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Abstract— Online auctions have revolutionized the
ability of people to buy and sell items without middle-
men, and sales reaching more than $57 billion every
year on eBay alone. The user interactions at online
auctions form a network of interactions akin to a social
network. Unlik e other online social networks, online
auction networks have not been studied so far. In this
paper, we model and characterize the structur e and
evolution of the network of user interactions on eBay.
Speci�cally, we use over 54 million eBay transaction
feedbackthat usersleavefor eachother. A distinguishing
feature of the graph is the rich meaning that nodes
and edges can have (for example, an edge could be
positive or negative, posted by a buyer or a seller) in
contrast to other graphs such as the topology of the
Inter net. First, we provide the vital statistics of the
emerging graph, which we call eBay graph. We observe
that the graph exhibits both signi�cant differ encesand
similarities to commonly studied graphs. Second, we
study the feedback behavior of users: feedback is not
always reciprocal, and negative feedback is scarce (less
than 1%), but few negative feedbackscould discourage
new users. Finally, we develop an intuiti ve model that
captures key properties of the graph in a visual and
memorable way. Our work can be seenas a �rst step
in understanding online auction graphs, which could
enableus to detect tr ends,abnormalities and ultimately
fraudulent behavior. 1

I . INTRODUCTION

Therehasbeentremendousgrowth of online auc-
tion activities over the last severalyearswith millions
of peoplebuyingandsellinggoodsonline.eBay, uBid,
Bidz, Yahooaresomeof themajoronlineauctionsites
with eBayhaving thelead.Onany givenday, eBayhas
morethana 100 million itemsavailablefor sale,with
6.4 million new items addedevery day. eBay users
worldwide trademorethan$1,812worth of goodson
the site every second.

Despitethe growth of online auctions,there does
not exist prior work focusingon thenetwork structure
of online auctions.We have seenseveral studieson
the graph structure of the Internet [1], [3], [12],
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WWW [2], andsocialnetworks[4], [5]. Recentstudies
alsofocuson understandingthe evolution of complex
graphs [6]–[8]. To our knowledge, this is the �rst
detailedstudyfocusingon the structureandevolution
of huge interactions of online auction users with
over 54 million eBaytransactionfeedbacks.Thereare
studiesthat speci�cally focus on detectingfraudsters
[10], [11].

In thisstudy, wemodelandcharacterizethenetwork
of interactionsof eBayover 7 years.Speci�cally, we
answer the following questions:What are the fun-
damentalcharacteristicsand propertiesof the graph?
How does it evolve? How can we representthis
massive databy a meaningfulintuitive model?

In this analysis,we use54 million eBayfeedbacks
that users leave for each other to reconstructthe
network wide behavior of morethan11 million users.
The information in the datasetis what eBay uses
to rate the trustworthinessof users.A distinguishing
featureof the graph is the rich meaningthat nodes
andedgescanhave (for example,an edgecould have
a positive or negative weight, and originate from a
buyeror a seller)in contrastto previousgraphs.Some
usersaresellersonly, othersbuyersonly andmajority
buyersandsellerswhich we refer themas traders.In
addition, each transactionfeedbackis time-stamped
which enablesus to study the growth of the graph.

The main contributions can be summarizedin the
following points:

1) The eBay graph differs fr om other scale-free
networks. We observe that the graph exhibits
both signi�cant differencesand similarities to
commonly studiedgraphssuch as the Internet
topology. Unlike the Internet and many social
networks, the rich-club phenomenondoes not
appearon the eBay graph, though like many
networks, it hasskewed degreedistribution and
is disassortative. Anotherinterestingpropertyis
that the degree distribution of negative feed-
backsis skewed.

2) The graph becomesdenserover time. We see
graphdensi�cationandgrowth of giant compo-
nent over time. Linear preferentialattachment



existspartially aswe explain later. Furthermore,
the negative feedbacksthat a userhasdecrease
signi�cantly the“preferential”statusof theuser.

3) Feedbackis not always reciprocal and nega-
tive feedback is rar e. Our analysisshows the
rate of retaliatory negative feedbackis about
20% andthe rateof reciprocatingpositive feed-
back is about51%. Overall, negative feedback
is scarce(lessthan1%).

4) We develop an intuiti ve model, which captures
key propertiesof the graph in a visual and
memorableway. The model is basedon graph
eccentricity which is key metric to identify
centralnodes.

The paperis organizedasfollows. In SectionII we
describethe datasetandthe differenttypesof graphs
constructedfor our analysis.SectionIII presentsthe
fundamentalgraphproperties.In sectionIV we study
the evolution of the eBaygraph.SectionV coversthe
feedbackbehavior. We developedan intuitive model
in sectionVI. In sectionVII, we cover relatedwork.
We concludein sectionVIII.

I I . DATA DESCRIPTION

Thedatasetwe usefor this studyis eBayfeedbacks
thatusersleave for eachother. eBaysellersandbuyers
have the opportunity to rate eachother (1, 0 or -1)
andleave commentsafter eachtransaction.It is a key
informationto computethefeedbackscoreusedby the
eBayreputationmechanismto ratethetrustworthiness
of users.The feedbackscoreof a useris computedby
taking the numberof distinct userswho left positive
feedback,andsubtractingthe numberof uniqueusers
who left negative feedbacks.

Userswith goodfeedbackareregardedastrustwor-
thy individuals,andhave the bene�t of selling goods
for a higher price comparedto thosewho have re-
ceivednegative feedbacksor lack previoustransaction
records.In fact, eBay usershave the opportunity to
view the breakdown of positive, negative, andneutral
feedbacksfor thepastonemonth,six months,andone
yearof a user.

The datasetcontainsabout54 million eBay trans-
action feedbacksthat involve 11 million users,where
66,130of themarefully crawled, i.e. all thefeedbacks
left for the usersduring seven years(1999 to 2006)
are includedto the dataset.The transactionfeedback
containstheuser-nameof thepersonwho left thefeed-
back, the user-nameof the personwho received the
feedback,the feedbackscore,the time the feedbackis
written andthe the role of usersi.e. who is the seller
and who is the buyer. It also containsa userpro�le
which includesthe eBay user-name,the date joined,

the location, and the statusof crawling. The data is
importedinto a MySQL 5.0.37server.

Thedatais collectedby crawling theeBaysiteusing
a Breadth First Searchmechanism.Initially, a seed
set of usersis insertedinto a queue.In the crawling
process,the �rst entryof thequeueis poppedout, and
all feedbacksleft for the userarecollected.While all
the feedbackleft for the useris addedto the dataset,
every userseenfor the�rst time is addedto thetail of
the queue.Onceall the userfeedbacksare collected,
the user is marked as visited, and removed from the
queue.

We model the data as a graph where a user is
representedby a node and a transactionfeedback
betweenusersby an edge.The eBaygraphhasa rich
meaningcomparedto previousgraphs.A nodecanbe
either a seller only, buyer only, or a trader. An edge
could have a positive, neutralor negative weight,and
is eithera buyer feedbackor a seller feedback.

We constructthree different types of graphs:the
Trustgraph,theTransactiongraph,andtheUndirected
graphfor understandingthekey propertiesof theeBay
transactionfeedback.

The Trust graph is a directedgraphwhich repre-
sentsthe eBay reputationsystem.We draw an edge
from a to b if a votesfor b. The weight of the edge
is the valueof the vote (+1, 0, or 1)

The Transaction graph is a directedgraphwhich
representstherole of users.We draw a line from node
a to nodeb if a buys from b.

TheUndir ectedgraph consistsof undirectededges
betweennodesthatat leastonenodehasleft feedback
for the other.

Based on the method of construction,the three
graphsreveal different propertiesof the eBay trans-
action feedback.We usethe Trust graphto study the
nodedegreedistribution, graphgrowth andevolution
whereastheundirectedgraphto computefundamental
graphmetric propertiessuchas the rich club connec-
tivity, node eccentricity, diameterof the graph and
otherproperties.Notethatwe mentiontheTransaction
graphfor completeness,but wedonot studythisgraph
here.

I I I . FUNDAMENTAL GRAPH PROPERTIES

In this section, we focus on understandingthe
fundamentaltopologicalpropertiesof theeBaygraph.
In thepast,severalstudiesexaminethegraphstructure
of the Internet [1], [3], [12], WWW [2], and social
networks [4], [5]. Most of the studies reveal the
power-law degreedistribution, small-world, rich club
connectivity, assortativity and other graph metrics,
which are important to understandand model the
graphsstructure.
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Fig. 1. The in-degreedistribution of the Trust graph.
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Fig. 2. Thedistribution of negative feedbacksreceived by
a node(for nodeswith negative feedback).

TheeBaygraphexhibitsbothsigni�cant differences
and similarities to commonlystudiedgraphssuchas
the Internet,Word Wide Web andsocialnetworks. It
exhibits a skewed degreedistribution, disassortativity
and revealsgraphdensi�cation over time. But unlike
theInternetandsocialnetworks,it doesnot possesthe
rich club connectivity phenomenon,and preferential
attachmentholds partially as we explain in the next
section.

A. DegreeDistribution

The degreedistribution of many graphssuchasthe
Internet,theWebandsocialnetworksfollow a power-
law degreedistribution [12]. In this study, we usedthe
Trustgraphto examinethenodein-degreedistribution
to capturedistribution of feedbacksamongusers.In
this analysis,we focuson the in-degreedistribution of
about66,000fully crawled nodes.We also study the
distribution of negative feedbacks,which is a primary
parameterin determining the trustworthinessof an
eBayuser.

TheComplementaryCumulative Distribution Func-
tion (CCDF) shows a skewed degree distribution as
can be seen in Fig. 1. The majority of the nodes
are of low degree and few nodeshave high degree.
Similarly, the CCDF of negative feedbacksis skewed
(Fig. 2). We seethat approximately99% of the nodes
with negative feedbackhave less than 10 negative
feedbacks,while there are somenodeswith a large
numberof negative feedbacks(up to 896).

B. Rich Club Connectivity

In the Internet graph at the network level, high
degreenodesare very well connectedto eachother.
This propertyis referredastherich club phenomenon.
The eBay graph differs from the Internet topology
whenit comesto the Rich Club connectivity [1]. The
rich club phenomenondoesnot appearon the eBay
feedbackgraph (seeFig. 3). High degree nodesare
hardly connecteddirectly with eachother. In orderto

Fig. 3. The rich club connectivity of the graph.

computethe rich club coef�cient, nodesin a network
are sorted by decreasingnumber of links that each
nodecontains.The noderank r denotesthe position
of a node on this ordered list. The node rank is
normalizedby the total numberof nodesin thegraph.
The rich-clubconnectivity of the normalizedrank r is
de�ned astheratio of theactualnumberof links to the
maximumpossiblenumberof links amongnodeswith
rank less than or equal to r. The maximumpossible
numberof links betweenn nodesis n(n-1)/2. In this
analysis, we consider all the feedbacksexchanged
within one year (2005), and we observe that the top
61 high degreenodes(0.001%of the total) which are
attachedto 25% of the edgesare not connectedwith
eachother. We repeatedthe sameset of experiments
over several yearsandobserved similar behavior. We
attribute this to the fact that high degree nodesare
usuallysellers,which rarely interact.

C. Distance

We examine the hop plot and eccentricityof the
undirected eBay graph. The hop plot, also called
the basic neighborhoodfunction N(h), of a graph,
is de�ned as the numberof pairs of nodeswithin a
speci�ed distanceh, for all distancesh. Fig. 4 shows
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Fig. 4. The hop plot of the graph(CDF).
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Fig. 5. The nodeeccentricitydistribution of the graph.

theCDF of thehop-plotof theeBaygraph,wherewe
seethat roughly 97% of the nodesare within 4 hops
from eachother.

Another distancemetric is the eccentricity of a
vertex v, which is de�ned as the maximum distance
betweenv andany othervertex in thegraph.Notethat
the maximum eccentricityover all nodesin a graph
is the graph diameter. Intuitively, the set of nodes
with maximumeccentricityform the graphperiphery,
while nodeswith minimum eccentricity correspond
to the centerof the graph.Our resultsshow that the
minimumgrapheccentricityis 4, andthemaximumis
7. Fig. 5 shows thePDFof eccentricity. As we explain
later, we usetheeccentricityto identify centralnodes,
whenconstructingour intuitive model.

IV. GRAPH EVOLUTION

An in-depthunderstandingof thegraphevolution is
useful for modelingthe growth of the eBaygraphin
generalandindividual usersin particular. In addition,
understandingthe graph evolution is a �rst step to
detectabnormaltrends.Howeverhere,wefocuson the
densi�cationandpreferentialattachmentpropertiesof
the eBay graph which has been observed in many
complex networks [8], [9].
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Fig. 6. The averagein-degreeover time.

A. Densi�cation

We study the density by computing the average
nodein-degreeof theeBaytrustgraphover time. The
numberof new nodesincreasesover the years,and
new edgesappearas new nodesconnectsto an old
node or when two old nodesconnect.Our analysis
revealedan increasein the averagenodein-degreein
the network over the years,with the numberof edges
growing super-linearly in the numberof nodeswhich
is an indicationof graphdensi�cation (Fig. 6).

B. Preferential attachment

In many evolving networks, new nodesare more
likely to connectto nodesthat alreadyhave a larger
numberof links, a phenomenawidely known aspref-
erential attachment.In fact, preferential attachment
explainsthe emergenceof the heterogeneousnetwork
structureandskewed degreedistribution [8], [9].

Our study of the eBay Trust graphrevealedthat a
linear preferentialattachmentexists partially. Linear
preferentialattachmentmeansthat the probability of
connectingto a nodeis proportionalto its in-degree.It
is known that eBaymechanisms“put lessweight” on
the old behavior of nodes(from the way reputationis
calculatedandshow). Thus,we did the following: We
computethe degreeof the nodesusing the feedbacks
left during �rst 9 monthsof the year2005.Then,we
observe thenew edgesduring the remaining3 months
of thatyear. First,we examinegoodnodes:nodeswith
less than 10 negative feedbacksand more than 90%
positive feedback.Then,we plot the numberof new
edgesas a function of the node degree.Our results
show that the averagenumberof new connectionsis
proportionalto the degreeof the nodes.We observe
linear preferentialattachmentespeciallyfor nodesof
degreelessthan500(seeFig. 7 andFig. 8). As nodes
obtain higher degrees,say above 500, the correlation
betweendegreeandpreferenceweakens.We repeated
the sameexperimentover different yearsand found
similar results.
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Fig. 7. Theaveragenumberof degreeincreaseperdegree.
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Fig. 8. The averagedegreeincreaseper degreefor nodes
of degree less than 500. Nodesare groupedin bins 1-5,
6-10 etc for statisticalpurposes.

Furthermore,we examine the effect of negative
feedbacksand�nd thatuserswith highnegativescores
have very low chanceof attractingnew users.Here,
we study nodeswith over 10 negative feedbacksand
lessthan90% positive feedbackratio from year2005
asabove.We �nd that thereareno new edgeattached
to 50% of thesenodes.

We concludethat linear preferentialattachmentex-
ists for nodeswith low negative feedbacks,and is a
factoronly in low to mediumdegreenodes(< = 500).

V. FEEDBACK AND RETALIATION

As mentionedearlier, userscanleave positive, neu-
tral or negative feedbackfor a userwith whom they
transacted.Many commentson the eBay feedback
forum claim that the fear of receiving retaliatory
negative feedbackis a reasonfor the limited negative
feedback.We tried to examine the validity of this
conjectureby answeringthe following questions:Do
peoplereciprocatewith a positive feedback,and do
peopleretaliateto a negative feedback?

We study the feedback considering the relative
orderwith which thefeedbackis written. We examine
feedbacksbetweenfully crawled nodes,and we look
at the �rst feedbackandanalyzethe response,if any.
Our analysisshows the rate of retaliatory feedbacks
is 20%, namely, whenever user 'A' writes a negative
feedbackfor user 'B', then user 'B' retaliatesone
out of � ve times (by postinga negative feedbackfor
user 'A'). The remaining80% get positive, zero or
no feedbackin return. Thus, we believe retaliatory
feedbackis not as wide spreadas one might think.
At the sametime, reciprocatingto positive feedback
is around50%, which is higher than the retaliation,
but again signi�cantly less than a default positive
response.

Fig. 9. An intuitive modelbasedon eccentricity.

VI. INTUITIVE MODEL

We develop an intuitive model that captureskey
propertiesof thegraphin avisualandmemorableway.
Our goal is to generatea simplemodelthatonecould
draw easily on a boardwith a few lines. To develop
our model, we use the node eccentricity, which we
de�ned earlier. Here,we usethe Undirectedgraphof
the fully crawled connectednodes(66K nodes).

We startby usingeccentricityto de�ne the“center”
of the graph.We de�ne the core (layer 0) to be the
setof nodeswith minimumeccentricity, which is 4, as
shown in Fig. 9. Then,we iteratively de�ne the next
layerasthenodesthataredirectlyconnectedto at least
onenodein theupperlayer. Giventhis de�nition, it is
easyto provethattheeccentricityof nodesat layer-i+1
is boundedby the eccentricityof a directly connected
nodeat layer-i plus one.

Interestingly, we have only 4 layers in our graph.
The core layer contains1% of the nodes,the two
middle layerscontainthe majority of the nodes(over
43+48= 91%) and the last layer accountsfor 8% of
the nodes.As one would expect, the majority of the
nodesin the core layer arehigh degreenodes.

The model is helpful in visualizingthe structureof
the graphandsomeof its properties.

First, the model revealsthe “shallowness”or com-
pactnessof thegraph.Thesepropertiesappearin many
highly skewed, small-world andscale-freenetworks.



Second,the model provides visually a bound for
the eccentricityand diameterof the graph,assuming
we know the minimum eccentricity. The eccentricity
of thenodesat coreis ecc(core) = 4 by construction,
and the eccentricityof nodesat layer i is bounded
by ecc(layeri ) � ecc(core) + i . Thus,the modelcan
quickly point to thefactthatthemaximumeccentricity
of thegraphis boundedby 7. Recallthat thediameter
is 7 in this graph.

VII . RELATED WORK

Several researchefforts study the structureof the
Internet[1], [3] [12] andWWW [2]. In fact, thereare
too many to list here exhaustively. Social networks
have been analyzed in [4]–[7], where researchers
report that the core of suchnetwork containsa very
large componentlinked to somesmaller but highly
connectedcomponents.Thesestudiesalso compare
the structureof socialnetworks to that of other types
of networks, such as the Internet. Other interesting
studiesfocus on complex network graphsin general
[8], [9]. Thesestudiesalso analyzethe evolution of
the graph which includes extended discussionson
the issuesof graphdensi�cation, shrinking diameter,
andpreferentialattachment.Another interestingwork
focuseson detectingfraudsterson eBay [10], [11],
and developstechniquesto analyzethe samedataas
we have here, namely feedbackrecordsfrom eBay
transactions,and identify suspicioususer behavior.
Thatwork exploits thelocal graphstructure:thecollu-
sionof usersto arti�cially boosttheir score.However,
that work doesnot attemptto characterizethe graph
structureof transactions.

Our work is different from theseresearchefforts:
to the best of our knowledge, this is the �rst study
that focuseson online auction userswith the intent
to model the network structureand identify network-
wide trends.

VII I . CONCLUSIONS

In this paper, we model and characterizethe net-
work of interactionsof eBay usersusing 10 GBytes
data for 54 million transactionfeedbackentriesthat
usersleave for each.

We observe that the graph exhibits both signi�-
cantdifferencesandsimilarities to commonlystudied
graphssuchas the Internettopology.

We alsoobserve that linear preferentialattachment
exists partially: especiallyfor the low-degree nodes
(< = 500) of good standing.One explanation is that
once a user seemssuf�ciently credible, the exact
number of satis�ed users becomesless important.

However, negative feedbacksseemto hurt the repu-
tation of a userin a signi�cant way.

We �nd that negative feedbackis lessthan 1% of
the total feedback.This could meanthat either most
peoplearegood,or peopleareafraid to leave negative
feedback.Investigatingthis further, however, we �nd
that retaliatorynegative feedbackis lessthan20%.

Finally, we develop an intuitive model basedon
eccentricity. Themodelgroupsnodesin 4 layers,with
the top layer being the “central” nodesin terms of
connectivity. We �nd that the model captureskey
propertiesof the graph such as the shallownessof
the graph,boundfor graphdiameterin a visual and
memorableway.

In the future, we want to focus on characterizing
theevolutionof individualusersto createa few typical
pro�les anddevelopmethodsto identify abnormaluser
behavior andpatterns.We alsowant to understandthe
interactionof usersin termsof communities:in other
words, look at clusteringpropertiesin the graph.
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