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Social Network Analysis for Information Flow In
Disconnected Delay-Tolerant MANETS

Elizabeth M. Daly and Mads Haahr

Abstract—Message delivery in sparse Mobile Ad hoc Networks of the overall population [23]. As a consequence, not all
(MANETS) is difficult due to the fact that the network graph is  nodes are equally likely to encounter each other, and nodes
rarely (if ever) connected. A key challenge is to find a routehat need to assess the probability that they will encounter the
can provide good delivery performance and low end-to-end day L "
in a disconnected network graph where nodes may move freely. destlngtlon node. Additionally, Hsu and Helmy performed ar_1
We cast this challenge as an information flow problem in a soal ~ analysis on real world encounters based on network traffic
network. This paper presents social network analysis metds traces of different university campus wireless network).[2
that may be used to support a novel and practical forwarding Their analysis found that node encounters are sufficient to
solution to provide efficient message delivery in disconnéed 1, i 5 connected relationship graph, which is a small world
delay-tolerant MANETs. These metrics are based on social . ; - .
analysis of a node's past interactions and consists of three gra_ph. Therefore, _Soc'al analysis techniques are progn‘sm
|Oca||y evaluated Components: a node’s ‘betweenness’ Cealjty eStImatIng the SOC|a| structure Of I’IOde encountersin a ﬂlﬂmb

(calculated using ego networks) and a node’s social ‘simitiy’ to  of classes of disconnected delay-tolerant MANETs (DDTMSs).

the destination node and a node’s tie strength relationshipvith . o )
the destination node. We present simulations using three e Social networks exhibit the small world phenomenon which

trace data sets to demonstrate that by combining these metrs comes from the observation that individuals are often khke
delivery performance may be achieved close to Epidemic Roilg by a short chain of acquaintances. The classic example is
put with significantly reduced overhead. Additionally, we $10W Milgrams’ 1967 experiment, where 60 letters were sent to
improved performance when compared to PRoPHET Routing. ; . )
various people located in Nebraska to be delivered to a
Index Terms—Delay & Disruption Tolerant Networks, stockbroker located in Boston [40]. The letters could orgy b
MANETSs, Sparse Networks, Ego Networks, Social Nework ¢,nvarded to someone whom the current letter holder knew by
Analysis . .
first name and who was assumed to be more likely than the
current holder to know the person to whom the letters were
. INTRODUCTION addressed. The results showed that the median chain lehgth o
Mobile Ad hoc Network (MANET) is a dynamic wirelessintermediate letter holders was approximately 6, givirsg tio
network with or without fixed infrastructure. Nodes mayhe notion of ‘six degrees of separation’. Milgram's expegnt
move freely and organise themselves arbitrarily [9]. Sparshowed that the characteristic path length in the real weatd
Mobile Ad hoc Networks are a class of ad hoc networkse short. Of particular interest, however, is that the pdints
in which the node population is sparse, and the contadiigl not send on the letters to the next participant randomly,
between the nodes in the network are infrequent. As a resilfit sent the letter to a person they perceived might be a good
the network graph is rarely, if ever, connected and messag®rier for the message based on their own local information
delivery must be delay-tolerant. Traditional MANET rowin In order to harness the benefits of small world networks fer th
protocols such as AODV [45], DSR [27], DSDV [46] andpurposes of message delivery, a mechanism for intelligentl
LAR [29] make the assumption that the network graph is fullgelecting good carriers based on local information must be
connected and fail to route messages if there is not a coenplekplored. In this paper we propose the use of social network
route from source to destination at the time of sending. Ow@alysis techniques in order to exploit the underlying aloci
solution to overcome this issue is to exploit node mobilitgtructure in order to provide information flow from source to
in order to carry messages physically between disconnectisbtination in a DDTM which extends on the authors’ previous
parts of the network. These schemes are sometimes refewedk [10].
to as mobility-assisted routinghat employ thestore-carry- . . . . ) .
and-forwardmodel. Mobility-assisted routing consists of eachI The remainder of this paper is organized as follows: Section

node independently making forwarding decisions that ta%erewews related work in the area of message delivery in

place when two nodes meet. A message gets forwarded {Sconnected networks. Section Il examines network theor
encountered nodes until it reaches its destination. that may be applied 1o social networks along with social

Current research supports the observation that encounf?e%work anaIyS|§ techniques. S_ect|on I.V discusses Sl_mBetT
between nodes in real environments do not occur randon{ example routing protocol which applies these techniépres

[24] and that nodes do not have an equal probability & uting in DDTMs. Section V evaluates the performance of the

encountering a set of nodes. In fact, one study by Hsu ag{]otocol along with a performance comparison between Sim-

Helmy observed that nodes never encountered more than 5 %TS Routing and Epidemic Routing [51] and the PROPHET

outing protocol [36] using three real trace data sets frioen t
Distributed Systems Group, Trinity College Dublin, Irefan Haggle project [8], [24]. We conclude in Section VI.



1. RELATED WORK deemed most likely to deliver. These metrics are based on
) . either contact history, location information or utility ties.

A number of projects attempt to enable message delivegy,rgess et al. [7] transmit messages to encountered nodes in
by using a virtual backbone with nodes carrying the daige order of probability for delivery, which is based on it
through disconnected parts of the network [15], [47]. Thgformation. However, if the connection lasts long enouh,
Data MULE project uses mobile nodes to collect data fromessages are transmitted, thus turning into standard @jde
sensors which is then delivered to a bas_e station [47]. Th%uting. PROPHET Routing [36] is also probability-based,
Data MULEs are assumed to have sufficient buffer space jging past encounters to predict the probability of meeting
hold all data until they pass a base station. The approachyis,ode again, nodes that are encountered frequently have
similar to the technique used in [2], [15], [17]. These potge ap increased probability whereas older contacts are degrad
study opportunistic forwarding of information from mobilesyer time. Additionally, the transitive nature of encouste
nodes to a fixed destination. However, they do not considgr exploited where nodes exchange encounter probabilities
opportunistic forwarding between the mobile nodes. and the probability of indirectly encountering the dedlima

‘Active’ schemes go further in using nodes to deliver datgpde is evaluated. Similarly [28] and [50] define probaypilit
by assuming control or influence over node movements. bhsed on node encounters in order to calculate the cost of the
et al. [32] explore message delivery where nodes can Rfite. In other work, [11] and [20] use the so-called ‘time
instructed to move in order to transmit messages in the M@ipsed since last encounter’ or the ‘last encounter age’ to
efficient manner. The message ferrying project [54] proposgyute messages to destinations. In order to route a message t
proactively changing the motion of nodes in order to megtdestination, the message is forwarded to the neighbour who
a known ‘message ferry’ to help deliver data. Both assumggcountered the destination more recently than the soute a
control over node movements and in the case of messagger neighbours.
ferries, knowledge of the paths to be taken by these messaggeprun et al. [30] propose a location-based routing scheme
ferry nodes. that uses the trajectories of mobile nodes to predict their

Other work utilises a time-dependent network graph ifuture distance to the destination and passes messagesés no
order to efficiently route messages. Jain et al. [26] assumit are moving in the direction of the destination. Leguay
knowledge of connectivity patterns where exact timing iret al. [31] present a virtual coordinate system where the
formation of contacts is known, and then modifies Dijkstraiode coordinates are composed of a set of probabilities, eac
algorithm to compute the cost edges and routes accordingbpresenting the chance that a node will be found in a specific
Merugu et al. [39] and Handorean et al. [21] likewise make thgcation. This information is then used to compute the best
assumption of detailed knowledge of node future movemenggailable route. Similarly, Ghosh et al. propose explgitihe
This information is time-dependent and routes are computggt that nodes tend to move between a small set of locations,
over the time-varying paths available. However, if nodes dghich they refer to as ‘hubs’ [16]. A list of ‘hubs’ specific
not move in a predictable manner, or are delayed, then tgeach users movement profile is assumed to be available
path is broken. Additionally, if a path to the destination iso each node on the network in the form of a ‘probabilistic
not available using the time-dependent graph, the messagerbit’ which defines the probability with which a given node
flooded. will visit a given hub. Messages destined for a specific node

Epidemic Routing [51] provides message delivery in disre routed towards one of these user specific ‘hubs’.
connected environments where no assumptions are made iMusolesi et al. [41] introduce a generic method that uses
regards to control over node movements or knowledge Kélman filters to combine multiple dimensions of a node’s
the network’s future topology. Each host maintains a buffebnnectivity context in order to make routing decisions.sMe
containing messages. Upon meeting, the two nodes exchapgges are passed from one node to a node with a higher
summary vectors to determine which messages held by tHelivery metric’. The messages for unknown destinatiores a
other have not been seen before. They then initiate a trafsswarded to the ‘most mobile’ node available. Spyropoulos
fer of new messages. In this way, messages are propagaiedl. [48] use a combination of random walk and utility-
throughout the network. This method guarantees deliveryghsed forwarding. Random walk is used until a node with
a route is available but is expensive in terms of resourcgssufficiently high utility metric is found after which the
since the network is essentially flooded. Attempts to reduqélity metric is used to route to the destination node. More
the number of copies of the message are explored in [44kently, Hui et al. [25] investigated assigning labels ¢oles
and [49]. Ni et al. [44] take a simple approach to reduce thgentifying group membership. Messages are only forwarded
overhead of flooding by only forwarding a copy with someo nodes in the same group as the destination node.
probability p < 1, which is essentially randomized flooding. Our work is distinct in that the SimBetTS Routing metric is
The Spray-and-Wait solution presented by Spyropoulos.et amprised of both a node’s centrality and its social sirtifar
[49] assigns a replication number to a message and distsbuConsequently, if the destination node is unknown to the
message copies to a number carrying nodes and then wegéading node or its contacts, the message is routed to a
until a carrying node meets the destination. structurally more central node where the potential of figdin

A number of solutions employ some form of ‘probability toa suitable carrier is dramatically increased. We will shbatt
deliver’ metric in order to further reduce the overhead asso SimBetTS Routing improves upon encounter-based strategie
ated with Epidemic Routing by preferentially routing to esd where direct or indirect encounters may not be available.



I1l. SociAL NETWORKS FOR INFORMATION FLOW flowing between others [43]. A node with a high betweenness

In a disconnected environment, data must be forwardegntrality has a capacity to facilitate interactions betwe
using node encounters in order to deliver data to a destimati"©des it links. In our case, it can be regarded as how much
The problem of message delivery in disconnected de|a§,_node can facilitate commu_mcatlon tq other nodes in the
tolerant networks can be modeled as the flow of informatidiftwork. Betweenness centrality, wheyg is the total number
over a dynamic network graph with time-varying links. Thi@f 9eodesic paths linking; andp;., andg; (p;) is the number
section reviews network theory that may be applied to soc@ those geodesic paths th?vt "_101'%6'3 calculated as:
networks along with social network analysis techniquegsth Cy(ps) = Z JX:ij(Pi) 3)
techniques have yet to be applied to the context of routing in BPi 9k

. : . =1 k=1
disconnected delay-tolerant MANETS. Social network asialy ) J_ )
is the study of relationships between entities, and on theBorgatti analyses centrality measures for flow processes in

patterns and implications of these relationships. Grapag n"€Wwork graphs [5]. A number of different flow processes are
be used to represent the relational structure of socialorisy considered, such as package delivery, gossip and infettien
in a natural manner. Each of the nodes may be represen%%n analyses each centrality measure in order to evaloate t

by a vertex of a graph. Relationships between nodes mayq)rg)ropriateness of each measure for different flow prosesse
represented as edges of the graph. His analysis showed that betweenness centrality and assen

centrality were the most appropriate metrics for message
_ _ transfer that can be modeled as a package delivery.

A. Network Centrality for Information Flow Freeman’s centrality metrics are based on analysis of a

Centrality in graph theory and network analysis is a quantitomplete and bounded network, which is sometimes referred
cation of the relative importance of a vertex within the drapto as a sociocentric network. These metrics become difficult
(for example, how important a person is within a social nete evaluate in networks with a large node population as they
work). The centrality of a node in a network is a measure of thequire complete knowledge of the network topology. Fos thi
structural importance of the node, typically, a centralenbes reason the concept of ‘ego networks’ has been introduced.
a stronger capability of connecting other network membeiSgo networks can be defined as a network consisting of a
There are several ways to measure centrality. Three widaingle actor (ego) together with the actors they are coedect
used centrality measures are Freeman’s degree, closanessto (alters) and all the links among those alters. Consefyent
betweenness measures [13], [14]. ego network analysis can be performed locally by individual

‘Degree’ centrality is measured as the number of direnbdes without complete knowledge of the entire network.
ties that involve a given node [14]. A node with high degre®larsden introduces centrality measures calculated uging e
centrality maintains contacts with numerous other networletworks and compares these to Freeman'’s centrality mesasur
nodes. Such nodes can be seen as popular nodes with larfg& sociocentric network [37]. Degree centrality can gasé
numbers of links to others. As such, a central node occupiegasured for an ego network where it is a simple count of
a structural position (network location) that may act as the number of contacts. Closeness centrality is uninfaumat
conduit for information exchange. In contrast, periphamales in an ego network, since by definition an ego network only
maintain few or no relations and thus are located at the margtonsiders nodes directly related to the ego node, conséguen
of the network. Degree centrality for a given nogewhere by definition the hop distance from the ego node to all other
a(p;,pr) = 1, if a direct link exists betweem; and p; is nodes in the ego network is 1. On the other hand, betweenness
calculated as: centrality in ego networks has shown to be quite a good
measure when compared to that of the sociocentric measure.
Marsden calculates the egocentric and the sociocentric be-

Cp(pi) = ;a(pi’pk) (@ weenness centrality for the network shown in figure 1.

N

‘Closeness’ centrality measures the reciprocal of the mean

Sociocentric  Egocentric
Node betweenness betweenness

a nodep; and all other reachable nodes [14]. Closeness v oo 058
centrality can be regarded as a measure of how long it wi MA P
take information to spread from a given node to other nod w0 .
in the network [43]. Closeness centrality for a given node| w285 a3
where N is the number of reachable nodes in the network, i$ w9 033 0.33
calculated as: 2 o 0

No T

Cepi) = =y———— 2)
Zk:l d(pi, pr) Fig. 1. Bank Wiring Room network [25]

‘Betweenness’ centrality measures the extent to which a
node lies on the geodesic paths linking other nodes [13],The betweenness centralifys (p;) based on the egocentric
[14]. Betweenness centrality can be regarded as a measuesasures does not correspond perfectly to that based on
of the extent to which a node has control over informatiosociocentric measures. However, it can be seen that thewgank



of nodes based on the two types of betweenness are identioalltiple social context’ indicator. Lin et al. proposeding

in this network. This means that two nodes may compare th#ie recency of a contact to measure tie strength [34]. The tie
own locally calculated betweenness value, and the node wétnength indicators are defined as follows:

the higher betweenness value can be determined. In effect-requency - Granovetter observes that ‘the more frequently
the betweenness value captures the extent to which a npeesons interact with one another, the stronger their reemniis
connects nodes that are themselves not directly connectafdfriendship for one another are apt to be’ [18]. This metric
For example, in the network shown in figure w9 has no was also explored in [3], [4], [18], [35], [38].

connection withw4. The node with the highest betweenness Intimacy/Closeness This metric corresponds to Granovet-
value connected tw9 is w7, so if a message is forwarded toter's definition of the time invested into a social contactaas
w7, the message can then be forwardedv® which has a measure for a social tie [4], [18], [38]. A contact with whiah
direct connection wittw4. In this way, betweenness centralitygreat deal of time has been spent can be deemed an important
may be used to forward messages in a network. Marsdesntact.

compared sociocentric and egocentric betweenness for 1%ong Period of Time (Longevity) - This metric corre-
other sample networks and found that the two values coerelaponds to Granovetter’s definition of the time commitmetd in
well in all scenarios. This correlation is also supported kg social contact as a measure for a social tie [4], [18], [38].
Everett and Borgatti [12]. A contact with which a person has interacted over a longer

Routing based on betweenness centrality provides a mephk¥iod of time may be more important than a newly formed
anism for information to flow from source to destination ircontact.

a social network. However, routing based on centrality @lon Reciprocity - Reciprocity is based on the notion that a
presents a number of drawbacks. Yan et al. analysed routingy@luable contact is one that is reciprocated and seen by both
complex networks and found that routing based on centralityembers of the relationship to exist. Granovetter disasze
alone causes central nodes to suffer severe traffic congesgocial example with the absence of a substantial relatipnpsh
as the number of accumulated packets increases with tirff@, example a ‘nodding’ relationship between people living
because the capacities of the nodes for delivering packets @n the same street [4], [18]. He observes that this sort of
limited [53]. Additionally, centrality does not take inte@ount relationship may be useful to distinguish from the abserfce o
the time-varying nature of the links in the network and thany relationship.

availability of a link. In terms of information flow, a link #t Recency -Important contacts should have interacted with a
is available is one that is ‘activated’ for information flow. user recently [34]. This relates to Granovetter's amourtino¢
component and investing in the relationship, where a strong
relationship needs investment of time to maintain the iatiy

Multiple Social Context - Marsden and Campbell discuss

The previous section’s discussion of information flow basessing the breadth of topics discussed by friends as a measure
on centrality measures does not take into account the strentyp represent the intimacy of a contact [4], [38].
of the links between nodes. In terms of graph theory, wheze th Mutual Confiding (Trust) - This indicator can be used as
links in the network are time-varying, a link to a central roda measure of trust in a contact [18], [38].
may not be highly available. Brown and Reingen explored Routing based on tie strength in network terms is routing
information flow in word-of-mouth networks and observe thdiased on the most available links. A combination of the
it is unlikely that each contact representing potentiatsesiof tie strength indicators can be used for information flow to
information have an equal probability of being activatedtie determine which contact has the strongest social reldtipns
flow of information [6]. They hypothesize that tie strengshai  to a destination. In this manner, messages can be forwarded
good measure of whether a tie will be activated, since strotfiyough links possessing the strongest relationship, aska |
ties are typically more readily available and result in morgepresenting a strong relationship more likely will be \zattd
frequent interactions through which the transfer of infatimn  for information flow than a weak link with no relationship
may arise. In a network where a person’s contacts consiteduith the destination. These social measures lend thenselve
both strong and weak tie contacts, Brown and Reingen foungll to a disconnected network by providing a local view of
that strong ties were more likely to be activated for infotima the network graph as they are based solely on observed link
flow when compared to weak ties. events and require no global knowledge of the network.

Tie strength is a quantifiable property that characterises t However, Granovetter argued the utility of using weak ties
link between two nodes. The notion of tie strength was fir§er information flow in social networks [18]. He emphasised
introduced by Granovetter in 1973. Granovetter suggesiatd tthat weak ties lead to information disseminatibetween
the strength of a relationship is dependent on four comp@roups. He introduced the concept of ‘bridges’, observireg t

B. Strong Ties for Information Flow

nents: the frequency of contact, the length or history of the information can reach a larger number of people,
relationship, contact duration, and the number of transast and traverse a greater social distance when passed
Granovetter defined tie strength as: ‘the amount of time, the through weak ties rather than strong ties ... those
emotional intensity, the intimacy (mutual confiding), are t who are weakly tied are more likely to move in
reciprocal services which characterise a tie’ [18]. Marsded circles different from our own and will thus have

Campbell extended upon these measures and also proposed aaccess to information different from that which we
measure based on the depth of a relationship referred teeas th receive [18].



Consequently, it is important to identify contacts that naay
as potential bridges. Betweenness centrality is a meaimeois score(x,y) = W (5)
identifying such bridges. Granovetter differentiateswastn IN(z) UN(y)|
the usefulness of weak and strong ties, ‘weak ties provideAdamic and Adar performed an analysis to predict rela-
people with access to information and resources beyone th@snships between individuals by analysing user home pages
available in their own social circle; but strong ties haveager on the world wide web (WWW) [1]. The authors computed
motivation to be of assistance and are typically more easfyatures of the pages and also took into account the incoming
available. As a result, routing based on a combination @ind outgoing links of the page, and defined the similarity
strong ties and identified bridges is a promising trade-afketween two pages by counting the number of common
between the two solutions. features, assigning greater importance to rare featurs th
frequently seen features. In the case of neighbours, Liben-
Nowell utilised this metric which refines a simple count
of neighbours by weighting rarer neighbours more heavily
Marsden and Campbell distinguished between indicatatgan common neighbours. The probability, whé¥éz) is the
and predictors [38]. Tie strength evaluates already @gstinumber of neighbours held by, is then given by:
connections whereas predictors use information from tts¢ pa
to predict likely future connections. Granovetter arguest t P(z,y) = Z _ 1 (6)
strong tie networks exhibit a tendency towards transyivit ceN(mN G IV ()]
meaning that there is a heightened probability of two people . .
being acquainted, if they have one or more other acquain-A", three metrics performed well compared \,N'th random
tances in common [18]. In literature this phenomenon Eredmtlon_. Liben-Nowell explored a.numbe.r of differentka
called ‘clustering’. Watts and Strogatz showed that reatigv ing techniques based on |nform§1t|on retrieval resear'cln, bu
networks exhibit strong clustering or network transigvi52]. ge_nerally found that common ”e'ghbouf' the Jaccards_ _coef-
A network is said to show ‘clustering’ if the probability af ficient and the Adamic and Ada_r technique were sufficient,
nodes being connected by a link is higher when the nodesa\ﬂd p_erformed equally as well, if not better than the other
guestion have a common neighbour. technlque.s. . .
Newman demonstrated this by analysing the time evolutionC.entrallty and tie strength_ are ba}seq.on the_analy3|s of
of scientific collaborations and observing that the use aatm network graph whose link availability are tlme—va_gz
examining neighbours, in this case co-authors of authorgdc ovye.v_er, in the case O_f DDTMS the_network graph is not
help predict future collaborations [42]. From this anasysi static; it evolves over time. Tie predictors can be used in

Newman determined that the probability of two individualgmIer t(.). predict the eyolution Of. the g.raph ar_1d evaluate the
collaborating increases as the number of their previous probability of future links occurring. Tie predictors mag b

mutual co-authors increases. A pair of scientists who haee ﬁused not only to reinforce already existing contacts but to

mutual previous collaborators, for instance, are aboutevais anticipate contacts that may evolve over time.
likely to collaborate as a pair with only two, and about 200
times as likely as a pair with none. Additionally Newman,
determined that the probability of collaboration increagéth We propose that information flow in a network graph whose
the number of times one has collaborated before, which sholivks are time-varying can be achieved using a combination
that past collaborations are a good indicator of future onesof centrality, strong ties and tie prediction. Social natkgo
Liben-Nowell and Kleinberg explored this theory by thenay consist of a number of highly disconnected cliques where
following common neighbour metric in order to predict fugur neither the source node nor any of its contacts has any direct
collaborations on an author database by assigning a sctgltionship with the destination. In this case, relyingstnong
to the possible collaboration [33]. The score of a futurdes would prove futile, and therefore weak ties to more
collaboration score(z,y) between authors: and y, where connected nodes may be exploited.
N(z) and N(y) are the set of neighbours of autherand Centrality has shown to be useful for path finding in static

C. Tie Predictors

IV. ROUTING BASED ONSOCIAL METRICS

y respectively, is calculated by: networks, however, the limitation of link capacities caise
congestion. Additionally, centrality does not account foe
score(z,y) = |N(z) N N(y)| (4) time varying nature of link availability. Tie strength may

be used to overcome this problem by identifying links that
Their results strongly supported this argument and showkdve a higher probability of availability. Tie strength kates

that links were predicted by a factor of up to 47 improveexisting links in a time varying network but does not account
ment compared to that of random prediction. Té@nmon for the dynamic evolution of the network over time. Tie
neighbourmeasure in equation 4 measures purely the sinpredictors may be used to aid in predicting future links that
larity between two entities. Liben-Nowell also exploredngs may arise. As such, we propose that the combination of
Jaccard’s coefficient which attempts to take into accoumt neentrality, tie strengths and tie predictors are highlyfuise
just similarity but also dissimilarity. The Jaccard coeéfit is in routing based on local information when the underlying
defined as the size of the intersection divided by the size métwork exhibits a social structure. This combined metri¢ w
the union of the sample sets: be referred to as the SimBetTS Utiltity. When two nodes



meet they exchange a list of encountered nodes, this listinissection IlI-C the number of common neighbours may be
used to locally calculate the betweenness utility, thelaity used for ranking known contacts but also for predicting feitu
utility and the tie strength utility. Each node then exarsittee contacts. Hence a list of indirect encounters is maintained
messages it is carrying and computes the SimBetTS Utility separaten x m matrix wheren is the number of nodes
of each message destination. Messages are then exchanlgathave been met directly and is the number of nodes
where the message is forwarded to the node holding ttiet have not directly been encountered, but may be indlirect
highest SimBetTS Utility for the message destination nodaccessible through a direct contact. The similarity caltonh,
The remainder of this section describes the calculatiotef twhere V,, and N, are the set of contacts held by nodend
betweenness utility, the similarity utility and the tieestgth ¢ respectively and is given as follows:

utility and how these metrics are combined to calculate the

SimBetTS utility. Sim(n, ) = ’Nn M. 9)

A. Betweenness Calculation C. Tie Strength Calculation

Betweenness centrality is calculated using an ego networkyieasuring tie strength will be an aggregation of a selection
representation of the nodes with which the ego node has cogigndicators based on those discussed in section 11I-B. An
into contact. When two nodes meet, they exchange a list §figence-based strategy is used to evaluate whether each
contacts. A contact is defined as a node that has been diregiiyasyre supports or contradicts the presence of a strang tie
encountered by the node. The received contact list is usedrige evidence is represented as a tupbec) where s is
update each node’s local ego network. Mathematically, noggs supporting evidence andis the contradicting evidence.
contacts can be represented by an adjacency matrix A, whighe trust in a piece of evidence is measured as a ratio of
is an xn symmetric matrix, where is the number of contacts supporting and contradicting evidence [19]. Below elatesa
a given node has encountered, (for a worked example pleggespecific tie strength indicators, representing them asia r
see [10]). The adjacency matrix has elements: of supporting and contradicting evidence and bring ther int

the context of DDTMs.

A { 1  if there is a contact betwednandj ) Frequency - The frequency indicator may be based on the

“7 71 0  otherwise frequency with which a node is encountered. The supporting

Contacts are considered to be bidirectional, so if a Comae\{ldence of a strong tie strength is defined as the total numbe

) , , : __of times noden has encountered node. The contradicting
exists betweer andj then there is also a contact betwegn ~ . . ,
. L .evidence is defined as the amount of encounters motias
andi. The betweenness centrality is calculated by computln%
served where nodex was not the encountered node. The

the number of nodes that are indirectly connected through - . !
: ._ Trequency indicator, wher¢(m) is the number of times node
ego node. The betweenness centrality of the ego node is the :
n encountered nodern and F(n) is the total number of

sum of the reciprocals of the entries 4f whereA’ is equal to . )
9 . . . __encounters node has observed, is given by:
A®[1 - A], ; [12] wherei,j are the row,column matrix entries

respectively. A node’s betweenness utility is given by:
FI,(m) = ﬂ (10)
Bet = 3" 1 @© F(n) — f(m)
et = —_—
Alyj Intimacy/Closeness- The duration indicator can be based

Since the matrix is symmetric, only the non-zero entrigd! the amount of time the node has spent connected to a

above the diagonal need to be considered. When a new n§&n node. The supporting evidence of intimacy/closeigess
is encountered, the new node sends a list of nodes it ined as a measure of how much time nedéas been

encountered. The ego node makes a new entry imthen connected to node:. The contradicting evidence is defined

matrix. As an ego network only considers the contacts betwe@S the total amount of time node has been connected to
nodes that the ego has directly encountered, only the entfi@des in the network where node was not the encountered

for contacts in common between the ego node and the neWgde: If d(m) is the total amount of time node has been
encountered node are inserted into the matrix. connected to node: and D(n) is the total amount of time

noden has been connected across all encountered nodes, then
the intimacy/closeness indicator can be expressed as:

Node similarity is calculated using the samex n matrix ICI,(m) = Lm)
discussed in section IV-A. The number of common neighbours D(n) — d(m)
between the current nodeand destination nodg can be Recency -The recency indicator is based on how recently
calculated as the sum of the total overlapping contacts msden has encountered node. According to social network
represented in the x n matrix (for a worked example pleaseanalysis theory a strong tie must be maintained in order to
see [10]). This only allows for the calculation of similgrfor stay strong which is captured by the recency indicator. The
nodes that have been met directly, but during the excharggporting evidence-ec(m), is how recently noden last
of the node’s contact list, information can be obtained iencountered node:. This is defined as the length of time
regards to nodes that have yet to be encountered. As distudsetween node: encountered node: and the time nodex

B. Similarity Calculation
(11)



has been on the network. The contradicting evidence is the

amount of time node: has been on the network since it has SimBetT SUtil,,(d)

last seen noden.. The recency indicator, wherg(n) is the [n = LRcur x SimBelTSUtily(d) + SimBetTSUtilm(d)J
total amount of time node has been a part of the network,

is given as: Ry = Rewr — Ry, (18)

rec(m)

(12) Consequently the node with the higher utility value receive
L(n) —rec(m) a higher replication value. IfR = 1 then the forwarding

Tie strength is a combination of a selection of indicatofsecomes a single-copy strategy. For evaluation purposes, a
and the above metrics are all combined in order to evaluagplication value ofR = 4 is used. Replication improves the
an overall single tie strength measure. A strong tie shoulerobability of message delivery, however comes at the cost o
ideally, be high in all measures. Consequently, the tiengtle increased resource consumption. If replication is usedrder
of noden for an encountered node, whereT is the set of to avoid sending messages to nodes that are already carrying
social indicators, is given by: the message the Summary Vector must include a list of
message identifiers it is currently carrying for each desitm
node. However a benefit of this replication methodology & th
the message is only split if a carrying node encounters a node
- ) with a greater SimBetTSUtil value, as a result if the message
D. Node Utility Calculation reaches the most appropriate node before the replicatisn ha

The SimBetTS utility captures the overall improvement accurred, then the maximum number of replicas will not be
node represents when compared to an encountered node aaresd.
all measures presented in sections IV-A, IV-B and IV-C.

Selecting which node represents the best carrier for the V. SIMULATION RESULTS
message becomes a multiple attribute decision problenssicro
all measures, where the aim is to select the node that pmvi%g/
the maximum utility for carrying the message. This is acbikv
using a pairwise comparison matrix on the normalised radati
weights of the attributes.

The tie strength utilityl'SUtil,,, the betweenness utility
BetUtil,, and the the similarity utilitySimUtil,, of noden
for delivering a message to destination natieompared to
nodem are given by:

Recl,(m) =

IeT
TieStrength,(m) = Z I,(m) (13)

In this section we describe the simulation setup used to
aluate SimBetTS Routing. The first experiment evaluates
the utility of each metric discussed in section IV in terms

of overall message delivery and the resulting distributbdén

the delivery load across the nodes on the network. The sec-
ond experiment illustrates the routing protocol behaviauod

utility values that become important in the decision to $fen
messages between nodes. The third experiment demonstrates
the delivery performance of SimBetTS Routing compared to

; that of Epidemic Routing and PRoPHET Routing.
SimUtil, (d) = —>mn(d) (14) P ’ ’
Simy(d) + Simp,(d)
Bet A. Simulation Setup
BetUtil,, = m (15)  cambridge University and Intel Research conducted three
" " experiments of Bluetooth encounters using participants ca
TieSt th,(d rying |Mot(_e devices as part of the Haggle .prOJect [8], [24].
TSUtil,(d) ieStrengthn(d) The experiments lasted between three to five days and only

TieStrengthn(d) + TZeStTengthm(d%m) included a small number of participants. Encounters beatwee

o o Bluetooth devices were logged. Log entries include: the en-
The SimBetT'SUtil,(d) is given by combining the nor- counter start time, the devicelD, the devicelD of the eneoun
malised relative weights of the attributes, wheté =  tering and encountered nodes. Logs are only available or th
{TSUtil, SimUtil, BetUtil}: participating nodes, but the data set also includes enecaint
between participants carrying the iMote devices and eatern
. , & Bluetooth contacts. These include anyone who had an active
SimBetTSUtiln(d) = Z un(d) (17) Bluetooth device in the vicinity of the iMote carriers. The
All utility values are considered of equal importance arel thirace file of these sightings was used in order to generate
SimBetTSUtil is the sum of the contributing utility values. an event-based simulation where a Bluetooth sighting in the
Replication may be used in order to increase the probabilitace is assumed to be a contact where nodes can exchange
of message delivery. Messages are assigned a replicatiom vanformation.
R. When two nodes meet, if the replication valie> 1 then Table | summarises the experiment details for each data set.
a message copy is made. The valuefbfs divided between
the two copies of the message. This division is dependent orin order to evaluate the delivery performance of SimBetTS
the SimBetTS utility value of each node therefore the dbnsi Routing the event-based simulations are used to explotte rou
of the replication number for destinatiah between node: ing performance. In order to provide an opportunity to gathe
and nodemn is given by: information about the nodes within the network, 15% of the



| | Intel | Cambridge] Infocom |

three metrics. Additionally, the load distribution showsait

Participants 8 12 41 . . . .
Total Devices 18 553 564 routing based on the combined metrics reduces congestion on
Total Encounters 2,264 6,736 28,250 highly central nodes.
Average Encounter Duratioff 885 secs| 572 secs | 231 secs 2) Cambridge Data Set:The second data set included
| Duration | 3days [ 5days [ 3days |  twelve doctoral students and faculty from Cambridge Uni-
TABLE | versity Computer Lab [8]. The experiment lasted 5 days,
HAGGLE DATA SET and a total of 223 devices, including the participants, were

encountered during the experiment.

Figure 3 shows a similar trend in terms of delivery per-
simulation duration is used as a warm up phase. After tf@mance and distribution. SimBetTS Routing achieves the
warm up phase, each node on the network generates messaggsest overall delivery performance. The load distributi
to uniformly randomly selected destination nodes at a rate of SimBetTS Routing when compared to Betweenness utility
20 messages per hour from the start of the message sendingmproved but to a lesser extent than the Intel data set.
phase when the sending node first reappears on the netw®itilarity and tie strength both show similar behaviour vehe
until the last time the sending node appears on the netwarlsingle node delivers a high proportion of the messages. Thi
during the sending phase. The sending phase lasts for 7D¥strates that in this particular social network, a seglode
of the simulation duration, allowing an additional 15% aivas highly important in terms of message delivery. A large
the end in order to allow messages that have been generatrzportion of the extra messages delivered by combining the
time to be delivered. The simulations were run for all thregtility metrics are delivered by the node that shows a sharp
protocols 10 times with different random number seeds.im thincrease in figure 3. As a consequence, this result is not
case, it is assumed that each Bluetooth encounter providesdarectly due to a reduction in load distribution, but rathieat
opportunity to exchange all routing data and all messages.these message were not delivered by using tie strength.alone

3) InfoCom Data SetThe third experiment collected data
of encounters using iMotes equipped with Bluetooth dis-
tributed among conference attendees at the IEEE 2005 Info-

The aim of the first experiment is to evaluate the utility ofom conference [24]. The participants were chosen in order
each SimBetTS Routing Ut|l|ty Component for routing and th@ represent a range of different groups be'onging to d}ﬁér
benefit of combining these three metrics in order to imprO\(ﬁ‘ganisations. Participants were asked to carry the deviita
delivery performance. We evaluate the delivery perforreanghem for the duration of the conference. The experimengthst
based on the following criteria. 3 days and encounters between 264 devices were recorded.

Total Number of Messages DeliveredThis metric cap-  Figure 4 shows that routing based on betweenness utility
tures the total number of messages delivered by routifgsults in a single node delivering as much as 65% of the
based on the utility metrics of betweenness, similaritg, tiotal messages delivered. SimBetTS Routing reduces this
strength and finally SimBetTS Routing which combines ajhad significantly where less than 30% of the messages are
three utilities. delivered by this central node. As with the previous dats,set

Distribution of Delivery Load: This metric is the per- SimBetTS Routing achieves the highest overall delivery.
centage of messages delivered per node, which signifies thehjs experiment has demonstrated that SimBetTS Routing
distribution of load across the network. If a high propatioachieves superior delivery performance by combining theeth
of the messages are delivered by a small subset of nodes, tfigity metrics of betweenness, similarity and tie stréngt
these nodes may become points of congestion. The aimyg{en compared to routing based on the individual metrics
SimBetTS routing is to maximise delivery performance whilgjone. Additionally, we have shown that although betwessane
avoiding heavy congestion on central nodes in the networkeentrality achieves high delivery performance, routingesh

1) Intel Data Set: The first experiment included eight re-on centrality alone results in significant load on a small
searchers and interns working at Intel Research in Caméridgbset of the nodes on the network. Combining the utility

and lasted three days. A total of 128 nodes, including thgetrics shows a better load distribution engaging more siode
eight participants, were encountered for the duration ef thh message delivery.

experiment.

Figure 2 shows the total number of messages delivered and . . _
the load distribution for the Intel Data Set. As can be sedn Deémonstrating Routing Protocol Behaviour
from figure 2 b) when evaluating betweenness, similarity andThe goal of this experiment is to illustrate the benefit of
tie strength utility; betweenness achieves the highestatgl utilising a multi-criteria decision method for combininget
performance. Figure 2 a) however shows the disadvantagevafues in order to identity the node that represents the best
using betweenness utility in routing where over 50% of theade off across these three metrics. The SimBetTS routing
total messages delivered in the network were delivered pyotocol is based on the premise that when forwarding a
a single node. Routing based on similarity and tie strengthessage for a given destination, the message is forwarded to
show a better distribution of load but this comes at the pricede with a higher probability of encountering the destorat
of reduced overall delivery performance. SimBetTS Routingode. A node with a high tie strength has a higher probability
achieves the highest delivery performance by combining tbéencountering the destination node. If a node with a high ti

B. Evaluating Social Metrics for Information Flow



10

Betweenness Similarity Tie Strength SimBetTS —
8
o
60 | - —
c
50 — = 8 N — -/ . . ... ...
Q
8 >
= 40 L s
> o
L 1]
§ 30 o r >
g
20 ~ 8
=
]
10 — = 6
[
il o
Node IDs Betweenness Similarity Tie Strength SimBetTS
(a) Distribution of Message Delivery (b) Total Message Delivery
Fig. 2. Performance of Protocol Utility Components Intelt®a
Betweenness Similarity Tie Strength SimBetTS — ©
8
o
o | L 1 T
c
50 — - 8 St —| - [ - - s s s sesasassas e setanasoas
Q
8 >
40 o - D
= S o d
L 1]
§ 30 o r >
g~
20 ~ 8
s
s 7
10 — = 6
[
L - o
Node IDs Betweenness Similarity Tie Strength SimBetTS
(a) Distribution of Message Delivery (b) Total Message Delivery
Fig. 3. Performance of Protocol Utility Components CambeidData
Betweenness Similarity Tie Strength SimBetTS ﬁ
g
60 L S S | — e
c
50 — N 3 0 —
= :
= 40 | - =
= g o
< 0
§ 30 - g
& ¥ 7
20 + 4]
=
10 + g
S
e M b Jnm,&nﬂjmﬂm u.,ﬂm.mnmﬂih]]ﬂJ»JmJL o] o
Node IDs Betweenness Similarity Tie Strength SimBetTS
(a) Distribution of Message Delivery (b) Total Message Delivery

Fig. 4. Performance of Protocol Utility Components InfoC@ata

strength cannot be found, the utility metrics of social ity zero similarity value.

and betweenness centrality are used. To demonstrate tatfyure 5 shows the utility values of the first hop node on
SimBetTS routing protocol achieves this behaviour, wed#ivi the message delivery path and the utility values of the final
the paths taken by message from source to destination igiflivery node along the message path for each of these
three categories: categories. It is important to note that these values are the
« Similarity + Tie Strength: the sending node has a non+elative utility values of the node selected to forward the
zero tie strength value for the destination node and hasreessage compared to the currently carrying node. As a result
non-zero similarity to the destination node. a high utility value at the first hop and a lower utility value a
« Similarity : the sending node has never encountered thee final hop does not mean a lower absolute value, but lower
destination node resulting in a zero tie strength valuehen compared to the currently carrying node.
however the sending node has a non-zero similarity value.1) Similarity and Tie Strengthtn the category of Similarity
« None the sending node has never encountered the dasd Tie strength a combination of tie strength and betwesmne
tination node, and has no common neighbours, hencailities is the deciding factor in forwarding to the nextpho
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B ceui W smud NN TeUs is also a contributing utility on the first hop, however foeth

Similarity + Tie Strength Similarity None final delivering node betweenness utility is much reducéds T
107 u I is the desired behaviour of the protocol, because betwasnne
utility should only have a high impact in finding a node with a
high tie strength to the destination node and then should hav
08 - , a lower impact on the forwarding decision.
3) None: In the category where the sending node has no
071 I social similarity to the destination node, and has also neve
encountered the destination node, we can see the benefé of th
routing protocol. In all data sets a combination betweesnes
and similarity are the most contributing utility valueswas
FrstHop LastHop  FistHop LastHop  FirstHop  LastHop found that in this category, tie strength has a zero utildjue
(a) Intel Data Set in all cases at the first hop, however it can be consistendy se
the final delivering node had a high tie strength utility. As a
[ Betti [0 Simutl [ Tieuti result, we can conclude that the routing protocol functions
Simiarity + Tie Stengi Simiatity e as intended. Whenever the destination node is unknown, a
10 — , combination of betweenness utility and similarity utiliwill
navigate the message to a node in the network that has a higher
09 - — ' tie strength for the destination node.
This experiment has demonstrated the navigation behaviour
%87 I of the SimBetTS routing protocol. The message is forwarded
to nodes with a high betweenness and social similarity] anti
node with a high tie strength for the destination node is ébun
06 4 , In all case the tie strength utility for the final hop is thetmgt
contributing utility value, and in all cases the betweesnes
05 » utility value is much reduced in its influence of the forwangli

Frettiop - Lestfiop - Frstiion — Lastiion - Fustiiop - Lastriop decision as the message is routed closer to the destination.
(b) Cambridge Data Set

0.9 —

Utility Value

0.6 -

0.5 -

Utility Value

0.7 o

O Bews [ simuti W Tieut D. Delivery Performance of Combined Metrics

Similarity + Tie Strength Similarity Nonel The goal of the third experiment is to evaluate the delivery
= (] I performance of SimBetTS routing protocol compared to two
09 - — , protocols: Epidemic Routing [51] and PROPHET Routing [36].
The default parameters for PROPHET Routing were used as
87 I defined in [36].
07 - | Two versions of SimBetTS Routing and PRoPHET are
evaluated: a single-copy version and a multi-copy version.
87 I the single-copy strategy, when two nodes meet, messages are
exchanged between nodes where message are forwarded to
the node with the highest utility. The node that has forwdrde
the message must then delete the message from the message
gueue. In the multi-copy strategy replication is used where
Fig. 5. Utility values at First hop and Last hop along the ragespath messages are assigned a replication vdtud-or evaluation
divided into the categories of Similarity + Tie Strengthm8arity and None purposes, a replication value & = 4 is used.
Total Number of Messages DeliveredThe ultimate goal
of the SimBetTS Routing design is to achieve delivery per-
Similarity has a lower impact, most likely due to the facttthgormance as close to Epidemic Routing as possible. This is
if the sending node has a social similarity and a tie streng§lecause Epidemic Routing always finds the best possible path
value for the destination node, then the nodes encountgred:® the destination and therefore represents the baselirtado
the sending node most likely also have a social similarity. best possible delivery performance.
all data sets, it can be seen that the tie strength utilithés t  Average End-to-End Delay: End-to-End delay is an im-
highest contributing utility when forwarding to the lastfho portant concern in SimBetTS Routing design. Long end-to-
delivering node. end delays means the message must occupy valuable buffer
2) Similarity: In the category of Similarity where thespace for longer, and consequently a low end-to-end delay is
sending node has a non-zero similarity value to the degtimatdesirable. Again Epidemic Routing presents a good baseline
node, the highest contributing utility value is consistetiie for the minimum end-to-end delay possible.
tie strength utility in both the first hop and the last hop Average Number of Hops per Messagelt is desirable to
delivering node. It can also be seen that the betweenndigg utiminimise the number of hops a message must take in order

Utility Value

0.5

FirstHop  Last Hop FirstHop  Last Hop FirstHop  LastHop

(c) InfoCom Data Set
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to reach the destination. Wireless communication is costhf SimBetTS and PRoPHET to be seen. Epidemic Routing

in terms of battery power and as a result minimising theontinues to forward messages throughout the network and as
number of hops also minimises the battery power expendadesult incurs a great deal of overhead. Single-copy SitBet

in forwarding the message. and PRoOPHET only have a single copy of each message

Total Number of Forwards: This value represents theon the network, resulting in a significantly lower number of
network overhead in terms of how many times a messafgwards. Multi-copy SimBetTS Routing and PRoPHET as
forward occurs. PROPHET and SimBetTS are expected émpected show an increase in the number of forwards with
perform similarly in this respect, as both only assume the ethe use of replication. However, when compared to that of
istence of one copy of the message on the network. Epideripidemic Routing, multi-copy SimBetTS Routing results in
Routing, however, assumes the existence of multiple copmsproximately 98% reduction in number of forwards. Sim-
and continues forwarding a given message until each nodeBistTS results in a higher number of forwards when compared
carrying a copy. This means Epidemic Routing is costly ito PRoPHET however, this result should be viewed in the
terms of the number of transmissions required along with tleentext that PROPHET delivered significantly less messages
amount of buffer space required on each node. overall.

1) Intel Data Set: Figure 6 graphs the results for this Figure 7 a) shows the protocol control data overhead.
simulation. As shown in figure 6 a) it is clear that Epidemi&pidemic Routing overhead is so large it makes it difficult
Routing outperforms both SimBetTS Routing and PRoPHETD differentiate between the overhead generated by single-
Single-copy SimBetTS Routing delivers fewer messages theopy SimBetTS Routing and PRoPHET. This is because the
Epidemic but shows improvement when compared to Singlsammary vector must contain a list of all messages the node
copy PROPHET. Multi-copy SimBetTS Routing shows signifis currently carrying, and as the number of messages on
icant improvement with the addition of replication resudfin  the network increases, so does the control data. Singlg-cop
an improvement of nearly 50% than the single-copy strated@imBetTS Routing and PRoPHET generate significantly lower
Multi-copy PRoOPHET shows much less improvement with theverhead due to the fact that nodes exchange informatiaut abo
addition of replication, achieving results comparableitgle- message destination rather than explicit message idestifie
copy SimBetTS Routing. All protocols show a number oAs a result, there is an upper limit on the amount of bytes
plateaus where no messages are delivered before the 150 megkiired. This upper bound depends on the node popula-
and at the 200 mark. These plateaus represent night time witien. Multi-copy SimBetTS Routing and PRoPHET show an
the devices are not within range of other devices. increase in control data due to the necessary exchange of

Figure 6 b) shows the average number of hops taken by tlnessage identifiers, thus reducing the benefit of exchanging
delivered messages. All protocols result in a small numiber only routing data, as is the case for the single-copy styateg
hops of around 3. Single-copy and multi-copy PRoPHET shadowever, the overhead is still significantly lower than tbat
the largest and smallest number of average hops respgctivEpidemic Routing due to the fact that nodes do not carry a
Single-copy and multi-copy SimBetTS Routing show vergopy of every message in the network.
similar average hop values, meaning the path lengths found
by single-copy SimBetTS Routing were close to that achieved

700
]

by multi-copy SimBetTS. Epidemic achieves short paths from _ | —— R,

the source to destination of just below an average of § N el ﬁgﬁg ';:_‘i

SimBetTS Routing shows a distinct increase in the average g |- . PRoPHETR=4

number of hops after the 300 mark, which coincides with & ~ | : : : : :

large number of messages being delivered. This indicatgs tlﬁ g SRR P AP e RORRRLE

these messages requwed a larger number of hops in ordereto R U . N L N

be delivered, thus raising the average. TN RS Lt SO S SO I
Figure 6 c) shows the average message end-to-end del.ay 7 : Ll e T T

As expected, Epidemic Routing shows the lowest average © L ——————&t==mrmmitiis ‘ ek

end-to-end delay. Single-copy PRoOPHET shows the highest 50 100 150 200 250 300 350

overall delay. Single-copy SimBetTS Routing shows similar
delays. Both multi-copy SimBetTS Routing and PRoPHET
show reduced delays with multi-copy SimBetTS Routingig. 7. Control Data Overhead for Intel Data
resulting in low delays near those achieved by Epidemic
Routing. All protocols show a significant increase in delay 2) Cambridge Data SetFigure 8 graphs the results from
around the 250 mark, which coincides with a steep increatde Cambridge Data set performance tests. Plateaus are agai
in the number of messages delivered, meaning these deliveggident where message delivery remains level. There are
messages required a longer amount of time to be deliverélittee such plateaus around the 200, 300 and 400 marks are
thus increasing the average end-to-end delay. again night time where devices are inactive. The first night
The true disadvantage of Epidemic Routing becomes clearcurred before the message sending phase commenced and
when examining the total number of forwards. The overhedide 200, 300 and 400 represent the 2nd, 3rd and 4th night of
associated with Epidemic Routing is so great that it hdlse experiment respectively. As expected, Epidemic Rgutin
been omitted from figure 6 d) in order for the differentiatioshows superior delivery performance compared to that of

Time (in 1000 seconds)



13

g : : : : P P S S, A S S T S
S = - Epidemic : : : == ~ : N : : : : ;
E § 7 = SIMBetTSR=L |~ irrerriree v T g o O L LN SUUTUI I ey sl
= | — simBettsr=4| : : N : 5 *
§  |-— PROPHETR=L| : : ) : SO DU | 5 I Ny A LRI S
2 8 -+ PROPHETR=4 | "wiritiriroeee '/ ISR ST L
o | : : . . J o} T L I PO S S
0 £
% o S © _|
g 8 ER T DUNUURIN s B A S e
8 — N — Epidemic
E o | g CQ B B A R R SlmBetTS R:l
e - z © —  SimBetTS R=4
5w P P T - PROPHET Re1
E o 4 : : o . U SRS S A PROPHET R=4
z T T T T T T I T T T T T T
50 100 150 200 250 300 350 50 100 150 200 250 300 350
Time (in 1000 seconds) Time (in 1000 seconds)
(a) Delivery Performance (b) Average Number of Hops
o
=]
1= - - - -
Q i ] - —~ O . . . . . c-
@ 1 = - Epidemic T R P Sy § Q o —— SIMBEtTSR=L [+-rerrerrrgreeees SRRRTRERE dereees e
PN ] e g — . . . . — IS — . _ . : : . o~
o N imBetTSR=1 | : : : Lo S SimBetTSR=4 | : : A
S | — SimBetTSR=4| E E E J E g | == PROPHETR=1| : =
E‘ © = — PROPHET R=L |-« trerreretenennnns [EEERR N e S P @© « «  PROPHET R=4 : : : I
S © 7.+ PROPHETR=4| : : o T = . . : : : :
B - g 8
& 9 2
2 " [y
w @
! < o
g 8 -
£ 2 8-
o
g o - o
§ I I I I I I I I I I I I I I
< 50 100 150 200 250 300 350 50 100 150 200 250 300 350
Time (in 1000 seconds) Time (in 1000 seconds)
(c) Average End-to-End Delivery Delay (d) Total Number of Forwards

Fig. 6. Protocol Performance for Intel Data

PROPHET and SimBetTS Routing as shown in figure 8 a@Routing shows the highest overall delay, but it can be noted
Single-copy SimBetTS Routing outperforms both singleycoghat the delay increases most sharply around the 350 mark.
and multi-copy PRoPHET. Single-copy SimBetTS Routingpon inspection of the delivery graph 8 a) this increase can
achieves improved delivery performance of 100% when corbe explained by the increase in total messages delivered,
pared to single-copy PROPHET. More dramatically, mulipxco representing the fact that the messages delivered duriag th
SimBetTS Routing achieved improved delivery performandigne phase were unable to be delivered in a shorter time.
of 300% when compared to that of multi-copy PROPHET. Approximately 30% of the encountered nodes do not appear
Figure 8 b) shows the average number of hops. As with tite the network until after the 300 mark. PROPHET shows
previous experiment, all protocols achieve message dglivéhe lowest overall delivery delay due to the fact that it
in a relatively small number of hops of around 3-4. Epidemigelivered a smaller proportion of the total messages. StirfBe
Routing results in the highest average. It could be assum@duting results in an average end-to-end delay between that
that this is due to the higher number of messages deliver@dPRoOPHET and Epidemic Routing. Similar to the average
by Epidemic Routing resulting in a number of messagdwp count, multi-copy SimBetTS Routing shows an increase
that required a larger number of hops in order to reach tire average end-to-end delay when compared to single-copy
destination. However, upon inspection of the messageatgliv SimBetTS Routing. The increase in delay is clearly related t
graph, the average number of hops remains level for Epiderthie increase in message delivery, and follows a trend almost
Routing even after a large proportion of the messages ddentical to that of Epidemic Routing.
delivered. This can be explained by the fact that Epidemic Figure 8 d) shows the total number of message forwards
Routing finds the optimum path in terms of delivery delashroughout the simulation. As with the previous data set,
rather than the shortest path. Multi-copy PRoPHET resaults Epidemic Routing results in a large number of forwards,
the least number of hops. Interestingly, multi-copy SimiE&t which is to be expected with a flooding protocol. Single-
Routing results in a higher average when compared to singé®py SimBetTS Routing and PRoPHET result in a relatively
copy SimBetTS Routing, but this increase around the 250 madokv number of forwards. This value increases for multi-
coincides with a sharp increase in message delivery. Afisr tcopy SimBetTS Routing and PRoPHET. Unlike the previous
time, the average number of hops starts to decrease. data set, multi-copy PROPHET results in a higher number of
Figure 8 c¢) shows the average message delay. Epiderfuovards than that of multi-copy SimBetTS Routing. As a
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Fig. 8. Protocol Performance for Cambridge Data

result, it can be determined that this value is dependenh@n targer amount of control data when compared to multi-copy

dynamics of the underlying network rather than a deterrinis PRoPHET, however, both protocols follow a similar trend.

side effect of the protocol. 3) Infocom Data SetThe overall delivery performance in
figure 10 a) shows that Epidemic Routing achieves significant

S - —— R CEEEEEEEEREE EEEEEEESE FXEL improvement after the 150 mark. This can be explained by

S - : : . P : e
g o 1 — SE]!BEEZ‘:}CS R=1| : L : the fact that approximately 34% of the node population first
T 87 plictihionl TR e FEATN appear after this time frame. At this point, SimBetTS Ragitin
2 g |-- PROPHETR=4| : L A : and PROPHET start to build up encounter information in
Q o _| . ‘. . . . . . .
R T P S USSR SUTUR regards to these nodes. This explains why SimBetTS Routing
s 8 : : ;o : : starts to outperform PROPHET after the 150 mark, because
§ - : : T : : messages destined for nodes that have yet to be encountered
2 84 LA are already routed to more central nodes which are moreylikel
° T : 7 E E - to gather encounter information about the previously umsee

X P e ST T ST ST TR T T . . . .
° 1= ‘ ‘ ‘ ‘ ; : ‘ ‘ - nodes. Multi-copy SimBetTS Routing achieves message de-
50 100 150 200 250 300 350 400 450 500 livery close to Epidemic and outperforms PRoOPHET.

Figure 10 b) shows the average number of hops of delivered
messages. Epidemic Routing results in hop lengths of ap-
Fig. 9. Control Data Overhead for Cambridge Data proximately 4. Single-copy SimBetTS Routing and PRoPHET

achieve similar results of between 5 and 6 hops. Multi-copy

Figure 9 shows the total overhead associated with tRROPHET results in the lowest number of hops. In contrast,
control data for each protocol. Epidemic Routing as expectenulti-copy SimBetTS Routing shows significant increase, re
increases dramatically as the number of messages on shéiing in hops of approximately 9. This increase is due to
network increases. Both single-copy SimBetTS Routing amah increased path length of the additional messages dediver
PROPHET protocols increase at approximately the same rdig, multi-copy SimBetTS Routing that remained undelivered
however, single-copy SimBetTS Routing results in the ldwefr single-copy SimBetTS Routing. Figure 10 c) shows the
number of bytes. Multi-copy SimBetTS Routing results in average end-to-end delay. Even with the increased patthgng

Time (in 1000 seconds)
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Fig. 10. Protocol Performance for Infocom Data

used by multi-copy SimBetTS Routing, the average end-tb-eaf forwards when comparing the single-copy strategy, h@vev
delay is similar to that of Epidemic Routing. The sharpeshulti-copy PROPHET results in a higher number of forwards
increase occurs for Epidemic after the 150 mark which than multi-copy SimBetTS.

most likely when messages are delivered to nodes previoushyFigure 11 shows the total control data. The overhead of
unseen on the network. SimBetTS Routing shows a similepidemic Routing increases dramatically as the number of
increase. PROPHET shows the lowest average delay. Howeveessages on the network also increases. As seen with the
the fact that it shows delays lower than that of Epidemiather data sets, single-copy SimBetTS Routing and PROPHET
Routing illustrates that the increase in message delay shomesult in a similar amount of overhead. Multi-copy SimBetTS
by Epidemic is caused by the additional messages deliver&uting results in a larger amount of control data when com-
which required a greater amount of time before it was possiljared to multi-copy PROPHET. However this result should be
to deliver these messages. viewed in the context that SimBetTS results in an improveimen

. . y
Figure 10 c) shows the average message delay. Similarlygghggass_?e delivery of nearly 50% compared to multi-copy

the Intel and Cambridge data sets, Epidemic Routing shosvs th . . . .
. . From this experiment, we can determine that single-copy
greatest average delay due the higher proportion of message

. . . . nd multi-copy SimBetTS Routing show higher message
delivered. The sharpest increase occurs after for Epidaftéc delivery when compared to that of PROPHET. Multi-copy

the 150 mark which is most likely due to message delivery imBetTS Routing achieves delivery performance similar to

messages dest!ned for the preymgsly unseen on the netw Nt of Epidemic Routing with short path lengths and low end-
SimBetTS Routing shows a similar increase just before tite 2 o
0-end delay. The use of replication comes at the cost of an

mark which coincides with an increase in message deIiverx. . .
T T . increased number of forwards and an increase in control data
Consequently, this increase also coincides with the mess

delivery to nodes that have yet to be encountered. ?gow_ever, Whe_n compared to Fhat of Epidemic Routing, these
metrics are still relatively low in terms of overhead.
Figure 10 d) shows the total number of messages forwarded
in the network. As expected, Epidemic Routing results in VI. CONCLUSIONS
the highest number of total forwards and has been omittedWe have presented social network analysis techniques and
SimBetTS routing and PROPHET result in a similar numbahown how they may be applied to routing in disconnected
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delay-tolerant MANETs. Three metrics have been defined:
betweenness utility, similarity utility and tie strengthility. 15
Each of these metrics have been evaluated individually, and
the results show that betweenness utility results in the bé&s
overall delivery performance. However it results in coniges (14
on highly central nodes. SimBetTS Routing combines these
three metrics which results in improved overall delivery-pel15]
formance with the additional advantage that the load orraent
nodes is reduced and better distributed across the network.

We have evaluated SimBetTS Routing compared to twfl
other protocols, Epidemic Routing and PRoPHET. SimBetTS
Routing achieves delivery performance comparable to Epi-
demic Routing, without the additional overhead. We have
also demonstrated that SimBetTS Routing outperforms tHé!
PROPHET routing protocol in terms of overall delivery pe+fo
mance. The evaluation consisted of three separate reatl wdtbl
trace experiments. Although the first two datasets areivelgat

. [19]

small networks, the consistency of the results across edkth
scenarios shows that, given the existence of an underlyiag]
social structure, SimBetTS Routing provides messageatgliv
with greatly reduced overhead when compared to Epidemic
Routing. Similar results can be seen when analysing thedarg
MIT Reality Mining dataset covered in our previous work21l
[10]. Additionally, these utility metrics may be applied in
other distributed systems where global topology infororats
unavailable, especially where the underlying networkshakh

small-world characteristics. [22]
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