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Abstract— Mobile devices such as cell phone, PDA and smart 
phone have been so popularized that they are to be a necessity 
for everyday life. These mobile devices can be very useful tools 
to collect users’ life-logs because they have many sensors and 
users always carry them. Therefore, many studies using mobile 
life-logs are actually being conducted. Mobile life-logs include 
interaction information between users as well as personal 
information of each user. We collect these mobile life-logs, and 
additionally, high-level logs such as activity and emotion as 
helping users to annotate them. Based on these life-logs, we 
build a novel mobile social network by mining semantic 
relations between users in life-logs using Bayesian network. 
For experiments, we build the mobile social networks and 
analyze them. Finally, we discuss how this mobile social 
network can be used for practical application and implemented 
a proof-of-concept application. 

Keywords-mobile social network, life-log mining, Bayesian 
network 

I. INTRODUCTION

Due to proliferation of mobile devices, people can 
communicate and share information with others anytime. 
Also, recent mobile devices become smarter so that they can 
be used to take pictures, capture videos, issue messages and 
emails, access to the Internet and listen to music. They are 
like a small computer and have more advantages in a sense. 
As in computer, it is possible for users to develop 
applications they want. Also, this portable and powerful 
device can be useful tools to capture users' mobile life-logs. 
Accordingly, many studies based on mobile life-logs have 
been conducted [1], [2], [3], [4]. 

Related works using mobile life-logs cover various topics. 
They include collection, recognition, retrieval and 
summarization of mobile life-logs. MyLifeBits project in 
Microsoft Research was the first attempt to collect life-logs 
and make a personal digital store [1]. Since then, many 
groups attempted to collect mobile life-logs using more and 
advanced sensors, and they conducted diverse studies 
including topics mentioned above [2], [3], [4]. Some groups 
focused on an interaction, which is a kind of mobile-log, 
between users. Bluetooth device information nearby as well 
as call and SMS logs are used for this social network 
analysis based on mobile life-logs. The reality mining 
project in MIT Media Lab conducted social network 

analyses using information of Bluetooth proximity [5], [6]. 
On the other hand, Hwang et al. made a user-centered social 
network and presented the UbiPhone including UbiCall, a 
smart and comfortable contact service, and an emergency 
contact service using call records [7].  

We collected mobile life-logs and built novel mobile 
social networks using Bayesian network-based mining. In a 
mining process, high-level contextual information such as 
activity, place and emotion is used together with interaction 
logs such as call log, SMS log and nearby device 
information using Bluetooth. Since high-level context is 
difficult to obtain, they have not been used for social 
network study even though they are very useful. Based on 
mobile logs including high-level contextual information, we 
designed a Bayesian network model, which identifies 
semantic relations between users. These relations 
correspond to links between users in our social networks. 
We build various mobile social networks using activity 
information as well as interaction information. Finally, we 
discussed how the mobile social network built can be used 
for mobile services and provided a proof-of-concept 
application implemented. 

II. RELATED WORKS

This section describes various related works on use of 
mobile life-logs and mobile social networks. 

A. Use of Mobile Life-logs 

Related works using mobile life-logs covered various 
topics, and we classified them into three categories: 
collecting, mining and managing, and providing intelligent 
services using life-logs. MyLifeBits project, the first 
research of life-logging, attempted to collect all possible 
information of users to make a personal digital store of life-
time [1]. It collected all digital information including mobile 
life-logs. Aizawa et al. collected life-logs using wearable 
sensors including camera, microphone, accelerometer, GPS 
receiver, gyro sensors and laptop [2]. The reality mining 
group in MIT Media Lab collected call log, Bluetooth 
proximity, cell tower IDs, application usage log and the 
states of mobile devices for the reality mining project [5].  

Mining and managing collected mobile logs include more 
specific topics such as recognition, representation, modeling, 
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reasoning and analysis. SenSay project in Carnegie Mellon 
University recognized user states based on mobile logs of 
cell phone, microphones, accelerometers and GPS receiver 
[8]. It provided a service that changes a cell phone mode 
according to the recognized user state. Predestination 
project in Microsoft Research predicted where users are 
going to based on drivers information including current 
location, driving time and personal destination [9]. Bayesian 
inference was used for the prediction model. Kim et al. 
presented an organization method of mobile device storage 
based on a KeyGraph algorithm [10]. Hwang and Cho 
modeled landmark detection modules using a modular 
probabilistic method [3]. Representative examples of 
analysis are social network analyses based on mobile life-
logs. These are described in the next part in detail. 

The last topic using mobile life-logs is providing 
intelligent services. The MyLifeBits project and the context-
based retrieval system in [2] provided retrieval services of 
life-logs. AniDiary provided a cartoon-style summary using 
Bayesian network [4]. A representative example of 
recommendation is LBS (Location-based Service). The LBS 
is evolving according to change with the maturation of low-
power positioning technology, LBS middleware technology 
and 3G mobile networks, and diverse services including 
recommendation are being studied and prepared. A 
visualization of mobile life-log is also an interesting topic 
and it is particularly important in a social network service 
[11]. 

B. Mobile Social Network 

Social networking has grown dramatically in the past few 
years [12]. In information technology, it started as online 
social networks in web. MySpace and Facebook are most 
popular and representative web-based social networking 
services. Recent proliferation of mobile device users has 
resulted in much interest in mobile social networking.  

Since initial works on mobile social network such as 
dodgeball (http://www.dodgeball.com) and Reno, small but 
emerging thread of research has been examined. Both 
services are based on location-based service (LBS). 
Dodgeball is a New York city-based mobile service that 
helps users to keep in touch with their friends via mobile 
technology, and Reno added semi-automatic location 
awareness using global system for mobile communication 
(GSM) technology [13]. These novel studies seem to be 
useful, but they required intervention of users to obtain final 
location of users. Most of the mobile social networks have 
used location information of users, but more diverse 
information is being used as mobile devices include more 
functions such as motion, Bluetooth, camera and MP3.  

We classify the studies of mobile social network into two 
categories: a server-centered and a client-centered networks. 
The former has a server which constitutes and manages the 
network, and the client device is used as a sensor for input 

and an interface for services. The latter has no server or a 
server which does not take an important role in the network.  

The client-centered network is more general because it is 
easy to implement and does not need a heavy server. It is, 
however, usually used for simple services which do not 
require high performance. There are two types of network in 
this category. One is a mobile social network based on 
WPAN (Wireless Personal Area Network) like Bluetooth, 
which is the most general mobile social network. It builds 
ad-hoc mobile social networks at a certain area in a certain 
time point. MIT Media Lab conducted a large-scale mobile 
social networking project [5]. They collected mobile logs of 
100 users including Bluetooth proximity, and conducted 
social network analyses focusing on sociology. Also, 
Rudstrom, Coster and Svensson built ad-hoc social 
networks of users using Bluetooth [14]. They presented 
MobiTip, an information recommender service among users. 
The other is a smart contact book application. It works on a 
client device and makes a user-centered social network. 
Oulasvirta et al. presented ContextContacts, a contact book 
to support mobile collaboration [15]. They described the 
design requirements of contact book for mobile devices 
systematically and provided an application interface 
implemented. Hwang et al. made a human-centered social 
network and presented a smart and comfortable contact 
service and an emergency contact service [7].  

The server-centered mobile social network can provide 
diverse and powerful services even though it requires more 
cost like hardware resource. There are also two types of 
networks in this category. One is expanded online social 
network services representing as micro-blogs like Twitter 
(http://www.twitter.com). Normally, most services in this 
type are just using converted user interfaces for mobile 
devices with the same services, but these simple services are 
very popular. The other is a mobile social network based on 
the server-client architecture. Recommending friends is one 
of the most popular applications in this type. The 
serendipity project of the reality mining group, which is a 
match-making service with a smart phone [6], is a good 
example. Here, server stores user profiles and interests to 
match target users. R. Grob et al. proposed Cluestr to 
enhance group communication with mobile devices [16]. 
Here, a server stores community database of users and 
manages the contact list by community to provide contact 
recommendation, which enhances group communication. 
Coster and Svensson also presented a mobile social network 
with the server-client network in order to implement a 
mobile collaborative filtering [13]. As described above, 
various services can be provided using a powerful server.  

We used the server-centered mobile social network. The 
proposed architecture infers semantic relations between 
users in mobile life-logs and provides users with services 
such as context sharing and behavior recommendation. 
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III. PROPOSED METHOD

This section describes how we collected mobile life-logs 
and how we built the mobile social network using them. Fig. 
1 shows an overview of the mobile life-log mining and 
management system. 

We used the server-centered network to build a mobile 
social network with semantic relations. A server includes a 
database for mobile life-logs and the mobile social networks 
building by life-log mining. Mobile life-logs collected from 
mobile devices are composed of low-level logs, which are 
directly collected from device, and high-level logs, which 
are recognized or inferred from low-level logs. Normally, 
high-level logs are not used because they are difficult to 
collect. We used these high-level logs such as activity, place 
and emotion as helping users to annotate them. In the 
mining process, Bayesian network model is used to infer 
semantic relation between users where previous mobile 
social networks did not consider. Based on this semantic 
relation and high-level context like user activity, mobile 
devices can provide diverse and useful services. This will be 
presented in a discussion section. 

A. Collecting Mobile Life-logs 

This section describes what kinds of mobile life-logs we 
designed and how we collected them.  

1) Overview of Mobile Life-logs Collected: Mobile life-
logs we collected are as follows. First, we considered 
interaction logs such as a call and a SMS logs. Logs of 
nearby devices using Bluetooth were also considered for 
relative locations of users. Additionally, GPS, time, date, 
battery status and motion logs were collected automatically 
every minute. Searching for nearby devices was conducted 
on every five minutes since it requires battery power. User 
schedules were logged once a day. Activity and emotion 

were entered manually. To support this annotation, we 
classified activities and emotions and let users select one of 
them. 

2) Classifications of Activity and Emotion: To support 
manual annotation, we classified activities and emotion 
referring to literatures. It will be easier for users to select 
one activity or emotion among classified activities and 
emotion than they directly input the text.  

We referred to the GSS (http://www.statcan.ca/) for an 
activity classification. The GSS is an annual survey that 
monitors changes and trends in Canadian society, and we 
referred one in 2006. It has three activity hierarchies. There 
are 10, 24 and 177 activities in the first, the second and the 
third hierarchies, respectively. These activities are too 
general and too many for users to select one of them, so we 
modified the GSS based on activities in its' first hierarchy. 
Classified activities are summarized in Table I.  

For emotion classification, we used the Valence-Arousal 
model, which illustrates diverse emotion mapped into the 
Valence-Arousal emotional space [17]. For convenience in 
an annotation, we selected eight emotions, two activities in 
each quadrant. They are excited, happy, contented, relaxed, 
bored, sad, upset and nervous.Maintaining the Integrity of 
the Specifications 

B. Building Mobile Social Network 

Fig. 1. An overview of the mobile life-logging system 

TABLE  I 
CLASSIFIED ACTIVITIES REFERRED TO THE GSS 

First hierarchy Second hierarchy 
Paid work Work, travel, meeting 

Household work Household work 
Education Course, seminar, lecture 

Sleep, meals and other 
personal activities

Meals, sleep at night, relaxing, rest, nap, 
religious activity 

Socializing Restaurant, coffee, bar, wedding, funeral 
Passive leisure Watching TV, using computer at home 

Entertainment events Movie, concert, musical 
Active leisure Basketball, soccer, billiards, a walk 

Others (Direct input) 

Fig. 2. A structure of Bayesian network model designed  
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Generally, a relation between users in a mobile social 
network considers the existence (or strength) of connection 
only. We identify semantic relations between users and 
build the mobile social network with them. A Bayesian 
network based on domain knowledge was used to identify 
these semantic relations between users. 

The proposed mobile social network    is defined as 

where   is a set of users {u1, u2, … , un}, and R  is a set 
of relations between users. Here, n is the number of users. 
Our model infers two kinds of relations, and R is defined 
according to the type of relation as follows. 

private_relation={close friend, friend, acquaintance, none} 

work_relation={close colleague, colleague, acquaintance, none}  
Elements in these relations are relation candidates 

inferred from Bayesian network model.  
A Bayesian network is represented as directed acyclic 

graph where the nodes correspond to probabilistic random 
variables and the arcs correspond to conditional 
dependencies between those variables [18].  The Bayesian 
network has been used as a robust model to solve problems 
with uncertainty. Mobile environment has much uncertainty 
because sensor information is not reliable. Therefore, the 
Bayesian network is a useful model to identify semantic 
relations between users with information of mobile 
environment. It can be learned from data or be designed by 
expert with domain knowledge. In this paper, we manually 
designed Bayesian network model using domain knowledge.  

Fig. 2 illustrated the structure of designed Bayesian 
network to identify user relations. It infers two kinds of user 
relations: private and work relation. Four intermediate nodes 
influence user relations, and the first node is 
"ContactRelated" based on interaction information such as 
call frequency, SMS frequency and call duration. The 
second node is "WorkActivityRelated" node and it is literally 
based on information of work-related activities and the 
location proximity. A node of "EmotionRelated" is influenced 
by emotion and common social activity between users. The 
last node "SocialActivityRelated" is concerned with common 
social activities and location proximity. Private relation is 
concerned with all these intermediate nodes, but mainly 
influenced by a node of "SocialActivityRelated." Work 
relation is related to nodes of "ContactRelated", 
"WorkActivityRelated" and common schedule. A common 
schedule is a significant cause of work relation, but it 
usually has no information. Fig. 2 also shows the inference 
example. In this figure, we set five nodes of call frequency, 
SMS frequency, call duration, common schedule and 
common social activity because they are observed. The 
others are inferred by Bayesian networks. Two nodes in the 
middle of the network, “PrivateRelation” and “WorkRelation,” 
are query nodes, and the states with the highest probabilities 
decide a relation between users.  

Table II summarizes nodes of the Bayesian network 
model and their states. The model has 14 nodes, which have 
two to four possible states each. The Bayesian network 
model provides inferred states of the result nodes and the 
corresponding probability. The inferred result decides the 
semantic relation between a pair of two users, and this 
inference process is repeated for every pair of two users.  

The probability inferred can be also exploited for better 
service. Suppose that there are two different Bayesian 
networks. Both models infer the work relation of user A and 
user B is "close" but the probability inferred by the first 
model is 0.55 and one inferred by the second model is 0.95. 
That is, their inferred states are the same but the confidence 
levels from the probabilities are totally different. 

IV. EXPERIMENTAL RESULTS

We collected mobile life-logs from eleven graduate 
students for three weeks as the design described in 
“Collecting Mobile Life-logs” section. It seems to be too 
short, but Eagle et al. analyzed long term data from mobile 
devices have enormous redundancy and observation for two 
weeks will largely replicate the data produced from nine 
months of observations [19]. A Samsung smart phone, 
T*Omnia SCH-M490, was used for this experiment. This 
section provides the mobile social networks built using the 
proposed method and analyze the results.  

Using location proximity and activity logs together, we 
can build various mobile social networks as objectives. For 
example, two users are close in private relation if they often 
watch movie together. Here, we present a few of them.  
1) A Network based on Private Relations: First, we built a 
mobile social network based on private relations between 
users, and Fig. 3 shows this network. Socializing activities 
like restaurant, coffee and bar or active leisure activities like 
basketball, billiards and a walk took important roles in this 
network. In this network, the size of a node represents the 
importance of a corresponding user, and the position is 
based on their physical location. In reality users 3, 4, 7 and 
10 share an office, and the other users share another office. 

TABLE  II 
VARIABLES AND STATES OF BAYESIAN NETWORK MODEL DESIGNED

Variable State 
Private relation Close friend, friend, acquaintance, none 
Work Relation Close colleague, colleague, acquaintance, 

none 
Contact Related High, low 
Emotion Related High, low 

Social Activity Related High, low 
Work Activity Related High, low 

Call Frequency Many, some, none 
SMS Frequency Many, some, none 

Call Duration Long, short 
Emotion Positive, negative 

Common Social Activity Many, some, none 
Location Proximity PProximate, WProximate, NotProximate

Common Work Activity Many, some, none 
Common Schedule Yes, no 
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Thicknesses of links are decided by the relations inferred.  
The importance of nodes is calculated based on the 

closeness centrality, which is defined as Equation (1) [20].  

(1)

A function d(ui, uj) measured a geodesic distance between 
two users, but we modified it as follows. 

(2)

We also restrict the maximum number of links between 
two users as three when calculating the distance function. It 
means that we would neglect closeness if the distance of 
two users is very far. It is realistic because the influence of 
two users degrades as the number of users in between grows.  

As shown in Fig. 3, user 1, 3 and 7 are calculated as 
important users. In a real world, user 1 and user 3 are 
managers of two rooms, and they are close to most of the 

members in the lab. 
Mobile life-logs used in this paper include high-level logs 

like activity and emotion. Fig. 4 illustrates a visualization of 
the mobile social network with major activities of users. It is 
a close-up of the upper left part of Fig. 3.  
2) A Network based on Work Relations: Fig. 5 shows a 
mobile social network built based on work relations. 
Obviously, activities related to paid work are significant in 
this network. We found two large groups in the network 
(solid lines and dotted lines), and it is found that users in the 
same group work at the same office. In short, this network 
depends on the location proximity very much.  

The network is visualized with the same method as 
private relations-based network, and user 1 is shown as the 
most important person in this network. Even though it is 
true in real world because user 1 is the manager of the lab 
and a main room, this network cannot discriminate the 
importance of other members at all, and it is because it 
depends on the location proximity very much.  
3) A Network based on Interaction Logs: To improve the 
previous network, which depends on location proximity, we 
attempted to consider interaction logs only. We thought 
interaction logs influence both private and work relations. 
Based on frequency and duration of interactions, the 
network was built as shown in Fig. 6. Connections have 
direction from sender to receiver. 

Fig. 6. A mobile social network built based on interaction logs
Fig. 4. Visualization of a mobile social network with major activities of
users. It is a close-up of upper left part of Fig. 3.  

Fig. 3. A mobile social network built based on private relations between
users 

Fig. 5. A mobile social network built based on work relations between
users 
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In a real world, users work as teams. Users 1, 4, 5 and 7, 
users 3, 5 and 9, users 1, 2 and 6 and users 2, 8, 10 and 11 
work together as the same teams. In Fig. 6, members in the 
same group have same colors and so do connections 
between them. Because users 1, 2 and 5 belong to two 
different teams at the same time, they have two circles with 
different colors. If we check the relations in a built mobile 
social network based on interactions, user 1 has close 
connections with users 3, 4, 5 and 7. User 5 closely related 
to users 1, 3, 7 and 9, and user 8 interacts users 2 and 11 
frequently. These relations are similar to those in a real 
world. Therefore, this network can complement the work 
relations-based network in Fig. 5.  

We compared the inferred relations with actual relations 
from self-reported data. Users were asked to select one of 
predefined relations to other users. Options are “close 
friend/ friend/acquaintance/none” for private relation and 
“close colleague/colleague/acquaintance/none” for work 
relation. Answers of two users are not always the same, and 
in those cases, we decided the inference was correct if the 
inferred answer is the same as either of two different 
answers. Table III provides accuracies of this comparison. 
An interaction-based network is good for implementing 
work relations, and work relation-based network is not good 
for implementing work relations because of its dependency 
on location proximity.  

As shown here, it is possible to build diverse networks 
using interaction logs and activities. In particular, having 
information of user activity supports building various 
networks very much because we can select a part of 
activities related to the goal. In sum, we should use a proper 
social network model for the target problem. 

V. CONCLUSION AND FUTURE WORKS

We collected mobile life-logs and built mobile social 
networks with semantic relations using Bayesian network 
model. We collected high-level context logs such as activity 
and emotion, and exploited them with previously used 
mobile logs such as interaction and Bluetooth proximity 
logs. We built diverse mobile social networks based on the 
mobile logs including high-level information of activity.  

Future work includes interesting topics such as high-level 
context recognition and developing diverse applications like 
context sharing service. Context recognition will replace 
manual annotation. For context sharing, friends/family can 

share their information based on relationships inferred. 
Though there are still problems like privacy or quality of 
service, they will be solved in a near future. Privacy can be 
solved as letting users set the friends list who can share their 
contextual information, and semantic relations in mobile 
social network would help them. 
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