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Abstract
In the past decade, mobile app usage has played an important role in our daily life. Existing studies have shown that app usage
is intrinsically linked with, among others, demographics, social and economic factors. However, due to data limitations, most
of these studies have a short time span and treat users in a static manner. To date, no study has shown whether changes in
socioeconomic status or other demographics are reflected in long-term app usage behavior. In this paper, we contribute by
presenting the first ever long-term study of individual mobile app usage dynamics and how app usage behavior of individuals is influenced by changes in socioeconomic demographic factors over time. Through a novel app dataset we collected,
from which we extracted records of 1608 long-term users with more than 3-year app usage and their detailed socioeconomic
attributes, we verify the stable correlation between user app usage and user socioeconomic attributes over time and identify
a number of representative app usage patterns in connection with specific user attributes. On the basis, we analyze the longterm app usage dynamics and reveal that there is significant evolution in long-term app usage that 60–70% of users change
their app usage patterns during the duration of more than 3 years. We further discover a variety of app pattern change modes
and demonstrate that the long-term app usage behavior change reflects corresponding transition in socioeconomic attributes,
such as change of civil status, family size, transition in job or economic status.
Keywords App usage · Long-term analysis · Economic attributes · User study

1 Introduction
In the past decade, mobile app usage has played an important role in our daily life. Recent estimates suggest that
people spend over 3 h each day on mobile phones (Meeker
and Wu 2018), with approximately 90% of this time spent
with mobile apps (Lipsman and Lella 2017). This ubiquity of mobile app usage provides an opportunity to study
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and understand human behavior at an unprecedented
scale through information garnered from mobile devices
(Almaatouq et al. 2016; Peltonen et al. 2018; Malmi and
Weber 2016; Seneviratne et al. 2014). Besides offering information on human behavior, understanding mobile app usage
is also essential for mobile developers, service providers and
other stakeholders (Zuniga et al. 2019; Aggarwal et al. 2014;
Sigg et al. 2019). Having a better understanding of mobile
app usage is also paramount to delivering better personalized
services, advertisements, and recommendations (Park et al.
2007; Shi and Ali 2012; Lin et al. 2013; Cao et al. 2018b),
and serves as essential input for mobile analytics (Zuniga
et al. 2019; Sigg et al. 2019).
The growing importance of mobile app usage has been
driving research into understanding factors that govern it.
Several studies have investigated the relationship between
mobile app usage and demographic attributes, demonstrating that factors ranging from cultural dimensions to socioeconomic attributes affect app usage (Peltonen et al. 2018;
Falaki et al. 2010; Rachuri et al. 2014; Do et al. 2011).
While these studies offer insights into the relationships
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between demographics and app usage, a significant limitation is that they have only considered short time spans.
As a matter of fact, most studies consider data collected
from periods shorter than a year, thus unable to investigate
how socioeconomic demographics influence a user’s app
usage behavior in the long term. Specifically, when a user
changes some of his/her demographics over time, will his/
her app usage behavior change correspondingly? For the
long-term evolution of individual’s app usage behavior and
corresponding socioeconomic demographics, so far rare
study has explored this important issue. The only exceptions have been studies aiming at understanding evolution
of individual apps (Lin et al. 2018; Shameli et al. 2017;
Althoff et al. 2017), but no study has examined the longterm characteristics of mobile app usage as a whole.
To shed lights on this question, in this paper we contribute by conducting the first ever long-term study on
mobile app usage based on more than 3 years of app
usage data from 1608 users from more than 40 countries
all around the world. In terms of data scale, it’s several
orders of magnitude larger than that in previous works
(Kang and Jung 2014; Lim et al. 2015). In addition, our
dataset is complemented with an online survey of user
demographics that 3303 app users have reported their
detailed demographics, i.e., age, gender, household, education, occupation, salary, savings and debt. Based on
the dataset, we first analyze the stability of user behavior
over time, demonstrating that most users (approximately
70%) indeed change their app usage in the long-term, but
the relationship between demographic attributes and app
usage remains stable over time. To understand dynamics
in mobile app usage, we develop a novel methodology for
identifying change modes in mobile app usage. By correlating extracted change modes with varying user attribute
status, we demonstrate that these app usage changes can
be (largely) explained by changes in demographic attributes, such as changes in civil status, job, family size, or
income. Further, we use our model to explain changes
occurring during the 3+ year period our data spans, offering new insights into how mobile app usage evolves in the
long-term.
We summarize our work’s contribution in the following
three aspects:
– We present the first ever long-term study (more than 3
years) of mobile app usage behavior, and reveal how
usage patterns are influenced by changes in demographics, and particularly changes in socioeconomic status.
– We develop a novel framework to capture and model
correlation between app usage patterns and specific
user groups with over 80% prediction accuracy, which
enables us to further identify representative change
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modes of app patterns in connection with changes of
socioeconomic status.
– Analysis of our long-term app dataset reveals some interesting phenomena. First, 60–70% of users do change
their category-level app usage patterns in the long run,
though a user usually keeps a stable pattern for a period
of time with the socioeconomic status. Second, long-term
changes predominantly reflect corresponding changes in
socioeconomic status, such as changes in civil status,
family size, transitions in job or economic status.
The structure of this paper is as follows. Section 2 describes
the background of our research. Section 3 introduces the
dataset and introduces methodology. Section 4 demonstrates
long-term app usage behavior and its relationship with user
social economic demographics. Section 5 reveals the dynamics of long-term app usage and the drivers behind. Finally,
Sect. 6 discusses the implication and application of our work
and Sect. 7 provides the conclusion of the paper.

2 Background
In this section, we introduce the background of our study and
define our research question and hypotheses.

2.1 App usage modeling
To understand smartphone app usage patterns, existing work
focus on different aspects of them from different angles.
For example, Falaki et al. (2010) studied the number of the
daily interactions of individuals with various apps, Li et al.
(2015) investigated the different download and usage modes
of different apps. Besides, Ferreira et al. (2014) and Do et al.
(2011) investigated how app usage varies with different contexts. Tu et al. (2018) measured the uniqueness of mobile
app usage behavior considering spatial and temporal context
information. Other works (Ferreira et al. 2014; Huang et al.
2012; Leroux et al. 2013; Liao et al. 2013; Shin et al. 2012)
focused more on the prediction of app usage by studying
how to predict which apps users are likely to install or visit.
Xu et al. (2011) identified traffic from distinct marketplace
apps and presented statistic results on their spatio-temporal
prevalence and correlation. In addition, existing works have
also payed attention to identify various app usage patterns:
Jones et al. (2015), Cao et al. (2018a) studied how often individuals revisit a specific app and Rachuri et al. (2014) discovered the pairwise apps that were frequently used together.
Furthermore, existing works also tried to understand the different characteristics of different user groups on app usage.
Zhao et al. (2016) grouped smartphone users by their different app usage behaviors, and Blaszkiewicz et al. (2016) differentiated smartphone users by their installed Top-60 apps.
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However, all these existing works leverage short-term
data, which makes it hard to study long-term app usage
patterns of mobile users. In this study, taking advantage
of a novel dataset that tracks user app usage for more than
3 years, we provide the first glimpse into the long-term
dynamics of user app usage behavior. Specifically, we aim
to answer the following research question: What patterns
do individual’s app usage behavior demonstrate in the
long term? And what are the drivers behind them?

2.2 Long‑term behavioral pattern analytics
There has been a rich literature on analyzing long-term
human behavioral patterns. Contrary to short-term phenomena, human behavior in the long run are found to be
dynamically evolving Cooper et al. (2007) rather than
stable, supported by theories and empirical evidence
in various settings. For instance, in online communities, users are found to demonstrate linguistic variation
(Danescu-Niculescu-Mizil et al. 2013; Ros et al. 2011),
changes of roles (Yang et al. 2019; Preece and Shneiderman 2009), emergence of convention (Kooti et al. 2012),
churn behavior (Dror et al. 2012), and forming activity lifespans (Yang et al. 2010; Ducheneaut et al. 2007;
Hata et al. 2017). Longitudinal studies in medical science (Gordon-Larsen et al. 2004; Telama et al. 2005) and
social science (Coie and Dodge 1983; Ollendick et al.
1992) have also demonstrated the evolving nature of longterm human behavior.
However, there are only a few works analyzing longterm behaviors of smartphone users to the best of our
knowledge. Lin et al. (2018) studied how users engaged
on a health app for about 31 months and demonstrated
user’s “multiple lives”, where most of users turn back
to use this app after a long period of inactivity. Shameli
et al. (2017) analyzed 1-year user records on an activity
tracking app, and found the app’s gamification affects
user physical activities. Althoff et al. (2017) discovered
that the social networking behavior on the same app promotes the increase of user online and offline activities. A
recent work Li et al. (2020) studied evolution of user app
usage diversity over time. However, these line of works
are generally limited to analyzing user behavior on a single app. Different from them, we aim at providing a comprehensive view on how individuals use different kinds
of apps over time.
Based on existing findings of user long-term behavior
in these various settings and observed user behavior on
single app, we make the following hypothesis:
Hypothesis 1 (H1) User app usage behavior evolves in the
long run.

2.3 Social demographic determinants of human
behavior
Social science theories have identified social demographic
factors as important determinants of human behavior (Skinner 1953; Zastrow and Kirst-Ashman 2006), and empirical studies in diverse fields have confirmed the close link
between social demographic attributes and user behavior
(Abrahamse and Steg 2009; Dong et al. 2016; Kalmus et al.
2011; Lenormand et al. 2015). Based on user behavior data
from different sources (e.g., communication, credit card
transaction, traffic, online social networks, wearable sensors), numerous attempts have been made to predict user
gender (Zhu et al. 2017), ethnicity (Pennacchiotti and Popescu 2011), age (Felbo et al. 2016), profession (Xu et al.
2018), living pattern (Cao et al. 2019), income (Sundsøy
et al. 2016), employment status (Almaatouq et al. 2016),
financial well-being (Singh et al. 2015), social relationship (Eagle et al. 2009), etc. Studies have also shown that
user behavior change is linked with change in his/her social
demographic status (Jessor and Jessor 1977; Moffitt 2017;
Ollendick et al. 1992).
Previous works have also demonstrated the strong correlations between user app use behavior and user demographic attributes. Malmi and Weber (2016) found that app
usage behaviors between user groups with distinguished
demograpghics had some differences, and further proposed
a method to predict users’ race, age and income, extending
earlier works by Seneviratne et al. (2014, 2015). The impact
of country and demographic factors’ on app category usage
has also been studied recently Peltonen et al. (2018), where
the authors found that geographic boundaries and users’
language and profession, affect app category usage patterns
significantly more than commonly used attributes, such as
gender and age. However, while these studies have explored
the link between mobile app usage and demographics, no
study has examined the stability of this relationship in longterm app usage. We hypothesize that this link remains stable
over time, unless the user transitions from social group to
another (i.e., socioeconomic demographics change). Specifically, we hypothesize:
Hypothesis 2 (H2) App usage patterns reflect, and are influenced by socioeconomic status, and remain stable unless
socioeconomic status also changes.
Hypothesis 3 (H3) Significant changes in long-term app
usage behavior occur in correspondence with changes in
user social and economic demographics.
To test our hypotheses, we collected a long-term app
usage dataset of more than 3 years and carried out an
online survey about user socioeconomic attributes. To test
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hypothesis H1, we study whether individuals change their
usage pattern in the long term. While for hypothesis H2 and
H3, we propose a framework to capture and model correlation between app usage patterns and specific user groups,
which enables us to identify representative change modes
in connection with socioeconomic status.

3 Dataset and method
3.1 Data collection
To study the long-term individual app usage behavior, we
have instrumented a popular mobile energy-awareness app
to continuously collect app usage data for almost seven years
from 1st January 2012 to 25th August 2018. The app collects measurements every time the phone battery increases
or decreases by 1% of the whole power. Each record contains the battery level, complete list of running apps, a randomly generated user identifier, timestamp, and time zone.
Up to now, we have gathered users from around 200 countries or geographic areas and more than 100,000 apps in 36
categories.
Users are identified by a unique, randomly generated
identifier assigned to each installation of the app at install
time. Therefore, users who uninstall and reinstall the app
are considered new users. Long-term users that we study
were therefore users of the same device with the same

Fig. 1  Basic statistical information of users and periods in our
long-term app usage dataset
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installation of the app for a prolonged time. In addition,
answers from survey users described below can be used to
group those users who changed devices or reinstalled the
app, but answered the survey on both devices. Since different
users begin to use this app at different times and keep it for
different time periods (i.e., ranging from a couple months
to years), to facilitate our long-term study, we select user
records with more than 3-year record history (because
users may join in and leave in ), and obtain a large-scale
usage data with 1608 users globally (we call them long-term
users) with app usage history of ranging from 3 to 7 years.
We first show the basic statistical information of users
and periods to illustrate data quality. In Fig. 1a, b, we plot
the Cumulative Distribution Function (CDF) of the number of records and apps per user. From the figure, we can
observe that top 20% users have more than 220,000 records
and top 40% users have more than 95 distinct apps. In addition, the number of records and apps per month are shown
in Fig. 1c, d. From the results, we can observe that there are
a million records and 1000 apps on average, and the two
curves are relatively stable. This demonstrates that our data
is continuous, and record coverage is high over the entire
duration of the long-term dataset.
Apart from user app usage records, we also conducted an
online survey to collect the socioeconomic attributes of the
users. The survey started in July 2016 and ended in February 2017 (i.e., 8-month duration). In total, 3303 users (we
call them survey users) participated in our online survey and
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provided eight attributes: gender, age, household, education,
occupation, salary, savings, debt. In addition, the app usage
data of these users has been also collected, though the durations of these app usage records are not as long as long-term
users’. According to our statistical result, among the durations of the survey users’ app records, the largest is 6 years,
and 50% of them are more than 10 months. Fortunately,
there are 324 users (i.e., 20% of long-term users) existing in
both long-term users and survey users simultaneously, which
helps us to better study the relationship between users’ app
usage behaviors and their socioeconomic attributes.
In summary, our long-term app usage dataset is very
dense and of high quality, and the online survey collects
user fine-grained socioeconomic attributes, which provides
us a unique opportunity to explore and understand long-term
app usage dynamics with social and economic factors.
Ethical considerations We are aware of the privacy implications of using individual app usage data for this work.
When dealing with such sensitive dataset, we have taken
careful actions due to ethical considerations. User data was
identified by a randomly generated identifier when the app
was first installed. We have informed the mobile users of
the data collection procedures and received their consent
before this study. In addition, the online survey was conducted through the app, without revealing personally identifying information. Participants are voluntary to submit the
online survey after being informed about the data collection
purpose for only academic research. As for data storage, all
the data are stored in a local and secure server behind a firewall, which is protected by strict authentication mechanisms.
In other words, only researchers after signing a strict nondisclosure agreement can have the right to process this data.
At last, this study has been approved by our local institution.

3.2 Identifying the long‑term app usage changes
In this paper, we aim to answer the research question of what
patterns app usage behavior demonstrates in the long term
and what’s the drivers behind. In order to answer it, we need
to know whether individuals change their app usage pattern
in the long term, and how the changes look like. Therefore,

one natural solution is to learn the usage pattern in each
period (i.e., short term) and then compare the same user’s
patterns at different period (i.e., long term) to detect whether
changes happen. To achieve this goal, we propose a framework to first model typical app usage patterns based on user
attributes, and then predict individual app usage patterns
and corresponding attributes in all periods and detect their
changes in the long term, and finally identify representative
long-term change modes and explore the underlying reasons
in social and economic aspects.
Our proposed framework is shown in Fig. 2, which contains four modules: data pre-processing, user division, pattern prediction, change detection. After receiving the inputs
of mobile app usage data from survey users and long-term
users, our framework passes through all the modules and
finally outputs the discovered individual’s change modes,
including both corresponding app usage and demographic
changes. The details of each module are as follows:
Data pre-processing This module transforms the original
app usage records into weekly usage vectors, which can be
easily utilized by other modules. Formally, assume there are
N app users and the app usage records of user ui in the time
order are denoted as {rij }, where rij represents the j-th records
of user ui and each record contains timestamp, app and category information. Since our dataset covers about almost 7
years from 1st January 2012 to 25th August 2018, we divide
the whole time duration into 347 weeks and collect weekly
usage vectors for all the users. Specifically, since each user
only uses a small part of the whole app sets (i.e., more than
100 k), we adopt the app category information to form the
app usage vectors to avoid them to be too sparse. Again, for
user ui , his app usage vector for the k-th week is denoted as
represents the usage frequency
Vik = [v1ik , … , v36
], which vm
ik
ik
̃ik
of apps from the m-th category in that week. In addition, V
is the normalized usage vector.
In this way, we process the app usage records from longterm users and survey users into weekly usage vectors,
respectively. For 1,608 long-term users, we obtain the app
usage tensor V L = {VikL , k = 1, … , 347}, which serves as the
input of the third module pattern prediction. Since long-term
users have more than 3-year history, users may have some

Fig. 2  Our framework for identifying individual long-term app change modes
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empty weeks without any record (e.g, before joining the app
or after leaving the app). Thus we skip these weeks in the
following analysis. While for survey users, they answered the
online survey about their attributes during the period from
July 2016 to February 2017. In order to ensure an accurate
matching of specific demographic users and their app usage
behavior at that time, we check the answering time of each
user and only utilize the nearest half-year app usage records,
then we obtain the weekly app usage vectors for each user
to form the app usage tensor V S = {VikS , k = 1, … , 24} as the
input for next module user division. In addition, considering
social and economic attributes (i.e., household, education,
occupation, salary, savings and debt), we also form a user
attribute matrix D = {dij }, where dij represents the value for
the j-th attribute for user ui.
User division Based on app usage behavior and attributes
of survey users, this module aims to measure how social
and economic attributes influence the behavior, and further
extract typical app usage patterns and specific user groups
by appropriate user division.
First, we measure whether there are significant differences between user groups with different attribute status.
According to each attribute, we divide users into different
groups and compare their difference in app usage behavior
by conducting pairwise significance testing experiments
(Hochberg and Benjamini 1990). For example, for the j-th
attribute with Aj types of status, we calculate the average app
usage vectors weekly for group 1 and group 2, denoted as
ave
ave
ave
ave
{Vi,1
, … , Vi,24
|∀i, Aij = m1 }, {Vi,1
, … , Vi,24
|∀i, Aij = m2 }, m1
< m2 , 0 ⩽ m1 < Aj , 0 < m2 ⩽ Aj , where Vikave means the average app usage vector of that group for the k-th week, then
perform a paired t-test between them and by the output
p-value. By setting the significant level at 0.05, we measure
whether pairwise groups are significantly different.
Second, we extract typical app usage patterns from survey
users and obtain the corresponding user groups by appropriate user division. To make full use of user attribute information, we design a decision tree (Safavian and Landgrebe
1991) based user division method to group users by maximizing inter-group differences as much as possible. Originally, the decision tree is used for classification task by differentiating samples by choosing the most effective feature
with the largest information gain in every division step (Kent
1983). In our case, we want to differentiate users by app
usage behavior (a vector) rather than sample labels (a value)
and the features are user attributes. After each division, users
in the same subgroup become more similar and different
subgroups become more distinct. Step by step, we can get
more and more distinctive subgroups and extract typical app
usage patterns by the end of iteration. Compared with classical decision tree model, here we adopt a new “entropy”
metric for vectors and compute the information gain in a
different way. Specifically, we utilize KL-distance (Veldhuis
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2002), i.e., a common distance function comparing the difference between a target probability distribution Q and a
true probability distribution P, to compute the entropy of
vectors. The average distance between a number of vectors
is measured by the mean KL-distance between each vector
and the central vector. Accordingly, the information gain is
calculated as follows:
∑

Pi
,
Q
i
i
(
) ∑ |Cj | ∑ (
)
ave
ave
1 ∑
g(V, C) =
KL Ṽi , Ṽi
KL Ṽi , Ṽi
,
−
|C| i∈C
|C| i∈C
j

KL(P, Q) =

Pi log

j

(1)
̃
where Vi is the normalized average app usage vector for user
ave
ui , Ṽi means the normalized average app usage vector of
that group, Cj contains the user set of the j-th group divided
by the corresponding attribute, | ∗ | represents the size of set
∗. By adopting this modified metric, we compute the information gain after introducing each new attribute to divide
users before a new division. Then decide to divide users by
choosing the attribute with the maximum information gain,
unless the maximum information gain is negative or there
are too many small subgroups (i.e., more than 50% of subgroups with a size smaller than the threshold 10). When the
division finally stops, we obtain the central app usage vector
for each group as the typical usage pattern after filtering out
abnormal users. Further, we guarantee the accurate mapping
relationship of app usage patterns and corresponding attributes by performing an external prediction task to evaluate
its performance.
Pattern prediction Based on extracted app usage patterns and user groups, this module aims to label weekly app
records of long-term users (without attributes) with the most
similar usage pattern and the most likely attribute. Specifically, for user ui in the k-th week, we utilize the normalized
̃ik to compute the KL-distance with difapp usage vector V
ferent usage patterns, and assign it the nearest pattern and
attribute status accordingly. In this way, for each user, we
continuously predict his/her app usage and demographic
status in different weeks, i.e., the long-term individual app
usage patterns, which are the inputs of next module change
detection.
Change detection This module tries to detect long-term
app usage change modes and examines the correlation
with changes of social and economic attributes. Different from short-term app usage changes, long-term app
usage changes mean very stable changes of app usage
patterns, i.e., keeping one usage pattern for a long time
and then changing to another and keeping it again. Therefore, the most fundamental and meaningful template of
change pattern is AABB, showing that the user both keeps
the previous and present app usage pattern for more than
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one period (i.e., several months). Adopting this template,
we utilize the fundamental four-period sliding window to
detect whether there exist any pattern changes for longterm app users. Furthermore, we focus on a small number
of change modes with the highest occurrence frequency.
For those representative app change modes, we try to
understand what kinds of change do they have and why
they change in connection with the social and economic
attributes.
In conclusion, to explore and understand long-term
app usage changes, we collect a long-term app usage data
and fine-grained online survey about user attributes, and
propose a framework with four modules to identify longterm app usage behavior changes and correlate them with
changes of social and economic status. Based on the data
and proposed method, next we present our findings on
long-term individual app usage behavior.

4 Long‑term app usage and demographics
Studies on online behaviour suggest that human behavior is dynamically evolving in the long run (DanescuNiculescu-Mizil et al. 2013; Yang et al. 2019; Preece and
Shneiderman 2009; Kooti et al. 2012; Dror et al. 2012).
However, the extent at which this holds for mobile app
usage is less known due to the short time span of earlier
studies (Shi and Ali 2012; Lin et al. 2013; Zhang et al.
2014). In this section, we demonstrate that mobile app
usage indeed evolves in the long-term, and that the relationship between mobile app usage and social-economic
demographics remains stable across time.

4.1 User app usage behavior evolves in the long
term
First of all, we test our hypothesis H1, user app usage behavior evolves in the long term, at three levels of aggregated
behavior, individual behavior, and usage patterns.
First, based on our long-term app dataset, we analyze the
overall usage frequencies and monthly usage frequencies of
all the app categories. In Fig. 3a, we plot the overall usage
frequencies of top 20 app categories. From the figure, we
can observe that top 5 categories are game, social, lifestyle,
family and shopping, showing that mobile apps are used for
many user needs, such as communicating with others, online
shopping, having fun, and enjoying family life. Note that the
power-consuming app category game has the highest usage
percentage, probably due to our data collection method (i.e.,
taking a sample every time the battery level of the device
changes by 1%). However, such method has little biased
effect to the observation of the other app categories which
consume little power when being used. In addition, we plot
the monthly usage frequencies of 6 popular app categories in
Fig. 3b. From the figure, we can observe that the usage frequency of social apps decrease while the usage frequency of
lifestyle apps increase over time, showing diverse trends of
app usage behavior. More importantly, the usage frequencies
of all the categories change often, suggesting users change
their category-level usage behavior in the long-term.
Second, by conducting case studies of two randomly
selected users, we show the long-term app usage also
changes on the individual level. In Fig. 4 a, b, we plot the
app usage frequencies of ten most notable categories in different periods (i.e., neighboring periods are about half year
apart) of two users. For the first user, we can observe that
there are apparent usage changes in communication, music,
productivity and tools apps. For communication apps, the

Fig. 3  a The overall usage frequency of top 20 app categories in the long run. (2) The long-term changes of usage frequency for 6 popular app
categories
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Fig. 4  a, b Case study: two typical users’ app category usage frequency over the long term. c Distribution of users with different numbers of app
usage patterns in the long term, when considering different attributes

user first increases then decreases its usage frequency, while
productivity apps shows an obvious rise trend of usage frequency. Moreover, the other user also shows various category-level app usage behavior in different period, such as
business, communication and entertainment. Interestingly,
we can observe that the trends of business and communication apps are opposite, showing that if the user uses the
business apps more frequently, he/she also will decrease the
usage of communication apps in the long term. Such changes
could be the result of getting a new job and becoming busier,
thus decreasing the communication with others. As the two
case studies show, user app usage behavior evolves rather
than remain stable in the long run.
Third, we demonstrate long-term app usage patterns are
changing by counting the number of distinct usage patterns
each user demonstrates in the long term, obtained from our
framework. Specifically, by considering different attributes,
we obtain typical app usage patterns from survey users.
We predict long-term users’ app usage patterns in different periods (note that we will show the prediction’s reliability by evaluation in Sect. 4.2), then count the number
of distinctive usage patterns per user and plot the statistic
information in Fig. 4c. As shown in the result, considering occupation related usage patterns, we can observe that
only 29.75% of users have one usage pattern, which means
that about 70% of users have changed their usage patterns
in the long term. In addition, we can find that only a small
amount (19.38%) of users have more than 5 different patterns, suggesting that changes over the long term stay stable
for a significant amount of time. As for savings correlated
patterns, we see that only 39.68% of users have one pattern
and 60% of users evolve their app usage pattern in the long
run. Other attributes (salary, education, debt and household)
also reveal similar patterns. All the results clearly demonstrate that 60–70% of users do change their app usage pattern
in the long term (e.g., considering a long period of several
years). On the other hand, it’s worth noting that only a small
number of users change their patterns more than four times,
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indicating that app usage pattern remains largely stable
between changes, and these changes are significant events
in the dataset.
In short summary, through empirical measurement and
case study, we have clearly demonstrated that individuals are changing their app usage patterns in the long term:
different app categories demonstrate monthly usage frequency variation, and typical users drastically change their
category-level usage behavior in different periods. More
importantly, 60–70% of users are found to change their app
usage patterns during the time span of the dataset. Clearly,
consistent results have verified our hypothesis H1, user app
usage behavior evolves in the long term. Nevertheless,s only
a small number of users change their patterns more than
four times, indicating that app usage behavior remains stable between changes, and that these changes are significant
events in the dataset.

4.2 Relationship between app usage
and socioeconomic demographics
Based on app usage data and fine-grained demographic
labels from survey users, we further study the relationship
between app usage and different social economic attributes
so as to test hypothesis H2: app usage patterns reflect, and
are influenced by socioeconomic status, and remain stable
unless socioeconomic status also changes.
First, we compare the social economic attribute of users
across different app usage patterns. In Figs. 5, 6, 7, 8, 9, 10,
11 and 12, we plot the distribution of user attribute and app
usage behavior across different user groups for each of the
eight attributes collected from online survey.
– Gender As shown in Fig. 5a, the percentages of male and
female users are 89.26% and 10.74%. In Fig. 5b, for male
group and female group (the same user size after random
sampling to avoid bias from unbalanced distribution), we
plot the average logarithmic usage frequency of differ-
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Fig. 5  User distribution and app
usage comparison between user
groups with different genders

Fig. 6  User distribution and app
usage comparison between user
groups with different ages

Fig. 7  User distribution and app
usage comparison between user
groups with different household
attributes

Fig. 8  User distribution and app
usage comparison between user
groups with different education
levels
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Fig. 9  User distribution and app
usage comparison between user
groups with different occupations

Fig. 10  User distribution and
app usage comparison between
user groups with different salary
levels

Fig. 11  User distribution and
app usage comparison between
user groups with different savings

Fig. 12  User distribution and
app usage comparison between
user groups with different debt
levels
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–

–

–

–

–

–

ent app categories in a week. Different colors represent
different usage frequency, a blue color means a low frequency and a red color means a high frequency. From
the results, we can observe that female and male users
have very different app usage preferences. For example,
female users are more likely to use beauty and finance
apps, while male users have higher usage frequencies in
sports and dating apps.
Age Figure. 6a shows the distribution of users with different ages. In our dataset, there are five age groups:
18–24, 25–34, 35–44, 45–64, 65 and over, and the largest group is 25–34 with 29.52% of users. Also, Fig. 6b
demonstrates the comparison of average category-level
app usage frequency for those five groups. Clearly, we
can find that young users use dating and sports app more
frequently than old users, showing that users of different
ages tend to have distinctive app usage behaviors.
Household We have four user groups considering different household status: living alone, living with adult(s),
living with adult(s) and kid(s), living only with kid(s). As
shown in Fig. 7a, the largest group is living with adult
with 47.68% of users. In addition, Fig. 7b plots the app
usage differences of these four user groups. From the figure, we can observe that users living alone will use dating
apps more frequently to find for partners, and users living
with adult(s) and further living with adult(s) and kid(s)
will decrease the travel app usage a lot, for it is harder
to make travel plans for two users or even a family with
kids.
Education Considering education level, we have six
user groups: primary school, high school, trade school,
bachelor, master, PhD, and the largest group is bachelor
degree with 36.69% of users. Moreover, in Fig. 8b, users
of different education levels seems to have different app
usage patterns, such as PhD users use more communication apps but less sports apps than other groups.
Occupation There are twelve groups with different occupations. As shown in Fig. 9a, the largest three groups are
professional, technician, student with 36.31%, 15.08%
and 12.65% of users, respectively. In addition, from
Fig. 9b, we can find distinctive app usage patterns for
users of different occupations, like sales use business
apps more frequently for the need of his work.
Salary We have five salary levels: much lower, lower,
the same, higher, much higher, compared with the average salary level in the country where the user lives in.
As shown in Fig. 10a, the largest group is Higher with
36.24% of users. In Fig. 10b we can find that users with
a high salary seem to use more business apps and less
dating and video apps for they are busy with their work
and have less time to enjoy life.
Savings We obtain the savings level of users by asking
them how many months can you live on your savings if

you lose your job now? As shown in Fig. 11a, there are
five user groups: 0–1 months, 1–3 months, 4–6 months,
7–12 months, 12+ months, and the largest group is 12+
months with 28.19% of users. In Fig. 11b, we can see
that there exists some differences in app usage between
groups of varying savings level.
– Debt: In Fig. 12a, we have five levels of debt as proportion of monthly income of users: 0% debt, 1–10% debt,
11–25% debt, 25–50% debt, 51–100% debt, among which
the the largest group is 0% debt with 37.03% of users. In
addition, from Fig. 12b, we can observe that users with
debt will use less travel apps than users without debt in
order to reduce daily expenses.
Second, we conduct significance analysis (Hochberg and
Benjamini 1990) of app usage differences among different
user groups, i.e., to test whether one attribute has an impact
on app usage behavior. The results are shown in Table 1. For
eight attributes, we conduct all the pairwise significant difference tests by setting the significant level at 0.05. We find
that more than half of pairwise groups have significant app
usage differences with p-value < 0.05. For example, male
and female users have distinctive usage behavior, which is
consistent with above analysis of app usage comparison.
In addition, three attributes (i.e., debt, education, occupation) are very powerful (more than 80% significance ratio)
in influencing user app usage behaviors. What’s more, take
household for example, about 3 pairwise groups are shown
to be significant different in app usage behavior, and users
living only with kid(s) are quite different from users living alone (p-value = 0.0005), living with adult(s) (p-value
= 0.0035) and living with adult(s) and kids(s) (p-value =
0.0004), showing that household status does impact mobile
app usage behavior a lot. Obviously, all the significance
analysis has demonstrated that user app usage pattern is
influenced by the social and economic attributes.
Third, in order to model the correlation between app
usage pattern and attributes, as mentioned before, we use
the decision tree based model to extract typical app usage
patterns and specific demographic groups accordingly. In
order to evaluate the distinguishability of those usage patterns, we perform an external prediction task for labelled
survey users, i.e., predicting user attributes by finding the
most similar app usage pattern and adopting its attributes,
then evaluating its prediction performance by comparing
with prevalent methods Decision Tree (Safavian and Landgrebe 1991) and SVM (Support Vector Machine) (Cortes
and Vapnik 1995). Note that the latter one was also utilized by Seneravithe et al. to predict the user’s family size
according to his apps installed on the smartphone (Seneviratne et al. 2014). Based on our test result, as shown in
Table 2, our method can achieve over 80% accuracy in
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Table 1  Significance analysis
of app usage differences among
different user groups

Table 2  Attribute prediction
accuracy of our method

Attributes

Groups

Pairs

Significant Difference
(p-value < 0.05)

The most different pairs (p-value)

Gender
Debt

2
5

1
10

100%
90%

Education

6

15

86%

Occupation

12

66

83%

Age

5

10

60%

Household

4

6

50%

Salary

5

10

50%

Savings

5

10

50%

Female–Male: 0.0003
11–25% debt—26–50% debt: 0.2e–4
0% debt —26–50%: 0.0001
0% debt–51–100% debt: 0.0009
AtHome—Entrepreneur: 0.04e–4
Craft–Manager: 0.3e–4
Craft—Professional: 0.3e–4
AtHome—Entrepreneur: 0.04e–4
Craft—Manager: 0.3e–4
Craft—Professional: 0.3e–4
45–64–65 and over: 0.0067
35–44–45–64: 0.0094
18–24–25–34: 0.0118
With adult&kid—With kid: 0.0004
Alone—With kid: 0.0005
With adult—With kid: 0.0035
Much lower—The same: 0.0008
The same—Higher: 0.0013
Lower–Higher: 0.0062
4–6 –12+ months: 0.0006
4–6 to 7–12 months: 0.0050
0–1 to 4–6 months: 0.0251817

Prediction Accuracy

Debt

Educat

Househ

Occupa

Salary

Saving

SVM
Decision Tree
Our Method

0.371
0.619
0.832

0.347
0.663
0.832

0.477
0.672
0.835

0.340
0.601
0.830

0.362
0.696
0.860

0.281
0.607
0.823

predicting different attributes, which is higher than the
accuracy of SVM and Decision Tree methods. This further
demonstrates the stable correlation between category-level
app usage pattern and socioeconomic attributes. Therefore,
all the results clearly verify that user app usage pattern can
reflect user social and economic status.
In summary, through difference significance test among
different demographic groups and empirical performance
evaluation of prediction task, we have found that user app
usage behavior has a close relationship with demographics, social and economic attributes. According to our
study, social and economic attributes have an impact on
app usage that differences are found between user groups
with different demographics. In addition, we have demonstrated that our extracted app usage patterns are able
to distinguish different attributes by over 80% prediction accuracy, showing a stable correlation between app
usage and user attributes. Therefore, we verify hypothesis:
app usage patterns reflect, and are influenced by socioeconomic status, and remain stable unless socioeconomic
status also changes.
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5 Dynamics of long‑term app usage
The results in the previous section have demonstrated that user
app usage indeed evolves in the long run, but also remains
closely connected with social and economic demographics.
In this section we analyze reasons for changes in app usage
and demonstrate that they mirror changes in corresponding
demographics (i.e., social or economic status). More specifically, we demonstrate that we are able to identify representative change in app usage patterns and corresponding changes
of demographic attributes. By analyzing category-level app
usage changes and correlating them with attributes, we aim to
understand user long-term app usage changes and explore the
impact of different demographic attributes.

5.1 App pattern changes reflect social demographic
changes
We present representative long-term app behavior change
modes that are correlated with social demographic changes,
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including household, occupation and education attributes.
For each attribute, we choose one or two typical change
modes with the highest number of occurrences and show
their category-level app usage changes in Fig. 13. We term
these change modes 1–4.
First, change modes 1 and 2 in Fig. 13a, b) are correlated
with changing household status. As shown in Fig. 13a, it
shows the usage changes of different app categories when
the user undergoes a household transition from living alone
to living with adult(s), i.e. from single to being in a relationship. After the change, we can observe that the user uses
online shopping apps more frequently but uses social apps
less, possibly due to purchasing goods for two people and
more face-to-face communication with his partner. Further,
when a user living with other adult(s) starts to live with
kids(s), i.e. having a baby, the usage of health, shopping and
education apps all increased, typical for situations such as
the new parent learning more knowledge from those apps
to educate and care for his kid(s) as well as buying more
goods. Patterns 1 and 2 therefore seem to indicate (some
of the) typical behaviors associated with the corresponding
social demographic changes, such as changing civil status
and growing family.
We also demonstrate change modes 3 and 4 in Fig. 13c,
d), which have a close relationship with changes of occupation and education level. In Fig. 13c, reflects typical behavior

when a student graduates from school and cannot find a suitable job at first, his app usage may change a lot, i.e, using
the news apps more frequently to look for a job and turning
to finance apps for economic planning, while spending less
time on entertainment and social activity such as game and
social apps. Finally, change mode 4 presents the app usage
changes when a bachelor student becomes a PhD candidate,
as shown in Fig. 13d, the user increases the usage of travel
apps and decreases the usage of entertainment apps such as
music and lifestyle category. This change is exemplified by
a PhD student busy with starting a new research project and
traveling more for the need of attending conferences.
From these four long-term change modes, we clearly
demonstrate that changing civil status, growing family,
unemployment or pursuing a higher degree are associated
with distinct app usage changes in the long term. All the
results and analysis have shown that long-term app usage
patterns vary in correspondence with the change of social
demographics, including household, occupation and education level.

5.2 App pattern changes reveal changes
in economic conditions
After analyzing the impact of social demographics, we discuss representative change modes with a close relationship

Fig. 13  Illustration of representative long-term app usage
change modes correlated with
changes of social attributes
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with economic attributes, including salary, saving and debt.
Four change modes 5–8 are shown in Fig. 14. To begin with,
Fig. 14a, b present the changes with a salary rise, while the
main difference is the previous salary level. In other words,
we want to distinguish the impact of increasing salary from
a low level and increasing salary from a high level towards
long-term app usage changes. change modes 5 and 6 show
the app usage differences associated with this change. In
Fig. 14a, when a user increases his salary from a low level,
he uses more business and travel apps and less sports and
health apps, probably due to harder working and longer
working time associated with a promotion. However, in
Fig. 14b, when a user increases his salary from a higher
level, he will focus more on health, travel and lifestyle apps,
showing that the user cares more about his health and enjoy
life after further financial freedom. Therefore, even with the
same trend, different attribute status transition may provide
different influences in long-term app usage behavior, where
the comparison between change mode 5 and 6 is a typical
case.
Besides, we also investigate into the impact of different
savings and debt levels on the long-term app usage patterns.
Fig. 14c, d represent weaker economic guarantee (i.e., savings decreasing) and improved economic status (i.e., paying
off debt), respectively. From both figures, we can observe
that travel app are used more frequently in better economic
Fig. 14  Illustration of representative long-term app usage
change modes correlated with
changes of economic attributes
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condition while game apps are used more frequently in
worse economic condition. Travel may be more easily available to users with a good economic status, while mobile
games are a cost-effective way to enjoy free time.
The above four long-term change modes demonstrate that
increasing family income, savi gs decreasenand paying off
debt can change user’s app usage behaviors in the long term.
All the results suggest that long-term app usage patterns
reveal changes in economic conditions, including household,
occupation and education level.

5.3 App pattern changes are influenced by social
and economic factors
In this part, we consider both social and economic attributes, and present two representative change modes with the
highest occurrence, shown in Fig. 15 which we name as
change mode 9 and 10. change mode 9 demonstrates the app
usage changes for users who achieve a learn-more-and-earnmore change in the long term, e.g., a craft operator with high
school diploma turns to earn a bachelor degree and become a
entrepreneur with a much higher salary than average level in
the living country. After such transformation, the user uses
books, travel and business apps more frequently, and spend
less time on game and shorts apps.
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Fig. 15  Illustration of representative long-term app usage
change modes correlated with
changes of socioeconomic
attributes

Moreover, change mode 10 shows a typical early-careerafter-graduation change in the long run, e.g., a master student graduates from school and becomes a professional
worker with not much salary rise in the early stage. As for
app pattern changes, we can observe that the user uses more
transportation and map apps typically used for commuting
between office and home, and spends more time on news
apps.
From these two cases, we can find that the long-term app
usage changes are more complex when considering multiple
attributes, but still we can discover interesting and meaningful change modes (e.g., learn-more-and-earn-more, earlycareer-after-graduation) and promote better understanding
about the drivers behind in connection with social and economic factors. Taken together, the ten representative change
modes shed light on the underlying reasons of long-term app
usage changes by correlating with varying user attributes.
This verifies hypothesis H3: Significant changes in longterm app usage behavior occur in correspondence with
changes in user social and economic demographics.
In conclusion, through all of our analysis, we have sought
to validate three hypotheses. For each of the hypotheses,
we found strong evidence to support them. Below we summarize our hypotheses and the evidence supporting their
validity:
H1. User app usage behavior evolves in the long run. As
seen in Sect. 4.1, significant changes occur in app
usage behavior over the long term in our 7-year dataset. Users not only change their applications, but also
use applications of different categories, representing
significant changes of user behavior. Thus, our analysis
strongly supports that H1 holds.
H2. App usage patterns reflect, and are influenced by
socioeconomic status, and remain stable unless socioeconomic status also changes. Section 4.2 examined
the interaction between socioeconomic status and app
usage patterns, and found app usage patterns to be
stable with the socioeconomic status of users. In par-

ticular, app usage patterns are a good predictor (over
80% accuracy) of socioeconomic variables, and has
almost double accuracy when compared against always
predicting the most common value (e.g. that all users
would have a bachelor level education, 36% accuracy
vs our 83.2%). This shows that H2 holds.
H3. Significant changes in long-term app usage behavior
occur in correspondence with changes in user social
and economic demographics. In Sect. 5, we showed
that long-term changes in app usage patterns reflect
corresponding changes of socioeconomic factors. In
particular, a change that took a user from one socioeconomic group to another, such as going from living
alone to living with other adult(s), was accompanied
by significant changes in app usage patterns. This
shows that H3 holds.

6 Discussion
6.1 Research implications and potential
applications
Our study has many valuable research implications. First,
our work reveals correlation between app usage and user
social demographic features in a way much more finegrained than existing literature. Specifically, we analyze the
role of gender, age and various other socio economic factors (e.g., education level, occupation, salary, savings status)
in shaping users’ app usage behavior. As demonstrated by
our experiments, it is possible to predict fine-grained user
social demographic features via mobile app use data using
our proposed framework, which potentially enables better
user profiling in mobile computing.
Second, we present the most comprehensive study to
date aiming at understanding the long-term individual app
use dynamics. As we demonstrate, individual categorylevel app usage pattern is not static but evolving, reflecting
the social demographic status change of the user, which
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echoes previous works on longitudinal studies of user
behavior pattern (Jessor and Jessor 1977; Moffitt 2017).
In essence, our findings demonstrate that long-term app
use patterns, even at an aggregated category level, provide enough signals to detect user transitions in social
demographic status, which point to the great potentials of
user app usage tracking in context-aware social computing. In the future, researchers could potentially leverage
long-term app usage data to enable real-time sensing of
individual/society status, as a complement of traditional
survey/census approaches in social science, which are generally expensive and time-consuming. Specifically, mobile
app use could be useful to study individuals’ social roles
and social trajectories.
– Social Roles Social science theories stipulate that humans
act in various (social) roles throughout their life, with
each role being characterized by personal and societal
expectations. These roles are reflected by different social
demographic factors, with particularly socioeconomic
factors being prominent in determining the relevant
roles of an individual. Through our analysis, we have
demonstrated that mobile app usage and socioeconomic
demographics have a strong and stable relationship with
changes in mobile app usage reflecting changes in the
individual’s social categories. The stability of this relationship suggests that mobile app usage could be used
as proxy to infer the social roles of an individual and to
support scientific studies on social categories.
– Social Trajectories Our work shows the relationship
between app usage behavior and socioeconomic factors
is stable over time. As a result, app usage data could be
used to study social circles, e.g. friends and coworkers.
With significant life events, job changes and promotions,
we can determine a user’s social trajectory, either positive or negative progression as time goes by. App usage
data could be a powerful tool for identifying and helping
individuals struggling with life. It could also allow us to
give advice based on what app behavior changes have
been seen in the past in a similar situation, that have led
to an improved social trajectory.
Our work has important implications for product designers as well. One direct application of our findings is for the
design of personalized recommendation system. Unlike
existing approaches to smartphone user profiling, which
generally assign a static label (e.g., male student) to each
user, our proposed framework enables dynamic tracking of
user social demographic status via his/her app usage pattern.
The framework is able to detect ‘subtle’ changes of users,
e.g., household status transition from single to married, profession transition from student to white collar, which makes
possible better user profiling. In this way, more appropriate
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apps could be recommended to the user by app stores, so as
products of most interest on e-commerce platforms.

6.2 Limitations and future work
Similar to other mobile data collection campaigns, our measurements inevitably suffer from some biases. The online survey data has unbalanced gender distribution with male users
occupying a large part, and we only study long-term Android
users (i.e., lacking iOS users) to guarantee the same mobile
system platform with the survey users, since we conducted
the online survey on the Android platform. On the other
hand, compared with app usage data collected from mobile
operators (Tu et al. 2018; Yu et al. 2018), our data collection
system takes a sample every time the battery level of the
device changes by 1%. It is therefore unable to capture all the
app usage information, and may be biased towards powerhungry apps (e.g., games). However, compared with existing
works, our data also has unique advantages: it contains very
long-term app usage behavior, and a high number of users
and samples over time, resulting in a high statistical likelihood to capture the most popular applications. The online
survey also complements our dataset with fine-grained and
comprehensive socioeconomic information of users.
In the future, we plan to improve our data collection procedure and carry out more surveys that tracks the same user
over time to better support findings of long-term user app
usage pattern evolution and its relationship with individual
social economic demographics change. We will also take
a further study to investigate how to apply our findings to
promote various applications such as user attribute identification and time-variant personalized app recommendation
system.

7 Conclusion
In this paper, we provide the first ever long-term study
of mobile app usage dynamics and how it is influenced
by changes in socioeconomic demographics. Based on
a large-scale long-term app usage dataset with an online
survey about user attributes, we propose a framework to
identify representative pattern changes for individuals and
the corresponding changes in social and economic status.
Our findings reveal that 60–70% of users change their category-level app usage patterns, but the relationship between
socioeconomic demographic attributes and mobile usage
patterns remains stable in the long term that our methodology can achieve high accuracy (over 80%) in predicting
user demographic attributes. To better understand reasons
for changes in app usage, we develop a methodology for
modeling and capturing pattern changes in mobile usage
data. By correlating change modes identified by our method
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with socioeconomic demographics, we were able to demonstrate that the changes in app usage, to a large degree,
reflect corresponding changes in socioeconomic attributes,
such as changing civil status, family size, changes in job or
economic status.
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