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Abstract

Since more and more customers get interested in e-
commerce, marketing strategy on the virtual community
becomes a major issue. It is important to help compa-
nies to determine which potential customers to market
to. In this paper, we study the trust relationships be-
tween customers on the virtual community and detect
influential target groups of interest. We analyze Epin-
ions, a large and popular online product review web site,
using social network analysis method. We crawled data
from this real-world community and discovered some
properties of the so called “Web of Trust”. As trust
relationship is asymmetry, traditional clustering algo-
rithms are not applicable to this scenario. Therefore, we
proposed an algorithm to detect small target marketing
groups according to the properties we had found. Our
results show the effectiveness and utility of the method.

Introduction
There has been a fundamental transition of Internet users
from merely consume the information towards actively pro-
vide user-generated content. The set of the electronic con-
tent and social networks are of particular interest to the e-
commerce community such as eBay (eBay ), Amazon (tru )
and Epinions (Epinions ). These interactive Web technolo-
gies which are often referred to as the “Web 2.0” bring to-
gether users of similar interests, similar standards of judge-
ment, or geographic location. According to empirical study,
network-based marketing indeed can improve over tradi-
tional marketing techniques.

In this paper, we focus on Epinions which is a successful
product review web site. Epinions is a very typical “Web
2.0” model. On the one hand, Epinions allows users to
add user-generated content such as advice, personalized rec-
ommendations, and comparative shopping to the web site.
The user-generated content helps customers make informed
buying decisions and enriches their online experience. For
the analysts, it yields important source to support decision
making, and helps improve the accuracy of targeted market-
ing campaigns and advertizement strategies (Richardson &
Domingos 2002). On the other hand, Epinions provides the
functionality to let users build their personal “Web of Trust”,
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which is a social network of users whose reviews and ratings
a user has consistently found to be valuable. By effectively
using the social network, Epinions can predict how helpful
a review will be to a customer and help him to find the most
suitable product. Meanwhile, through the social network,
targeted marketing enables companies to get to appropriate
prospective customers more efficiently.

It is crucial to consider not only a customer is likely to
purchase a product, but also he is expected to have a very
positive influence on others’ buying decisions (Richardson
& Domingos 2001). The best marketing is to let customers
themselves to do the marketing. In our real life, people are
more inclined to trust their friends, acquaintances and part-
ners to make the buying decisions. A global Nielsen survey
of 26,486 Internet users in 47 markets showed that consumer
recommendations are the most credible form of advertising
among 78% of the study’s respondents (Nielsen 2007). A
recommendation from a friend or other trusted sources has
credibility that advertisements lack.

On Epinions, top reviewers always write complete and
detailed reviews about a product including both pros and
cons. Their reviews are more popular and persuasive within
the community. When marketing to a particular set of
customers, their influences will propagate through out the
whole social network rapidly. In this study, we want to iden-
tify these target groups to market to – that is, the set of users
that will have more (even much more) influence on his ac-
quaintances within the network.

Related Work
In (Hill, Provost, & Volinsky 2006), Shawndra et al showed
strong support that network linkage can directly affect prod-
uct or service adoption. In (Richardson & Domingos 2001),
Pedro and Matt proposed to model customers’ network value
about viral marketing. They viewed the market as a social
network and model it as a Markov random field. However,
they did not address how to detect target marketing groups.

Recently, discovering community structures from large
social networks becomes a hot spot in this area. Tradi-
tional methods include graph partitioning (Girvan & New-
man 2002) and hierarchical clustering (Xu & Chen 2005).
In (Zhou et al. 2006), the authors proposed two gener-
ative Bayesian models for community discovery using se-
mantic information within the social network. However, all



the above methods focus on detecting subgroups or commu-
nity structures on a non-directed graph. As we all know that,
trust is not symmetry. I trust you, but you may not trust me
back. Therefore, these traditional algorithms are not appli-
cable to the detection of target groups on the “Web of Trust”.

Contributions
In this paper, we analyze the real-world data on Epinions us-
ing social network analysis methods and statistical models.
We have discovered some unique properties of the “Web of
Trust” and propose an algorithm to detect target groups to
market to based on these properties we have found. In addi-
tion to some properties that are common to many networks:
small-world property, Zipfian distribution, we highlight an-
other property, which appears to be unique to this network,
the property of users’ reputation on Epinions. We take ad-
vantage of users’ reputation information in the public do-
main on Epinions to help the detection of target groups. We
also found some regularities of users’ activity on Epinions,
which help to reduce the searching space and time complex-
ity of the algorithm. To the best of our knowledge, this
work is the first effort to incorporate users’ reputation, net-
work properties and social network analysis to discover tar-
get groups. Experimental studies show that our approach
can successfully find out target groups of influential users.

Relationships on Epinions
Generally speaking, there are only two concepts “users” and
“products” on Epinions. Each concept can be divided into
several categories. Among these entities, there are several
kinds of relationships between them (See Figure 1):

• “trusts”: When a user on Epinions consistently gives you
good advice, you’re likely to trust that person’s recom-
mendations in the future. You can add this person to your
“trusts” list.

• “trustedby”: When other users who have added you to
their Web of Trust, you are trusted by them and appear on
the list of users who trust you.

• “blocks”: When you encounter a user whose reviews are
consistently invaluable, you can add that user to your
Block List. The Block List makes it less likely that you
will encounter recommendations you do not value in the
future.

• “review”: You can describe your experience using this
product: the pros and cons of the product.

• “comment”: You can make comments on a review. In fact,
Epinions provides this way for author and other readers to
communicate with each other.

• “rate”: When you read reviews by other users, you can
rate the reviews according to its value to others.

On Epinions, users can actively write reviews and rate
products they have purchased or used. They can also main-
tain the social network to designate who are trustworthy and
untrustworthy. Through the so called “web of trust”, Epin-
ions re-orders the product reviews such that a user first sees
reviews by users that they trust. When a user reads another
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Figure 1: Relationships on Epinions. The big circle in the
center represents the social community of users on Epin-
ions. The other circles around represent different categories
of products.

user’s review, he can make a comment and rate the review.
He can also choose whether to trust or block this reviewer
based on his most reviews and his “Web of trust”. In the
process of exploring the social media, users on Epinions are
adding metadata in the form of:

• users’ reviews and ratings on products;

• users’ feedbacks and comments on reviews;

• social networks of trustworthy friends;

Each type of the metadata allows users to leverage and share
the knowledge and expertise of others.

The Properties of the Web of Trust
Unlike traditional social networks built in the daily life,the
“Web of Trust” on Epinions is a virtual community based
on indirect interactions through reading reviews or accept-
ing “recommendations” from others. In this paper, we study
some of the extracted social network’s basic graph proper-
ties. On Epinions, data about millions of online users and
their connections is publicly available. The data set used is
obtained by crawling through the pages of each individual
user. All the trust relationships are considered as directed
edges. We studied a crawl of 36,159 users and 331,758 di-
rected edges in the “Web of Trust” on Epinions. We started
crawling from top reviewer “bradshawcl” in the product cat-
egory “Home and Garden” and followed both his “trusts”
and “trusted-by” links to find other users. The crawling was
in breadth first search and expanded out from the staring
point. Note that although we randomly chose top reviewer
“bradshawcl” in “Home and Garden” category as the start-
ing point, the Web of Trust expanded out across all products
categories on Epinions.

There were two reasons for us to choose one of the top re-
viewers as the starting point: first, Epinions does not provide
a list of all the users, so the most convenient way to crawl the
user list is to start from a top reviewer and follow his “trusts”
and “trusted-by” links. Second, a top reviewer is more likely



to have a set of high quality acquaintances, which makes it
easier for us to detect influential target groups.

Small World Network
Adamic has proven that World Wide Web is a small world,
in the sense that sites are highly clustered yet the path length
between them is small (Adamic 1999). In this section, we
want to show that the virtual social network of trust relation-
ships also has a small world topology.

Watz and Strogatz defined the following properties of a
small world graph (Watts & Strogatz 1998):

• The clustering coefficientC is much larger than that of a
random graph with the same number of vertices and aver-
age number of edges per vertex.

• The characteristic path lengthL is almost as small asL
for the corresponding random graph.

Each user on the virtual social network of Epinions is re-
garded as a vertex in the graph while the “trusts” relationship
between each pair of users is regarded as a directed edge. An
estimate ofL was obtained by averaging the paths in breadth
first search trees over approximately 36,159 vertices. We an-
alyzed the graph and compared it to the randomly generated
graph using Pajek (too ) which is a program for large net-
work analysis. The resulting data is shown in Table 1.

Table 1:The Web of Trust graph on Epinions compared
to a random graph with the same number of vertices and
edges.

Graph C L Dmax
“Web of Trust” graph 0.1222 3.819 6

Random graph 2.538e-4 4.979 8

We can see thatC was very small, only 2.538e-4 com-
pared to 0.1222 for a random graph with the same number
of vertices and edges.L was also small, a mere 3.8 hops on
average between any two connected users.Dmax denotes
the maximum steps between two vertices in the graph. We
can see that the “Web of Trust” on Epinions is indeed a small
world network.

Super Users Vs Common Users
On Epinions, users are classified as category lead, top re-
viewer, advisor, popular author and common user. Users
with various titles play different roles within the Epinions
community. For example, category lead is in charge of the
management of a specific category, while advisor is respon-
sible for tutoring beginners. However, they do have one
thing in common: they all provide high quality of reviews
to help other customers to find the most suitable products.
They are regarded as the super users while all the remaining
huge number of users are regarded as common users (See
Figure 2). Super users are more prestigious and more likely
to influence other users.

Zipfian Distribution
In our analysis, we observed an important feature on Epin-
ions: the users’ reviews follow a Zipfian distribution across

Figure 2: Super users versus common users
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Figure 3: Zipfian distribution of users’ reviews

all categories. In Figure 3, we crawled more than 15,000
reviewers’ profiles and sorted users in a decreasing order
based on the number of reviews they have written. The
X-axis denotes the reviewer’s rank among 15,000 review-
ers while the Y-axis denotes the number of reviews each
has written. Notice that the curve falls off very rapidly: a
few super users contributed most of the reviews, whereas
many common reviewers wrote only a few reviews. The top
1 reviewer has written 3047 reviews while more than 94%
percent of reviewers contributed less than 150 reviews each.
We work out the linear regression equation and use F distri-
bution to prove that the number of users’ reviews follow a
Zipfian distribution.

We have investigated the reviewers whose number of re-
views exceeds 1000 from the extracted data. There are 32
users in total. We observed three important features of these
users: (a) All of them are super users on Epinions: they all
play either one or two of the following roles: lead, advi-
sor, top reviewer or popular author. (b) We randomly started
crawling from a super user “bradshawcl”, the other super
users appeared within the first few rounds of crawling. Most
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Figure 4: The Pareto Principle of reviews written

of the data are within the first 500 crawled records among
15,539 records. The remaining data is within the top 1,200
records. The users at the end of the crawling list are either
non-active or just trivial users. That means when detecting
influential targeted groups, we do not need to waste time to
crawl any deeper after first few rounds.(c) Super users care-
fully choose whom to trust and maintain a reliable web of
trust. That is why when we select a top reviewer as a extrac-
tion starting point, we can quickly obtain the information of
other super users.

The Pareto Principle
Figure 4 demonstrates that the uneven distribution of re-
views of the above 15,539 users on Epinions, observing that
nearly 80% of reviews were written by a mere 20% of the
reviewers. This phenomenon is so called Pareto Principle or
80/20 rule, which is proposed by Italian economist and soci-
ologist, Vilfredo Pareto. When we analyze customers’ needs
and try to market to them, we should focus on this twenty
percent of users especially the super users. As they are
much more willing to publish their personal experiences and
meanwhile their reviews are more influential in the commu-
nity. Also, their Web of trust consists of other super users,
which may cause the chain reaction during the information
propagation.

The Frequency of Review Intervals
From each user’s profile, we observe that super users on
Epinions write reviews on a regular basis. The time interval
between two adjacent reviews is short and stable, typically
less than three days. However, the interval is long and unsta-
ble for common users. Take super user “BryanCarey” for
example, he is an advisor in Movies, Restaurants & Gourmet
and also a top reviewer in Books, Personal Finance and three
other categories. He has already written 2393 reviews in to-
tal until Oct. 7th 2007. Among his latest 200 reviews, the
time interval between any pair of adjacent reviews is within
three days. In fact, he writes reviews nearly every day. On
contrary, common users write reviews at irregular intervals.
For example, common user “iltas” only wrote 31 reviews in
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Figure 5: Compare time interval between super users and
common users

total. His latest two reviews were written in Aug. 2006 and
Jun. 2005 respectively. The time interval is more than one
year. When we market to influential reviewers, user “iltas”
is obviously out of consideration.

In Figure 5, we analyzed the latest 200 reviews written by
super users and all the reviews written by common users (in
this analysis, the total number of reviews by common users
in the sample is about 40, therefore we analyzed all of them).
From the statistics, we can see that more than 83% percent
of time intervals between adjacent reviews by super users
are less than three days. On the contrary, most of the time
intervals for common users is longer than half a month.

Detecting Target Groups
When we market to potential customers, we hope to cost
less and achieve more. We should market to the most in-
fluential and prestigious users, so that they can affect other
users to make buying decisions. In order to achieve this, first
we need to focus on a small groups of users to market to.
The reason is simple, the more users to market to, the more
money to cost. Second, we should select the right groups of
users. They should be tightly knit groups and also the center
within a community. When we spend the time, money and
effort to market to them, we expect the marketing effect will
be spread out through the “Web of Trust” within the social
network. The recommendations from the person who you
trust are much more reliable and convincing than advertise-
ment.

In this section, we propose an algorithm to detect target
groups which are influential and prestigious within the so-
cial network. Traditional methods viewed the social network
as an undirected graph (Xu & Chen 2005) (Girvan & New-
man 2002), but the “Web of Trust” has the following unique
features:

• Trust is asymmetry, so the graph which represents the re-
lationship is directed.

• Super users have social attributes provided by Epinions
such as roles, reputation and responsibilities in addition
to a high in-degree or out-degree.



We do not want to divide all the users into different sub-
groups or discover all the community structures. In fact, we
just want to find out the profitable and potential target groups
of users to market to in a specific category. Therefore, we
will take advantage of the properties we found in the previ-
ous section to simplify the detection:

• Based on the small world phenomenon, our algorithm can
stop within a few searching steps.

• According to the Zipfian distribution, we start crawling
from a super user and rank the users base on the number
of reviews been written.

• According to Pareto Principle, we only need to investigate
the top 20% percent of users on Epinions.

Algorithm for Detecting Target Groups
In this section, we propose an algorithm to detect target
marketing groups base on the parameter of clustering co-
efficient. Clustering coefficient is a fine-grained measure of
graph topology and connectivity (Watts & Strogatz 1998). It
measures the relative number of connections between neigh-
boring nodes in a network, hence, how clustered an area of a
network may be. A tightly cluster on Epinions is much more
likely to advocate a product implicitly or explicitly to other
users within the community. Friends or acquaintances usu-
ally have interactions or communications among each other
regularly by reading new posted reviews, making comments
and leaving messages. Meanwhile, the reviews written by
the user who you trust will appear on the top of the review
list.

First, we should preprocess the data we crawled:

• According to our crawl results, there are a certain amount
of non-active users on Epinions. Their archive reviews
maybe still valuable to some users, however, they are less
likely to contribute to Epinions any longer, therefore we
should filter out these users first.

• In order to protect privacy, Epinions allows users to hide
their “trusts” user list. Thus, we can not obtain these hid-
den users’ profile by crawling the web site. As trust re-
lationships are incomplete, we have to delete these users,
or else the missing information will affect the accuracy of
the whole detection.

• We should also delete the vertices which do not have any
“trusts” or “trusted-by” relationships. If they are isolated
from the community, then they are not able to influence
other users’ buying decisions.

The algorithm of detecting target groups is as follows: Here,
ct is the threshold of clustering coefficient. The selection of
ct is based on the size of targeted groups that we would like
to obtain.

Experiment
In this section, we present the experiment of our algorithm
on real-world networks of Epinions. First, we illustrate an
example of local “Web of Trust” consists of top 32 users
whose number of reviews exceeds 1000. Then we present
the experimental results of target groups detection.

Algorithm 1 Detect Target Groups Algorithm
1: Crawl users starting from an arbitrary top reviewer
2: Filter Non-active users, Hidden users and No-relation

users
3: Rank each remaining userui to generate user listU ac-

cording to the total number of reviews written
4: for eachui in U (ui ∈ U ) do
5: Crawl mutual trust relationships of each user (“trusts”

and “trusted by” list)
6: end for
7: Initialize target group setG, G ={u1}
8: i = 1

9: repeat
10: i++
11: Add (G, ui)
12: Compute cluster coefficientci

13: until ci < ct

14: G= Delete(G, ui)
15: OutputG
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Figure 6: The trust relationships between top 32 users

An Example of Web of Trust
In this paper, we rank users based on the number of reviews
they have written. Although we crawled the profiles of these
users from a single starting point, there is no evidence that
these users will definitely have strong connections.

Figure 6 illustrates the trust relationships among top 32
users according to the total number of reviews written. We
observe that the graph is highly clustered and rather sym-
metry. According to the statistics, clustering coefficientc is
0.685. Further more, each vertex is reachable from any other
vertices within the group. Most pairs of vertices are reach-
able directly, all the remaining vertices are two-degree of
separation except for only one pair of vertices is reached via
two other vertices. The network with a small world topol-
ogy provides a very good platform for social network-based
marketing.

Target Groups
In this experiment, we extracted top 500 users from 36,159
users we crawled. Among these users, 41 users either have
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tion

hidden their trust lists or do not have any trust relationships.
We deleted them from the pool and analyzed the remaining
459 users.

From Figure 7, we can see that the clustering coefficientc

goes up and down at first, after adding the ninth vertex to the
network,c declines successively until nearly reach the 100th
vertex, then the curve is almost flat. In general,c main-
tains a relatively high level, which proves that in the social
network of real life, vertices are inclined to aggregate to-
gether. Therefore, we chose the top 32 users as illustrated in
the above example as our target marketing group. They are
not only highly clustered within themselves, but also have
a strong connection with other users on Epinions. 32 users
account for only a very small proportion of the users within
the category, therefore the cost of marketing can be greatly
reduced. Meanwhile, they are all popular and prestigious
users within the community. After finding this target group,
we can start from another top reviewer who is not inside our
previous target group and find new target groups as above.
If two target groups share many common users, say 40%,
we can merge the two target groups into a bigger one. We
continue this process until all the top reviewers are included
in target groups.

Concluding Remarks

In this paper, we analyzed the real-world data on Epinions
and discovered some properties of the “Web of Trust”. In
addition to some properties that are common to many net-
works: small-world property, Zipfian distribution, we high-
light another property, which appears to be unique to this
work, the property of users’ reputation on Epinions. We pro-
pose an algorithm to detect target groups to market to based
on these properties we have found. The experimental re-
sults show that with the knowledge of users’ reputation and
other properties of the network, our method can detect target
groups in directed graph with high sensitivity and reliability.

Future Work
There are various relationships between entities on Epin-
ions. In this paper, we concentrated particularly on the trust
relationships. We believe it will yield better results if we
explore more relationships on Epinions for mining target
groups.

Epinions encourages users to specify who they trust, how-
ever, it can not distinguish to which extent a user trusts an-
other user. That means, a user treats everyone in his trust
list equally. It is easier to manage trust in this way, how-
ever, when varied recommendations coming from different
trusted neighbors, it is hard for him to make the final deci-
sion. In the future, we will also consider to improve the trust
model on Epinions.
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