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Abstract- Social networks are becoming more and more popular
nowadays. The increasing capabilities of mobile pmes enable
them to participate in such networks. The phonebodk in the

mobile devices represent social relationships, thattan be

integrated in the social networks. Following we redr to this

solution as phonebook-centric social networks. Suchetworks

provide a synchronization mechanism between phonebks of the

users and the social network which allows detectingetwork

members listed in the phonebooks (semi-) automatite. The

detection of those members is based on the similgriof the

personal data, e.g., similar name, same phone numbeddress,

etc... Users can mark similarities between their phonebdo

contacts and members in the network. After this, ifone of their

contacts changes her or his personal detalil, it wibe propagated

automatically into the phonebooks, after considerig privacy

settings. Synchronization time and energy consumgn for

synchronization on the mobiles and the scalabilityf the system
strongly depend on the number of users and similaties. We

have implemented a phonebook-centric social networkcalled

Phonebookmark and investigated the structure of the network.
We experienced that the distribution of similarities follows a
power law, as well as the distribution of the in- ad out-degrees
in the social network. In this paper we propose a odel for

estimating the total number of similarities and weshow that this

estimation applies very well to the historical data of

Phonebookmark.
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l. INTRODUCTION

The popularity of social networks is constantly reasing.
Several social networks appeared and attractedsaémols or
even millions of users. The most popular online isdoc
networks Facebook [12] and Myspace [16] are ambagdp
ten visited websites on the Internet [4]. The badéa behind
such networks was that
relationships on these networks. It is an enviramnoeeated
by the people who are using it. The nodes of aatoetwork
are individuals or organizations and the edgesesepnt social
relations between them.

Mobile phones and mobile applications are anotlo¢rtdpic
nowadays. The increasing capabilities of mobile icks/
allow them to participate in social network applicas as
well. Mobile phone support in general social nekgoeare
usually limited mainly to photo and video uploagahilities

and access to the social network using the mobig w

browser. Since the phonebook of the mobile devis® a
describe the social relationships of its ownercaligring

users can manage personal Il
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additional relations in social networks is benefi¢or sharing
personal data or other content. Given an implentientahat
allows us to upload as well as download our costémtand
from the social networking application, we can ctatgly
keep our contacts synchronized so that we can lseé¢ aur
contacts on the mobile phone as well as on theimtebface.
In addition to that if the system detects that samhemy
private contacts in the phonebook is similar to theo
registered members of the social network (i.e. no@pntify
the same person),
relationships automatically. In the rest of thipgawe refer
to this solution as phonebook-centric social network.

Discovering and handling similarities in phonebaektric
social networks is a key issue. If a member chasgese of
her or his detail, it should be propagated in ey@Ergnebook
to which she or he is related after consideringgmy settings.
The algorithm for detecting and handling similasti

consumes resources on server side and the number of

similarities strongly influences the scalability thfe system.
From the mobile phone point of view it does notuiegs
additional resources, however with the help of cet
similarities the system can keep the phonebookayswp-to-
date.

The rest of the paper is organized as follows. iGec?

describes related work in the field of social netgoand
power law distributions appearing in such netwo8ection 3
discusses the structure of phonebook-centric soeaborks
and introduces our implementation, calledonebookmark.

Section 4 shows measurements related’tionebookmark.

Section 5 proposes a model how to estimate thérataber
of accepted similarities in such networks. FinaBgction 6
summarizes the paper.

RELATED WORK

Huge amount of papers and popular books, such bBsi's
Linked [6] study the structure and principles ohdsnically
evolving large scale networks like the Internet awetworks
of social interactions. In [14] the authors discas®ut that
nowadays social networking on mobile phones isamy a
buzz term for today's enthusiasts but also providesl
possibilities to the users. Many features of sopigicesses
and the Internet are governed by power law digticing.
Following the terminology in [13] a nonnegative dam
variable X is said to have a power law distribution if

Pr[X = x] ~cx™, for constanc>0 anda>0. In a power
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law distribution asymptotically the tails fall acding to the

power o, which leads to much heavier tails than other

common models.

Distributions with an inverse polynomial tail hakeen first
observed in 1897 by Pareto [18] (see. [19]), whiscribing
the distribution of income in the population. Zipbserved
similar statistical behavior in the distribution iohabitants in
cities [22].

In [7] the graph structure of the Web has been stigated
and it was shown that the distribution of in- and-degree of
the web graph and the size of weekly and stronghnected
components are well approximated by power
distributions. Nazir et al. [17] showed that the and out-
degree distribution of the interaction graph of ttedied
Myspace applications also follow such distributioni$iose
distributions also approximate the degree distidoubf the
Gnutella network [19]. Crovella et al. [9] observealwver law
distributions in the sizes of files and transmiegioes in the
Internet.

There has been a great deal of theoretical worllesigning

random graph models that result in a Web-like graph

Barabasi and Albert [5] describe the preferentttdchment
model, where the graph grows continuously by iisgrt
nodes, where new node establishes a link to arr sidde

with a probability which is proportional to the cent degree
of the older node. Bollobas et al. [7] analyze thiscess
rigorously and show that the degree distribution tlé

resulting graph follow a power law. Another modaked on a
local optimization process is described by Fabtikei al.

[13]. Mitzenmacher [15] gives an excellent survay the

history and generative models for power law distiims.

Aiello et al. [3] studies random graphs with pouaexr degree
distribution and derives interesting structural gexies in

such graphs.

1"l. PHONEBOOK-CENTRIC SOCIAL NETWORKS

In a simple social network the nodes are the reggst users

and links represent social relationships betweeamthA

phonebook-centric social network [10] is based loa ilea

that the phonebook of the mobile phones also reptes

social relationships of the owners. It allows foe registered

members to synchronize their phonebooks to theakoci

network. By synchronization, the phonebook of thebite

phone is automatically updated with the latest rimtion

provided by the friends of its owner.

In addition to that, the private contacts are alptbaded to

the phonebook-centric social network. These cositat not

visible to others. However, having all of the catain the

system has the following benefits:

» The contacts can be managed (list, view, edit, eddl.)
from a web browser.

» The service notices the user if duplicate contaots
detected in its phonebook and warns about it.

» The contacts are safely backed up in case the pietse
lost.

law

The contacts can be easily transferred to a neweplifo

the user replaces the old one.

¢ The phonebook can be shared between multiple phdnes
one happens to use more than one phone.

« |tis not necessary to explicitly search for therfds in the
service, because it notices if there are membersasito
the contacts in the phonebooks and warns about it.

In order to analyze these networks we have implégdewith

Nokia Siemens Networks a phonebook-centric so@alork,

called Phonebookmark. Before public introduction it was

available for a group of general users from AgriDtecember

of 2008. It had 420 registered members with moaa {2000

private contacts. During this period we have coddc

different type of data related to the social nekwwhich was
the base of the measurements and the proposed matthés
paper. The structure of phonebook-centric socialokks is

illustrated on Figure 1.
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Figure 1. The structure of a phonebook-centricadawtwork.

A member is a registered user of the social network. Thay c
upload their contact list to the social network andgintain a
backup phonebook therePrivate contacts correspond to
phonebook entries of the members. However, thesatpr
contacts are not shared between members. A pieatact is
transferred into the system when a member synctresrtier
or his phonebook with the social network.

In a phonebook-centric social network it is possitilat one
of our private contacts in our phonebook is similar a
member of the network, i.e. they have the same @inomber
or similar names, etc... Following we will refer toid as a
similarity. Similarities potentially identify the same persén
similarity detection algorithm allows us to deteetd accept
similarities in the network and recommend possible
relationships for the members. In addition to thhis
algorithm enables also to recognize duplications in
phonebooks.

Phonebookmark provides a semi-automatic similarity
detecting and resolving mechanism. First it detsictslarities
and calculates a similarity weight for them, whicklicates,
how likely the entries identify the same persolig(Fe 2).

After a detected similarity is being select&honebookmark
provides a user interface where the details oftwle people
can be merged. Here the user can choose whetheceépt or



ignore the similarity, which is the base of the saotomatic
behavior (Figure 3).
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Figure 3. Semi-automatic similarity resolution

During the operational period of ourhonebookmark, the
algorithm detected 1200 similarities and users haneepted
more than 90% of these (1088), which is an encadogag
number for analyzing the distribution of simileegi and
propose a model for it. Following we refer to thete as
Pr~0.9. Phonebookmark was implemented within a project
founded by Nokia Siemens Networks (NSN) and iths t
property of NSN.

If a member accepts a similarity between anothenioez and
her or his private contact a neustomized contact appears.
This way the owner can edit this contact in her hig
phonebook but if the referred member changes hehir
profile, the change will be propagated to the amsted
contact after considering the privacy settings. Evesv this
propagation will take effect only if the owner mesnthas not
edited that specific profile detail yet. We willfee to this
mechanism asustomization. This customization mechanism
enables that members can edit their phonebook,th®rit
phonebooks can also get updates from the netwohle T
number of edges between members and customizedotent
is the number of accepted similarities.

V. MEASUREMENTS INPHONEBOOKMARK

A. Digributionsof in- and out-degrees

The first experiment we conducted was to analyze th
distribution of in- and out-degree of the members i
Phonebookmark. The in- (out-) degree of a member is the
number of edges to (from) other members in the oktwi he
distribution of in- and out-degrees are importanamhderstand

the basic structure of the network. We experienteat, the
distribution of both in- and out-degrees followangr law.

If X has a power law distribution, then on a log-logt pf
Pr[X = x], also known as theomplementary cumulative

distribution function, asymptotically the behavior will be a
straight line. This provides a simple empiricak fes whether
a random variable has a power law given an appatepri
sample. In this case the gradient of the log-logcfion is
thea parameter of the given power law distribution:

In(Pr[X = x]) =-aln(x) +In(c). 1)

9
4] SK

S 7

F '\

< 6

s \-\

[s]

z * \ Y

§; y=-1,2807x+k S

£ Ny
RTIO |

g o 2 4 6

log_2 (in degree)

Figure 4. Cumulative distribution of in-degrees

Figure 4 shows the complementary cumulative digtidim
function of in-degrees using logarithmically scaledandy-

axis. Thex-axis represents the in-degree and ykexis the
number of members with at least this in-degreeurgigt only
shows the frequency of nodes with in-degree ofastl one.
There are also nodes with in-degree zero. Theguiacy is
not depicted, since the logarithm of zero is mimfity.

Figure 4 also shows the line obtained by the |sgsiares
fitting technique. The slope of this line corresgero the
exponent of the power law distribution. The expdnes
obtain iso=1.2897.
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Figure 5. Cumulative distribution of out-degrees

Figure 5 shows the complementary cumulative digtidim
function of out-degrees. This distribution alsddals a power
law with an exponera=1.2593.



B. Didribution of phonebook Szes The evidence that the distribution of the similastfollows a
Figure 6 shows the tail distribution of the phonabagizes power law has practical consequences. The expectetber
such that the-axis has linear scale and th@xis logarithmic of users involving at least a certain humber Ofilsirities x
scale. The points on this figure fit very well tdime, which can be estimated byN,, PriX = x] ~ N,, X127 \where
means that the tail of the phonebook sizes decsease
exponentially. This is a big contrast to the inegpslynomial

tail of in- and out-degrees.

Ny is the number of members in the network.

It worth to note that the tail of the distributiofi phonebooks
decreases exponentially and very large phonebopgsaa
very unlikely. But a new member can cause a mugheri
number of similarities than the size of his or pbonebook,
3 since he or she can appear in the phonebook of rotrgy
members.
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V. ESTIMATION OF THE TOTAL NUMBER OF SIMILARITIES

\;\ According to the empirical results of the previ@estion we
. KN model the number of similarities generated duringeanber
" . registration by a probability variabl¥. More precisely,X
0 . : N ‘ models the number of similarities proposed by thematic
500 1000 1500 2000 2500 similarity detection algorithm.

2 ieoiphonebos The total number of accepted similaritidsin a phonebook-
centric social network can be estimated with thiofang

formula:

log_2 (frequency of phonebook sizes)
IS
’

Figure 6. Size of phonebooks in Phonebookmark

C. Didribution of Smilarities
Based on the database and database loBfarkebookmark Ng = N,, E[ X]P, (3)
we managed to measure the distribution of simideritaised

by a member during registration and first phonebook
synchronization.

Figure 7 shows the complementary cumulative distigin
function of the number of similarities, where thaxis is the
number of similarities and theaxis means how many people
arises at least that amount of similarities whegisters and

whereNy, is the number of registered members &ads the
rate of the similarities accepted by the usergjezzribed in
Section 3. In order to calculate X} we need the
probabilities Prk=x], which can be obtained from the
complementary cumulative distribution function

synchronizes. Pr[X = x] ~ cx™ by derivation (see, e.g. [1, 2]):
10 Pr{X =x] ~c'x ", 4)
w 9
£ 2R
s ! = In order to be a probability distributiori“x:O c'x @ =1,
% 5 \“\\ Thus, ¢'=1/{(a+1), where{(.) denotes the Riemann Zeta
ERN o function. Then the expected value is:
I 3
= 5 y=-1,276x + k \\i
g 1 = * =
: E[X]=) xPr{X=x]
o] 2 a 6 1
— © -(a+))
log_2 (similarities) - ZXZO X C(a! +1_) X (5)
Figure 7. Cumulative distribution of similarities
— 1 z‘” X—a — C(O’) ]
Again we use logarithmically scaled andy-axis. We can see ¢(a +1) =0 ¢(a+))

on Figure 6 that the points are close to a linestthe

distribution of similarities can be well approxiredtby a  The expected total number of accepted similariNesn a
power law. The exponent of the power law distributiis phonebook-centric social network can be estimatitd the

a=1.276. following formula:
According to this measurement the distribution iofilarities
in our case can be well approximated as follows: ¢(a)

: (6)
Pr{X = x] ~ x ™. ) > Mga+n "



Fora>1, ¢ (a)/ ¢ (a+1) is a finite constant. In our case, for follow a power law. In contrast to this, we fourtht the tail

a=1.276, we obtain that the expected total number ofOf the distribution of phonebook sizes decreases
. _ _ exponentially. The distribution of similarities alfollows a
similarities is Ng = 2.9196* 4200109 =1103 power law.

D. Measured smilarities

During the operation oPhonebookmark the trends of users
and similarites was measured. According to these
measurements we can verify the previous model.réiguand

8 illustrates that although the number of userseases, the
average number of accepted similarities per useaires on
the same level.

As a main contribution of this paper we have pregos
model that enables to estimate the total nhumbercoépted
similarities in phonebook-centric social netwoidspending
on the number of registered membéks We have showed
that the proposed model fits well to our measurdgen

ACKNOWLEDGMENT

The authors thank to Baldzs Bakos, Zoltan Ivanfi tfoeir

1200
1000 -
(1
800
/ 2]
600 —4—Similarities
y [3]
== Users
400 -
[4]
200
j (5]
0 -
(6]
Apr May Jun Jul AugSept Oct Nov Dec
Figure 7. Trend of similarities and users in Phaodmark 7]
4 [8]
3,5
4~
>t | [l
2
1,5 0]
1
0,5
0 : — — . [11]
AT T SIS R R o L Y
QWY R 0T S [12]
[13]
Figure 8. Average similarity per user in Phoneboakm
According to the previous model and the measurespené [14]
total number of similarities increases linearlyhatihe number
of members. [15]

VI.

Phonebook-centric social networks belong to the newﬁ%
generation of social networks. They also involve Hocial
relationships defined by the phonebook entries itite
network.

In this paper we investigated the structure of gEhmok-
centric social networks and we have introduced our
implementation, calledPhonebookmark. The system was
available for a group of general users from AgriDtecember

of 2008. It had 420 registered members with moaa ff2000
private contacts. Based on measurements from #nisgpwe
have experienced that the distribution of in- anttadegrees

SUMMARY

(18]

[19]

[20]

support from Nokia Siemens Networks

REFERENCES

L. A. Adamic. Zipf, power-law, Pareto -- a ranf tutorial.
http:/iwww.hpl. hp.com/research/idl/papers/ranki2@0.

L. A. Adamic, B.A. Huberman. Zipf's law and thénternet.
Glottometrics, Vol. 3, 143-150, 2002.

W. Aiello, F. R. K. Chung, L. Lu. A random grapnodel for massive
graphs. InProc. 32™ Symposium on Theory of Computing STOC, 171-
180, 2000.

Alexa. http://lwww.alexa.com/site/ds/top_sitésigust 2009.

A.-L. Barabasi, R. Albert. Emergence and saalin random networks.
Science, Vol. 286, 509-512, 1999.

A.-L. Barabasi. Linked: How Everything Is Coruted to Everything
Else,Perseus Publishing, 2002.

B. Bollobas, O. Riordan, J. Spencer, G. Tusnddhe degree sequence
of a scale-free random graph proces&andom Structures and
Algorithms, Vol. 18(3), 279-290, 2001.

A. Broder, R. Kumar, F. Maghoul, P. Raghavan,Rajagopalan, R.
Stata, A. Tomkins, and J. Wiener. Graph structortaé Web. InProc.
9th International World Wide Web Conference on Computer Networks,
2000.

M. E. Crovella, M. S. Tagqu and A. Bestavrddeavy-Tailed
Probability Distributions in the World Wide Web.: IR. J. Adler, R. E.
Feldman, M. S. Taqqu (eds.), A Practical Guide Ba¥y Tails. 1, 3-
26.Chapman and Hall, New York. 1998.

P. Ekler, T. Lukovszki. Similarity Distributio in Phonebook-centric
Social Networks. In:5th International Conference on Wireless and
Mobile Communications (ICWMC). 2009.

P. Ekler, Z. Ivanfi, K. Aczél. Similarity Mam@ment in Phonebook-
Centric Social Networks. Irinternational Conference on Internet and
Web Applicationsand Services (ICIW), 2009.

Facebook. http://www.facebook.com. August 200

A. Fabrikant, E. Koutsoupias, and C. H. Papailiou. Heuristically
Optimized Trade-offs: A New Paradigm for Power Lawshe Internet.
In: Proc. 29" International Colloquium on Automata, Languages and
Programming (ICALP), 110-122, 2002.

B. Forstner, I. Kelényi. Mobile Social netwarg — Beyond the Hype.
In: Mobile Peer to Peer: A Tutorial Guid&fley, 161-190. 2009.

M. Mitzenmacher. A brief history of generatineodels for power law
and lognormal distributiondnternet Mathematics, Vol. 1, 225-251,
2001.

Myspace. http://www.myspace.com . August 2009.

Nazir, S. Raza and C.-N. Chuah. Unveiling Faok: A Measurement
Study of Social Network Based Applications. Broc. ACM Internet
Measurement Conference (IMC), 43-56, 2008.

V. Pareto. Course d’economie politique profess l'université de
Lausanne, 3 volumes, 1896-7.

M. Ripeanu, I. Foster, and A. lamnitch. Magpihe Gnutella Network:
Properties of Large-Scale Peer-to-Peer Systemslmplications for
System DesignlEEE Internet Computing Journal, Vol. 6(1), 50-57,
2002.

G. K. Zipf. Human behavior and the principleleast effort.Addison-
Wesley, 1949.



