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Abstract. Many people say they use their phones more than they would like to, and a
growing body of evidence suggests they are right. Pooled survey data put the prevalence of
problematic smartphone use (PSU) at somewhere near one in four, although the figure moves
a good deal with the instrument used. Most of the remedies on offer (screen-time dashboards,
resolutions, blocking apps, the occasional ‘detox’) work on one part of the problem at a time.
In this paper I bring together findings from habit research, behavioural economics, dual-
process psychology and HCI, and argue that compulsive use is held in place by at least
seven distinct mechanisms, for each of which there is a counter-measure with experimental
support of its own. I organise these counter-measures into a five-layer framework, the Dam
Model (Measure, Plan, Pre-commit, Interrupt, Reinforce), bound by seven design principles,
and then document how the framework is implemented in Beave, an Android app. The
implementation reconstructs usage from the operating system’s event log, caps goals by the
user’s own seven-day baseline, enforces if-then rules from a background service, delays any
loosening of those rules, prices the opening of a blocked app at three slow breaths, interrupts
long scrolling sittings and verifies focus sessions by having the phone lie face down. Eighteen
technical drawings document the design.

Keywords: problematic smartphone use; digital self-control tools; commitment devices;
friction; implementation intentions; behaviour change techniques; digital wellbeing.

PLAIN-LANGUAGE SUMMARY

Most people who want to cut down on their phone already know that they use it too much, so a
lack of information is rarely what stands in the way. What gets in the way are particular moments:
picking the phone up without having decided to, or ‘five more minutes’ that turns into forty.
Research has identified a handful of separate causes behind those moments, and for most of them
there is something that helps, such as deciding ahead of time, making that decision hard to reverse
on impulse, putting a short pause between the urge and the app, and giving time spent away from
the phone a reward that can be seen. Beave stacks these in layers, rather as a beaver’s dam slows
a river down while still letting water through, so that the phone stays fully usable but gets used on
purpose.

1 Introduction
Phones now take up a large, and by most measures still growing, share of waking life. Andrews
et al. (2015) logged around 85 phone checks a day among young adults, most of whom guessed
a much lower figure, and in a survey reported by Allcott et al. (2022, Figure 1), smartphone
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and social media use ranked among the five activities that Americans most often said they did
‘too much’ or ‘too little’, next to exercise, retirement saving and healthy eating. On prevalence,
Olson et al. (2022) pooled studies that used the Smartphone Addiction Scale in 24 countries
(𝑁 = 33,831) and found that scores went up between 2014 and 2020, while a larger meta-analysis
put global prevalence at about 27% (Meng et al., 2022), with a similar picture, and consistent
links to depression, anxiety and poor sleep, among children and young people (Sohn et al.,
2019).1

Whether any of this deserves the word ‘addiction’ is disputed. Smartphone addiction is not a
diagnosis in either DSM-5 or ICD-11, where the nearest recognised category is gaming disorder
(American Psychiatric Association, 2013; World Health Organization, 2019); several authors
think the label runs ahead of the evidence for harm and prefer ‘problematic smartphone use’
(Panova & Carbonell, 2018; Billieux et al., 2015), and Kardefelt-Winther (2014) has warned that
heavy use is sometimes a way of coping with an unrelated problem and should not be read as a
disorder in its own right. I use ‘addiction’ in the title in its everyday sense, meaning use that
someone repeatedly intends to cut down and does not, and use PSU in the rest of the paper.
Nothing described here is meant as treatment for a clinical condition.

The evidence on harm is also more mixed than the public debate tends to suggest. Cross-
sectional associations are small: in Orben and Przybylski’s (2019) specification-curve analysis of
three large adolescent datasets, technology use explained at most 0.4% of the variation in well-
being, though associations get stronger at the heaviest levels of use (Twenge & Campbell, 2018)
and PSU, as opposed to time on screen, correlates fairly consistently with depression and anxiety
(Elhai et al., 2017). Since such data cannot tell us which way causation runs (unhappy people
may well just use their phones more), experiments carry more weight, and the few that exist
lean the same way. Hunt et al. (2018) limited 143 undergraduates to ten minutes per platform
per day on Facebook, Instagram and Snapchat for three weeks and found less loneliness and
depression than in a control group. In Allcott et al. (2020), 2,743 Facebook users who were paid
to deactivate their accounts for the four weeks before the 2018 US midterm elections reported
higher subjective well-being, spent more time with friends and family offline, and went on using
Facebook less once the experiment was over.

For the purposes of this paper the most useful study is the one by Allcott et al. (2022).
Their participants, about 2,000 American adults with Android phones, installed an app built
for the experiment, Phone Dashboard, and a randomly chosen group were given the ability to
set daily limits on individual apps. Changes to a limit only took effect the next day, and in
most cases a limit could not be overridden on the spot, unlike the flexible limits in Android’s
Digital Wellbeing or iOS Screen Time. Nothing rewarded them for using the feature, yet 78%
of those offered it set binding limits and kept them until the end of the study, and their use
of the six most tempting apps fell by 22 minutes a day (16%) over twelve weeks. In a second
arm, paying people to cut back reduced use by 56 minutes a day while the payments ran and
by 19 minutes a day in the three weeks after they stopped, which the authors take as evidence
of habit formation; and the control group repeatedly underestimated how much they would use
their phones in the following weeks. Fitting a structural model to these results, they estimate
that self-control problems account for 31% of use of those apps. People, on this evidence, use
their phones more than they themselves would choose to, and most of them will take a credible
way of holding themselves to a limit when one is offered.

If that is right, the remaining questions are mostly about design. Which parts of a self-control
1Prevalence depends heavily on which instrument and cut-off a study uses, so these figures are best read as an

indication of scale.
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tool actually do the work? How strict can a tool be before people simply remove it? And can
such a tool be built without becoming one more product competing for the user’s attention?
The default answer from the industry, the screen-time dashboard, deals with awareness and little
else, and the evidence for awareness on its own is not encouraging. In a two-month experiment,
pop-up messages about heavy use did not reduce screen time, phone checking or self-reported
PSU (Loid et al., 2020), and consumers say they are happy to monitor their usage but do not
expect to reduce it (Zimmermann, 2021). The gap between intending to change and changing
is among the best-replicated findings in behavioural science (Sheeran & Webb, 2016), and with
phones it is particularly wide, given that the device is picked up dozens of times a day, pays out
within seconds, and is checked to a large extent out of habit (Oulasvirta et al., 2012).

The paper makes three contributions. First, it brings together in one place the mechanisms
that the psychological, economic and HCI literatures hold responsible for compulsive phone
use, and assesses the usual remedies against them (Sections 2 and 3). Second, it proposes a
framework, which I call the Dam Model, that pairs each mechanism with a counter-measure
backed by independent experimental evidence, sets out seven principles that constrain it, and
codes its components against the Behaviour Change Technique Taxonomy (Section 4). Third, it
documents an implementation of the framework in Beave, an Android app, down to its parameter
values, so that the design can be copied or criticised in detail (Section 5, with the social features
in Section 5.7), and specifies how it ought to be evaluated (Section 7). I develop Beave and have
a financial interest in it (see Declarations), which is the main reason the paper stops short of
any claim about its effectiveness.

2 Mechanisms that sustain compulsive use
Accounts of compulsive phone use differ more in vocabulary than in substance. In the I-PACE
model, predisposing variables combine with affective and cognitive responses to cues to produce
craving, and over time use drifts from being driven by gratification towards compensation and
habit while inhibitory control weakens (Brand et al., 2016, 2019); Tran et al. (2019) describe
much the same cycle from the user’s side, as a trigger that prompts engagement, a stretch of
time that goes unnoticed, and a disengagement that often comes with regret. Below I distinguish
seven mechanisms, M1 to M7, which are drawn together in Figure 1. They overlap a good deal,
and the reason for keeping them apart is a practical one, namely that each points to a different
kind of intervention.

M1. Cue-triggered habit. Habits are learned associations between a context and a response, and
once they are established the context sets off the response with little reference to what the person
currently wants (Wood & Neal, 2007; Wood & Rünger, 2016). Oulasvirta et al. (2012) called the
smartphone version ‘checking habits’, i.e., brief, repetitive inspections of dynamic content that
is always quickly accessible, kept going by small informational rewards and liable to turn into
longer sessions, and users themselves rate this sort of use as the least meaningful time they spend
on their phones (Lukoff et al., 2018). Because the habit runs largely independently of intention,
interventions aimed at intention tend to leave it untouched (Verplanken & Wood, 2006). New
habits are also slow to form; in a 12-week study of newly adopted daily behaviours, Lally
et al. (2010) estimated a median of 66 days to reach a plateau of automaticity, with individual
estimates ranging from 18 to 254 days. The persistence that Allcott et al. (2022) observed after
their payments ended suggests that phone habits are formed (and possibly broken) on a time
scale of weeks. In practice this leaves two options, which are to break the link between cue and
response or to change the context in which the cue turns up (Wood et al., 2005).

3



F. Aktar The Solution to Smartphone Addiction

1

1

2

2

3

3

4

4

5

5

6

6

7

7

8

8

A A

B B

C C

D D

E ETHE COMPULSIVE-USE LOOP
BEAVE · F. AKTAR SCALE NTS UNITS SI

FIG.

01

CUE
notification, boredom,

idle moment

CHECK
unlock without
deciding to

REWARD
sometimes something,

usually nothing

NO STOPPING CUE

the feed never ends

TIME LOST

20 min felt like 5

REGRET

“I should cut down”

M7

M1

M2

M5

M6

HOT STATE
M3 present bias

M4 impulse > reflection

“one more”

i

INNER LOOP (within a session):
reward, no stopping cue, repeat

OUTER LOOP
(habit, across the day)

PRESENCE & NIGHT M7
phone within reach, notifications on,

phone in bed

DASHBOARD / RESOLUTION
knowing more; promising to do

better tomorrow

in
te
nt
io
n
to
us
e
le
ss

Returns to station 1 unchanged: information
alone does not break the loop (Loid et al., 2020;
Zimmermann, 2021).

STATION / EVIDENCE

1 Stothart et al. 2015; Kushlev et al. 2016;
Elhai et al. 2018 (boredom)

2 Oulasvirta et al. 2012 (checking habits);
Wood & Neal 2007

3 Ferster & Skinner 1957; Schultz et al.
1997; Montag et al. 2019

4 Rixen et al. 2023 (inner/outer loops);
Lukoff et al. 2021

5 Andrews et al. 2015; Lin et al. 2015;
Parry et al. 2021

6 Tran et al. 2019 (engagement-
disengagement cycle)

H Laibson 1997; Loewenstein 1996;
Strack & Deutsch 2004; Brand et al. 2019

H = hot-state core

Figure 1. The compulsive-use loop. A cue (a notification, boredom, an idle moment) triggers a habitual
check (M1). The app pays out on an unpredictable schedule (M2), in a feed with no stopping point (M5),
while elapsed time is underestimated (M6). The decision to carry on is taken in an affectively ‘hot’ state
that discounts later costs (M3, M4), and the device’s constant proximity, including in bed, keeps the loop
within reach (M7). The table on the sheet lists the principal sources for each station.

M2. Variable reward. Feeds, notifications and incoming messages pay out unpredictably. Of
the schedules studied in operant research, variable-ratio reinforcement sustained the highest
and most persistent rates of responding (Ferster & Skinner, 1957). Dopamine neurons in the
midbrain signal the difference between the reward that was predicted and the one received
(Schultz et al., 1997), and repeated pairing of cue and reward can sensitise ‘wanting’ without
any matching increase in ‘liking’ (Robinson & Berridge, 1993). Social media and freemium
games are, by design, built around such schedules (Montag et al., 2019).

M3. Present bias. People discount the near future steeply and the far future only gently, so
that a plan which looks sensible a week ahead tends to be dropped when the moment comes
(Ainslie, 1975; Laibson, 1997). Those who do not recognise this in themselves keep expecting
to do better tomorrow (O’Donoghue & Rabin, 1999); the control group in Allcott et al. (2022),
who underestimated their future use by about 6 minutes a day (4%) in every survey, are a mild
example of exactly this kind of naivety.

M4. Hot-state decisions. Decisions taken while craving something differ systematically from
those taken calmly, and people in one state are poor at predicting how they will behave in the
other (Loewenstein, 1996). Dual-system models distinguish an impulsive system that responds
quickly to cues from a reflective one that depends on spare cognitive capacity (Strack & Deutsch,
2004; Hofmann et al., 2009). Lyngs et al. (2019) used this distinction to classify 367 apps and
browser extensions for digital self-control by the system each one targets, and found some design
approaches (habit scaffolding in particular) to be rare among them.
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M5. Absent stopping cues. Infinite scroll and autoplay removed the ends of pages and episodes
that used to prompt a decision about whether to stop. In a week-long field study of infinite
scrolling, Rixen et al. (2023) found loops nested inside loops, one within each session and a
habitual one across sessions, and most of the reasons participants gave for stopping had to do
with things outside the app. YouTube’s interface has been shown to erode users’ sense of agency
through comparable features (Lukoff et al., 2021), and ‘doomscrolling’ now has a validated scale
of its own (Sharma et al., 2022).

M6. Time distortion. People are poor judges of their own phone use. Besides the underesti-
mates recorded by Andrews et al. (2015), a meta-analysis of 106 effect sizes found self-reports to
be only moderately related to logged use, and problematic-use scales even less so (Parry et al.,
2021). A distorted sense of elapsed time has been described as characteristic of smartphone
addiction specifically (Lin et al., 2015).

M7. Proximity and night-time use. Having the phone nearby is a cue in itself. Receiving a noti-
fication hurts performance on an attention task about as much as answering one does (Stothart
et al., 2015), and in a field experiment, keeping notifications switched on raised everyday symp-
toms of inattention and hyperactivity (Kushlev et al., 2016). Some studies report that the mere
presence of a phone lowers available cognitive capacity or the quality of a conversation (Ward
et al., 2017; Thornton et al., 2014; Przybylski & Weinstein, 2013), though a direct replication
of the best known of them did not find the effect (Ruiz Pardo & Minda, 2022). At night, phone
use goes with later and poorer sleep (Exelmans & Van den Bulck, 2016; Levenson et al., 2016),
and in a controlled crossover study, reading on a light-emitting e-reader before bed (compared
with a printed book) delayed circadian timing and left participants less alert the next morning
(Chang et al., 2015).

3 Existing remedies and their limits
Table 1 sets the usual remedies against these seven mechanisms. Most of them engage one or
two, which goes some way towards explaining why each, taken alone, tends to disappoint.

Dashboards and reports. Usage statistics address M6 and nothing else. Self-monitoring
does help people reach goals (across 138 studies, Harkin et al., 2016 found an average effect of
𝑑 = 0.40, larger when progress was physically recorded or reported to other people), but with
no goal or consequence attached, the experiments mentioned in Section 1 found no change in
use (Loid et al., 2020; Zimmermann, 2021).

Willpower. Relying on resisting each urge as it arises means confronting M4 at its strongest.
In an experience-sampling study of 7,827 everyday desires, participants tried to resist a large
share of those that conflicted with their other goals, and quite often failed (Hofmann et al.,
2012). Choosing or changing one’s situation before temptation arrives generally works better,
and takes less effort, than suppressing an impulse once it is there (Duckworth et al., 2016).

Hard blocks. Blockers act on M1 and M2 by removing access, and blocking distracting sites
at work has been found to improve focus (Mark et al., 2017). But a block with no exception
threatens people’s sense of autonomy, and threatened freedoms provoke what Brehm (1966)
called reactance, in which the forbidden option gains appeal and effort goes into getting it back
(Steindl et al., 2015). Reviews of digital self-control tools report that rigid restrictions are often
found frustrating and are easy to get round (Lyngs et al., 2019; Monge Roffarello & De Russis,

5



F. Aktar The Solution to Smartphone Addiction

Table 1. Common remedies and the mechanisms they engage. • direct effect expected; ◦ partial or
indirect effect; blank, none expected. The final row anticipates the framework of Section 4.

M1 M2 M3 M4 M5 M6 M7
Remedy habit reward present

bias
hot

state
no stop

cue
time
sense

presence,
night

Screen-time dashboard •
Willpower, resolutions ◦
Hard app blocker • • ◦
Digital detox, deactivation • • •
One-off nudge (greyscale, pop-up) ◦ ◦ ◦
Focus timer alone ◦

Dam Model (this paper) • • • • • • •

2019), and in the workplace study just cited, participants low in self-control worked longer
without breaks and reported more stress once distractions were blocked (Mark et al., 2017).

Detox and deactivation. Deactivation has measurable benefits (Allcott et al., 2020), but a
systematic review of digital detox interventions found mixed and often short-lived effects (Radtke
et al., 2022), and long abstinence from a device that is also one’s wallet, map and office is not
realistic for most people anyway.

One-off nudges. Setting the screen to greyscale cuts screen time a little (Holte & Ferraro,
2023). A meta-analysis of choice-architecture interventions found an average effect of 𝑑 = 0.43
(Mertens et al., 2022), which disappeared once Maier et al. (2022) corrected for publication bias,
so expectations of any single nudge should probably be modest. The best evidence for a single
mechanism in this area concerns friction at the moment an app is opened (Section 5.5), and the
framework uses it as one of its five layers.

Existing tools that combine approaches. Several commercial tools already go beyond
a single remedy, and they amount, as Lyngs et al. (2019) put it, to a large set of natural
experiments in supporting self-control. Forest, which ties abstaining from the phone to the
growth of a virtual tree, had over five million Android users at the time of that review; one sec
adds a short delay and an option to cancel whenever a chosen app is opened (Grüning et al.,
2023); Phone Dashboard paired measurement with limits that could not be changed on the
same day (Allcott et al., 2022); and some browser extensions make blocking deliberately hard
to switch off, which, as Lyngs et al. (2019) note, raises the question of how far a tool should go
in holding users to their past preferences. The framework below draws on all of these, and P1
and P3 in Section 4.1 are my answer to that last question.

4 The Dam Model
I use the embankment dam as an organising metaphor, and not only because of the app’s name.
A dam regulates a river by virtue of its structure, without anyone having to hold it in place once
it is built; it is assembled from parts that do different jobs (a foundation, a core, outer shells,
outlet works); and it has to let water through, since engineers know that a dam without outlets
or spillways will eventually be overtopped and then fail all at once. In software the equivalent
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1 Foundation
MEASURE
Usage read from the OS event
log; pickups; inferred sleep

2 Core
PLAN
Limits from your own 7-day
baseline; if-then schedules

3 Shells
PRE-COMMIT
Rules enforced natively;
Police cooldown; Full Lockout

4 Outlet + gate
INTERRUPT
Every block has a priced door:
three slow breaths

5 Crest of sticks
REINFORCE
Verified focus earns sticks;
weekly board starts fresh

SECTION THROUGH AN EMBANKMENT DAM, READ AS A DESIGN FOR SELF-REGULATION
A dam does not stop a river. It holds the excess back and lets a chosen flow through. Each element maps to one layer of
the framework (Section 4); no single layer is the dam.

NOTE: a dam with no outlet is overtopped in the first flood. Blocks with no
way through invite the equivalent: reactance, workarounds, uninstalling.

Figure 2. The Dam Model as a section through an embankment dam. The foundation (1) corresponds
to measurement and the clay core (2) to the plan. The outer shells (3) are the commitment devices
that keep the plan in place without continuous effort from the user. The outlet and its gate (4) are the
interruptions, a passage that is always open but costs something to use, and the crest of sticks (5) is
reinforcement, raised a little by each verified focus session. The legend names the Beave feature behind
each element.

of overtopping is a blocker that gets uninstalled on the first bad evening.

4.1 Design principles
The framework is defined partly by what it rules out. Seven principles governed the design of
Beave, each of them a response either to one of the failure modes described in Section 3 or to a
risk peculiar to software that restricts its own user.

P1. Limit rather than forbid. Outside a focus session the user has deliberately started,
every block has a way through. Passing costs some effort, but the passage is always there,
and the reason is reactance (Brehm, 1966), which in this domain mostly shows up as people
uninstalling the tool.

P2. Decide in a cold state, enforce in a hot one. Plans are made while the user is calm
and enforced at the moment of temptation, by something the tempted self cannot easily
renegotiate (Loewenstein, 1996; Duckworth et al., 2016).

P3. Tighten immediately, loosen with delay. A change that makes a plan stricter takes
effect at once, whereas one that relaxes it may be made to wait. This is a form of what
Camerer et al. (2003) call asymmetric paternalism, which aims at large benefits for people
prone to error at little cost to those who are not.

P4. Price exits in effort, never in money. No way out of a block can be bought. Money-
based commitment contracts can work (smokers in the Philippines who put their own
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savings at stake, to be forfeited on a failed urine test, were more likely to have quit six
months later; Giné et al., 2010), but making users pay to regain control of their own phone
would set the app against the very people it is supposed to serve.

P5. Measure accurately and keep data local. Limits are enforced against the operating
system’s own record of use, and detailed usage data stay on the device.

P6. Reward only what can be verified. Anything that confers standing with other people
has to be measured by the device, never self-reported, since a measure that becomes a
target soon stops being a good measure (Strathern, 1997).

P7. Keep progress displays away from the problem behaviour. Customers in a café
loyalty scheme bought coffee more often the closer they got to a free one (Kivetz et al.,
2006), and a running total of minutes scrolled would turn that same goal-gradient effect
against the user. The only charts in Beave are therefore ones on which a fall is good news,
and the only totals that keep growing measure time away from the phone.

4.2 Five layers
Each layer in Figure 2 answers one or more of the mechanisms in Section 2.

Layer 1: Measure (foundation). Usage, pickups and sleep, as recorded by the device. The
layer addresses M6 directly and carries everything else, because a limit enforced against a wrong
figure is either useless or unfair.

Layer 2: Plan (core). Goals set from the user’s measured baseline and written as if-then
rules (if it is after 22:00, Instagram is closed). Plans of this form, which Gollwitzer (1999) called
implementation intentions, hand the job of starting an action over to a cue in the environment,
and across 94 independent tests they had a medium-to-large effect on goal attainment, 𝑑 = 0.65
(Gollwitzer & Sheeran, 2006). Specific goals that are hard but attainable do better than vague
ones (Locke & Latham, 2002), and small early successes build the self-efficacy needed for later
steps (Bandura, 1977). The layer works on M1, by attaching a new response to an existing cue,
and on M3, by moving the decision forward in time.

Layer 3: Pre-commit (shells). Mechanisms that keep the plan in force when the user would
rather they did not, namely rules enforced by a background service that does not depend on the
interface, a delay on any loosening of those rules, and an optional lockout during focus sessions.
Economists call these commitment devices (Bryan et al., 2010; Schelling, 1984), and Ulysses
bound to the mast is the usual illustration (Elster, 1979). The layer is aimed at M3 and M4.

Layer 4: Interrupt (outlet and gate). Friction at the moment of impulse, timed so that it
can still change what happens. In Beave it takes the form of a short breathing exercise before
a blocked app opens, a break inside an endless feed, and a notification at 80% of the daily limit
(and not at 100%, by which point it is too late to act on). Interruption breaks the automatic
sequence (M1), gives the reflective system a chance to engage (M4) and puts back a stopping
cue (M5).

Layer 5: Reinforce (crest). Something else to want: focus sessions that only count while
the phone lies face down, sticks that build a visible dam, and a weekly leaderboard of verified
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effort. The layer offers a competing reinforcer (M2) and takes the phone physically out of use
(M7).

4.3 Mapping to behaviour change techniques
To make the intervention comparable with others, Table 2 codes each feature against the Be-
haviour Change Technique Taxonomy v1, a consensus classification of 93 techniques in 16 groups
(Michie et al., 2013). Nineteen techniques from ten of those groups are represented. The spread
is deliberate: a recent systematic review and meta-analysis of digital self-control tools found the
evidence for any one mechanism to be limited (Monge Roffarello & De Russis, 2023), which is
an argument against relying on just one.

5 Implementation in Beave
Beave is distributed through Google Play for Android, and what follows describes version 3.7
as of October 2026. I report parameter values throughout, since a framework cannot be tested
without them, and Appendix A lists each one together with the reason for it. Some features
belong to the paid tier, Beave Gold; the principles in Section 4.1 apply to paid and free features
alike, and in particular no way out of a block is ever put behind a paywall (P4).

5.1 Architecture
An app that enforces a plan only while it happens to be open offers very little in the way of
commitment, so Beave keeps planning and enforcement apart (Figure 3). Rules, limits and time
windows are written in the interface, compiled into a compact rule set and handed to a native
enforcement service, which runs in the background, carries on when the interface is closed and
starts again after a reboot. Every 500 ms the service works out which app is in the foreground
and checks it against the rules, the time of day and the day’s usage so far. Where the interface
and the service disagree about whether something should be blocked, the service wins, and the
interface only reproduces its logic in order to show the user what is going on.

Three things follow from P5. Usage is computed from the operating system’s own event
log; detailed usage, sleep and scroll data are kept on the device and never uploaded; and the
only data that leave the phone for any of these features are the stick and flip counts behind
the leaderboard, which the server credits itself instead of taking the phone’s word for them
(Section 5.7).

The interface has four tabs (Figure 4). Block, the home tab, holds the daily limit, the user’s
rules, the scroll limit, offline hours and the morning and night windows; Focus runs focus sessions;
Progress shows measured usage and the wellness score; and Dam shows the sticks collected so
far, the map of rivers and the leaderboard.

5.2 Layer 1: Measure
Usage. Screen time is rebuilt by walking through Android’s usage event log, merging each
app’s foreground intervals and clipping every interval to the calendar day. Beave does not use
the platform’s pre-aggregated daily summaries, because their buckets are not aligned with local
midnight, and a request for ‘today’ can come back with time that was actually spent the evening
before (Figure 5, panel C). From the user’s side an error of this sort cannot be seen (an app
is simply blocked sooner than expected), but it eats away at trust in every block that follows,
which is why accurate measurement is treated in Beave as a design requirement and not as an
implementation detail.
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Table 2. Mechanisms, layers, Beave features, principal evidence and behaviour change technique codes
(BCTTv1; Michie et al., 2013). Section numbers in parentheses refer to the description of each feature.

Mech. Layer Beave feature (§) Principal evidence BCT codes

M6 Measure Event-log usage, pickups,
inferred sleep (5.2)

Parry et al. (2021); Andrews et al.
(2015); Lin et al. (2015)

2.3 Self-
monitoring of
behaviour

M6 Measure Digital Wellness Score with
benchmark (5.2)

Harkin et al. (2016) 2.2 Feedback on
behaviour; 2.7
Feedback on out-
comes; 6.2 Social
comparison

M3, M6 Plan Goal from 7-day baseline,
≥25% cut (5.3)

Locke & Latham (2002); Bandura
(1977)

1.1 Goal setting
(behaviour); 1.6
Discrepancy; 8.7
Graded tasks

M1, M3 Plan If-then rules; morning and
night windows (5.3)

Gollwitzer & Sheeran (2006); Exel-
mans & Van den Bulck (2016)

1.4 Action plan-
ning; 12.3 Avoid-
ance of cues

M3, M4 Pre-
commit

Enforcement independent of
the interface (5.4)

Duckworth et al. (2016); Allcott
et al. (2022)

12.1 Restructur-
ing the environ-
ment

M3, M4 Pre-
commit

Beave Police: delayed loos-
ening (5.4)

Camerer et al. (2003); Loewenstein
(1996); Bryan et al. (2010); Allcott
et al. (2022)

1.9 Commitment

M4, M7 Pre-
commit

Full Lockout; offline hours
(5.4)

Elster (1979); Mark et al. (2017) 1.9 Commitment;
12.3 Avoidance of
cues

M1, M4 Interrupt Block overlay with breath-
ing gate (5.5)

Grüning et al. (2023); Kim et al.
(2019); Zaccaro et al. (2018); Bal-
ban et al. (2023)

14.1 Behaviour
cost; 11.2 Reduce
negative emo-
tions

M5 Interrupt Anti-doomscroll soft limit
(5.5)

Rixen et al. (2023); Lyngs et al.
(2020)

7.1 Prompts
and cues; 14.1
Behaviour cost

M6, M3 Interrupt 80% notification; time-used
pill; 21:00 recap (5.5)

Okeke et al. (2018); Korotitsch &
Nelson-Gray (1999)

7.1 Prompts
and cues; 2.2
Feedback on
behaviour

M2, M7 Reinforce Flip-verified focus sessions
(5.6)

Stothart et al. (2015); Ward et al.
(2017); Ruiz Pardo & Minda
(2022)

8.2 Behaviour
substitution; 12.3
Avoidance of
cues

M2 Reinforce Sticks, dam, map regions
(5.6)

Kivetz et al. (2006); Hamari et al.
(2014)

14.5 Rewarding
completion; 10.3
Non-specific re-
ward

M2 Reinforce Weekly leaderboard (5.7) Patel et al. (2019); Garcia et al.
(2013); Dai et al. (2014); Landers
et al. (2017)

6.2 Social com-
parison; 10.4
Social reward

M2 Reinforce Share cards and badges
(5.7)

Aral & Nicolaides (2017); Harkin
et al. (2016)

10.4 Social re-
ward; 13.5 Iden-
tity associated
with changed be-
haviour
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DEVICE BOUNDARY everything inside stays on the phone

A AUTHORING · THE APP (COLD STATE)

Onboarding
baseline + goal

Rule editor
4 kinds

Daily limit
+ day edges

Beave Police
holds

Focus tab
sessions, lockout

Progress
score, stats

compiled rule set (JSON), police release times, settings session state

B ENFORCEMENT SERVICE (NATIVE, PERSISTENT)

Foreground resolver
tick every 500 ms

Rule evaluator
priority order, Fig. 9

Usage counter
event log, 30 s cache

Pass ledger
5-min passes, in memory

Release clock
police holds

Open counter
per app, per day

Reminders
80% nudge, 21:00 recap

Scroll watcher
active time per sitting

Boot + heartbeat
restarts rules

C INPUTS

Accelerometer +
proximity (flip)

OS usage event log

Accessibility scroll
events (no content)

Network state

Clock, boot, screen

to Focus tab D SURFACES

Block overlay +
breathing gate

Scroll break panel
+ warning pill

Time-used pill
(touch-transparent)

Redirect to Beave
(Full Lockout)

E LOCAL STORE · daily rollups, rules, scores

F CLOUD · account, leaderboard (server-credited)

ve
rifi

ed
st
ic
ks

+
fli
ps

on
ly

Usage, sleep and scroll data never cross the
boundary. Only verified stick and flip counts do,
and the server, not the phone, credits them to the
week.

Figure 3. System architecture. Plans are written in the interface (top) and enforced by a native service
whether or not the interface is running (centre). Sensors and the operating system’s usage log feed the
service (left), which reaches the user only through the surfaces on the right. Everything inside the dashed
boundary stays on the device; only verified stick and flip counts cross it.

Pickups and sleep. A pickup is counted on each unlock, or on each screen-on event for phones
that do not report unlocks. Sleep is inferred and never asked for, as the longest overnight stretch
without real use, and foreground activity of less than 60 seconds (reading a notification, say)
does not break it. A fixed night window would penalise shift workers, so Beave learns each
user’s typical sleep midpoint as the circular mean of their past overnight gaps2 and accepts
gaps centred within four hours of it; with fewer than five days of history, or a circular standard
deviation of more than three hours, it falls back on a fixed window (Figure 5).

The Digital Wellness Score. Raw figures are hard to make sense of, and the Progress tab
therefore condenses the last seven days into one score out of 10, built from five factors (Table 3,
Figure 6). Each factor is scored from 0 to 1 along a straight line between two thresholds, and
the weighted sum is scaled up to 10. Days with less than 12 hours on the clock are left out,
which keeps the score from starting every morning close to its maximum, and nothing is shown
until at least two usable days exist.

Two decisions about the score need explaining. The thresholds are absolute, not derived from
the user’s own limit, since otherwise someone who exactly met a six-hour limit would score the
same as someone who exactly met a one-hour limit and the scores could not be compared. Time
spent in Beave’s own focus sessions is also left out, so that the score reflects phone habits and

2The circular mean is ̄𝜃 = atan2(∑𝑖 sin 𝜃𝑖, ∑𝑖 cos 𝜃𝑖), where the 𝜃𝑖 are clock times expressed as angles on a
24-hour circle. An arithmetic mean has no sensible meaning for times on either side of midnight.

11



F. Aktar The Solution to Smartphone Addiction

1

1

2

2

3

3

4

4

5

5

6

6

7

7

8

8

A A

B B

C C

D D

E E

F FGENERAL ARRANGEMENT: BLOCK + FOCUS
BEAVE · F. AKTAR SCALE NTS UNITS SI

FIG.

04

9:41

Daily limit

1h 12mof 2h

4 apps

Rules

Work time
9:00–17:00 · Mon–Fri

Social apps
App limit · 45 min a day

Anti-doomscroll Offline hours

Gold

Morning and night

Morning 07:00–09:00

Night 21:00–23:00

Block Focus Progress Dam

1

2

3

4

360 dp

BLOCK TAB (HOME)

9:41

Focus

Add tag Blocks 3 apps

30:00
1 2 3 6

TAP TO START FLIP

Block Focus Progress Dam

8

9

5

6

7

FOCUS TAB

KEY

1 Daily limit card;
usage vs limit

2 Rules: schedule,
app, open limits

3 Scroll limit,
offline hours

4 Morning and
night windows

5 Full-bleed scene
behind controls

6 Duration as sticks:
1, 2, 3, 6

7 Tap to start, or
flip (Fig. 14)

8 Full Lockout,
scene, sound

9 Session tag;
apps it blocks

Figure 4. Wireframes of the two main screens. Left, the Block tab: daily-limit card over an animated
sky (1), rules (2), scroll-limit and offline-hours tiles (3), and the morning-and-night card (4). Right, the
Focus tab: full-screen scene (5); a stepper that sets session length by the sticks it earns, 1, 2, 3 or 6 for 10,
20, 30 or 60 minutes (6); the TAP TO START and FLIP controls (7); the Full Lockout padlock beside
the scene and sound controls (8); and chips for the session tag and the apps to be blocked (9). On-screen
text is illustrative.

Table 3. Components of the Digital Wellness Score. A factor scores 1 at or beyond the full-marks
threshold, 0 at or beyond the zero threshold, and linearly in between. Sleep is scored as a band: 7–9 h
scores 1, falling to 0 at 4 h and at 11 h, following adult sleep-duration recommendations (Hirshkowitz
et al., 2015; Watson et al., 2015).

Factor Weight Full marks Zero Rationale

Screen time per day 30% ≤ 2 h ≥ 7 h Primary target of most
goals

Sleep 20% 7–9 h ≤ 4 h or ≥ 11 h Displaced by night-time use
(M7)

Pickups per day 20% ≤ 30 ≥ 120 Checking habits (M1)
Minutes per pickup 15% ≤ 3 ≥ 12 Extended sessions (M5)
Pickups 23:00–07:00 15% 0 ≥ 12 Sleep disruption (M7)
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A ONE DAY, RECONSTRUCTED FROM THE OS EVENT LOG
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03:09 glance, 12 s

longest gap 23:24 → 06:54 = 7 h 30 m Rules: gap must be unbroken for ≥ 3 h; activity < 60 s (the 03:09
glance) does not break it; centred within ±4 h of the learned mid-
point.

B AVERAGING CLOCK TIMES
00

06

12

18

23:00 01:00

×

circular mean of the unit
vectors = 00:00 (correct)

arithmetic mean
(23 + 1) / 2 = 12:00 (wrong)

C WHY THE OS DAILY SUMMARY IS NOT USED

18:00 21:00 00:00 03:00 06:00 09:00 12:00

midnight

asked for: today

returned:

now 10:58

20:40 → 00:00

Illustrative case: the summary bucket opened at 20:40 the previous evening, so the hatched span
is counted as today. Beave walks the event log and clips every span to the calendar day.

Figure 5. Measurement of a single day. Top: a day rebuilt from the event log, showing each app’s
foreground intervals (merged into the screen-time total), unlock events (pickups) and the longest overnight
gap (sleep). Bottom left: clock times have to be averaged as angles; the arithmetic mean of 23:00 and
01:00 is 12:00, the circular mean 00:00. Bottom right: a daily summary bucket that opened the previous
evening, and the overcount of ‘today’ that results.

cannot be pushed up just by using Beave. Next to the user’s score the Progress tab shows that
of a ‘typical phone user’ put together from published averages (roughly 4 h 40 min of screen time,
6 h 51 min of sleep, 70 pickups and 6 late-night pickups a day; cf. Andrews et al., 2015), a profile
that scores 6.5. This is a fixed point of reference and not a percentile, because a percentile would
need other users’ scores, and Beave does not collect them.

5.3 Layer 2: Plan
A goal anchored to the user’s baseline. Onboarding is a nine-step dialogue that ends with a plan
already in force (Figure 7). It asks how the phone makes the user feel and when they usually
go to sleep and wake up, and then asks for access to usage data, a step that cannot be skipped
since everything after it depends on a measured baseline (P5). The baseline is the average of
the last seven complete days. Today’s partial total is never used, as a baseline taken just after
midnight would be close to zero and would go straight into an enforced rule.

The user then picks a daily screen-time goal on a dial whose range is derived from their own
usage, running from 15 minutes up to 75% of the baseline and starting at half of it, so that
every plan is a cut of at least 25% and no goal can be an increase in disguise. Once the apps
the limit should cover have been chosen, the plan is written as an enforced rule and blocking is
live from the moment onboarding ends. The plan screen also shows a projection, worked out by
re-running the wellness score on the user’s own week with screen time and pickups scaled down
by the ratio of limit to baseline; it is arithmetic on the user’s data and assumes no effect size.
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0 2 4 7 9
hours per day

SCREEN TIME · 30%

0.47

0

.5

1

0 4 7 9 11 13
hours

SLEEP · 20%

0.95

0

.5

1

0 30 70 120
unlocks per day

PICKUPS · 20%
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0

.5

1

0 3 8 12
screen time ÷ pickups

MINUTES PER PICKUP · 15%

0.89

0

.5

1

0 6 12
unlocks 23:00–07:00

NIGHT PICKUPS · 15%

0.50

VERTICAL: FACTOR SCORE 0–1 · DASHED: REFERENCE “TYPICAL PHONE USER” (280 MIN SCREEN, 411 MIN SLEEP, 70 PICKUPS, 6 LATE-NIGHT)

score = 10 × (0.30×0.47 + 0.20×0.95 + 0.20×0.56 + 0.15×0.89 + 0.15×0.50) = 6.5

Figure 6. The five scoring functions, drawn to scale. Each panel maps one day’s measurement (horizontal
axis) to a factor score between 0 and 1 (vertical axis), with the factor’s weight in the panel title. Dashed
lines mark the typical-user profile, which scores 6.5 once weighted.
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A NINE PANELS

0

Conversation

1

Usage access

2

Screen time

3

Goal

4

Pick apps

5

Building

6

Your plan

7

Permissions

8

Sign in

GATE

6h 10m
a day, last 7 days

= 94 days a year
3h 05m

5.1

Maybe later

Panel 1 is a hard gate: no measured baseline, no plan.

B DATA PATH

OS event log
via usage access (1)

Baseline B
mean of 7 complete days,

never today's partial total

Goal G on the dial (3)
15 min ≤ G ≤ 0.75 B

opens at 0.5 B

Daily-limit rule
shared budget across the

apps chosen in (4)

Enforcement
service

Projection (6) wellness score re-run on the

user's own week with usage scaled by G / B; arith-

metic, not a promise

First-day grace: usage counts from the
moment the plan is written, not from mid-
night.

Figure 7. Onboarding, from dialogue to enforcement. Nine panels (top) collect answers and permissions.
Below them, the seven-day baseline becomes a bounded goal, the goal and the chosen apps become a
daily-limit rule, and the rule reaches the enforcement service before the home screen appears. On the
first day, usage counts only from the moment the plan is created.
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Table 4. Rule types. The enforcement service evaluates every rule twice a second. Windows may cross
midnight, and an app covered by several rules is governed by whichever is strictest at that moment.

Type If (situation) Then (response), with notes

Schedule The time lies within
[𝑡start, 𝑡end) on a selected day

The selected apps are blocked. Overnight windows
are evaluated as ‘after the start or before the end’.

App limit The selected apps have to-
gether been used for more
than 𝐿 minutes today

All of them are blocked for the rest of the day; they
draw on one shared budget.

Open limit An app has been opened
more than 𝑁 times today, or
the current open has lasted
𝑀 minutes

That app is blocked. Counts are kept per app, so one
app cannot use up another’s allowance.

Offline hours Within the window, with a
working internet connection

Everything except essentials is blocked until Wi-Fi
and mobile data are switched off (Gold).

A plan created in the evening raises a further problem. Usage from earlier the same day,
before any plan existed, would otherwise count against the new limit and could trigger a block
within minutes of installing the app, which is exactly the kind of unearned restriction P1 is
meant to prevent. On the first day, therefore, usage counts only from the moment the plan is
written. This grace is applied once, and later edits to the rule do not reset it, since that would
hand out a fresh allowance with every edit.

Rules as implementation intentions. Besides the daily limit, users can write four kinds of rule
(Table 4). Each is an implementation intention that the phone carries out on the user’s behalf,
binding a situation (a time window, a usage threshold, a number of opens, or simply being
online) to the response that the chosen apps close. Free users can create one rule in addition to
the daily limit, and Gold users as many as they like.

Morning and night windows. Two protected windows frame the day, one after waking and one
before bed, during which the chosen apps are closed. They are stored as wake and bed times
plus a length (at least one hour, two by default), which is how people tend to think about
them, so moving the wake time moves the window along with it. The night window counts
back from bedtime, and the apps are already shut by the time the user is trying to fall asleep
(Figure 8). Internally both compile down to ordinary schedule rules. The night window responds
to the sleep findings under M7 (Exelmans & Van den Bulck, 2016; Chang et al., 2015), and the
morning window takes away the first check of the day.

5.4 Layer 3: Pre-commit
Enforcement independent of the interface. Of the commitment devices in Beave, the enforcement
service is the one with most consequence. A schedule starting at 09:00 comes into force whether
or not the interface has been opened that day, and it survives a reboot. At each evaluation the
service consults its sources in a fixed order (Figure 9): an armed Full Lockout first, then the
active focus session’s block list, then the user’s rules, and offline hours last, so that switching
off the internet can never release an app that a rule has closed. Usage figures are cached for 30
seconds, since the evaluation runs twice a second but the figures themselves only change from
minute to minute.
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24 H
00:00 at top

clockwise

measured sleep 23:24–06:54

morning window 07:00–09:00

work schedule 09:00–17:00, Mon–Fri

night window 21:00–23:00 Offline hours 22:00–07:00 (default)

RINGS, INSIDE OUT

Inner: inferred sleep (measured, Fig. 5)

Middle: morning and night windows

Outer: user schedule rules

Outer: Offline hours

DETAIL A CROSSING MIDNIGHT

18 21 00 03 06 09

window 22:00 → 07:00

start ≤ t AND t < end → never true

start ≤ t OR t < end → correct

Figure 8. Time-based plans on a 24-hour dial. Inner ring: inferred sleep (from Figure 5). Middle ring:
the morning window after waking and the night window before bed. Outer ring: a weekday work schedule
and the default offline hours, 22:00 to 07:00. The detail shows why a window that crosses midnight must
be evaluated with or in place of and.

Beave Police: immediate tightening, delayed loosening. Beave Police (Gold) is the most direct
implementation of P3 (Figure 10). While it is switched on, any change that would loosen
blocking is held for a cooling-off period chosen when Police is turned on, one of one hour, three
hours, one day or three days, with one hour as the default. Loosening here covers disabling
or deleting a rule, raising a limit, shortening a window and removing an app or a day. A held
change is shown as pending together with its release time and is applied automatically when
the period runs out, whether Beave is open or not, while changes that tighten blocking apply
immediately. Turning Police off is itself treated as loosening and held in the same way, and for
as long as Police is on, the breathing gate is withdrawn from rule blocks.

What counts as ‘looser’ is decided conservatively. A change is held unless it is clearly at
least as strict as the rule in force, so a different rule type, fewer apps or days, a window that
is narrower at any minute, or a higher limit will all be held. A second edit to the same rule
replaces the pending one; it keeps the original release time if it is no looser than the current rule
and restarts the clock if it is.

The delay is motivated by what Loewenstein (1996) called the hot–cold empathy gap. Re-
quests to loosen a rule are most likely at precisely the moment the user wants the blocked app,
and a delay means the change only happens if it is still wanted once that state has passed.
Cooling-off periods of this kind are the standard example of asymmetric paternalism (Camerer
et al., 2003), and the next-day rule for changing limits in Phone Dashboard (Allcott et al., 2022)
is a close relative. Take-up of commitment devices has generally been low in the economics
literature (Bryan et al., 2010), although the 78% of participants who set binding limits in All-
cott et al. (2022) suggests that demand for commitment over phone use may be unusually high.
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TICK · every 500 ms

Resolve the foreground
app from usage events

Beave, Settings,
dialler, or screen off?

Full Lockout armed
and session running?

App on the focus
session's block list?

Blocked by a rule?
schedule, app limit, open limit, edges

Offline hours open, phone
online, app not essential?

ALLOW

NO

NO

NO

NO

NO

Shows the time-used pill if the app is watched
(Section 5.5).

If no event arrived, the last app is carried
forward, so sitting on the home screen can-
not escape.

ALLOW. Exempt: nothing to enforce.

REDIRECT to the session, re-asserted every tick
(throttle 700 ms). No overlay. Exit: pause the
session.

OVERLAY, no breathing gate. Exit: the session's
pause button (2 free per session).

YES

YES

YES

Valid 5-minute pass
for this app?

Beave Police
active?

ALLOW until the pass expires; then block
again.

OVERLAY, gate withdrawn; “Open Beave” in
its place.

OVERLAY + BREATHE TO UNLOCK (Figs.
11, 12)

YES YES

NO

YES

NO

OVERLAY. Exit: turn off Wi-Fi and mobile
data; the block lifts at once.

YES

PRIORITY
1 Full Lockout
2 Focus session
3 Rules (incl. morning/night)
4 Offline hours
Each source has its own exit. Turning the internet off never
opens an app a rule has blocked.

Figure 9. The service’s evaluation cycle, repeated every 500 ms. The foreground app is identified and
tested against four sources in order, each of which has its own exit: pausing the session lifts Full Lockout
and session blocks, the breathing gate opens a rule block for five minutes (unless Beave Police is active),
and going offline lifts offline hours.

Police is nevertheless opt-in, its shortest delay is short, and no delay can be cut short by paying
(P4).

Full Lockout and offline hours. Two further commitments apply to the phone as a whole. Full
Lockout (Gold) is armed at the start of a focus session, and until the session ends, opening
anything other than Beave, the dialler or Settings (the home screen included) sends the user
back to the session within about a second; the notification shade stays reachable as a safety
valve. Once armed it cannot be disarmed mid-session. Pausing the session does lift it, however,
because a pause button that stopped the timer but went on refusing every app would contradict
its own label. Free users get two pauses per session.

Offline hours (Gold) define a window, 22:00 to 07:00 by default, during which the phone can
only be used offline. Beave does not cut the connection itself; if the phone is online during the
window, every app apart from a short list of essentials (dialler, messages, alarms, Settings and
the launcher) is blocked, and the block lifts as soon as Wi-Fi and mobile data are off. The user
thus makes a single decision in advance, to accept a phone without internet at night, in place
of a fresh decision to resist it every evening.
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minute, higher limit, kind changed.
c is 1 h, 3 h, 24 h or 3 days; default 1 h. No fee, ever.

B ONE HELD CHANGE: ACTIVATED AT 0 h WITH c = 3 h

0h 1h 2h 3h 4h 5h 6h

Rule “Social apps”

Rule “Work time”

Beave app

ON, switch-off held
OFF (released by the service)

1:20 user asks to switch it off 4:20 released

2:00 adds an app: applied now

closed: the release does not need the app

Figure 10. Beave Police. Top: state diagram. Tightening goes through immediately in every state;
loosening becomes a hold that is released automatically when its delay runs out, and turning Police off
is itself a held change. Bottom: one held change with a three-hour delay. The release is carried out by
the background service, so the interface need not be open.

5.5 Layer 4: Interrupt
The block overlay and the breathing gate. When a blocked app comes to the foreground, the
service covers it with a full-screen overlay (Figure 11). Outside focus sessions this offers two
actions, going back to the home screen or Breathe to unlock for 5 minutes, and the second opens
a breathing panel in which the user presses and holds an orb to breathe in. After four seconds
a cue tells them to let go, and the orb shrinks over a six-second breath out; three completed
cycles unlock the app for five minutes, after which it is blocked again (Figure 12).

The gate is built so that it cannot be rushed. A hold of under three seconds is rejected with
a prompt to hold a little longer, a new breath cannot start until the previous one has been fully
let out, and a pip only fills once a cycle is complete, so a pass costs at least 3 × (3 + 6) = 27
seconds, or about 30 for someone who follows the cue. The button reads ‘Breathe to unlock’
and never just ‘Unlock’, since an exit that looks free soon stops working as friction.

Three strands of evidence went into the gate. The first concerns friction at the moment an
app is launched. In a six-week field experiment with 280 participants, one sec, which inserts
a short delay and an option to cancel whenever a target app is opened, led people to abandon
36% of their attempts to open those apps and to make 37% fewer attempts overall; by the sixth
week actual openings were down by 57%, and the option to cancel turned out to be the most
effective component (Grüning et al., 2023).3 Effortful lockout tasks before an app opens (Kim
et al., 2019) and vibrations that start once a self-set limit has been passed (Okeke et al., 2018)

3The developer of one sec is one of the study’s authors, a position not unlike that of the present author (see
Declarations).
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tap Breathe
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PANELS SWAP;
THEY DO NOT STACK
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2 What is blocked
and until when
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4 Priced exit
(rule blocks only)

5 Live instruction,
above the thumb

6 Pips: fill only
on a full breath

7 Glass orb; press
and hold to inhale

8 Heading and
Cancel

Figure 11. The block overlay and breathing panel, with principal dimensions. Left: the block panel,
with mascot, message, primary action (back to the home screen) and the effortful exit. Right: the
breathing panel. The instruction and the three progress pips sit above the orb because the thumb and
palm hide whatever lies below it. The two panels replace one another and are never stacked.

have also reduced use.
The second is that a pause gives the reflective system a chance to step in (M4). College

smokers who were given brief instruction in watching a craving until it passed, so-called ‘urge
surfing’, smoked fewer cigarettes over the following week than those who were not (Bowen &
Marlatt, 2009).

The third is that slow breathing with a long exhale has effects of its own. It is associated
with more parasympathetic activity and lower arousal (Zaccaro et al., 2018), a rate of around
six breaths a minute matches the resonance frequency used in heart-rate-variability biofeedback
(Lehrer & Gevirtz, 2014), and in a randomised comparison, exhale-focused breathing improved
mood and lowered breathing rate more than mindfulness meditation did (Balban et al., 2023).
Four seconds in and six out comes to exactly six breaths a minute. Balban and colleagues were
testing five minutes of daily practice over a month, however, which is a long way from thirty
seconds spent in front of a blocked app, so I take their results as a justification for the shape of
the pause and not as evidence that it changes behaviour.

The gate is absent, on purpose, in three situations. Inside a focus session the only exit is the
session’s own pause button, so that the gate cannot serve as an uncounted way round the free
tier’s two pauses or water down a verified session; when Beave Police is on, the gate is withdrawn
from rule blocks because the user has asked for stricter enforcement; and during offline hours
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0s 5s 10s 15s 20s 25s 30s 35s

FINGER CONTACT

GATE PHASE

ORB SCALE

RELEASE CUE

PIPS FILLED

short INHALE EXHALE INHALE EXHALE INHALE EXHALE PASS

1
2

3

min 3 s
cue at 4 s

exhale 6 s; next inhale refused

one cycle ≈ 10.6 s (≈ 6 breaths a minute)

1.6 s hold: “Hold a little
longer”, not counted

third breath complete:
5-minute pass, app reopens

Pips fill only when a breath completes, never during a hold, so a
short hold is never shown as lost progress.

Figure 12. Timing of one successful pass through the breathing gate. Rows, from the top: finger contact,
gate phase, orb size, release cue and progress pips. A hold shorter than the 3 s minimum (shaded) is
rejected, the release cue comes at 4 s, and a new breath cannot start before the 6 s exhale has ended. A
pass costs at least 27 s; one cycle lasts about 10 s, or six breaths a minute.

the way through is simply to go offline.

Anti-doomscroll: a stopping point in endless feeds. Blocking decides whether an app opens
but does nothing about how long a session lasts once it has. Anti-doomscroll (Gold, in beta)
measures scrolling in the apps a user chooses and interrupts long sittings (Figure 13). It works
from Android accessibility events, which report that a scroll took place and how far it went, and
it is set up so that the content of the screen is not read; scroll data stay on the phone and are
kept out of analytics entirely.

A sitting adds up active scrolling time, with each gap between scrolls counting for at most
60 seconds, so that reading a long post or watching a video counts while putting the phone
down does not. Leaving the app or locking the screen pauses the sitting, coming back within
ten minutes of the last scroll resumes it, and ten minutes without scrolling starts a new one.
These two values decide, to a large extent, whether the feature ever fires at all. If a sitting were
reset on every exit, a one-second visit to the home screen would wipe it, and with a short gap
cap (30 seconds, for instance) someone who watched each short video to the end would hardly
ever reach the limit, leaving only the fastest scrollers to be interrupted.

When a sitting reaches the user’s limit (15, 30, 45 or 60 minutes, 30 by default), a small pill
counts down ‘Break in 10 seconds’ and the next scroll brings up a break panel whose only exit
is the breathing gate, good for a five-minute snooze. There is also an opt-in hard mode that
replaces the gate with a ten-minute break. It is never on by default and the app never suggests
it, since the reactance argument behind P1 applies with most force to restrictions the user has
not chosen.

The design follows Rixen et al. (2023) in assuming that people mostly stop scrolling for
reasons that lie outside the app, and the break supplies the interruption that the feed was
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SCROLL EVENTS
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ACTIVE MIN

OVERLAY

SITTING

away 4 min leaves the app

0
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20

30
limit 30 min3 min reading:

counts 1 min

gap capped
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warning pill 10 s,
then break panel

3 breaths buy
a 5-min snooze

next break;
user leaves

one sitting, resumed after the 4-min exit ends

10 min without scrolling

NO CUMULATIVE TOTAL, NO PROGRESS BAR (P7). The only chart is one where the good di-
rection is down. Opt-in hard mode replaces the breathing gate with a 10-minute break. Scroll
data never leave the phone and are excluded from analytics.

Figure 13. One scrolling sitting under a 30-minute limit. Scroll events (ticks) add up active time, each
gap counting for at most 60 s, and an absence from the app of under ten minutes continues the same
sitting. At the limit, a 10 s warning pill comes before the break panel; three breaths buy a five-minute
snooze, after which the next break follows. Ten minutes without scrolling ends the sitting. There is no
running total and no progress bar (P7).

designed to leave out. A reminder that cannot be interacted with is easily ignored, and a panel
with a costless ‘keep scrolling’ button turns the break into one more thing to dismiss, which is
why the panel has a single exit and that exit has a price.

Lighter prompts. Three lighter interventions keep usage in view without blocking anything. A
time-used pill appears in a corner of the screen for four seconds when a watched app is opened,
and again every 30 minutes, showing the time spent in that app today, and touches pass straight
through it. It is aimed at time distortion (M6) as it happens and relies on the reactivity of
self-monitoring, the long-standing observation that keeping track of a behaviour tends to change
it (Korotitsch & Nelson-Gray, 1999). A limit notification arrives at 80% of the daily limit, early
enough to do something about it, and a recap at 21:00 sums up the day; these two fire at most
once a day each.

5.6 Layer 5: Reinforce
Flip to focus: sessions verified by the device. A focus session can be started with a button or by
laying the phone face down (Figure 14). Orientation comes from the accelerometer: gravity has
to register through the back of the phone at 7.5 m/s2 or more, with the horizontal components
below 4.5 m/s2, which separates a phone lying flat from one that is merely tilted. If there is
a proximity sensor it confirms the placement straight away. If not, the phone has to stay face
down and still for 1.5 s, moving by less than 0.4 m/s2 on every axis, a threshold chosen to lie
between the jitter of a phone on a table and the tremor of one held in the hand. Lifting the
phone (gravity above 4.0 m/s2 through the screen) pauses the session and putting it back down
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unchanged
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COMPLETE
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NEAR, or
1.5 s still

gz ≥ 4.0

face down again

timer endsstop

Lifting pauses automatically and is not charged against the free
tier's two pauses.

Figure 14. Flip detection. Left: the device axes and the gravity vector in the face-down position,
with the accepted angular range. Centre: thresholds along the 𝑧 axis, including the dead band between
face-down and face-up. Right: session states; lifting the phone pauses the session and laying it down
resumes it. Focus time accrues only in the committed state.

resumes it,4 and these automatic pauses do not count against the free tier’s allowance.
Flipping does two things. It takes the phone out of sight and out of easy reach, which

is about the strongest form of situation modification an app can bring about (M7; Duckworth
et al., 2016); the evidence for a cognitive cost of the phone’s mere presence is mixed (Ward et al.,
2017; Ruiz Pardo & Minda, 2022), but the cost of incoming notifications is better established
(Stothart et al., 2015). The second, and more important, is that session length is measured by
the sensors without any input from the user, and it is this that lets a focus session carry some
weight with other people (P6).

Sticks, dams and rivers. Each completed session earns one stick per ten minutes of focus, and
the sticks go into a dam on a real river in one of ten regions drawn from map data. The rate is
linear so that splitting sessions up brings no advantage; under a schedule that paid short sessions
disproportionately, twelve five-minute sessions might outscore one unbroken hour, which would
reward exactly the fragmented attention the app is supposed to reduce. Filling every river in
every region takes 1,705 sticks, or roughly 284 hours of verified focus.

The dam is the only total in Beave that only ever goes up, and it counts time away from
the phone, in line with P7. Effort is known to increase as a visible goal comes closer (Kivetz
et al., 2006), and a review of 24 empirical studies of gamification found mostly positive effects
that depended heavily on the context and on the users involved (Hamari et al., 2014). Forest’s
virtual tree, mentioned in Section 3, is perhaps the best-known use of the idea in this area, and
Lyngs et al. (2019) point out that it asks the user to refrain from doing something, where a

4The gap between the two thresholds acts as hysteresis. With a single threshold, small rotations of a phone
lying close to it would toggle the session on and off.
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FLIP SESSION
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SERVER CREDIT
only when lifetime sticks and

completed sessions both rise

WEEKLY
BOARD

DAM AND MAP
10 regions; 1,705 sticks fill them all

MONDAY 00:00 UTC: THE WEEK CLOSES
result card for 2 days; everyone starts at zero

fresh start: a reason to begin again (Dai et al., 2014)

M T W T F S S

result card Mon–Tue; countdown to Sunday
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NEVER CROSSES (P6):
leaderboard, share card

Self-declared data stay in private statistics. A minute mea-
sured by the accelerometer and a minute typed by the user
are different kinds of fact.

Figure 15. The reinforcement loop. A verified session earns sticks at a fixed rate. The sticks fill rivers
on the map and, through a server-verified credit, count towards the weekly leaderboard. The week ends
at 00:00 UTC on Monday, when all weekly counts start again. Self-declared data such as tags and tasks
are kept away from every surface other people can see.

virtual pet would normally ask them to do something in order to feed it.

5.7 Social features
Self-reported effort carries little weight with other people because it costs nothing to claim
(anyone can say they studied for three hours). Activity trackers changed this for exercise, since
a run recorded by a watch does not depend on trusting the runner, and flip verification gives
focus time a similar standing: the phone measured the session, so an hour of focus becomes a
record that others can rely on. Beave’s social features are built on that property.

There is good evidence that other people affect how much effort we put in. Using five years of
data on about 1.1 million runners, with variation in the weather where their friends lived serving
as a natural experiment, Aral & Nicolaides (2017) found running to be socially contagious; when
a runner’s friends ran more on a given day, so did the runner, and less active runners influenced
more active ones but not the other way round. In the STEP UP trial, 602 adults were randomised
to a control arm or to one of three gamified arms built on support, collaboration or competition
(Patel et al., 2019). All three raised daily steps above control during the intervention, by between
637 and 920 steps a day, but the competition arm, whose members received a weekly leaderboard
ranking them against two other participants, gained the most and was the only arm still ahead
of control during follow-up, by 569 steps a day. Leaderboards seem to work largely as a form of
goal setting (Landers et al., 2017), progress shared with others has larger effects than progress
kept private (Harkin et al., 2016), and comparison is most informative when it is with people
similar to oneself (Festinger, 1954).

The same literature also shows how leaderboards go wrong, and this shaped Beave’s version
more than anything else (Figure 16). Competitive motivation falls as the number of competitors
rises (Garcia & Tor, 2009), and it is concentrated near meaningful standards such as the top few
ranks, so that the difference between 202nd and 203rd place matters very little to anyone (Garcia
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et al., 2013). A cumulative global ranking comes close to the least motivating arrangement there
is, since a newcomer enters thousands of places down, behind people with months of sticks, with
no realistic chance of climbing.

The leaderboard in Beave therefore opens on This week on every visit, with the all-time
ranking one tap away. Weeks end at 00:00 UTC on Monday, one shared week for everybody,
and temporal landmarks of this kind are known to prompt people to make a fresh start (Dai
et al., 2014). The interface talks about the week finishing and never about a ‘reset’. Its heading
counts down to the end of the week, and for two days afterwards a card shows the user’s final
rank and the sticks they added to their dam. Users outside the top ten see the two entries just
above them and the one just below, so they are compared with people they could realistically
catch. Several things were left out deliberately, including any count of the sticks needed to
overtake the next person, a follow button and a friend list, and only verified effort ever reaches
the board.

A finished session can also produce a share card, a square image taken just after the session
showing the user’s handle, how long they focused, the sticks they earned, the region those went
to and the date. Badges mark milestones on three ladders: 100 and 1,000 sticks, 100 and 1,000
flips, and 100 hours of focus. They mark progress and are not a second currency, resting on the
same idea as the leaderboard, that a visible record of verified effort is itself worth working for.

A place on the board is only worth having if the record behind it can be trusted, and the
board is protected accordingly. Weekly stick and flip counts are written only by a function on
the server, and only when the user’s lifetime stick total and number of completed sessions go
up together, and the phone cannot write to those fields at all. Self-declared information such
as session tags (‘study’, ‘work’) or to-do items never appears on the board or on a share card,
even though including it would probably increase engagement, because a minute confirmed by
the accelerometer and a typed claim to have been studying are different kinds of evidence (P6).
No usage, sleep or scroll data appear anywhere social.

5.8 Privacy and ethics
Digital wellbeing tools are persuasive technologies too, and raise the same ethical questions as
the products they are meant to counter (Peters et al., 2018; Monge Roffarello & De Russis, 2019).
Beave keeps to five constraints. (i) Detailed usage, sleep and scroll data are stored only on the
phone; for the same reason the wellness benchmark is built from published averages instead of
other users’ data, and the scroll-measuring feature is excluded from analytics altogether. (ii) No
way out of a block requires payment (P4). (iii) Features that can hold a block (Police, hard
mode and Full Lockout) are opt-in and explained before they are switched on. (iv) If a paid
feature lapses, whatever it was enforcing stops, so that no off switch is ever left behind a paywall.
(v) The projections shown during onboarding are calculated from the user’s measured week and
contain no invented percentages.

6 Discussion
6.1 The case for layering
Safety engineering offers a useful way of thinking about this. In Reason’s (2000) ‘Swiss cheese’
model of accidents, every defensive layer has holes, and harm only gets through when the holes in
successive layers happen to line up. Much the same holds for self-regulation (Figure 17). A plan
with nothing to enforce it is dropped at the first hot moment, enforcement with no plan behind
it seems arbitrary and invites a fight, and an exit that costs something but has no commitment
behind it is little more than a speed bump; and all of them rely on the measurement underneath
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Figure 16. Social features. Left: the weekly leaderboard on the Dam tab. It opens on This week (1),
counts down to the end of the week (2), shows the previous week’s result for two days (3), and below the
top three (4) shows the user’s nearest neighbours in place of a distant rank (5). Right: a square share
card carrying the user’s handle (6) and verified figures only (7), and the badge ladders (8). Usage, sleep
and scroll data appear on none of these surfaces.

being right. An impulse that gets past one layer, for instance by completing the breathing gate,
runs into the next: the pass expires after five minutes, the daily limit keeps counting, Police
holds any attempt to loosen the limit, and the evening recap reports what happened.

6.2 The claim in the title
The title makes a strong claim and I should be precise about what it covers. No single feature,
app or habit solves smartphone addiction, and the evidence does not support anyone who says
it does. What the literature does provide is a fairly clear account of the mechanisms that keep
compulsive use going and, for most of them, independent experimental evidence that a particular
counter-measure helps. The solution I propose lies in the combination of accurate measurement,
advance planning in if-then form, commitment that resists being undone on impulse, a modest
cost between urge and app, and a visible place for the time won back to go. My argument is
that each of these is necessary and none is sufficient on its own. Beave is one way of building
the combination, and there are certainly others.
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Figure 17. Defence in depth. Each layer is a barrier with gaps in it. Five impulses are traced from left
to right; most are stopped or turned aside early, one gets through the breathing gate and is caught again
when its five-minute pass expires, and one passes every layer, which is the intended outcome when the
user really does want the app. The aim is to regulate the flow, and zero is not the target.

6.3 Limitations
No outcome data. Beave has not been evaluated in a controlled trial. Every claim of efficacy
in this paper refers to a mechanism demonstrated elsewhere, with different tools and different
populations, and the interaction between layers, on which the central argument of the framework
depends, has not been tested.

Contested evidence. Some of the findings cited here are disputed or have failed to replicate,
among them the cognitive cost of a phone’s mere presence (Ruiz Pardo & Minda, 2022) and the
average effect of nudges once publication bias is accounted for (Maier et al., 2022). I have tried
to rely on such findings only where other evidence points the same way, and to say so where it
does not.

Platform constraints. Enforcement depends on capabilities Android provides (usage statistics,
overlay windows and persistent background services) that iOS does not offer in an equivalent
form. It also depends on phone manufacturers not killing background services, which some of
them do aggressively, hence the periodic heartbeat on which the service restarts itself. Scroll
measurement depends on what each app reports and therefore varies from app to app and may
change when they are updated.

Circumvention. Anything installed on a user’s own phone can be uninstalled. Beave’s re-
sponse is to reduce the motivation to remove it (P1, P3) and not to make removal hard, and
it does not use device-administrator privileges. Whether that trade-off holds up is an empirical
question.

Self-selection. People who install an app of this kind are already motivated to change, which
limits how far any results generalise and flatters uncontrolled before-and-after comparisons, one
more reason for the randomised design below.
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7 Proposed evaluation
The evaluation is set out in enough detail to be pre-registered. It is designed to estimate
both the effect of the framework as a whole and the separate contribution of its in-the-moment
components (Figure 18), borrowing from Allcott et al. (2022) the use of device-logged outcomes
and an app that records use in every arm.

Design. There are two parts. Part A is an eight-week randomised comparison in which new
users are allocated either to the full framework or to a monitoring-only condition that keeps
measurement and the Progress tab but enforces no rules and delivers no interruptions. A four-
week follow-up then tests whether any change persists, as it did after deactivation in Allcott
et al. (2020) and as one would expect if new habits had formed (Lally et al., 2010). Part B is a
micro-randomised trial nested in the full-framework arm (Klasnja et al., 2015): at each block, the
breathing gate is randomly either shown or replaced by a plain ‘Open anyway’ button, and each
time 80% of the limit is crossed, the notification is randomly sent or withheld. This estimates
the proximal effect of each in-the-moment component (Nahum-Shani et al., 2018) with far fewer
participants than a full factorial trial would need.5

Outcomes. The primary outcome is device-logged daily screen time in the apps each partic-
ipant chose to limit, averaged over weeks 5 to 8. Secondary outcomes are total screen time,
pickups, inferred sleep and late-night pickups, all logged by the device to avoid the self-report
bias discussed under M6, together with the short form of the Smartphone Addiction Scale (Kwon
et al., 2013) and the WHO-5 Well-Being Index (Topp et al., 2015) at baseline, week 8 and week
12. For Part B, the proximal outcomes are whether the blocked app is opened within five minutes
and how much the phone is used in the hour after a notification.

Analysis and ethics. The primary analysis is by intention to treat, with mixed-effects models,
and Part B uses weighted and centred least squares, the standard estimator for micro-randomised
trials. Taking part would require explicit consent separate from Beave’s ordinary privacy terms,
because the study has to upload measurements the app would otherwise keep on the phone. The
protocol would be pre-registered and the results published whichever way they come out.

8 Conclusion
People who struggle with their phones are rarely short of information about how much they
use them; what they lack is structure at the moments that matter. A good deal is now known
about what sustains compulsive use, and most of the mechanisms involved have a known counter,
whether accurate measurement for time distortion, if-then plans for cue-driven habits, commit-
ment devices for present bias, a priced pause for impulses, a stopping point in endless feeds or
a verified reward to compete with the feed itself. Used one at a time, none of these is likely to
achieve much. Combined in layers, held to principles that protect autonomy and privacy, and
enforced by software that does not depend on willpower at the moment willpower is weakest,
they amount to a credible way of regulating phone use without banning it. Beave is my attempt
to build that combination; whether it does what it is meant to do is an empirical question, and
Section 7 describes how I think it should be answered.

5I leave the sample size open until a pilot provides variance estimates for logged screen time, which differs
widely between users.
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Figure 18. The proposed evaluation. Part A (top): eight weeks comparing the full framework with
monitoring only, followed by four weeks of follow-up. Part B (bottom): within the full-framework arm,
a micro-randomised trial of two in-the-moment components at each point where they could apply. All
measures are logged by the device except two validated questionnaires.
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Table 5. Parameters referred to in Section 5, with the rationale for each value.

Parameter Value Rationale

Measurement
Enforcement tick 500 ms (2 Hz) Fast enough that a blocked app is covered almost as it

opens.
Usage cache 30 s Usage changes a minute at a time; walking the event

log has a cost.
Baseline window 7 complete days Excludes today’s partial total; the OS log holds about

a week.
Sleep gap minimum 3 h unbroken Shorter gaps are naps or idle periods.
Gap-breaking activity >60 s in foreground Reading a notification should not count as waking.
Sleep window circular mean ±4 h Learns night-shift patterns; fixed fallback below 5 days

or circular SD > 3 h.
Plan
Goal dial range 15 min to 75% of

baseline
At least a 25% cut; a goal can never be an increase.

Goal dial opening value 50% of baseline Ambitious but adjustable.
Morning and night windows ≥1 h each, default 2

h
Long enough to cover the most cue-laden periods.

First-day grace usage counted from
plan creation

Avoids blocking for usage that preceded the plan; writ-
ten once.

Free rule allowance 1 (plus the daily
limit)

Caps creation, never possession.

Pre-commit
Police cooldowns 1 h, 3 h, 24 h, 3

days
Long enough for a hot state to pass; 1 h is the picker
default.

Lockout redirect interval 700 ms Re-asserted on every tick, so one missed transition is
not an escape.

Offline-hours default 22:00–07:00 Covers the pre-sleep period and the night.
Interrupt
Breathing cycles 3 Enough to require deliberate effort; short enough not

to provoke reactance.
Inhale cue, minimum hold 4 s, 3 s Prevents the gate being tapped through.
Exhale 6 s Exhale-weighted; with the inhale, six breaths per

minute.
Pass duration 5 min per app Enough for a deliberate task; expires automatically,

and dies with the service.
Limit notification 80% of daily limit Arrives while the user can still act.
Recap 21:00 Reviews the day before the night window.
Time-used pill 4 s on open, every

30 min
Brief enough not to become wallpaper.

Scroll limit rungs 15, 30, 45, 60 min
(default 30)

15 min is roughly 30 short videos.

Scroll gap cap 60 s per gap Reading counts; absence does not.
Sitting resume window 10 min since last

scroll
A brief trip out of the app does not reset the clock.

Break warning 10 s A visible countdown, not a surprise.
Hard-mode break 10 min, opt-in Never the default; never recommended.
Reinforce
Face-down threshold 𝑔𝑧 ≤ −7.5 m/s²,

horizontal ≤ 4.5
m/s²

Flat and face down, not merely tilted.

Face-up threshold 𝑔𝑧 ≥ 4.0 m/s² Hysteresis prevents spurious pauses.
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Parameter Value Rationale

Still-dwell fallback 1.5 s, motion < 0.4
m/s²

Between table noise and hand tremor; for phones with-
out a usable proximity sensor.

Stick rate 1 per 10 focused
minutes

Linear, so fragmentation earns nothing extra.

Session presets 10, 20, 30, 60 min Short entry points; the rate rewards longer sessions
proportionally.

Free pauses 2 per session Lifting the phone does not use one.
Week boundary Monday 00:00 UTC One shared week for a global board.
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