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ABSTRACT
Smartphone usage and sleep quality have established connections
in psychological research, but in the HCI context, the topic is still
understudied. In this paper, we present preliminary insights into be-
havioral patterns between smartphone usage and sleep quality by us-
ing crowdsensed data. We utilize a large-scale mobile usage dataset
and a PHQ-8 depression questionnaire answered by 743 participants
from varying age groups and socioeconomic backgrounds. Based on
our preliminary results, we provide a methodological pipeline for
future work towards understanding the relationship between daily
smartphone usage patterns and sleep quality in the wild.

CCS CONCEPTS
• Human-centered computing → Smartphones; • Applied com-
puting → Health informatics.
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1 INTRODUCTION
Smartphones are known to cause reliance and even addiction [7].
They are literally taken to bed [1] and used for several purposes
from work to leisure, social interactions, and setting wakeup alarms.
However, every useful tool can have its negative side effects. Falling
asleep with a smartphone is definitely possible, but can the smart-
phones also keep us awake? In this paper, we present the preliminary
results of our study for detecting smartphone usage and sleep quality
relationship and draw a pipeline towards using crowdsensed data for
analyzing such patterns.
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Several physical and psychological studies link smartphone us-
age, physical exercise, body temperature change, depression, lack
of sleep, and general sleepiness during a day together [4, 8, 11, 13,
16, 18] with strong focus on smartphone addiction [2]. Integrally to
these works, they follow behavioral habits of young adults or stu-
dents, limiting the study to a certain age and socioeconomic group.
Understandably, college and university students are both native with
using smartphones and possibly in a risk of increased stress also
causing symptoms of depression, sleepiness, and poor sleep quality.
In our work, we aim for more comprehensive demographic picture of
the sleep and smartphone usage correlation by involving participants
of the different demographic groups by using the crowdsensing
approach. As we later discuss, also crowdsensed data collection
method has its disadvantages, including issues with the data quality
and low control over demographic bias. Thus, based on the men-
tioned psychological studies [2], sleep quality can be affected by
intensive smartphone usage. Interestingly, Katevas et al. [3] show
that intense mobile usage alone does not predict severe depression.
However, intensive night-time usage of the phone can be seen as a
negative predictor for overall wellbeing and sleep quality. One can,
of course, rise a question whether the intensive nightly smartphone
use is more a symptom or the root cause of lack of sleep.

For most if not all of the sleep quality and smartphone usage
studies, the sleep quality data is collected by self-assessment stud-
ies. These can be generally accepted among the psychologists and
performed by standardized and validated questionnaire forms. For
example, Randjelović et al. [15] detected statistically significant cor-
relation between subjective sleep quality and mobile phone usage by
using standardized tests. However, actually sensing the sleep quality
instead of, or in addition to the self-assessments offers a powerful
tool for HCI researchers to see into the nightly behavior patterns of
the study participants. Even the smartphone itself can be considered
as a sleep sensor [9] with some accuracy. This is the direction we
aim, too. However, for this paper, we present the preliminary results
by using the PHQ-8 self-assessment questionnaire for depression
and especially focus on its questions related sleep and tiredness.

In this paper, we present the first insights of our study to detect
behavioral patterns between smartphone usage and sleep quality by
using crowdsensed data. To summarize, the contributions of this
paper are the following:

• We utilize a large-scale mobile usage dataset and PHQ-8
depression questionnaire answered by 743 participants from
varying age groups and socioeconomic backgrounds.

• We suggest there are promising opportunities for future work
leading towards understanding daily smartphone usage pat-
terns and sleep quality in the wild, by using crowdsensing
approach.
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2 WELLBEING SELF-ASSESSMENT AND
MOBILE USAGE

The data in this study is collected between 14 March 2018 and 25
August 2018 by using Carat [12], an open source platform for gath-
ering mobile app usage. The Carat app installed in the participants’
smartphones collects data consists variable measurements of running
apps, timestamp, app state (foreground or background), and partic-
ipants’ anonymous user id. In this study, we obtained the mobile
usage data of 743 participants. We focus only on the foreground apps
that the users have actively interacted with. From the self-reported
demographic data, there are 86% male and 11% female. There is a
clear bias towards male over female as we cannot control over the
aspects like the gender of the participants in this kind of crowdsensed
studies. We have 32% participants from age group 25-34, 26% from
age group 45-64, 25% from 35-44 age group. Other two age groups
of our data (18-24 and 65 over) have 12% and 4% users.

PHQ-8 is a self-reported assessment where the participants rank
eight daily aspects of different feelings such as interest in doing
things, trouble falling asleep, and interest in doing things [6]. The
participants are asked to consider their feelings on last two weeks
when taking the questionnaire. The participants rank items with 0
(Not at all), 1 (Several days), 2 (More than half the days) and 3
(Nearly everyday). In this study, we collected the response of PHQ-8
questionnaire from the 743 participants whose app category usage
data we also have from the two-week period before the question-
naire was taken. The PHQ-8 questionnaire was provided to the Carat
platform users through the user questionnaire tool which is imple-
mented as a part of the Android version of Carat. The app usage
data and PHQ-8 are mapped by unique and anonymous user id. The
apps are categorized by considering Google Play categories such as
Communication, Music, and Social. We study hour-based app usage
indicating whether an app category was used or not, similarly to the
study of mobile usage between different cultures and countries [14].

For understanding the effect of daily app usage over the PHQ-8
answers, we prepare a hourly-based presentation as the following:
We study each question individually, dividing participants to corre-
sponding groups based on their answers to each question. For each
group (𝐵) we look at their hourly app usage in the last two-week
period before responding to the questionnaire, and calculate the frac-
tion 𝑥𝑖 of users using a given app category for each hour 𝑖 (0 to 23),
and construct the vector𝑋 = 𝑥0, 𝑥1, ..., 𝑥23 of these fractions. We also
calculate a vector ’all’ for usage of certain app category over all the
participants (𝑌 ). To compare 𝑋 and 𝑌 , we calculate the coefficient of
determination (𝑅2) of the linear relationship between 𝑋 and 𝑌 where
𝑋 is the explanatory/independent and 𝑌 is the dependent/criterion
variable. High 𝑅2 indicates that the app usage of people answering
certain way to the questionnaire is statistically similar with all partic-
ipants together. Low 𝑅2 indicates that people who answered certain
way to the questionnaire are using the app statistically differently in
comparison to the all participants.

3 PRELIMINARY RESULTS
PHQ-8 statement "Little interest or pleasure in doing things" is
marked with 0 (Not at all) by 719 users (highest number of user)
and marked with 3 (Nearly everyday) by 115 users (lowest number
of user) (Figure 1(a)). PHQ-8 statement "Trouble falling or staying

asleep, or sleeping too much" is marked with 0 (Not at all) by 655
users and marked with 3 (Nearly everyday) by 127 users (Figure
1(b)). PHQ-8 statement "Feeling tired or having little energy" is
marked with 1 (Several days) by 687 users and marked with 3 (Nearly
everyday) by 139 users (Figure 1(c)). The results are focused from
two viewpoints for popular app categories: (1) hourly app category
usage frequency by people and (2) if frequency of participants using
particular category for each PHQ-8 answer can explain the overall
usage of that same category by all the participants (𝑅2 statistics).

Communication apps: Communication apps are popular among
the users as it includes apps like Messaging, chat/IM [17]. A prelim-
inary study of PHQ-8 question "Trouble falling or staying asleep, or
sleeping too much" (Q3) can lead us to further research on crowd-
sensed sleep quality data and the effect of smartphone app usage.
Figure 1(e) shows the participant frequency of Communication cat-
egory usage based on PHQ-8 question Q3 against PHQ-8 answers
for each hour. The participant frequency of Communication usage
is high among the users who have worsened sleep quality "Nearly
every day" and usage frequency is significantly less among the users
who "Not at all" or "Several days" have trouble falling asleep or
sleep too much. Previous study of Murnane et al. [10] suggests that
usage of apps like Communication affects sleep interruptions as well
as sleep duration. In their study, the usage of Communication is
high in midnight which is similar to our study where we observe
people with the PHQ-8 level "Nearly everyday" for worsened sleep
quality use Communication apps mostly between 0 to 4 hour. This
implicates that Communication usage frequency is high among the
people who has worsened sleep quality.

We use the 𝑅2 measure to see if the frequency of participants
using Communication for each PHQ-8 answer can explain the overall
Communication usage over worsened sleep quality. For question Q3
and category Communication, the 𝑅2 fit is lower (0.52) for people
who answered "Nearly everyday" than for people who answered
"More than half the days" (𝑅2 = 0.76), "Several days" (𝑅2 = 0.95)
and "Not at all" (𝑅2 = 0.88). Lower fit indicates that the users of the
Communication apps with worsened sleep quality "Nearly everyday"
are statistically different from overall Communication usage. The
frequency of participants for hourly Communication usage based on
PHQ-8 question "Little interest or pleasure in doing things" (Q1)
is shown in Figure 1(d) where the frequency of Communication
usage is high mostly from 10 to 23 hours and also from 0 to 1 hour
among the users who feel "Little interest or pleasure in doing things"
"Nearly every day" and "More than half the days". This indicates
that participants with little interest in doing things spend more of
their time using Communication apps.

Social apps: Social category is popular as it includes social net-
working apps [17]. In our study, we look at the effects of the Social
usage with the sleep quality-related question Q3 ("Trouble falling
or staying asleep, or sleeping too much"). Following the similar
analysis approach like Communication, Figure 1(g) shows the partic-
ipant frequency of hourly Social category usage based on Q3 against
PHQ-8 answers for each hour. The frequency of Social usage is high
among the users who have trouble falling asleep or oversleep "Nearly
every day" and usage frequency is significantly less among the users
who "Not at all" or "Several days" feel "Trouble falling or staying
asleep, or sleeping too much". As per Murnane et al. [10], for Social
apps, the highest usage is between 7pm and midnight. Similarly
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Figure 1: Distribution of user count for PHQ-8 answers for different PHQ-8 questions (a, b, c). Hourly application category usage
frequencies against PHQ-8 answers for different PHQ-8 questions (d, e, f, g, h).

in our study, we see people who answered "Nearly everyday" for
worsened sleep quality use Social apps mostly between 7pm to 2am.

Our study implies that Social category usage is high among the
people who has worsened sleep quality. Now if we discuss about
the 𝑅2 measures, we see that the value of 𝑅2 is lower (0.65) for
people who answered "Nearly everyday" to Q3 than for people who
answered otherwise (𝑅2 values 0.85-0.91). Lower fit indicates that
those users who most often have problems with sleep quality use
Social apps in a statistically different way when compared to all of
the users of the Social apps.

Music apps: Music has significant effect on the betterment of
anxiety, fatigue and depression [19]. We look for any effect of Music
app usage on the PHQ-8 question "Trouble falling or staying asleep,
or sleeping too much" (Q3). For Music, the results are quite similar
to Communication and Social, the only difference is the usage fre-
quency being also a little high by the people who has good quality
sleep during late hours. The reason could be music playing a role to
help falling asleep as previous study by Wang et al. [20] analyzed
that music therapy improves chronic sleep disorders and worsened
sleep quality. Analyzing if the frequency of participants who used
Music apps in the given hour for different PHQ-8 answers can ex-
plain the overall usage of Music by all the participant for worsened
sleep quality, 𝑅2 has a low value for the answers "Nearly everyday"
(0.13) and "More than half the days" (0.33) where other answers
have higher fit to all the participants (𝑅2 is 0.78 and 0.85). Lower
fit indicates that the frequency of users for hourly Music app usage
for answer "Nearly everyday" and "More than half the days" has a
statistically different variance around the mean of the overall usage
of that same app category by all the participants.

From Figure 1(h) we can see the frequency of users for the hourly
Music apps usage for PHQ-8 question Q4, "Feeling tired or having
little energy". The frequency of Music category usage is mostly high
during most of the hours of a day (specially during the hours from
1pm to 10pm) among the users who "Not at all" feel "tired or having
little energy". The frequency of Music category usage is low during
most of the hours of a day (mostly from 6am to 6pm, 8pm to 9pm,
and 11pm to midnight) among the users who feel "tired or having
little energy" "Nearly every day". Previous study suggests that Music
has significant effect on the betterment of fatigue or tiredness [19].

Comparing our analysis with the study of Tsai et al. [19], we can
presume that, people who are "Not at all" suffering from tiredness
or lack of energy use Music category during most of the hours of
their days. In simpler terms, participants who are energetic spend
more of their time using Music apps. We also used the 𝑅2 values
to analyze the relationship between the frequency of participants
using Music category in a given hour and the distribution of PHQ-8
answers. For respondents of "Feeling tired or having little energy"
(Q4), all PHQ-8 answers have high fit (𝑅2 is between 0.63-0.87) to
the Music app usage, except the answer "Nearly everyday" that has
a significantly lower fit (𝑅2 = 0.12). This means participants who
most often feel tired or little energy use Music apps in a significantly
different manner than other participants.

Other app categories: Games: Analyzing the effect of Games
with PHQ-8 answer levels and sleep quality (Q3), we have only little
highlighting results as the usage of Games apps is overall quite low.
We see the usage frequency is very high almost all of the hours of a
day for PHQ-8 answer "Nearly everyday" and very low among the
users for PHQ-8 level "Not at all" and "Several Days". This gives
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little or no insight about the app usage sleep quality of users overall
as the users are either not at all or whole day using Games apps.
These results differ from previous studies [1] where people were
seen using high amount of games on the nightfall. Productivity apps:
Even if they are very popular among smartphone users [14], there
is only little significant pattern of usage for Productivity apps for
worsened sleep quality. Overall the usage is high among the people
who answered "Not at all" and "Several Days" than for people who
answered "Nearly everyday" for Q3 during most of the hours of a
day. This might be due to the Productivity being very board category
including apps for various different purposes, such as calendars,
notepads, and Google Drive services. Analysis of individual apps
instead of the whole category could lead into more meaningful
results. Travel and Local apps: There is only little findings for Travel
and Local apps for worsened sleep quality which is quite as expected
as traveling and sleep may have little or no common. For question
"Little interest or pleasure in doing things", interestingly people who
answered "Nearly everyday" are the most frequent users of Travel
and Local apps for most of the hours of a day. However, with more
socioeconomic background (e.g. how much people commute daily)
this category could provide more interesting insights.

4 DISCUSSION AND CONCLUSIONS
The participants of this study voluntarily allow the Carat platform to
report their mobile usage and to take the PHQ-8 questionnaire. Thus
we have no control over the demographic factors of the participants
like gender or age. In this study, the participants are biased towards
male over female. A more demographically balanced participants
can provide more gender based insights in addition to our current
approach of this study. As our focus was to analyze with a good
number of sample, we did not randomly cut the number of male
participants’ data to bring it equal to the ratio of female participant
which would reduce the size of our data drastically. As a preliminary
study, our work motivates us to further collect crowdsensed data
with demographically balanced participants to avoid the bias of the
result towards certain demographic aspects. Our study focuses on
hourly app category usage, which can be reduced to minutes or
more frequent sampling period to get more detailed view of the
participants’ interaction with the app category usage.

Self-reported questionnaires like PHQ-8 are widely used by the
researchers for studies like depression but nowadays sensor-based
data can provide reliable source of getting insight about user ac-
tivities (i.e. sleep). This leads us to investigate, as a future work,
correlation and causality between sleep quality parameters and mo-
bile app behavior by using sensor devices such as Oura - a wearable
ring that can track and measure variables related to sleep quality [5].
In this study, we highlight the first results for sleep quality of people
based on the PHQ-8 question "Trouble falling or staying asleep, or
sleeping too much", which tells about the worsened sleep quality
including both "sleep deprivation" and "oversleep". Though PHQ-8
questionnaire is mostly used for depression studies, our work draws
attention to the pontential of individual PHQ-8 questions as "early
warning" indicators of secondary issues the respondent may be hav-
ing. For example, if the user is having sleep-related issues, they may
be linked to depression but not necessarily caused by it entirely. Our
preliminary method of identifying patterns between sleep quality

and application use relies on self-reporting, which may result in less
accurate and more sparse data; however, the method is widely ap-
plicable as it does not require supervision, intervention, or carrying
or wearing an extra device. This paper preliminary highlights the
impact of app category usage on overall self reported sleep quality
which gives us interesting findings for apps like Communication,
Social, Music with some potential results. This can lead us to further
more interesting insights with crowdsensed data dedicated to collect
sleep quality reports of the users.
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