calls and text messages. In
terms of its hardware, it has Bluetooth, WiFi, a micro-USB charging
port, and a headphone jack to allow users to listen to downloaded
music.

4.3 Participants and attrition
We conducted an a priori power analysis to examine how many
participants we would need to recruit to detect changes in well-
being over time, between groups. Results indicated 150 participants
(50 per group) were needed to complete four surveys to detect
significant time × condition interaction effects with an expected
small effect size of Cohen’s d = 0.073 (median = 0.059; range =
0.039 – 0.146) across experimental conditions, with 80% power
at 𝛼 = 0.05. This design supported both heterogeneous treatment
effect (HTE) analyses comparing the high-interest and assigned
treatment groups to the control group, and combined analyses

Figure 3: An illustration of the Light Phone II’s key features.
The Light Phone II does not support social media, email, web
browsing, or any app store, but enables calling, texting, notes
applications, and WiFi.

pooling Treatment and High-Interest groups into a single Light
Phone condition versus Control.

A total of 209 participants enrolled in the initial study, of which
156 completed all four waves. For the high-interest group, 102
participants finished Time 1 and 97 finished Time 4. For the control
group, 55 participants finished Time 1 and 42 finished Time 4. For
the treatment group, 52 finished Time 1 and 15 finished Time 4. Of
the final sample, there were 58 men (36.7%), 85 women (53.6%), 8
who were non-binary (5.1%), and 2 who preferred not to indicate
their gender (1.3%). Our sample was relatively diverse, with 56
students whowere white (34%) and 106whowere non-white (67.1%).
The average age for our participants was 21 years old (SD = 2.27
years). The majority of participants’ primary mobile phone was an
iPhone (n = 139), with 7 having Androids, 1 having a Samsung, and
2 who had a different phone.

4.4 Measures
4.4.1 Psychological well-being. Psychological well-being was as-
sessed along several different dimensions in line with past research
highlighting how technology use can affect distinct mental health
outcomes in different ways [40, 46, 78]. Participants were asked
to indicate their feelings over the last two days. Please see the
Supplement for all survey materials.

Affective well-beingwas assessed with a brief, adapted version
of the Positive and Negative Affect Schedule (PANAS) with 10
items about how they felt in the moment [82]. Separate scores were
calculated for positive affect (e.g., happy, proud) and feelings of
productivity (e.g., capable, attentive). The measure demonstrated
good reliability (Cronbach’s 𝛼 = .83).

To measure psychological distress, participants completed a
14-item version of the Depression, Anxiety, and Stress Scale [50].
Items were on a 4-point Likert scale (1 = not at all, 4 = almost
always). Scores were calculated for depression ("I have felt down-
hearted and blue") and stress ("I have found it difficult to relax").
The scale had good internal reliability (Cronbach’s 𝛼 = .87).
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Life satisfaction was measured with the Satisfaction with Life
Scale, a 5-item survey to assess individuals’ global cognitive judg-
ments of satisfaction with their lives [13]. Example items include
“So far I have gotten the important things I want in life” and “If
I could live my life over, I would change almost nothing.” Items
were on a 7-point Likert scale (1 = “strongly disagree”, 7 = “strongly
agree”). The scale had good reliability (Cronbach’s 𝛼 = .88).

4.4.2 Phone experiences. Next, we asked participants to share how
they felt about their phone use. All Light Phone users were asked
to complete these questions referring to their experience with the
Light Phone, while control group participants completed these
questions referring to their own smartphones.

Participants’ phone dependency was measured using 7 items
adapted from [12] designed to capture subjective experiences with
smartphones. These questions asked participants to describe if
they habitually checked their phones (“I mostly checked my phone
without thinking”, “I constantly monitored my phone to see what
was happening online”) and if their desire to use their phones
disrupted other activities (“I had a hard time disengaging mentally
from online content on my phone”, “I felt distracted by my phone”).
Items were asked on a 5-point Likert scale (1 = not at all, 5 =
extremely). The measure demonstrated good reliability (Cronbach’s
𝛼 = .87).

Agency and valence mindsets refer to participants’ core as-
sumptions about the role that their phones played in their lives.
These were assessed using a 12-item adapted form of the Social
Media Mindsets Scale [40]. Agency mindsets refer to the extent
participants felt they had control over their engagement with their
phones (“I know how to manage my phone use”) or not (“I end up
using my phone even when I don’t mean to”). Valence mindsets
refer to participants’ belief that their phone use was personally
beneficial and meaningful (“Using my phone facilitates my learning
and growth”) or harmful (“Using my phone is a waste of time”).
The measures demonstrated good reliability (Cronbach’s 𝛼 = .83).

4.4.3 Individual differences. Participants answered questions about
their demographics, such as their age, gender, education level, and
ethnicity. They were allowed to skip any questions they did not feel
comfortable with. Measures of psychological individual differences
were collected at baseline given our interest in understanding how
different people respond to the minimal phone intervention [69]).

Participants’ personality was assessed using the Ten-Item Per-
sonality Inventory (TIPI) [20], which captures openness to new
experiences, conscientiousness, extroversion, agreeableness, and
neuroticism. Items were scored on a 7-point Likert Scale (1 = dis-
agree strongly, 7 = agree strongly). The scale had good internal
reliability (Cronbach’s 𝛼 = .68).

4.5 Entropy balancing
To address potential baseline covariate imbalances between the
groups (Control, Treatment, and High-Interest), we employed en-
tropy balancing [26] using the ebal package [27]. This preprocessing
procedure reweights the data to achieve exact balance on speci-
fied characteristics (moments) of covariate distributions. Unlike
traditional matching methods that discard observations, entropy
balancing retains all participants by assigning weights to those

in the Treatment and High-Interest groups. In contrast, Control
group participants receive a weight of 1. The method optimizes
these weights to ensure that the weighted distributions of covari-
ates in these groups match the characteristics of the Control group
distribution precisely. In other words, the method ensures that the
Treatment and High-Interest groups are comparable to the Control
group on all specified characteristics.

We denote each participant’s group assignment as 𝐺𝑖 , which
can take one of three values: Control (C), Treatment (T), or High-
Interest (H). For each participant 𝑖 , we observe a set of baseline
characteristics denoted by X𝑖 . These characteristics include: age,
personality traits measured by the Ten Item Personality Inventory,
gender (indicators for Female, Male, Non-binary), ethnicity (indi-
cator for White or Non-white), and education level (indicator for
Associate’s degree).

The entropy balancing procedure assigns a weight 𝑤𝑖 to each
participant in the Treatment and High-Interest groups. Weights are
chosen to solve an optimization problem with two key components.
First, the weights should make the characteristics of these groups
match those of the Control group. Mathematically, this means that
for each characteristic we want to balance (such as age or per-
sonality measures), the weighted average in either the Treatment
or High-Interest group should equal the unweighted average in
the Control group. Second, among all possible sets of weights that
achieve this balance, we choose the set that deviates as little as
possible from equal weighting of all participants. This minimizes
the influence of any single participant while still achieving the
desired balance.

Formally, for each pairwise comparison (Treatment vs. Con-
trol and High-Interest vs. Control), entropy balancing solves an
optimization problem. The goal is to find weights that make the
treatment groups look as similar as possible to the control group,
while keeping the weights as close as possible to equal weighting
(where every participant would have the same weight).

min
w

∑︁
𝑖 |𝐷=1

𝑤𝑖 log
(
𝑤𝑖

𝑞𝑖

)
subject to three key requirements:∑︁

𝑖 |𝐷=1
𝑤𝑖𝑐𝑟 (X𝑖 ) =𝑚𝑟 , 𝑟 = 1, . . . , 𝑅

∑︁
𝑖 |𝐷=1

𝑤𝑖 = 1

𝑤𝑖 ≥ 0, ∀𝑖 where 𝐷 = 1

The equations represent the following process: We assign a
weight 𝑤𝑖 to each participant in the Treatment or High-Interest
groups (denoted by D=1). These weights start from a baseline of
equal influence (𝑞𝑖 ) and are then normalized by their mean to en-
sure proper scaling while maintaining the desired balance across
key characteristics.

The first requirement establishes the weighted average of each
characteristic (e.g., age or personality measures) in the treatment
group must match the average of that characteristic in the con-
trol group. This matching process occurs across all characteristics
included in the balancing procedure (represented by r = 1,...,R).
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Figure 4: Covariate Balance Assessment via Love Plot Before
and After Entropy Balancing. Standardized mean differences
(SMDs) are shown for baseline covariates comparing Treat-
ment vs. Control and High-Interest vs. Control groups. Verti-
cal lines indicate the balance threshold (SMD = 0.1).

The second requirement specifies that the weights must sum to 1,
following standard weighting conventions. The third requirement
ensures all weights remain positive, as negative weights would not
have a meaningful interpretation in this context.

The optimization equation (shown above) measures deviation
of the final weights from equal weighting. Its mathematical form
ensures large deviations in individual weights incur greater penal-
ties, thereby promoting a more even distribution of influence across
participants while maintaining the desired balance.

Data were prepared using the following steps. First, missing
data values in any characteristic were filled in using the average
value within each group to preserve group-specific distributions
and avoid biasing covariate relationships [17]. Next, we enforced
the region of common support by verifying that the ranges for
the Treatment and High-Interest groups fell within those observed
for the Control group to ensure adequate counterfactual units ex-
isted for all treated cases [10, 64]. To ensure numerical stability in
the optimization procedure, we removed redundant or perfectly
collinear characteristics so the constraint/design matrices were full
rank [19, 26]. Finally, we standardized continuous variables, such
as age, to mean zero and unit variance [28].

Using the cobalt package [21], we confirmed that after weighting,
the absolute standardized mean differences (SMDs) were below 0.1
for all characteristics (see Figure 4), a commonly accepted threshold
for good balance. For continuous variables, such as personality traits
measured by TIPI, the variance ratios were close to 1.0, indicating
similar spread of values between groups. The weighting procedure
was particularly effective: the largest remaining imbalance after
weighting was only 0.0017 for gender (male) in the Treatment
versus Control comparison and -0.0095 for extraversion in the High-
Interest versus Control comparison. These diagnostics indicate that
the weighting successfully achieved comparable groups for our
subsequent analyses.

These participant-specific weights were then merged into the
longitudinal dataset to be incorporated in all subsequent statistical
analyses, thereby adjusting for pre-treatment differences in the
observed baseline characteristics.

4.6 Analytical approach
To analyze how switching to the Light Phone affected participants
over time, we used multi-level growth models that capture both
individual trajectories and group-level differences in change [22].
We conducted analyses using two complementary approaches: (1)
combined analysis comparing the unified Light Phone intervention
group against the control group, and (2) heterogeneous treatment ef-
fects (HTE) analysis comparing treatment and high-interest groups
separately against the control group. For each outcome scale and
analytical approach, we estimate and report both linear and qua-
dratic growth models to fully characterize the temporal dynamics
of the intervention. When a scale consists of multiple items, each
item is treated as an observation, and thus the coefficients represent
changes at the item-level measurement.

Before presenting the formal model specifications, we clarify
the conceptual distinction between the two model types. Linear
growth models assume outcomes change at a constant rate—a steady
increase, steady decrease, or no change across time points. Qua-
dratic growth models allow the rate of change itself to vary over
time, capturing trajectories such as initial declines that level off,
reverse, or accelerate; or initial improvements that fade, stabilize,
or compound. We estimate both model types for each outcome
for two reasons. First, it is an empirical question whether switch-
ing to a minimal phone produces immediate effects that persist,
gradual effects that build, or initial changes that later stabilize or
reverse. Second, understanding the shape of these trajectories—not
just whether change occurs—is essential for informing how digital
disconnection interventions should be designed and how long they
should be sustained.

The linear growth model for itemmeasurement𝑌𝑖𝑡 (representing
the response to an item within a scale) for person 𝑖 at time 𝑡 is
specified as:

𝑌𝑖𝑡 = 𝛽0𝑖 + 𝛽1𝑖Time𝑖𝑡 + 𝜖𝑖𝑡

where Time𝑖𝑡 is coded as 0, 1, 2, 3 for T1 through T4, respectively.
T1 was recorded before the intervention, while T2, T3, and T4 were
recorded during the intervention. The key parameters of interest are
the time coefficients, which capture how outcomes change during
the intervention period. Specifically, 𝛽0𝑖 represents a participant’s
baseline level at T1, while 𝛽1𝑖 represents their rate of change per
time point, indicating whether the measure changes during the
intervention period.

To examine how these temporal patterns differ by condition, we
specify the level-2 equations for the combined approach using a
single binary indicator for people using the Light Phone:

𝛽0𝑖 = 𝛾00 + 𝛾01LightPhone𝑖 + 𝑢0𝑖
𝛽1𝑖 = 𝛾10 + 𝛾11LightPhone𝑖 + 𝑢1𝑖

Here, LightPhone𝑖 is a binary indicator equal to 1 for participants
in either the Treatment or High-Interest groups, and 0 for Control
participants. The critical parameter 𝛾11 reveals the overall effect of
using the Light Phone on the rate of change, compared to control
participants.

For the HTE approach, we use separate indicators for each inter-
vention group:
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𝛽0𝑖 = 𝛾00 + 𝛾01Treatment𝑖 + 𝛾02HighInterest𝑖 + 𝑢0𝑖
𝛽1𝑖 = 𝛾10 + 𝛾11Treatment𝑖 + 𝛾12HighInterest𝑖 + 𝑢1𝑖

Here, Treatment𝑖 and HighInterest𝑖 are binary indicators for
group membership, with the Control group serving as the reference
category. The critical parameters are 𝛾11 and 𝛾12, which reveal
whether each group had different patterns of change compared to
the control condition.

Both combined and HTE models include random effects for both
the intercept (𝑢0𝑖 ) and linear time slope (𝑢1𝑖 ), allowing each partici-
pant to have their own baseline level and rate of change.

To capture potential non-linear patterns - such as initial adapta-
tion followed by stabilization or rebound effects - we also estimate
quadratic growth models:

𝑌𝑖𝑡 = 𝛽0𝑖 + 𝛽1𝑖Time𝑖𝑡 + 𝛽2𝑖Time2𝑖𝑡 + 𝜖𝑖𝑡

with corresponding level-2 equations. For the combined ap-
proach quadratic model, we first specify:

𝛽0𝑖 = 𝛾00 + 𝛾01LightPhone𝑖 + 𝑢0𝑖
𝛽1𝑖 = 𝛾10 + 𝛾11LightPhone𝑖 + 𝑢1𝑖
𝛽2𝑖 = 𝛾20 + 𝛾21LightPhone𝑖

For the HTE approach quadratic model, we specify:

𝛽0𝑖 = 𝛾00 + 𝛾01Treatment𝑖 + 𝛾02HighInterest𝑖 + 𝑢0𝑖
𝛽1𝑖 = 𝛾10 + 𝛾11Treatment𝑖 + 𝛾12HighInterest𝑖 + 𝑢1𝑖
𝛽2𝑖 = 𝛾20 + 𝛾21Treatment𝑖 + 𝛾22HighInterest𝑖

In both models, 𝛽1𝑖 represents the initial trajectory at T1, while
𝛽2𝑖 captures whether this change accelerates or decelerates over
time. For the combined approach, the linear coefficient (𝛾11) cap-
tures the initial effect of the LightPhone intervention, while the
quadratic coefficient (𝛾21) captures the acceleration or deceleration
of that effect over time. For the HTE approach, the group interac-
tions with these time components (𝛾11, 𝛾12, 𝛾21, 𝛾22) reveal whether
each intervention group shows distinct temporal patterns. There-
fore, linear and quadratic coefficients of the same sign indicate that
the intervention has a consistent directional effect over time, while
opposite signs indicate that the intervention may "taper off" or
eventually begin to revert over time.

All models were estimated using restricted maximum likelihood
via the nlme package in R [55], incorporating the entropy balancing
weights through inverse variance weighting. We conducted both
weighted (using entropy balancing) and unweighted analyses for
both HTE and combined approaches to assess robustness. We report
both linear and quadratic specifications for all outcomes to fully
characterize the temporal dynamics of each measure’s trajectory.
Full model details, including weighted and unweighted combined
and HTE models can be found in the Supplemental Materials.
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Figure 5: Changes in time spent on phones and time spent
on social media over time. Red lines indicate high-interest
participants who volunteered to try the Light Phone, green
lines indicate treatment participants randomized to using
the Light Phone, and blue lines indicate control participants
randomized to using their own smartphones.

5 Results
5.1 Minimal phones reduced phone use and

social media use
One of the core premises of device-level interventions is that switch-
ing from a smartphone to a device like the Light Phone should
reduce the time that people spend on their phones and social media
(H1). As seen in Figure 5, the results revealed that switching to
the Light Phone effectively reduced the time people spent on their
phones and on social networks.

Relative to the control group, participants who used the Light
Phone demonstrated significant nonlinear decreases in phone use
frequency, with steep initial declines (𝛽𝑡𝑖𝑚𝑒𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 = –1.12, SE
= .21, p < .001) followed by partial rebounds (𝛽𝑡𝑖𝑚𝑒2𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 =
.28, SE = .07, p < .001). Motivation influenced the trajectory of this
reduction, as those assigned to using the Light Phone demonstrated
sharper reductions in phone use (𝛽𝑡𝑖𝑚𝑒𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡= -2.23, SE = .31, p
< .001; 𝛽𝑡𝑖𝑚𝑒2𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = .55, SE = .10, p < .001) than high-interest
individuals who opted in (𝛽𝑡𝑖𝑚𝑒𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡= -.88, SE = .21, p <
.001; 𝛽𝑡𝑖𝑚𝑒2𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = .21, SE = .07, p < .01).

A similar pattern was observed for social media use. Us-
ing the Light Phone steeply reduced participants’ social me-
dia use (𝛽𝑡𝑖𝑚𝑒𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 = –.96, SE = .20, p < .001), followed
by small rebounds (𝛽𝑡𝑖𝑚𝑒2𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 = .23, SE = .07, p < .001).
The decline differed between groups. At baseline, high-interest
participants used social media less than control participants
(𝛽ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡𝑣𝑠.𝑐𝑜𝑛𝑡𝑟𝑜𝑙 = -.82, SE = .18, p < .001) and had less
steep reductions (𝛽𝑡𝑖𝑚𝑒𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡= -.88, SE = .21, p < .001;
𝛽𝑡𝑖𝑚𝑒2𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = .22, SE = .07, p < .01) than the treatment
group (𝛽𝑡𝑖𝑚𝑒𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = -.97, SE = .30, p < .01; 𝛽𝑡𝑖𝑚𝑒2𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 =
.20, SE = .09, p < .05).
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Table 2: Growth Models for Phone and Social Media Use

Phone Use Social Media Use

Lin Quad Lin Quad

Fixed Effects
Intercept 4.05*** 4.06*** 3.70*** 3.70***

(.13) (.13) (.15) (.15)
Time -.13+ -.16 -.09 -.13

(.07) (.18) (.07) (.18)
Time2 — .01 — .01

(.06) (.06)
Treatment -.41+ .10 -.11 .05

(.24) (.24) (.25) (.25)
High-Interest -.43** -.29+ -.82*** -.65***

(.16) (.16) (.18) (.19)
Time × Treatment -.62*** -2.23*** -.38** -.97**

(.13) (.31) (.14) (.30)
Time × High -.25** -.88*** -.23* -.88***

(.08) (.21) (.09) (.21)
Time2 × Treatment — .55*** — .20*

(.10) (.09)
Time2 × High — .21** — .22**

(.07) (.07)

Random Effects
SD(Int) .58 .64 .78 .82
SD(Slope) .19 .23 .29 .31
Cor(Int, Slope) -.53 -.55 -.69 -.70
Residual SD .66 .58 .61 .55

Model Fit
AIC 1367.10 1307.28 1365.86 1338.06
BIC 1408.28 1360.73 1407.06 1391.53
N 460 460 461 461

Note. Standard errors in parentheses. LightPhone = LightPhone treatment, High =
High-Interest, Int = Intercept. Model comparisons indicated that linear growth
models provided better fit than quadratic models for positive affect (ΔAIC = 10.74,
𝜒2 = 6.74, df = 2, 𝑝 = .034). For productivity affect, quadratic model comparisons
were not significant. +𝑝 < .10, ∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001

5.2 Minimal phones reduced phone dependency
and increased perceived agency

We tested H2 by examining if people experienced within-person
changes in their feelings of smartphone dependency and their mind-
sets about their phone use after switching to the Light Phone,
relative to the control participants continuing to use their own
smartphones.

Reduced smartphone dependency. Model comparisons in-
dicated nonlinear growth models fit the data better than linear
models (LRT 𝜒2(2) = 58.6, p < .001). As shown in Table 2, the signif-
icant interaction term between time and condition indicated that
using the Light Phone reduced people’s feelings of dependency
on their phones (𝛽𝑡𝑖𝑚𝑒𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 = -.25, SE = .07, p < .001). More
specifically, we saw differences in the high-interest and treatment
groups. The high-interest group showed a steep drop in smart-
phone dependency (𝛽𝑡𝑖𝑚𝑒𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = -.98, SE = .14, p < .001)
which rebound again (𝛽𝑡𝑖𝑚𝑒2𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = .24, SE = .04, p < .001).
In contrast, the treatment group showed a significant increase in
smartphone dependency (𝛽𝑡𝑖𝑚𝑒𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = .49, SE = .21, p < .05)
which deceased over time (𝛽𝑡𝑖𝑚𝑒2𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = -.19, SE = .06, p < .01).
These results indicated that while switching to the Light Phone
reduced feelings of dependence for all users, it was more effective
for highly motivated individuals.

Greater agency over phones. Non-linear models were a better
fit to the data (LRT 𝜒2(2) = 42.75, p < .001). The results indicated that

overall, people who switched to the Light Phone felt significantly
more control over their phone use (𝛽𝑡𝑖𝑚𝑒𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 = .54, SE = .15,
p < .001) that marginally diminished over time (𝛽𝑡𝑖𝑚𝑒2𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 =
-.08, SE = .05, p < .10). Closer examination indicated people in the
high-interest group reported significantly greater improvements in
agency relative to the control (𝛽𝑡𝑖𝑚𝑒𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = .60, SE = .15, p
< .001) and the treatment benefited slightly less (𝛽𝑡𝑖𝑚𝑒𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 =
-.02, SE = .07, p > .10; 𝛽𝑡𝑖𝑚𝑒2𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = -.10, SE = .05, p < .05).

No change in valence of phones. Linear models were a better
fit to the data (LRT 𝜒2(2) = 9.91, p < .01). Results indicated that people
who switched to the Light Phone did not come to hold more positive
or negative views about their phones (𝛽𝑡𝑖𝑚𝑒𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 = -.02, SE
= .06, p > .01). Relative to the control participants, high-interest
individuals who volunteered to try the Light Phone had more nega-
tive views about phones at baseline (𝛽ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡𝑣𝑠.𝑐𝑜𝑛𝑡𝑟𝑜𝑙 = -.47,
SE = .10, p < .001). Although the high-interest participants did not
change their perception of the valence of their phone use over time
(𝛽𝑡𝑖𝑚𝑒𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = .04, SE = .06, p > .10), the treatment partici-
pants assigned to using the Light Phone developed more negative
beliefs about phone use (𝛽𝑡𝑖𝑚𝑒𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = -.26, SE = .10, p < .01).

Table 3: Growth Models for Phone Dependency and Mindset

Phone Dependency Perceived Agency Valence of Phone Use

Lin Quad Lin Quad Lin Quad

Fixed Effects
Intercept 2.92*** 2.93*** 2.77*** 2.72*** 3.72*** 3.71***

(.12) (.13) (.12) (.13) (.08) (.08)
Time -.11+ -.18 .10 .32* -.06 -.01

(.06) (.12) (.07) (.13) (.05) (.11)
Time2 — .02 — -.08* — -.02

(.04) (.04) (.03)
Treatment -.14 -.30+ .14 .06 .06 .08

(.17) (.17) (.18) (.18) (.14) (.15)
High-Interest -.24 -.07 -.04 -.12 -.47*** -.44***

(.15) (.16) (.15) (.15) (.10) (.10)
Time × Treat -.06 .49* .21+ .29 -.26** -.34+

(.11) (.21) (.13) (.23) (.10) (.19)
Time × High -.27*** -.98*** .31*** .60*** .04 -.06

(.07) (.14) (.08) (.15) (.06) (.13)
Time2 × Treat — -.19** — -.02 — .03

(.06) (.07) (.06)
Time2 × High — .24*** — -.10* — .04

(.04) (.05) (.04)

Random Effects
SD(Int) .75 .78 .73 .75 .41 .41
SD(Slope) .26 .26 .28 .29 .21 .21
Cor(Int, Slope) -.52 -.55 -.27 -.31 -.11 -.11
Residual SD .98 .96 .87 .86 .85 .85

Model Fit
AIC 11318 11206 7699 7665 9907 9928
BIC 11379 11285 7756 7740 9968 10006
N 3247 3247 2320 2320 3094 3094
Note. Standard errors in parentheses. Treat = Treatment, High = High-Interest, Int
= Intercept. Model comparisons indicated that quadratic growth models provided
better fit for phone dependency (ΔAIC = 111.91, 𝜒2 = 117.93, df = 3, 𝑝 < .001) and
perceived agency (ΔAIC = 34.17, 𝜒2 = 40.17, df = 3, 𝑝 < .001), while the linear
model provided better fit for valence of phone use (ΔAIC = 20.23, 𝜒2 = 14.23, df =
3, 𝑝 = .003). +𝑝 < .10, ∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001
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Figure 6: Predicted Trajectories of Smartphone Dependency
and Mindsets by Group. The figure shows both linear (top
row) and quadratic (bottom row)model predictions for smart-
phone dependency, perceived agency over phone use, and
phone valence. Bold lines represent prototypical (group-
level) trajectories for Control (red), Treatment (blue), and
High-Interest (green) groups, while semi-transparent lines
show individual participant trajectories. The y-axis shows
predicted values on each scale, and the x-axis shows time
points (T1-T4). The vertical dotted line at T1 marks the start
of the intervention period, immediately following the pre-
treatment baseline survey.

5.3 Minimal phones only improve certain
indicators of well-being, among motivated
users

No significant change in affective well-being. We tested H3
by examining if people using minimal phones experienced within-
person improvements in state affect relative to those in the control
who continued to use their own smartphones. Separate models
were estimated to examine changes in positive affect (i.e., “happy”,
“proud”) and alertness (i.e., “alert”, “attentive”). Comparisons in-
dicated linear growth models fit the data better than non-linear
models (LRT 𝜒2(2) = 6.74, p < .05).

As shown in Table 1, there was no significant interaction term
between time and condition. Using the Light Phone did not affect
how positive (𝛽𝑡𝑖𝑚𝑒𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 = .04, SE = .06, p > .10) and alert
people felt (𝛽𝑡𝑖𝑚𝑒𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 = .07, SE = .05, p > .10). Although the
high-interest participants were less positive than the control at
baseline (𝛽ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡𝑣𝑠.𝑐𝑜𝑛𝑡𝑟𝑜𝑙 = -0.29, SE = .13, p < .05), neither
the high-interest (𝛽𝑡𝑖𝑚𝑒𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = .08, SE = .06, p > .10) nor
treatment participants (𝛽𝑡𝑖𝑚𝑒𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = -.09, SE = .09, p > .10)
demonstrated significant changes in positive affect, or alertness
(𝛽𝑡𝑖𝑚𝑒𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = .09, SE = .06, p > .10; 𝛽𝑡𝑖𝑚𝑒𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = -.04,
SE = .09, p > .10) over time.

No significant change in social connection. Using the same
analytical approach as above, we tested H2 if switching to mini-
mal phones would reduce how connected individuals felt to their
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Figure 7: Predicted Trajectories of Affective Well-being by
Group. The figure displays both linear (top row) and qua-
dratic (bottom row) model predictions for feeling positive
(left) and productive (right). Bold lines represent prototypical
(group-level) trajectories for Control (red), Treatment (blue),
and High-Interest (green) groups, while semi-transparent
lines show individual participant trajectories. The y-axis
shows predicted values on each mental health scale, and the
x-axis shows time points (T1-T4). The vertical dotted line at
T1 marks the start of the intervention period, immediately
following the pre-treatment baseline survey.

peers and communities. Model comparisons indicated the linear
model was a better fit than the quadratic (LRT 𝜒2(2) = .55, p > .10).
Counter to our predictions, switching to the minimal phone did
not negatively affect how close participants felt to their friends
(𝛽𝑡𝑖𝑚𝑒𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 = -.02, SE = .04, p > .10). Although the treatment
participants weremore connected at baseline than the control group
(𝛽𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡𝑣𝑠.𝑐𝑜𝑛𝑡𝑟𝑜𝑙 = .24, SE = .11, p < .05), using the Light Phone
did not appear to significantly alter social experiences over time
for either the high-interest (𝛽𝑡𝑖𝑚𝑒𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = -.01, SE = .04, p
> .10) or treatment groups (𝛽𝑡𝑖𝑚𝑒𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = -.06, SE = .06, p >
.10). These results indicate that switching to the minimal phone did
not undermine participants’ ability to maintain meaningful social
connections over the week.

No significant change in depression. Based on the linear
model (LRT 𝜒2(2) = 3.24, p > .10), there were no significant dif-
ferences in symptoms of depression between Light Phone users
and control participants’ over time (𝛽𝑡𝑖𝑚𝑒𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 = -.07, SE =
.05, p > .10). No change in depression was observed for either the
high-interest (𝛽𝑡𝑖𝑚𝑒𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = -.09, SE = .06, p > .10) or the
treatment group (𝛽𝑡𝑖𝑚𝑒𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡= -.01, SE = .08, p > .10).

Reductions in stress, only among high-interest individu-
als. The quadratic model was a better fit for characterizing changes
in stress over time (LRT 𝜒2(2) = 16.82, p < .01). The significant
interaction indicated that people who used the Light Phone felt
substantially less stressed over time (𝛽𝑡𝑖𝑚𝑒𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒 = -.24, SE =
.11, p < .05) that marginally rebounded over time (𝛽𝑡𝑖𝑚𝑒2𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒

= .07, SE = .04, p < .10). More specifically, examination of group-level
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Table 4: Growth Models for Affective Well-Being and Social
Connection

Positive Affect Productivity Social Connection

Lin Quad Lin Quad Lin Quad

Fixed Effects
Intercept 3.64*** 3.62*** 3.51*** 3.51*** 3.71*** 3.67***

(.11) (.11) (.09) (.09) (.08) (.09)
Time -.02 .04 -.02 -.05 .06+ .29***

(.05) (.13) (.05) (.11) (.03) (.08)
Time2 — -.02 — .01 — -.08**

(.04) (.03) (.03)
Treatment .24 .20 .27+ .28+ .24* .22+

(.18) (.18) (.14) (.15) (.11) (.12)
High-Interest -.29* -.30* -.13 -.15 -.04 -.00

(.13) (.14) (.11) (.11) (.10) (.11)
Time × Treat -.09 -.01 -.04 -.05 -.06 -.20

(.09) (.22) (.09) (.19) (.06) (.14)
Time × High .08 .13 .09+ .18 -.01 -.19*

(.06) (.16) (.06) (.13) (.04) (.10)
Time2 × Treat — -.03 — .00 — .05

(.07) (.06) (.04)
Time2 × High — -.02 — -.03 — .07*

(.05) (.04) (.03)

Random Effects
SD(Int) .60 .60 .51 .51 .52 .52
SD(Slope) .15 .16 .17 .17 .12 .12
Cor(Int, Slope) -.34 -.35 -.07 -.05 .02 .00
Residual SD .84 .84 .76 .76 .70 .70

Model Fit
AIC 5974 5991 6998 7018 10441 10452
BIC 6029 6063 7056 7093 10503 10533
N 1859 1859 2323 2323 3717 3717

Note. Standard errors in parentheses. Treat = Treatment, High = High-Interest,
Int = Intercept. Model comparisons indicated that linear growth models provided
better fit for positive affect (ΔAIC = 16.92, 𝜒2 = 10.92, df = 3, 𝑝 = .012), productivity
(ΔAIC = 20.04, 𝜒2 = 14.04, df = 3, 𝑝 = .003), and social connection (ΔAIC = 11.01,
𝜒2 = 5.01, df = 3, 𝑝 = .171). +𝑝 < .10, ∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001

differences revealed that these benefits were only obtained by high-
interest individuals (𝛽𝑡𝑖𝑚𝑒𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡 = -.30, SE = .12, p < .05),
though there were slight rebounds at the end (𝛽𝑡𝑖𝑚𝑒2𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡
= .07, SE = .04, p < .05). In contrast, treatment participants as-
signed to using the Light Phone did not report feeling less stressed
(𝛽𝑡𝑖𝑚𝑒𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = -.16, SE = .17, p > .10; 𝛽𝑡𝑖𝑚𝑒2𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 = .06, SE
= .05, p > .10).

Improvements in life satisfaction, only among high-
interest individuals. The linear model (LRT 𝜒2(2) = 4.54, p >
.10) indicated that overall, there were no significant changes in
life satisfaction among all participants using the Light Phone
(𝛽𝑡𝑖𝑚𝑒𝑥𝑙𝑖𝑔ℎ𝑡𝑝ℎ𝑜𝑛𝑒= .11, SE = .08, p > .10). However, closer examina-
tion indicated that the high-interest participants felt more satisfied
with their lives while using the Light Phone (𝛽𝑡𝑖𝑚𝑒𝑥ℎ𝑖𝑔ℎ−𝑖𝑛𝑡𝑒𝑟𝑒𝑠𝑡
= .17, SE = .08, p < .05), there were no changes among treatment
participants assigned to using the Light Phone (𝛽𝑡𝑖𝑚𝑒𝑥𝑡𝑟𝑒𝑎𝑡𝑚𝑒𝑛𝑡 =
-.17, SE = .13, p > .10). Together, these results highlight how individ-
ual motivation influences the effect of minimal phone adoption on
certain well-being outcomes.

6 Discussion
Our research addresses growing calls for user-centered solutions
that support people in mitigating the potential harms of smart-
phone dependency and returning agency to their lives [39, 80].

Table 5: Growth Models for Mental Health

Depression Stress Life Satisfaction

Lin Quad Lin Quad Lin Quad

Fixed Effects
Intercept 1.95*** 1.99*** 2.19*** 2.20*** 5.19*** 5.17***

(.11) (.11) (.11) (.11) (.18) (.18)
Time -.01 -.17 -.05 -.11 -.11 -.01

(.05) (.13) (.04) (.10) (.07) (.16)
Time2 — .05 — .02 — -.04

(.04) (.03) (.05)
Treatment -.14 -.08 -.45** -.37** .63** .78**

(.18) (.19) (.14) (.15) (.23) (.24)
High-Interest .19 .19 .00 .06 .03 .08

(.13) (.14) (.14) (.14) (.22) (.23)
Time × Treat -.01 -.11 .03 -.16 -.17 -.74**

(.08) (.22) (.08) (.17) (.13) (.28)
Time × High -.09 -.07 -.08+ -.30** .17* -.04

(.06) (.16) (.05) (.12) (.08) (.19)
Time2 × Treat — .03 — .06 — .19*

(.07) (.05) (.08)
Time2 × High — -.01 — .07* — .07

(.05) (.04) (.06)
Random Effects
SD(Int) .61 .62 .69 .70 1.14 1.14
SD(Slope) .14 .14 .17 .17 .26 .26
Cor(Int, Slope) -.46 -.48 -.47 -.49 -.08 -.08
Residual SD .60 .60 .61 .60 .86 .85

Model Fit
AIC 2518 2531 4903 4897 4771 4783
BIC 2567 2594 4958 4969 4824 4851
N 930 930 1860 1860 1395 1395

Note. Standard errors in parentheses. Treat = Treatment, High = High-Interest,
Int = Intercept. Model comparisons indicated that linear growth models provided
better fit for depression (ΔAIC = 13.07, 𝜒2 = 7.07, df = 3, 𝑝 = .070), stress (ΔAIC =
13.07, 𝜒2 = 7.07, df = 3, 𝑝 = .070), and life satisfaction (ΔAIC = 11.38, 𝜒2 = 5.38, df
= 3, 𝑝 = .146). +𝑝 < .10, ∗𝑝 < .05, ∗∗𝑝 < .01, ∗∗∗𝑝 < .001

Strong public interest in strategies to improve people’s relationship
to technology should be matched by rigorous empirical tests of
these strategies’ efficacy [33, 53, 54]. Minimal mobile phones, like
the Light Phone II, represent a unique opportunity to conduct a
device-level intervention that reduce distractions by design, rather
than relying on consistent user self-regulation, but their causal ef-
fects have not yet been evaluated. This study revealed that minimal
phones may improve people’s sense of agency over their technol-
ogy use, but may provide limited well-being benefits concentrated
among people who are highly motivated in committing to this
change in their digital routine.

6.1 Minimal phones enhance agency over
technology

First, we found that switching to minimal phones effectively re-
duced the time people spent on their phones, the time they spent
on social media, and feeling dependent on their phones. In terms
of participants’ sense of agency over their device use, we observed
a clear increase over time in their sense of control and autonomy.
This growing sense of agency suggests that deliberate interventions
aimed at reducing phone use can meaningfully enhance users’ abil-
ity to regulate their digital habits. Notably, this finding stands in
contrast to recent research on disabling push notifications, which
showed no association with perceived control [12]. While much
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Figure 8: Predicted Trajectories of Life Satisfaction and Social
Connection. The figure displays both linear (top row) and
quadratic (bottom row) model predictions for life satisfac-
tion and social connection. Bold lines represent prototypical
(group-level) trajectories for Control (red), Treatment (blue),
and High-Interest (green) groups, while semi-transparent
lines show individual participant trajectories. The y-axis
shows predicted values on each mental health scale, and the
x-axis shows time points (T1-T4). The vertical dotted line at
T1 marks the start of the intervention period, immediately
following the pre-treatment baseline survey.

of the literature on digital interventions has focused on design-
level solutions such as screen time trackers or notification settings
[8, 12, 71], our study provides empirical support for theorizing the
device as a boundary object that affects sense of agency. By replac-
ing smartphones with minimal mobile phones, participants were
prompted to renegotiate their habitual digital behaviors, resulting
in increased sense of agency.

These patterns align with models of mediated behavior change
[4], which highlight the role of external tools in scaffolding inten-
tional actions. Research emphasizes that smartphone habits are
deeply ingrained, automatic behaviors that often occur outside of
conscious awareness, making them resistant to intentional change.
[5] highlight a key tension between habitual smartphone checking
and goal-directed behavior, suggesting that frequent, cue-driven
phone use can interfere with individuals’ ability to stay aligned
with their long-term goals and values. Because smartphones serve
as ever-present gateways to social and informational rewards, they
can hijack attentional resources and undermine reflective decision-
making, particularly when self-control is low or environmental
cues are strong [5]. This body of work underscores the importance
of designing interventions that disrupt automaticity and reorient
phone use toward more intentional, goal-congruent behavior. Thus,
our study suggests rethinking switching from not just changes in
design-features but also changing devices themselves as mecha-
nisms of self-regulation. Our results indicate that modifying overall
device use, rather than merely adjusting specific smartphone fea-
tures, may have a more substantial effect on users’ sense of agency.
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Figure 9: Predicted Trajectories of Mental Health Measures
by Group. The figure displays both linear (top row) and qua-
dratic (bottom row) model predictions for depression, stress,
and sleep difficulty. Bold lines represent prototypical (group-
level) trajectories for Control (red), Treatment (blue), and
High-Interest (green) groups, while semi-transparent lines
show individual participant trajectories. The y-axis shows
predicted values on each mental health scale, and the x-axis
shows time points (T1-T4). The vertical dotted line at T1
marks the start of the intervention period, immediately fol-
lowing the pre-treatment baseline survey.

Such improvements in perceived agency over devices are not only
important for fostering long-term behavioral change but also con-
tribute to discussions around digital well-being and autonomy due
to device-level interventions [39, 40].

6.2 Psychological well-being only improved
among motivated individuals

Counter to past work theorizing that reducing smartphone use by
switching to a minimal phone may broadly enhance psychological
well-being [24], we did not find significant positive effects on affec-
tive well-being, social connection, or depression - suggesting that
simply providing technological constraints may not be sufficient
to improve psychological outcomes. Short-term changes in device
use were not sufficient to influence general well-being [56]. This
may be because our study was too short to detect longer-term accu-
mulative changes as seen in [2] and [8], or because the reductions
in smartphone and social media use were not strong enough to
produce significant within-person changes.

Our results reinforce the notion that device-level digital discon-
nection interventions do not guarantee detectable improvements
in psychological well-being. This has fundamental limitations for
what we term the "device-deterministic paradigm" that dominates
digital well-being interventions — the assumption that technologi-
cal features directly and uniformly shape user well-being outcomes.
This paradigm treats devices as having inherent effects that operate
independently of user characteristics, contexts, or intentions. Our
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experimental evidence provides a critical corrective to this view.
While the Light Phone eliminated social media, web browsing, and
app stores for all participants, only those who were intrinsically
motivated to change their technology use experienced significant
improvements in psychological well-being—specifically increased
sense of agency over their technology use (p = 0.010). Both the
high-interest and randomly assigned treatment groups showed sig-
nificant reductions in phone and social media usage frequency over
time, but these behavioral changes translated to psychological bene-
fits only for the motivated group. The randomly assigned treatment
group experienced no improvements in psychological well-being
measures and actually showed a significant decline in life satis-
faction (p = 0.031). The core finding that motivation significantly
moderates intervention effectiveness challenges the foundational
assumption underlying most digital well-being tools: that removing
or restricting access to potentially harmful features will uniformly
improve user outcomes. Popular interventions like Apple’s Screen
Time, notification controls, and app usage limits all operate under
device-deterministic logic, yet our experimental evidence demon-
strates clear limits to this feature-centric approach.

This heterogeneity suggests that effective digital well-being de-
sign should account for user motivation as a primary factor, with
systems that assess and respond to different motivation levels rather
than applying uniform interventions. For users with low initial mo-
tivation, interventions should focus on building self-awareness
through reflective prompts that help users connect their digital
behaviors to their emotional states or gentle feedback that reveals
discrepancies between stated values and actual behavior. For highly
motivated users, systems should provide commitment tools such
as user-defined restrictions that are difficult to override or social
accountability features that help users honor their intentions. Based
on our direct observations, motivated users benefit most when tech-
nology actively supports their existing goals rather than trying to
create new ones, pointing toward "commitment-supporting" design
that offers escalating levels of support including temporary app
blocking with increasing friction to override, peer accountability
systems, or "commitment contracts" where users define specific
digital boundaries.

Broadly, our four-wave design revealed complex, non-linear pat-
terns of change that highlight the critical need for temporal scaffold-
ing in digital well-being design. Rather than showing simple linear
improvements, motivated participants demonstrated quadratic pat-
terns with initial changes followed by stabilization or fluctuation,
while unmotivated participants showed minimal change across
all timepoints. These non-linear trajectories suggest that digital
habits follow complex adaptation patterns rather than straight-
forward improvement curves [60]. Systems should anticipate this
natural complexity by providing adaptive support that responds
to fluctuating user states—not just initial enthusiasm or final out-
comes, but the varied pathways in between. This points toward
"graceful failure" pathways that reframe temporary setbacks as
normal parts of the change process rather than permanent failures,
and dynamic interventions that can intensify or lighten support
based on real-time user patterns. For example, if a user’s technology
agency initially increases but then plateaus, the system could offer
renewed challenges or alternative approaches rather than assuming
the intervention has failed.

6.3 Temporal Phases and Intervention Design
The quadratic growth patterns we observed suggest that digital
disconnection interventions unfold across distinct temporal phases,
with user motivation shaping how each phase is experienced.

During the initiation phase (early in the intervention), partici-
pants showed steep initial changes in phone and social media use.
However, motivation moderated internal responses: high-interest
participants experienced immediate reductions in phone depen-
dency, while treatment participants actually reported increased
dependency despite reducing their phone use even more sharply.
This divergence suggests that initial responses reflect readiness
for change rather than the effectiveness of the intervention. Inter-
vention designers should not evaluate success based only on early
outcomes, and unmotivated users may need additional support to
manage initial discomfort.

The adaptation phase (later in the intervention) is where the
quadratic patterns emerged most clearly. Phone use partially re-
bounded (𝛽𝑡𝑖𝑚𝑒2 = .28); agency gains began to plateau; stress re-
ductions showed slight reversal. Importantly, motivated users navi-
gated this phase while maintaining psychological benefits, whereas
unmotivated users showed no improvement in well-being even
as their behavioral adaptation continued. For intervention design,
these findings suggest that support should be back-loaded rather
than front-loaded: users may need additional intervention touches
and encouragement precisely when initial enthusiasm wanes, and
adaptation challenges emerge.

Finally, our data point toward a stabilization phase that our one-
week study may not fully capture. The rebound patterns suggest
we observed adaptation in progress rather than stable endpoints.
This finding has implications for intervention duration: one week
may be sufficient for motivated users to establish new patterns, but
unmotivated users, whose initial trajectories move in the opposite
direction of the intended effects, may require longer exposure be-
fore benefits emerge. Researchers evaluating digital disconnection
interventions should therefore carefully consider measurement tim-
ing, as assessments during initiation may overstate effects, while
assessments during peak adaptation may understate eventual bene-
fits.

6.4 Practical implications
Our findings have important implications for designers and prac-
titioners to support everyday people’s digital well-being. While
interventions like adopting a minimal phone can have positive
effects on some psychological outcomes, simply deploying them
to the public does not appear to be sufficient to produce lasting
changes in important indicators of mental health. Device-level inter-
ventions like minimal phones, or disconnection-based interventions
such as screen-time restriction applications, may be most effective
when they align with users’ internal goals and motivations. Cul-
tivating healthier relationships with technology is not only the
product of smarter or more prosocial design but additionally con-
sideration of individuals’ personal desires to take steps to engage
in meaningful behavioral change. The importance of user motiva-
tion revealed in our study suggests that designers should pair the
implementation of features designed to support well-being with
1) efforts to target reach communities of intrinsically motivated
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individuals who may most benefit from such interventions, and 2)
opportunities to increase user motivation to engage in long-term
behavior change. Whether it is because they are feeling unsatisfied
with their current digital lives or because they would like to take
steps to improve their relationship with technology, some people
are inherently more interested in and motivated to participate in
interventions (i.e., adopt new technologies). Our study suggests
that designers seeking to optimize the effects of their efforts may
benefit from specifically engaging communities of individuals that
are highly motivated. In addition, when working with broader or
more general user populations, designers may consider integrating
opportunities to increase individual motivation by providing space
for users to reflect on their own digital media use, clarify personal
intentions, and become motivated to have their behaviors align
with their values. For example, applications that are designed to
help individuals form more meaningful social connections may be
strengthened by including a brief message or reflection activity that
increases individual motivation by thinking about how this digital
tool may be useful for their personal goals.

6.5 Methodological implications
Our findings have critical methodological implications for HCI
research, most importantly that future studies must employ
motivation-stratified sampling and analysis as standard practice, as
averaging effects across motivated and unmotivated participants
obscures genuine intervention benefits. Additionally, our focus on
diverse psychological well-being constructs (social connection, life
satisfaction, stress) rather than purely behavioral metrics proved
essential for capturing real effects. Most importantly, our study’s
demonstration that identical interventions produce markedly differ-
ent outcomes across user groups suggests that much of the mixed
evidence in this field may result from unexamined heterogeneity.
The field’s reliance on small-n user studies may be insufficient for
detecting these heterogeneous effects, as such studies lack the statis-
tical power to identifymeaningful subgroup differences. Large-scale
randomized controlled trials with pre-specified subgroup analyses
are essential for identifying not just whether interventions work
on average, but for whom they work, under what conditions, and
through what mechanisms. Only with adequate sample sizes can
researchers reliably detect the small effect sizes that characterize
real-world digital well-being interventions while simultaneously
examining how effectiveness varies across user characteristics, con-
texts, and implementation approaches. This methodological shift
toward large-scale, heterogeneity-focused RCTs would move the
field beyond conflicting findings toward understanding when and
how digital well-being interventions can be effective.

6.6 Limitations and future directions
The results of our study should be interpreted with respect to their
limitations. First, we note that the study was conducted with college
students attending a residential university in the United States - a
social, physical, and cultural context that should influence how they
responded to the adoption of the minimal mobile phone [65, 77].
Our findings suggest that this particular population may benefit
from using minimal mobile devices that enable them to maintain
their everyday communications while restricting access to features

that could be distracting. However, it is essential to acknowledge
that the results may vary for other young adults and individuals
from different age groups. For instance, residential college students
may be uniquely positioned to benefit from these devices because
they have access to on-campus social communities that may protect
them from any negative effects of reducing their smartphone use on
relational maintenance [16, 80]. In comparison, young adults that
commute or are not currently in school may respond differently to
using a minimal mobile phone.

The quasi-experimental design, while innovative in addressing
the role of individual motivation, may also introduces interpretive
challenges. Although we accounted for baseline differences through
entropy balancing methods, there may still be differences between
high-interest volunteers and randomly assigned participants. Fu-
ture research should examine whether individual motivation to
participate in such a digital disconnection intervention may be
manipulated through an experiment to more directly test the effect
of motivation on user outcomes.

In addition, we note that the experimental period involved ask-
ing a cohort of students in the high-interest and treatment groups
to switch over to using the minimal mobile phones at the same time.
Being able to take part in this shared experience may have made it
easier for students to disengage from their smartphones, reduce the
friction involved in the transfer process, and mitigated any social
costs involved with switching. Furthermore, participating in this
new experience with others may have created new social ties that
may have benefited students’ sense of social connection with peers
beyond their everyday friendships. Future work should investigate
the effects of implementing a digital disconnection strategy on
individuals who are asked to disengage on their own compared
to groups of individuals who collectively participate in the same
experience. Research on the welfare effects of social media [2] indi-
cate that it may be easier for people to disconnect from ubiquitous
social technologies, like smartphones, when they are doing so in
conjunction with their peer networks. Indeed, scholars [25] have
argued that the “social costs” of reducing reliance on smartphones
should be mitigated when group-level interventions are applied,
such as school-level phone bans. Understanding these dynamics
is particularly important for efforts to determine the most effec-
tive ways to support diverse communities worldwide in developing
healthier relationships with their digital devices.

Longitudinal studies with longer follow-up periods are needed
to understand whether the initial benefits observed among moti-
vated users persist over time and whether unmotivated users might
eventually experience positive effects with extended use. Research
should also explore the mechanisms underlying the differential
effects of motivation, potentially through ecological momentary
assessment or qualitative methods that capture day-to-day experi-
ences of minimal phone users.

7 Conclusion
Our study provides the first rigorous field test of minimal mobile
phones’ effects on psychological well-being. Minimal phones like
the Light Phone II effectively reduce time spent on their devices
and help people feel a greater sense of agency. Device-level inter-
ventions like the Light Phone II can help people have healthier
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relationships with social technologies by reducing distractions by
design, rather than relying on consistent user self-regulation. How-
ever, this study also indicates that this is not a panacea for mental
health challenges: switching to minimal phones may not broadly
improve psychological well-being for everyone. Instead, we see that
individuals’ intrinsic motivation to pursue this behavioral change
plays an important role in determining whether people obtain
psychological benefits from such a disconnection strategy. Efforts
to enhance user agency over technology and improve well-being
should therefore consider both the design of the intervention and
individuals’ inherent motivation to change.
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