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ABSTRACT
Mobile social applications are popular as the proliferating of mo-
bile devices. Understanding user social behaviors is important to
improve mobile social applications and enhance its qualityof ser-
vice. However, there is still lack of data for real deployment mobile
social application on data analysis of human interaction and social
behaviors in mobile social networks.

In this paper, we introduce the experiment methodology of de-
ploying the Goose software in two campuses located in Germany
and China respectively. Goose is a mobile social network appli-
cation allows microblogging, message sending. With the help of
volunteers, we collect user interaction data in the duration of 15
days. Based on the collected data, our observation reveals the fol-
lowing aspects of user interactions and their influences. First, user
overall activities approximately match user daily life work pattern
with a slightly longer time duration and periodically appearance.
Second, user encounters in mobile social network follow theheavy
tail distribution in small social communities, and user interactions
follow the Pareto principle, where about 20% of users make close
connections to the other users. Third, communication path between
a pair of mobile nodes is mostly within 6 hops, and information dif-
fusion using an epidemic strategy demonstrates that the informed
population reaches to 50% in a short term and approaches to 80%
in a long term.
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1. INTRODUCTION
Mobile phones are popular with more than 4 billion phones in
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use worldwide [1]. Smartphones with programmable capability are
growing fraction of these phones. For instance, there are 172 mil-
lion of smartphones of the 1.2 billion phone sold in 2009 [2].Mean-
while, social networks have become a popular way for users toin-
terconnect, share contents and express themselves. Popular social
networks like Facebook have hundreds of millions of registers and
are growing at a rapid pace. As the proliferating of smartphones
and social networks, many mobile social applications have been
developed to meet social requests of mobile users. For instance,
PeopleNet [3] is a mobile social application that seeks information
in a mobile social network environment. Prism [4] is developed
for remote sensing in a mobile society. The Reality Mining ex-
periment [10] in MIT captured communication, proximity, location
and activity information from 100 subjects. However, thereis still
lack of data for real deployment on mobile social applications on
analysis of human interaction and social behaviors in mobile social
networks.

Motivated by data collection and human behavior analysis inmo-
bile social networks, we introduce Goose application [11].Goose
is a cellphone application implemented in Nokia Symbian system
to support user interactions (i.e. microblogging and messaging) in
mobile social networks. With the help of volunteers, we deployed
the Goose software in University of Goettingen (UGoe) in Ger-
many and Nanjing University (NJU) in China for data collection.
Each university recorded a 15-day log for user activities. Based on
the data collected, we investigated user social behaviors in small
communities.

Specifically, we make the following contributions in this paper.

∙ We devise the Goose mobile social application, and propose
the experiment methodology of real deployment of the mo-
bile social application in two campuses. We collect user in-
teraction trace during 15 days to analyze human interactions
and their influences on mobile social applications.

∙ We study user overall behavior and find out that user active
strength approximately match user daily life work pattern
with a sightly longer time duration and periodically appear-
ance.

∙ We analyze user social interactions. It presents that the num-
ber of user encounters in mobile social network follow the
heavy tail distribution and the number of user interactions
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Figure 1: Goose architecture and user interface

follow the Pareto principle, where about 20% of usrs make
close connections to the other users.

∙ We investigate the information diffusion process in mobile
social network, which demonstrates that most of commu-
nication paths between a pair of mobile nodes are within 6
hops, and information diffusion using an epidemic strategy
reaches a half population in a short term and approaches to
80% in a long term.

Although our datasets cannot be more extensive due to limited
budget and platforms, we believe this measurement results offer
us one step further towards a better understanding of the human
mobility pattern and human interaction behaviors in the campus
environments.

2. MOBILE SOCIAL NETWORK APPLICA-
TION: GOOSE

Goose is a mobile social network application implemented in
Nokia Symbian system to satisfy the low end mobiles social com-
munication among users. It includes various social networking fea-
tures like microblogging and messaging. It supports one to one
communication like sending a text message or voice message to a
friend, and one to many communication such as broadcasting news
to a group of people by using common wireless network facilities,
i.e. GSM and Bluetooth.

2.1 System Design
The Goose architecture contains three major components: con-

tact manager, forwarding manager and network manager, as illus-
trated in Fig. 1.

Contact manager: it stores and manages user contacts. Every
contact entry includes user basic information (e.g. name, phone
number and etc.). It records the Bluetooth MAC address for the
communication via Bluetooth, and exchange profiles while devices
encounter.

Forwarding manager: it is used for message forwarding. It
maintains a unique ID for each message and a list of MAC address
that already received this message to avoid retransmission. It also
takes into account the message priority and available resources to
decide whether to transmit information to a dedicated person or not.

Network manager: it coordinates both Bluetooth and GSM net-
work to send and receive data. It records the cellular ID of the cur-
rent radio tower, detects nearby Bluetooth devices and sendfriends
request to buildup social relatinship. It also take function of switch-
ing between different networks based on the connection situation
and user preferences.

2.2 Data Transmission
Data transmission in Goose supports unicast, multicast andbroad-

cast mode. Short messages and contact information are sent via
unicast mode. Friendship searching information is sent by mul-
ticast. Additionally, news and microblogs are sent in broadcast
mode.

Broadcast mode only works on Bluetooth network, and the mes-
sage is sent to the whole network using the epidemic routing strat-
egy [8], which takes the store and forward algorithm for message
delivery. Each node stores messages to be sent in its buffer,car-
ries them, and sends the message to the nodes when it encounters,
basing on the Bubble Rap algorithm [16].

Unicast messages are delivered via direct forwarding strategy.
The text message having a higher priority is sent over GSM net-
work (i.e. SMS) if there is no direct Bluetooth connection between
users. Contact information is also exchanged in unicast mode via
Bluetooth network when people encounter each other. Further-
more, to update the user profile of an existing contact, a unicast
mode profile update request is sent to the targeted user. The tar-
geted user receives the update request and sends the latest user pro-
file to the requester. The multicast message (i.e., friend search)
only transmitted to nearby address included in the contact list. This
takes inspiration from the fact that someone’s details can be easily
obtained from a mutual contact.

3. EXPERIMENTS
Goose application is deployed on the campus of UGoe in Ger-

many and the campus of NJU in China to collect data for our anal-
ysis of mobile social networks. It targets at investigatinghuman
social behaviors in a small community like a university campus.

3.1 Deployment Issues
Software deployment on mobile devices faces the challengeslike

platform limitations, software capabilities, user incentives and pri-
vacy concern in our case.

We made the following efforts to attract more people to attend
our experiments.

∙ Platform extensions: The Goose application is written by
J2ME, which is widely deployed on mobile devices. How-
ever, different mobile manufacturers still provide different
APIs for their products. It is hardly to provide a platform
to support for all different platforms. Instead, we developed
different releases for multiple Nokia platforms.

∙ Software robustness:The design of Goose regards to Blue-
tooth detection and communication. The real test cased can-
not perform as robust as the logical design. We well pro-
grammed and performed enough tests to guarantee its robust-
ness.

∙ User incentives:One of the most challenges in this experi-
ment is to find volunteers for participating our deployment.
We designed a user friendly interface and explain users’ con-
cerns (i.e. user privacy) to potential participants. Addition-
ally, we provided small gifts to them to attract people to join
the experiment.

∙ Privacy concern: To protect the user privacy, we collected
the user interaction data anonymously, which does not con-
tain user basic profiles. We did not log any contents of user
interactions. Instead, we only recorded the interaction time,
recipients hashing ID, and interaction type. Meanwhile, we
hide the basic information of users’ contacts in our records
to avert the leak of user privacy.
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(a) Activity pattern in UGoe
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(b) Activity pattern in NJU

Figure 2: Activity pattern

3.2 Data Collection
The whole experiment lasts for 15 days in UGoe and in NJU re-

spectively. At the end of the experiment, we collected data from
12 users in UGoe and 15 users in NJU. The software records the
logs of user social communications. Specifically, every time when
Goose is turned on, the software records the series of {phonemodel,
Bluetooth MAC address, time, Cellular ID}. Furthermore, the log
records cellular ID, nearby devices and nearby Goose devices ev-
ery 2 minutes. To investigate the user interactions, we record the
incoming events and outgoing events within this software. For each
incoming event, we store a record in the form of {message type,
time received, sender, previous relays, message size}. In the ex-
periment, the incoming events include unicast message, broadcast
message, status update, contact profile request and acknowledge-
ment, profile update and acknowledgement. The outgoing events
only contain unicast message, broadcast message and statusupdate.
A record of outgoing message message type, time sent, receiver,
message size is logged when a user sending a message.

4. USER SOCIAL BEHAVIOR ANALYSIS
In this section, we discuss the user social behavior in aspect of

user overall behavior, user social behavior and information diffu-
sion in mobile social networks.

4.1 User Overall Behavior
First, we investigate several user overall behaviors to outline the

user activities, mobility and interactions on two campuses.

4.1.1 User Activity
People in our daily life usually follow a certain pattern foreach

day. For instance, a person stay at office from 9am to 5pm every
day. The user activity duration takes a very important role on the
applications based on mobility model, such as DTN network [14],
information diffusion [15]. These applications use the activity pat-
tern for data dissemination, mobility prediction and etc. Fig. 2a
and 2b show one week active users in two campuses. Both figures
take 24 hours (i.e., a day) as a unit, and are chronological from
Monday to Sunday. Similar as daily life work pattern, users are
more active during active time (i.e. from 9am to 12am) than in-
active time (i.e. from 1am to 8am). The active length in UGoe is
from 9am to 10pm each day. Compared with users in UGoe, the
active length in NJU is from 9am to 12am, which is longer than the
active length in UGoe. The activity patterns also show that users in
weekdays are more active than in weekends. This is attributeto the
student activity pattern on campus.

4.1.2 User sessions
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(a) user sessions in UGoe
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(b) user sessions in NJU

Figure 3: Session counts
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(a) user duration in UGoe
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(b) user duration in NJU

Figure 4: User duration

The frequency of a user using a typical service is important for
service providers to understand and improve the quality of the ser-
vice. In our experiment, we use sessions to evaluate the frequency
of using Goose service. A session is the time difference between
the switch on and switch off Goose. Fig. 3a and 3b show the num-
ber of sessions each devices initiated during the experiments in
UGoe and NJU respectively. Some users are extremely active in
the experiments, who initiated 59 sessions in UGoe and 92 ses-
sions in NJU. Meanwhile, there are several users not active in both
campuses. It is clear that many of users were not relying uponthe
Goose application, and they initiated on the average of one session
in two days. To understand user activity duration of users, Fig. 4a
and 4b depict the duration length of each users in UGoe and NJU
respectively. Both campuses shows that only a few of users take
a very long time on Goose application. Those most active users
spent around 300 hours running Goose application in both UGoe
and NJU. Furthermore, more sessions cannot suggest more time
duration. Several users run Goose in a long time but only initiated
very few sessions.

4.1.3 User Mobility on Campus
In order to analyze user mobility on campus, we kept tracking

user location during 15 days. The location is estimated by the cel-
lular ID of the radio tower where the user’s cellphone locates. Fig.
5 shows the histogram of duration over cells of a typical user. As il-
lustrated in the figure, the user bypasses 29 cells in total during the
experiments. Most of the user’s location is within the coverage area
of 5 cells, which are numbered 1, 2, 3, 10, and 18. Furthermore,
in about 80% of the time the user communicates with these 5 cells.
This reviews the user’s most frequent activity locations where he
studies, works and sleeps.

4.1.4 Messages Statistics
There are two kind of information collected in our experiment:
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Figure 5: Percentage of a user’s time duration

control information and communication information. The control
information is used to build up social relationships. And the com-
munication information contains the meta data and content sent/received
by users.

The control information consists of 5 kinds of messages.

∙ Contact exchange: the message sent when a user want to
add a nearby user into his contact list;

∙ Contact exchange acknowledgement: the message sent to
acknowledge the contact information;

∙ profile exchange: the message sent when a user want to up-
date a existing contact’s profile;

∙ profile exchange acknowledgement: the message sent to
acknowledge the profile exchange message;

∙ friend search: the message sent to nearby friends to seek a
unknown contact from a its contact list.

The communication information includes 3 kinds of messages.

∙ Unicast message: the message sent via unicast mode;

∙ Broadcast message: the message sent via broadcast mode;

∙ Status update: the message (i.e. microblogging) sent to
friends in broadcast mode;

The percentage of the above messages in UGoe and NJU are
shown in Fig. 6a and Fig. 6b respectively. We can see that the per-
centage of communication information is 59% in UGeo and 87% in
NJU. The percentage of control information is lower than thecom-
munication information, which indicates that people intend to com-
municate after they establish social relationship with each other.
We can also find that contact exchange messages are more than
contact exchange acknowledgements, and profile update messages
are more than profile update messages acknowledgements. This at-
tributes to two reasons. Firstly, the exchange or update messages
have not been delivered to the counterparts due to disconnection.
Secondly, people who do not want to establish or update the rela-
tionship with the requester would not acknowledge the request. Fig.
6a shows that unicast messages, broadcast messages and status up-
dates almost have the same percentage, which indicates thatusers
communicate with each other by the three means equally in UGoe.
On the other hand, Fig. 6b shows that the broadcast message and
status update are more popular than unicast, which indicates people
in NJU tends to use microblogging in social communications.

(a) University of Goettingen (b) Nanjing University

Figure 6: Messages statistics

4.2 User Social Behavior
User social behavior has been observed in online social networks

[5, 7]. In our experiments, we investigates user social behavior in
mobile social network environment, including the heavy tail distri-
bution in user encounters and Pareto principle in user interactions.

4.2.1 Heavy Tail Distribution in User Encounters
Human social activities, ranging from making phone calls toen-

gaging in entertainments, has been reported to appear regularities
and follow some patterns [12]. The heavy tail distribution has been
observed in complex networks, which is also known as scale-free
networks including Internet, WWW, email sending, and paperci-
tations [9]. In a scale-free network, the degree of a node andits
distribution is observed to follow the heavy tail distribution.

In our experiment, we study the distribution of user encounters.
If two mobile devices are within each other’s Bluetooth communi-
cation range, it is recorded as an encounter event. Fig. 7a shows
the encounter events in UGoe over time scale. It can be seen that
the encounter events are dense in some period and sparse in other
period. The number of encounters of each device is illustrated in
Fig. 7b, which shows that there are high volume of devices en-
countered only once and quite few devices encountered more than
ten times. The cumulative distribution function (CDF) of encounter
times is shown in Fig. 7a, which is a heavy tail distribution.Similar
distribution is observed in the NJU data set in Fig. 8.

0

1

time

ev
en

ts

(a) Encounter events

0 20 40 60 80 100 120 135
−20

0

20

40

60

80

Device ID

N
um

be
r 

of
 e

nc
ou

nt
er

s 
(τ

)

(b) Number of encounters for each device

0 20 40 60 80
0

0.2

0.4

0.6

0.8

1

Number of encounters

C
D

F

 

 

(c) CDF

Figure 7: Encounter behaviors of Goettingen

4.2.2 Pareto Principle in User Interactions
User interaction is also an important property in social networks

[5]. In our experiment, user interaction is referred to the message
received.

The cumulative distribution function (CDF) of user interactions
is illustrated in the dashed line in Fig. 9. According to thisfigure,
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Figure 8: Encounter behaviors in Nanjing University
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Figure 9: User interactions

most of the users are not socially active: there are about 25 users
received messages less than 20%, and only a small fraction ofusers
receive a large part of messages. The CDF of user encounters is
also shown in the solid line in Fig. 9. Comparing their curves, we
can draw the following conclusions: (1) User interaction behavior
roughly satisfies the Pareto principle, which is also known as 80-20
rule, where 80% of the effect comes from 20% of causes (2) User
encounter behavior also follows the Pareto principle, namely, 80%
of number of encounters comes from 20% of users. (3) There is
correlation between user encounters and user inactions, asshown
in the figure, the top 20% interactive users are coincidence with the
top encountered users.

In summary, there exists a small group of socially active peo-
ple who make close connections to the others in mobile socialnet-
works.

4.3 Information Diffusion in Mobile Social Net-
works

In our experiments, we employ a delay tolerant epidemic routing
strategy to broadcast messages. In this section, we discussthe effi-
ciency of delay tolerant networks (DTNs) routing mechanismand
information diffusion process.

4.3.1 DTN Routing Efficiency
The DTN routing efficiency is evaluated by the delivery ratio

and the message delay. TABLE I summarizes the messages sent
and received during the experiments. It is shown that about 40% of
messages are not delivered due to the sparse connection in DTNs.
It indicates that DTN routing is only suitable for transmission of
messages that are not urgent. It also shows that broadcast message
such as status update is delivered in 2 hops in average.

Fig. 10 depicts the number of hops of each message. According
to the figure, most message can be delivered within 6 hops, which

Status Unicast Broadcast
Messages sent 27 32 31
Messages received 40 21 32
Unique messages received 20 21 15

Table 1: Total messages transmitted
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Figure 10: Number of hop of each message

verifies the small world phenomenon studied in [13].
The delay of DTN routing is illustrated in Fig. 11. Delays for

broadcast messages and status updates vary from 0 minutes to10000
minutes. Nearly all of the unicast message delay costs less than 100
minutes. Intuitively, when people send unicast messages totheir
counterparts via Bluetooth, he usually knows that the proximity of
counterpart is in the range of his device. Therefore, most unicast
messages in our experiment have short delays. On the other hand,
broadcast message needs to be sent to a set of remote destinations,
which will introduce longer delay than unicast messages. The long
delay of broadcast messaging suggests that application like Peo-
pleNet [3] relying on DTN network cannot be easily deployed in
life.

4.3.2 Information Diffusion
Information diffusion has very significant influence in social net-

works, which has drawn much attention of researchers [7]. Recent
study [6] shows that Twitter can be taken as earthquake detectors
by taking advantage of fast information diffusion in Twitter. We de-
signed an epidemic scenario when we deploy the software, in which
a long life message is broadcasted in our experiments. Fig. 12 de-
picts the diffusion process of the message. The message is diffused
fast before it reaches a half population of nodes. After a half pop-
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Figure 11: Delay of messages
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Figure 12: Information diffusion in mobile social networks

ulation received the message, the diffusion speed decreases and fi-
nally the message diffusion stopped at 80% of population in the end
of the experiment.

In a summary, the information diffuses extremely fast at thebe-
ginning of the process, which reaches a half population in a short
time. Then the speed of diffusion is slow down and approaches
80% of population in a very long term.

5. RELATED WORKS

5.1 Reality Mining
Reality Mining [10] is one of the largest experiments on mobile

platforms. It recorded the user information such as communica-
tion, proximity, location, and activity to research on individual and
group behaviors in social networks. It addresses the topicssuch as
the evolution of social networks, the predication of peopleactivi-
ties, information diffusion, and grouping.

However, Reality Mining did not take much attention on the pri-
vacy of users. Even though the anonymity can be finished during
data processing, the original data exposed the private datasuch as
user telephone number, user private activities, and etc. Secondly,
it is hard to formulate the information diffusion model in Reality
Mining dataset.

5.2 IMote Experiment
The IMote experiment [14] consists of several sub experiments

to investigate the opportunistic forwarding based on user mobility.
Those IMote devices recorded the encounter information of users.
By those encountering information, it proposed the design of op-
portunistic forwarding algorithms. However, the encounter event in
IMote experiment is not the real human interaction. Though user
encounters provide chances for users to communicate with each
other, but it is hard to evaluate the real interaction model only from
user encounters.

6. CONCLUSIONS AND FUTURE WORK
In this paper, we proposed the design of Goose mobile social ap-

plication and its implementation in Symbian system. We deployed
the Goose application in two campus and collected data from 27
users in total to analyze the user social behaviors in mobilesocial
networks. The analysis results show that users activity time dura-
tion is approximately match the user daily life work pattern, with
slightly longer time duration and periodical appearance. User en-
counters in mobile social network is a scale-free network and con-
forms the heavy tail distribution in small social groups, and user
interactions follows the Pareto principle, where about 20%of users

make 80% of interactions in the network. The information diffu-
sion model using an epidemic strategy demonstrates that thein-
formed population reaches to 50% in a short term and approaches
to 80% in a long term.

As a part of our project of information diffusion on mobile social
networks, we will continue working on the function of Goose ap-
plication, such as group function and communication with online
social networks. We will study the characteristics of information
diffusion on mobile social networks in the future.
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