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ABSTRACT

Mobile social applications are popular as the prolifeigiifi mo-
bile devices. Understanding user social behaviors is itapoto
improve mobile social applications and enhance its qualityer-
vice. However, there is still lack of data for real deployerobile
social application on data analysis of human interactiahsotial
behaviors in mobile social networks.

In this paper, we introduce the experiment methodology ef de
ploying the Goose software in two campuses located in Geyman
and China respectively. Goose is a mobile social networki-app
cation allows microblogging, message sending. With the loél
volunteers, we collect user interaction data in the dunatb15
days. Based on the collected data, our observation reveaflt
lowing aspects of user interactions and their influencest,Riser
overall activities approximately match user daily life wqrattern
with a slightly longer time duration and periodically appexe.
Second, user encounters in mobile social network followhteary
tail distribution in small social communities, and useenatctions
follow the Pareto principle, where about 20% of users maksecl
connections to the other users. Third, communication petivden
a pair of mobile nodes is mostly within 6 hops, and informalf-
fusion using an epidemic strategy demonstrates that tloenefd
population reaches to 50% in a short term and approache$o 80
in along 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 capslzlie
growing fraction of these phones. For instance, there a2enii?
lion of smartphones of the 1.2 billion phone sold in 2009 [@¢an-
while, social networks have become a popular way for useirs-to
terconnect, share contents and express themselves. Psgcilal
networks like Facebook have hundreds of millions of regiséend
are growing at a rapid pace. As the proliferating of smantgiso
and social networks, many mobile social applications haenb
developed to meet social requests of mobile users. Fomiosta
PeopleNet [3] is a mobile social application that seeksringtdion
in a mobile social network environment. Prism [4] is develdp
for remote sensing in a mobile society. The Reality Mining ex
periment [10] in MIT captured communication, proximitychtion
and activity information from 100 subjects. However, thisretill
lack of data for real deployment on mobile social applicaion
analysis of human interaction and social behaviors in rectmtial
networks.

Motivated by data collection and human behavior analysisan
bile social networks, we introduce Goose application [3pose
is a cellphone application implemented in Nokia Symbiariesys
to support user interactions (i.e. microblogging and mgissa in
mobile social networks. With the help of volunteers, we dgptl
the Goose software in University of Goettingen (UGoe) in-Ger
many and Nanjing University (NJU) in China for data colleati
Each university recorded a 15-day log for user activitiessé?l on
the data collected, we investigated user social behaviossnall
communities.

Specifically, we make the following contributions in thigea

e \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 interastion
and their influences on mobile social applications.

e 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.

e \We analyze user social interactions. It presents that the nu
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.

e 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 timite
budget and platforms, we believe this measurement resfiéis o
us one step further towards a better understanding of theahum
mobility pattern and human interaction behaviors in the masn
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-co
munication among users. Itincludes various social netimgrfea-
tures like microblogging and messaging. It supports onen® o
communication like sending a text message or voice message t
friend, and one to many communication such as broadcastivg n
to a group of people by using common wireless network faedjt
i.e. GSM and Bluetooth.

2.1 System Design

The Goose architecture contains three major components: co
tact manager, forwarding manager and network manageduas il
trated in Fig. 1.

Contact manager: it stores and manages user contacts. Every
contact entry includes user basic information (e.g. narhene
number and etc.). It records the Bluetooth MAC address fer th
communication via Bluetooth, and exchange profiles whiléades
encounter.

Forwarding manager: it is used for message forwarding. It
maintains a unique ID for each message and a list of MAC addres
that already received this message to avoid retransmisiialso
takes into account the message priority and available ressuo
decide whether to transmit information to a dedicated peosmot.

Network manager: it coordinates both Bluetooth and GSM net-
work to send and receive data. It records the cellular 1D efctlr-
rent radio tower, detects nearby Bluetooth devices and fsiemdis
request to buildup social relatinship. It also take functdswitch-
ing between different networks based on the connectiomtsitu
and user preferences.

2.2 Data Transmission

Data transmission in Goose supports unicast, multicasaat!-
cast mode. Short messages and contact information are isent v
unicast mode. Friendship searching information is sent ko m
ticast. Additionally, news and microblogs are sent in bozesd
mode.

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

Unicast messages are delivered via direct forwardingegjyat
The text message having a higher priority is sent over GSM net
work (i.e. SMS) if there is no direct Bluetooth connectiornviogen
users. Contact information is also exchanged in unicastenvial
Bluetooth network when people encounter each other. Furthe
more, to update the user profile of an existing contact, aashic
mode profile update request is sent to the targeted user. afhe t
geted user receives the update request and sends the tsteptar
file to the requester. The multicast message (i.e., frieradckg
only transmitted to nearby address included in the conistcflhis
takes inspiration from the fact that someone’s details @adsily
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 investigatingnan
social behaviors in a small community like a university casp

3.1 Deployment Issues

Software deployment on mobile devices faces the challdiiges
platform limitations, software capabilities, user indeas and pri-
vacy concern in our case.

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

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

e 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.

e 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. Aidait
ally, we provided small gifts to them to attract people tajoi
the experiment.

e 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 interactiorefi
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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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 dedenf
12 users in UGoe and 15 users in NJU. The software records the
logs of user social communications. Specifically, everyetimhen
Goose is turned on, the software records the series of {pimaaie!l,
Bluetooth MAC address, time, Cellular ID}. Furthermorege tbg
records cellular ID, nearby devices and nearby Goose deece
ery 2 minutes. To investigate the user interactions, wercetite
incoming events and outgoing events within this softwae.dach
incoming event, we store a record in the form of {message,type
time received, sender, previous relays, message sizelhelrex-
periment, the incoming events include unicast messagadbeast
message, status update, contact profile request and addgsvl
ment, profile update and acknowledgement. The outgoingt&ven
only contain unicast message, broadcast message and.gidais.
A record of outgoing message message type, time sent, egceiv
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 asgec
user overall behavior, user social behavior and informaiiffu-
sion in mobile social networks.

4.1 User Overall Behavior

First, we investigate several user overall behaviors tbraithe
user activities, mobility and interactions on two campuses

4.1.1 User Activity

People in our daily life usually follow a certain pattern &ach
day. For instance, a person stay at office from 9am to 5pm every
day. The user activity duration takes a very important ralele
applications based on mobility model, such as DTN netwo#, [1
information diffusion [15]. These applications use the\digt pat-
tern for data dissemination, mobility prediction and etdg. Ra
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Figure 4: User duration

The frequency of a user using a typical service is important f
service providers to understand and improve the qualithefker-
vice. In our experiment, we use sessions to evaluate thadrey
of using Goose service. A session is the time difference éeatw
the switch on and switch off Goose. Fig. 3a and 3b show the num-
ber of sessions each devices initiated during the expetarian
UGoe and NJU respectively. Some users are extremely active i
the experiments, who initiated 59 sessions in UGoe and 92 ses
sions in NJU. Meanwhile, there are several users not actibeth
campuses. It is clear that many of users were not relying tipon
Goose application, and they initiated on the average of essian
in two days. To understand user activity duration of useis, 4a
and 4b depict the duration length of each users in UGoe and NJU
respectively. Both campuses shows that only a few of usé&es ta
a very long time on Goose application. Those most activesuser
spent around 300 hours running Goose application in bothdJGo
and NJU. Furthermore, more sessions cannot suggest moge tim
duration. Several users run Goose in a long time but onliatei
very few sessions.

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

and 2b show one week active users in two campuses. Both figuresuser location during 15 days. The location is estimated bycti-

take 24 hours (i.e., a day) as a unit, and are chronologicah fr
Monday to Sunday. Similar as daily life work pattern, usems a
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 UG®e i
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 t
active length in UGoe. The activity patterns also show tlsatsiin
weekdays are more active than in weekends. This is attributes
student activity pattern on campus.

4.1.2 User sessions

lular ID of the radio tower where the user’s cellphone losatég.

5 shows the histogram of duration over cells of a typical.uasiil-
lustrated in the figure, the user bypasses 29 cells in totaiglthe
experiments. Most of the user’s location is within the cagerarea

of 5 cells, which are numbered 1, 2, 3, 10, and 18. Furthermore
in about 80% of the time the user communicates with thesel$. cel
This reviews the user's most frequent activity locationserehhe
studies, works and sleeps.

4.1.4 Messages Statistics
There are two kind of information collected in our experifmen
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control information and communication information. Thentol
information is used to build up social relationships. And dom-
munication information contains the meta data and conenitieceived
by users.

The control information consists of 5 kinds of messages.

e Contact exchange the message sent when a user want to

add a nearby user into his contact list;

Contact exchange acknowledgementhe 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 acknowledgementthe 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
e Unicast messagethe message sent via unicast mode;
e Broadcast messagethe message sent via broadcast mode;

e 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 thatahe p
centage of communication information is 59% in UGeo and 87% i
NJU. The percentage of control information is lower thandb-
munication information, which indicates that people intémcom-
municate after they establish social relationship withheather.

We can also find that contact exchange messages are more tha
contact exchange acknowledgements, and profile updateagesss
are more than profile update messages acknowledgemensgsatThi
tributes to two reasons. Firstly, the exchange or updatesages
have not been delivered to the counterparts due to disctionec
Secondly, people who do not want to establish or update the re
tionship with the requester would not acknowledge the regi€g.

6a shows that unicast messages, broadcast messages asdistat
dates almost have the same percentage, which indicatessnat
communicate with each other by the three means equally indJGo
On the other hand, Fig. 6b shows that the broadcast messdge an
status update are more popular than unicast, which indigegeple

in NJU tends to use microblogging in social communications.
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Figure 6: Messages statistics

4.2 User Social Behavior

User social behavior has been observed in online socialmksw
[5, 7]. In our experiments, we investigates user social biehan
mobile social network environment, including the heavy/dastri-
bution in user encounters and Pareto principle in userant@Ems.

4.2.1 Heavy Tail Distribution in User Encounters

Human social activities, ranging from making phone callerio
gaging in entertainments, has been reported to appeaiarégd
and follow some patterns [12]. The heavy tail distributi@s lbeen
observed in complex networks, which is also known as scalke-f
networks including Internet, WWW, email sending, and pagper
tations [9]. In a scale-free network, the degree of a nodei@nd
distribution is observed to follow the heavy tail distrilmut.

In our experiment, we study the distribution of user encerst
If two mobile devices are within each other’s Bluetooth conmin
cation range, it is recorded as an encounter event. Fig. dassh
the encounter events in UGoe over time scale. It can be seén th
the encounter events are dense in some period and sparsein ot
period. The number of encounters of each device is illustrat
Fig. 7b, which shows that there are high volume of devices en-
countered only once and quite few devices encountered rhare t
ten times. The cumulative distribution function (CDF) oteanter
times is shown in Fig. 7a, which is a heavy tail distributi@mmilar
distribution is observed in the NJU data set in Fig. 8.
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Figure 7: Encounter behaviors of Goettingen

4.2.2 Pareto Principle in User Interactions

User interaction is also an important property in socialvoeks
[5]. In our experiment, user interaction is referred to thessage
received.

The cumulative distribution function (CDF) of user inteians
is illustrated in the dashed line in Fig. 9. According to thigire,
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most of the users are not socially active: there are abousgBsu
received messages less than 20%, and only a small fractimseos

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

Table 1: Total messages transmitted

0.5

Percentage distribution function

Relays

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 min@&0o
minutes. Nearly all of the unicast message delay costshassltO0
minutes. Intuitively, when people send unicast messagdiseio
counterparts via Bluetooth, he usually knows that the pnityi of
counterpart is in the range of his device. Therefore, mortash

receive a large part of messages. The CDF of user encousters i messages in our experiment have short delays. On the othér ha

also shown in the solid line in Fig. 9. Comparing their curwes
can draw the following conclusions: (1) User interactiohdgor
roughly satisfies the Pareto principle, which is also know/8@20

broadcast message needs to be sent to a set of remote desstinat
which will introduce longer delay than unicast messageg [dhg
delay of broadcast messaging suggests that applicatienPlido-

rule, where 80% of the effect comes from 20% of causes (2) User p|eNet [3] re|ying on DTN network cannot be eas”y deployad i

encounter behavior also follows the Pareto principle, ign88%

of number of encounters comes from 20% of users. (3) There is

correlation between user encounters and user inactiors)casn
in the figure, the top 20% interactive users are coinciderittethe
top encountered users.

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

4.3 Information Diffusion in Mobile Social Net-

works
In our experiments, we employ a delay tolerant epidemiamgut
strategy to broadcast messages. In this section, we ditfteieffi-
ciency of delay tolerant networks (DTNs) routing mechan&md
information diffusion process.

4.3.1 DTN Routing Efficiency

The DTN routing efficiency is evaluated by the delivery ratio

and the message delay. TABLE | summarizes the messages sent

and received during the experiments. It is shown that about df
messages are not delivered due to the sparse connectionNs.DT
It indicates that DTN routing is only suitable for transniiss of
messages that are not urgent. It also shows that broadcasagee
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 hopghwhi

life.

4.3.2 Information Diffusion

Information diffusion has very significant influence in saiet-
works, which has drawn much attention of researchers [7¢eRie
study [6] shows that Twitter can be taken as earthquake fbesec
by taking advantage of fast information diffusion in Twitté/e de-
signed an epidemic scenario when we deploy the softwarehichw
a long life message is broadcasted in our experiments. Bigel
picts the diffusion process of the message. The messadéLisadi
fast before it reaches a half population of nodes. After & -
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Figure 11: Delay of messages
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ulation received the message, the diffusion speed deceaskfi-
nally the message diffusion stopped at 80% of populatioherend
of the experiment.

In a summary, the information diffuses extremely fast atidbe
ginning of the process, which reaches a half population incats
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 niobi
platforms. It recorded the user information such as comoauni
tion, proximity, location, and activity to research on widual and
group behaviors in social networks. It addresses the tajpick as
the evolution of social networks, the predication of pecgévi-
ties, information diffusion, and grouping.

However, Reality Mining did not take much attention on thie pr
vacy of users. Even though the anonymity can be finished glurin
data processing, the original data exposed the privatestataas
user telephone number, user private activities, and etcorisiy,
it is hard to formulate the information diffusion model in &ty
Mining dataset.

5.2 IMote Experiment

The IMote experiment [14] consists of several sub expertmen
to investigate the opportunistic forwarding based on usalility.
Those IMote devices recorded the encounter informatiorsefsi
By those encountering information, it proposed the desigope
portunistic forwarding algorithms. However, the encouetent in
IMote experiment is not the real human interaction. Thousgru
encounters provide chances for users to communicate wih ea
other, but it is hard to evaluate the real interaction modé&t &om
user encounters.

6. CONCLUSIONS AND FUTURE WORK

In this paper, we proposed the design of Goose mobile sqzial a
plication and its implementation in Symbian system. We dgdi
the Goose application in two campus and collected data frém 2
users in total to analyze the user social behaviors in malitgal
networks. The analysis results show that users activity tiura-
tion is approximately match the user daily life work pattewith
slightly longer time duration and periodical appearancsen&n-
counters in mobile social network is a scale-free network @m-
forms the heavy tail distribution in small social groupsdarser
interactions follows the Pareto principle, where about 20%sers

make 80% of interactions in the network. The informatioriudif
sion model using an epidemic strategy demonstrates thanthe
formed population reaches to 50% in a short term and appesach
to 80% in a long term.

As a part of our project of information diffusion on mobilecta
networks, we will continue working on the function of Googe a
plication, such as group function and communication withinen
social networks. We will study the characteristics of imfation
diffusion on mobile social networks in the future.
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