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Abstract. The amount of business taking place in online marketplaces such as
eBay is growing rapidly. At the end of 2005 eBay Inc. reported annual growth
rates of 42.5% [3] and in February 2006 received 3 million user feedback comments per day [1]. Now we are faced with the task of using the limited information
provided on auction sites to transact with complete strangers with whom we will
most likely only interact with once. People will naturally be comfortable with old
fashioned “corner store” business practice [14], based on a person to person trust
which is lacking in large-scale electronic marketplaces such as eBay and Amazon.com. We analyse reasons why the current feedback scores on eBay and most
other online auctions are too positive. We introduce AuctionRules, a trust-mining
algorithm which captures subtle indications of negativity from user comments in
cases where users have rated a sale as positive but still voiced some grievance in
their feedback. We explain how these new trust values can be propagated using a
graph-representation of the eBay marketplace to provide personalized trust values
for both parties in a potential transaction. Our experimental results show that AuctionRules beats seven benchmark algorithms by up to 21%, achieving up to 97.5%
accuracy , with a false negative rate of 0% in comment classification tests compared
with up to 8.5% from other algorithms tested.
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1. Introduction
The majority of feedback comments on online auction transactions are positive. [14]. According to our analysis eBay is over 99% biased towards positive comments. Currently,
eBay compiles a “generic” trust value from these comments, meaning that any seller’s
trust value that gets presented to a buyer is (a) presented to every other person who looks
up that user, and (b) compiled from a system which is 99% positively biased. This is
going to yield unnaturally positive trust scores in the system. Furthermore, eBay actually removes some negative comments from the system. As of September 2005, negative
comments from users who have been in the system for less than 90 days get deleted from
the system. [1]
We are proposing that trust values can be propagated throughout an e-commerce application between buyers and sellers, and that we can harness this information to compute a
tailored trust value for a previously unseen user. A very basic example of this propagation
might be as follows: Bob purchases from Mary and leaves a comment. Mary purchases
from John and leaves a comment. If Bob’s comment on Mary is positive, and Mary’s
comment on John is positive, then we might assume that if Bob were to purchase from
Mary, there would be a positive comment. We make assumptions about the transitivity
of trust in online applications. Section 2.1.2 outlines our arguments in detail.
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Figure 1. Personalized and Non-Personalized Trust Computation

Considering the fact that eBay is biased towards positive comments, we cannot use the
existing eBay trust scores in our propagation mechanism. We examine several ways to
compute trust-values which are different from the current eBay implementation, and introduce AuctionRules, an algorithm which we developed for this purpose. Details of the
AuctionRules algorithm are given in section 3.1.
In our evaluation section we use a dataset of auction feedback comments which have
been classified by real users in an online survey. These are used to test the classification
accuracy of AuctionRules against 7 popular classification algorithms. Our results show
that AuctionRules outperforms all 7 benchmark classification algorithms by an average of
21%, and achieves a false-negative rate of zero, compared with an average false-negative
rate of 5% for the other algorithms. We also outline ongoing experiments for testing the
accuracy of our trust propagation system on the same dataset.
Figure 1 illustrates the difference between the current non-personalized approach to trustcomputation in eBay and our proposed personalized approach. Suppose user C wants to
know how trustworthy user E is. Traditional (non-personalized) trust values are given by
Equations 1 and 2 as a combination of all the incoming arcs. One of many computations
for personalized trust is shown by Equation 3 as the combined trust of all the users in
the path between nodes C and E. For example, Figure 1 shows the personalization in
Equation 3 graphically in that node G will receive a trust value on node E through the
connecting node B, whereas node c will receive a different trust value computed from the
connecting nodes B and D. The benefit of this technique is that each node will receive a
different, tailor-made trust prediction on user E, analogous to asking a friend about the
seller in the local corner shop.
T rust(E) =

T rust(F, E) + T rust(A, E) + T rust(B, E) + T rust(D, E)
(1)
n

T rust(C, E) = T rust(E)
T rust(C, E) =

(2)

T rust(C, B) ∗ T rust(B, E) + T rust(C, D) ∗ T rust(D, E)
(3)
n

2. Background Research
Background work for this paper is in two areas. Firstly, we examine the related work in
the area of trust computation and transitivity in online auction sites. The second part of
our background work involves a comparative survey of ten popular auction sites. This
is predominantly an applicability survey, in which we examine how suitable our trustpropagation algorithm is to each auction site.
2.1. Related Work on Trust in Online Auctions
A large amount of research effort has focussed on issues of trust in e-commerce
[15][14][2][5][17] and other online systems [10][11][9][4]. We will now examine work
in formalising the concept of trust, it’s transitive properties and it’s use in e-commerce
applications.
2.1.1. What is Trust?
A clear definition of what is meant by trust can be somewhat elusive. Marsh describes
a formalized model of trust in [9]. This computational model considers both the social
and the technological aspects of trust. Marsh defines some important categories for trust
which are useful to our research. Context-Specific Trust arises when one user must trust
another with respect to a specific situation. Marsh also defines System Trust as the trust
that a user places in the system as a whole. Both of these concepts are especially relevant
to our experiments with online auctions, in dealing with the individual users with whom
we transact, and with the environment in which we make the transaction.
For our experiments with online marketplaces we must have a clear understanding of the
differences between concepts of trust, and those of reputation. Resnick clearly differentiates between the concepts of trust and reputation in [14], citing the Oxford definition
of reputation: Reputation is what is generally said or believed about a person or things
character or standing. [14] sums up the difference in the following two plausible, normal
statements. “I trust you because of your good reputation”. “I trust you despite your bad
reputation”. Relating back to our previous example in Figure 1, reputation is given by
Equations 1 and 2, whereas Equation 3 defines trust in the personalized sense given in
[14].
2.1.2. Transitivity of Trust in Online Applications
Real world trust and reputation is propagated through friends and colleagues. [15] A potential stumbling block of this work lies in assumption that trust is transitive in the online
world. For our experiments to be successful we require our trust values to have this property. There have been works which argue against this idea, for example [2] shows that
trust is not implicitly transitive. However, far more research supports transitive aspects of
trust. [4] introduces the filmtrust system, which operates successfully by propagation of
trust. Similarly, the moleskiing system in [10] uses transitive trust. Experiments in [17]
show trust propagation working successfully in PeerTrust, an experimental e-commerce
application. Work in [11] and [5] also supports this concept in recommendation and ecommerce systems respectively.
Xiong and Liu [17] outline three basic trust parameters for online auction systems. 1:
The amount of user satisfaction. 2: The context, defined as the number of previous transactions a user has been involved in. 3: A balancing factor of trust. (to offset false feedback). Using the PeerTrust system, a simulated network of 128 peers, they show that
trust can be propagated with reasonable accuracy by using their three parameters.
Work by Jøsang et al. in [7] and [6] describe approaches to trust network analysis using
subjective logic. They define a method for simplifying complex trust networks so they

may be expressed in concise form, and use a formal notation for describing trust transitivity and parallel combination of trust paths. The core idea of this work is that trust can
be represented as beliefs, and therefore be computed securely with subjective logic. The
approach in [7] compares favourably with normalisation approaches such as Google’s
PageRank and the EigenTrust algorithm [8].
2.1.3. Trust on eBay.
Resnick highlights some relevant points which affect the current eBay reputation system
in [14] and [15]. Buyers reputation matter less since they hold the goods until they are
paid. Feedback can be affected by the person who makes the first comment, ie: feedback
can be reciprocated. Retaliatory feedback and potential for lawsuits are strong disincentives for leaving negative comments. Anonymity is possible in eBay since real names
are not revealed and the only thing validated at registration is an email address. Users
can choose not to display feedback comments. Also “Unpaid Item” buyers cannot leave
feedback [1], and users can agree to mutually withdraw feedback [1]. All of these points
help to explain the lack of negative comments on eBay. Of course this does not mean
that customers are satisfied. The eBay forums 1 highlight the fact that false advertising
does occur on eBay. This should lead to more negative comments, but they are not being
displayed. [17] provides further reasoning for the imbalance of positive comments on
eBay. Our proposed model of trust for eBay should provide a more realistic scale than
the existing system.
2.2. Comparative Survey of Online Auction Sites
A survey was conducted of 10 online auction/retail sites. Full results of this survey are
available on the web2 . For each site we asked several specific questions relating to the
potential applicability of a trust modelling and propagation module to the system. To
assess whether or not our trust propagation system would be applicable to the site, we
asked the following questions:
• What are the user roles in the system. (Buyer/Seller/Both)
• Is there an existing trust value? (y/n)
• If so, is it personalized (y/n)
• What is the percentage of positive comments?
• What are the review types (Product/People/Both)
• What are the requirements for making a rating (Purchase/Registration/None)
• What types of sale are provided (auction/retail/both)
Interestingly, none of the sites surveyed provided any personalization of trust scores. The
trust propagation system required that users could be both buyers and sellers, comments
were provided on transactions, and that the comments be mostly genuine. For this reason we enquired about the potential for malicious attacking [12] by assessing the cost
of making a rating. We found that our application would be deployable on 7/10 of the
surveyed sites. Users have the option of performing buyer or seller roles on 8/10 sites.
On 6 of the sites, reviews were made about other users, and on 1 site reviews were on
products only. 3 sites allowed reviews of both. An important statistic we gathered was
that on average user feedback was over 94% positive across all the sites reviewed. This
reaffirms the need for a negativity-capturing algorithm if we are to build a new trust
model. AuctionRules() captures negativity in comments where users are dissatisfied with
transactions but still provide positive ratings. This situation can arise for many reasons,
1 http://forums.ebay.com
2 http://www.johnod.net/research.jsp

such as fear of reciprocal negative comments as described by Resnick in [14]. Section
3.1 details this algorithm.
3. Building a Model of Trust
Figure 2 illustrates the process by which we build trust values based on rating data from
the eBay site and from corresponding user-evaluations of those comments. Firstly a web
crawler was designed to pull information from the live auction site. We have a set of
interfaces that can crawl data from several popular auction sites. For this paper we use
a subset of data from eBay only. Crawled data is stored in an relational database in the
basic form {useri , userj , trust(i,j) }, along with other information such as eBay trust
score, number of transactions etc.
Some of the comments left by users will not contain much more information than the
binary positive or negative rating that the commenter has given already. An example of
such a comment is “Great Seller, Thanks!”. This comment does not provide us with any
real information surplus to what we know already about this particular transaction. However, many of the comments on eBay do provide us with extra information which can be
incorporated into the trust modelling process. Take the following for example: “Product
delivered on time, perfect condition, nicely packaged, would buy from again!!”. This
comment provides us a wealth of extra information about the seller, such as punctuality
of delivery, package and product quality. These are some of the salient features of a trustworthy seller. It would require very advanced natural language processing techniques to
fully analyse and understand every user comment on eBay. We have developed a technique for approximating the goodness of a user comment for the purposes of building
our trust graph. The following section outlines this technique.
3.1. The AuctionRules Algorithm
AuctionRules operates under the assumption that people will generally use the same set of
terms to express some form of dissatisfaction in their online auction comments. This has
become apparent after initial manual examination of online auction comments, and subsequent automated testing. The algorithm captures negativity in comments where users
have complained but still marked the comment as positive. This has been shown in [14]
to occur a lot in situations where users are afraid of retaliatory negative comments.
AuctionRules is a machine learning algorithm. As with most ML techniques, training examples were required for the algorithm to learn. The algorithm works only with words
and phrases which explicitly express negativity. Many of the words, expressions and
characters in the raw comments were of no value to the learning process, so before training examples were compiled, preprocessing was done to reduce complexity.
An implementation the “porter stemming” algorithm [13] was used to shorten comments.
The standard porter stemmer uses many rules for removing suffixes. For example, all of
the terms in c are conflated to the root term “connect”. c = connect, connected, connecting, connection, connections. This reduces the number of terms and therefore the complexity of the data. The stemmer algorithm was modified to also stem characters not used
by AuctionRules, such as “?, !, *, (, )” for example.
Data complexity is further reduced by removal of stop-words. Initially, Google’s stopword list3 was removed. This list was embellished with over 50 frequent words manually
selected from user comments (on different auction sites) deemed to be of no help in
ascertaining negativity. Examples of words in this list are: “Product, Item, Seller, Those,
These, Book, Buyer”. In a sample test of 4065 tested terms, there were only 556 unique
after stemming/stop word removal. This is one unique term in every 7.3, which is a large
3 http://www.ranks.nl/tools/stopwords.html

Figure 2. Graphical overview of the trust-modelling process. [Current implementation only uses eBay as a
source for ratings.]

Figure 3. Stemming, stop-word removal and classification of a sample comment from eBay.

overlap. When AuctionRules works in probabilistic mode, it will output the number of
bad terms in the comment, which is 3 in this example, over the maximum number of bad
terms found in a comment, which was 5 in our tests, meaning that the probability of the
example comment being negative is 60%.
AuctionRules starts as a majority class predictor over the training data. Negative comments are isolated using lexicon of single negative terms such as “bad”, “awful” etc, and
a set of checks for negative prefixes such as “not” before positive terms such as “good”.
Each term in the comment is tested individually, with the preceding term where possible.
A hit arises when a negative term or phrase is found in the comment. A threshold value
is used to determine the number of negative hits required to sway the classifier. Figure 3
shows AuctionRules working on a sample comment from eBay. In this particular example, AuctionRules will always classify the comment as negative because it triggers a special rule. There are a number of such rules used in the algorithm, e.g. when the stemmed

term “‘ship” is found with any term from a term-list indicating “costly”, the comment is
classified as negative.
To provide training examples for the algorithms we had to manually classify the data.
User’s opinions were collected on each comment in an online evaluation. Details of this
evaluation are given in the following section. Comments were rated on a scale of 1 to 5
(1 = strong negative). A threshold value of 2 was chosen as the pivotal point for a positive
comment by the AuctionRules algorithm. This value was chosen because it produced the
highest accuracies when we varied the threshold for a positive comment over different
runs of several popular classifiers in pre-testing. Any comment rated 2 or lower was
tagged as negative, and the rest positive.
Figure 2 also shows a query expansion module, which is un-tested at present. This module queries an online thesaurus4 for a list of synonyms, and expands each individual term
AuctionRules is testing to include the list of synonyms. Each word in this new list is then
compared to the lexicon of negative (and/or positive) words. When this expansion is used
there are many false hits, so the threshold for the number of hits to sway the classifier is
greatly increased. Experiments to test this technique in more detail will be explained in
a future paper.
3.2. Live User Evaluations of eBay Comments
From the user evaluations5 1000 ratings on eBay comments were collected. In this survey, users were asked to rate the positiveness of each comment on a Likert scale of 1 to
5. 10 comments were presented to a user in each session. Each comment was made by
different buyers about one seller. Users were required to answer the following:
• How positive is the comment (Average rating: 3.8442)
• How informative is the comment (Average rating: 3.1377)
• Would you buy from this seller (Average rating: 4.0819)
In the current implementation of AuctionRules, only results from the first question are
used to develop training examples. For future experiments we may incorporate results
from the other questions.
3.3. Crawler Algorithm
Permission was sought from eBay inc. to use the information from the eBay website in
our experiments. We had to gather the data ourselves by using a specially tailored web
crawler. Below is the basic algorithm for the crawler.

Algorithm 3.1:

CRAWL (String

url_list, int num_comments)

for i ← 1 to #Items_on_page
f ollowSellerLink();
for j ← 1 to #Comments_on_page
db.add(sellerId, buyerId, comment, sellerT rust, buyerT rust);
return (db);

4 http://thesaurus.reference.com
5 www.johnod.net/Survey1.jsp

3.4. Classification of Comments in WEKA
In our experimental evaluation we show results of a range of classification algorithms
running on our pre-classified set of feedback comments. We used the Weka corpus [16]
of machine learning algorithms to run most of the experiments. To use the Weka classification algorithms from their system, data must be input in “ARFF” format. An ARFFCompiler program was written to automatically feed the comments into the Weka system. Figure 2 shows where this fits into the architecture. Each comment was tagged with
its classification from the user evaluation. The header files consisted of a list of attributes
used by Weka’s algorithms. The attribute list for our data is a list of comma separated
unique terms across the entire set of comments. Details of the Weka experiments compared with AuctionRules are shown in the evaluation.
AuctionRules can be set to output binary or probabilistic classifications of comments,
based on the number of negative terms. As shown in Figure 2, output from the algorithm is a set of triples of the form: e(i,j) = {useri , userj , trust(i,j) }. This forms our
basic units of trust to be used in the propagation mechanisms described in the following
section.
4. Representing the Auction as a Trust Graph
So far we have explained the AuctionRules algorithm generates a broader scale of trust
than the current feedback we see on ebay by drawing on information in user comments.
Figure 6.2 in the evaluation section shows this improvement. The new trust values are of
the form e(i,j) = {useri , userj , trust(i,j) }. Now we explain how the model generated
by AuctionRules enables us to generate personalized trust values.
We construct a trust-graph of our subset of the eBay marketplace so that we can find paths
between buyers and sellers. There were a number of factors to consider when constructing this graph. The three scenarios in Figure 4 show these considerations. In the graph an
arrow represents some unidirectional trust value. On eBay, users can play three different
roles: buyer, seller or both. This creates different communication patterns between users
with different roles. For example, Resnick explains in [14] that seller trust matters less
since they hold the product until payment is made. When a transaction happens on eBay,
a buyer leaves a comment on a seller and vice-versa. We could consider only buyers
comments on sellers, since the bulk of the hazard in the transaction lies with trusting the
sellers [14]. Figure 4 (a) depicts this approach. However, as the diagram shows, there is
much less connectivity in the resulting graph. In fact, the only way for a buyer node r
can know about a seller p is through a node q that performs both roles, and has interacted
with r and p.
To overcome this constraint, we assume all nodes to be of type q, that is, they can all be
both buyers and sellers. There is no distinction drawn between comments from buyers
and those from sellers. This simplification allows much greater connectivity in the trust
graph. Every node in the resulting graph will have an even number of edges entering and
leaving it. Furthermore, there will be an equal number of edges entering and leaving the
node. Figure 4 (b) shows this graphically. In many cases there are multiple transactions
between the same buyer and seller, as shown in Figure 4 (c). When this occurs, we take
the average value over each linking edge in the graph.
5. Generating Personalized Trust
Figure 5 shows the implementation of the personalization stage of our system. An ID
value for the user seeking the trust value is passed to the system, along with an ID for the
potential seller or buyer that the user is querying. The system queries the database of trust
values and returns the two shortest paths between the two nodes. A path between two

Figure 4. Graphical depiction of possible interactions between buyers and sellers in the eBay marketplace

Figure 5. Graphical overview of the trust prediction phase of the system. [Some of the analysis modules are
not included in the illustration.]

users is represented in the form P = (usource , u, t), (u, u, t), ......(u, usink , t) Where
usource is the user seeking a trust value t on user usink . The system then combines the
trust values along these paths in four different ways. These combinations are given below.
The system can be set to use any of the four techniques for combining trust scores along
the paths.
• weightedDistance - The average trust score over all the edges in the shortest path,
discounted by the distance from the source.
• meanPath - The average trust score over all the edges in the shortest path between
the source node and target node.
• twoPathMean - The average of the meanPath of the shortest path in the graph and the
meanPath of the second shortest path.
• SHMPath - The simple harmonic mean of the trust scores over all edges in the shortest
path.
6. Experimental Evaluation
Ideally our data should have a high level of overlap between buyers and sellers, as well
as rich textual comments on each transaction made. eBay provided a structured way for
users to leave good textual comments on their sales and purchases. This domain has
millions of users so we chose a subset which had very high overlap amongst its users.
This subset was the purchase and sales of Egyptian Antiques, because there were a large
number of users who played the roles of both buyer and seller.

Figure 6. Classification Accuracy [classification distribution from user evaluations: 36% positive, 63% negative, using a threshold of 4 or higher for a positive comment.]

Initially we crawled over 10,000 comments from the eBay site. For the following experiments, we used only the set of comments which were rated by real people in our user
evaluations. This is a set of 1000 classified user comments. From this set we found that
on average there were 5.08 terms per comment, the max number of terms in a comment
was 16. The set consists of entries from 313 buyers on 14 sellers.
6.1. Preliminary Experiment 1: Comparing Classifier Accuracy for Computing Trust
We needed to assess how well the system extracted trust values from raw textual comments. To examine this empirically, the classification accuracy of the AuctionRules algorithm was tested against against 7 popular algorithms. We chose three rule-based learners, Zero-r, One-r and Decision Table, a tree learner C4.5 rules, two Bayes learners,
Naive Bayes and BayesNet, and a lazy learning algorithm K-Star.
Figure 6 shows results of this experiment. For each algorithm we performed three runs.
a 60:40 train-test split, an 80:20 split, and a 10-fold cross validation of the training set,
which randomly selects a training set from the data over 10 runs of the classifier and
averages the result. In the experiment each algorithm made a prediction for every value
in the test set, and this prediction was compared against the training set. AuctionRules
beat all of the other classifiers in every test we performed, achieving over 90% accuracy
in all of the evaluations, 97.5% in the 80:20 test, beating the worst performer K-Star
by 17.5%, (relative 21.2%) and it’s closest competitor Naive Bayes by 10.5%, giving a
relative accuracy increase of 12.7%.
In addition to numerical accuracy, we examined where the high accuracy results were
coming from more closely by assessing the confusion matrix output by the algorithms.
This was necessary since prediction of false negatives would have an adverse effect on
the resulting trust graph. This phenomenon has been discussed by Massa in [10] with
respect to the Moleskiing application, and Golbeck in [4] with respect to the TrustMail
application. Figure 6.1 shows AuctionRules outperforming all of the other algorithms by
predicting no false negatives. All of the algorithms displayed similar trend to the ones in
Figure 6.1, which shows results of the 80:20 classification experiment which had a test
set of 234 comments.

AuctionRules
+’ve
-’ve

NaiveBayes
+’ve
-’ve

Decision Table
+’ve
-’ve

One-r
+’ve
-’ve

+’ve
91.4
0
84.1
1.2
84.6
1.2
77.3
8.1
-’ve
4.7
4.7
11.1
2.9
12.3
1.7
8.5
5.9
Table 1. Confusion matrices showing percentage true and false negatives and positives for four of the algorithms tested. [All of the other algorithms had similar results to the ones displayed.]

6.2. Preliminary Experiment 2: Trust Distributions
As we mentioned in the introduction, there are too many positive comments on online
auction sites such as eBay. Our AuctionRules algorithm performs accurate classifications
when compared against classifications of real people.
Now we must ask what effect this will have on the
resultant trust values, especially in comparison with
the existing values on eBay. Figure 6.2 shows the
distributions of trust values produced by AuctionRules compared to the existing eBay trust values,
and with what we believe to be the ideal standard
for trust distribution in an online auction, where the
model can isolate small numbers of highly trustworthy and similarly highly untrustworthy users. AuctionRules was set to output probabilistic classifications which were used as trust values for the distribution graphs. This was done by counting the number of negative terms in a comment and then dividing by the max number of negative terms found in a
comment to produce normalized values. Figure 6.2
Figure 7.: Comparison of distrishows that the vast majority of the computed trust
butions between current eBay trust
values and AuctionRules generated
scores are still highly positive. This may not look
values.
like a large improvement at first glance, but considering that most of the comments in our data genuinely were positive, and that AuctionRules takes about 16.6% of the eBay trust values from the 83-100 bracket and distributes
them across the entire scale, we can see that this is a positive result for the algorithm.
6.3. Proposed Experiment: Accuracy of the trust propagation model
This experiment is designed to test the accuracy of the propagated trust values, i.e. the
ability of the system to use the trust graph to predict a trust value for a new node. For
example, on eBay, this equates to the systems ability to provide a personalized trust
value of a seller to a potential buyer who has no previous interaction with that seller.
In this workshop paper we are only mentioning this ongoing experiment, in which we
temporarily remove each edge in the trust graph and use our prediction techniques from
Figure 5 make trust predictions for the missing edge. The full set of results from this
experiment will be presented in a later paper.
7. Conclusions and Future Work
In this workshop paper we have proposed that the current trust scoring system on eBay
is massively biased towards positive comments, which tend to generate more revenue
for the system. [1]. We have discussed related publications that back up this statement.
[14][15].
As an alternative/addition to the current systems we have introduced our ideas for a trust
modelling system for online auctions, using eBay as an example. In our proposed system,
numerical trust values are mined directly from user comments using AuctionRules, a new

classification algorithm which captures negativity in user comments. Our system also
facilitates the propagation of the trust values throughout the social network that is formed
by the eBay marketplace. Propagation of trust values allows us to compute a personalized
trust score on a prospective seller to be presented to a buyer. In our background work
we have carried out a comparative survey of ten popular online auction sites, which
determined that our application would be deployable on seven of the ten sites.
In our evaluation section we outlined two initial experiments to test the validity of our
system. Firstly to test the accuracy of the trust mining algorithm, and a second experiment to examine the relative distributions of the existing trust rating system against our
computed trust values. Results show a more realistic distribution using the AuctionRules
values, and consistent improvements of up to 21% over seven popular classification algorithms. AuctionRules also produces a false negative rating of 0% compared with 8.1%
from other tested algorithms.
Ongoing research includes testing the accuracy and coverage of the trust-propagation
mechanisms, testing the query expansion module, incorporating new data from other
auction sites, and refining the AuctionRules algorithm to produce higher accuracy. We
are also examining using a PageRank-like algorithm to compute the perceived trust of a
user from within a constrained domain, such as Egyptian antiques.
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