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EngineeringSelf-OrganizingReferralNetworks for
Trustworthy ServiceSelection

P�narYolum andMunindarP. Singh, SeniorMember

Abstract— Developing, maintaining, and disseminating trust
in open, dynamic envir onments is crucial. We propose self-
organizing referral networks as a meansfor establishingtrust in
such envir onments. A referral network consistsof autonomous
agents that model others in terms of their trustworthiness and
disseminate information on others' trustworthiness. An agent
may request a service fr om another; a requested agent may
provide the requested service or give a referral to someone
else. Possibly with its user's help, each agent can judge the
quality of service obtained. Importantly the agentsautonomously
and adaptively decide with whom to interact and choosewhat
referrals to issue, if any. The choicesof the agents lead to the
evolution of the referral network, whereby the agentsmove closer
to those that they trust.

This paper studies the guidelines for engineering self-
organizing referral networks. To do so, it investigatesproperties
of referral networks via simulation. By controlling the actions
of the agents appropriately, differ ent referral networks can be
generated.This paper �rst shows how the exchangeof referrals
affects service selection.It identi�es interesting network topolo-
gies and shows under which conditions thesetopologiesemerge.
Basedon the link structur e of the network, someagentscan be
identi�ed as authorities. Finally, the paper shows how and when
such authorities emerge. The observations of these simulations
are then formulated into design recommendationsthat can be
used to develop robust, self-organizing referral networks.

Index Terms— Multiagent Systems;Trust; Referrals

I . INTRODUCTION

The Web is moving from a collection of pagesto a col-
lection of entitiesthat provide anduseservices. Eachservice
can involve tasksthat vary from servinginformation suchas
Web pagesto performingother complex tasks.The services
are not merely distinguishedby their domainor their tasks,
but also in terms of other featuresof interest,such as the
price,performance(e.g.,throughput),or otherdomain-speci�c
aspect.Hence,a serviceis describedas aggregatingmultiple
features.

The entities that provide and use servicescan be people
or businesses,each potentially supportedby an automated
assistant.Becausewe deal with an open environment, the
participatingentitiesareautonomousandheterogeneous.Ac-
cordingly, we model them as agentsin the computational
system.The agentsexercise their autonomy to decide the
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actionsthey perform, with whom they interact,or how they
carry out their tasks.

The agentsthat provide the sameservicemay differ in the
way they implement their services,and the qualities of the
servicesthey provide.Eachserviceprovidercanautonomously
decidewhomit servesandthequality of serviceit providesto
eachconsumer. Likewise, the agentswho useor consumethe
servicesvary in their needsandevaluationsof services.Each
service consumercan unilaterally set its own standardsfor
the quality of serviceit would like to receive andpotentially
restrict its interactionsto thosethat meetits standards.

In general,serviceimplementationsarenot revealedto the
consumers,nor to any otherexternalparties.Not knowing the
serviceimplementationmakes it hard to judge the quality of
a service.Mechanismsbasedon a third-partyevaluationof a
serviceimplementationcannotbeemployed.And, becausethe
expectationsof eachconsumeraredifferent,a third partycan-
not evaluateserviceoutcomes.Consequently, eachconsumer
mustevaluatethe serviceit receives.

A. Trust.

Becausethe entities are autonomousand heterogeneous,
selectingthe right serviceproviders is a signi�cantly greater
challenge in large scale open systemsthan in traditional
distributed systems.The scaleand dynamismof open envi-
ronmentsimply that a participantwould not know andwould
notbeableto keepupwith all potentiallyrelevantparticipants.
Large,opensystemsdeviatefrom traditionalsystemsprimarily
in the absenceof centralservers,even directoryservers.The
opennessof such systemsimplies that there would be few
regulatory restrictionsfor ensuringthat the servicesoffered
are of a suitablequality; i.e., there are no guaranteesabout
the quality of service provided by the participants.Hence,
only thoseservers whosequality of serviceis acceptableby
the participantwill be relevant. Hence,it is crucial to locate
useful participantsand recognizethem as trustworthy. This
paperstudiessomekey propertiesof trust.

For our purposes,trust is establishedbetweena service
consumerand a serviceprovider with respectto a particular
service.Trust is inherently for a purposeand spansmultiple
dimensions.A serviceprovider may be competentin some
servicesbut not in others.Accordingly, a consumerwould
(or would not) trust a provider for a particular service.For
example,you may trust a travel agentfor your travel needs
but not for your medicalneeds.That is, trust is not a property
of individual entities,but a propertyof relationshipsbasedon
individual actions.To ascertainthe trustworthinessof another
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party, one must clearly formulate the service or individual
actionsin question.Even when theseare madeexplicit, two
consumerswho interact with the sameprovider may have
different assessmentsof the provider's trustworthiness.This
variancecouldoccurbecauseof differentevidenceor different
evaluationsof the sameevidence.

Accordingly, external third parties can neither establish
the trustworthinessof others,nor dictate which individuals
should be interacting with certain others. For this reason,
eachindividual has to choosewhom to interact with, judge
whether they are trustworthy and establishtrust in others
basedon herown means.Sucha processfor establishingtrust
is precisely basedon the idea of self-organization. A self-
organizingsystemconsistsof partieswho act basedon local
interactions(without external control) and adaptto take into
accountusefulparties[3], [4].

B. Referrals for Self-Organization.

A powerful way of ensuringthat serviceprovidersand the
information sourcesthat recommendthem are trustworthy is
by accessingthemthroughreferrals [5], [6]. Peoplecommonly
usereferralsin real life to �nd useful providers; conversely,
businessesusereferralsfrom customersto �nd otherpotential
customers.Referralshavebeenusedin computationalsettings,
but their usagehasbeenrestrictedby rigid exchangesof the
referrals,suchas thoseusedin domainnamesystem(DNS).

We claim that �e xible referralsare essentialfor locating
trustworthy services,andwe proposethat referralsform a key
organizing principle for engineeringself-organizingapplica-
tions that are targetedfor opensystems.Consumerscanhelp
eachother �nd desiredserviceproviders by giving referrals
to thosetrustworthy providersthat have beenusefulfor them.
A consumercan judge the quality of the servicesreceived
aswell as the quality of the referrals(if any) that led to that
provider. In otherwords,eachconsumerhasanempiricalbasis
for trust.More importantly, theconsumerscanself-organizeby
adaptingto oneanother. For example,basedon its interactions
with others,a consumercan autonomouslyselectthe parties
with whomto interactfurther. An agentwould link to another
partyonly if it hasbeenusefulin providing goodservicesor in
providing referralsthat led to goodservices.Thus,theagents'
associationswith eachother yield a self-organizing referral
network.

C. Peer-to-Peer Systems

At an architecturallevel, consumersand providers of ser-
vices are all peers, interactingwithout a needfor a central
server. Hence,our referrals-basedarchitecturecanbe thought
of as a peer-to-peer(P2P)architecture,whereeachpeeracts
as a client and a server, by requestingas well as serving
information.EventhoughP2Parchitectureshave beenstudied
in the researchcommunity for many years,P2Papplications
have startedto appearonly recently. Gnutella[9] andFreenet
[10] are two well-known P2P systems,gearedfor locating
�les. These systemsallow peers to search for �les in a
network by propagatingqueriesto other peers(i.e., without
a centralizedserver) andto exchange�les. Currentstudiesof

P2Psystemsfocus on lower level propertiesof the systems,
such as the naming schemesor bandwidth requirements.
Our work emphasizesthe higher level interactions.In other
words, even when all architecturalconstraintsare satis�ed,
participantsstill need to identify other useful participants
with whom they can interact. For this reason,P2P systems
must includean approachthroughwhich peerscanhelp each
other �nd trustworthy peerswho offer high quality services.
Even if somepeerstake on specializedfunctions similar to
directory servers,othersmust establishthat thesespecialized
peersare indeedtrustworthy, e.g., to ensurethat their service
recommendationsare not basedon ulterior motives, suchas
for paid-placementsearchengines,or thatany ulterior motives
are factoredin to determinea suitableservice.

D. Contributionsand Organization

We have implementeda distributed platform using which
adaptive referral systemsfor different applicationscan be
built. To engineerand managea referral systempresupposes
guidelinesto adjustits behavior. This paperinvestigatessome
importantguidelinesfor building suchrobust self-organizing
referralsystems.In orderto identify suchguidelines,it studies
the behavior of self-organizing referral networks over sim-
ulations. The simulationsgive us the necessarycontrols to
tunevariouspoliciesandparameters.The framework andthe
test-bedthat simulatesthe framework arepowerful enoughto
capturemany real-life details(seeSectionII-C).

This work �rst shows that referralscan induce a natural
structureon the network of agents.This structurecan then
be used to identify different application domains.Using a
particularapplicationdomain(i.e., e-commercedomain),the
paperstudiespropertiesrelatedto the performanceand top-
ology of referralnetworks. The performancepropertiesstudy
the ef�ciency and the effectivenessof referral networks. The
analysisof thesepropertiesresult in interestingguidelinesfor
selectivity of referralexchanges.

Thetopologypropertiesidentify interestingnetwork topolo-
gies.In certaincontexts, sometopologiescanbe harmful.We
identify whenthis is the case.Thesetopologiesare important
to point out becausea network could be checked to see
whetherit is evolving into thesepathologicaltopologies,and
if so, certainparameterscanbe adjustedto avoid them.

The rest of the paper is organizedas follows. Section II
describesour technical framework, including details of our
model of referrals, the applicationdomain, and our experi-
mentalsetup.SectionIII studieseffectivenessand ef�ciency
of referralnetworks and identi�es trade-offs betweenthe two
aspects.Section IV studiesstructural propertiesof referral
networks, includingundesirablenetwork structures.SectionV
summarizesthe main simulationresultsthat can be incorpo-
ratedasdesignguidelinesto build referralsystems.SectionVI
discussestherelevantliteratureandgivesdirectionsfor further
research.

I I . TECHNICAL FRAMEWORK

We considera multiagentsystemwhosemembersrepresent
principals (people or businesses)providing and consuming
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services. Servicesare understoodabstractly, i.e., not limited
to current Web servicesstandards.Speci�cally, the services
could involve serving static pages,processingqueries, or
carryingout e-commercetransactions,but their detailsarenot
representedin this paper. Our studywill concentrateon self-
organizationof the agents.

The agentsmay offer diverselevels of trustworthinessand
are interestedin �nding other trustworthy agents.An agent
begins to look for a trustworthy provider for a desiredservice
by querying some other agentsfrom among its neighbors.
The neighborsof an agentare a small subsetof the agent's
acquaintances,adaptively selectedbasedon their usefulness.

The agentsare autonomous.A queriedagentmay or may
not respondto anotheragent by providing a service or a
referral. The querying agent may accepta service offer, if
any, andmay pursuereferrals,if any. Whenan agentaccepts
a serviceor follows a referral, thereare no guaranteesabout
the quality of the serviceor the suitability of a referral. We
do not expect that any agentshouldnecessarilybe trustedby
others: an agentdecideshow to rate anotheras it sees�t.
Notice that trust appliesboth to the ultimateserviceprovider
and to the agentswhosereferralsleadto that provider.

Each agent maintainsmodels of its acquaintances.Each
model describesthe expertise(the quality of the servicesit
provides), and the sociability (the quality of the referrals it
provides)of a given acquaintance.Both of theseelementsare
adaptedbasedon serviceratings from the agent's principal.
Using thesemodels,an agentapplies its neighbor selection
policy to decidewhich of its acquaintancesto keepasneigh-
bors. Key factorsinclude the quality of the servicereceived
from a given provider, and the value that can be placedon a
seriesof referralsthat led to thatprovider. In otherwords,the
referringagentsareratedaswell.

The above framework accommodatesthe important prop-
ertiesof openand dynamicsystemsintroducedin SectionI.
One,the agentscanbe heterogeneous.That is, agentscanbe
of diversedesignsandfollow policiesdistinct from all others.
Two, each agent operatesautonomouslybasedon its local
policies.Three,eachagentcan adaptto the referral network
by modifying its offerings and their quality, its policies,and
its choiceof neighbors.

A. ApplicationDomains

The above framework enablesus to representdifferent
applicationdomains.Two importantdomainsaree-commerce
and knowledge management,which differ in their notions
of serviceand how the participantsinteract. In a typical e-
commercesetting,the serviceprovidersare distinct from the
serviceconsumers.Theserviceconsumerslack theexpertisein
theservicesthat they consumeandtheir expertisedoesnot get
any betterover time.However, theconsumersareableto judge
the quality of the servicesprovided by others.For example,
you might be a consumerfor auto-repairservicesand never
learnenoughto providesucha serviceyourself,yet you would
be competentto judge if an auto mechanicdid his job well.
Similarly, theconsumerscangeneratedif�cult querieswithout
having high expertise.For example,a consumercan request

a complicated auto-repair service without having intimate
knowledgeof the domain.
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Fig. 2. A schematiccon�guration for knowledgemanagement

Figure 1 shows an example con�guration of servicecon-
sumersandprovidersthat correspondsto a commercesetting.
The nodeslabeledC denoteconsumersandthe nodeslabeled
S denote service providers. The links between the node
denoteneighborhoodrelations.Consumersare connectedto
eachother as well as to the serviceproviders. Theselinks
form pathsthat lead to serviceproviders. In this model, the
serviceproviders are deadends: they do not have outgoing
edges,becausethey neitherinitiate queriesnor give referrals.
Thus,their sociability stayslow. Their concreteandmodeled
expertisemay of coursebe high.

Figure 2 shows an example network con�guration in a
knowledge managementsetting. In this setting, the services
areknowledgeservices,i.e., correspondto giving answersto
queries.The consumersare not necessarilydistinct from the
service producers.An agent may be knowledgeablein one
domainand hencerespondto queriesregardingthat domain.
Or, it might be looking for information servicesin another
domain.Hence,all the nodesare labeledwith C and denote
consumersas well as producers.Each agent can generate
and answerqueries,as well as give referrals.This implies
that potentially all agentscan have nontrivial expertiseand
sociability. A consumermight lack the ability to evaluatethe
knowledgeprovided by someonewho has greaterexpertise.
However, agentswould improve their knowledge by asking
questions.
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B. Agent Algorithms

Each consumerhas varying levels of interest in receiving
services.The interestsand expertiseof the agentsare repre-
sentedastermvectorsfrom thevectorspacemodel(VSM) [7],
eachtermcorrespondingto a differentdomain.Thesimulation
usesthesetermvectorsto generatequeriesandanswersfor the
variousagents.

Algorithm 1 Ask-Query()
1: Generatequery
2: Computea list of matchingneighbors
3: Sendquery to matchingneighbors
4: while (!timeout) do
5: Receive message
6: if (message.type== referral) then
7: Sendquery to referredagent
8: else
9: Add answerto answerset

10: end if
11: end while
12: for i = 1 to janswersetj do
13: Evaluateanswer(i )
14: Updateagentmodels
15: end for

Each agent is initialized with the same model for each
neighbor. If the initial model of a neighborcorrespondsto
low expertiseand low sociability values,the agentdoesnot
trust its neighborsenoughto querythem.For this reason,the
initial neighbormodel containsa high expertisevalue and a
high sociability value.Thus, the initial modelencouragesthe
agentsto query their neighbors.

An agentthat is looking for an answerto a query follows
Algorithm 1. An agentgeneratesaqueryby slightly perturbing
its interestvector, which denotesthattheagentasksa question
similar to its interests(line 1). More speci�cally, a simulation
parameterp is set for the ratio of perturbationof the interest
vector. The querying agent takes its interestvector and for
eachdimensioni k randomlygeneratesa new value qk from
a rangethat is adjustedby the perturbationratio p. Thus,for
all dimensionsof the queryqk , a randomnumberis assigned
between(1 � p) � i k and(1 + p) � i k .

In applicationsthat involve users,suchas MARS [8], the
�rst line of Algorithm 1 would correspondto a userrequest
or an agent's anticipationof sucha request.Next, the agent
computesthe list of neighborsthat are likely to answerthis
query(line 2). Wedeterminethis throughthecapabilitymetric.
Then,theagentsendsthequeryto theagentson thematching
list (line 3).

Thecapabilityof anagentfor a querymeasureshow similar
and how strong the expertiseof the agent is for the query
[6]. Capability resemblescosinesimilarity but also takes into
account the magnitude of the expertise vector. What this
meansis that vectorswith greatermagnitudeare regardedas
indicating a higher capability for the given query vector. In
Equation1, Q (hq1 : : : qn i ) is a query vector, E (he1 : : : en i )
is an expertise vector and n is the number of dimensions

thesevectorshave. This capability metric can also be used
to measurehow goodan answeris for a given query.

Q 
 E =

P n
t =1 (qt et )p

n
P n

t =1 qt
2

(1)

An agentthat receivesa query providesan answeronly if
its expertisematchesthe query. If it does, then the answer
is the perturbedexpertisevectorof the agent.Whenan agent
doesnot answera question,it usesits referral policy to choose
someof its neighborsto refer.

Back in Algorithm 1, an agentcan receive messagesfrom
otheragents.Thesemessagescaneitherbe referralmessages
or answermessages.If an agentreceivesa referral to another
agent,it sendsits queryto thereferredagent(line 7). After an
agentreceivesananswer, it evaluatestheanswerby computing
how much the answermatchesthe query (line 13). If the
answer matchesthe query more than a certain threshold,
then the answeris consideredgood,otherwisebad.Sincethe
answersare generatedbasedon the expertisevaluesof the
agents,implicitly, theagentswith high expertiseendup giving
the goodanswers.After the answersare evaluated,the agent
updatesthe modelsof its neighbors(line 14). Whereasin the
simulationsthe evaluationsare performedwith the capability
metric, in real life applications,the agentwould directly or
indirectly evaluatetheanswerbasedon userfeedback.Whena
goodanswercomesin, themodeledexpertiseof theanswering
agentand the sociability of the agentsthat helpedlocatethe
answerer(throughreferrals)are increased.Similarly, when a
bad answercomesin, thesevaluesare decreased.At certain
intervals during the simulation, eachagenthas a chanceto
choosenew neighborsfrom among its acquaintancesbased
on its neighborselectionpolicy. The numberof neighborsis
limited, so if an agentaddssome neighborsit drops some
neighborsas well. The underlying intuition is that an agent
may interactwith many other agents,but would only trust a
small subsetof theseacquaintances.
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Fig. 3. An examplesearchthroughreferrals

Example1: Figure 3 shows an example referral network,
wherethenodesdenoteagents.Agent1's neighborsareagents
2 and3, agent2's neighborsareagents4 and5, andagent3's
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neighborsare agents5 and 6. Agent 1 posesits query to its
neighbors,agents2 and3. Agent 2 providesan answer, while
agent3 givesa referral to oneof its own neighbors,agent5.
Agent 1 thensendsits query to agent5.

Together, the neighborhoodedgesamongthe agentsinduce
the structureof the given society. In general,as described
above, the structureis adaptedthrough the decisionsof the
differentagents.Although the decisionsareautonomous,they
are in�uenced by variouspolicies.

C. ExperimentalSetup

This paper investigatesthe propertiesof the e-commerce
domainvia simulation.Studyingthe systemthroughsimula-
tionsenablesusto studythemechanismsof theagentsocieties
by giving us the necessarycontrolsto adjustvariouspolicies
andparameters.The �ndings of the simulationcanbe usedto
suggestcertainkinds of mechanismsand representationsfor
the agentsthemselvesin real applications.

The simulationscontain400 agents,between5% and25%
of which are service providers, and the remaining agents
are consumers.The reportedsimulationscontaininterestand
expertisevectorswith 4 dimensions,where eachdimension
maps to one domain. Consumershave low expertise,since
they do not offer any servicesthemselves. The expertiseof
theprovidersandtheinterestsof theconsumersaredistributed
evenly over the domains.Eachprovider hasexpertisein just
onedomainwhereasaconsumermayhave interestsin multiple
domains.The explaineddescriptionof the populationis fed
into the simulator(Figure4, PopulationDescriptionBox).

Consumershave high interest in getting different services,
but they have low expertise,sincethey do not offer services
themselves.Providershave high expertisebut low sociability.
Sincetherearenohumansto generateandevaluatequeries,the
interestvectorsareusedto generatequeriesandthe expertise
vectorsare usedto generateanswers.Answersare evaluated
using the capability metric on the query and answervectors.
A chain of referralsis followed for up to a given numberof
hops,andthendropped.Intuitively, longerchainsmakesmaller
contributions to trust. For the simulationsreportedhere, the
chain length is limited to 3.

Eachagenthasa �x ed numberof neighbors(4 to 8) and
thesameinitial modelfor eachacquaintance.In thebeginning
of the simulation runs, each agent is assignedneighbors
randomly. During the courseof the simulation, each agent
interactswith other agents(i.e., acquaintances)and updates
themodelsof its acquaintances(bothexpertiseandsociability)
basedon the answersfrom the providers. After every two
queries,agentscanchangetheir neighborsasthey see�t. The
simulationsarerun for 4 to 20 neighborselectionsasspeci�ed
below for each experiment. The details of the simulation,
suchas the numberof neighborselections,numberof hops,
andso on areprovided to the simulatorthrougha simulation
description�le asshown in Figure4.

The simulation testbed is implementedin Java. Agents
exchange messagesusing JBoss, a Java MessageService
(JMS) implementation.The simulationsreportedhere were
performedon a PC with dual Pentium-3500MHz processors

and1GB RAM, andrunningLinux. Eachsimulationwasrun
with threedifferent randomseeds;averagesof the threeruns
arereported.

Population Description
(Number of agents,
their policies,
number of neighbors,
initial vector values)

Simulation Description
(Number of neighbor
selections, number of
allowed hops)

S
im

ul
at

or

Create agents and message queues
Assign initial neighbors

for i = 1 to number of
neighbor {

for j = 1 to

for k = 1 to number of agents
ExecuteAlgorithm 1

}

selections
2

//Two queries in each cycle

for c = 1 to number of agents
Change neighbors

Save agent states (their neighbors
and the models of the neighbors)

Compute metrics (such as quality)

Fig. 4. A detailedarchitecturaldiagram

Thesimulatorstartsby creatingagentsandmessagequeues
basedon the speci�cationsin the the populationdescriptions.
Next, eachagentis randomlyassignedneighbors.After this
step,the simulatorhasa network of agents.The next stepof
the simulator is the main loop. This loop can be considered
as the main simulationcycle and is repeatedonce for every
neighbor selection. In each cycle, all agentsgeneratetwo
queriesand follow Algorithm 1. At the end of the cycle,
eachagentconsidersits set of acquaintancesand selectsits
setof neighborsusing its neighborselectionpolicy. After the
main loop of the simulation, the current stateof the agents
(their current neighborsand their modelsof acquaintances)
arewritten to a �le. Metricsnecessaryto analyzethe network
canbe computedafter the simulationends.

I I I . EFFECTIVENESS AND EFFICIENCY

Effectivenessand ef�ciency of a referral network are key
performanceindicators.The effectivenessof a network mea-
sureshow easily agents�nd useful providers.The ef�ciency
of a network measuresthe ratio of good answersto number
of agentscontacted.

A. Effectiveness

We measuretheeffectivenessof thesystemusingthedirect
quality metric and the nth bestquality metric. Both metrics
are de�ned as obtainedby an agentand then averagedover
all agents.

Thedirectquality viewedby anagentre�ects, via Equation
(1), the usefulnessof the neighborsof the agent,given its
interestandtheir expertise.That is, it estimatesthe likelihood
of the neighborsthemselvesproviding goodservice.

Next, we take into accountall other agents,not just the
neighbors.Here, we measurehow well the agent's interest
matchestheexpertiseof all otheragentsin thesystem,scaled
down with the numberof agentsit has to passto get to the
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agent.That is, the fartheraway the goodagentsare from the
given agent,the less is their contribution to the quality seen
by the agent.Let I i denotethe interestvectorof agenti and
E j denotetheexpertisevectorof agentj . The contribution of
agentj to agenti 's quality is given by:

I i 
 E j

path(i; j )
(2)

wherethe shortestpath length is usedin the denominator.
For a small population,it is reasonableto assumethateach

agent can potentially reach all other agentsto which it is
connected.But in a large population,an agentwill be ableto
reachonly a small fraction of the population.For this reason,
insteadof averaging over all agents,we take the n th best
measure.That is, we measurethequality obtainedby anagent
by its nth bestconnectionin thenetwork. The choicefor n is
nontrivial. If n is too big, eachagent's quality would appear
to be equallybad.However, if n is too small, the quality will
re�ect the neighborsquality as in the direct quality metric.
For the resultsreportedbelow, we usethe nth bestmetric to
measurean agent's quality andtake n to be twice the number
of neighborsthat the given agenthas.

A referralpolicy speci�eswhich agentswill bereferredto a
queryingagent.We considersomeimportantreferralpolicies.
We setthe simulationvariablesappropriatelyso that an agent
answersa query only when it is sure of the answer. This
ensuresthat only the providersanswerany questions,andthe
consumersgeneratereferralsto �nd the providers.

1) Referall matchingneighbors. The referringagentcalcu-
lates how capableeachneighborwill be in answering
the given query (basedon the neighbor's modeledex-
pertise).Only neighborsscoringaboveagivencapability
thresholdarereferred.

2) Referall neighbors. Agentsrefer all of their neighbors.
This is a specialcaseof the matchingpolicy with the
capability thresholdset extremely low (e.g., 0:1). This
resemblesGnutella's searchprocesswhere each node
forwardsan incomingquery to all of its neighborsif it
doesnot alreadyhave the requested�le [9].

3) Referthebestneighbor:Refer the bestmatchingneigh-
bor. This is similar to Freenet's routing of requestmes-
sages,where eachFreenetclient forwards the request
to an agent that is the likeliest to have the requested
information [10].

We study the effectivenessof differentpolicies by varying
the capability threshold.Figure 5 plots this thresholdversus
the quality of the network for differentpolicies. In Figure 5,
the lines marked All Matching show the Referall matching
policy for varying thresholdson the X axis. The casewhere
the referral threshold is set to 0:1 denotesRefer all. The
lines marked BestNeighbor plot Referbestneighbor, which
is independentof the threshold.

Among the three policies, Refer all performs the worst
for all three populations.As seenin Figure 5, when agents
use this policy, the quality never exceeds0:085. Referbest
neighbor performs better than Refer all matching for small
values of the capability threshold (e.g., 0:2). Comparedto
small thresholds,Referbestneighborensuresa certainlevel of
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Fig. 5. Effectivenessof referralpolicies

selectiveness.Thus,it performsbetterthanReferall matching
with small thresholds.For thresholdsgreaterthan 0:2, Refer
all matchingperformsbetter than Referbestneighbor, where
thebestthresholdincreaseswith thepercentageof providersin
the society. Referall matchingwith high thresholdsaremore
selective than Refer best neighbor. Thus, higher thresholds
generatebettereffectivenessthanReferbestneighbor.

Observation1: Exchangingmorereferralsdoesnotguaran-
teethat the quality of the network will be high. The topology
of the network canprevent consumersfrom locatingsomeof
the serviceproviders.

Whenagentsarelessselective in their referralpolicies,they
exchangemore referrals. However, sometimeseven though
referralsare exchanged,someagentsmay never be located,
becausethey is no path to the provider from the requesting
agent.When this is the case,exchangingmore referralsdoes
not help agents.A detailedanalysisof this is presentedin
SectionIII-C.

B. Ef�ciency

Eachagentin the referralnetwork is autonomousandmay
well have differentpoliciesto take careof differentoperations
suchas answeringa questionor referring a neighbor. Thus,
gettingat a nodecloserto a targetprovider doesnot guarantee
that the searchis progressing.For example, in Figure 1 C2

may ask C3 but if C3 is not responsive, then the searchpath
becomesa dead-end.Hence, the quality metrics introduced
above are optimistic; in actual usage,a provider may not
respondand other agentsmay not producehelpful referrals.
Hence,a high quality network doesnot necessarilymeanthat
theagentswill reachtheservicesthey arecloseto. To illustrate
this point, we measurethe ef�ciency of �nding answers.
Ef�ciency is de�ned astheratio of thegoodanswersreceived
to thenumberof agentscontacted.Figure6 plotsthecapability
thresholdversusthe ef�ciency for different referralpolicies.

Referall matchingwith high thresholds(e.g.,0:4, 0:5) yields
the leastef�ciency. Sincethesepoliciesarethemostselective,
few referralsare given. Hence,most of the time, the agents
cannot �nd good answers,reducing the overall ef�ciency.
However, an approximatelyequal number of good answers
are found with both Refer all and Refer all matching with
smaller thresholds,but becauseRefer all matching is more
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selective, fewer referrals are generated,resulting in fewer
agentsbeing contacted.For this reason,Refer all matching
with small thresholdsproduceshigher ef�ciency than Refer
all. Referbestneighboris lessselective thanReferall matching
with high thresholds(e.g.,0:4, 0:5). With suchhigh thresholds,
Referall matchingmay not yield a referral to any neighbor.
However, with Refer bestneighbor, one neighbor is always
beingreferredto. Hence,Referbestneighboris moreef�cient
thanReferall matchingwith higher thresholds.

Observation2: When few referrals are exchanged,good
answersare not found. When more referralsare exchanged,
goodanswersarefoundat theexpenseof contactingtoo many
agents.Hence,it is better to be lessselective in exchanging
referralsto increasechancesof �nding goodanswers.

C. Analysis

We analyze the combined results on effectivenessand
ef�ciency in threecases.First,with higherthresholdsof Refer
all matching, theagentscanpotentiallyreachtheproviders,but
sincereferralsare given highly selectively, most of the time
they cannotget referralsto locatetheprovidersandposetheir
queries.Second,with smallerthresholdsof Referall matching,
not only can the agentsreach the providers, but since the
referralsare lessselective, they can locatethe providers and
getgoodanswers.This is alsothecasefor Referbestneighbor,
althoughwith this policy thenumberof goodanswersreceived
is smaller. The third caseis the most interestingone. With
Referall, agentsget goodanswersalthoughthe quality of the
network is poor.

Whentheagentsexchangemorereferrals(usingReferall or
for a lower thresholdfor Referall matching), we would expect
agentsto be able to locateproviders betterand get closer to
them.If theagentsgetgoodanswers,thenthey are�nding the
providers,yet their ability to reachtheproviders(measuredin
quality) is still lower thanwith the otherpolicies.The reason
for this is thatwhereastheagentsarecloseto a few providers
(which ensuresthat they get good answers)they are isolated
from many otherusefulproviders.That is, the topologyof the
referralnetwork mayevolve in a way that isolatessomeof the
providers from the consumers.The next sectionstudiesthese
possibleundesirabletopologiesin greaterdepth.

IV. NETWORK TOPOLOGY

Recallthat eachagentchoosesits neighborsbasedon local
information only, without knowing which neighborsother
agentsarechoosing.Eventhougheachagentis doing thebest
for itself, the resultinggraphmay be undesirable.

At certainintervalsduringthesimulation,eachagentgetsan
opportunityto modify its selectionof neighborsbasedon its
acquaintancemodels.A neighborselectionpolicygovernshow
neighborsare addedanddropped.Suchpoliciescan strongly
in�uence the structureof the resultinggraph.

What would happenif eachagentchosethe best service
providersas neighbors?Or is it betterto chooseagentswith
higher sociability rather than higher expertise?To evaluate
how the neighborselectionpolicies affect the structure,we
comparethreepolicies using which an agentselectsthe best
m of its acquaintancesto becomeits neighbors.Below, W
denotesthe weight assignedto sociability.

� Weighted average. Sort acquaintancesin terms of a
weightedaverageof sociability and how their expertise
matchesthe agent's interests.(W is setbetween0:1 and
0:9.)

� Providers. Sort acquaintancesby how their expertise
matchesthe agent's interests.(W is set between0 and
0:1.)

� Sociables. Sort acquaintancesin termsof sociability. (W
is setbetween0:9 and1.)

The neighbor selectionpolicies shapethe topology of the
network. That is, the network topology evolves differently
basedon how agentschoosetheir neighbors.An obvious
questionis whetherany oneof thesetopologiesarebetterthan
othersor undesirablein certainsettings.To answertheseques-
tions, we study well-known graph types from graph theory,
namely bipartite graphsand graphswith weakly-connected
components.We �rst studywhetherthesetopologieshave any
advantagesor disadvantagesover other topologies.Next, we
studywhetherany oneof the neighborselectionpolicies lead
to sucha topology.

A. Bipartite Graphs

A graph G is bipartite if it consistsof two independent
sets,i.e., two setsof pairwisenonadjacentvertices.Whenthe
simulation is started,we know that there is one independent
set, the group of serviceproviders. Since thesedo not have
outgoing edges,no two serviceproviders can have an edge
betweenthem. Thus the providers form an independentset.
Now, if the consumersalsoform an independentset,thenthe
graph will be bipartite. Essentially, the consumers'forming
an independentset meansthat all the neighborsof all the
consumersareserviceproviders.Noticethat if this is thecase,
thenthe consumerswill not be ableexchangereferrals.If the
graph becomesbipartite, the systemloses all the power of
referralsandall consumersbegin operatingsolelyon thebasis
of their localknowledge.For example,in Figure7, thenetwork
that containsthe nodesand the dottedanddashedlines form
a bipartitegraph.The consumerscan reachthe providersbut
not eachother.
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Sincetheserviceprovidersdonothaveoutgoingedges,they
will not refer to any new agents.Thus,theconsumerswill not
get to know new agents,andwill not be able to changetheir
neighbors,making the graphstable.However, for eachagent
therewill be many agentsthat it cannotreach.Networks that
allow reachabilityto theseagentswill have betterquality and
will thus be more desiredthan a bipartite graph.That is, the
quality of the bipartite graph is not optimal. If the nodesof
thenetwork wererearrangedinto a topologyotherthanthatof
a bipartitegraph,the quality of the network could be higher.

Evenif thegraphis notbipartite,it couldbeextremelyclose
to a bipartitegraph.Let's saythat thegraphwould bebipartite
if a large subgraphis bipartite. In other words, removing a
few edgesfrom the graph would make the graph bipartite.
This is still dangerous,sincethe graphmight quickly evolve
into a bipartite graph. Accordingly, we study the neighbor
selectionpolicies to seeif they can causethe graph to turn
into a bipartitegraph.We usethe numberof edgesneededto
be removed as a metric for determininghow closethe graph
is to becomingbipartite. We observe that when eachagent
exercisesthe Providers policy, if there are more providers
than the number of neighborsan agent can have, then the
graphconvergesto a bipartitegraph.While this is thecasefor
Providers, thesameeffect doesnot hold for WeightedAverage
or Sociables, sincewith thesepoliciesconsumersmay choose
someotherhighly sociableconsumersasneighbors.

Whereasdetectingif agraphis bipartiteis easy, determining
thenumberof edgesby which it differs from a bipartitegraph
is in generalNP-complete[11]. Here,however, the semantics
of the nodesserves to easethis problem.More speci�cally,
one of the independentsets is already known, i.e., the set
of providers.Let � denotethe numberof edgesbetweenthe
consumers.When� is smaller, thegraphis closerto a bipartite
graph.If thereareno edgesbetweenconsumers(� = 0), then
the graphis bipartite.

Observation3: When choosingneighbors,if agentsprefer
only expertise(i.e.,useProviders), thenthenetwork canevolve
into a bipartite graph, which prevents the consumersfrom
exchangingreferrals.

B. Weakly-ConnectedComponents

A weakly-connectedcomponentof a graph is a maxi-
mal subgraphthat would be connectedwhen the edgesare

treatedas undirected[12]. Thus, different componentshave
disjoint verticesandaremutuallydisconnected.Consequently,
consumerscan at best �nd service providers in their own
components.This meansthatif thereis morethanoneweakly-
connectedcomponentin a graph, then there is at least one
consumerthat will not be able to �nd at least one service
provider. Consider again the network in Figure 7. If the
network containsall the nodesand edgesexcept the edge
betweenC4 and S1 (shown with a dotted line), then the
network will have two weakly-connectedcomponents.When
that is the case,consumersC1 and C2 cannotlocateservice
providers S3 and S4, since neither C1 nor C2 can receive
referralsfrom the consumersthat know S3 or S4.

We observe that in a populationwhereeachagentexercises
Sociables, the graph ends up with more than one weakly-
connectedcomponent.When agentsfollow Sociables, con-
sumerslink up with otherconsumersonly sincetheconsumers
are the only sociable parties. This decreasesthe number
of edgesfrom consumersto providers. For example, again
considerthe samesubsetof the network in Figure 7, where
the network containsall the nodesandedgesexcept the edge
betweenC4 and S1. After several iterations, if consumer
C5 were following Sociables, it could modify its choice of
neighborsby linking to C3 and removing its link to S3. C5

would do this becauseC3 being a consumerwould be more
sociablethan S3, a service provider that does not provide
any referrals. When all consumersact in accordancewith
Sociables, the providers could be totally isolated from the
consumers.

Observation4: When agentsuse Sociables, the network
can becomedisconnected.This may prevent the consumers
from locatingsomeof the serviceproviders.

C. Clustering

Watts de�nes the cliquishnessof a graphas the likelihood
of the neighborsof an agentbeingneighborswith eachother
[13]. Thecliquishnesscoef�cient for eachagenti measuresthe
ratio of actualedgesamongits neighborsto all the possible
edgesamongtheneighbors,asshown in Equation3. Below, N i

denotesthe set consistingof nodei 's neighbors.M i denotes
all the edgesbetweenthe nodesin N i .

� (i ) =
jM i j

jN i j(jN i j � 1)
(3)

Thecliquishnessof a graphis thende�ned astheaverage� (�)
of all the nodesin the graph.

Interestclusteringdenoteshow similar the neighborsof an
agentare in termsof their interests.Equation4 capturesthe
similarity betweenthe interestsof two agents,with the Eu-
clideandistancebetweentwo interestvectorsand normalizes
it to get a resultbetween0 and1. (I i andI j areof lengthn.)

I i � I j =
e�k I i � I j k2

� e� n

1 � e� n (4)

We measureinterestclusteringby a coef�cient (Equation5),
similar in motivation to Watts' cliquishnesscoef�cient. The
interest clustering 
 (i ) measureshow similar the interest
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vectorsof an agent i 's neighbors(including i itself) are to
eachother. The averageof all the agents' interestclustering
coef�cients constitutestheinterestclusteringof thegraph.
 (i )
is high if the neighborsof i are neighborswith eachother
andeven higher if they have similar interests.In Equation5,
Vi denotesthe set consistingof agenti and all of agenti 's
neighbors,andM i denotesedgesbetweenthe agentsin Vi .


 (i ) =

P
(u;v )2 M i

I u � I v

jVi j(jVi j � 1)
(5)
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Figure8 plots the interestclusteringafter every two neigh-
bor changesfor different neighbor selection policies. The
interestclusteringof the graphincreaseswhenthe agentsput
greateremphasison sociability whenchoosingneighbors.

Observation5: Whenagentsvaluesociabilitymore(follow
Sociables), agentswith similar interestsare more likely to
becomeneighbors.Theagentswith similar interestsmayhave
locatedusefulprovidersthat matchtheir own interests.These
providers may also be useful for the given agent.Thus, the
agentswith similar interestscan give well-targetedreferrals
andbe consideredsociable.
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Next, we study the correlationbetweeninterestclustering
and quality. Figure 9 plots the quality of the network for
differentvaluesof interestclustering(aftereverysecondneigh-
bor change).Each plot correspondsto a different neighbor
selectionpolicy.

We observe that interest clusteringdecreaseswith an in-
creasein quality. A decreasein quality indicatesthat some
consumersare getting fartheraway from the capableservice
providers.Meanwhile,if the interestclusteringis increasing,
thentheagentsarepreferringto beneighborswith agentsthat
aresimilar to themselvesratherthanwith theserviceproviders.
Sincethenumberof neighborsis limited, choosingagentswith
similar interestsover thosewith high capabilitiesdecreasesthe
quality.

Observation6: Becomingneighborswith agentswith sim-
ilar interests does not guarantee �nding useful service
providers.

D. Authoritativeness

ThePageRankof a Webpagemeasuresits authoritativeness
[14]. Informally, an authoritative Web page is one that is
acknowledgedto be highly accurateor reliable.A Web page
has a high PageRankonly if it is pointed to by Web pages
with high PageRanks,i.e., if other authoritative pagesview
this pageasauthoritative.

Intuitively, the samemetric can be appliedto referral net-
worksto measuretheauthoritativenessof agents.In thecaseof
referralnetworks,anagentwouldbeconsideredauthoritativeif
it hasbeenpointedto by otherauthoritativeagents.Recallthat
an agentis pointedto by otheragentsif it is providing useful
answersor referrals.Hence,if anauthority�nds anotheragent
usefulandpointsat it, thenit is reasonablethat this agentbe
consideredan authorityaswell. That is, the agentsdecideon
who is authoritative in the referralnetwork.

The PageRankof an agentis calculatedusing Equation6,
where P(i ) denotesthe PageRankof agent i , K i denotes
agentsthat have i as a neighbor, and N j denotesthe agents
thatareneighborsof j . In additionto accumulatingPageRanks
from incomingedges,eachagentis assumedto geta minimum
PageRankof (1 � d). Initially, eachagentis assumedto be
equally authoritative. Iterative computationsof Equation 6
eventuallystabilizes,yielding �nal authoritativenessvaluesfor
eachagent.

P(i ) = d
X

j 2 K i

P(j )
jN j j

+ (1 � d) (6)

For our calculations,we pick d to be 0:85 as is suggested
in [14]; other valuesmay also be reasonable.The calculated
PageRanksarenot normalizedto demonstratethe variancein
maximum PageRanksin different setups.The PageRanksof
theagentsarecalculatedcentrallyby building agraphfrom the
neighborhoodrelationsafterthesimulations.Westudyhow the
percentageof actualprovidersin thenetwork andthe policies
that the agentsfollow affect the emergenceof authorities.

1) Percentage of Providers: Intuitively, the percentageof
agentswith high expertiseplays a crucial role in the distri-
bution of PageRanks.For example,when thereare too many
serviceprovidersin thesystem,we expectthat thePageRanks
will tendto besharedamongthem.Having a smallnumberof
serviceprovidersmay ensurethat serviceproviderswith high
authoritativenesswill emerge. To study this point, we vary
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the percentageof the providersin the system.We studythree
populationswith 5%, 10%, and20% providersin them.

The histogramin Figure10 depictsthe PageRankdistribu-
tion of threepopulationsfor PageRankvalues2:5 andhigher.
The solid lines denote the population with 5% providers,
the dashedlines denote the population with 10% percent
providers,andthedottedlinesdenotethepopulationwith 20%
providers.

Observation7: When the percentageof providers is high,
the PageRanksare clusteredfor small PageRankvalues.For
example,whenthepopulationhas20% providers,thenumber
of agentshaving PageRankhigher than 2:5 is more than the
casesfor the other two populations.For the higher values
of PageRank,the converse holds. For example, the only
populationthat allows PageRankshigher than 25 is the 5%
provider population.Thereis an implicit competitionamong
the providers.When there are too many providers, they end
up sharingthe incomingedges.Therefore,only a few receive
a relatively high PageRank.When thereare a few providers,
thoseproviders tend to dominatemoreclearly.
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2) Referral Policies: Next we study the effect of referral
policies in the emergenceof authorities.Sincethe population
with 5% percentprovidersallows theemergenceof authorities
more,we continuewith this population.After eachsimulation
run, theagentsarerankedbasedon their PageRank.Figure11
shows the PageRankdistribution of the top 50 agents(out of
a total of 400). If the agentsuse the Referall policy, a few

authoritieswith high PageRanksemerge.For example,the�rst
10 agentsin the Referall plot receive PageRanksgreaterthan
the �rst 10 agentsin two instancesof the Referall matching
plot (with thresholds0:3 and0:5).

Further, Referall createsa large varianceamongthe Page-
Ranks.For example,whereasthe �rst agentgetsa PageRank
of 54, the 50th agentgetsa PageRankof only 0:23. Contrast
this with Referall matchingwith a thresholdof 0:5, wherethe
�rst agentgetsa PageRankof 3:68 andthe 50th agentgetsa
PageRankof 1:58. The distribution of PageRanksusingRefer
bestneighborfalls betweenthe distributions for Referall and
Referall matchingwith high thresholds.In otherwords,when
agentsuseReferbestneighbor, the highestPageRankis not
as high as for Referall (36) but the differencein PageRanks
of the �rst and the 50th agentsis still quite large.

Observation8: Whereasmore authoritiesemerge through
Referall matching(with differentthresholds),Referall causes
the emergenceof authoritieswhoselevel of authoritativeness
is higher.

Intuitively, the explanation for the above is that Refer
all is highly effective in disseminatinginformation about
the providers. Agents are thus more likely to encounterthe
providersandmorelikely to recognizetheir authoritativeness,
therebyyielding high PageRanksfor someof them.

3) NeighborSelectionPolicies: Figure 12 plots the distri-
bution of PageRankswith respectto someneighborselection
policies.TheX axisshows PageRanksandtheY axisdenotes
the numberof agentsthat get a PageRankgreaterthan the
PageRankshown on theX axis.W denotestheweight of the
sociability in choosinga neighbor. The � ve plots correspond
to Providers(W = 0), Sociables(W = 1), andthreeWeighted
averageneighborselectionpolicieswith differentweights.
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All curves,excepttheonefor Sociables, aresimilar to each
other. In all four cases,only a few authoritiesemerge. But,
the level of their authoritativenessis high. For example, for
Providers, while only 26 agentsget a PageRankabove 1, � ve
of them get a PageRankabove 20. Increasingthe effect of
the sociability slightly increasesthe numberof agentswith
mediumauthoritybut slightly decreasesthe numberof agents
with high authority. For example, under WeightedAverage,
when the sociability and the expertiseare weightedequally,
thenumberof agentsthatgeta PageRankabove 1 is 44, while
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four of themget a PageRankabove 20.
Sociablesdoesnot follow this distribution. Initially, when

not too many providershave beendiscovered,choosingneigh-
bors only basedon sociability doesnot help the agents�nd
service providers. Hence, when agentsfollow Sociablesin
the beginning, most agentsget averagePageRanks(e.g.,158
agentsget a PageRankaround1).

Observation9: For strongauthoritiesto emerge, it is im-
portant that the agentsput a high value on the ability to
producehigh quality of service.

If the agents prefer sociables,there is little grounding
in quality, and it is dif�cult to �nd good providers. Thus,
strongauthoritiesdo not emerge.However, oncethe network
has stabilized,sociability helps as there is a basis for good
referrals,and thus thereis value in thosewho cangive good
referrals.

V. DESIGN GUIDELINES

Building applicationsof referral systemsrequires many
design decisions.The above results yield design guidelines
for real-life applicationsof referralsystems.Here,we outline
somepossibleapplicationsof the propertiesobserved in this
paper.

Neithertoo many referralsnor too few referralscreatehigh
quality referralnetworks (Observations1 and2). Hence,in a
referralsystem,it would beintuitive to encouragereferralsbut
ensurethatnot anexcessive numberof referralsis exchanged.
Similarly, somenetwork topologieshave beenidenti�ed to be
potentially undesirablein somesettingssuchas e-commerce
(Observations 3 and 4). A referral system could monitor
if the network is evolving into these topologies and take
further steps to prevent the network from exhibiting these
properties.Observation6 shows thatbecomingneighborswith
similar interestsdoes not guaranteequality. Accordingly, a
referralsystemcouldalsocheckwhetheragentsarebecoming
clusteredin small groups.When this is the case,the referral
systemcanstart functioningpoorly.

As shown by Observations7 and 8, having few providers
in the system and exchanging referrals both help identify
authorities.As shown in Observation 9, choosingneighbors
only basedonsociabilitydiscouragestheemergenceof author-
ities. Dependingon the application,the emergenceof strong
authoritiescould be desired.Such an emergenceshows that
useful agentsare identi�ed and used by the others to �nd
information.This is certainlyimportantandcouldbeenforced
in a referral system.Even thoughthe referral systemcannot
decideon the policies of its users,it can advisethe usersto
adjusttheirpoliciesappropriately. Conversely, for example,for
a knowledge managementdomain, strong authoritieswould
indicate that someagentsanswersubstantiallymore queries
thanothers.This overloadingmay not be desirablein sucha
setting.A referralsystemcanthenapplychecksor usecaching
mechanismsto redistribute the expertisemore evenly. When
such cachingmechanismsare used,agentscan cacheinfor-
mationthat they have obtainedfrom othersandserve themas
bestsuits them [15]. The identi�cation of suchpropertiesof
referral networks brings us closerto enablingself-organizing

referralsystemsthat canef�ciently andeffectively operatein
openanddynamicenvironments.

VI . DISCUSSION

We discusssomerelatedapproachesand point directions
for further research.

Multiple Intelligent NodeDocumentServers(MINDS) was
the earliestagent-basedreferral system[5]. Eachnodein the
MINDS systemis allocateda set of documents.Nodeshelp
eachother �nd documentsin the network. Gradually, nodes
learn how the documentsare distributed in the network as
well as the relevancepreferencesof individual users.Kautz
et al. model social networks statically as graphsand study
various aspectsof their performance,such as the accuracy
of the referrals, or the distancebetweena referrer and a
questioner[16]. Our work, by contrast,seeksto uncover the
structuralpropertiesof thenetwork to designmechanismsthat
will improve the quality of the network.

Yu and Singh study referral networks in the context of
scienti�c collaborations[17]. They show how theneighborset
sizeandreferralgraphdepthaffect locatingagentsaccurately.
Yu andSinghrepresentthe referralprocessthroughweighted
graphs,whereweightsare attachedto both agentsand refer-
rals. They develop a methodto minimize referral graphsso
thatagentsonly follow mostpromisingreferrals,i.e., referrals
with high weights.

Kumaret al. developanapproachto infer webcommunities
from the link structureof the Web [18]. Kumaret al. propose
that any communitystructureshouldcontaina bipartite core
wherethefansandcenters make up theindependentsets.Fans
and centersare de�ned recursively, such that fansare pages
thatpointatgoodcentersandcentersarepagesthatarepointed
to by goodfans.Kumaret al.'s approachassumesthat if many
fanspoint to thesamesetof centers,thenthey arelikely to be
on thesametopic,andhenceform a community. Our previous
work on communitiescomparedreferral networks to that of
Kumaret al. in depth[19].

Wang develops an approachfor organizing agents into
communitiesbasedon the similarity of their interestsand
expertise [20]. Initially, each agent registers with a middle
agentrandomly. Basedon thequeriesreceivedfrom theagents,
the middle agentsexchangeagentsto ensurethat agentsthat
have thesameinterestsandexpertisearehandledby thesame
middle agent.This approachusesclusteringto improve the
ef�ciency of locating agents.When the agents' interestsand
expertisearemorediverse,we believe thatour Observation6,
i.e., clusteringdoesnot favor quality, will dominate.

Sabaterand Sierra [21] develop a systemfor reputation
managementwhere reputationsare derived basedboth on
direct interactionsandthe social relationsof the agents.They
use the number of interactionsand the variancein ratings
to derive the the trustworthinessof the agentthrough direct
interactions.To assessthe trustworthinessthrough indirect
interactions,SabaterandSierrausefuzzy inferenceto combine
evidencefrom multiple witnesses.

Buskensstudiestheeffectsof network structureon building
trust [22]. Buskens simulatesthe interactionsof buyers and
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sellersthat participatein iteratedheterogeneoustrust games
thatencouragethecooperationanddiscouragethecheatingof
participants.The buyers interact to exchangeinformation on
the trustworthinessof the sellers.The buyersthemselves are
assumedto be trustworthy. In our model,we do not assume
that the consumersare trustworthy. Hence,we also take into
accountthat someof the consumersmay not give accurate
referrals.Thus,eachconsumeralsomodelsthetrustworthiness
of other consumers.Thesemodelsare then usedto choose
neighborsfor future interactions.Buskensdoesnot consider
evolving network topologies,aswe have done.

Shehory develops a decentralizedapproachfor locating
agents[23]. Ratherthanreturningreferralsashere,theneigh-
borsthemselveslook for thedesiredagent.Shehoryshowshow
increasingthe averagepath lengthcan increasethe ef�ciency
of agentlocation.In our approach,by choosingneighborsthat
are most suitable for itself, eachagent increasesits chance
of getting good answers.By giving well-targeted referrals,
eachagentincreasesothers'chancesof �nding goodanswers.
Theseself-organizationsaspectsarenot directly addressedin
Shehory's approach.

Pujol et al. usethe positionsof agentsin a social network
to computetheir reputation[24]. An agent receives a high
reputationonly if the agentsthat point to it also have high
reputation, similar to the notion of authority exploited in
PageRank.Pujol et al. calculatethe reputationsof authors
wherethe reputationof an authoris de�ned asthe numberof
citationsreceived.However, Pujol et al. do not studydifferent
network topologiesaswe have donehere.

Our framework providesopportunitiesfor further research.
The above resultshere report the simulationsperformedin
the e-commercedomain. One direction of researchit to
extend theseresultsto other applicationdomains,especially
to knowledgemanagement.Another direction of researchis
to incorporateother characteristicsof applications,such as
incentivesfor participation,into the framework.
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