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ABSTRACT

This paper presents a smartphone usage model that will be
useful as ground data for works such as proposals on im-
proving services/technologies related to smartphones. It is
based on an actual-use survey involving about 700 smart-
phone users. We conduct web interviews with users to get
their demographic data - age, sex, for example, and gather
many kinds of usage traces from their device using our log-
ger application. The model describes 1) daily usage pat-
tern (combinations of application usages) and 2) pattern
features - demographics, major application usages and so
on. Through a cluster analysis of the usage traces, we find
there are six typical daily usage patterns and half the users
have multiple patterns that differ with the day.

CCS Concepts

•Human-centered computing → Empirical studies in
ubiquitous and mobile computing; •Social and pro-
fessional topics → User characteristics;

Keywords

Smartphone usage; survey; ubiquitous and mobile comput-
ing

1. INTRODUCTION
Smartphone users now exceed feature phone users as the

smartphone is now the most generally-used mobile terminal
in the world[6]. Users can freely choose services/applications
that suit their own purposes and interests, and open soft-
ware development kits are being used by many application
developers.

Service development is, however, rather erratic due to the
problems and issues raised by each role such as marketing
activities by the planning division and research for new tech-
nologies by the R&D division. A key difficulty is quantifying
the value of a development because there are innumerable
directions and possibilities of service/technology evolution.

Whichever role we work on, it is important to set a goal and
verify its effectiveness using logically defendable grounds.
For example, to assess a new service proposal, we need to
show who/how many target users there are, sales volume
expected and so on. The same is true for technical develop-
ments.

In this paper, we present our smartphone usage model. It
is based on an analysis of the usage patterns of actual users
and their features such as application usages. The model
will provide useful ground data for tackling the challenges
related to the smartphone. Concretely, our model provides a
practical evaluation basis or preconditions when elucidating
research issues and validating their effectiveness.

In order to obtain the data needed to conduct the model
analysis, we recruited actual smartphone users as the sur-
vey subjects. In the surveys, we interviewed each to gather
demographic information - age, sex, place of residence and
job, and collected usage traces of their device using our log-
ger application for about one month. The trace mainly in-
cludes application usages, system configuration and device
state such as that of a wireless interface, display, battery and
so on. These data can be widely used for market analysis
especially to identify target users and specify evaluation pa-
rameters such as preconditioned system configuration values
for software improvement.

The rest of this paper is organized as follows. In Section
2, we discuss the data needed to advance existing studies in
order to define the requirements of our smartphone usage
model. We also overview the model. Section 3 describes the
survey and summarizes the data obtained from the users. In
Section 4, from the discussion in Section 2, we analyze daily
smartphone usage patterns based on cluster analysis using
categorized application usage. We then show demographic
features of each pattern. Finally, we conclude the paper in
Section 5.

2. SMARTPHONE USAGE MODELS
In order to elucidate the requirements (R.1 - R.3) of our

usage model, this section discusses the points to be consid-
ered given related works on smartphone usage.

2.1 Related Works
We start with a case study of the commercialization of

mobile phones for people past middle age[13]. The authors
indicate that traditional commercialization processes tend
to take too long in developing an understanding of product
concepts and functional/quality requirements and result in
products that are far from the customers’ needs because
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the marketing process and research/development process are
quite separate. As the case study was conducted in 2001,
although almost all mobile phone users were young adults,
they successfully created a new market for past middle age as
well as improved productivity. The key to their success was
that even researchers and developers in the R&D division
participated in the marketing activities of planning division,
and analyzed the needs of the targets in depth as well as the
technical challenges. Recent smartphones have such high
service capabilities, it is critical to analyze/define target
users clearly (R.1).

As one recent service trend, many location-based services
are being offered in the world[14], such as a location-dependent
discount coupon delivery. However, location information is
important private information as is name and postal ad-
dress[12]. Therefore, location service is deactivated by de-
fault on most devices. This service must be manual activated
by the user. Modern smartphones offer several methods for
detecting device location such as GPS, wireless base stations,
and so on. Thus service activation must be subdivided on
the basis of which methods can be activated. Therefore, re-
leasing a location-based service may not achieve the number
of target users expected or service qualities may get worse
unexpectedly. Thus it is critical to consider the reality
of device configurations in advance (R.2).

Next, we mention some research works on technical issues
related to smartphones. Dong et al. propose an energy-
efficient control method for mobile OLED displays; it changes
content color[1]. Noro et al. propose a GPU state control
method that estimates the drawing termination, to reduce
battery consumption[9]. In these works, the authors showed
the efficiencies of their proposals through experiments on
actual devices. However, actual effectiveness was not veri-
fied objectively because the preconditions of their verifica-
tion were insufficient and restrictive. For example, it seems
unlikely content color change will be accepted by the users
because some contents, e.g. movies, are color critical. As
another example, user satisfaction may depend on the ap-
plication, device settings, and the device itself. In order to
show actual effectiveness, preconditions (i.e. applica-
tion usages, device configuration and state) should
be defined on appropriate grounds derived from ac-
tual smartphone usage (R.2, R.3). The importance
of the requirements is mentioned in other previous studies
especially on mobile software engineering such as [5, 8, 4].

At the end of this subsection, we mention the existing
studies related to user behavior. Flaski et al. studied actual
smartphone usage using log data obtained from 255 users’
devices in 2008[2]. They reported on the diversities of smart-
phone usage through their analysis of the data, e.g. display
status, network traffic, battery state, application usage and
so on. However, the results of the analysis fail to describe
recent smartphone usage for the following reasons; 1) the
analysis data is too old and the survey was conducted at
an early stage of the worldwide spread of smartphones[11].
2) the results of their analysis couldn’t be used as ground
data for developing new services or technical challenges, a
goal of this paper, because the results were the simple aver-
ages of all subjects. Patil et al. analyzed the impact of user
variation in the CPU/GPU workload in the actual usage of
applications[10]. Although they studied the diversity of the
workload using cluster analysis based on the statistics from
33 actual users, their experimental setup was too limited

to adequately demonstrate the effectiveness of their work
for two reasons. The number of subjects was too few, and
the target applications selected were merely the most pop-
ular applications. Our studies in this paper suggest what
is needed to create truly comprehensive experiments. Li
et al. analyzed smartphone usage using log data obtained
from millions of Android users[3]. However, they only stud-
ied macro-level features from the viewpoint of application
usage, and didn’t focus on daily application usage patterns
as this paper shows later.

2.2 Requirements of our model
Based on the discussion in the previous subsection, we

present the requirements of our smartphone usage model.
The model should satisfy the following requirements.

R.1 Demographics

R.2 Device Configuration and State

R.3 Application Usage

In order to clearly explain the usage diversity of each user,
the model should be able to handle usage patterns, which is
the combination of each item above, instead of simply aver-
aging the items. Moreover, even the same user is expected
to have multiple usage patterns that depend on the day such
as weekdays/weekend.

Therefore, in order to derive smartphone usage patterns
in this paper, we classify ”daily usage patterns” based on a
cluster analysis that uses daily application usage times as the
main explanatory variables. Basically, the smartphone usage
patterns can be identified through application usage because
all smartphones functionalities are implemented as applica-
tions. As mentioned above, we define our smartphone us-
age model so as to provide quantitative explanations of the
above items for each pattern (in other word, cluster).

The expectation is that referring to our model will make it
easier to investigate and specify the realities of target users
in the marketing activities for new products and services.
Also with regard to work on technical challenges, we expect
the model will help in preparing the ground data such as the
precondition of an evaluation.

3. SURVEY OF SMARTPHONE USAGE
In this section, we describe the actual survey conducted to

obtain the data for our model study, and show a summary
of each survey item.

3.1 Survey methods
In this survey, which started at the end of Oct. 2013, we

recruited actual users of two major models of smartphones
from all over Japan as subjects of the survey through a re-
search company. Table 1 shows an overview of the survey.
Incidentally, we didn’t target underage users due to the com-
pany’s policy, and the survey was conducted after reaching
agreement about privacy and data use with all subjects.

First, we interviewed via a website the 694 users to collect
their demographic information. Then, we obtained usage
logs from 391 users, selected from among the interviewed
subjects, using a logger application that they loaded on to
their devices. The logger application ran in the background
so as not to affect usage style. It continuously recorded the
beginning/end time of each application, device configuration
and states.



3.2 Statistical information of the survey

3.2.1 Demographics

The demographic distribution of the 694 users is shown in
Figures 1-4. We can see that the coverage was wide with no
bias, so our model is expected to be useful for various kinds
of works. No significant difference in usage between Device
A and B was found. 95% of the users had only one device
as shown in Figure. 5

Table 1: The overview of the survey
Device A:Galaxy S4 B:Xperia A
Interview period 2weeks from the end of Oct.2013
Num. of users 221 473
Logging period 1month from the mid. of Nov.2013
Num. of users 112 279
Log amount(man-day) 3136 7812
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Figure 1: Age distribution of users
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Figure 2: Sex distribution of users
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Figure 3: Area distribution of users
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Figure 4: Occupation distribution of users

3.2.2 Other survey items

We summarize the survey items other than the demo-
graphics below.

Figure 6 shows the percentage of the share of Home ap-
plications, which means home screens where shortcut icons
of other applications are placed. On both devices, prein-
stalled home applications were used by more than half the
users. However, the post-installed home application (’other’
in Figure. 6) occupies about 30% on Device A, but only
9.3% on Device B.

Figure 7 shows usages of the Screen Unlock Types. About
80% of users activate the screen lock in some way, and
swipe/touch occupies the greater part.

Periodic Application Update, shown in Figure 8, is the
automatic update for the handset vendor’s own applications.
This configuration is activated by about half the users.

Location Service in Figure 9, which must be ’configured
allow’ for location-based applications to obtain the current
location of users, is permitted by about 60% of users on both
devices. Moreover, using Wireless Network shown in Fig-
ure 10 is an optional configuration of the Location Service,
which enables quick location detection using the information
of wireless base stations[7]. using GPS shown in Figure 11
is another optional configuration. It enables location detec-
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Figure 5: The number of devices owned by each user
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Figure 6: Usages of Home applications
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Figure 9: Usage of Location Service conf.

tion using the device’s GPS. About 60% of users activate the
former, while only about 30% users activate the latter. Ac-
cording to the supplementary interview, 50% of users switch
the GPS setting to ON as needed.

As mentioned above, the location-related configurations
are initially deactivated and cannot be changed automati-
cally by applications to protect users’ privacy. Therefore,
although many location-based services are being released,
they may fail to reach 30% of the users unless this fact is
considered. The services may fail due to insufficient accu-
racy depending on the GPS setting.

3.2.3 Application Usage

In this subsection, we study general features of each ap-
plication usage using the application usage log. We focus
on

• Total usage time of each application

• Average daily usage time of each application

We identified 3339 applications from the data. The ”usage”
mentioned here means only the active application in the
foreground that the user can interact with. Moreover, we
also assessed the usage differences depending on the power
state, which means battery-powered (discharging) and USB-
powered (charging), using the battery state log.

The rest of this paper focuses on device B as it was used
by more subjects.

Tables 2 and 3 show the total usage time of each appli-
cation in the battery-powered state and the USB-powered
state. In both states, Browser usage time was the longest
followed by Home, Messenger, Mail. All are much longer
than the others. Moreover, the data reveals that Messen-
ger has already become a major human-communication tool
compared with Mail and Phone call. And also, game appli-
cations occupy five of top 20, though the number of users is
not so big, at most 41 users.

In addition, the interesting feature for the USB-powered
state is, as marked in Table 3, that long-term applications
(e.g. Video viewer 1) occupy higher ranks than is true for
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Figure 10: Usage of ’using Wireless Network’ op-
tional conf.
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Figure 11: Usage of ’using GPS’ optional conf.

Table 2: Total usage time of each
application(battery-powered) - Top 20 long us-
age applications

No. Application Unique
User

Total usage time
hh:mm:ss

1 Preinstalled browser 267 4191:12:43
2 Preinstalled home 1 164 1216:35:23
3 Messenger 202 1159:40:30
4 Mail 278 1133:54:54
5 Preinstall home 2 123 789:46:01
6 Puzzle game 1 43 479:08:16
7 Browser 1 150 470:59:14
8 Web portal 108 453:19:06
9 SNS1 151 402:41:21
10 Phone call 276 354:17:55
11 Puzzle game 2 26 343:02:26
12 Twitter client 61 283:11:13
13 SNS2 15 226:59:36
14 Puzzle game 3 42 218:36:15
15 Puzzle game 4 29 195:43:32
16 Puzzle game 5 38 192:00:07
17 Online video viewer 175 190:50:48
18 Photo album 247 136:39:56
19 Puzzle game 6 3 112:16:05
20 Textboard viewer 14 108:40:41

battery-powered state. A few minor applications such as
Slideshow are shown in the table due to a few extremely
heavy users.

Next, we study the average daily usage time per person
for the top 25 applications in order of the number of users as
shown in Table 4. Although it could be said these are typical
applications, according to the table, all are, excluding No.10,
17 and 25, applications preinstalled on the device. The three
applications are top-hits all over the world, but few other
applications are competitive with the preinstalled ones.



Table 3: Total usage time of each application(USB-
powered) - Top 20 long usage applications

No. Application Unique
User

Total usage time
hh:mm:ss

1 Preinstalled Browser 248 957:39:52
2 Preinstalled Home 1 162 805:58:07
3 Preinstalled Home 2 116 663:53:53
4 Messenger 193 268:01:01
5 Mail 271 211:53:56
6 Slideshow * 9 208:39:57
7 Browser 1 93 134:34:15
8 Video viewer 1 * 7 115:39:28
9 SNS2 11 104:15:44
10 Web portal 91 96:23:57
11 RPG game 1 95:04:22
12 Media player * 38 93:10:21
13 Exchange trading * 1 91:57:42
14 Screensaver * 1 90:58:01
15 SNS1 105 85:03:34
16 Twitter client 2 * 1 81:49:43
17 Puzzle game 1 41 81:25:59
18 Alarm clock * 172 68:10:10
19 Online video viewer 87 66:03:47
20 Twitter client 1 53 65:03:29

3.2.4 Categorized Application Usage

As mentioned in the previous subsection, we confirmed not
only the usage of typical applications used by a lot of users
but also that of long-term applications used by a few users
through an in-depth analysis of application usages. That is,
there could be diversity in the usage patterns as combina-
tions of the applications. However, it is next to impossible
to analyze the immense number of the combinations at the
application-level; 3339 applications were identified from the
usage log. Therefore, we analyze the application usage time
at the application category-level to develop a bird’s-eye view
of the feature of the overall application usages.

We categorized the applications as follows.

1) Categorize according to Google Play categories

2) Make applications that are used by many users for long
periods independent categories

3) Manually categorize any remaining uncategorized appli-
cations whose usage time is extremely long into the
existing categories

In step 1), we adopt 30 categories after subdividing the
original Game category into 7 subcategories, according to
Google Play as of Jan.,2014.

The reason for step 2) is that major and often-used appli-
cations determine the essential characteristics of the existing
categories. Step 2) yielded 26 independent categories.

In step 3), 24 uncategorized applications were categorized
into the existing categories.

Based on the procedure above, we define 57 categories
including the other (uncategorized) as shown in Table 5.
The categories under the 11th row are defined in step 2).

Figure.12 shows category-based total usage time. We can
see other application usages that couldn’t be shown in Table
2, for example, News/Magazines, Shopping and so on.

Table 4: Average daily usage time for each user -
Top 25 major applications

No. Application Unique
User

Total usage time
hh:mm:ss

Median

1 Mail 278 00:11:05 00:04:25
2 Phone call 277 00:04:54 00:01:29
3 Google Play 276 00:02:26 00:00:49
4 Camera 273 00:01:57 00:00:37
5 Configurations 273 00:02:07 00:00:26
6 Preinstalled browser 269 00:48:34 00:21:38
7 Photo album 248 00:03:08 00:01:17
8 Web portal 2 245 00:02:05 00:00:39
9 Alarm clock 206 00:02:16 00:00:31
10 Messenger 203 00:18:29 00:09:18
11 Schedule 193 00:02:21 00:00:44
12 Map 191 00:06:46 00:02:15
13 Online video viewer 183 00:16:40 00:05:14
14 Preinstalled home 1 167 00:27:42 00:13:13
15 Calculator 156 00:03:16 00:00:56
16 Browser 1 153 00:22:04 00:07:48
17 SNS1 151 00:12:08 00:06:09
18 Auto. App. Update 148 00:01:54 00:00:22
19 Mail 2 143 00:04:05 00:01:48
20 Video viewer 2 127 00:04:07 00:00:54
21 Web search 124 00:02:21 00:01:05
22 Preinstalled home 2 123 00:28:06 00:12:17
23 Music player 1 119 00:03:33 00:01:02
24 Media player 112 00:23:24 00:03:12
25 Web portal 1 109 00:17:35 00:05:43

Table 5: Application categories
Application Categories

Lifestyle Personalization Productivity
Weather Photography Game Music

Entertainment Tools Communication
Social Comics Game Casual

Game Sports Media Video Books Refference
Finance Game Casino Travel Local

Game Arcade Action Shopping Transportation
Game Puzzle Sports Game Racing

Libraries Demo Business Education
Health Fitness News Magazines Medical

Camera Map Phone call
Google Play Mail Calculator

Online video viewer Web portal 1 Schedule
System Browser Agent 1

Preinstalled home Configuration Calendar
Data Backup Music Player 1 Virus scan
Web portal 2 Clock Agent 2

SNS1 MMS Restaurant review
Messenger Home The others

4. ANALYSIS OF

SMARTPHONE USAGE MODEL
The previous section presented categorized application us-

age time to study the tendency of application usages as a
whole. In this section, we derive the usage patterns, the
combination of multiple applications (the categories), based
on cluster analysis. We then present the patterns explained
with their features as our smartphone usage model.

This time, the target of our modeling is ”daily usage”with-
out identifying each user for the following reasons; 1) almost
all people follow a similar daily life cycle. 2) even the same
person may exhibit in a different life pattern depending on
the day such as weekdays/weekend. We evaluate the hy-
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Figure 12: Category-based Application Usages

pothesis of 2) at the end of Section 4.

4.1 Classification of Daily usage patterns

4.1.1 Explanatory variables for the cluster analysis

To classify daily usage by cluster analysis, we defined the
following explanatory variables for each daily usage. The
dataset of variables holds 7784 data points, which equals
the number of the target days analyzed.

1) Categorized application usage time (56 variables)

2) Device working time while display is OFF

3) Display brightness

56 Variables associated with 1) were defined based on the
application categories in Section 3 excluding ”The other (un-
categorized)”. In addition, values of the variables were nor-
malized and log-transformed due to the skewed distribution.
We also defined two more variables for 2) and 3) to offset the
lack of each application’s own features due to the abstrac-
tion from application-level to category-level as demanded by
the definition of 1). The concrete reasons are as follows. Ac-
tually, the application usage(working) time consists of not
only the period in the state of display ON, which users rec-
ognize visually as their usage time, but also another period
where the application is running in the background, espe-
cially in the state of display OFF. We note that the display
brightness is a system-level common configuration; each ap-
plication can change the brightness level in the foreground
(while it occupies the display) to suit the contents being
displayed. These are very important factors when, for ex-
ample, we tackle the challenge of optimizing battery usage
on devices. However, such application-specific features are
lost due to the definition of variables of 1). Therefore, we
additionally defined variables 2) and 3) so that model can
consider such features of device resource usage.

4.1.2 Result - clusters

We present the result of the cluster analysis performed on
the dataset shown in 4.1.1. As shown in Table 6, we tried
7 patterns of k-means clustering by changing the number of
clusters from 4 to 10.

Table 6: The member composition ratio between
clusters

Composition The number of clusters(k)
Ratio(%) 4 5 6 7 8 9 10

C
lu
st
e
r
N
o
.

1 32.2 30.1 22.9 21.9 19.3 16.9 16.3
2 24.2 21.1 18.7 17.9 16.2 15.4 15.0
3 24.2 17.6 17.3 16.7 15.7 12.8 11.3
4 19.5 15.9 15.1 14.7 13.6 11.9 11.1
5 15.2 14.6 14.4 12.3 11.3 10.3
6 11.4 10.8 10.2 10.3 9.4
7 3.7 9.0 9.6 8.0
8 3.7 8.0 7.5
9 3.7 7.4
10 3.7

Table 7: Transfer rate of cluster members by chang-
ing k from 5 to 6

Transfer Source Cluster No. (k=5)
Rate(%) 1 2 3 4 5

D
e
st
.

C
lu

st
e
r

N
o
.
(k

=
6
)

1 69 5 1 4 1
2 0 88 0 0 1
3 0 0 98 0 0
4 0 0 0 94 0
5 0 0 0 0 95
6 31 7 1 1 2

Table 8: Transfer rate of cluster members by chang-
ing k from 6 to 7

Transfer Source Cluster No. (k=6)
Rate(%) 1 2 3 4 5 6

D
e
st
.
C
lu
st
e
r

N
o
.
(k

=
7
)

1 95 1 0 0 0 0
2 0 93 0 0 0 4
3 0 0 96 0 0 0
4 0 0 1 96 0 0
5 0 0 0 0 96 1
6 0 0 0 0 0 93
7 4 6 2 2 3 2

Although it is difficult to determine an overall most ap-
propriate number of clusters (k), we focused on the clusters
with k=5 and 6 based on the idea that no cluster should be
greater larger than or smaller than any of the others.

Next, to determine which cluster set is appropriate, we
inspected how many cluster members with k=5 belong to
the clusters with k=6. As shown in red in Table 7, there was
no big difference other than the members of source cluster
1 were divided into destination clusters 1 and 6.

Furthermore, focusing on member transfer between the
source(k=6) and the destination(k=7) in Table 8, a few
members of each source cluster constitute a new small des-
tination cluster 7.

As mentioned above, we determined the appropriate num-
ber of clusters to be 6, in the other words, there are 6 kinds
of smartphone usage models.

4.2 Analysis of each cluster’s features
In this subsection, we characterize each smartphone us-

age pattern. Table 9 shows cross tabulation values, i.e., the
daily average values of categorized application usage time,
display brightness, battery usage and so on cluster by clus-



Table 9: Features of each cluster

Table 10: Summary of cluster features

ter. That is to say, the table itself shows the raw features of
each usage pattern. In addition, the categorized usage times
in red/blue are relatively longer/shorter compared with the
other cluster.

The light-use cluster, which the total application usage
time is the shortest, is cluster 6 for about one hour and 20
min. On the other hand, the heaviest-use cluster is cluster 5
followed by cluster 4. Their total time is about four to five
hours a day.

The cluster with the highest display brightness is cluster
3. This cluster follows cluster 4 in terms of total usage time.
This is reasonable as cluster 3 includes Puzzle games.

Cluster 5 consumes most battery energy, while cluster 6
consumes the least. This is because of the difference in total
use time.

Table 10 summarizes the features of each cluster.
Cluster 1 can be called middle-use in terms of total usage

time. however, long usage in every category is not confirmed.
To stretch a point, the usage of the Tools category is long.
Its particular feature is that there is little usage of the major
and the long-used applications such as Messenger and SNS1

in the top 25 in Table 4.
Cluster 2 is middle-use as is cluster 1, which is characteris-

tic of Messenger and SNS1 from the viewpoint of application
usage compared with cluster 1.

Cluster 3, as mentioned above, is characterized by the
usage of games and display brightness.

Although both cluster 4 and 5 are characterized as heavy-
use, they have different features from the viewpoint of ap-
plication categories. cluster 4 is characterized by the usage
of Home, Mail and Social categories, while cluster 5 is char-
acterized by the usage of Game Casual/Arcade/Action and
Communication categories. Moreover, the battery usage of
cluster 5 is higher than that of cluster 4. Therefore, the
difference in the categories could affect the battery usage.

Cluster 6 can be called the lightest-use group as mentioned
above. To stretch a point, the Comics category is relatively
long usage.



4.2.1 Demographics of each cluster

We present the demographic features of each cluster ex-
tracted by the cross tabulation analysis. As mentioned above,
the result of the cluster analysis is the classification of daily
usage, that is to say dates of use. Therefore, to derive the
demographic statistics of each cluster, we count the demo-
graphic values of each user according to the dates of use.

Figure 13 shows the age distribution of each cluster. Fo-
cusing on clusters 1 and 6, users over the age of 40 were
active 70% of the dates. In the case of clusters 2, 3, 4 and
5, users under the age of 40 were active in each cluster on
more than half the dates. Therefore, the age distributions
of the clusters differ little.

Figure 14 shows the sex distribution of each cluster. In
the cases of clusters 1and 6, male users were active on the
majority of use dates, while female users were most active
for clusters 2, 3, 4 and 5. The sexes exhibit different distri-
butions in the clusters.

Figure 15 shows the residential area distribution of each
cluster. As shown in Figure 15, there is no unique asso-
ciation between clusters and residential areas because the
distributions of each cluster are almost the same. To stretch
a point, Kinki (area) has slightly higher ratio than the others
in cluster 2.

Figure 16 shows the occupation distribution of each clus-
ter. As is true for the residential area distribution, there is
little difference among the clusters. A small feature is Stu-
dent has lower ratio for clusters 1 and 6 than the others.
This is because that the ratio of users under the age of 30 is
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Figure 13: Age distribution of each cluster
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Figure 14: Sex distribution of each cluster

very low in clusters 1 and 6 as shown in Figure 13.

4.2.2 Diversity in Usage Patterns of each user

As mentioned at the beginning of Section 4, we assumed
that even the same user may use his/her smartphone in dif-
ferent ways (patterns) depending on the day. In order to
validate this hypothesis, we study the number of usage pat-
terns of each user, that is the number of clusters to which
each user belongs (described Nc in the following). Figure
17 shows the user distribution of each Nc. We count Nc of
each user and assign them to two groups if they meet two
conditions: the number of the days using the same cluster
is 1) one day or more, and 2) four days or more.

Focused on the distribution of 1), the number of usage
patterns is at most three for 90% users. However, Nc in
this case may be indicative of extremely-exceptional pat-
terns which occur infrequent in the logging period, about
one month. Therefore, we also study the distribution of 2)
to confirm only typical usage patterns. Here, the number of
usage patterns is at most two for 90% of the users.

Next, we confirm how many combinations of the typical
patterns are adopted by each user. Table 11 shows the fea-
tures of the top five combinations of the typical usage pat-
terns. Take, as an example, the combination of cluster 1
and 2, both of them are middle-use pattern; they differ as
in whether the Messenger application is used or not. In this
way, we can see that there exist specific common features in
the major combinations.
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Figure 15: Residential area distribution of each clus-
ter
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Figure 16: Occupation distribution of each cluster
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Figure 17: The number of usage patterns for each
cluster

Table 11: The common combinations of the typical
usage patterns

No. Combo1 UU2 Common
features

Difference

1 C1 & C2 24 Middle-use <Messenger usage>
C1:rarely,C2:often

2 C1 & C6 22 Light-use <Browser usage>
C1:1hour,C6:1min.

3 C1 & C4 14 <Browser usage> C4:long usage of Mail
50min. &Social categories

C4:100min. longer to-
tal usage time

4 C3 & C5 10 Heavy-use C5:long usages of the
Long usage of
Puzzle game

other kinds of Game

5 C2 & C3 7 Middle-use C2:long usage of
Browser&Messenger
C3:long usage of Puz-
zle game

1 combination of usage patterns(cluster#s)
2 The number of unique users

5. CONCLUSIONS
In this paper, we presented a smartphone usage model

based on a survey of actual users and usage log collection
from the devices of the actual users. Based on cluster analy-
sis using 58 explanatory variables such as categorized appli-
cation usage time, we derived six daily usage patterns and
studied their features including demographics. Moreover,
focusing on the diversities of typical usage patterns of each
user, we found out almost all users employ their smartphone
in at most two patterns depending on the day.
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