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Discovering Daily Activity Patterns Across

Mobile App Usage
Tong Li, Student Member, IEEE, Yong Li, Senior Member, IEEE,

Mohammad A. Hoque, Tong Xia, Sasu Tarkoma, and Pan Hui, Fellow, IEEE

Abstract—With the prevalence of smartphones, people have left abundant behavior records in cyberspace. Discovering and
understanding individuals’ cyber activities can provide useful implications for policymakers, service providers, and app developers. In
this paper, we propose a framework to discover daily cyber activity patterns across people’s mobile app usage. We first segment app
usage traces into small time windows and then design a probabilistic topic model to infer users’ cyber activities of each window. By
exploring the coherence of users’ activity sequences, the daily patterns of individuals are identified. Next, we recognize the common
patterns across diverse groups of individuals using a hierarchical clustering algorithm. We then apply our framework on a large-scale
and real-world dataset, consisting of 653,092 users with 971,818,946 usage records of 2,000 popular mobile apps. Our analysis shows
that people usually obey yesterday’s activity patterns, but the patterns tend to deviate as the time-lapse increases. We also discover
five common daily cyber activity patterns, including afternoon reading, nightly entertainment, pervasive socializing, commuting, and
nightly socializing. Our findings have profound implications on identifying the demographics of users and their lifestyles, habits, service
requirements, and further detecting other disrupting trends such as working overtime and addiction to the game and social media.

F

1 INTRODUCTION

INDIVIDUALS exhibit diverse activities both in physical
and cyberspace. Discovering and understanding patterns

of such activities are fundamental to promote and support
healthier lifestyles for individuals and further improve peo-
ple’s well-being. Although prior research has made signifi-
cant progress towards understanding activity patterns, they
only focus on small groups or specific activities. With lim-
ited data and controlled studies, it is only possible to char-
acterize the patterns of an individual or a few individuals.
In most cases, the investigated groups are either narrowly
focused or so diverse that it is difficult to find their common
activity patterns. The common patterns among large-scale
individuals may not only hint at their demographics and
lifestyles but also expose disrupting trends in our society.
However, this requires exploring the activity patterns of a
large-scale population, e.g., millions of people.

The difficulties in accessing data from many individuals
are one of the main obstacles in large-scale pattern stud-
ies. Traditional data collection methods, like surveys and
questionnaires, need a lot of human effort, which is usually
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inefficient and delayed. In recent years, the multifaceted
usage of smartphones in daily lives has established them
as a necessity, which records various users’ cyber activities.
In addition to traditional uses, e.g., communication and
web browsing, people use smartphones in more complex
activities such as ordering food, shopping online, and man-
aging health [1]. A great number of research studies in
recent years have applied app usage data to investigate user
behavior [2]–[5]. These studies include app energy drain
[6], app signatures [3], how app usage varies with different
kinds of users [4], and how unusual events disrupt the app
engagement [5].

In this work, we focus on discovering daily activity
patterns in cyberspace from large-scale app usage data.
More specifically, we study the following research problems.

• What activities can be discovered from app usage
data?

• What common patterns we share with others in our
daily cyber activities?

There are three challenges to address these two prob-
lems. 1) The complexity of mobile app usage behavior. App
usage behavior varies across app categories, usage time, and
users. Due to the unbalanced usage of different categories,
some useful and critical app usage, like ordering food,
may be overwhelmed by popular categories and cannot be
detected. Besides, the same app usage may imply different
activities for different users in different contexts. Hence,
how to extract user activity features from such complicated
data is fundamental but difficult. 2) The lack of ground
truth labels of user cyber activities. All large-scale app usage
datasets lack meaningful labels to map user activities to
app usage records. Finding the appropriate activity labels
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is challenging, and annotating the extracted cyber activities
with semantic terms is also tricky. 3) The complexity of user
activities in cyberspace. Activity patterns can be diverse
in both individual and group granularity. For individuals,
her/his cyber activity patterns may change over days. How
to identify a typical daily cyber activity pattern for each indi-
vidual is complicated. Also, whether there are any common
patterns across individuals and discovering these common
patterns is another challenge.

To overcome the above challenges, we propose a frame-
work to discover daily activity patterns in cyberspace by
leveraging the following three key designs. First, we devise
a probabilistic topic model based method to identify the
activity features of app usage windows obtained using a
time-based segmentation approach. The proposed method
regards a window as a document, a user as an author,
an activity as a topic, and app usage logs related to the
window as words. In this way, the probabilistic topic model
can characterize the relationships between users, app us-
age, and cyber activities in a cohesive manner. Second, to
annotate extracted cyber activities with semantic terms, we
explore the semantic information of app categories and prior
knowledge of activity temporal patterns. More specifically,
we compute an average app category feature vector for each
extracted activity. In terms of the density in the calculated
vector, we rank app categories in an activity termed as inter-
nal ranking. Besides, we also rank all activities for each app
category termed as external ranking. By jointly considering
internal ranking, external ranking, and temporal distribu-
tion of activities, we determine each extracted cyber activity
with a meaningful label. Third, we look into the regularity
of individuals’ cyber activity patterns by measuring their
average intra-distance of patterns across different days. We
then identify a daily cyber activity pattern for every individ-
ual. By applying the agglomerative hierarchical clustering
with edit distance, we recognize the common patterns across
diverse groups, which address the third challenge.

The contributions of our work can be summarized as
follows.

• We investigate the problem of discovering daily ac-
tivity patterns in cyberspace of a large-scale popula-
tion by using their mobile app usage data. We pro-
pose a novel activity discovery framework based on
a probabilistic topic model, which can characterize
the relationships between users, apps, and activities
in a cohesive manner.

• We apply our framework on a large-scale and real-
world app usage dataset. We discover people pre-
fer to imitate yesterday’s activity patterns and pro-
vide evidence that the population follows five com-
mon patterns in their daily cyber activities, includ-
ing afternoon reading (8.50%), nightly entertainment
(18.45%), pervasive socializing (7.56%), commuting
(29.29%), and nightly socializing (36.20%).

• We verify our findings via a small-scale dataset with
users’ occupation information. We find that differ-
ent common patterns correspond to different demo-
graphic groups. More specifically, freelancers have
a nightly socializing pattern. White-collar workers
have a commuting pattern. Advertisers and social-

izers have a pattern of pervasive socializing. Also,
we infer that senior citizens are mostly involved in
afternoon reading, and the younger generation is
primarily involved in nightly entertainment.

• Based on the discovered cyber activity patterns,
we detect several social issues, e.g., around 35%
of workers always work overtime, and nearly 42%
of the younger generation is addicted to gaming
applications. We further explore the implications of
our framework and findings for policymakers and
government, researchers, service providers, and app
developers.

The rest of this paper is organized as follows. In section 2,
we present an overview of our dataset. In section 3, we
present how to discover activities from app usage traces.
In section 4, we elaborate on the schemes of identifying the
common daily patterns. We then discuss the implications
and limitations of our work in section 5. Related works are
presented in section 6. Finally, we briefly conclude the paper
in section 7.

2 DATASET OVERVIEW

To understand the daily activity patterns of people in a large
city, we explore a city-scale app usage dataset provided
by a primary Internet Service Provider (ISP) in China. The
dataset was collected during one week in April 2016, cov-
ering the whole metropolitan area of Shanghai, one of the
world’s largest cities. The dataset includes over 2 million
users and their app usage records during the data collection
period. The app usage dataset is characterized by the ISP
with an anonymized user ID, timestamp, and app ID.

In detail, the ISP identified app usage traces based
on users’ network access records collected from gateways,
generated when users issue network connection requests.
In terms of the data format, each network access record
contains a user ID, timestamp, and the connection’s meta-
data. To determine the corresponding app ID for each
network access record, the ISP inspected the HTTP head
and used the destination domain and user-agent as the app
identifier. By adopting a systematic tool, SAMPLE [7], the
ISP constructed conjunctive rules to match specific apps.
SAMPLE applies a supervised learning algorithm over a
small set of labeled data streams to automatically generate
the conjunctive rules, which can identify over 90% of apps
with an average accuracy of 99% [7]. In practice, the ISP
built the conjunctive rules by manually operating a small
set of apps to generate data streams. They then crawled
the 2,000 most popular apps across app stores and matched
network traffic records to these apps. Also, the ISP manually
verified the correctness of the matched apps. In terms of the
statistics from the ISP, more than 95% of network traffic used
HTTP at the time of data collection, and they could map
up to 90% of the network traffic to specific apps. During
data collection, although some apps used HTTPS for critical
functions, e.g., log-in, most parts of their traffic still used
HTTP. Also, we notice most apps use HTTPS in recent
years. Some existing studies [8], [9] have demonstrated that
app usage traces can also be identified from encrypted data
traffic. Overall, the app usage dataset provided by the ISP,
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TABLE 1
The numuber of apps and usage records for each app category.

No. Category # of apps # of usage records No. Category # of apps # of usage records
1 Game 342 44,553,941 13 Photography 26 2,082,726
2 Finance 27 22,421,634 14 Lifestyle 79 55,949,873
3 Stock 106 24,724,632 15 Health & fitness 73 4,616,153
4 Shopping 152 48,973,459 16 Sports 33 7,385,860
5 Parent & child 34 631,729 17 News 86 79,210,799
6 Education 67 7,135,838 18 Reading 98 17,182,331
7 Weather 34 4,181,546 19 Media & video 105 45,994,839
8 Travel 66 5,353,283 20 Music & audio 86 70,127,620
9 Navigation 68 89,816,498 21 Business 59 5,116,745
10 Transportation 78 39,915,957 22 House & home 26 1,412,869
11 SON & IM 185 827,784,029 23 Car 39 4,156,542
12 Food & drink 53 69,783,067 24 Tools & others 78 14,337,945

although not covering all traffic, is sufficient for our analysis
of mainstreams of usage behavior modeling.

Next, we classify the 2,000 most popular apps into dif-
ferent categories. An app category has an inherent semantic
meaning, and apps in the same category are more likely
to be involved in a similar cyber activity [5]. As our data
is collected from network operators, the dataset includes
both Android and iOS users. Due to the difference in app
categorization systems of Apple Store (iOS apps of 25 cate-
gories) and Google Play (Android apps of 30 categories), we
cannot directly adopt the category information of app stores.
For some apps, they may belong to different categories in
different app stores. For example, Firefox belongs to utilities
in Apple Store while it is in the communication category
in Google Play. Therefore, we re-categorize apps. We first
crawl app descriptions from app stores and generate an app-
description matrix using Jieba [10]. With the app-description
matrix, we apply the Latent Dirichlet Allocation [11] model
to cluster apps and extract their category information. To
determine the optimal categories, we gradually vary it from
20 to 30 and manually check the coherence of the outputs.
We find that 24 categories are optimal and with the mini-
mum perplexity. We then count the apps and usage records
for each app category and show them in Table 1. It is worth
noting that, in practice, some apps may fall into multiple
categories. For example, the specific category of YouTube
may vary depending on the content viewed by users. It
belongs to the news category when users watch news videos
while belonging to the education category when users watch
education videos. However, due to the privacy restrictions,
we cannot obtain the information of the content accessed
by users. Therefore, in this work, we only consider a hard
categorization scheme, where one app solely belongs to
one major category. For example, YouTube belongs to the
category of media and video in terms of its app description.

Since we focus our analysis on the collected 2,000 most
popular apps, we first filter out the outlier users who do
not have any matched app usage. After the filtering, the
remaining dataset contains 1,699,386 users and 1,492,849,915
usage records. Fig. 1 shows the statistics of the dataset
without outlier users. From Fig. 1(a), we find the records for
each unique user still follows the power-law distribution,
which represents that we still keep the characteristics of app
usage behavior, e.g., the long tail, when we only consider
the 2,000 apps. Further, we solely keep those users who are
always active during the data collection period. In terms of

TABLE 2
Dataset summary.

# of Records # of Users # of Identified
Apps

# of App
Categories

971,818,946 653,092 2,000 24

the statistics, more than 90% of users have average daily
records exceeding five, as shown in Fig. 1(b). Hence, we
define the active day for each user is the one with at
least five app usage records. After these two-step filtering
operations, we finally obtain 971,818,946 valid app usage
records and 653,092 unique active users. Table 2 presents a
summary of the filtered app usage dataset.

(a)

(b)

Fig. 1. This figure shows (a) the records for each unique user. (b) The
cumulative distribution function of the average number of records per
day.
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Meanwhile, we are very aware of the privacy implica-
tions of using the dataset for research and our research
findings. We and the ISP have taken adequate measures
to safeguard the privacy of mobile users according to [12].
First, the ISP has the consent to collect mobile data, and
stripped all the personally identifiable information from the
traces and enforced strict non-disclosure agreements for all
researchers. The dataset is stored in a server protected by au-
thentication mechanisms and firewalls in the ISP network.
Second, the ISP only gave us the anonymized user IDs. We
never had access to their actual identifiers. Also, we did not
have location information of users. The discovered pattern
of an individual alone does not leak the privacy, as it cannot
be associated with the user’s actual ID. Finally, this work
has received approval from both the ISP and the authors’
local institute.

3 DISCOVERY OF USER ACTIVITIES

In this section, we identify users’ cyber activities based on
their app usage traces logged over a whole week. For each
user, we first divide her/his app usage traces into several
small time windows to capture short-term activities. By
using a probabilistic topic model, we obtain the activity
label for each window. We then determine the semantic
terms of each cyber activity in terms of internal ranking
and external ranking of app categories. Finally, we recognize
seven unique activities across large-scale app usage data.

3.1 App Usage Trace Representation

In this paper, we assume that users’ app usage records
reflect their cyber activities. To capture users’ short-term
activities, we first divide app usage traces of each day into
multiple small time windows. In practice, we use a time-
based segmentation mechanism. Considering the diurnal
pattern of app usage [13], we make a trade-off between non-
uniform time grids and uniform time grids. In our case,
a window refers to an app usage block composed of app
usage records during a specific time period.

More specifically, we first look into the cumulative dis-
tributions of window size, the number of app usage records
for different candidate time grids, as shown in Fig. 2. With
half an hour and one-hour time grids, 20% of windows have
less than 15 records, which are too short of capturing user
activities. On the other hand, setting time grids as four and
six hours, the windows become too large where multiple
activities will be mixed. Hence, in terms of Fig. 2, the time
grid of two hours strikes a balance between having enough
app usage records within each window and having more
stationary windows during the usual active hours of the
day, i.e., 5.00 to 21.00.

Moreover, app usage has a typical diurnal pattern, as
shown in Fig. 3. The app usage sharply declines after 21.00,
and there is very limited app usage during the usual inactiv-
ity period, i.e., 0.00 - 5.00. This is expected, as people usually
begin to take rest and sleep during these hours. To get a
more stable size for windows, similar to [14], we aggregate
the windows of low app usage during these two periods.
In the end, we divide app usage traces of each day for each
user into ten windows. Therefore, in our dataset, each user

has 70 windows, i.e., 7 (# of days) × 10 (# of windows
for each day). Also, we can apply the usual notions to
some time slots, such as morning rush hour (7.00 to 9.00),
noon break (11.00 to 13.00), and evening rush hour (17.00 to
19.00). After segmentation, we get 45,716,440 windows for
the 653,092 unique active users. Among all these windows,
only 9,196,661 windows are unique.

Fig. 2. Quantity of windows with respect to the number of app usage
records.
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Fig. 3. Min-max normalized number of app usage records during one
day.

3.2 Activity Discovery

To characterize the activities of windows, we explore the
power of the author-topic model [15]. As a probabilistic
topic model, the author-topic model has been successfully
used for discovering the hidden topic structure in large
documents [15]–[17]. In this model, each document exhibits
multiple topic features. Each word of a document supports
topics in probability, and the authors of the document deter-
mine the mixture weights for different topics as well. Given
all words and authors of each document as observations,
the author-topic model is trained to infer the hidden topic
of each document.

In the author-topic model, the generative model for
documents is depicted in Fig. 4. There is one latent variable
z for topics. Assuming that there are D documents in the
corpus, document d is a sequence of Nd words and has a
group of authors ad. x indicates the author responsible for
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Fig. 4. Generative model for documents. Observations are represented
by shadowed nodes.

a given word wid and chosen from ad. Let α and β be the
prior parameters for the Dirichlet author-topic distribution
and topic-word distribution. ϕ denotes a T × V matrix of
topic distributions, with a multinomial distribution over
V vocabulary items, i.e., all words in D documents for
each of T topics. Each ϕt is drawn independently from
the symmetric Dirichlet(β) prior. θa stands for the topic
proportion for author a. z denotes the topic responsible for
generating the word w. By using the above notations, we
illustrated the generative process as follows.

1) For each author in the A authors, choose the vector
of topic proportions θa ∼ Dirichlet(α).

2) For each topic in the T topics, choose the vector of
word proportions ϕt ∼ Dirichlet(β).

3) For each of the word wid in document d,

• choose an author x ∼ Uniform(ad);
• choose a topic z ∼Multinomial(θa);
• choose a word wid ∼Multinomial(ϕz).

Dirichlet(·) means the Dirichlet distribution. Uniform(·) rep-
resents the uniform distribution, and Multinomial(·) is the
multinomial distribution. The exact inference of the hidden
variables is computationally intractable. Therefore, in prac-
tice, approximate inference algorithms are commonly used,
such as Laplace approximation [18], Variational approxima-
tion [19], and Markov chain Monte Carlo (MCMC) [20]. In
our work, we use the Variational Bayes inference algorithm
[21], a variant of Variational approximation method.

We aim to find the hidden cyber activity structure of
app usage windows for the problem of activity discovery.
Specifically, each window is a block of app usage traces,
represented as a sequence of app IDs. Each window has
multiple activity features, and each app usage of a window
supports hidden activities in probability. Hence, the rela-
tionships among activities, apps, and windows, are highly
similar to the relationships among topics, words, and docu-
ments. By considering they also have similar objectives, we
build an analogy between the activity discovery of windows
and the topic discovery of documents. As shown in Fig. 5, a
unique window represents a document, the users of a win-
dow represent the authors of a document, and an activity
represents a topic. A window has multiple activity features,
which is just like a document that has various topics. Apps
in one window are deemed as words in a document. The
vocabulary is the set of all words in documents, while the
collected apps are the set of all apps in windows. Thus,
the collected apps are regarded as vocabulary. In practice,

Activities	in	a	window Topics	of	a	document

An	unique	window

Apps	in	a	window

Collected	apps

Users

A	document

Words	in	a	document

Vocabulary

Authors

Fig. 5. Analogy between window-activities to document-topics.

the collected apps stand for the app IDs of the 2,000 most
popular apps.

Specifically, we applied the author-topic model to extract
hidden activity features of app usage windows due to the
following three reasons. 1). As shown in Fig. 2, app usage
windows vary from 20 records to 500 records. Traditional
clustering algorithms, like K-means and hierarchical cluster-
ing, have difficulty dealing with inputs of different sizes. Al-
ternatively, the author-topic model has no input size limita-
tion and has proven to perform well for both short texts [22],
e.g., twitters, and long texts [16], e.g., articles. 2). As for
traditional clustering algorithms, we need to empirically
and manually extract features from app usage windows
to identify activities. Nevertheless, the author-topic model
can characterize the relationships between users, app usage,
and cyber activities cohesively and automatically identify
activities of app usage windows. 3). The same app usage
may imply different activities in different contexts. As a
probabilistic topic model, the author-topic model enables
app usage to support multiple hidden activities in probabil-
ity, which solves the semantic ambiguity of app usage.

Like the other topic models [23], [24], the author-topic
model requires us to specify the number of topics in ad-
vance. Although determining the most appropriate number
of topics remains an open issue, we can evaluate the model
by measuring how perplexity scores vary with the number
of topics. Perplexity is a measurement of how well a prob-
ability distribution or probability model predicts samples
[25]. Perplexity is a common metric for estimating topic
model performance [26]. Mathematically, the perplexity of
a set of words, Wd for document d, is defined as follows,

Perplexity(Wd) = exp

[
− lnP (Wd)

Nd

]
. (1)

Intuitively, perplexity stands for the confusion of the model
about its decision. More accurately, perplexity expresses
the average number of words that have to be picked to
get a correct one, when we randomly choose words from
the probability distribution calculated by the author-topic
model at each time step [27].

To determine the most appropriate number of topics, we
vary it ranging from 2 to 30 and compute perplexity. Fig. 6
shows perplexity relative to the number of topics. The lower
value of perplexity implies the better performance of the
model. We then find the perplexity score is lowest when the
number of topics is 12, while the knee of the curve is where
the number of topics is 6. Empirically, the knee of the curve
is better. Subsequently, we obtain the cyber activity features
of each window by applying the author-topic model and
setting the predefined number of topics as 6.
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Fig. 6. Perplexity score versus the number of topics. The lower value of
perplexity implies the better performance of the model. The knee of the
curve is denoted as the red point where the number of topics is 6.

3.3 Window Aggregation

To facilitate finding the semantic terms of each window,
we take a further step, aggregating similar unique win-
dows in terms of their activity features. Windows from
the same cluster have similar activity features, and differ-
ent clusters represent different activities. For an arbitrary
window s, its activity feature is a 6-dimensional vector, i.e.,
θs = (θs,1, θs,2, ..., θs,6), where θs,t is the proportion of
activity t for window s.

We perform the Bisecting K-means clustering algorithm
on the activity feature vectors of the 9,196,661 unique win-
dows. Compared with other clustering algorithms, such as
hierarchical clustering and spectral clustering, only k-means
and its variants can handle such large scale windows. Dif-
ferent from basic K-means, Bisecting K-means as a variant
that can overcome the problem of getting caught in a local
minimum by minimizing the Sum of Squared Errors (SSE) of
split clusters [28], [29]. Karypis et al. showed that Bisecting
K-means outperforms basic K-means in terms of entropy, F
measure, and overall similarity [30].

The number of clusters for the Bisecting K-means algo-
rithm needs to be predefined according to the application
and determined by measuring the quality of clustering [31].
To evaluate the quality of clustering for different numbers
of clusters, K, we defined a clustering evaluation metric
(CEM),

CEM =
SP

CP
, (2)

where SP and CP indicate the average separation and
compactness of clusters, respectively.

SP =
2

K2 −K

K−1∑
i=1

K∑
j=i+1

|ci − cj |,

CP =
1

K

K∑
i=1

∑
θ∈Ωi

|θ − ci|
|Ωi|

,

(3)

where Ωi is the set of members in cluster i, ci is the centroid
of cluster i. SP stands for the average inter-cluster distance.
A small value for SP indicates adjacent clusters are similar.
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Fig. 7. Clustering evaluation metric versus the number of clusters. The
higher the value implies the better the clustering. The optimal clustering
is performed with 7 clusters.

Thus, the larger SP , the higher the quality of clustering.
On the other hand, CP stands for the average intra-cluster
distance. A small value for CP means the less scattering
of clusters. As a result, the higher the CEM, the better the
quality of clustering. To determine the most appropriate
number of clusters, we run the Bisecting K-means algorithm
on the Window-Activity matrix and vary the number of
clusters ranging from 2 to 12 to compute CEM. Fig. 7 shows
how CEM changes with the number of clusters. We then
find the optimal number of clusters is 7.

3.4 Activity Identification

After window aggregation, we obtain seven clusters. Win-
dows in the same cluster have similar activities. In this
step, we aim to identify each window cluster with semantic
terms, i.e., activity labels. Note that activity identification is
a very challenging problem. Unlike small scale datasets [32],
the large-scale app usage datasets lack meaningful labels
mapping user cyber activities to app usage records. Fortu-
nately, we can explore the semantic information of app cat-
egories and prior knowledge of activity temporal patterns
to identify activity labels. For example, if a user uses food
& drink apps during lunchtime, it has a high probability of
identifying the activity as exploring food.

In detail, we identify the cyber activity label of a win-
dow cluster by considering the following three aspects. 1)
The app category configuration in a window cluster. We
compute the average proportion of different app categories
for each window cluster. According to the calculated pro-
portion, we rank app categories in a window cluster, called
Internal Ranking (IR). 2) The window cluster configuration
across different app categories. We also rank the window
clusters for each app category, called External Ranking (ER).
3) The temporal distribution of windows in each cluster. In
Table 3, the top-3 internal app categories for each window
cluster are colored by blue from darkest to lightest, while the
top window cluster for each app category is colored by red.
The seven typical window clusters are identified as follows.

(C1) Commute and Transportation. The top-3 app cate-
gories in this window cluster are Music & audio, SON &
IM, and Navigation. This cluster contains the maximum
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TABLE 3
Proportion of app categories for window clusters and corresponding internal and external rankings. C: cluster, Pro: proportion, IR: internal ranking.

Commute & tra- Entertainment Shopping Socializing Reading & Life & Exploring
nsportation (C1) (C2) (C3) (C4) checking (C5) health (C6) food (C7)

App categories Pro IR Pro IR Pro IR Pro IR Pro IR Pro IR Pro IR
Game 0.0109 9 0.3435 2 0.0083 16 0.0093 5 0.0127 18 0.0076 10 0.0997 2

Finance 0.0063 13 0.0017 21 0.0127 12 0.0056 10 0.0087 19 0.0074 11 0.0254 6
Stock 0.0027 18 0.0059 12 0.0130 11 0.0024 14 0.0642 5 0.0028 17 0.0047 17

Shopping 0.0127 8 0.0077 11 0.1223 3 0.0141 3 0.0197 10 0.0171 5 0.0191 7
Parent & child 0.0009 24 0.0107 8 0.0093 15 0.0008 23 0.0049 24 0.0015 20 0.0049 16

Education 0.0026 19 0.0005 24 0.0048 22 0.0022 15 0.0151 13 0.0020 19 0.0015 23
Weather 0.0022 20 0.0017 22 0.0049 20 0.0016 18 0.0084 20 0.0014 21 0.0023 22
Travel 0.0016 22 0.0023 19 0.0049 21 0.0009 21 0.0133 17 0.0009 24 0.0038 18

Navigation 0.1812 3 0.0039 15 0.0387 5 0.0085 6 0.0715 4 0.0138 7 0.0346 5
Transportation 0.1322 4 0.0129 7 0.0269 7 0.0036 12 0.0199 9 0.0049 14 0.0148 8

SON & IM 0.2226 2 0.0551 5 0.4335 1 0.8294 1 0.1410 2 0.1141 2 0.0976 3
Food & drink 0.0480 5 0.0729 3 0.1374 2 0.0765 2 0.0432 6 0.0224 4 0.5825 1
Photography 0.0062 14 0.0041 14 0.0071 18 0.0016 16 0.0064 23 0.0010 23 0.0416 4

Lifestyle 0.0080 12 0.0032 17 0.0484 4 0.0060 7 0.0150 14 0.6962 1 0.0113 9
Health & fitness 0.0031 17 0.0098 9 0.0050 19 0.0016 19 0.0140 16 0.0478 3 0.0052 14

Sports 0.0017 21 0.0026 18 0.0073 17 0.0009 20 0.0406 7 0.0142 6 0.0027 21
News 0.0056 15 0.0052 13 0.0237 8 0.0056 9 0.3280 1 0.0038 16 0.0051 15

Reading 0.0046 16 0.0082 10 0.0098 14 0.0016 17 0.0878 3 0.0064 13 0.0071 13
Media & video 0.0103 10 0.3632 1 0.0342 6 0.0052 11 0.0236 8 0.0069 12 0.0076 12
Music & audio 0.2693 1 0.0579 4 0.0138 10 0.0134 4 0.0173 11 0.0090 9 0.0103 11

Business 0.0302 6 0.0208 6 0.0108 13 0.0028 13 0.0149 15 0.0104 8 0.0103 10
House & home 0.0097 11 0.0035 16 0.0040 24 0.0008 22 0.0076 21 0.0024 18 0.0034 19

Car 0.0013 23 0.0010 23 0.0043 23 0.0005 24 0.0151 12 0.0014 22 0.0010 24
Tools & others 0.0260 7 0.0017 20 0.0149 9 0.0058 8 0.0071 22 0.0046 15 0.0033 20

(a) Commute and transportation (b) Entertainment (c) Life and health (d) Exploring food

Fig. 8. The temporal distribution of windows in clusters (C1) Commute and Transportation, (C2) Entertainment, (C6) Life and health, and (C7)
Exploring food.

number of Transportation apps as well. We also investigate
the distribution of these windows in the temporal domain.
As shown in Fig. 8(a), on weekdays, the windows in this
cluster mainly happen in the time slots 3 and 8, i.e., morning
rush hour and evening rush hour. The specific time slot
division scheme is presented in section 3.1. On weekdays,
the number of windows occurring in the evening is higher
than that in the afternoon, while it is contrary to weekends.
This phenomenon corresponds to the fact that on week-
days people, especially white-collar workers, are ‘bound’
in workplaces during the afternoon and free from work on
weekends. According to the app category features of this
cluster, we also infer that people prefer to listen to music
and check emails during commute time. It is not surprising
that navigation apps are highly used during transportation
activities as well.

(C2) Entertainment. This cluster contains typical enter-
tainment activities with the highest both internal ranking
and external ranking of Media & video and Game, as shown
in Table 3. Fig. 8(b) shows the temporal features of the
windows in this cluster. On weekdays, there are three time

slots of the highest proportion of windows, namely time
slots 3 (morning rush hour), 5 (noon break), and 8 (evening
rush hour). These three time slots are the main ‘free time’
for people on weekdays. On the other hand, on weekends,
the time slots in the evening account for the highest pro-
portion. Especially for the time slot 1, from 0.00 to 5.00,
the proportion on weekends is much larger than weekdays,
because people do not need to get up early and go to work
on weekends.

(C3) Shopping. This cluster mainly has shopping activi-
ties with the most shopping apps. There is no significant dif-
ference in its temporal features on weekdays and weekends.
Like the general pattern of user behavior, the proportion
increases during the day and decreases during the night. In
the windows of this cluster, the socializing apps, i.e., SON
& IM category, account for the highest proportion in the
internal ranking. We infer that people usually browse the
products in online shops and share them with friends via
socializing apps to ask for suggestions and comments.

(C4) Socializing. This cluster is identified as the social ac-
tivity since not only the SON & IM category has the highest
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internal ranking and external ranking but also the other app
categories are of lower proportions compared with other
clusters (see Table 3). In other words, the windows in this
cluster are ‘pure’ social states. Its temporal features are
similar to the Shopping activity, peaking during the daytime
while reducing over the night period.

(C5) Reading and checking. The most characteristic app
categories in this window cluster are News, Reading, Sport,
Weather, Stock, and Education, with a significant higher pro-
portion than other window clusters. These app categories
are all about reading and checking activities. It seems that
people are habituated to using these kinds of apps in the
same period. Besides, its temporal features are similar to the
Shopping activity as well.

(C6) Life and health. In this window cluster, the typical
app category features are Lifestyle and Health & fitness, which
are with both high external ranking and internal ranking
as presented in Table 3. The temporal distribution of this
cluster’s windows is shown in Fig. 8(c). It is clear that, on
weekdays, the windows are concentrated in the morning,
especially in the time slot 3, from 7.00 to 9.00. In contrast,
on weekends, time slot 10, from 21.00 to 24.00, accounts for
the most significant part of windows. Since apps of Health &
fitness category are mainly used to record users’ exercises
such as jogging, swimming, and keep-fit, we infer that
people prefer to take workouts in the morning on weekdays
while in the evening on weekends.

(C7) Exploring food. Table 3 shows that the windows in
this cluster are of the maximum proportion of Food & drink
app usage both in external ranking and internal ranking. We
then look into its temporal features, as shown in Fig. 8(d).
We observe that both on weekdays and weekends, time
slot 5 (lunchtime, from 11.00 to 13.00) and time slot 8
(dinner time, from 17.00 to 19.00) take up the largest part
of windows. Also, SON & IM and Game are with a high
ranking in this cluster. We guess this is because people share
restaurant localization with friends via social apps and like
playing mobile games while waiting for dishes. We also
notice Finance in this cluster is with a significantly higher
proportion than other clusters, which suggests that people
pay their orders by electronic payment methods like Paypal.

4 DISCOVERY OF ACTIVITY PATTERNS

Activity patterns are of significant value for both individuals
and society. For individuals, service providers can provide
personalized service by exploring users’ lifestyles, habits,
occupations, and socio-economic status from their activity
patterns. For society, the government can understand peo-
ple’s living status and detect disrupting trends from activity
patterns and then make policies to improve people’s well-
being. Specifically, in this work, we sequence users’ cyber
activities1 identified from their app usage traces and apply
sequence analysis methods to extract activity patterns.

4.1 Similarity Measurement of Activity Sequences
After identifying users’ activities, the next goal is to use the
collected one-week individuals’ behavior to determine daily

1. Apart from discovered seven activities, we add an Unknown label
to denote silent time slots.

cyber activity patterns. To do so, we treat users’ app usage
traces of one day as an incidence of sequential activities.
Apart from the discovered seven activities, we add an
Unknown label for those silent time slots during which no
app usage records are observed and denote it as C8. For
each user, each day app usage traces reveal a cyber activity
sequence of length ten that contains combinations of the
eight general activities including Commute and transportation,
Entertainment, Shopping, Socializing, Reading and checking, Life
and health, Exploring food, and Unknown. Hence, each user’s
activity sequence can be expressed as,

Au = {[ad11 , a
d1
2 , ..., a

d1
10], ..., [ad71 , a

d7
2 , ..., a

d7
10]}, (4)

where Au stands for the activity sequence of user u and
adnm denotes the activity label of window m in the n-th day,
a ∈ {C1, C2, C3, C4, C5, C6, C7, C8}.

To quantify the degree of similarity among activity se-
quences, we apply the string metric. Each user’s activity
sequence for one day is regarded as a string, which is
a combination of eight kinds of characters, i.e., activities.
Particularly, in our work, we use the Levenshtein distance
metric [33] which has been widely used in the social analysis
[34], information theory [35], linguistics [36], and computer
science [37]. In [38], William W. C. et al. compared different
string metrics and showed the Levenshtein distance is better
than others. The Levenshtein distance is also be referred
to as edit distance. Given two sequences, the Levenshtein
distance is the minimum number of single-character edits,
including insertions, deletions, and substitutions, required
to transform one sequence into another.

Compared with another commonly used distance met-
ric, i.e., Hamming distance, Levenshtein distance is more
suitable for our measurement to capture the sequential
patterns. Hamming distance does not use insertions and
deletions [39]. It only uses substitutions and is only pos-
sible to compare when activities occur, while Levenshtein
distance takes insertions and deletions into account and can
capture the order in which user activities are organized over
time. We then justify that with a practical example. We are
given three sequences: ‘C8C1C5C4C1C2’, ‘C2C8C1C5C4C1’
and ‘C8C2C2C2C2C2’, where C denotes the discovered
activities which are presented in Table 3. Since our
goal is to investigate how cyber activities are sequenced
throughout a day, i.e., sequential features, the distance
between ‘C8C1C5C4C1C2’ and ‘C2C8C1C5C4C1’ should
be smaller than the distance between ‘C8C1C5C4C1C2’
and ‘C8C2C2C2C2C2’. Note that, for ‘C8C1C5C4C1C2’
and ‘C2C8C1C5C4C1’, there is only one time slot shift.
The Hamming distance and Levenshtein distance between
‘C8C1C5C4C1C2’ and ‘C2C8C1C5C4C1’ are 6 and 2 re-
spectively, while both Hamming distance and Levenshtein
distance between ‘C8C1C5C4C1C2’ and ‘C8C2C2C2C2C2’
are 4. Hence, we apply Levenshtein distance to measure
the similarity of activity sequences. Particularly, the two
edits to change ‘C8C1C5C4C1C2’ into ‘C2C8C1C5C4C1’ for
Levenshtein metric are shown as follows,

1) C8C1C5C4C1C2⇒ C8C1C5C4C1 (deletion of ‘C2’),
2) C8C1C5C4C1 ⇒ C2C8C1C5C4C1 (insertion of ‘C2’

at the beginning).
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4.2 Individuals’ Activity Analysis
We first investigate the similarity of different days to ex-
amine the regularity of activities in days’ scale. As shown
in Table 4, we calculate the average Levenshtein distance
between two days in pairwise. Given day i and day j, their
distance is computed as,

1

U

U∑
u=1

lev(Adi
u ,A

dj
u ), (5)

where U is the number of unique users and Adi
u denotes the

activity sequence of the i-th day for user u.
We notice that there is an apparent difference between

weekdays’ sequences and weekends’ sequences because the
average distance between any two weekdays is less than
that between any weekday and weekend. Besides, we dis-
cover an interesting appearance that the activity sequence of
a weekday is more similar to yesterday’s sequence. This im-
plies that people intentionally or unintentionally obey yesterday’s
activity sequence, and there should be a daily pattern of activities
for individuals.

We further look into the coherence of each user’s activity
sequences on weekdays. As shown in Fig. 9, we compute the
average intra-distance for each user,

2

D2 −D

D−1∑
i=1

D∑
j=i+1

lev(Adi ,Adj ), (6)

where D is the number of weekdays, here D = 5, and Adi

stands for [adi1 , a
di
2 , ..., a

di
10] namely the activity sequence of

day i. We observe that nearly 74% of users have the average
intra-distances less than 5, implying that they repeat at
least half of their daily activities in cyberspace. Therefore, a
large part of individuals’ daily lives follows a regular daily
activity pattern. We give the definition of the daily activity
pattern of an individual as follows.

Definition 1. Daily activity pattern of an individual. Given an
individual’s activity sequences on weekdays, Ad1 , Ad2 , ..., Ad5 ,
the daily activity pattern of the individual, A, has the minimum
sum-distance between all pairs of A and Adi . Mathematically,
denoting A = [a1,a2, ...,a10], then

A← arg min
a∈{C1,C2,...,C8}

5∑
i=1

lev(Adi ,A). (7)

4.3 Identifying Common Activity Patterns
We have examined the existence of daily activity patterns
in cyberspace for individuals. Next, we investigate whether
there are common activity patterns for millions of users. To
do this, we first quantify the distance between each pair of
daily activity patterns for all users. Once the distance ma-
trix is calculated, we apply the agglomerative hierarchical
algorithm to identify homogeneous clusters of daily pat-
terns. In terms of existing studies [30] conducted on labeled
datasets, the agglomerative hierarchical algorithm usually
has a better performance compared with bisecting K-means.
Also, there are 654,092 users, which satisfies the scalability
limitation of hierarchical clustering algorithms. Hence, in-
stead of bisecting K-means, we employ the agglomerative
hierarchical algorithm for common pattern discovery. In

TABLE 4
Average Levenshtein distance between arbitrary two days. We round

numbers to two decimals.

MON TUE WED THU FRI SAT SUN
MON / 4.26 4.37 4.42 4.58 5.26 5.18
TUE / / 4.37 4.48 4.59 5.29 5.21
WED / / / 4.28 4.49 5.07 5.01
THU / / / / 4.47 5.27 5.29
FRI / / / / / 5.27 5.31
SAT / / / / / / 4.70

 

Fig. 9. Cumulative distribution of users with respect to the intra-distance.
The average intra-distances of nearly 74% users are less than 5.

detail, the agglomerative hierarchical algorithm is a ‘bottom-
up’ approach in which each object starts in its own cluster,
and the pairs of clusters are merged as one moves up the
hierarchy [40].

To determine the most appropriate number of clusters,
i.e., patterns, we apply the dendrogram to evaluate the
agglomerative hierarchical clustering algorithm, as shown
in Fig. 10. The dendrogram is a branching diagram repre-
senting the hierarchy of clusters based on the degree of sim-
ilarity [41]. As Fig. 10 shows, the distance from the root to
a subtree indicates the similarity of subtrees. Highly similar
nodes or subtrees have joining points farther from the root.
We know how the nodes are combined into larger parent
clusters from the dendrogram, i.e., the detailed clustering
process. In Fig. 10, we find five is the most appropriate
number of clusters, where the clusters are of high intra-
cluster and low inter-cluster distances. The five clusters are
boxed using orange lines.

4.4 Pattern Annotation
Given the clustering results, we then annotate each cluster
of daily activity patterns with semantic terms, which will
contribute to understanding the hidden image of these
patterns. We first visualize them by randomly selecting fifty
users for each cluster and show how their cyber activities
are sequenced. As shown in Fig. 11, the x-axis refers to the
windows, and the y-axis indicates the random fifty users.
Each bin refers to the activity label of that window for that
user, and we use different colors to distinguish different
activities. The distribution of all users among clusters is
shown in Table 5.
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TABLE 5
The number and proportion of users for each cluster.

Cluster A Cluster B Cluster C Cluster D Cluster E
Number of users 55,513 120,495 49,374 191,291 236,419

Proportion of users 8.50% 18.45% 7.56% 29.29% 36.20%User Pattern

E A C B D

Fig. 10. Dendrogram of the hierarchical clustering where highly similar
nodes or subtrees have joining points farther from the root. Five is the
most appropriate number of clusters, where the clusters are of high intra-
cluster and low inter-cluster distances.

Afternoon reading (Cluster A). The users in this cluster
are mostly involved in Reading and Checking during the
day, as shown in Fig. 11(a). The users, on average, start
to use apps from time slot 4, 9.00 to 11.00, and become
to be inactive after time slot 8, around 19.00. Hence, we
annotate this cluster as afternoon reading to reflect the main
active periods and activity of this group. Although Reading
and Checking activity dominates during time slots 4 to 7,
there are still many users like Shopping during these hours.
Generally, both two activities are leisure activities. We still
notice that there are several Commuting and Transportation
activities in this cluster. However, unlike Cluster D, Commut-
ing and Transportation activities in this cluster are randomly
distributed over time slots. Therefore, the users in this
cluster do not have regular commute schedules, e.g., on and
off work. Moreover, by considering the dominating pattern
of reading and shopping activities, we infer the users in this
group are senior citizens. Recalling the statistics in Table 5,
they represent 8.5% of the total users, which is similar to the
proportion of senior citizens, 10.1%, in Shanghai.

Nightly entertainment (Cluster B). Fig. 11(b) visualizes
the daily patterns of this cluster. The users are engaged
in Entertainment activities during evening and night, from
17.00 to 24.00. Hence, we annotate this cluster as nightly
entertainment. Compared with cluster A, C, and E, the users
have fewer activities during the usual active hours, i.e.,
from 7.00 to 15.00. Also, the users in this cluster are mostly
nocturnal, and they are more than 18% of all the users. We
infer that they are likely the younger generation. Due to
the daytime classes, they only have free time in the evening
and night, which may be why their app usage is so sparse
during the day time. Besides, the daily patterns show a high
number of users in this cluster sleep late, still active in the
time slot 1, from 0.00 to 5.00. Most of their Entertainment
activities last more than 6 hours, which indicates that the
younger generation is addicted to the Entertainment activity,
e.g., mobile games, and it is harmful to their health.

Pervasive socializing (Cluster C). As shown in Fig. 11(c),
the users in this cluster are engaged in the Socializing ac-
tivity from 7.00 till 24.00. Compared with the patterns of
other clusters, the patterns of this cluster are more regular
concerning the active time of users and the duration of the
dominating activity. This unusual pattern of social activities
of nearly 7.5% users can be explained as follows. With
modern social networking apps, social activities are not
limited only to known friends and families. Peoples are
making friends and communicating with people from differ-
ent social classes via social apps. The social platforms are not
only for interaction but also for various businesses, such as
advertising and self-media. For example, on WeChat, people
advertise and sell their products via instant messages, video
calls, group chats, and WeChat Moments. This method [42]
utilizes the business relationship and friendship to maintain
the customer relationship and is called the WeChat business.
Therefore, we suspect that the users in this cluster work
in call centers, customer services, or they are bloggers,
cyberspace writers, and online shop owners.

Commuting (Cluster D). The patterns in this cluster
shown in Fig. 11(d) are typical commuting patterns. The
Commuting and Transportation activities are sequenced reg-
ularly and mainly occur during rush hours. Due to the
regular commute patterns, we infer most people in this
cluster are involved in white-collar jobs. Meanwhile, we
find an important phenomenon. In the morning, nearly
90% of Commute and Transportation activities happen in the
morning rush hour. However, these activities are spread
over multiple time slots around the evening rush hour. This
phenomenon implies that many workers cannot knock off
on time, and even working overtime becomes a habitual
pattern for them. Like cluster B, most of the users are with
limited activities from 9.00 to 17.00, as they are busy at work
and do not have time to use smartphones.

Nightly socializing (Cluster E). The patterns of this
cluster are shown in Fig. 11(e). It is the largest cluster having
36.2% of users and the most diverse patterns as well. The
dominating activity is Socializing, which mostly happens
after the evening, i.e., after time slot 6. The users in this
cluster are mostly active during the day and engaged in
other activities, such as Shopping. This implies their time
is more flexible compared to other cluster users. The lack
of sufficient commuting suggests that people are mostly
staying at or near home, involved in household work during
the day time, and socializing in the evening. Hence, we infer
the users in this cluster should be self-employed.

4.5 Verification through Controlled Study

To validate the detected activity patterns, we make a con-
trolled study and collect a small-scale app usage dataset
from 100 users with occupation information. The small-scale
app usage dataset is over one week, i.e., seven days and
users are in the age range from 25 to 55. Users’ occupations
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(a) Afternoon reading patterns. (b) Nightly entertainment patterns. (c) Pervasive socializing patterns.

(d) Commuting patterns. (e) Nightly socializing patterns.

1.Commute and Transportation

2.Entertainment

3.Shopping

4.Socializing

5.Reading and Checking

6.Life and Health

7.Exploring food

8.Unknown

Fig. 11. Visualization of daily activity patterns by randomly selecting fifty users in each cluster. Each row represent the activity patterns for one user.
The windows correspond to the time segments illustrated in Fig. 3.

TABLE 6
The average distance matrix between common daily activity patterns and occupations, where the corresponding occupations and clusters are

highlighted.

Occupation

Distance Cluster
Afternoon Read-
ing (Cluster A)

Nightly entertain-
ment (Cluster B)

Pervasive socia-
lizing (Cluster C)

Commuting
(Cluster D)

Nightly socia-
lizing (Cluster E)

White-collar workers 6.6904 7.2043 7.4817 5.5983 6.6183
Socializers 7.5787 8.2933 3.5213 7.9347 5.7453
Freelancers 7.1092 7.2277 5.4939 6.7462 5.0953

are in three categories, i.e., white-collar workers, socializ-
ers, and freelancers. Specifically, the white-collar workers
include clerks, engineers, teachers, editors, lawyers, and
others. The socializers consist of bloggers, advertisers, cy-
berspace writers, online shop owners, and others.

Applying our proposed cyber activity discovery ap-
proach, we obtain the activity sequences of that 100 users.
We then compute the average distance matrix between
common daily activity patterns and occupations, as shown
in Table 6. Mathematically, the average distance is calculated
as, ∑

u∈U
∑
û∈Ûi

lev(Au, Aû)

|U| · |Ûi|
, (8)

where A denotes the activity sequence, U is the set of users
for each occupation category, and Ûi is the set of users in
cluster i.

From Table 6, we find that white-collar workers, social-

izers, and freelancers have the lowest average distance with
cluster D, C, and E, respectively. Since white-collar workers
go work and back home in the working days, it is reason-
able that their activity sequences belong to the commuting
pattern. Similarly, socializers are usually engaged in social-
economic activities for a whole day and of the pervasive
socializing pattern. As for freelancers, they have more free-
dom to arrange their time so that their activity pattern is
the most diverse, similar to the nightly socializing pattern.
Besides, due to the age bias of the small-scale dataset, we
do not find the groups of small distances with cluster A
(Afternoon reading) and cluster B (Nightly entertainment).
This reflects the correctness of our former inferences to some
extent as well.

In summary, these results are consistent with our an-
notation of the discovered activity pattern. These results
also demonstrate the potential of our model to leverage the
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features of app usage in cyber activity profiling and social
status inferring.

5 DISCUSSION

We now revisit the research questions presented in the in-
troductory part and present answers based on our method-
ology and empirical observations.

• What activities can be discovered from app usage
data? We have discovered a set of seven dominant activ-
ities and provided these seven activities with meaningful
labels based on their temporal patterns and the semantic
information of app categories. The discovered activities are
commute and transportation, entertainment, shopping,
socializing, reading and checking, life and health, and
exploring food options.

• What common patterns we share with others in our
daily cyber activities? We have examined the existence
of daily activity patterns for individuals and found a set of
five common regular activity patterns for different groups
of people. More specifically, the afternoon reading pattern
for senior citizens, the nightly entertainment pattern for
the younger generation, the pervasive socializing pattern
for socially active people, the commuting pattern for white-
collar workers, and the nightly socializing for freelancers.

In this study, we answered these two fundamental re-
search questions. We also discuss how the discovery of
such patterns may help to understand human behavior
and further improve the quality of user experience and
contribute to the well-being of people. In this section, based
on our findings of both activities and daily patterns, we
will discuss the implications for policymakers, researchers,
service providers, and app developers.

5.1 Implications for Policymakers
Mobile app usage data and the insights on human behavior
are relevant and vital for policymakers. The data analysis
can provide valuable feedback regarding the activities and
well-being of citizens. The insights are expected to con-
tribute to better decisions on multiple scales: from cities
and urban planning to the level of individual companies
and environments. Traditional methods, like survey and
questionnaire techniques require significant personnel re-
sourcing and cannot address the need for timely data and
insights. Thus, app data analysis provides an alternative
methodology that can be near real-time and low cost.

Through smartphone app data analysis, social issues can
be detected and traced at an early stage. For example, in
March 2019, an ‘anti-996’ protest was launched via GitHub2,
followed by over 250 thousand people against working
overtime.

We have analyzed working patterns and examined signs
of overtime with our smartphone app dataset. We have
detected that approx. 35% of workers tend to stay late at
the office following a habitual pattern of working over-
time. Similarly, we find that a significant proportion of
the younger generation has addicted to the Entertainment
activity. The observations indicate that policymakers and

2. https://996.icu/#/en US

employers can use smartphone data for providing early
advice and counseling when working overtime or becoming
addicted to games is becoming an addiction.

5.2 Implications for Researchers
The identified seven activities and five common daily cyber
activity patterns indicate that app usage records reflect user
activities in real life. The usage records provide a rich
basis for research on multiple levels of abstraction from the
analysis of specific apps and app categories to user activities
and habits.

We show that demographics have a significant impact on
users’ app usage and activities. This may result in biased re-
sults and may explain the inability to replicate results across
studies, as mentioned in [43]. For example: since our small-
scale validation dataset does not cover senior citizens and
teenagers, we could not discover the groups associated with
the afternoon reading and nightly entertainment patterns
that are presented in the large-scale dataset. This issue can
be mitigated by understanding the demographics aspects of
the study at hand and taking this information into account
when designing the data gathering and analysis.

5.3 Implications for Service Providers
Smartphone app data analysis is expected to provide valu-
able insights for mobile service providers. They can config-
ure and optimize their services in a dynamic manner accord-
ing to the discovered patterns and behavior. For example,
the usage patterns show when the high bandwidth apps are
in use of the day, allowing the provider to optimize service
delivery and reduce operating costs predictively. The data
is also very important for generating recommendations to
users based on their observed app usage.

As another example, the nightly entertainment pattern
implies that low latency network service is essential in the
evening and night since game and media & video apps
dominate this pattern. However, in terms of our findings in
section 4, there are nearly 42% of users in cluster B addicted
to mobile games, still involved in entertainment activity af-
ter midnight. A recent report [44] suggests that gaming and
smartphone addiction have significant detrimental effects
on physical and mental well-being. The app data analysis
can highlight these problems through early detection.

5.4 Implications for App Developers
Our work also provides useful information for app de-
velopers. For example, during the step of activity identi-
fication, we found several highly related app pairs, such
as Navigation and Transportation, Game and Media & video,
Shopping and SON & IM, Food & drink and Photography.
These observations help application developers in making
their apps more intuitive and user-friendly by grouping
and merging functions of highly related applications. For
example, WeChat, one of the most popular apps in China,
already supports such grouped functions through mini-
programs3. Mini-programs are embedded in WeChat, and
they enable the user to access other apps’ services effectively.

3. https://wechatwiki.com/wechat-resources/wechat-mini-
program-epic-tutorial-guide/
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5.5 Study Limitations

We have examined the smartphone app usage data gathered
from the urban area. However, the activity patterns might
be different for suburban and rural areas. The presented
work is based on mobile app usage data; thus, it is only
possible to detect cyber activities performed while using
and carrying smartphones. It is also possible that the app
usage records may not reflect the actual engagement of
users’ activities, as some apps may be executed automat-
ically in the background. For example, an email app may
download emails even when the user is not using that app.
The basic model can be improved by introducing a user
attention mechanism.

6 RELATED WORK

6.1 App Usage Patterns

A lot of previous works or analyses focused on how indi-
viduals use their smartphones and their applications. For
example, Falaki et al. [45] used detailed traces from 255
users to characterized user activities and found that users
interact with their smartphones between 10 to 200 times per
day on average and use 10-90 applications. Xu et al. [46]
investigated the diverse usage patterns of smartphone apps
via network measurements from a tier-1 cellular network
provider in the US. They found that some apps have a
high likelihood of co-occurrence across smartphones, that
is, when a user uses one app, he or she is also likely
to use another one. In our work, we also found similar
results. For example, recalling Commute and transportation
activity presented in section 3, we found that people listen
to music and check emails along with the transportation
apps while commuting. We also discovered that people are
habituated to using news, reading, and weather apps during
the same period in Reading and checking activity. Yang et
al. [47] collected continuous cellular traffic over a week to
characterize user behavior on mobile Internet. They showed
that a user visits seven applications over a week and five
categories of applications within a day on average. Canneyt
et al. [5] collected a sample of Flurry data which consists of
events from 600 million daily unique users and covers users
from 221 countries. They showed how application usage
behavior is disrupted through major political, social, and
sports events.

Some existing studies clustered users into several par-
ticular groups and provide comprehensive descriptions for
these groups. Jones et al. [2] analyzed users’ application re-
visitation patterns based on three months of application
launch logs from 165 users and identified three distinct
user clusters, checkers, waiters, and responsives. Checkers
refer to the users exhibit brief revisit patterns of fast re-
visitation (less than one hour). Waiters stand for the users
who show longer revisit patterns, which are uniformly
distributed between short-medium re-visitations (between
1min and 4hrs) and long re-visitations (from 2hrs to 3days).
Responsives are the users who sometimes exhibit brief and
occasionally long revisit patterns. Zhao et al. [4] analyzed
one month of application usage from 106,762 users and
discovered 382 distinct types of users based on their usage
behaviors in app-category granularity. They also gave a

meaningful label to the users in each cluster, such as Night
communicators, Evening learners, and Financial users. In
[48], Katevas et al. collected daily mobile phone activity data
from 340 users and revealed five smartphone use profiles,
i.e., limited use, business use, power use, and personality-&
externally induced problematic use.

Unlike grouping users of similar application usage
habits, Welke et al. [49] showed the significant diversity of
application usage among users. They demonstrated that it is
possible to differentiate users according to their application
usage and found out that 500 most frequent applications are
sufficient to identify 99.67% of the users. Further, Tu et al.
[3] quantified the uniqueness of individual app usage and
showed that the fingerprints of mobile app usage are highly
unique. They also found user demographics, users’ online,
and offline behavior all influence the uniqueness level.

Since different demographic attributes can lead to differ-
ences in app usage behavior, many studies have sought to
study the relationship between user personality traits and
their app usage traces. For example, Seneviratne et al. [50]
collected an app usage dataset from over 200 users and
exploited linear support-vector machine to predict users’
gender based on the apps used by users. Further, Malmi
et al. [51] conducted a similar study on a more extensive
app usage dataset covering 3,760 mobile users and demon-
strated that, apart from gender, the app usage traces can be
used to predict income as well. Zhao et al. [52] collected an
app usage dataset from 15,000 mobile users. They extracted
topic features from app descriptions and then applied the
topic features of used apps to infer users’ gender.

6.2 App Usage Prediction and Recommendation

Some scholars also worked on modeling mobile app usage
and tried to predict which applications will be launched and
recommend accordingly. Given the app usage sequences,
it is often assumed that Markovian property stands. Zou
et al. [53] proposed using Markovian models to learn the
app usage sequences. They compared first and second-order
Markov models with the weighted linear combination of
these two models. The results showed that the combined
model is the best model with an accuracy of 85% in pre-
dicting the top-5 apps each time of the sequence. Besides,
Natarajan et al. [54] proposed a cluster-level Markov model
to make personalized app usage prediction to a user. It
first clusters users based on their usage patterns and then
computes personalized PageRank for users corresponding
cluster Markov graph.

Apart from only using app usage sequences, some works
computed app usage features separately for different tem-
poral contexts. In [55], Verkasalo et al. studied how mobile
services are used in different contexts and found that time
of day is the most useful context for app usage prediction.
Liao et al. [56] proposed a temporal-based apps predictor
to dynamically predict the apps that are most likely to be
used. They extracted three Apps usage features, i.e., global,
temporal, and periodical, from the Apps usage trace. Later
they dynamically derive an app usage probability model
from estimating the current usage probability of each app
in each feature. Other studies [57], [58] applied similar
approaches, i.e., taking time-based features into account
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to predict app usage dynamically. Like time features, the
activity features derived in our work can be used as context,
which helps to predict app usage.

With a large pool of apps currently available and the
fast proliferation rate of new apps, app recommendation
as an important topic also attracted many researchers. Shi
et al. [59] proposed a similarity-based recommendation al-
gorithm that measured the similarity of apps based on the
usage patterns found among a group of users. Yan et al.
[60] presented the AppJoy system to make personalized
recommendations by picking the apps with similar usage
patterns to a user’s installed apps. Bae et al. [61] made
app recommendations based on co-occurrence in usage
behavior. Meanwhile, in our work, we also find several
high related app pairs, like Navigation and transportation,
Game and Media & video, Shopping and SON & IM, Food &
drink, and Photography, which can provide prior knowledge
for app recommendation systems. Besides, the contextual
information, e.g., users’ mobility status, location, and time of
the day, is also useful for app recommendations. Davidsson
et al. [62] combined both the context and user feedback to
develop the app recommendation system. Kaji et al. [63]
developed an app, AppLocky, which requests users to select
their current context for context-aware app recommenda-
tions. The activity labels derived in our work can also be
applied in recommendation systems as a kind of contextual
information.

7 CONCLUSIONS

Although we are overwhelmed by the chaotic flow of
everyday obligations, we have patterns in our digital ac-
tivities that characterize our daily lives individually and
collectively. In this paper, we designed a probabilistic topic
model based activity detection framework for discovering
daily activity patterns across mobile app usage data. By
applying our framework on a large-scale and real-world
dataset collected from Shanghai, one of the world’s largest
cities, we identified seven typical activities, i.e., commuting
and transportation, entertainment, shopping, socializing,
reading and checking, life and health, and exploring food.
From users’ activity sequences, we examined the regularity
of individuals’ daily activities and successfully extracted
five common patterns among millions of people, including
afternoon reading, nightly entertainment, pervasive social-
izing, commuting, and nightly socializing. We also showed
that demographics have an important impact on users’ daily
lives. Finally, we demonstrated how our findings could
be used by policymakers, government, researchers, service
providers, and app developers. In this work, the patterns
discovered are based on the dataset collected from only one
city, i.e., Shanghai, which might not represent the whole
community. Therefore, verifying the findings and compar-
ing the differences across different cities is an exciting future
direction.
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