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Understanding, Discovering, and Mitigating Habitual
Smartphone Use in Young Adults
ALBERTO MONGE ROFFARELLO, Politecnico di Torino, Italy
LUIGI DE RUSSIS, Politecnico di Torino, Italy
People, especially young adults, often use their smartphones out of habit: they compulsively browse social
networks, check emails, and play video-games with little or no awareness at all. While previous studies
analyzed this phenomena qualitatively, e.g., by showing that users perceive it as meaningless and addictive,
yet our understanding of how to discover smartphone habits and mitigate their disruptive effects is limited.
Being able to automatically assess habitual smartphone use, in particular, might have different applications,
e.g., to design better “digital wellbeing” solutions for mitigating meaningless habitual use.
To close this gap, we first define a data analytic methodology based on clustering and association rules mining
to automatically discover complex smartphone habits from mobile usage data. We assess the methodology over
more than 130,000 phone usage sessions collected from users aged between 16 and 33, and we show evidence
that smartphone habits of young adults can be characterized by various types of links between contextual
situations and usage sessions, which are highly diversified and differently perceived across users. We then
apply the proposed methodology in Socialize, a digital wellbeing app that i) monitor habitual smartphone
behaviors in real time, and ii) uses proactive notifications and just-in-time reminders to encourage users to
avoid any identified smartphone habits they consider as meaningless. An in-the-wild study with 20 users (age
19-31) demonstrates that Socialize can assist young adults in better controlling their smartphone usage, with a
significant reduction of their unwanted smartphone habits.
CCS Concepts: • Human-centered computing → Empirical studies in HCI; Smartphones; Empirical
studies in ubiquitous and mobile computing; User models; • Computing methodologies → Cluster
analysis; Machine learning;
Additional Key Words and Phrases: Smartphone Usage; Smartphone Habits; Digital Wellbeing.
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INTRODUCTION

Just as personal computers in the 1990s, smartphones have become an integral part of our daily
lives, and their usage is so increased [56] that we cannot longer leave home without them [49].
Through smartphones, we can nowadays perform many different tasks with a handful of taps on
the screen: we can read New York Times news while chatting with a friend on WhatsApp, we
can watch films, check our emails, and browse social networks to pass the time. Despite many
advantages and increasing opportunities for social support [76], however, the last few years have
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seen a growing amount of research attention on the negative aspects of overusing smartphones,
with several studies talking about excessive smartphone usage as an addictive behavior [44, 81].
In response, many different mobile apps for achieving what Google defined “digital wellbeing [1]”
and controlling smartphone use are nowadays used by millions of users [54].
Classifying widespread and everyday behaviors like mobile devices use under the umbrella of
addictions is not supported, at least at this moment, by sufficient evidence [40]. Indeed, while
previous studies [5, 71] have found that many people feel conflicted about the time they spend with
Internet-connected digital technologies, yet other studies [23, 40, 41] suggest that such feelings
are influenced by the “moral panic [78]” emerging from public discussions and news on popular
media [12, 62]. What is clear, however, is that users experience difficulties in controlling their
smartphone use [25, 36, 37, 44], especially when this is the result of a compulsive habit [42, 49, 56, 78].
Indeed, people often use mobile devices to compulsively browse social networks, check emails, and
play video-games with little or no awareness at all: such habit-driven sessions with smartphones
are typically associated with a meaningless experience, which erode users’ intentions and make
them feel a loss of autonomy over their own behavior [49].
Previous works provide an overall view of such a phenomena, e.g., by conducting various kinds
of surveys and/or interviews [49, 78]. Furthermore, prior research that aims at characterizing smartphone use do not explicitly target complex habitual behaviors, e.g., they compare application use
across all users [69], or explore simple usage patterns such as checking habits [56] and revisitation
patterns [31], only. As such, our understanding of how to discover smartphone habits and mitigate
their disruptive effects is limited. Being able to comprehensively and automatically assess habitual
smartphone use might have different applications, such as, in the digital wellbeing context, and it
could be the first step towards designing new solutions that promote meaningful experiences with
mobile devices, as called for by recent studies [49, 78].

Fig. 1. An overview of the steps we conducted in our work. In the first phase, we characterize smartphone
habits and we define a data analytic methodology to automatically discover them. In the second phase, we
apply the methodology in Socialize, a digital wellbeing mobile app that assist users to avoid the smartphone
habits they consider as meaningless.

To close this gap, this paper presents a novel approach to automatically discover habitual users’
behaviors with their smartphones, along with its application in a digital wellbeing app that assists
users to avoid what they perceive as meaningless smartphone habits. We focus, in particular, on
the smartphone habits of young adults: prior studies [44, 85], indeed, demonstrate that young
generations are highly susceptible to problems related to habitual smarthpone use. Figure 1 provides
an overview of the steps conducted for this work. The contribution is twofold:
(i) We present a data analytic methodology based on clustering and association rules mining
to automatically discover complex smartphone habits from usage data (Figure 1, phase 1).
Stemming from previous work on habitual smartphone use, we characterize smartphone
habits by taking into account contexts, mobile apps, and user differences. Contextual cues
such as a given location or a performed activity unconsciously spur the user in performing
a behavioral routine, e.g., browsing the Facebook timeline through the smartphone app.
ACM Trans. Interact. Intell. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2021.
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When the routine ends, the user experiences a reward, e.g., the feeling of social success,
that, over the time, transforms the link between the contextual situation and the performed
routine, i.e., the used applications, into an automatic habit. To automatically detect such
habitual behaviors, the proposed methodology first preprocesses smartphone usage data
to build usage sessions. Then, sessions are filtered through clustering and aggregated with
contextual information. Finally, data is analyzed to extract association rules that model strong
correlations between contextual cues and used applications. By assessing the methodology
over a dataset containing more than 130,000 phone usage sessions collected in-the-wild from
users aged between 16 and 33, we show evidence that smartphone use of young adults can
be characterized by different types of complex links between contextual situations and usage
sessions, that are highly diversified across users. A follow-up interview with 10 participants
that contributed to the dataset further validates the proposed methodology, and confirms
that the users’ perception on their smartphone habits depends on the kind of habit [78].
Behavioral routines triggered by precise contextual cues, for example, are more likely to be
considered negative and meaningless behaviors, and the less a habit is positively perceived,
the more the user would like to change it.
(ii) We apply the proposed methodology in Socialize, a digital wellbeing mobile app that assist
users to avoid the smartphone habits they consider as meaningless (Figure 1, phase 3).
Socialize constantly monitors the user’s behavior with her mobile device, and it proactively
notifies detected smartphone habits in real-time. If the user considers a notified habit as
meaningless, she can activate a personalizable just-in-time reminder to be encouraged to
avoid the identified behavior when it happens again. An in-the-wild evaluation with 20
participants (age 19-31) shows evidence that Socialize can effectively assist young adults in
better controlling their smartphone use. About 40% of all the calculated habits were considered
as meaningless behaviors to be avoided, and the provided just-in-time reminders helped
participants to significantly reduce their unwanted smartphone habits, thus promoting a
more meaningful experience with mobile devices.
The remainder of this paper is structured as follow. Section 2 reviews previous works on habitual
smartphone use. Section 3 presents a characterization of complex smartphone habits and describes
the data analytic methodology to automatically discover them from usage data. Section 4 reports
on the assessment of the habit-discovery methodology on real-world data, along with the follow-up
interview with 10 users. Section 5 presents Socialize, the digital wellbeing mobile app that makes
use of the proposed data analytic methodology, and describes its in-the-wild evaluation. Section 6
reports on the results of the in-the-wild evaluation. Eventually, Section 7 discusses the implications
of our work, while Section 8 concludes the paper.
2

UNDERSTANDING SMARTPHONE HABITS

To gain an initial understanding on smartphone habits, we reviewed previous studies in the last
10 years that talk about smartphone use under the lens of habits. Relevant papers were identified
by searching the electronic database of Google Scholar1 and the ACM Digital Library2 . The ACM
Digital Library is one of the most comprehensive bibliographic database in the field of computing
and HCI research. We decided to include Google Scholar to have a broader perspective on the topic,
e.g., to include research papers coming from psychology venues. The final corpus presented here
is the result of two separated searches conducted on the 13th of January 2020 and on the 10th of
October 2020, respectively. In the first search, we explored what smartphone habits are and why
1 https://scholar.google.it/,
2 https://dl.acm.org/,

last visited on November 5, 2020
last visited on November 5, 2020
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they form, by using search terms like “smartphone habits,” “smartphone addiction,” and related
synonymous. In the second search, we focused on when habitual use occurs and can be predicted,
by using search terms like “smartphone behavior,” “app usage prediction,” and related synonymous.
The adopted procedures, including the full set of search queries, are detailed in Appendix A. At the
end of the two analysis, our corpus was composed of 30 papers. Of these papers, 21 were full-length
conference publications, while 9 were journal articles. The majority of the analyzed conference
papers have been presented at UbiComp (11) and MobileHCI (4), while the most common journal
included in our analysis was Computers in Human Behavior3 (6). Table 1 summarizes the codebook
resulting from our two analysis.
Table 1. The codebook resulting from the analysis of the literature on habitual smartphone use. Items are
classified in three main codes: what smartphone habits are, why they form, and when they can be automatically
predicted.
Code

Description

Items

What

Among studies on smartphone use
characterization, only a subset of them
explicitly analyzes smartphone use under
the lens of habits. They explore different
types of simple habits, ranging from
checking to revistation patterns.

Checking Habit [19, 31, 36, 56, 66, 81, 83]
Launching Habit [22]
Communication [10, 56]
Texting while Driving [8]
Complexity [83, 84]
Revisitation [31]

Why

Instead of focusing on what smartphone
habits are, different studies analyze why
they form. Smartphone habits are triggered
by a cue, and they make users experience a
reward.

Intrapersonal Cue [19, 45, 56, 78, 85]
Contextual Cue [10, 19, 28, 36, 56, 70, 83]
Information Reward [31, 56, 81]
Intrapersonal Reward [13, 49, 85]
Social Reward [48, 56, 81]

When

Previous works started to investigate when
certain habitual smartphone behaviors
occur, e.g., to predict how users will interact
with future notifications and used apps.

Notifications Interaction [15, 53, 59]
Next App Prediction [6, 28, 57, 74]
Mood Detection [46, 60]
Usage Classification [26, 69]

2.1

What - The Different Types of Smartphone Habits

The habit-forming nature of smartphones is yet an underexplored topic. Despite a large body of
literature on smartphone use characterization, we found that only a subset of studies explicitly
analyzes smartphone use under the lens of habits, i.e., by exploring what smartphone habits are
and how they can be defined. One of the most studied habitual smartphone behavior is the checking
habit. Oulasvirta et al. [56] define it as a “brief, repetitive inspection of a dynamic content quickly
accessible on the device.” Checking is often the result of a self-interruption to check online contents,
missed calls, or messages [36], and it is repeated since new messages, notifications and news satisfy
the user’s needs [81]. As reported by Ferreira et al. [19], checking habits are often manifested
as application micro-usage, i.e., brief bursts of interaction with applications. Through different
users studies, the authors found that micro-usage is a frequently occurring phenomena that is
most likely to happen when users are alone, with 15 seconds the most common interval for many
uses of an application. Despite micro-usage is not a behavior that characterize mobile devices,
only [14, 21], smartphones promote by construction such a behavior: notifications, for example,
3 https://www.journals.elsevier.com/computers-in-human-behavior,

last visited on November 5, 2020
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often spur the usage of other mobile apps [83], and mobile devices are nowadays the “companions”
we can use in moments of “potential boredom [19]”. In studying the correlations between phone
usage sessions and problematic use of the smartphone, Shin et al. [69] demonstrated that users with
problematic smartphone use tend to have more sessions triggered by checking events, and they
also tend to open more mobile apps in the same session. In their 3-months analysis of application
launch logs, Jones et al. [31] suggest that smartphones do induce usage habits at the micro level.
By applying a methodology extensively adopted in the context of web browsing, i.e., revisitation
analysis [77], the authors discovered that much of our habitual use of smartphones is not driven
by the technology’s characteristics, but rather by the characteristics of the services we have. On
smartphones, in particular, we have a few installed applications to choose from, and we tend to use
and re-use them within individual sessions.
Besides checking habits and revistation patterns, only few previous works take into account
other types of habitual behaviors with smartphones. Bayer et al. [8], for instance, studied a very
specific (and dangerous) behavior with smartphones, i.e., texting while driving. They demonstrated
that texting while driving is a behavior that is partially attributable to individuals doing so without
awareness, control, attention, and intention regarding their own actions. Hang et al. [22], instead,
discovered that habits can be found in how users use launching menus. Individual launching habits,
for example, include the usage of the notification bar, home screen panels, and widgets. Previous
works also suggest that the need of communicating with other people is an important contributor for
habitual smartphone use [10, 56]. Individuals often experience social success when communicating
via their smart devices [56]: despite the variety of available apps, communication apps are almost
always the first ones used when a user unlock the smartphone screen [10].
Overall, the reported analysis shows that, as for the majority of prior research that aim at
understanding mobile device usage [56], even works that use the lens of habits still continue to
explore very simple recurrent patterns in smartphone data, by comparing application use across
all users. The commonly-held assumption that all smartphone users are either similar or can be
classified into a small number of types, however, has been found to be too simplistic [83, 84]: in this
work, we aim at investigating the complex nature of smartphone habits, by considering contexts,
mobile apps, and user differences at the same time.
2.2

Why - How Smartphone Habits Form

Instead of focusing on what smartphone habits are, different studies analyze why smartphone habits
form. According to prior research, smartphone habits are triggered by cues of different types. In
some cases, such cues can be associated to users’ internal states: the lack of stimulation or a desire
to “stay on top,” for example, could become a cue that spurs the users in checking social networks
or messaging apps, e.g., to see if there are new information available, like posts or messages [56].
Such intrapersonal cues can be associated to the different emotional states, often negative, that
individuals experience before using the smartphone [56, 85]: users, in fact, often turn to their
phones to escape from negative emotions [49]. According to Lee et al. [45], five characteristics may
increase an individual’s risk of developing problematic smartphone habits: external locus of control,
materialism, social interaction, anxiety, and the need for touch. Furthermore, through a qualitative
study with 39 smartphone users, Tran et al. [78] demonstrated that a small set of common triggers,
such as moments of downtime and social awkwardness, lead individuals to habitually check their
phones. According to the authors, these habitual sessions last until an outside factor intrudes, e.g.,
the users’ self-refection and recognition that their smartphone use is meaningless. Also loneliness
has been found to be a significant predictor of habitual smartphone usage: lonely students, for
example, are more likely to use a mobile phone as a matter of habit to get away from current
situations in which they are involved [19]. Students, and, in general, young generations, have been
ACM Trans. Interact. Intell. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2021.
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found to be largely affected by problems related to smartphone overuse [44, 85]. For this reason,
our work targets the smartphone habits of young adults. In particular, we report on the results of
two studies (Section 4 and Section 6) involving participants aged between 16 and 33.
Besides intrapersonal emotions, the context in which the smartphone is used can be a cue for
a habit [56], too. By collecting and analyzing a wide range of smartphone information from 23
users over a one-month period, Shin et al. [70] demonstrated that several contexts such as the last
application and the hour of day are important influences for predicting the usage of a mobile app.
The analysis of a large dataset of smartphone data [43] conducted by Huang et al. [28] confirms these
findings: messages and notifications, in particular, often trigger other follower apps in a session [83].
Such studies suggest that users’ behavior with smartphones is highly habitual and easily linkable
to observable contexts. In this respect, also locations [19] and performed activities [36] can highly
influence how users interact with their mobile devices. Users’ group activities are often distracted by
external usage cues, e.g., notification alarms [36]. Besides receiving notifications, users experience
internal stimuli as well, e.g., they frequently interrupt themselves to check their smartphones for
new content [56]. Furthermore, some users may have strong tendencies at a core set of tightly
defined locations such as home and work, whereas others exhibit more diversity [83]: Bohmer et
al. [10], for instance, discovered that people who are traveling are more likely to use multimedia
apps but surprisingly less likely to use travel apps. Different studies, in general, demonstrate that
smartphones can become a source of distraction by subjecting users to both external and internal
stimuli.
Another important factor in the formation of smartphone habits is their ability to provide users
with a reward. Rewards are often intrapersonal, i.e., related to the internal emotional states of the
user: users who primarily use the value-added functions of a smartphone, in fact, may experience
higher enjoyment and easily form habitual usage behavior [13]. A study with 216 smartphone users
of different generations by Zhitomirsky-Geffet and Blau [85] further confirms that smartphone use
may help relieve an individual’s negative emotions and moods and increase fun and self-confidence.
This emotional gain motivates users to use their smartphones even more excessively and habitually,
e.g., as a distraction from ongoing tasks, without specific rational need and with less self-regulation
and control. A particular type of intrapersonal reward is related to the social dimension [48, 81],
since users may experience a feeling of social success when communicating via their smart devices.
This behavior is accentuated by the characteristics of some specific apps, e.g., social networks
and messaging services, that allow users to quickly get access to rewards like social networking,
communications, and news [56].
Another type of reward is related to the craving for new information. Informational reward
is provided by dynamic information quickly accessible from the smartphone, e.g., new contents
posted on news feeds [56]. As suggested by Jones et al. [31], smartphone habits are often driven by
the information needs we have: checking habits, for example, are repeated since new messages,
notifications and news feeds function as rewards [81].
2.3

When - Predicting Habitual Smartphone Use

Stemming from studies describing what smartphone habits are and why they form, researchers
started to investigate how to predict when habitual use occurs. Being able to predict habitual
smartphone behaviors, indeed, may help developers to design mobile apps able to detect when the
phone is used mindlessly or problematically [26, 69], thus promoting by construction meaningful
and intentional experiences for their users [49].
Previous works identify the user’s habitual interaction with notifications as one of the aspects that
can be predicted and therefore improved. By analyzing how users habitually deal with notifications,
in particular, it is possible to anticipate whether they will engage with a notification in a given
ACM Trans. Interact. Intell. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2021.
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context. To pursue such a goal, Pielot et al. [59] collected smartphone usage data and questionnaire
notifications from 337 users over a period of 4 weeks, and they built a machine-learning model to
predict opportune moments to interrupt users with a notification. With a similar goal, Mehrotra et
al. [53] presented an in-depth analysis investigating the influence of user’s location and activity
on the interaction behavior with notifications. They found that users are more willing to accept
and pay attention to notifications in specific locations, with different response behaviors that are
associated to different places. Prior research in this field also demonstrates that predicting user’s
interaction with notifications may streamline specific app-related goals. In their QuickLearn mobile
app, foe example, Dingler et al. [15] used interactive notifications deployed at specific moments,
e.g., in-between tasks, to spur microlearning sessions to practice with foreign languages.
Besides notifications, researchers also propose to analyze contextual information and smartphone
usage patterns to predict the next app the user is going to use. An efficient next-app prediction
has several applications, e.g., pre-loading the right app to improve memory management and app
execution [57] or highlighting desired apps in the home screen for quicker launches [74]. An
example of a model for next-app prediction is the work of Huang et al. [28]. The authors presented
a linear and a Bayesian model by exploiting different contextual features such as time, location,
and last used app. They found that the last used app is a strong contribution to the prediction
accuracy, with the linear model that turned to be the more effective in combining all the contextual
information. Similarly, Baeza-Yates et al. [6] proposed a prediction mechanism to show users which
app they are going to use in the near future. They modeled app prediction as a classification problem,
and they exploited two kinds of features, i.e., basic features obtained from smartphones sensors
and session features modeling sequential patterns of app usage. In their experiments, the authors
demonstrated that session features are effective to boost the performances of their algorithm.
Instead of focusing on notifications or next apps, some previous works analyze smartphone
usage data with the aim of classifying habitual smartphone use under well-defined categories. By
leveraging state-of-the-art machine learning algorithms and different smartphone-based features,
for instance, Shin et al. [69] presented a detection model to predict problematic smartphone usage.
Hiniker et al. [26], instead, applied the Use and Gratifications Theory to develop a classification
scheme for predicting ritualistic vs. instrumental smartphone use. The authors found that several
factors, e.g., the type of app and the time of day, are associated with either instrumental or ritualistic
smartphone use. Users that seek ritualistic gratification, for instance, are more likely to habitually
browse social networks or playing games.
Rather than predicting smartphone behaviors, a few studies adopt an opposite approach: they
analyze habitual smartphone use to predict the current mood of the user, i.e., they try to extrapolate
the intrapersonal cues that spur users in habitually using their smartphones. The MoodScope
system [46], for instance, infers the mood of its user based on how the smartphone is used. By
analyzing communication history and application usage patterns, in particular, MoodScope can
predict whether the user is in a neutral, active, or pleased state. The machine-learning model
presented by Pielot et al. [60], instead, can automatically infer boredom from mobile phone usage.
According to the authors, in particular, the most discriminative features to detect boredom are
recency of communication, usage intensity, time of the day, and demographics.
The reported analysis shows that prior research aiming at predicting smartphone habitual use
either focuses on specific interactions, e.g., notifications, or generic classifications, e.g., ritualistic vs.
instrumental use. To complement previous work, we seek to predict different kinds of smartphone
habits, by taking into account several contextual information and usage patterns.
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DISCOVERING SMARTPHONE HABITS: A DATA ANALYTIC METHODOLOGY

In this section, we first present a characterization of smartphone habits that takes into account
contexts, mobile apps, and user differences. Then, we describe our data analytic methodology based
on clustering and association rules mining to automatically discover complex smartphone habits
from usage data.
3.1

Smartphone Habits Characterization

Habits characterize much of our everyday life: we have habitual behaviors when eating [30, 64], in
our environmental behaviors [35], and when we perform physical activities [2, 63]. Even the usage
of technology [47], including the usage of social networks [65, 66], has been proven to promote the
formation of new habits. Generally speaking, a habit arises when a behavior is constantly repeated
in the presence of stable cues. These cues increase the automaticity of that behavior [38]: when
the user performs the behavior non-consciously, i.e.,“enacted with little conscious awareness [55]”,
we are dealing with a habit. As suggested by Gardner [20], in particular, a habit can be viewed as
a link in associative memory between a certain situation and a specific response, i.e., a learned
impulse to perform a particular behavioral routine triggered outside of conscious awareness by a
particular situation [61]. When the routine ends, the user can experience a rewarding feeling. When
rewarded, the brain considers the routine as important: over time, the strength between the given
situation and the behavioral routine grows, and the routine becomes even more automatic [52, 72].
The previous works we analyzed in Section 2 clearly confirm that also the usage of smartphones
can be characterized by habitual behaviors: habitual behaviors with smartphones, including simple
checking habits, are triggered by some external [70] or internal [56, 85] cues, and they make the
user experience a rewarding feeling [13], e.g., increasing fun and self-confidence [85].

TIME

PERIOD

ACTIVITY

LOCATION

NOTIFICATIONS

CONTEXTUAL CUES

BEHAVIORAL ROUTINE

Fig. 2. The figure exemplifies the elements we take into account in our smartphone habits characterization. Discovering a habit means discovering the link between specific and measurable contextual cues and
behavioral routines with the smartphone, i.e., the mobile apps used within recurrent phone usage sessions.

As suggested in the literature, the study of habits in the smartphone context is the study of two
interrelated things, i.e., the recurrent behaviors performed by the user with her smartphone, and the
cues that trigger these behaviors. Therefore, we assume that discovering smartphone habits means
discovering possible links between specific contextual cues and behavioral routines (Figure 2).
Behavioral Routines. We define behavioral routines as specific usage sessions performed by the
user with her smartphone. Several definitions of what is a phone usage session have been
proposed in the past (see [80] for a comprehensive overview). In our work, we adopt a simple
definition based on active screen time [7, 31, 56]. According to such a definition, a phone
usage session starts when the screen is turned on and ends when the screen is turned off.
We made such a choice deliberately. Indeed, while some previous works assume that a small
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gap in-between phone usage may not necessarily point to a separate usage session [11],
the study of van Berkel et al. [80] suggests that classifying gaps in smartphone usage is
an open challenge, and demonstrates that, in the majority of cases, users that return to
their smartphone by unlocking it are actually beginning a new session. Moreover, since our
smartphone usage sessions are aggregated and analyzed together to extract smartphone habits
(see Section 3.2), we are confident that the adopted definition does not impact the presented
results. Summarizing, we define a phone usage session as the consecutive period of time, i.e.,
the session-window, during which the user actively interacts with the device [27]. We consider,
in particular, the set of unique mobile applications that are used inside each session-window. In
Figure 2, for instance, the involved phone usage session is {WhatsApp, Facebook, Instagram}.
Contextual Cues. Although our work is generic and can be easily extended, our focus is on
contextual cues, rather than intrapersonal cues. Our aim, indeed, is to automatically extract
smartphone habits from usage data: differently from emotional states, indeed, several contexts
can be easily detected through smartphone sensors. Following the analysis reported in
Section 2, in particular, we consider the contextual cues as shown in Figure 2: the time and
period during which a user uses her smartphone, the location and the physical activity of the
user while using her smartphone, and received notifications. The set of specific contextual
values that can be taken into account depends on the data that can be collected from the user.
In the implementation of our data-analytic methodology (Section 4), for instance, a set of
contextual cues is {10-12 AM, home, holiday}.
3.2

Methodology

We devised a data analytic methodology to automatically discover smartphone habits from usage
data, i.e., to extract the links between contextual cues and behavioral routines in phone usage
sessions. We adopted a mixed approach, personalized for each user, based on clustering methods
and association rules (Figure 3).
3.2.1 Data Collection and Preprocessing. The user’s mobile usage data is firstly preprocessed to
build phone usage sessions. The computed sessions are then transformed in a Vector Space Model
(VSM) representation [67]. Inspired by the Bag-of-Words (BoW) model, usually adopted in text
mining [73], we devised a Bag-of-Apps (BoA) representation. With BoA, each session is a vector
in the mobile applications space, where each vector element corresponds to a different app and is
associated with a value describing the app relevance for the session. The value, in particular, is
defined as the total time spent on the app inside the given session, i.e., the app duration. Values are
weighted by using the Term Frequency-Inverse Document Frequency (TF-IDF) scheme [51]. Despite
this scheme does not take into account the order in which applications are used in a phone session,
it allows highlighting the relevance of specific apps for each session: it reduces the importance
of common apps in the collection, ensuring that the matching of sessions is more influenced by
discriminative apps with relatively low frequency in the collection.
3.2.2 Phone Sessions Clustering. After the preprocessing phase, the phone usage sessions of the
user are clustered together. The computed clusters can be used to get a first overview of the different
types of usage that characterize a given user. Furthermore, the aim of this phase is to act as a filter,
i.e., to discover consistent groups of similar sessions from which extracting the user’s habits, thus
excluding phone usage sessions that can be considered as outliers. As demonstrated by previous
works [69, 84], the idea is that users interact with their smartphones in many different, predictable,
ways, i.e., people tend to repeat similar phone sessions day by day. Similar phone usage sessions are
clustered by using the DBSCAN algorithm [18], a density-based clustering algorithm that groups
together closely-packed points, marking as outliers points that lie alone in low-density regions.
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Fig. 3. The data analytic methodology we devised to automatically discover complex smartphone habits from
usage data. The methodology is based on clustering and association rule mining.

Comparing to other algorithms, DBSCAN does not require to specify the number of clusters in
the data a-priori, and it is able to deal with arbitrarily shaped clusters. To measure the “distance”
between two different sessions, we adopt a cosine similarity metric, i.e., we calculate the cosine of
the angle between the two BoA vectors. The DBSCAN parameters, instead, are selected by using
the procedure described in the original paper [18], which suggests to iteratively compute and plot
the k-nearest neighbor distances by varying the parameters.
For the internal validation of clustering results, the methodology adopts the Silhouette quality
index. Silhouette allows evaluating the appropriateness of the assignment of a data object to a
cluster rather than to another by measuring both intra-cluster cohesion and inter-cluster separation:
clusters with silhouette values in the range [0.51, 0.70], in particular, show that a reasonable
structure have been found, while values in the range [0.71, 1] demonstrate a strong structure [32].
To summarize clusters, instead, we extract the more frequent items, i.e., used apps, in the clusters,
and we use them to label each cluster summary. As labels, in particular, we use the categories of the
involved apps. Such categories can be easily extracted from digital marketplaces like the Google
Play Store4 or Apple’s App Store5 .
3.2.3 Habits Extraction. After filtering phone usage sessions through clustering, we use association
rules to extract smartphone habits, i.e., links between specific contextual situations and phone
4 https://play.google.com/,

last visited on May 11, 2020
last visited on May 11, 2020

5 https://www.apple.com/us/search/app-store,
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usage sessions, from each computed clusters. In particular, we extract multiple association rules
for each cluster separately, and we then pick up the most significant rules for each cluster, by
using different quality indexes. Association rules are an exploratory data mining technique to
mine correlations among data items that can be naturally used to describe “if-then” behaviors,
including smartphone habits. Following the original definition of Agrawal et al. [3], the problem of
association rule mining is defined as follows.
• Let 𝐼 = {𝑖 1, 𝑖 2, ..., 𝑖𝑘 } be a set of 𝑘 binary attributes called items.
• Let 𝐷 = {𝑡 1, 𝑡 2, ..., 𝑡𝑙 } be a set of 𝑙 transactions called database. Each transaction in 𝐷 has a
unique transaction ID and contains a subset of the items in 𝐼 .
A rule is defined as an implication of the form 𝑋 =⇒ 𝑌 , where 𝑋, 𝑌 ⊆ 𝐼 . The two terms of a
rule are known as itemsets, and are named antecedent and consequent, respectively.
To extract association rules, we aggregate each session belonging to a given cluster with the
corresponding contextual cues, i.e., the set of contexts measured in the specific session-window.
The aggregated sessions of each cluster are then transformed into a transactional data format. Given
the user 𝑢𝑖 ∈ 𝑈 , in particular, we define the set of items 𝐼 as 𝐼 = 𝑀 ∪ 𝐶, where 𝑀 represents the set
of all the applications used by 𝑢𝑖 , while 𝐶 represents the set of all the possible contextual values
included in our model that can be measured for the user 𝑢𝑖 , e.g., the set of her locations, or the set
of her performed activities. Given an aggregated phone usage session, the related transaction 𝑡𝑖 is
defined as the set of all the apps 𝑚𝑖 used in that session, joined with the current set of contextual
values 𝑐𝑖 . Figure 4 exemplifies the structure of an aggregated phone usage session in a transactional
format. In each box, the value 1 means the presence of the item in the corresponding transactional
session, and the value 0 represents the absence of an item in that session. Items involve contextual
information (green boxes) and used apps (yellow boxes).

Fig. 4. The structure of an aggregated phone usage session represented in a transactional format. In each
box, the value 1 means the presence of the item in the corresponding transactional session, and the value 0
represents the absence of an item in that session. Items involve contextual information (green boxes) and
used apps (yellow boxes).

Association rules are finally mined on the transactional databases representing each cluster. For
this purpose, we use the Apriori algorithm [4], an algorithm for frequent item set mining and
association rule learning over transactional databases. We use different quality indexes to distinguish
the most significant rules. Association rules extraction is commonly driven by rule support and
confidence. Whereas the support index represents the observed frequency of occurrence of rule 𝑟 in
the transactional dataset, the confidence index represents the rule strength. However, measuring
the strength of a rule in terms of support and confidence values, only, may be sometimes misleading.
When the rule consequent has a high support value, in fact, the rule may be characterized by a high
confidence value even if its actual strength is relatively low. To overcome this situation, the 𝑙𝑖 𝑓 𝑡
index has been proposed [75] to measure the (symmetric) correlation between antecedent (𝑋 ) and
consequent (𝑌 ) of a rule. Lift values below 1 show a negative correlation between 𝑋 and 𝑌 , while
values above 1 indicate a positive correlation. In our work, we enforce 𝑙𝑖 𝑓 𝑡 > 1 and 𝑠𝑢𝑝𝑝 > 1% to
prune both negatively correlated and uncorrelated item combinations. Our aim is to mine patterns
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representing strong correlations among contextual features and used applications characterizing
phone usage sessions. Through rules with high lift and support, in particular, the methodology is
able to extract meaningful and recurrent links between a given contextual situation and the usage
of one or more applications, by filtering out the mobile apps that are used sporadically in that
context.
4

EVALUATION I: ASSESSMENT WITH REAL-WORLD DATA

We assessed our habit-discovery methodology by applying it over more than 130,000 smartphone
usage sessions collected from users aged between 16 and 33. Furthermore, we conducted a follow-up
interview with 10 users involved in the data collection process.
4.1

Implementing the Habit-Discovery Methodology

To implement the habit-discovery methodology, we exploited data that we are collecting in-the-wild
from young adults in the context of our current studies in the digital wellbeing context [54]. The
exploited mobile app, in particular, silently collects different information about smartphone usage,
and made them available, in an anonymous form, on a Firebase6 dataset. We randomly selected 35
active users of the app, and we used an online form to get their consent to analyze their anonymized
smartphone habits. In the form, we explicitly listed the data we wanted to analyze, e.g., used
apps and locations, and we provided users with some examples of smartphone habits that can be
extracted by our methodology. In case of pre-adults teenagers, i.e., participants under 18 years of
age, we collected the consent of both the user and one of her parents. We also asked the selected
users, on a voluntary basis, the possibility of linking their data to their email address, with the
aim of conducting a personalized follow-up study (see Section 4.3). Twelve participants positively
answered to this request.
Overall, participants (23 male and 12 female) were on average 23 years old (range = 16 − 33,
𝑆𝐷 = 4.40), and had different occupations: 5 were high school students, 20 were college students,
and 10 were professional workers. To assess our habit-discovery methodology, we extracted the
last 3 weeks of available data, in chronological order, for each participant. Table 2 reports the
information we used in our analysis.
Following the methodology described in Section 3, we preprocessed screen and app events to
build smartphone usage sessions. For this purpose, we followed a 2 step procedure:
• first, we isolated pairs of consecutive lock-unlock screen events to delineate the start and the
end of each usage session, i.e., the session-window;
• second, we used each session-window to analyze app events, with the aim of extracting the
mobile apps used during the session.
Furthermore, after the clustering phase, we used the following information to aggregate contextual information to smartphone usage sessions:
• Time and Period information were extracted by considering the start of each usage session.
For the time, we divided the day into 2-hours time-slots, e.g., 10-12 AM. For the period, instead,
we discriminated between working day or holiday;
• Activities were detected through the Google Activity Recognition APIs7 . We were therefore
able to model the following activities: still, walking, running, cycling, and on vehicle.
• Locations information included events related to the entering or the exiting from home,
the workplace, and any other locations that users could optionally add. To model the same
information for all the users, we decided to model home and work locations.
6 https://firebase.google.com/,

last visited on May 11, 2020

7 https://developers.google.com/location-context/activity-recognition/,

last visited on March 11, 2020
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Table 2. The information collected in a ongoing field study [54] that we used to assess our habit-discovery
methodology.
Information

Description

Activity Events

Start/stop a given activity, i.e., still, walking, running, cycling, and on vehicle. Each
activity event includes a timestamp, an activity, and the type of the event, i.e.,
start or stop.
Enter/exit a given location area. The application forces users to define at least their
home and work locations. Each location event includes a timestamp, a location,
and the type of the event, i.e, enter or exit.
Lock/unlock the smartphone screen. Each screen event includes a timestamp and
the type of the event, i.e., lock or unlock.
Open/close a given mobile app. Each app event includes a timestamp and the type
of the event, i.e., open or close.
The notifications received by the user. Each notification event includes the timestamp of reception and the timestamp the user reacted to it, along with the app
that generated the message.

Location Events

Screen Events
App Events
App Notifications

Fig. 5. An example of an aggregated phone usage session represented in a transactional format. Besides
mobile applications, the vector involves the contextual information included in our smartphone habits model,
i.e., preceding notifications, time, period, location, and activity.

• Notifications information included the timestamp of reception and the timestamp the user
reacted to it, along with the app that generated the message. Since the used applications
differed across participants, we modeled the event of receiving a notification, only, without
considering the app that generated it.
Figure 5 shows the structure of an aggregated session transformed in a transactional format.
The context part of the transaction, i.e., the green boxes, tells us that the session was performed
during a holiday, between 10 and 12 PM, when the user was at home and still, and when she has
just received a notification. During the session, in particular, the user used Facebook, WhatsApp,
and YouTube.
4.2

Analysis and Results

4.2.1 Phone Sessions Clustering. Overall, we extracted a total of 137,230 phone usage sessions. On
average, each user contributed with 3845.21 sessions (𝑆𝐷 = 2384.04) and we were able to cluster
82.94% of phone usage sessions for each user (𝑆𝐷 = 0.06), while 17.06% of sessions were filtered as
outliers. We discovered, in particular, 9.77 clusters per user (𝑆𝐷 = 4.44). By evaluating the clustering
results, we found Silhouette values from 0.51 to 0.84 (𝑀 = 0.67, 𝑆𝐷 = 0.09), thus demonstrating
reasonable to strong clustering structures. Consistent differences between users emerged for what
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Table 3. The 10 most common categories of clusters we found in clustering phone usage sessions. Phone
sessions including messaging apps and social networks were very common, and strongly characterized the
majority of the computed clusters.
Category
Messaging-Social
Messaging
Messaging-Web
Messaging-Social-Web
Messaging-Social-Gaming
Messaging-Photo
Photo
Messaging-Social-Video
Messaging-Calling
Social

# Of Clusters

Summary Example

128
73
58
32
28
28
26
25
25
15

Facebook - Instagram - WhatsApp
Telegram - WhatsApp
WhatsApp - Chrome
WhatsApp - Instagram - Opera Browser
Telegram - Facebook - Instagram - Clash Royale
WhatsApp - Camera - Gallery
Camera - Gallery
Telegram - Instagram - YouTube
WhatsApp - Contacts - Telephone
Instagram - Facebook

concerns the number of clusters (𝑟𝑎𝑛𝑔𝑒 = 4 − 22). Some users consistently used their smartphones
in a similar way, i.e., their smartphone sessions were grouped in a limited number of clusters.
Other users, instead, demonstrated a more varied use of their devices, and their sessions were
divided in more than 20 clusters. This confirms what Zhao et al. [84] already found in their analysis
of smartphone usage data: users interact in many different ways with their mobile devices, and
treating smartphone users as a homogeneous population with similar usage characteristics is a
simplistic assumption.
Before analyzing the summaries of the computed clusters, we analyzed the Google Play Store
category of each involved app, and we excluded all the clusters involving productivity and tools
apps, only. Productivity and tools apps, indeed, are typically associated to an intentional use of the
smartphone [49]. We therefore excluded clusters modeling specific operations like phone calls,
payments, or usage of the settings. Table 3 reports the 10 most common categories characterizing
the computed clusters across all the users. For each cluster category, the table reports the label,
how many clusters of the given category we found, and an example of a summarized cluster.
Not surprisingly [49], phone sessions including messaging apps and social networks were very
common, and strongly characterized the phone use of all the users. For example, we found 128
“Messaging-Social” clusters, in which phone sessions typically included mobile apps like Facebook,
Instagram, and WhatsApp. Even if our analysis methodology does not take into account the order
in which applications are used, contextualizing “Messaging-Social” (or “Social-Messaging”) clusters
is straightforward. On the one hand, it is very common to receive (and answer to) a WhatsApp
message when browsing Facebook or Instagram. On the other hand, everyone has experienced at
least once the effect of a “checking habits”: we receive a WhatsApp notification, and without even
knowing why we are passively browsing the Facebook timeline.
4.2.2 Habits Extraction. Table 4 describes the three different types of habits we found by analyzing
the retrieved association rules. Context Habits are represented by association rules that model
a strong correlations between a contextual situation and a phone usage session, where period,
time, activities, locations, and/or preceding notifications trigger the usage of one or more apps.
App Habits, instead, are represented by association rules that model a strong correlation between
mobile apps, only, where the usage of a given app triggers the usage of one or more other apps.
The last type, i.e., App-Context Habits, is composed of hybrid association rules, where the usage of
a specific app in a given context triggers the usage of one or more other apps.
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Table 4. The 3 types of habits we found by analyzing the extracted association rules.
Type

Context
Habits

App
Habits

AppContext
Habits

Structure

Description

Example

𝐶 =⇒ 𝑀

Association rules that represent strong correlations between a specific contextual situation and phone usage session. In Context {business-day, 10-12 AM, work}
Habits, contextual cues such as the period, =⇒
the time slot, the user activity and location, {Facebook, Instagram}
and/or a received notification trigger the
usage of one or more apps.

𝑀 =⇒ 𝑀

Association rules that represent strong correlations between mobile apps inside a
phone usage session. In App Habits, the us- {WhatsApp}
age of one app can be therefore considered =⇒
a contextual cue itself, i.e., a preceding ac- {Twitter, Facebook}
tion that triggers the usage of one or more
other apps.

𝐶, 𝑀 =⇒ 𝑀

Association rules that represent strong correlations between a specific contextual situation, including the usage of specific apps, {02-04 PM, work, Slack}
and other apps. App-Context habits model =⇒
the relationship between an application {Chrome, Instagram}
used in a given context and the usage of
one or more other apps.

To exemplify the retrieved results, Table 5 reports the 10 most promising association rules
extracted for the 4 clusters of the user U34, a high school student. From the rules, we can easily
glimpse her habits.
In the morning, especially at home, the user typically uses Instagram by performing the 3 Context
Habits R1, R2, and R3. R1 and R3, in particular, tell us that such habits occurs when U34 is still:
we can reasonably speculate that the first thing the user does when she wakes up is to check her
Instagram timeline. R2 and R3 also highlight another feature of our methodology, i.e., its ability
to capture the context of a given behavioral routine, e.g., the usage of Instagram in the morning,
at different “granularity” levels. Such a feature can be used to further characterize smartphone
habits, e.g., to understand behavioral routines are linked to different contextual situations, e.g., the
morning in different locations, or if they are characteristic of a specific cue, only, e.g., the home
location. Run-time implementations of the data analytic methodology, in particular, can exploit the
ability to extract routines at different levels of granularity in several ways: in our Socialize app (see
Section 5), for instance specific rules like R3 override more generic rules, e.g., R2.
Two other closely related habits are represented by R4 and R5, an App-Context and a Context
Habit, respectively. They describe how U34 uses her smartphone between 12 and 02 PM when
she is on a vehicle: she checks Instagram and listens to some music from Spotify. As the same
user confirmed during the user validation reported in the next section, this is an habitual behavior
she performs when she comes back home from school by bus. The same user also demonstrates
other habits related to messaging, social, and gaming applications. R6, R7, and R8 confirm that,
as for the majority of the users, also U34 is susceptible to Messaging-Social habits in which she
uses messaging services and social networks in the same phone sessions. R6, in particular, is an
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Table 5. The 10 most promising association rules extracted for the 4 clusters of U34.

Id

Antecedent

Consequent

Cluster

Category

Type

Lift

Supp

Conf

R1

04-06 AM
home
still

Instagram

1

Social

Context

1.37

0.02

0.40

R2

06-08 AM

Instagram

1

Social

Context

1.41

0.04

0.41

R3

06-08 AM
home
still

Instagram

1

Social

Context

1.41

0.02

0.41

R4

12-02 PM
on vehicle
Spotify

Instagram

2

Music-Social

App-Context

2.40

0.02

0.70

R5

12-02 PM
on vehicle

Spotify

2

Music-Social

Context

7.30

0.02

0.46

R6

WhatsApp

Instagram

3

Messaging-Social

App

1.31

0.10

0.38

R7

home
still

WhatsApp
Instagram

3

Messaging-Social

Context

1.60

0.03

0.18

R8

12-02 PM
Instagram

WhatsApp

3

Messaging-Social

App-Context

1.80

0.02

0.51

R9

still

Gangstar 4

4

Gaming

Context

1.17

0.03

0.05

R10

home
still

Clash Royal

4

Gaming

Context

1.34

0.02

0.10

App Habit that is a typical example of a checking habit: the usage of WhatsApp, e.g., to check
an incoming notification, often triggers the user in checking Instagram, also. Finally, R9 and R10
characterize two Context Habits of U34 related to gaming: U34 typically plays Gangstar 4 and Clash
Royal when she is still, especially at home.
4.3

Follow-up Interviews

After analyzing the collected data, we contacted the 12 users who agreed to further discuss their
smartphone habits in a subsequent user study. We were able to arrange an appointment and conduct
a follow-up interview with 10 of them. Our aim was to validate, directly with users, our approach
for modeling and detecting smartphone habits. The recruited participants (6 male and 4 females)
were on average 20.82 years old (𝑆𝐷 = 3.84), and had different occupations: 5 were college students,
3 were high school students, and 2 were professional workers.
The study was conducted in the form of a semi-structured interview that lasted about 30 minutes.
For each user, we selected 10 promising association rules, i.e., habits, from her personal data, on
the basis of their lift, support, and confidence. In the selection, we paid attention in picking rules
from different clusters, if possible. We then showed the rules to the user one by one on a sheet of
paper (Figure 6).
For each proposed habit, we collected 4 different measures related to habitual smartphone use: a)
the familiarity of the user with the behavior, b) the user’s perceived habitualness of the behavior, c)
the overall perception of the user, i.e., whether the behavior is positively or negatively considered,
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Fig. 6. An example of a habit shown to a participant in the user validation.

and d) the user’s desire to avoid the behavior. To collect the measures, we used the following
Likert-scale questions:
• Familiarity. How much this behavior is familiar to you? From (1) not familiar at all to (7)
very familiar.
• Habitualness. How much this behavior is habitual to you? From (1) not habitual at all to
(7) very habitual.
• Perception. How do you consider this behavior? From (1) very negative at all to (7) very
positive.
• Avoiding. Would you like to avoid such a behavior? From (1) absolutely not to (7) absolutely
yes.
We concluded the interview with a debriefing session, by asking participants if they had any
comments on the evaluated habits.
4.3.1 Results. Table 6 reports the average results for all the collected metrics. Overall, all the
users found the evaluated behaviors both familiar (𝑀 = 5.30, 𝑆𝐷 = 1.23) and habitual (𝑀 = 5.18,
𝑆𝐷 = 1.21), thus confirming the effectiveness of our data analytic methodology in discovering
smartphone habits. Participants perceived such behaviors negatively, mainly (𝑀 = 3.17, 𝑆𝐷 = 1.33),
and, on average, they demonstrated their willingness to avoid them (𝑀 = 4.81, 𝑆𝐷 = 1.48). This
might confirms that, differently from intentional use, habitual smartphone use is perceived as
meaningless [49]. Despite this tendency, not all the smartphone habits are perceived as negative.
Indeed, by further investigating how participants perceived the evaluated association rules, we
found some differences concerning the applications involved in the modeled behaviors. We found
that 18 out of the 30 habits more negatively perceived, i.e., those that received a score lower than
3 for the perception metric, included Instagram as the rule consequent. Instead, the (rare) habits
that were positively perceived, i.e., with a perception metric greater than 5, typically involved
applications that are commonly associated to an intentional use of the phone, e.g., WhatsApp and
Google Maps.
By analyzing the collected answers, we found that the perception of a habit and the willingness
to avoid it were negatively correlated (𝑟 = −0.83, 𝑝 < 0.05). As shown in Figure 7, where we plotted
the perception and the avoiding metrics for all the 100 habits evaluated during all the interviews,
the less a habit is positively perceived (lower perception value), the more the user would like to
avoid it (higher avoiding value). This further demonstrates the need of new tools able to assist
users in controlling their smartphone use and avoid meaningless smartphone habits.
As reported in Table 6, differences also emerged when considering the different habit types.
App-Context Habits, in which both contextual cues and used apps are present in the rule antecedent,
were rated on average as the most familiar (𝑀 = 5.76, 𝑆𝐷 = 0.85) and habitual (𝑀 = 5.48, 𝑆𝐷 = 0.85)
behaviors. Instead, App Habits modeling interactions between apps, only, received lower values
both for the familiarity (𝑀 = 5.04, 𝑆𝐷 = 1.46) and the habitualness (𝑀 = 4.82, 𝑆𝐷 = 1.37) metrics.
This seems to suggest that the more precise are the cues that trigger a habitual behavior, the more
ACM Trans. Interact. Intell. Syst., Vol. 1, No. 1, Article 1. Publication date: January 2021.

1:18

A. Monge Roffarello and L. De Russis

Table 6. Average results for all the metrics collected during the followup interviews. Besides showing the
overall results, the table also reports the results for each type of habit, i.e., App, App-Context, and Context.
Gray cells indicate the most significant results. App-Context Habits were the most familiar and habitual
behavior (higher familiarity and habitualness metrics). Context Habits, instead, were perceived more negatively
(lower perception metric), and they were more often considered as behaviors to be avoided by the participants
(higher avoiding metric).

Familiarity
Habitualness
Perception
Changing

App Habits

App-Context Habits

Context Habits

All

5.04 (1.46)
4.82 (1.37)
3.41 (1.53)
4.36 (1.49)

5.76 (0.85)
5.48 (0.85)
3.34 (4.59)
4.59 (1.42)

5.17 (1.23)
5.19 (1.30)
2.98 (1.32)
5.13 (1.42)

5.30 (1.23)
5.18 (1.21)
3.17 (1.33)
4.81 (1.48)

Fig. 7. Perception and avoiding metrics for the 100 habits evaluated during all the interviews. The less a
habit is positively perceived (lower perception value), the more the user would like to avoid it (higher avoiding
value).

the behavior is recognized as a habit. Furthermore, as suggested by the answers for Context habits,
behaviors triggered by contextual cues are more likely to be considered as negative (𝑀 = 2.98,
𝑆𝐷 = 1.32): they were more often considered as behaviors to be avoided (𝑀 = 5.13, 𝑆𝐷 = 1.42) with
respect to App and App-Context habits.
In the debriefing sessions, participants provided some useful feedback that allowed us to further
asses the extracted habits. The majority of the participants confirmed what they stated in the Likertscale questions, and said that the evaluation of the proposed habits made them reflect on their
everyday smartphone use. U12, for example, found the evaluated habits very accurate, especially in
specific (time) contexts:
“The majority of the behaviors I saw were familiar to me, especially the ones I typically
perform in the morning or before going to sleep. They were very accurate! (U12)”
Also U34, a high school student, provided a similar feedback. In discussing 2 habits regarding
the afternoon usage of Instagram and Spotify on a vehicle8 , she said:
“This is exactly what I do every afternoon when I come back home by bus.” (U34)
Finally, U6 confirmed the benefits of considering contextual cues in detecting habits:
8 see

Table 5 for the full list of rules evaluated by U34.
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“I think that being alerted when one falls into the trap of some specific habits would be
very useful. I found behaviors like ‘in the evening, when I am still, I use Instagram’ or
‘when I am walking I use Whatsapp’ really interesting. Actually, these are the behaviors
I would like to change. I found behaviors that included times, activities, or positions far
more interesting than behaviors including apps, only.” (U6)
5

MITIGATING SMARTPHONE HABITS: THE SOCIALIZE APP

We applied the proposed methodology in Socialize, a digital wellbeing mobile app that assists users
to avoid the smartphone habits they consider as meaningless. We consider digital wellbeing as a
natural application of our data analytic methodology for discovering smartphone habits: helping
users to mitigate the disruptive effects of their habitual behaviors with the smartphone could
promote meaningful experiences with mobile devices, as called for by recent studies [49, 78].

(a) Habit Detection

(b) Reflection

(c) Intention

(d) Just-in-time Reminder

(e) Dashboard

Fig. 8. When Socialize detects that the smartphone is used in a habitual way, it proactively notifies the
behavior (a). If the user considers the behavior as meaningless, she can use Socialize to reflect on the
motivation that drives her habitual behavior (b), and to define an alternative intention, e.g., “go for a walk” (c).
To recall the intention and assisting the user in avoiding the identified meaningless behavior, the application
sends a just-in-time reminder every time the smartphone habit is again detected (d). Through different
dashboards, e.g., (f), the user can also see their calculated smartphone habits in any time.

Socialize is designed as an Android application9 . The app uses the methodology described in
Section 3 to discover smartphone habits. Given the (relatively) small computational capacity of
smartphones, and the need of implementing the methodology automatically, i.e., without any human
intervention nor analysis, we simplified it by removing the “Phone Sessions Clustering” phase: all
the smartphone usage sessions of the user are directly aggregated with contextual information
and used to mine association rules, i.e., smartphone habits, as if all the sessions were grouped
in in a single, very large cluster. To be consistent with the original data-analytic methodology,
Socialize discards association rules that exclusively involve apps whose Google Play Store category
is productivity or tools: the underlying behavior modeled by such rules, indeed, typically represents
a goal-oriented interaction rather than an unconscious habit. Smartphone habits are recalculated
9 The

source code of Socialize is available at https://git.elite.polito.it/public-projects/socialize-v2, last visited on January 2,
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on a daily base by considering a time-window of the previous 7 days. Habits representing the
same routine at different levels of granularity, e.g., with and without a given location, are merged
together to generate a habit that is as specific as possible.
5.1

App Walk-Through

Figure 8 exemplifies how Socialize assists a user in avoiding the smartphone habit she considers as
meaningless. In any time, the user can exploit different dashboards to visualize her smartphone use
statistics, including the list of smartphone habits she demonstrated in the last days (Figure 8e). By
using the calculated habits and by monitoring smartphone usage and current context in real-time,
Socialize detects when the smartphone is being used in a habitual way. When this happens, the
application proactively notifies the habit to the user (Figure 8a). If the user considers a habit as
meaningless, she can click on the “Avoid Habit” button. If this happens, Socialize first helps the
user in reflecting on the motivation that drives her habitual behavior (Figure 8b). The app proposes
5 possible alternatives:
•
•
•
•
•

“I’m bored and I need some distraction to pass the time;”
“I feel alone and I want to see what others are doing;”
“I need to communicate with someone;”
“I’m sad or a little nervous and I need something to escape my surrounding;”
“I want to have fun.”

We derived the proposed motivations from the work of Lukoff et al. [49], in which the authors
used a Uses and Gratifications (U&G) perspective to investigate how users make sense of their
habitual use of smartphones. We defined the proposed alternatives around the type of smartphone
usage (U&G types) and the underlying motivations (U&G motivations) that participants of the
study associated to a meaningless use of the smartphone. Through different interviews and the
experience sample method, in particular, Lukoff et al. found that entertainment and communication
apps like social networks are often associated to meaningless habits. Furthermore, they also found
that users habitually check their smartphones to escape from negative feelings like boredom,
loneliness, and sadness. While these “micro escapes” can sometimes be useful, e.g., for emotional
self-regulation, their constant and habitual repetition can become a problem, e.g., when replacing a
work-related task. Besides selecting a predefined alternative, the user can also decide to specify her
own motivation.
This reflection process helps users define an alternative intention, i.e., an alternative behavior
to be performed instead of the smartphone habit (Figure 8c). In this case, the user is free to type
her own alternative (and desirable) behavior, without any constraint or suggested option. Every
time the identified meaningless habit happens again, Socialize encourages the user to avoid the
behavior, by recalling the alternative intention specified by the same user (Figure 8d). Just-in-time
reminders can be defined as direct, specific behavioral suggestions delivered at the expected point
of enactment [61]. By guiding participants in reflecting on their habitual behaviors and defining
their own alternative intentions, the just-in-time reminders adopted by Socialize aim at overcoming
the “ironic effects” that may result from using such a strategy in a negative form [16]: paradoxically,
indeed, warning users not to use Facebook could have the opposite effect. If the user is no longer
satisfied with an activated just-in-time reminder, she can disable it.
6

EVALUATION II: IN-THE-WILD EXPERIMENT

To understand whether Socialize can effectively assist users, especially young adults, in better
controlling their smartphone use through the mitigation of meaningless smartphone habits, we
devised an in-the-wild study.
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Method

6.1.1 Participants & Procedure . We recruited participants by exploiting mailing lists of different
universities and by placing advertisements in our campus in the month of April, 2019. At the end
of July, we closed the study by downloading the data collected through Socialize for all the users
that used the application for at least three consecutive weeks. At the time of analysis, 67 users
had installed and used Socialize. We excluded 22 users since they installed Socialize in the last 2
weeks of July, only, thus not providing at least 3 weeks of data. Of the remaining 45 users, we also
excluded 25 participants due to missing or wrong collected data, e.g., because the user deactivated
the GPS and the app could no longer monitor the user’s location.
Overall, we analyzed the data of 20 users (13 male and 7 female) that were on average 22.30
years old (range = 19 − 31, 𝑆𝐷 = 2.70). All the participants were students characterized by different
educational levels: 10 of them were undergraduate students, 9 were master’s degree students,
and one was a PhD student. At the time of analysis, the 20 participants had used Socialize for a
minimum of 21 days to a maximum of 113 days (𝑀 = 36.80 days, 𝑆𝐷 = 20.59 days). The experiment
was designed as follows. In the first week (collection phase), Socialize ran in the background by
silently logging usage data. After 7 days, participants received a notification that alerted them
about the start of the intervention phase. From that moment, Socialize started to calculate and
notify smartphone habits, and participants were able to activate just-in-time reminders for as many
smartphone habits as they want. After closing the study, we sent to the 20 participants a final
questionnaire to gain qualitative feedback on the evaluated app.
6.1.2 Metrics. To investigate whether Socialize makes users reduce the time spent on the smartphone habits they consider as meaningless, we calculated the following aggregated metrics:
Time Spent on Meaningless Habits (TSMH). The TSMH metric represents the average time
spent by a given participant on the smartphone habits she considers as meaningless. For
each user, in particular, we average the time spent on the mobile apps that a) characterize
a behavioral routine of a smartphone habit for which the user defined an implementation
intention, and b) are used in the presence of the specific contextual cues characterizing the
given habitual behavior.
Time Spent on Contexts (TSC). The TSC metric represents the average time spent by a given
participant on her smartphone, in general, in the presence of the contextual cues characterizing her meaningless smartphone habits. For each user, in particular, we average the
time spent on any mobile apps when they are used in the contexts characterizing the user’s
implementation intentions. We used such a metric to understand whether the time saved on
unwanted habits was actually saved from the smartphone, or if it was just redirected to other
mobile apps.
We collected subjective feedback thanks to the final questionnaire. We asked participants to
evaluate a) whether the notified smartphone habits were appropriate, and b) whether their perceived
smartphone use changed after using Socialize. Finally, we also encouraged participants to leave
any open comment on their experience with the application.
6.2

Usage Overview

We collected 234, 865 phone usage sessions that resulted in 1, 428, 495 different app executions
and more than 6,900 hours of smartphone use. Since our approach takes into account the habitual
nature of using smartphones, only, participants experienced a limited number of interventions,
but specifically targeted to their smartphone usage, context, and preferences. Overall, participants
were notified (Figure 8a) 94 times about an habitual behavior with their devices. In total, 17 out of
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20 participants (75%) used Socialize to activate just-in-time reminders for at least a notified habit:
on average, each participant wanted to avoid 2.00 smartphone habits (𝑆𝐷 = 1.64), with only 3
participants (15%) that used the application without activating any reminder. On the 94 notified
habits, in particular, participants activated 40 just-in-time reminders, i.e., the 42.55% of notified
habits were considered as meaningless smartphone habits worth to be avoided. In the remaining 54
cases (57.45%), participants ignored the notified habit either by clicking on the “Cancel” button
(Figure 8a, 21 times) or by simply closing the app (33 times).
At the time of analysis, 32 of the 40 just-in-time reminders (80%) were active, i.e., participants
still continued to receive them (Figure 8d). On average, such reminders were active for 32.39 days
(𝑆𝐷 = 30.53 days), with a minimum of 8 days and a maximum of 102 days. In the remaining 8 cases
(20%), 5 different participants left the reminder active for 1 to 25 days (𝑀 = 11.46 days, 𝑆𝐷 = 11.34
days) and then disabled it. Participants defined all the intentions in their first intervention week.
6.2.1 Meaningless Smartphone Habits. The 40 smartphone habits considered as meaningless by the
participants, i.e., those for which participants activated a just-in-time reminder, involved different
contextual cues and mobile apps. The smartphone habits participants wished to avoid were more
common:
• in business days (24, 60%);
• when participants were still (30, 75%), e.g., at their desks or in classroom.
Such a distribution reflects the population involved in the study, i.e., students. For what concerns
the existing routines, 29 meaningless habits (72.50%) involved the usage of a single mobile app. The
remaining 11 habits (27.50%), instead, involved the usage of 2 mobile apps at the same time. As
reported in Table 7, meaningless habits were of different categories.
Table 7. The categorization of the Meaningless Smartphone Habits (MSH), i.e., the habits for which participants activated a just-in-time reminder, on the basis of the mobile apps involved in the related behavioral
routines.
Habit Category

Examples

Social
Messaging & calls
Web & video

Facebook, Instagram
WhatsApp, Telegram, Skype
Chrome, YouTube

# MSH
24
16
6

The majority of them (24, 60%) included apps like Instagram or Facebok (social category), thus
confirming that using social networks, especially in a passive way [82], is often associated with
meaningless experiences [49]. Furthermore, 16 (40%) unwanted habits included a messaging or
calling app such as WhatsApp or Skype (messaging & video calls category), while 6 (15%) intentions
were defined to avoid the usage of apps like Chrome and YouTube (web & video category). This
suggests that, besides being used intentionally [49], communication services and apps to browse
the web and watch videos may also be associated to meaningless habits.
6.2.2 Motivations. In activating just-in-time reminders, Socialize guided participants in reflecting
on the motivation that drove their habitual behaviors (Figure 8b). As reported in Table 8, participants
stated that the majority of their meaningless smartphone habits were a distraction to escape from
boring situations (24, 60.78%), e.g., studying. Instead, 6 just-in-time reminders (15%) were activated
to avoid habits resulting from loneliness feelings. In such cases, participants used social networks
and messaging apps, mainly, to see what others were doing, e.g., by browsing Facebook’s posts. In
line with previous works, e.g., [49], participants also acknowledged that they sometimes habitually
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used their smartphones to escape from negative emotions, e.g., when they were sad or nervous (4,
10%). Other motivations for habitually using the smartphone included the need of communication
(3, 7.50%) and fun (3, 7.50%).
Table 8. The motivations that drove the smartphone habit-loops for which participants defined an Implementation Intention (II).
Motivation

# II

I’m bored and I need some distraction to pass the time
I feel alone and I want to see what others are doing
I’m sad or nervous and I need something to escape my surrounding
I need to communicate with someone
I want to have fun

24
6
4
3
3

6.2.3 Intentions. By reflecting on the motivations that drove their smartphone habits, participants
defined different intentions to be encouraged, through the just-in-time reminders, to avoid the
habitual behaviors (Figure 8c). As reported in Table 9, a large number of intentions focuses on
studying or working (16, 40%), or performing a specific physical activity instead of using the
smartphone (14, 35%), e.g., sleeping (7) or walking (2). Other intentions included a generic “do
something useful” statement (4, 10%), or were defined in a negative form to motivate the user
not to use a particular mobile app in a given context (4, 10%), e.g., “do not use Facebook at work.”.
Finally, participants defined 2 intentions (5%) to call a friend instead of contact her through instant
messages.
Table 9. The alternative intentions participants defined after reflecting on the motivations that drove their
smartphone habits.
Intention
Study/Work
Perform a specific activity, e.g., sleeping or reading a book
Do something useful
Don’t use it
Call a friend

6.3

#
16
14
4
4
2

Socialize Effectiveness

To analyze the effectiveness of Socialize, we conducted different Wilcoxon Signed-Ranks tests on
the TSMH and TSC measures to explore the impact of the just-in-time reminders on the habits
participants wished to avoid (Table 10 and Figure 9). The reason for choosing a non-parametric test
that does not assume a normal data distribution was due to the high-variability in the data under
analysis. Indeed, participants used their smartphone very differently, and the habits for which
participants activated just-in-time reminders had different duration: some users habitually checked
Instagram for less than 10 seconds, while others habitually used YouTube for more than 30 minutes
in a row. To avoid biases towards users who used Socilize for a longer period of time, we run the
analysis by considering the first 21 days of data of each user, only, i.e., the collection phase (1 week)
and 2 weeks of interventions.
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6.3.1 Meaningless Smartphone Habits Reduction. By investigating the effect of all the defined just-intime reminders, either still active or disabled, we found that 28 reminders (70%) had been successful,
i.e., they resulted in a reduction, even just minimum, of the time spent on the corresponding
smartphone habit.
Overall (Table 10, left columns), participants significantly reduced (𝑝 < 0.01) the time spent on
the habits they considered as meaningless by 28.69 seconds on average: the average time spent
on meaningless habits was 76.84 seconds (𝑆𝐷 = 104.18) before using Socialize to avoid them, and
48.15 seconds (𝑆𝐷 = 56.03) after the activation of the corresponding just-in-time reminders. This
difference Δ becomes even more significant by considering the just-in-time reminders that were
still active at the 21st day, only, with a significant reduction of the TSMH metric of 37.81 seconds
on average (𝑝 < 0.01): this further confirms that receiving just-in-time reminders has an effect
on encouraging users to avoid meaningless smartphone habits. Not surprisingly, the difference Δ
between the TSMH metric before and after the activation of a just-in-time reminder is also highly
significant (𝑝 < 0.01) when considering successful reminders, only: when successful, intentions
assisted participants in reducing the time spent on meaningless smartphone habits from 73.94
seconds (𝑆𝐷 = 90.38) to 38.53 seconds (𝑆𝐷 = 55.95).
Table 10. Wilcoxon Signed-Ranks tests on the Time Spent on Meaningless Habits (TSMH) and the Time
Spent on Context (TSC) metrics before and after the activation of a just-in-time reminder. The analysis was
repeated by considering a) all the defined reminders, b) the reminders still active at the 21st day, and c) the
successful reminders.
TSMH (sec)
Intentions
group

TSC (sec)

Before
M (SD)

After
M (SD)

Δ

p

Pre
M (SD)

Post
M (SD)

Δ

p

All

76.84
(104.18)

48.15
(56.03)

28.69

.004

312.88
(283.22)

201.60
(171.22)

111.28

.064

Active

89.92
(115.56)

52.11
(61.28)

37.81

.002

230.77
(293.70)

160.24
(181.31)

70.53

.100

Successful

73.94
(90.38)

38.53
(55.95)

35.41

.000

310.64
(261.38)

197.35
(173.33)

113.29

.007

To further confirm the effectiveness of Socialize in assisting young adults in avoiding meaningless
smartphone habits, we also analyzed whether the time saved on the behavioral routines of the
given habits was actually saved from the smartphone, e.g., to respect the defined alternative
intention, or if it was just redirected to other mobile apps. For this purpose, we repeated the same
Wilcoxon Signed-Ranks tests by considering the TSC metric (Table 10, right columns). We found
that the overall smartphone use of each participant decreased, although not significantly, in the
contexts related to the defined implementation intentions: on average, participants reduced their
smartphone use from 312.88 seconds (𝑆𝐷 = 283.22) to 201.60 seconds (𝑆𝐷 = 171.22). A similar trend
was found for active intentions (Δ = 70.53 seconds). As Table 10 shows, such a reduction becomes
statistically significant when considering successful reminders (Δ = 113.29 seconds, 𝑝 < 0.01). This
further confirms that Socialize effectively helped participants to avoid the smartphone habits they
considered as meaningless, and suggests that reducing meaningless smartphone habits helps users
reduce the overall smartphone usage, too.
6.3.2 Habit Category and Socialize Effectiveness. While the majority of the activated just-in-time
reminders successfully assisted participants in avoiding the smartphone habits they considered as
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(a) TSMH

(b) TSC

Fig. 9. Box-plots representing the Time Spent on Meaningless Habits (TSMH) (a) and the Time Spent on
Context (TSC) metrics before and after the activation of a just-in-time reminder for all, active, and successful
reminders. Socialize assisted participants to significantly reduce the time spent on meaningless smartphone
habits while reducing overall smartphone use, especially for successful reminders.

meaningless, some of them (12, 30%) did not produce the desired result. To better understand why
some reminders were more effective than others, we conducted a series of Wilcoxon Signed-Ranks
tests to investigate their impact for each of the habit categories reported in Table 7, i.e., social,
messaging & call, and web & video, on the TSMH metric.
Table 11. Wilcoxon Signed-Ranks tests investigating the impact of the habit category on the effectiveness of
the activated just-in-time reminders (TSMH).
TSMH (sec)
Habit-loop
category

Before
M (SD)

After
M (SD)

Δ

p

Web &
video

29.00
(85.92)

9.23
(26.10)

19.77

.079

Social

96.29
(187.27)

52.35
(60.27)

43.94

.025

Messaging &
calls

38.82
(65.87)

33.29
(62.39)

5.53

.066

As reported in Table 11, results clearly highlight that the most effective reminders were the
ones activated to avoid social smartphone habits. On average, such reminders assisted users in
reducing the time spent on behavioral routines involving apps like Facebook and Instagram from
96.29 seconds (𝑆𝐷 = 187.27) to 52.35 seconds (𝑆𝐷 = 60.27), a statistically significant difference
of Δ = 43.94 seconds (𝑝 < 0.05). Also reminders for web & social meaningless habits resulted in
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a reduction of the TSMH metric, although with a less pronounced and not significant effect: in
the given contexts, the usage of apps like Chrome and YouTube dropped on average from 29.00
seconds (𝑆𝐷 = 85.92) to 9.23 seconds (𝑆𝐷 = 26.10), with a difference of Δ = 19.77 seconds. Instead,
just-in-time reminders did not have a measurable effect when they were defined to avoid messaging
& video calls habits: on average, the TSMH remained roughly the same before (𝑀 = 38.82 seconds,
𝑆𝐷 = 65.87) and after (𝑀 = 33.29 seconds, 𝑆𝐷 = 62.39) activating reminders for apps like WhatsApp
and Telegram. This analysis suggests that just-in-time reminders are effective with apps that are
mainly used passively, e.g., social media, while they have little impact on the use of communication
apps. Indeed, apps like WhatsApp and Telegram are typically used intentionally [49]: even if we can
experience the need of reducing the usage of such apps, the effectiveness of just-in-time reminders
is limited when we need to actively communicate with someone.
6.4

Residual Effects

We further investigated the collected data by focusing on the 8 just-in-time reminders that participants disabled during the study. Our aim was to investigate whether disabled reminders had a
residual effect, in the medium or long term, on participants’ behavior. To this end, we focused on
the 5 participants that disabled at least one reminder, by considering all their available data, i.e.,
without reducing the analysis to 21 days. The selected participants used Socialize for 33.80 days on
average (𝑆𝐷 = 5.54, range = 27 − 42). Specifically, the average period between the deactivation of
one of their reminder and their most recent available data was 14.48 days (𝑆𝐷 = 13.07 days).
As shown in Figure 10, the TSMH metric of a user after the deactivation of her reminders
(𝑀 = 22.77 seconds, 𝑆𝐷 = 25.30) was still lower, on average, than TSMH metric calculated
before the activation of the same reminders (𝑀 = 36.30 seconds, 𝑆𝐷 = 32.25). Although not
significant (𝑝 > 0.05), this difference may suggest that reminders are able to continue to influence
participants’ behavior even after their deactivation. Consequently, just-in-time reminders seem to be
a promising approach: as advocated by previous work [61], encouraging people to repeat a wanted
behavior in a stable context may effectively promote the formation of new habits. Habit-formation
approaches, in particular, could play an important role in digital wellbeing apps, supporting behavior
change towards a more conscious use of technology, and ensuring the long-term effects of the new
behavior [38, 50, 54].

Fig. 10. Analysis of the TSMH metric for the just-in-time reminders that participants disabled during the
study.
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Subjective Feedback

On a Likert-scale from 1 (not appropriate at all) to 5 (very appropriate), all the participants stated that
the notifications they received about their smartphone habits were appropriate or very appropriate
(𝑀 = 4, 𝑆𝐷 = 0.53). In the open comments, P12 said that almost all the displayed habits were
accurate, while P3 asserted that the notified habits reflected “exactly” her typical behaviors with
the smartphone. Furthermore, P6 and P8 noted that being notified about their habits made them
reflect on their behaviors with the smartphone, and allowed them to better monitor their device
usage. Obviously, not all smartphone habits can be considered as negative behaviors to be avoided.
The 3 participants that did not activate any just-in-time reminders, for example, agreed that they
were not interested in changing their behavior with the smartphone. Surprisingly, the usage of
Socialize did not influence the perception participants had of their smartphone use. On a Likert-scale
from 1 (absolutely no) to 5 (absolutely yes), they declared that their smartphone use remained
roughly the same even after activating a just-in-time reminder (𝑀 = 2.5, 𝑆𝐷 = 0.50). Participants,
in particular, were convinced that receiving just-in-time reminders, only, was not sufficient to
avoid a smartphone habit. P7 and P9, in particular, stated that a notification can always be ignored,
while P12 suggested the usage of “engaging intentions harder to ignore.” As reported in this section,
however, the participants perception is not reflected by the quantitative data. Indeed, participants
actually reduced their smartphone habits. This suggests that monitoring and notifying smartphone
habits, despite being less restrictive and intrusive than a locking mechanism, is an effective strategy
to allow users to control their smartphone use.

7

DISCUSSION

Different previous studies [9, 24, 66, 81] discovered that one of the reasons that contributes to smartphone overuse, especially in young populations [44, 85], is the habitual use of the device. Habits, in
particular, makes smartphone use more meaningless [49], and researchers and professionals should
focus on designing solutions that promote meaningful experiences with mobile devices [78].
Our understanding on how to discover, and mitigate meaningless smartphone habits is, however,
in its early stage. The majority of previous studies in this field either do not explicitly target
complex habitual behaviors, e.g., by exploring simple usage patterns such as checking [56] or
revisitation [31], or they compare application usage across all users [69]. Furthermore, studies that
explicitly analyze smartphone usage under the lens of habits typically make use of qualitative
methods such as interviews or surveys, as in[49, 78].
To close this gap, we started our work by investigating how to characterize smartphone habits
(Section 2), with the aim of supporting a data analytic methodology to automatically discover them
(Section 3). By reviewing previous works on habitual smartphone use, we showed that some cues,
be they specific contexts or user’s internal states, unconsciously spur the user in performing an
automatic behavioral routine with the smartphone, exactly as it happens with any other habitual
behaviors. When the routine ends, the user can experience a reward that, over the time, transforms
the link between the cues and the performed smartphone routine into an automatic response.
To automatically discover smartphone habits from smartphone usage data, we selected a set of
contextual cues, e.g., performed activities and current location, that can be linked to behavioral
smartphone routines, i.e., phone sessions that include the consecutive usage of one or more mobile
apps.
Stemming from the smartphone habits characterization, we devised a habit-discovery methodology based on clustering and association rules mining. The assessment of the methodology with
real-world data of users aged between 16 and 33, i.e., a target population highly susceptible to
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smartphone overuse [44], showed evidence that smartphone use of young adults can be characterized by various types of links between contextual situations and usage sessions, which are
highly diversified across users. Context Habits, for example, represent strong correlations between
contextual cues and mobile apps in which the period, the time slot, the user activity and/or the user
location, along with the reception of a notification trigger the usage of one or more mobile apps. In
App Habits, instead, the usage of a mobile app spurs the usage of other applications, as already
described for checking behaviors [56]. Finally, App-Context Habits model the relationship between
an application used in a given context and the usage of other mobile apps. Besides validating the
methodology, a follow up interview with 10 users confirms that habitual smartphone use is often
perceived as a negative and meaningless behavior [49, 78]: the less a habit is positively perceived,
in particular, the more the user would like to avoid it.
A natural implication is the need of providing users with effective tools to control and personalize
their smartphone usage. Being able to automatically assess habitual smartphone use, in particular,
might have different applications, including the design of better digital wellbeing solutions. Indeed,
the digital wellbeing apps that are nowadays used by million of users, e.g., QualityTime [29] and
Forest [68], rarely take into account habits [50], but they often adopt pure self-monitoring strategies.
Such an approach has been already criticized in terms of efficacy and users’ acceptance [54]: users
need to be constantly motivated to effectively use statistics, timers, and locking mechanisms, and
when the motivation decreases, their behavior quickly reverts to pre-interventions levels [34].
We therefore applied our habit-discovery methodology in Socialize, a digital wellbeing mobile
app that assists users to avoid the smartphone habits they consider as meaningless. Socialize
constantly monitors the user’s behavior with her mobile devices, and it proactively notifies the
detected smartphone habits in real-time. If the user considers a notified habit as meaningless, she
can activate custom just-in-time reminders to be encouraged to avoid the identified behavior when
it happens again. To the best of our knowledge, this digital wellbeing tool is the first example
of a mobile app that monitors and notifies smartphone habitual behaviors in real-time. Results
of an in-the-wild evaluation with 20 students (age 19-31) are promising. In the majority of cases,
our participants avoided the smartphone habits they considered as meaningless by activating a
just-in-time reminder. Besides reducing the time spent on the mobile apps which characterized
unwanted habits, in particular, participants significantly reduced their overall smartphone use in
the given contexts. This means that the time saved was not redirected to other applications, as
sometimes happens for digital wellbeing apps adopting simpler strategies (e.g., [33]).
Some measurable effects of just-in-time reminders persisted even after their deactivation. Furthermore, participants avoided their meaningless habits even without being aware of their choice:
in the final questionnaire, they stated that their behavior with the smartphone did not change after
activating a just-in-time reminders. The fact that participants did not perceive any improvements in
their usage habits after using Socialize represents a shortcoming of the app, since it could potentially
lead to high abandonment rates. Providing users with more detailed statistics about the defined
reminders could allow users to gain awareness of their improvements, therefore encouraging them
to continue using the app. That being said, participants’ unawareness and the residual effects of
the deactivated just-in-time reminders suggest that encouraging users to “replace” meaningless
smartphone habits with alternative intentions is a promising habit-formation approach, i.e., to
transform the conscious definition of an alternative routine into an automatic habit that is executed non-consciously [17]. Habit-formation approaches could play an important role in digital
wellbeing apps [50, 54], supporting behavior change towards a more conscious use of technology,
and ensuring the long-term effects of the new behavior [38].
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Limitations and Future Work

Our work has potential limitations. In the reported in-the-wild evaluation (Section 6), we analyzed
participants’ usage data without and with Socialize (collection phase vs. intervention phase, respectively), but we did not include a control group. Therefore, we must acknowledge that some reduction
effects of Socialize may have been circumstantial. More controlled experiments manipulating the
different features of the Socialize app, for instance, would allow researchers to further assess the
relative effectiveness of the different adopted strategies, e.g., habit detection vs. habit detection and
just-in-time reminders.
Furthermore, the in-the-wild study and the assessment of our data-analytic methodology (Section 4) involved two relatively small samples of young adults, only. This limits the generalizability
of the results. Future works would need to further asses the data-analytic methodology and the
Socialize app by involving larger and diverse populations: older generations, for instance, might
have different smartphone habits, and they might respond differently to the strategies implemented
by Socialize.
Finally, more longer-term studies are needed to investigate the habit-forming nature of encouraging users to avoid meaningless smartphone habits and performing alternative routines.
Habit-forming strategies, indeed, may take time to become established [61]: experiments [39]
demonstrated that a new behavior needs from a few weeks to almost an year of repetition to
become automatic, with substantial variation at individual level.
8

CONCLUSIONS

In this paper, we investigated how to characterize, discover, and mitigate habitual usage of smartphones, with a particular focus on young adults. To this end, we first reviewed previous works on
habitual smartphone use to gain an initial understanding on smartphone habits. Then, we defined
a data analytic methodology based on clustering and association rules mining to automatically
discover complex smartphone habits from mobile usage data. We assessed the methodology over
more than 130,000 phone usage sessions collected from users aged between 16 and 33. Furthermore,
we applied it in Socialize, a digital wellbeing app that monitor habitual smartphone behaviors in
real time, and uses proactive notifications and just-in-time reminders to encourage users to avoid
the smartphone habits they consider as meaningless. We demonstrated that smartphone use of
young adults can be characterized by various types of links between contextual situations and
usage sessions, which are highly diversified and differently perceived across users. Furthermore,
the in-the-wild evaluation of Socialize demonstrates that Socialize can effectively assist users, especially students, in better controlling their smartphone usage, with a reduction of their unwanted
smartphone habits. Despite the need for further evaluations, our work opens the way for a new
type of habit-forming digital wellbeing tools to assist users in replacing unwanted smartphone
behaviors with more desirable activities.
A

LITERATURE REVIEW PROTOCOL

This Appendix details the procedures we followed to review previous studies that talk about
smartphone use under the lens of habits (Section 2). Despite the adopted rigorous method, we must
acknowledge the analysis did not follow the full process of a systematic literature review.
A.1

Search 1

We performed a first search on January 13, 2020, to investigate what smartphone habits are and
why they form (Section 2.1 and Section 2.2, respectively). We searched Google Scholar and the
ACM Digital Library for papers published since 2010 with the following queries:
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• {(“mobile phone addiction” OR “smartphone addiction”)}
• {(“app overload” OR “mobile phone overload” OR “smartphone overload”)}
• {(“smartphone habits” OR “mobile phone habits” OR “habitual smartphone use” OR “app
usage habits” OR “app launching habits”)}
From the initial corpus, we first removed duplicates. Then, we screened the retrieved papers by
removing non-academic manuscripts, limited research reports or abstracts, manuscripts that did not
target smartphones, or papers that used the term “habit” superficially, i.e., without contextualizing
its meaning. The following criteria were finally used to determine relevant papers:
• papers exploring the characteristics of habitual behaviors with smartphones;
• papers exploring the negative aspects, e.g., addiction, of performing habitual behaviors with
smartphones;
• papers exploring interventions to mitigate habitual smartphone behaviors.
A.2

Search 2

We performed a second search on October 10, 2020, to investigate when smartphone habitual use
occurs and can be predicted (Section 2.3). We searched Google Scholar and the ACM Digital Library
for papers published since 2010 with the following queries:
• {(“smartphone behavior” OR “mobile phone behavior” OR “app usage behavior”)}
• {(“app usage prediction” OR “mobile usage prediction”)}
As in the first search, we removed duplicates, and we excluded non-academic manuscripts,
limited research reports or abstracts, and manuscripts that did not target smartphones. We finally
used these criteria to determine relevant papers:
• papers that present a model describing how users habitually use their smartphone;
• papers that present algorithms to predict the next interaction of the user with her smartphone.
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