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Abstract— Social networks are becoming increasingly popular
nowadays. The increasing capabilities of mobile pmes enable
them to participate in such networks. We should cosider the
fact, that the phonebooks in the mobile devices repsent social
relationships that can be integrated in the sociahetworks.
Such networks provide a synchronization mechanismédiween
phonebooks of the users and the social network witiicallows
detecting other users listed in the phonebooks. Use can
accept detected similarities. After that, if one otheir contacts
changes her or his personal detail, it will be propgated
automatically into the phonebooks, after considerig privacy
settings. Estimating the total number of these sirarities is a
key issue from scalability point of view in such nigvorks. We
implemented a phonebook-centric social network, chdd
Phonebookmark and investigated the structure of theetwork.
Previously it was shown that the distribution of gnilarities
follows a power law. Also a model was proposed bysuwhich
can be used to calculate the total number of simitiies.
However the accuracy of the model is another questn,
because of the infinite variance of the power lawistribution.
The contribution of this paper is that using the fat that a
member of the network can only be involved in a lirted
number of similarities results in a similarity distribution with a
finite variance. Therefore, central limit theoremscan be used
to show the accuracy of our estimation of the totahumber of
similarities. However the model can be used in othg@ower law
distributions which apply to the requirements.
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According to new statistics [2] Facebook has mbant
400 million active users, 50% of the active use dn to
Facebook in any given day, more than 35 millionreise
update their status each day and an average ussispore
than 55 minutes per day on Facebook. Facebook biegan
early 2004 and the above statistics show that gughular
social networks can have a huge growth which habeto
considered during the design of any SNS.

Mobile phones and mobile applications are anotlotr h
topic nowadays. Facebook statistics also showthiee are
more than 65 million active users currently accessi
Facebook through their mobile devices. People trest
Facebook on their mobile devices are almost 50%emor
active on Facebook than non-mobile users. The asang
capabilities of mobile devices allow them to paptte in
social network applications as well. Mobile phonpport in
general social networks are usually limited maitdyphoto
and video upload capabilities and access to thealsoc
network using the mobile web browser.

However we should consider the fact, that the pboak
of the mobile device also describe the social imiahips of
its owner. Discovering additional relations in sbeietworks
is beneficial for sharing personal data or otherteot. Given
an implementation that allows us to upload as vedll
download our contacts to and from the social neitimgr
application, we can completely keep our contacts
synchronized so that we can see all of our conttshe
mobile phone as well as on the web interface. blitiadh to
that if the system detects that some of my pricatgacts in
the phonebook is similar to another registered nezmiof
the social network (i.e. may identify the same peJysit can
discover and suggest social relationships autoalbticin

In the last decade the internet related technadogiethe rest of this paper we refer to this solution as

developed rapidly. As reasons of this growth nepetpf
solutions and applications have appeared. One eofitbst
popular solutions are the social network sites (S’Ns81ce
their introduction, social network sites such asdbaok,
Myspace and Linkedln have attracted millions of reise
many of whom have integrated these sites into ttaily
practices and they even visit these multiple tirpes day.
These popular online social networks are amongdpden
visited websites on the Internet [1]. The basiaidehind
such networks is that
relationships online on these networks.

phonebook-centric social netwo(RCSN). Discovering and
handling such similarities in phonebook-centric iabc
networks is a key issue. If a member changes sdrhercr
his detail, it should be propagated in every phoo&bto
which she or he is related after considering psiveettings.
In addition to that, with the help of detected $amifies the
system can keep the phonebooks always up-to-date.

Power law distribution is quite common in social
networks and similar internet related graphs as

users can manage personaleasurements and examples show in Section 2. Theertu

of similarities in phonebook-centric social netwsiik very
important from performance and scalability point/igw.



We show that the distribution of similarities cae b
modeled with a random probability valueX
WithPr[X = x] ~cx® if x<n andPr[X = x] =0 otherwise,

wherea>1.

As a main contribution of this paper, we show ttet
distribution of similarities has a finite varianaich allows
us to use the central limit theorem to prove theueacy of
our estimation of the total number of similariti&kis model
can be used generally in other similar distribigion

As a practical result, the concept of phonebookrien
social networks was applied in tRbonebookmarkroject at
Nokia Siemens Network$2honebookmarlks a phonebook-
centric social network implementation by Nokia Sézs
Networks. We took part in the implementation andbize
public introduction it was available for a group géneral
users from April to December of 2008. It had 42@istered
members with more than 72000 private contacts, wiia
suitable number for analyzing the behavior of tleémork.
During this period we have collected and measuitéerent
type of data related to the social network.

The rest of the paper is structured as followstiGe@
describes related work in the field of social netgoand
power law distributions. Section 3 introduces ttrecture of
phonebook-centric social networks. Section 4 surizesr
our previously published model related to calcatptihe
total number of similarities in the network. Sent® states a

while others attract people based on common larguag
shared racial, sexual, religious, or nationalised
identities. Sites also vary in the extent to whittey

incorporate new information and communication tpeisch

as mobile connectivity, blogging, and photo/vigdwring.

As the functions of the SNSs flared, the numbenssrs
increased rapidly. Handling the extending numbeussrs
efficiently in SNSs is a key issue as it was visill case of
Friendster. Friendster was launched in 2002 as calso
complement to Ryze. It was designed to help
friendsof-friends meet, based on the assumption that
friendsof-friends would make better romantic partners than
would strangers. As Friendster's popularity surdbd, site
encountered technical and social difficulties. kdgter's
servers and databases wereeguipped to handle its rapid
growth, and the site faltered regularly, frustrgtirsers who
replaced email with Friendster.

Huge amount of papers and popular books, such as
Barabési’'s Linked [4] study the structure and pples of
dynamically evolving large scale networks like th&ernet
and networks of social interactions. Many featwesocial
processes and the Internet are governed by power la
distributions. Following the terminology in [5] @mnegative
random variableX is said to have a power law distribution if

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

general theorem related to the variance of power lapower a, which leads to much heavier tails than other

distribution with relevant upper bound and usew iprove
the accuracy of the model described in Sectionidallly

Section 6 concludes the paper and proposes furtisearch
plans.

II. RELATED WORK

common models.

Distributions with an inverse polynomial tail halkeen
first observed in 1897 by Pareto [6] (see. [7]),ilavh
describing the distribution of income in the popigia In
1935 Zipf [8] and Yule [9] investigated the worédjuencies
in languages and based on empirical studies hedistiaat the

In [3] the authors have defined social network ssite frequency of the-th frequent word is proportional torl/

(SNSs) as webased services that allow individuals to (1)

construct a public or sempublic profile within a bounded
system, (2) articulate a list of other users withom they
share a connection, and (3) view and traverse thtiof
connections and those made by others within thesysrhe
nature and nomenclature of these connections nrgyfrzam
site to site.

According to this definition, the first recognizaldocial
network site launched in 1997. SixDegrees.com atbw
users to create profiles, list their Friends arggitming in
1998, surf the Friends lists. Each of these featasésted in
some form before SixDegrees, of course. Profilésteck on
most major dating sites and many community sitéls! and
ICQ buddy lists supported lists of Friends, althoubose
Friends were not visible to others. Classmates.athowed
people to affiliate with their high school or cgiand surf
the network for others who were also affiliatedt igers
could not create profiles or list Friends until ggedater.
SixDegrees was the first to combine these features.

After that social networks have developed rapidigt the
number of features increased. Nowadays most Sigsost
the maintenance of pexisting social networks, but others
help strangers connect based on shared interediscab
views, or activities. Some sites cater to diveradiences,

Mislove et al. [10] studied the graph properties@feral
online real-world social networks. Their paper prds a
large-scale measurement study and analysis oftthetire
of multiple online social networks. They examinedtad
gathered from four popular online social networksckr,
YouTube, LiveJournal, and Orkut. They crawled thbljzly
accessible user links on each site, obtaininggelportion of
each social network's graph. Their data set contaier 11.3
million users and 328 million links. Their measusnts
show that high link symmetry implies indegree egual
outdegree; users tend to receive as many linkbegite,
the observed networks are power-law with high sytryne

In [11], the graph structure of the Web has been
investigated and it was shown that the distributbm- and
out-degree of the web graph and the size of weakly
strongly connected components are well approximated
power law distributions. Nazir et al. [12] showéatt the in-
and out-degree distribution of the interaction grag the
studied MySpace applications also follow such itistions.

There has been a great deal of theoretical work on
designing random graph models that result in a Web-
graph. Barabasi and Albert [13] describe the pesféal
attachment model, where the graph grows continyologl
inserting nodes, where new node establishes attin&n



older node with a probability which is proportiortal the
current degree of the older node. Bollobas etldl] fnalyze
this process rigorously and show that the degretilalition
of the resulting graph follow a power law. Anothapdel
based on a local optimization process is describgd
Fabrikant et al. [15]. Mitzenmacher [16] gives aweadlent
survey on the history and generative models for grolaw
distributions. Aiello et al. [17] studies randomaghs with
power law degree distribution and derives intengsti
structural properties in such graphs.

The key difference between these researches and our

work is that we extended social networks with meipihone
support and we discovered that the distributiosimiilarities
follows power law. We proposed a model to calculie
number of similarities and despite the infinite isace of
power law distribution we proved the accuracy af model.

Ill.  STRUCTURE OFPHONEBOOK-CENTRIC SOCIAL
NETWORKS

duplication’s @

Kt J

Figure 2. Detected“s(imilarities and duplications

On Figure 2 the dotted edges between member and
private contacts represent detected similaritied lroken
lines between two private contacts illustrate pgaesi
duplications in the phonebooks. Duplications anected as
a positive side effect of the similarity detectalgorithm.

After similarities and duplications are detectedréhis a

Phonebook-centric social networks are extending theemi-automatic step, the members -who have private

well-known social network sites, they have a simileb
user interface, but they add several major mobiienp
related functions to the system. Following considecial
networks as graphs. In case of general social mksynodes
are representing registered members and edgesdretiem
represent social relationships (e.g. friendshigjerdthis we
should notice that each member has a private mpbitee
with a phonebook (Figure 1).

Figure 1. Phonebook-enabled social network

On Figure 1 we can see that phonebook contactitsesu

new type of nodes in the graph representation laacdges

contacts in their phonebook, which are detectesiragar to
other members - have to decide whether detecteithstias
are relevant ones. In addition to that, members aan
decide about the relevancy of detected duplicatiortheir
phonebooks. Figure 3 represents the graph structitee
some of the members have resolved the detectethsties
and duplication.

5
. - 7 n ~
private contact ( )\u.ustomuﬂd contact

o | custon};_ﬂ_gd link
® - @ - el

¥
mcmbm K a )
._)§< °
3‘/ ¥
‘)— ’ 9. duphmtlon
» ~. . __—)__..w’
) : Suml’mt\

Figure 3. Resolving similarities and duplications

After the resolve, it can be noticed that one efphivate

between these private phonebook contacts and membetontacts of the most left member has been deleteduse it

represent which member “owns” those private costact

was a relevant duplication in the phonebook andothieer

One of the key advantages of phonebook centricasocimember had found it relevant. The other on thetriitie

networks is that they allow real synchronizatiortwsen
private phonebook contacts and the social netwarkrder
to enable such mechanism we need a similarity tietec
algorithm. This algorithm is able to compare twaspa
entries (members and private contacts too) andrrdite
whether they are likely similar, if so, it proposes
probability value to this detected similarity aslw&he
details of the algorithm are discussed in Section 5

Figure 2 represents the graph structure if thelaiityi
detecting algorithm has finished comparing the viah
person entries.

still remained because that member has not de@Hedt it
yet.

Besides that we can see on Figure 3 that four fitoen
five similarities were resolved (members found them
relevant) and there is still one in the system (tireenber has
not checked it yet). Resolving a similarity meahstta
customized link edge is being formed between theatw
contact(s) in one’s phonebook and the relevant neemwho
represent the same person in the system. The @geatacts
that are linked to members via this type of custaahilinks
are calleccustomized contact©ne of the key advantages of
phonebook-centric social networks are these cuggmmi



links, because if a member changes his personrail datthe w
web user interface (adds a new phone number, uplagw E[X] = zlexpr[x =X
image, changes the website address, etc) it will be
automatically propagated to those phonebooks wthere is = zw X 1 x @+ (5)
a customized contact related to this member. Acfui <L ¢(a+])
important advantages of phonebook-centric socialorks
are: — 1 Zw @ = ¢(a)
+  Private contacts can be managed (list, view,, edit c(a +1) — cla+ 1)'
call, etc.) from a browser. The expected total number of accepted similarile

d .I' Similarity detecéing al%o_rithm r?]alizebs g‘(e USEr 5 phonebook-centric social network can be estimaiitl
uplicate contacts are detected in its phonebodkvearns e tollowing formula:

about it.
«  Private contacts are safely backed up in case the N_ =N ﬂ .

phone gets lost. s M ¢(a+) R
. Private contacts can be easily transferred tewa n

(6)
phone if the user replaces the old one. . -
R Phonebooks can be shared between multiple Fora>1, ¢ (@)/ ¢ (a+l) is a finite constant. In our case,

phones, if one happens to use more than one phone. for a=1.276, we obtain that the expected total number of
. It is not necessary to explicitly search for thends  similarities is

in the service, because it notices if there are begssimilar

to the private contacts in the phonebooks and watrost it. Ns =291964200009=1103
The detailed structure and edge rule definition was (1)

described in [18].
[18] However in this model th& random probability value

IV. NUMBER OFSIMILARITIES has power law distribution which has infinite vada thus

We model the number of similarities generated duan the accuracy of this model is an issue_. In the Be'?“"“ we
member registration by a probability variab¥ More show hovx; t?hprove thela;:cgr?cytﬁf this model b?xmjg;{r;ﬂr
precisely,X models the number of similarities proposed byg. Q?Qefa e_orzeml related to b € \éarlance or p
the automatic similarity detection algorithm. In9[1we istributions with relevant upper bound.
showed how to estimate the total number of sintiéariin V. VARIANCE MODEL FORPOWERLAW DISTRIBUTION
the system. Following we summarize this model. WITH UPPERBOUND

The total number of accepted similaritidds in a

phonebook-centric social network can be estimatiéd tve Power law distribution has infinite variance, which
following formula: prevents to apply the central limit theorem in orgeobtain
that the total number of similarities will be clote their
N, =N, E[X]P expected value. However we can use the followiky fa
S M R, 3 Fact: If the phonebooks do not contain duplicates then

the number of similarities caused by a member imast
whereNy, is the number of registered members Bads ~ 2(Ny-1) [19].
the rate of the similarites accepted by the users. With other words, in the interva[0,2(Ny-1)] the
Measurements in [19] showed tHat can be approximated distribution of similarities follows a power law @nthe
with 0.9. In order to calculat&[X], we need the probabilities probability of higher similarities is zero. In ord® see this,
Pr[X=x], which can be obtained from the complementarynote that a membar can be similar to at most one private
PrX = x] ~ cxX @ b contact of each of the othé&f,-1 members and, for each

cumulative distribution  function Y  private contact ofi, there is at most one similar member in

derivation: the network.
We show that the distribution of similarities resw
Pr[X =x] ~c'x @, from this fact has a finite variance. This allovesta use the

(4) central limit theorem to prove the accuracy of estimation
of the total number of similarities in Section 4.
In order to be a probability distributioE”lc'x‘(”ﬂ) =1.
x=

Note, thatx starts from one, because a new member Theorem:_ Lgt X be a random variable _W'th
registration involves at least one similarity, hesm the PrIX=x]=cx” if x<n and Pr[X=x]=0 otherwise,
system allows registration only by invitation. Titefore, the ~Where S=a+1,2<f<3. In this case the variance can be
new member is already in the phonebook of the imyit estimated withg?X :G)(nH).

member. Thus,c'=1/{(a+1), where {(.) denotes the

Riemann Zeta function. Then the expected value is: For the proof we used two lemmata.



Lemma 1. Let X be a random variable with
PriX =x]=cx” if x<n and Pr[X =x]=0 otherwise,
where [=a+l,2<<3. In this case the viance is
JZX:O(nH).

From the Steiner formula, the variance is calcdlae

o°X = E[X°] - (E[X])* E[X] was defined previously, thus
we need to calculate only tE§X?. By definition:

E[X?]=>"_ x*PrX =x]
@ 1

— 2

=) X C7-

Now we can apply that is an upper bound on the value
of X. This way (1) can be followed as:

®)

E[X?]=cY ] x*7.

Letyz%E[Xz]. ©)

Following we show an upper estimation foin order to

do so we create an upper model for the functionlmf using
1

the powers of 1/2. Lef = ZE, then
1 \%F
" . . —I .
22 PriX=2]1=(Z)** :(2”‘2 j =27 (10

Now we are able to approximatérom top:

ys Y52t -2)2)
sl
= Z:i% "(z-1)22°

()

log, n+1
B
\2

1 (12)

=(z-)

=(z-)

=(z-)

The explanation to the last step:
z
log,, z=log,, 2E =1+log,, 2

To continue, first we have to check the following
calculation. Remember tha was described withand
= a+1 This way:

oq 22 0®2 1 1 _p-2 (13)
%2 og, 72 )Ly %A
log, 5 B-2
Therefore:
1
1 B-2
n1+Iogz/22 _ 1+g _ n3_p
- - (14)
This way (2) looks as follows:
Enﬁ_?’ _1
y<(z-1)| 2—— (15)
z
—-1
2

Next we show that the variance by applying thergtei
formula and the previous calculationsir?):



which proves that the probability of having diffetemount

o’X = E[X*]-(E[X])* =cy-0Q)

of similarities in the system than the result of thhodel is

very low.
E nﬂ*3 -1
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