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Abstract

Acquiring the full global information is impractical, if &sible at all, in many networks with distributed operation
and self-organization features. To meet scalability negments practical protocol implementations could uselloca
information instead, drawn from the nodegjo-networksthe Social Network Analysis (SNA) counterpartagntered
graphs However, in almost all these efforts the capacity of loegb-centered measuremertts substitute global
information is not evaluated but rather taken for granteds Ithis assumption that we effectively put under the
microscope.

We focus on network centrality metrics and explore to whatmbsociocentricmetrics determined under complete
network-wide information (rankeprrelate with their ego network counterparts. We generalize the digfimof ego
network, to comprise the egoishop neighborhood, respectively, and analyze the invobezliracyvs. complexity
tradeoff. The correlation of the global and ego metric vatsas found high in synthetic and even higher in real-world
network topologies of several hundred nodes size. We disitiessimpact of network topology on this correlation and
possible network functions that can benefit from rank-présg ego-centered measurements. Our findings can serve

as evidence for the practical feasibility of “socioaware&tworking.

I. INTRODUCTION

Recent approaches to data networking draw heavily on therzoritation patterns established by the end-users.
Human relationships and their inherent properties canesasva basis for developing a user centric communication
paradigm, where the basic networking functionality is bwitound the end-user [1], [2]. A solid theoretical
framework for processing social information and analyzsagial structures underlying these relationships is
provided bySocial Network Analysi§SNA) [3]. SNA has, thus, generated a lot of interest witlie hetworking
community and expectations that its insights could beneditdesign of more efficient network protocols.

Indeed, there is growing evidence that SNA insights andrtigeles can improve the design of such functions as
routing in opportunistic networks [4] [5], and service fagiplacement in wired networks [6]. Common denominator
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to all these efforts is the use of some SNA-driven metric &sessing the centralitye., significance, of individual
network nodes, whether humans or servers. The computatidrese metrics, however, typically demands global
information about all network nodes and their interconioest The distribution and maintenance of this information
is problematic in large-scale networks. In certain netwenkironments it may not even be an option at all as for
example is the case in emerging self-organizing networliagadigms lacking centralized network management
processes. A more realistic alternative for assessing nedtrality may be based on its ego network (SNA term)
or centered graph (graph-theoretic term) [i7g., the subgraph involving itself, its 1-hop neighbors, andirth
interconnections. Nodes can acquire a local estimate @f tieatrality throughegocentric measuremenits their
immediate locality. The computation of egocentric metigcapparently less complex and, in fact, part of practical
protocol implementations [4] [5]. Nevertheless, the cdyaof these local egocentric metrics to substitute the
globally computed sociocentric metrics is almost nevetuatad but rather taken for granted. It is this assumption
that our paper questions.

We set our focus on network centrality metrics, which are ri@st commonly used in networking protocols.
Besides the well known Betweenness Centrality (BC) matrecstudy Conditional BC (CBC), an already introduced
BC variant [8] particularly suited to wireless sensor netgoand, more generally, networks with many-to-one data
flow typologies. An important remark we make is that in seleeses, it is theorder of the metric values that
matters rather than thebsolute valuesTherefore, we investigate whether and how much the socfdcenetrics,
computed under global topological informatioank-correlatewith their egocentric counterparts, computed locally
over the nodes’ ego networks. In a further step, we carryloutorrelation analysis over a generalized definition of
the ego network including th&-hop neighbors of the ego node. While analyzing the corneding time complexity
and message overhead for each alternative, we derive aiéwl of the complexitys. accuracy tradeoff.

Our evaluation is carried out over both synthetic graphsraatiworld topologies up to 1000 nodes. For relative
small sizes, the former networks yield significant corielaibetween the two centrality variants) that weakens as
their size increases. For the latter networks we measufedagelation values in the order of [0.8-0.9] in almost
all cases for both centrality metrics. Conceivably, we obteetter results when the 2-hop neighbors are concluded
in the ego network.

The paper is structured as follows: we first elaborate on tleéos and ego-centric centrality variants, compute
the latter overl— and 2-hop ego networks, and compare their computational contpléx Section Il. Then in
Section Il we present the results of our correlation studgl autline example applications of egocentric metrics.

We discuss the relevant literature in Section IV and coreling paper in V.

Il. SOCIOCENTRICVS.EGOCENTRIC CENTRALITY METRICS

We briefly present the two sociocentric centrality metrics study addresses, the betweenness centrality (BC)
and the conditional betweenness centrality (CBC), and tgocentric counterpattsWe discuss the complexity
1This comparison is trivial for the popular degree and clessncentrality metrics. The former is effectively an egtiemetric itself; the

latter turns out to be uninformative under an egocentrigv\éace all shortest paths from an individual node to its-firster neighbours have
length one [9].



savings of locally measured metrics in section 11-C and tegection |1l to assessing how well they can substitute

the sociocentric ones.

A. Globally computed centrality indices

Consider an arbitrary node pdis, t) over a connected graghl = (V, E). If o, is the number of shortest paths
betweens andt¢ and o (u) those of them passing through nodethen the betweenness centrality of nade

BC(u), equals

ost(u
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Effectively, BC(u) assesses the importance of a network node for serving iafiwmthat flows over shortest paths
in the network [9]. Wherea®C(u) is an average over all network node pairs, the second ciyptragtric we
consider, the conditional betweenness centrality indeBG); captures the topological centrality of nodewith

respect to apecificdestination node [6] and is given by:

CBC(’U,,t) _ Z O'st(u) (2)
seV Tst
s#t,uFt

with o4 (s) = 0. Therefore, CBC is particularly suited to settings wherrimation flows are directed towards
a particular node with discrete network functionality. ISimodes collecting measurement data in wireless sensor
networks and gateways routing traffic at the border betweerelgss) access networks and the core network are

two examples of such settings.

B. Locally computed centrality metrics - ego networks

The computation of the two centrality metrics inline witheth sociocentric definition in (1) and (2) requires
information about the whole network topology and impliesodocoordination across the network as well as
computational and message load overheads. In distribugbglork settings, where nodes are energy constrained
and no explicit centralized network management processeiaplace, these computations are not favorable or
not an option at all. The apparent choice to approximate trantities of eq. 1 and 2 drawing on local information
appears to be the use of degree (centrality). Indeed, theeelef a node has been already reported to linearly
relate to its BC value at the autonomous system level (AS jnajpbiternet topologies [10]. Moreover, in scale-
free networks a node’s degree has been found under corglitiobe proportional to itéoad i.e, an equivalent
metric to BC [11]. Nevertheless, in the case of typical sbsirpath routing approaches the interpretation of degree
centrality seems problematic; it cannot be clearly consideas a measure of the network flow amount that a
given node controls. It rather suits for assessing a randaik-based information dissemination process across the
network [12]. Accordingly, the degree centrality is not abfe of capturing the destination-awareness notion as in
the case of CBC.

Techniques to approximate the centrality metrics througgtalized variants can be borrowed from the social

network analysis and the concepts of ego networks and egiereel measurements. In the so-cakgmh-network



a. Ego network of node. (r = 1). b. Ego network of node: (r = 2)

Fig. 1. a) Nodes 2, 3 and 4 contribute dgoC BC(u; 11, 1) = 2 with contributions 1/2, 1/2 and 1, respectively. b) Node &ctees the exit
node 10 for destination node 11 through five different pativs, of which pass through node, thus contributing 2/5 tegoC BC (u; 11, 2).

structure of social studies the person we are interestesl ieférred to as the “ego” and its ego-network comprises
itself together with those having an affiliation or friengshvith it, known as “alters”. Alters may as well share
relations with each other. The counterpart of ego networgraph-theoretic terms (the shaded area in Fig. 1) is
called centered graph [7] and includes a given nedegether with its 1-hop neighbor nodes.
Hereafter, we generalize the definition of the ego-networiktlude nodes (alters) lyinghops away from. and
the edges (links) between them. Formally, we can define-th@rder ego network as follows. Le¥" be the set
of nodes that form the-hop neigborhood around, i.e, N* = {n € G : 1 < h(n,u) < r}, whereh(a,b) denotes
the minimum hopcount between nodesindb. The r**-order ego network of node is the centered grapG® =
(V*, EY), where the set of nodes and edges Bte= {N*,u} andE* = {(i,j) € E : i,j € N*}, respectively.
For r = 1 the networkG?Y corresponds to the original ego network definition and siasof V| = d(u) + 1
nodes andE}| = d(u) +CC(u) - (dg“)) edges, wherd(i) is the degree andC(i) the clustering coefficient of node
1. Practically, values of > 2 would tend to cancel the advantages that local ego-centeezdurements induce.
Accordingly, the betweenness metrics of a certain node eaddfined with respect to its ego network. For the

egocentrically measured betweenness centradgy8C) of nodew, it suffices to apply (1) over the gragh*
egoBC(u;r) = BCO(u)jy—yu- 3

The value thatgoBC'(u,r) attains can be significantly different than the degree valueodew and thus, we
can not rely on the degree-betweenness reported corre[did to claim association between local and global BC
values. To further illustrate the relation between the liaed betweenness and other well-known network properties
we elaborate on the computation formulaegfoBC(u,1). In the figure 2.a the ego-nodeis connected to five
first-neighbor nodes, initially not interconnected withcleather. The number of (2-hops-long) paths traversing

is equal to the different pairs of neighbars., the the combination of 5 taken 2. In case the dotted linksah@

3-4 exist, we need to substract the number of 2-hops pathsthano more used from corresponding pairs since
the nodes envolved can now communicate directly. Clednlgse paths are as many as the direct paths linking

the first-neighbor nodes one another. The requested quéntite numerator of the clustering coefficieGC(u))



a.rmb(u) =0 b.rmb(u) =1

Fig. 2. Computing ego betweenness for an example ego-rietwor

since the latter is defined as the ratio between the numbeoraiections among the first neighborswofand its
maximum possible value. Finally, when the configurationh# direct links between the first-neighbors (Fig. 2.b)
leads to the formation of one or more rhombus-like loojps, (1-2-3-u-1) including the ego plus 3 neighboring
nodes, only one (1-u-3) out of the two shortest paths betweerdirst-neighbors passes throughSumming up,

for the general case af(u) first-neighbors of node andrmb(u) rhombus-like loops around, we have:

(“59) (1 = cC(u)) — rmb(u)/2 if d(u) > 1
0 if d(u) =1

egoBC(u;1) = (4)

The egocentric counterpart of conditional betweennessaén (egoC BC), on the other hand, is less straight-
forward. For each ego network and for a given destinationengodve need to identify the set afxit nodes
er(u;t) = {te € N* : h(u,t') + h(t',t) = h(u,t)}, i.e, all nodesr hops away from the ego nodethat lie on the
shortest path(s) from to ¢. This set is effectively therojection of the remote node on the local ego network
and may be a singleton but never the null set. In Fig. 1, fonple, we haves; (u;11) = {6}, e1(u;9) = {4,6}
for the GY andex(u; 11) = {10}, e2(u; 14) = {5, 8} for the GY. For each node € G¥, we need to calculate the
fraction of shortest paths fromtowardsany of the nodes ire,.(u; t) that traverse the ego node. Thus the egocentric

variant of CBC is given by

Ostr (U
egoCBC(u;t,r) = Y Ut (, )1{h<s-,t’>3h<s.,l>, l€er (uit)} ®)
seV! st
t'ee, (ust)

Again, in Fig. 1a, node 4 contributes to the egoCBC value afenosince its shortest path to the single exit node
6 passes through, although it has a shorter path of length three to notlevia nodes {5,10} that lie outside
the ego network. Likewise, its contribution is a full unigtier thanl /2, since the second shortest path to néde
passes through the nodea node outside the ego network@f This is the price egocentric metrics pay for being
agnostic of the world outside theirneighborhood.

Although, thedefinitionsof both sociocentric and egocentric measurements in (134 valid under weighted

and unweighted graphs, we focus on the latter ones (notg4has a formula for theegoBC(u, 1) computation



in unweighted graphs). The way network link weights afféxet torrelation of the two types of metrics is clearly

worth of a separate study.

C. Complexity comparison between socio- and egocentritraléy metrics

We discuss briefly how the two types of metrics compare in s$eainmessage overhead and time complexity
required for their computation. Message overhead is medstr messages times number of edges they have to
travel. In both cases, we can distinguish two metric comtrtgphases: the collection of topological information
and the execution of the computation algorithm.

Sociocentric centrality metric computation. The network nodes need to collect global information abbet t
overall network topology; hence, each one of i@ network nodes has to inform the oth@f| — 1 about its
neighbors. This generally requiré¥|E;|) message copies an@d(D) time steps for each node’s message, where
D is the network diameter and ;| the number of edges in the flooding subgraph. In the best tasdlooding
takes place over the nodes’ spanning trees, hence the reesgadnead i$)(|V| — 1). For the distribution of one
round of messages by all nodes, the overhead becari@s?); the time remaing(D) assuming that the process
evolves in parallel.

With knowledge of the global topology, each network node campute the BC metric values of all other nodes
in the network. An efficient way to do this is to invoke Brandagorithm in [13], featuringO(|V|-| E|) complexity
for unweighted graphs ar@d((|E|+|V|)-|V|log|V'|) complexity for weighted graphs. Interestingly, the CBCues
of each network node with respect to all other network nodesrge as intermediate results of Brandes’ algorithm
for the BC computatioh

Egocentric centrality metric computation. Intuitively, the egocentric variants save complexity. Thessage
overhead over the whole network (2 - |E|) for the ego network with- = 1 and O(2 - d,,,..|E|) for the ego
network withr = 2, whered,,,.. is the maximum node degree; for dense graphs this overheamnesO(|V |?).

The time required for the distribution of information is af noncernO(1). The egocentric computation of egoBC
and egoCBC for = 1 can be carried out as in [14]. The computation involves aiplidation of anO(d, . )-size
square matrix and trivial condition checks. Foe 2, we can compute the two metrics with Brandes’ algorithm,
replacing|V| with d2, ..

As expected, sincé,,,. is typically much smaller thafi’|, the use of localized metrics bears apparent com-
putational benefits. The question of whether these metooelate well with the sociocentric ones is considered
next.

2The algorithm in [13] effectively visits successively eautdeu € V' and runs augmented versions of shortest path algorithmshd@gnd

of each run, the algorithm has computed thg — 1 CBC(v; u) values,v € V; while the|V| BC(v) values result from iteratively summing
these values as the algorithm visits all network nodes V.



TABLE |
COMPLEXITY COMPARISON OF SOCIGVS.EGO-CENTRIC METRICS

Metric Time complexity Message overhead
BC o(VI*) Oo(D - |V])
egoBC (=1) O(dyae) o2 E|)
egoBC (=2) o ..) O(2 - dmazx - |E|)
CBC o(|V]?) o(D - |V])
egoCBC(=1) o(d3,..) o(2-|E|)
egoCBC(=2) o(d?,..) O(2 - dmaz - |E])

I1l. EXPERIMENTAL CORRELATION STUDY OF SOCIG VS.. EGOCENTRIC CENTRALITY METRICS
A. Correlation coefficients and network topologies

In comparing the ego- with sociocentric metrics, we are igosbncerned with theirank correlation. The
underlying remark is that in protocol implementations drayvon social metrics, we care more about the way the
metricranksdifferent nodes rather than its absolute value for each 6tieeon. For example, this is how the egoBC
metric is used in the SimBetTS [4] and BubbleRap [5] DTN rogtprotocols. We capture the rank correlation in
the non-parametric Spearman measure of correlatiowhich assesses how monotonic is the relationship between
the two centrality variables and is computed as follows:

6 32 (re(u) = re(u))?

_ ueV
N (AR ©

wherer,(u) andr.(u) are the ranks of each graph node when ordered according sothiecentric and egocentric
definition of the metrics, respectively. Thevalue lies in [-1,1]. In case is close tol we can only infer significant
correlation between the two variables. For the sake of a cehgmsive study we complete the presented results
with the well-known linear Pearson correlation. The.; coefficient as well assesses a straight-line relationship
between the two variables but now the calculation is basetheractual data values. For the pairs of the socio-
and ego- betweenness varian¢®3(u), eB(u)) of each node: € V, the Pearsomp,, is given by the equation:

S (sB(u) — 5B)(eB(u) — eB)

p— ueV (7)

> (sB(u) —sB)? | 3 (eB(u) — eB)?

ueV ueV

When the involved parameters vary along the network ingtaigcg, BA graphs) or the node locatioe.¢, CBC
values), we present theandrp,.; averages together with the 95% confidence intervals, egtdmaver 20 runs.

We experiment with both synthetic and real-world topolsg® cover an adequately differentiated set of physical
network topologies. The synthetic graphs are of two typesaBasi-Albert (B-A) and two-dimensional rectangular
grid graphsij.e., two well defined instances of graph models with very différand distinct structural properties.
Real-world ISP networks, on the other hand, do not have thdigiable structure and properties of the synthetic

topologies and may differ substantially one from anothet. it’is over such networks that (socioaware) networking



TABLE Il
CORRELATION STUDY BETWEENBC AND EGOBC ON GRID NETWORKS

Grid size  Diameter / Mean degree Spearman

ego-network(r=1)  ego-network(r=2)

5x5 8/3.200 0.9195 0.9679
10x10 18/ 3.600 0.8400 0.9556
15x15 28/ 3.733 0.7510 0.9017
20x20 38/ 3.800 0.6802 0.8459
60x8 66/ 3.717 0.5735 0.6336
70x8 76/ 3.721 0.5569 0.6130
80x8 86 /3.725 0.5466 0.5978
90x8 96 / 3.728 0.5390 0.5870

protocols have to operate [6]. The dataset we consider fithlides topology data from 850 distinct snapshots of 14
different AS topologies, corresponding to five Tier-1, fivaafsit and four Stub ISPs [16]. The data were collected
daily during the period 2004-08 with the help of a multicascdvering tool callednrinfo, which circumvents
the complexity and inaccuracy of more conventional measarg tools such as traceroute. Herein we present and
discuss results from a representative subset of the datéEet-1 and Transit ISP networks) exhibiting adequate

variance in size (up to 1000 nodes), diameter, and coniityctiggree statistics.

B. Experimental results

We choose to spend more of our effort experimenting on theeB@BC correlation debate that is expected to
attract more interest; BC is extensively used in numeroysicgiions (see Section |) as opposed to the limited
scope of CBC.

1) BC vs. egoBC:In the grid topologies, ego networks have fixed size dependim their relative position,
i.e., corner, side, or internal nodes. The ego networks are staronks of 3, 4 and 5 nodes, respectively, foe 1;
they may have size up to 6, 9, and 12 nodes, respectively, fo. Thus, the egoBC index may only exhibit three
values (e, 1, 3 and 6) with respect to the node’s location whega 1. In the Appendix we derive an analytical
expressions of the egoBC computation in grid networks. seoafr = 2 the egoBC cannot exceed the value of
28 (i.e, when the ego network size reaches its upper bound). Taldadg@ests that the rank correlation values
decrease monotonically with the grid size. As one or botk giimensions grow larger, the number of shortest
paths between any node pair grows exponentially, resuitirgricher spectrum of BC metric values over the grid
node population. On the other hand, the possible egoBC sameain the same; only the distribution of grid nodes
over these values changes (see Fig. 3).

For the B-A graph§ the reportedp coefficients are mean values computed out of 20 graph inssawith
mgo = 5, m = 2) generated according to the preferential attachment iptan17]. As shown in Table 1V, the B-A
topological characteristics result in better correlatimiween the egoBC and BC values. B-A topologies feature

higher topological contrast than grid topologies, with madules featuring connectivity degrees orders of size higher

3The B-A network requirement of the node degree distribumponent being equal to 3 appears with network sizes of 108@sior more.
Therefore, the employed networks of a few hundreds of nodesmall to be called B-A networks; this name is only kept foe sake of
clarity while typically they should be called scale-freeABike.



TABLE Il
CORRELATION STUDY (PEARSON?” p,.s COEFFICIENT) BETWEEN BC AND EGOBC ON BARABASI-ALBERT RANDOM GRAPHS

Number of nodes Ego networkel Ego networkr=2
Range of Mean clustering coeff. Pearsof,.s 95% Conf. Interval Range of Mean clustering coeff. Pearspn 95% Conf. Interval
50 [0.0948-0.3298] 0.9791 0.003 [0.1293-0.3720] 0.9936 0007
100 [0.0852-0.2094] 0.9758 0.005 [0.0759-0.1972] 0.9950 .00@8
200 [0.0590-0.1429] 0.9667 0.005 [0.0586-0.1787] 0.9922 .00
300 [0.0485-0.1053] 0.9671 0.004 [0.0449-0.1162] 0.9919 .00
400 [0.0259-0.0900] 0.9634 0.007 [0.0230-0.0849] 0.9910 .0016
500 [0.0303-0.0577] 0.9690 0.005 [0.0226-0.0654] 0.9897 .0007
600 [0.0255-0.0735] 0.9659 0.006 [0.0275-0.0557] 0.9900 .0018
035 007 07
B ol & 00| 2% 8 os
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Fig. 3. Probability distribution of BC and egoBC values foakng size of a grid network.

than other (leaf) nodes; this results in highly differetg@th BC values across the network nodes. However, the
egoBC values appear to exhibit equally high variance. The regfwork size forr = 1 follows the power-law
distribution of the node degree so that the percentage ofri®des in a single ego network may vary significantly.
In the generated B-A instances, the ego network of2b@node graph forr = 1 comprises up t®0.5% of the
total number of nodes; whereas, the biggest ego network fer2, involves more tha62% of the nodes.

Our findings for the real-world ISP topologies are listedahlé V. Even with measurements within the first-order
ego network, there is high positive rank correlation betwB€ and egoBC. Yet some ISP networksy, Janet UK
and Sprint) show clearly stronger correlation than otherg, (Telecom Italia). On the other hand, the Pearson linear
correlation coefficient suggests looser yet positive daoo between the two variants (in almost all datasets). If
nodes are willing to tolerate the extra overhead relatecbtoputing egoBC in the second-order ego network (see
[I-C), the correlation values become even higher but alscersomilar with each other, despite the differentiation in

network size. The general structural characteristics efcitnsidered ISP topologies differ from both grid and B-A

TABLE IV
CORRELATION STUDY (SPEARMAN COEFFICIENT) BETWEENBC AND EGOBC ON BARABASI-ALBERT RANDOM GRAPHS

Number of nodes Ego network=1 Ego networkr=2
Range of Mean clustering coeff. = Spearman 95% Conf. Interval  Range of Mean clustering coeff. =~ Spearman 95% Conf. Interval
50 [0.0948-0.3298] 0.9426 0.010 [0.1293-0.3720] 0.9734 006.
100 [0.0852-0.2094] 0.9170 0.009 [0.0759-0.1972] 0.9574 .00D
200 [0.0590-0.1429] 0.9130 0.005 [0.0586-0.1787] 0.9472 .009
300 [0.0485-0.1053] 0.8992 0.004 [0.0449-0.1162] 0.9381 .00
400 [0.0259-0.0900] 0.8945 0.006 [0.0230-0.0849] 0.9301 .00
500 [0.0303-0.0577] 0.8867 0.005 [0.0226-0.0654] 0.9248 .00®
600 [0.0255-0.0735] 0.8764 0.004 [0.0275-0.0557] 0.9173 .00




TABLE V
CORRELATION STUDY BETWEENBC-EGOBC ON INTRA-DOMAIN ISPTOPOLOGIES

DataSet ISP (AS number) <Clustering coeff.> Diameter  Size degree> BC vs. ego-BC
Spearmarp Pearsornvp,
ego-netr=1 ego-netr=2 ego-netr=1  ego-netr=2

36 Global Crossing (3549) 0.546 10 76 3.71 0.9648 0.9806 20.67 0.9197

35 -Il- 0.479 9 100 3.78 0.9690 0.9853 0.7029 0.9255

33 NTTC-Gin (2914) 0.307 11 180 3.53 0.9209 0.9565 0.7479 5618
Tier-1 21 Sprint (1239) 0.298 12 216 3.07 0.9718 0.9812 747 0.8557

13 Level-3 (3356) 0.169 25 378 4.49 0.2708 0.9393 -0.0918 9827

12 -Il- 0.149 28 436 4.98 0.2055 0.9381 -0.1217 0.7392

20 Sprint (1239) 0.287 16 528 3.13 0.9866 0.9928 0.5805 8.848

9 -Il- 0.251 13 741 3.29 0.9901 0.9930 0.7149 0.8622

40 JanetUK (786) 0.132 14 336 2.69 0.9714 0.9825 0.8049 0.918

45 lunet (1267) 0.246 11 598 3.88 0.8506 0.9468 0.8887 0.9688
Transit 38 -Il- 0.231 12 645 3.75 0.8790 0.9516 0.9094 0.9568

39 -Il- 0.038 13 711 3.45 0.9470 0.9826 0.5354 0.9536

44 Telecom ltalia (3269) 0.037 13 995 3.65 0.7950 0.9828 6233 0.8699

topologies. No regularities are reported; their diametegessively increases while their clustering coefficient
decreases, as the network size scales. Provably there igjlerasymmetry throughout the topology to yield a
wide range of BC and egoBC values and favor high correlatialnes between the two. There is one notable
exception from this rule, the Level-3 ISP topology (datak2t13), which is worth some more comments. In the
subsection 11I-C we elaborate on the properties of this I&®logy and study the way they affect the considered
correlation debate.

2) CBC vs. egoCBCWe devote the last set of experiments to the assessment @&gtheariant of the CBC
metric. The highp values of Table V suggest significant positive rank corietein all considered ISP topologies.
Especially for the outlier case of Level-3 networks the etation turns out to be considerably increased, compared
to the one between the BC variants (see Table V). Intuitjiviilg correlation of CBC with egoCBC values is
expected to be higher than the BG.ego-BC counterpart; by neglecting the world outside of the eetwork, the
egoBC inaccuracies (compared to the globally determinellB&y arise anywhere across the whole network. On
the contrary, the egoCBC(u;t,r) considers only the paths ad to the target, somehow focusing on an angle
that encompasses thus, it may differ from the CBC(u;t) view only across thatrtin angle. Table V practically

recommendshe application of the egoCBC metric in networking mechiasis

C. Pathologies in the Level-3 ISP snapshots

We now come back to the Level-3 ISP topologies that exhib#areptional behavior with respect to the outcome
of the studied BC-egoBC correlation (see Table V).

Neither the relatively extreme values of the network diametor the considerably higher mean degree of Level-3
topologies can justify the pogs values or even more, the negative,; ones. To further elaborate on this, we
studied the degree distribution of these topologies thaieweund to exhibit an unusual to the whole dataset,
bimodal-like shape with two distinct high peaks at valuesn8 & and little mass at value 1 (see Fig. 4). This
finding seems consistent with the remark about the role oksadth degree one in [14]. Nodes with degree 1

have zero values of both BC and egoBC. Therefore, a netwaiiray a large percentage of such nodes has higher
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TABLE VI
CORRELATION STUDY (SPEARMAN COEFFICIENT) BETWEEN CBC-EGOCBC ON INTRA-DOMAIN ISP TOPOLOGIES

DataSet ISP (AS number) <Clustering coeff.>  Diameter  Size degree> CBC vs. ego-CBC
ego-netr=1  95% Conf. Inter.
36 Global Crossing (3549) 0.546 10 76 3.71 0.9568 0.008
35 -Il- 0.479 9 100 3.78 0.9489 0.013
33 NTTC-Gin (2914) 0.307 11 180 3.53 0.9554 0.003
Tier-1 21 Sprint (1239) 0.298 12 216 3.07 0.9824 0.002
13 Level-3 (3356) 0.169 25 378 4.49 0.7336 0.007
12 -Il- 0.149 28 436 4.98 0.7035 0.005
20 Sprint (1239) 0.287 16 528 3.13 0.9847 0.003
9 -/l- 0.251 13 741 3.29 0.9884 0.002
40 JanetUK (786) 0.132 14 336 2.69 0.9819 0.001
45 lunet (1267) 0.246 11 598 3.88 0.7825 0.033
Transit 38 -1l- 0.231 12 645 3.75 0.8062 0.022
39 -Il- 0.038 13 711 3.45 0.9370 0.016
44 Telecom ltalia (3269) 0.037 13 995 3.65 0.9902 0.001

chances for an overall higher correlation coefficient thersé with fewer nodes. To test further this hypothesis, we
generated multiple random graphs [18] feeding the genereith the degree distribution of the Level-3 outliers.
Precisely, for each one of the Level-3 16, 18, 27 and 28 dstage have generated a couplee( named a and

b, respectively) of new topologies characterized by theesdegree distribution as the Level-3 original ones. In
Table VII we report the properties of each topology alonghvilhe measured BC-egoBC rank correlation. The
resulting high correlation between BC and egoBC-drivenentahkings of the generated topologiés.( 0.84 to
0.95) implies that the actual association between the twtrieneariants is not determined solely by the degree
distribution. Note that the rank correlation for Level-ptdogy snapshots (back in Table V) improves significantly

when egoBC is computed within the second-order ego network.

DataSet 13 DataSet 21 DataSet 39

°
N
b

fraction of nodes

10 15
degree
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20 30 40 50
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10
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15
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o
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Indicative set of ISP networks’ degree distribution

10
degree

15

Following the remark about nodes with degree one we presefable VIl theagq percentage of nodes (for
both Level-3 ISP and the corresponding generated netwhek)exhibit equal BC and egoBC values. The relative
high agq (7.2-9.1%) of the Level-3 topologies is not sufficent to fedu high positive correlation between BC

and egoBC values. Taking one step further, we measure tleegagenx z of network nodes that attain lower
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TABLE VII
PROPERTIES OF ORIGINALLEVEL-3 (bold) AND GENERATED TOPOLOGIES WITH THE SAME DEGREE DISTRIBUTION

DataSet ISP (AS number) (€ > Diameter Size <degree> variance Spearmpan agg (%) oarg (%)
16 Level-3 (3356) 0.1307 28 431 5.00 6.57 0.1563 7.19 22.04
16a generated 0.0244 8 -Il- 4.95 6.34 0.9580 0.93 0
16b generated 0.0094 8 -Il- 4.93 6.08 0.9440 0.92 0
18 Level-3 (3356) 0 12 52 4.54 4.61 0.0183 0 23.08
18a generated 0.0516 6 -Il- 4.23 3.79 0.8495 1.92 0
18b generated 0.1034 6 -Il- 4.15 3.70 0.9462 5.76 0
27 Level-3 (3356) 0.1809 24 339 3.98 3.47 0.4130 9.14 15.92
27a generated 0.0102 10 -Il- 3.94 3.22 0.9053 1.48 0
27b generated 0.0118 9 -Il- 3.96 3.29 0.9281 1.18 0
28 Level-3 (3356) 0.1749 24 349 4.10 3.86 0.3522 8.88 16.05
28a generated 0.0074 10 -Il- 4.09 3.77 0.9069 1.14 0
28b generated 0.0169 10 -Il- 4.03 3.49 0.9229 2.00 0

a. Dataset 18 (Level-3)

b. Dataset 18a (generated)

Fig. 5. Vizualization of an original Level-3 snapshot (ajlamgenerated topology with the same degree distribution (b)

BC values than egoBC. Interestingly, the original Levelx®ibit values ofarg as high as 23% whereas the

corresponding generated topologies avail no such nodedraly to intuition it seems that the considered Level-3

topologies avail a critical mass of nodes for which the titéors from the restricted egocentric view to the global

topology approach results in the decrease of the correapgpedntrality values. Clearly, such nodes have negative

contribution to the measured BC-egoBC rank correlation.

To shed some light on the topolgy configuration that caussscthunterintuitive result, we visualize in Figure 5

an original Level-3 topology together with its corresparglgenerated one. The Level-3 snapshot seems to consist

of a lengthy backbone on which two cluster endings are atthch is the configuration of the links among the

cluster nodes that makes some of them unreachable fromeshpiths that stem from network nodes outside the

current cluster. The corresponding high g percentage is due to a significant portion of such clusteespdode

like 5in Fig. 6a or 5, 6 and 7 in Fig. 6b are the ones that falhis tategory and therefore, exhibit higher ego- than

socio- BC values. In particular node 5 in Fig. 6a has an egoBi@evequal to(“()) = (

) = 6 while its socio-

variant is determined by all possible pairs between nodes 3,and 4; one out of the two shortest paths linking



Network Network

a. Cluster configuration | b. Cluster configuration Il

Fig. 6. Configurations of topology’s cluster endings thaufein egoBC values of certain nodes exceeding their BC.ones

those pairs traverse nodei.g., BC(5) = 1/2- (‘2‘) = 3. Consequently, the higher the number of Level-3 clusters,
the higher the number of nodes that impede the BC variantgi hink correlation. On the contrary the Dataset
18a generated topology (with the same degree distribusoh8) forms no cluster and furthermore, exhibits zero
values for theny g percentage. This characteristic turns out to provide tpeltmy with high correlation between

the centrality variants even if the percentage, remains significantly low.

D. Applications of egocentric metrics

We now outline two examples, where, given their close cati@h with sociocentric centrality metrics, their
locally measured variants can assist with network oparatamd facilitate the practical implementation of netwogki
protocaols.

Firstly, we sketch the use of a locally computed centralitgtnic for proactive fault detection. We consider
a large-scale wireless sensor network that performs bliged environmental sensing. Such networks consist of
several inexpensive nodes, which are scattered in the isBelsband operate under severe energy and computational
power constraints [19]. Collected information is routedatsingle data sink node. Given the location of the sink
s, each sensor node can easily compute its egoCBC(u;s) value (see Section bral comparison of values
or a ranking carried out more centrally after these valuescammunicated to the sink node would reveal the
globally most central nodes with respect to the sink locatlence, those nodes that are about to bear most of the
many-to-one information flows towards the sink and accalgira significant portion of the overall message load.
This piece of information can be directly used to roughlyineate the energy consumption of the sensors or can
motivate and calibrate a load-balancing mechanism.

Secondly, we consider the use of localized centrality rogetio facilitate scalable migration of service facilities.
The aim is to eventually minimize the service access codtimidistributed environments with self-organization
characteristics. We have proposed a scalable heuristiconaerts the original service placement problem into a few
smaller ones [6]; the service migrates towards cost-affetications by iteratively solving small-scale optintinas

on carefully selected subsets of key-nodes. These key ravdeselected on the basis of their centrality, measured
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locally via egocentric measurements. The full service giiaent protocol is outlined in [8].

IV. RELATED WORK

Related work in literature could be organized under twoatse The first one, to which this paper is attached,
guestionswhether and how much correlation exidigetween locally and globally computed centrality metrics;
the main contributions hereto come from the area of sociol@xperimental evidence for positive correlation
between sociocentric and egocentric BC is given in [20]. €ha&luation includes various social networks of sizes
ranging from 14-217 nodes and in all cases hiRgarson’s correlatiorvalues are reported. The author proposes
an explanation for the deviation of different nodes from tegpective regression line based on their hub/bridging
functionality within the network. Similar positive congliens, this time for synthetic random grapR§(IV, p) of
size N € [25,500] and edge occurrence probabiljiye [0.1,0.6], are drawn in [14]. The mean Pearson correlation
coefficient ranges from 0.85 to 0.98, its variance becomingler with larger graph sizes. The authors conclude
that the correlation is stronger when the network nodes kéber very similar or very differentiated sociocentric
BC scores.

Closer to our work in terms of topology (large AS-level srtagts) is [10], but reports a linear behavior of the
mean BC metric against the node degree. In order to studydhle-free properties of the Internet, the authors
analyze the probability distribution of various quanstiacluding betweenness centrality for different time siag
of Internet maps. They observe that these distributionschagacterized by scaling exponents that are stationary
in time. Moreover, they argue that the nontrivial betweessnand connectivity correlation is due to the Internet
hierarchical structure. Similar power-law behavior hasrbeeported by Golet al. [11] for the load distribution in
a scale-free network (note that tlead of nodek is only a betweenness centrality equivalent; it is the tatabunt
of data packets passing throughwhen all pairs of vertices send and receive a data packetlonyg the shortest
paths connecting the pair). The network’s degree disiobutollows a power lawp(k) ~ k7 wherevy € [2, 00)
while the loadl has been shown to be distributed accordingPtd) ~ 1° with exponents. Based on numerical
results, the authors have conjectured that the valueeR.2 is independent of for the interval (2, 3] suggesting
a “universal” behavior for théoad quantity in scale-free networks.

Finally, a study from networking community [21], comparke £go- and sociocentric counterparts of the recently
proposed bridging centrality, which identifies the cerilyabf a node between highly connected regions. They
experiment with one synthetic, one social and one wirelesshnmetwork of sizes 11, 14 and 8 nodes, respectively,
and find that both metrics rank nodes similarly. To the besiwsfknowledge, our study is the first that looks into
both synthetic and real world network topologies of sizegafh000 nodes. Moreover, it expands the definition of
egocentric metrics to gain a more thorough view of the uyiteglcomplexityvs. accuracy tradeoff.

The second thread assumes a positive reply to the first qneatid exploresow could this correlation be
exploitedin the practical specification of networking protocols. T8itedy in [22] argues in favor of the utility of
localized centrality metrics in identifying users with liisocial network within large-scale collaborative netvsrk

The author experiments with a commercial collaborativedooarking solution studying the graph of implicit (shared
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URL tags) and explicit (subscriptions) relationships amaosers. Insights from social network analysis have been
more directly applied in the area of Delay Tolerant NetworReth [4] and [5] draw on egocentric estimates of
nodes’ betweenness centralities to derive new forwardimgopols that, when correctly tuned, can significantly

improve performance over more naive approaches.

V. CONCLUSIONS

We have placed node betweenness centrality metrics aghmistegocentrically computed variants on a wide
range of both synthetic and real-world network topologiegocentric computations come at considerably lower
cost than their sociocentric counterparts. Therefore,réported strong correlation between the two variants, in

particular for real world ISP topologies, lays an argumentaivor of the feasibility of socioaware networking.
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APPENDIX
A. Ego-betweenness computation in grid topologies

Consider aMxN rectangular grid and let j € N be the coordinates of a grid nodeandd;; its degree. The

egoBC(u, 1) value depends solely on the degree of nadélevertheless, it is the combination of the grid size and
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the position of node: that determines the different possiklgoBC(u, 1) values. When we consider the first layer
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Fig. 7. MxN rectangular grid

of nodew neighbors ¢ = 1) under the constrain of/, N > 3, the egoBC(u, 1) can attain three different values

given by the following expression:

[

, ifi-je{l,M,N,M N}
, HGE-1E-M)/G-1)G-N)=0or (j—1)(F—-M)/(i-1)(i-N)=0

w

egoBC(u;1) = (d;) =

(=)

, elsewhere

(8)
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