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Abstract—Nowadays, searches for the web pages of a person with a given name constitute a notable fraction of queries to Web
search engines. Such a query would normally return web pages related to several namesakes, who happened to have the queried
name, leaving the burden of disambiguating and collecting pages relevant to a particular person (from among the namesakes) on the
user. In this paper, we develop a Web People Search approach that clusters web pages based on their association to different people.
Our method exploits a variety of semantic information extracted from web pages, such as named entities and hyperlinks, to
disambiguate among namesakes referred to on the web pages. We demonstrate the effectiveness of our approach by testing the
efficacy of the disambiguation algorithms and its impact on person search.
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INTRODUCTION

for entities is a common activity in Internet
search today. Searching for web pages related to a
person accounts for more than 5 percent of the current Web
searches [24]. Currently, it is done using keywords. A
search engine such as Google or Yahoo! returns a set of web
pages, in ranked order, where each web page is deemed
relevant to the search keyword entered (the person name in
this case).1 A search for a person such as say “Andrew
McCallum” will return pages relevant to any person with
the name Andrew McCallum.
A next generation search engine can provide significantly more powerful models for person search. Assume
(for now) that for each such web page, the search-engine
could determine which real entity (i.e., which Andrew
McCallum) the page refers to. This information can be used
to provide a capability of clustered person search, where
instead of a list of web pages of (possibly) multiple persons
with the same name, the results are clustered by associating
each cluster to a real person. The clusters can be returned in
a ranked order determined by aggregating the rank of the
web pages that constitute the cluster. With each cluster, we
also provide a summary description that is representative of
the real person associated with that cluster (for instance, in
this example, the summary description may be a list of
words such as “computer science, machine learning, and
professor”). The user can hone in on the cluster of interest to
her and get all pages in that cluster, i.e., only the pages
associated with that Andrew McCallum.
EARCHING

1. There are other people information search services as well (such as
http://people.yahoo.com and http://find.intelius.com) that provide “background information” about people, such as current and previous addresses
and a host of other information when available; our interest and focus is on
web pages relevant to a person on the public Internet.
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Such cluster-based people search could potentially be
very useful. Imagine searching for the web page of “George
Bush” who used to live in your neighborhood in Champaign, Illinois, using Google today. This is virtually
impossible (or at least very tiring) since the first 20-30 pages
of a Google search of “George Bush” returns pages only
about the President. In the clustered approach, ideally, all of
the President’s pages will be folded into a single cluster,
giving his namesakes an opportunity to be displayed in the
first page of search results. One might argue that the use of
context could improve the results of the standard search
engines today, and thus, there is no need for clustering
approaches. However, this is not the case if you have very
little knowledge about the person you are searching for. For
example, assume that we are searching for “Tom Mitchell,
the psychology professor” with his name and keywords
“psychology” and “professor.” The search engine, e.g.,
Google, returns more than two different people (to be exact
13 different persons in the top 100 pages). Hence, the task of
clustering the pages related to different people is still valid
even for the queries that include context.
While the example above shows the clustered approach
in a positive light, in reality, it is not that obvious that it
indeed is a better option compared to searching for people
using keyword-based search supported by current search
engines. Intuitively, if clusters identified by the search
engine corresponded to a single person, then the clusteredbased approach would be a good choice. On the other hand,
if clusters contained errors (multiple people merged into the
same cluster, or alternatively, pages of the same person
spread over multiple clusters), the advantages of a clusterbased approach are not obvious. For instance, if the web
pages were randomly assigned to clusters, the cluster-based
approach could be worse compared to the state of the art.
The key issue is the quality of clustering algorithms in
disambiguating different web pages of the namesake.
In this paper, we make the following contributions.
First, we develop a novel algorithm for disambiguating
among people that have the same name. Our algorithm is
based on extracting “significant” entities such as the
names of other persons, organizations, and locations on
Published by the IEEE Computer Society

2

IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING,

VOL. 20,

NO. 11,

NOVEMBER 2008

each web page, forming relationships between the person
associated with the web page and the entities extracted,
and then analyzing the relationships along with features
such as TF/IDF, as well as other useful content including
hyperlink information to disambiguate the pages. We then
design a cluster-based people search approach based on
the disambiguation algorithm. We conduct a detailed
experimental study to 1) determine the effectiveness of
the disambiguation algorithm and 2) compare traditional
people search supported by current search engines with
the clustered entity search built on top of the disambiguation algorithm. Our results show that clustered person
search offers significant advantages. The main contributions of this paper are the following:
a new approach for Web People Search that shows
high-quality clustering results (Sections 2, 3, and 4),
. a thorough empirical evaluation of the proposed
solution (Section 7), and
. a new study of the impact on search of the proposed
approach (Section 7.3).
In the subsequent sections, we describe the proposed
approach in more detail. We start by presenting an
overview of the overall approach in Section 2.
.

2

OVERVIEW

OF THE

APPROACH

In this section, we provide an overview of all the necessary
algorithms and components for implementing the Web
People Search system. We take the middleware-based
approach to develop our algorithms. In the proposed
approach, the processing of a user query consists of the
following steps:
1.
2.

3.

User input. A user submits a query to the middleware via a specialized Web-based interface.
Web page retrieval. The middleware queries a search
engine with this query via the search engine API and
retrieves a fixed number (top K) of relevant web
pages.
Preprocessing. The retrieved web pages are preprocessed:
TF/IDF. Preprocessing steps for computing TF/
IDF are carried out. They include stemming,
stop word removal, noun phrase identification,
inverted index computations, etc.
. Extraction. Named entities (NEs) and Webrelated information is extracted from the web
pages.
Graph creation. The entity-relationship (ER) graph is
generated based on data extracted on the preprocessing step (Section 3).
Clustering. The clustering algorithm takes the graph,
TF/IDF values, and model parameters and disambiguates the set of ðKÞ web pages (Section 4). The
result is a set of clusters of these pages with the aim
being to cluster web pages based on association to
real person.
Cluster processing. Each resulting cluster is then
processed as follows (Section 5):
.

4.

5.

6.

Fig. 1. Extraction of NEs and Web-related info from a web page.

Sketches. A set of keywords that represent the
web pages within a cluster is computed for each
cluster. The goal is that the user should be able
to find the person of interest by looking at the
sketch.
. Cluster ranking. All clusters are ranked by a
chosen criterion to be presented in a certain
order to the user.
. Web page ranking. Once the user hones in on a
particular cluster, the web pages in this cluster
are presented in a certain order, computed on
this step.
7. Visualization of results. The results are presented to
the user in the form of clusters (and their sketches)
corresponding to namesakes and that can be
explored further.
The following sections will elaborate all of these steps in
detail.
.

3

GENERATING

A

GRAPH REPRESENTATION

The core of our approach is based on analyzing entities,
relationships, and features (instantiated attributes of entities) present in the data set. For example, the word
distribution inside a web page/document is frequently
utilized as a topic feature of that web page/document in the
literature. A web page topic can be captured using the TF/
IDF methodology [5] or by other techniques [8], [39]. Our
goal is to exploit entities and relationships for disambiguation. However, unlike the problem settings of many
disambiguation methods, which work off a normalized
database, e.g., [2], [12], [15], [16], and [20], in our problem
setting, we do not have the entities and relationships
associated with each web page already available for use.
Rather, such entities and relationships need to be extracted
off the web pages, which we do using information extraction
(IE) software. In addition to NEs, we also extract hyperlinks
and e-mail addresses from the web pages, see Fig. 1.
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Fig. 2. Graph creation algorithm.

The abstract representation we wish to construct is a
graph where the nodes correspond to the different web
pages and entities, and the edges correspond to the
relationships between the web pages and entities or among
entities. The graph creation algorithm is illustrated in Fig. 2.
When an NE is extracted, a node is created for that NE to
represent all NEs with the same name. For example, a
person “John Smith” might be extracted from two different
web pages. A single node will be created for “John Smith,”
regardless whether the two pages refer to the same person
or to two different people. The node represents the group of
persons that share the same name. The same holds for
locations and organizations. A node is also created for each
of the (top K) web pages. A relationship edge is created
between a node representing a web page and a node
corresponding to each NE extracted from that web page.
The relationship edges are typed. A relationship edge
between a web page (node) and a person (node) will have a
type distinct from a relationship edge between a web page
(node) and an organization (node) or a location (node). Any
hyperlinks and e-mail addresses extracted from the web
page are handled in an analogous fashion, that is, with
nodes being created to correspond to these hyperlinks and
e-mail addresses and edges corresponding to the relationship with the page they are extracted from, see Fig. 3.
A hyperlink has the form
½www:dm :    :d2 :d1 =p1 =p2 =    =pn :
For example, for the URL www.cs.umass.edu/~ mccallum/,
we have d3 ¼ cs, d2 ¼ umass, d1 ¼ edu, and p1 ¼  mccallum.
We create a node for that hyperlink and connect it to the web
page via the edges that correspond to the “web pagecontains-hyperlink” relationship. Then, we create a node for
a shorter hyperlink, without pn : dm :    :d2 :d1 =p1 =p2 =    =pn1
and connect it to the node with pn via edge of type
“hyperlink-partof-hyperlink,” see Fig. 1. We continue this
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Fig. 3. Link graph creation algorithm.

process for pn1 , pn2 and so on, until only the dm :    :d2 :d1
part remains. We then create a node for a shorter hyperlink,
this time without dm : dm1 :    :d2 :d1 and connect it to that
with dm via edge of type “subdomainof.” We continue this
process until only d2 :d1 remains. Fig. 1 illustrates this process
for hyperlink cs.umass.edu/~mccallum/bio.html, which is
linked via a chain of edges to umass.edu. Each of the
hyperlinks that correspond to the nodes in that chain are also
mentioned separately from the web page itself, thus those
nodes are shown to be connected to the web page.
At the end of this process, we have a complete graph
representation of the information that a clustering or
disambiguation algorithm can now work with. The algorithm is now abstracted from any of the extraction details
and can, in fact, self-tune itself to optimize, based on the
nature of the graph.

4

DISAMBIGUATION ALGORITHM

This section describes the algorithm for clustering web
pages that is employed by the proposed solution. It takes as
input the entity relationship graph described in Section 3. It
then uses a Correlation Clustering (CC) algorithm to cluster
the pages, as discussed in Section 4.1. The outcome is a set
of clusters with each cluster corresponding to a person.
Sections 4.2 and 4.3 explain how to assign edge label, used
by CC, with the help of a carefully designed similarity
function. Finally, Sections 4.4 and 4.5 discuss how to
calibrate this similarity function.

4.1 Correlation Clustering
We group the nodes representing the web pages that belong
to the same person by employing a CC algorithm [7]. CC
has been applied in the past to group documents of the
same topic and to other problems. It assumes that there is a
similarity function sðu; vÞ that for any objects (e.g., documents), u and v returns whether or not it believes that u and
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v are similar to each other. Such a function is typically
learned on the past data. The overall clustering problem is
represented as a fully connected graph, where each object
becomes a node in the graph. Each ðu; vÞ edge is assigned a
“þ” (similar) or “” (different) label, according to the
similarity function sðu; vÞ. The goal is to find the partition of
the graph into clusters that agrees the most with the
assigned labels. An interesting property of CC is that,
unlike many other types of clustering, it does not take k (the
number of the resulting clusters) as its input parameter,
whereas k is often difficult to determine beforehand.
Instead, CC determines k from the labeling itself.
The goal of CC is formulated formally as either to
maximize the agreement (the number of positive edges
inside the clusters plus the number of negative edges
outside the clusters) or to minimize the disagreement (the
number of negative edges inside the clusters plus the
number of positive edges). If the “þ” and “” labels are
assigned perfectly by sðu; vÞ, the right clustering can be
trivially obtained by removing all the negative edges in the
graph: the remaining connected components will represent
the right clusters. CC is designed for the cases where sðu; vÞ
is not perfect and can mislabel some of the edges (this case
is of direct interest to us) or when there is no notion of exact
clusters (e.g., clusters are for document topics).
For example, if the labeling is such that edges ðu; vÞ and
ðv; wÞ are labeled “þ,” but edge ðu; wÞ is labeled “,” there
will not be a clustering with perfect agreement with the
labeling. In general, the more accurate sðu; vÞ in its labeling,
the higher the quality of the overall clustering.
The problem of CC is known to be NP-hard and various
approximation algorithms have been proposed in the
literature. We do not propose any new CC algorithm per
se, we instead focus on developing and learning a new
accurate sðu; vÞ function.

4.2 Connection Strength
To define the similarity function sðu; vÞ, we will need to use
the notion of the Connection Strength cðu; vÞ between two
objects u and v, which is defined in this section.
Various disambiguation approaches have been developed for a variety of applications. These approaches can be
classified along several facets. One of these facets is the type
of information the approach is capable of analyzing. For
example, to decide if two object descriptions (or two tuples
in a table) corefer (i.e., refer to the same entity/object), the
traditional approaches would analyze primarily object
features [22], [35]. Another example are relational approaches, which analyze dependencies among coreference
decisions [32], [38]. Our proposed disambiguation algorithm is based on analyzing two types of information: object
features and the ER graph for the data set. In [17], [27], and
[28], it has been shown that complementing the traditional
methodology of analyzing object features with analysis of
the ER graph can lead to the improved quality of
disambiguation.
The idea is that many real data sets are relational and thus
can be viewed as a graph of entities, represented as nodes,
interconnected via relationships, represented as edges. To
decide whether two object descriptions corefer, the approach
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analyzes not only their features but also the paths that exist
in the ER graph between those two object descriptions.
The motivation behind analyzing features of two objects u
and v is based on the assumption that the similarity of
features of u and v defines certain affinity/attraction between
those objects fðu; vÞ, and if this attraction is sufficiently large,
then the objects are likely to be the same. The intuition behind
analyzing paths is similar: The assumption is that each path
between two objects carries in itself a certain degree of
attraction. A path between u and v semantically captures
(perhaps complex and indirect) interactions between them
via intermediate entities. If the combined attraction of all
these paths is sufficiently large, the objects are likely to be the
same. An in-depth insight into the motivation for this
methodology is elaborated in [27].
Formally, the attraction between two nodes u and v via
paths is measured using the connection strength measure
cðu; vÞ, which is defined as the sum of attractions contributed by each path:
X
wp :
ð1Þ
cðu; vÞ ¼
p2Puv

Here, Puv denotes the set of all L-short simple paths
between u and v, and wp denotes the weight contributed
by path p. A path is L-short if its length does not exceed
L and is simple if it does not contain duplicate nodes. The
weight path p contributes is derived from the type of that
path, and thus, paths of the same type contributes the
same weight. The sequence of node types and edge types
determine the type of a path: Two paths having the
nodes of the same type connected via edges of the same
type are considered to be of the same path type. The
number of possible path types, for L-short simple path, is
limited for each domain. Let wk be the attraction
associated with a path of type k. Let Puv consist of
c1 paths of type 1, c2 paths of type 2, . . . ; cn paths of
type n. Then, (1) can be equivalently written as
cðu; vÞ ¼ c1 w1 þ c2 w2 þ    þ cn wn :

ð2Þ

In the next section, we will discuss how the concept of
connection strength cðu; vÞ can help designing a better
similarity function sðu; vÞ.

4.3 Similarity Function
Our goal is to design a powerful similarity function sðu; vÞ
that would minimize mislabeling of the data. We will
design a flexible function sðu; vÞ, such that it will be able
to automatically self-tune itself to the particular domain
being processed. We construct our function sðu; vÞ as a
combination of the connection strength cðu; vÞ and feature
similarity fðu; vÞ:
sðu; vÞ ¼ cðu; vÞ þ fðu; vÞ:

ð3Þ

The similarity function sðu; vÞ labels data by comparing the
sðu; vÞ value against the threshold , where  is a nonnegative
real number. Namely, we use the -band (“clear margin”)
approach, which labels each ðu; vÞ edge according to the
following rules:
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< þ1
1
:
0

if sðu; vÞ >  þ ;
if sðu; vÞ <   ;
otherwise:

ð4Þ

That is, if the value of sðu; vÞ is inside the -band of ,
then the algorithm is uncertain whether u and v are
similar and reflects that by assigning the zero (“don’t
know”) label to the ðu; vÞ edge. It assigns the þ1 label to
ðu; vÞ, when sðu; vÞ exceeds the threshold by the clear
positive  margin; and it assigns the 1 label similarly.
This labeling scheme allows the algorithm to avoid
committing to þ or  decision, when it does not have
enough evidence for that.
TF/IDF. The proposed solution employs the standard
TF/IDF scheme from the area of Information Retrieval to
compute its feature-based similarity fðu; vÞ [5]. First, the
standard preprocessing steps are applied to all the documents, including the elimination of stop words, stemming,
using only noun phrases for keywords, and deriving larger
terms [5].2 Assume that the entire document corpus consists
of K documents (that is, top K web pages) and contains
N distinct terms T ¼ ft1 ; t2 ; . . . ; tN g. Then, each document u
can be characterized by vector u ¼ fwu1 ; wu2 ; . . . ; wuN g.
Here, wui is the weight assigned to term
 ti for document

nui
log nKi ,
u. This weight is computed as wui ¼ 12 þ 2 max
‘ nu‘
where ni is the number of documents in the corpus that
contain term ti , and nui is the number of occurrences of
term ti in u. The similarity fðu; vÞ between two documents u
and v is computed using the cosine measure,
PN
uv
wui wvi
q
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
fðu; vÞ ¼ cosðu; vÞ ¼
¼ P i¼1 ﬃqﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
PN 2 :
jujjvj
N
2
i¼1 wui
i¼1 wvi

4.4 Training the Similarity Function
As in traditional learning, to train the sðu; vÞ function, we
assume the past data is available. That data is fully and
accurately labeled with “þ” and “” for each ðu; vÞ edge.
The learning of sðu; vÞ is carried based on the way the
algorithm assigns the labels, that is, according to rules (4)
from the previous section. Namely, for each ðu; vÞ edge, we
should require that

sðu; vÞ >  þ  if ðu; vÞ is labeled ‘‘þ; ’’
ð5Þ
sðu; vÞ <    if ðu; vÞ is labeled ‘‘  :’’
However, in practice, sðu; vÞ is unlikely to be perfect and
that would manifest itself in cases where the inequalities in
(5) will be violated for some of the ðu; vÞ edges, making the
whole system (5) intractable. This problem is analogous to
that found in SVMs, and it can be resolved in a similar
manner by adding slack to each inequality in (5) and then
requiring that the overall slack be minimized. The overall
system becomes
2. The larger terms have been constructed from the neighboring
keywords/terms that, when taken together, constitute a distinct concept
in an ontology. We have used DMOZ ontology.

5

8
Constraints :
>
>
>
>  ¼ 0
>
>
>
< sðu; vÞ þ uv >  þ 
for all ‘‘ þ ’’
sðu;
vÞ


<



for all ‘‘  ’’
uv
>
>
>
0


for all u; v
>
uv
>
>
>
P
:
Objective : Minimize uv uv :

ð6Þ

Here, sðu; vÞ is computed according to (3), wherein cðu; vÞ
is computed according to (2). The task becomes to solve
the linear programming problem (6) to determine the
optimal values for path type weights w1 ; w2 ; . . . ; wn and
threshold . Linear programming is known to have
efficient solutions [25].
There are two interesting properties of Linear Program
(6). First, in many disambiguation techniques, and in
clustering in general, it is often a nontrivial issue to set
the threshold , whereas in this case,  is simply learned
from data. Second, finding the exact value of the optimal 0
to get the best results, turned out to be not a critical issue, as
wide range of values neighboring the optimal 0 will lead to
similar results. The reason is that the constraints of Linear
Program (6) do not include stand-alone constants except for
0 : they include ws, s, s, and s, which are variables, and 
(a variable) multiplied by various constants that correspond
to the according TF/IDF values. This creates the effect
where all these variables scale up, if 0 is increased, and
down, if it is decreased, tuning itself to 0 and the labeling.

4.5 Choosing Negative Weight
Loosely speaking, with “þ”/“” labeling, a CC algorithm
will assign an entity u to a cluster if the number of positive
edges between u and the other entities in the cluster
outnumbers that of the negative edges. In other words, the
number of positive edges is more than half (i.e., 50 percent).
However, we observe that when CC is applied to a
particular real-world domain, an entity might need to be
assigned to a cluster for a different fraction of positive edges
than 50 percent. For instance, if for a given domain, to keep
an entity in a cluster, it is sufficient to have only 25 percent
of positive edges, then by using the wþ ¼ þ1 weight for all
positive edges and w ¼  13 weight for all negative edges
will achieve the desired effect (since 0:25  1 ¼ 0:75  13 ).
One solution for choosing a good value for the weight of
negative edges w is to learn it on past data.
It is possible to design a better solution, based on the
following observation. Assume for now that we know the
number of namesakes n in the top k web pages being
processed by the algorithm. If n ¼ 1, then choosing w as
small as possible, that is, w ¼ 0, is likely to produce the
best result. This is because when w ¼ 0, there will be no
“negative weight” for the CC to prevent merging, and all
the pair connected via positive edges will be merged.
Similarly, if n ¼ k, it is best to choose w ¼ 1. This would
produce maximum negative evidence for pairs not to be
merged. Thus, instead of using a fixed value for w , it might
be possible to pick a good value for w specifically for the
top k web pages being processed, based on a function of n:
w ¼ w ðnÞ.
This observation raises two issues. The first one is that n
is not known to the algorithm beforehand. The second is
how to choose the w ðnÞ function.
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While n is not known, we can compute its estimated
value n^ by running the disambiguation algorithm with a
fixed value of w . The algorithm would output certain
number of clusters n^, which can be employed as an
estimation of n. It should be noted that the overhead for
this extracomputation is minimal: The paths once discovered need not be rediscovered second time. Thus, the extra
cost of such an estimation is equivalent to the cost of
running pure CC algorithms on already labeled graph,
which is less than a millisecond.3
The next question we need to address is how to choose
^ function. A straightforward solution would be to
the w ðnÞ
try to fit a curve to data. While this approach succeeded for
smaller Web data sets, in practice, the following simple
function has proven to work well across all the Web data
^ is chosen to be zero when n^ is less
sets. The value of w ðnÞ
than a certain threshold, and it is chosen to be 1 when it is
above this threshold. The value for this threshold itself is
learned from the data.

5

INTERPRETING CLUSTERING RESULTS

Given a set of web pages related to a particular name, the
disambiguation approach above generates a set of clusters.
We now describe how these clusters are used to build
people search. Recall that for people search, our goal is to
first provide the user with a set of clusters based on
association to real person. The task is now to 1) rank the
clusters and 2) provide a summary description with each
cluster. Ranking and summarization are defined as follows:
Cluster rank. Search engines (e.g., Google) return pages
in order of relevance to the query based on the algorithm
they use. For each cluster, we simply select the highest
ranked page (i.e., the page with the numerically least order
based on standard search-engine result) and use that as the
order of the cluster. The cluster orders now form the basis
for cluster ranks.
Cluster sketch. We coalesce all pages in the cluster into a
single page. Then, after removing the stop words, we
compute the TF/IDF of the remaining words for the
coalesced page. The set of terms above a certain threshold
(or top N terms) is selected and used as a summary for the
cluster.
Web page rank. When the user explores a particular
cluster, we first display all pages in that cluster. These pages
are displayed according to their original search engine
order. We also take the remainder pages (i.e., pages in the
top K not in the selected cluster) and compute their affinity
to the selected cluster. The remainder pages are then
displayed in order of the affinity to the selected cluster.
Affinity is defined as follows:
Affinity to cluster. The affinity between a web page p
and a cluster C is defined as the sum of the similarity values
between the page p and each page v in the cluster C:
X
sðp; vÞ:
affinityðp; CÞ ¼
v2C

3. We believe that the value of n can serve as an important factor for
choosing values for other parameters of any Web disambiguation
technique, because Web data can be quite diverse. Thus, the described
techniques for picking w based on n might be helpful in choosing other
parameters in general as well.
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The clustering is not always perfect, and it may be the
case that the pages for one real individual are actually
spread across multiple clusters. However, since the remainder pages are displayed as well, the user has the
option to get to these web pages too. Also, it may be that
based on the cluster summaries, the user may not be able to
identify the cluster of pages associated with the real person
she is looking for. We also provide the original list of
(unclustered) pages from the standard search-engine, and
in this case, the user can examine this list of pages.

6

RELATED WORK

Disambiguation and entity resolution techniques are key to
any Web people search applications. In Section 4.2, we have
already overviewed several existing entity resolution approaches, pointing out that they rely primarily on analyzing
object features for making their coreference decisions. In this
section, we first overview our past work and compare it with
existing disambiguation work in Section 6.1. We then
discuss existing Web people search applications in Section 6.2.

6.1 Disambiguation
We have developed several disambiguation approaches in
the past. The approaches in [27], [28], and [36] solve a
disambiguation challenge known as Fuzzy Lookup. To
address the web page clustering problem studied in this
paper, one needs to address a different type of disambiguation known as Fuzzy Grouping. These disambiguation
challenges are related but different, and we are unaware of
any work that would solve the former using the latter. In
Lookup, the algorithm is given a list of objects and the goal
is for each reference in the data set to identify which object
from that list it refers to [27] and [28]. For grouping, no such
list is available, and the goal is to simply group all of the
references that corefer [10], [13].
Besides the differences in the types of problems, the
solution in [27], [28], and [36] is also completely different:
It reduces the disambiguation challenge into a global
optimization problem, whereas in this paper, a clustering
approach is employed. While the solution in [17] and [18]
also addresses the entity resolution problem, the clustering
algorithm proposed in this paper, however, is different: It
is based on CC (Section 4.1), and it employs a supervised
learning approach for tuning to the data set being
processed (Section 4.4).
Most related techniques. The differences among our
disambiguation methodology and most related existing
work are multilevel (see Table 1). Critical to understanding
the differences is the notion of the connection subgraph GLuv
for two nodes u and v, which is defined as the subgraph of
the ER graph formed by the nodes and edges of all L-short
simple paths between u and v [21]. The differences can be
summarized as:
.

Level 1: Problem type. There are two different
common types of the disambiguation challenge:
(fuzzy) Lookup [27], [28], and (fuzzy) Grouping
[10], [13].
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TABLE 1
Differences among Existing Techniques with Regard to the Way They Analyze GLuv

.

Level 2: Data with respect to GLuv . Most of the existing
techniques are different from our methodology as
they do not analyze the same type of data: Specifically, our methodology is based on analyzing GLuv ,
and the majority of the existing techniques do not
analyze GLuv at all. For example, in the recent Web
People Search Task (WEPS) at SemEval workshop [3],
the participated algorithms that achieved the top
three places all exploit extended rich features such as
NEs or URLs extracted from the web pages, while no
relationships are analyzed as in our approach. Then,
there are some recent techniques that might be able to
analyze portions of GLuv if certain conditions are met,
e.g., see Table 1. Let us take, for instance, the work of
Bhattacharya and Getoor [12], which summarizes the
approaches covered in [10], [11], and [13]:
–

–

Name co-occurrence. The approach in [12]
analyzes only co-occurrences of names of authors
via publications for a publication data set. Fig. 4
illustrates a sample GLuv for the scenario where
authors write publications and can be associated
with some departments and organizations. When
analyzing authors A1 and A4 , the approach in
[10], [11], and [13] would only be interested in
author A3 , which is a cooccurring author in
publications P1 and P2 , which are connected to
A1 and A4 , respectively. That is, Bhattacharya
and Getoor [12] would be interested only in the
subgraph shown in Fig. 5. Our methodology
instead analyzes the whole GLuv .
Restrictions on types. The approach in [12]
understands only one type of relationship
(“writes” in this case) and only two types of

.

.

entities: person (“author”) and container (“publication”). Our approach can analyze all of the
types of relationships and entities present in GLuv .
There is also recent work, e.g. [26], [31], and [33],
which builds on our work, but often still analyzes
just portions of GLuv . For instance, Holzer et al. [26]
analyzes only the shortest path between u and v. The
adaptive approach in [33] analyzes G2uv , see Fig. 7.
Another interesting solution [31] simply looks at
people and connects them via “are-related” relationships, see Fig. 6. There, people can be “related” if for
instance, their names cooccur on the same web page.
The solution however can analyze only one type of
the “are-related” relationship, whereas there can be
different types of such relationships in a given
domain, since people can be related for different
reasons.
Level 3: Analysis of GLuv . Those existing research
efforts that analyze GLuv do it differently from our
methodology. Our methodology is based on analyzing paths in Puv and building mathematical models
for cðu; vÞ, which are affinity-on RandomWalk-based
models. The existing work (e.g., [27], [28]) is often
not path-centric and uses domain-specific or probabilistic (e.g., [13]) techniques to analyze the direct
neighbors. Some techniques are based on just
analyzing the shortest u-v path [26].
Level 4: Way to use cðu; vÞ. Finally, once GLuv is
analyzed, disambiguation approaches have to use the
results of this analysis in making their coreference
decisions. The way we use it is also different. For
instance, [10] and [11] employ agglomerative clustering. In our previous work [27], [28], the disambiguation problem is converted into an optimization
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Fig. 4. Sample GLuv : plotted G6A1 A5 . “Pruned” GLuv is obtained by removing
certain edge types: say, by removing all “visited” edges.

Fig. 5. Name co-occurrence subgraph for G6A1 A5 : used in [10], [11], [12],
and [13], which rely on the co-occurrence property. If it does not hold for
a domain, then no graph will be extracted.

Fig. 6. Analyst-derived graph out of G6A1 A5 : People connected via “arerelated” edges that correspond to coauthorships, used in [31]. All
information not about “author-writes-paper” is lost.

Fig. 7. G2A1 A5 : this is what is used in [33]. The graph for the shortest path
used in [26] happens to be the same.

.

problem, which is then solved iteratively. In this
paper, a CC approach is employed (Section 4.1),
which utilizes supervised learning for tuning itself to
the data set being processed (Section 4.1).
Level 5: Domain independence. Once our framework is provided with the ER graph for a data set, it
processes it the same way, regardless of the domain,
that is, it is domain independent. Some of the
existing techniques are applicable to only certain
types of domains or just one domain. For instance,
the approach in [12] only applies to data sets where
“noisy references to person entities (e.g., author
names) are observed together (e.g., in publications),”
i.e., domains where the co-occurrence property
holds.

WSD. Natural Language Processing area studies related
problems of “Word Sense Disambiguation” and “Word
Sense Discrimination” [34], [37]. The goal of the first
problem is to determine the exact sense of an ambiguous
word given a list of word senses. The task of the second is to
determine, which instances of the ambiguous word can be
clustered as sharing the same meaning.
The research on WSD mostly focuses on how to match
the contextual features of word with the knowledge of word
senses. It is important to decide which information to
include for the context features to best represent the
ambiguous word. On the other hand, how to use the
external knowledge sources and what knowledge to exploit
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is a fundamental problem to solve in WSD. Many
researchers have proposed various approaches, such as
using lexical knowledge associated with a dictionary,
building semantic network as is done by WordNet, etc.
There are both supervised and unsupervised approaches
for WSD problem, depending on whether or not there is a
sense-tagged corpus available as training data set. For
unsupervised approaches, a trend is to use iterative or
recursive algorithms to sense-tag the words with a finite
number of processing cycles. In each step, such algorithms
would either remove irrelevant senses or tag some words
by synthesizing the information from previous steps. For
supervised approaches, both hidden models (e.g., EM) and
explicit models (e.g., Log Linear Model) have been used,
depending on whether the features are directly associated
with the word sense in the training data.
If we view the ambiguous word as a reference and the
word sense as an entity, then the two instances of WSD
problem are similar to the Lookup and Grouping instances
of Entity Resolution/WePS. Because of this similarity, the
proposed approaches are frequently similar at a high level.
There are some lower level differences among the WSD
and WePS problems. For instance, for WSD, we can often
assume that there is a dictionary of all word senses
(perhaps imperfect), which can be employed sometimes
quite effectively. Currently, such a complete dictionary is
infeasible for WePS.4 In addition, while a word typically
has only a few semantic meanings, a reference to a person,
e.g., “J. Smith,” can be much more uncertain. The different
natures of domains also contribute to the differences of the
WSD and WePS problems and solutions. For example, the
part of speech tag associated with a word can significantly
help in disambiguating the word sense in WSD. On the
other hand, the POS tag assigned to a reference play much
less significant role in the case of WePS.
There are many other interesting related disambiguation
techniques, and we could not mention all of them in this
article. Instead, we next describe the techniques and
applications that deal directly with Web Search.

6.2 Web People Search
There are some research efforts [1], [4], [8], [14], [40], [41]
that have explored the problem of entity disambiguation in
the Web setting. We empirically compared our approach to
some of the state-of-the-art techniques in Section 7. Web
people search applications can be implemented in two
different settings. One is a server-side setting, where the
disambiguation mechanism is integrated into the searchengine directly. The other setting is a middleware approach,
where we build people search capabilities on top of an
existing search-engine such as Google by “wrapping” the
original engine. The middleware would take a user query,
use the search engine API to retrieve top K web pages most
relevant to the user query, and then cluster those web pages
based on their associations to real people. The middleware
approach is more common, as it is difficult to conduct
realistic testing of the server-side approach due to the lack
of direct access to the search engine internal data. In this
paper, we also take the middleware-based approach to
develop our algorithms.
4. That is, there is no complete list of all people in the world, and no data
set exists that associates the right keywords/tags/information with every
person.
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There are a few publicly available Web search engines
that offer related functionality in that Web search results are
returned in clusters. Clusty (http://www.clusty.com) from
Vivisimo Inc., Grokker (http://www.grokker.com), and
Kartoo (http://www.kartoo.com) are search engines that
return clustered results. However, the clusters are determined based on the intersection of broad topics (for
instance, research related pages could form one cluster
and family pages could form another cluster) or page
source; also, the clustering does not take into account the
fact that multiple persons can have the same name. For all
of these engines, clustering is done based on the entire web
page content or based on the title and abstract from a
standard search-engine result.
ZoomInfo (http://www.zoominfo.com) search engine is
an example of person search on the Web. This search engine
is similar to the one proposed in this paper. It also extracts
the named entities and after that applies some machine
learning and data mining algorithms to identify different
people on the Web. But, this system has a high cost and low
scalability because the person information in the systems is
collected primarily manually.
Among research efforts, such as [1], [4], [8], [11], [14],
[40], and [41], the approach in [24] is somewhat similar to
our approach in that there is an exploitation of relationships
for disambiguation; however, the assembly of relationships
and approach to exploiting such relationships are quite
different as we now explain. The approach in [24] starts
with constructing a “sketch” of each web page (representative of a person with the name), which is essentially a set of
attribute-value pairs for “common” distinguishing attributes of a person such as his affiliation, job title, etc. To
construct the sketch, however, a variety of existing data
sources (such as DBLP) and some preconstructed specialized knowledge bases (such as TAP) are used. This
approach is thus restricted to person searches, where the
persons are famous or prominent (famous enough for us to
have compiled information about them in advance),
whereas our approach does not rely on any such precompiled knowledge and thus will scale to person search
for any person on the Web. Even in the case where
precompiled knowledge exists, the sketch comparison
approach in [24] is limited since it relies on name cooccurrence, see Table 1.
The approach in [8] is based on exploiting the link
structure of pages on the Web, with the hypotheses that
web pages belonging to the same real person are more
likely to be linked together. Three algorithms are presented
for disambiguation, the first is just exploiting the link
structure of web pages, the second algorithm is based on
word similarities between documents and does clustering
using Agglomerative/Conglomerative Double Clustering
(A/DC), and the third approach combines link analysis
with A/DC clustering.

7

EXPERIMENTAL RESULTS

In this section, we empirically evaluate the proposed
approach. First, in Section 7.1, we describe the experimental
setup. Next, Section 7.2 covers experiments that evaluate the
overall disambiguation quality of various algorithms. Then,
Section 7.3 studies the impact of the new cluster-based
interface on Web search. Finally, Section 7.4 concludes the
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experimental evaluation with a study of the efficiency of the
approach. Specifically, it shows that the overall query
response time is largely determined by the time needed to
preprocess the web pages and that the clustering time itself
is just a small fraction of the response time.

7.1 Experimental Setup
Data sets. We conduct experiments on several real data sets
for disambiguation of people on the Web. Each data set has
been created by querying the Web using the Google or
Yahoo! search engine with a number of different queries. A
query is either a person name or a person name along with
context keywords. The top 100 returned web pages of the
Web search were gathered for each person. To get the
“ground truth” for these data sets, the pages for each person
name have then been assigned to distinct real persons by
manual examination. The three data sets that we have at our
disposal are the following:
WWW 2005 data set. Data Set used by Ron Bekkerman and Andrew McCallum in WWW 2005 [8]. It
contains web pages for 12 different people names.
2. WEPS data set. Data Set used in WEPS at the
SemEval workshop [3]. The original WEPS data
consist of the Trial, Training, and Test portions.
The WEPS Trial portion contains web pages for
nine person names, and it is the same data set
used by Artiles et al. in [4]. The WEPS Training
consists of web pages for 49 person names: seven
from Wikipedia, 10 from ECDL, and 32 from the
US Census. The WEPS Test part consists of
30 person names: 10 from Wikipedia, 10 from
ACL06, and 10 from US Census.
3. Context data set. This data set is generated by us, by
issuing nine queries to Google, each in the form of a
person name along with context keywords.
From the pages of the data sets, we constructed the
graph to be analyzed, by extracting entities and creating the
relationships as described in Section 2. We used the GATE
[19] system for the extraction of NEs from the web pages in
the data set. We used the system “as-is,” i.e., without
providing any additional training, rules, or data. The
extraction of entities, while not perfect, is of reasonably
high accuracy. We also employed some standard word
stemming and fuzzy matching (consolidating “US” and
“United States,” etc.) over the extracted entities as a
cleaning step.
To train the free parameters of our algorithm, we apply
leave-one-out cross validation on smaller data sets, including WWW 2005, WEPS Trial, and Context data sets. For the
full WEPS data set, before the “ground truth” for its WEPS
Test portion was released by the organizers of the workshop, we tested our approach on the WEPS Training set by
a twofold cross validation. That is, we randomly divided
the data set into two halves, such that each of the subsets
(i.e., Wikipedia, ECDL, and US Census) are divided
randomly into two halves. Then, we trained on the first
half and tested on the second, and vice versa, and then, we
reported the average of the results. After the “ground truth”
of the WEPS Test portion became available, we trained our
algorithm on the whole WEPS Training portion and tested
on the WEPS Test portion.
1.
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TABLE 2
Overall Quality Comparison

Quality evaluation measures. Following the suit of WEPS
challenge [3] and Artiles et al. [4], we use the B-cubed [6] and
FP measures for assessing the quality of disambiguation.5
B-cubed is considered to be a better measure than FP and
many other measures, as it is more fine grained, and it does
not have as many measuring anomalies (counterintuitive
measuring outcomes). Thus, we will use B-cubed as our
primary measure. A more detailed discussion of quality
metrics is beyond the scope of this paper.
Baseline methods. In addition to comparing our algorithm to prominent solutions and the state of the art, we
also use the Agglomerative Vector Space clustering algorithm with TF/IDF as our Baseline method. This method is
widely employed as a benchmark to evaluate similar tasks,
e.g., in [4] and [8]. The threshold parameter for this method
is trained the same way as discussed above.
Statistical significance test. We used the standard
1-tailed paired t-test, with  ¼ 0:05 to measure the statistical
significance of our results when compared to other
approaches. All of the results have been found to be
significant, even for  as low as 0.001 for some experiments.
The exception is the context experiment, where the results
have been found to be significant for  ¼ 0:07.

7.2 Testing Disambiguation Quality
In this section, we present a set of experiments that study
the quality aspect of the proposed approach. Experiment 1
assesses the overall quality of the proposed approach.
Experiment 2 evaluates its quality on a disambiguation
problem known as the Group Identification. Experiment 3
studies the quality on queries with context. The last
experiment in this section evaluates the quality of the
algorithm for generating cluster sketches.
Experiment 1 (disambiguation quality: overall).Table 2
demonstrates the overall disambiguation quality results on
WWW 2005 and WEPS data sets. Here, sðu; vÞ ¼ cðu; vÞ
represents the approach where only the connection strength
is employed for disambiguation. That approach relies only
5. B-cubed. For each reference r (where references are web pages in this
case), B-cubed computes set Sr of references that corefer with r according to
the ground truth. The term “corefer” means refer to the same object. It also
computes set Ar of references that corefer with r according to the clustering
r \Sr j
produced by the algorithm. For reference r, it computes P recisionr ¼ jAjA
rj
r \Sr j
and Recallr ¼ jAjS
.
It
then
computes
P
recision
ðRecallÞ
as
the
average
rj
P recisionr ðRecallr Þ over all references. Finally, it computes FB as the
harmonic mean of P recision and Recall.
FP : FP is computed as a harmonic mean of P urity and InverseP urity.
Let S ¼ fS1 ; S2 ; . . . ; SjSj g be the set of the original (ground truth) clusters of
references (web pages in this case). Let A ¼ fA1 ; A2 ; . . . ; AjAj g be the set of
clusters according to a disambiguation algorithm. Then, P urity ¼
P
P
jAi \Sj j
jS j
jAi \Sj j
jAi j
a n d InverseP urity ¼ Sj 2S jRjj maxAi 2A jS
,
Ai 2A jRj maxSj 2S jAi j
jj
where R is the set of all references (all web pages).

on the extracted NEs and hyperlink information, and it does
not use the TF/IDF. Method sðu; vÞ ¼ cðu; vÞ þ fðu; vÞ
complements the previous method with the analysis of
the features of web pages fðu; vÞ, in the form of their TF/
IDF similarity. The last row in the table represent the
approach that, in addition to the above, also picks w
according to the function w ðnÞ
^ of the predicted number of
namesakes, as has been discussed in Section 4.5.
The table shows that, as expected, each subsequent
method achieves better results than the previous one. The
proposed approach gains 7.8 percent improvement in terms
of B-cubed measure over the baseline approach on the
WWW 2005 data set, and it gets 6.1 percent improvement
on WEPS Training data set (training is by twofold cross
validation) and 10.7 percent improvement on WEPS Test
data set (training is on the whole WEPS Training set). The
improvement is statistically significant at the 0.05 level for
the WWW 2005 data set and at a 0.001 level for the WEPS
data sets. The improvement is also evident in terms of the
Fp measure.
We also compare the results with the top runners in the
WEPS challenge [3]. The first runner in the challenge
reports 0.78 for Fp and 0.70 for B-cubed measures. The
proposed algorithm outperforms all of the WEPS challenge
algorithms. Some of the learning approaches in WEPS
challenge have not shown as good results as anticipated.
This has been attributed to the fact that 1) the WEPS
Training and Test data sets are small, and 2) these data sets
have different properties such as different average ambiguity. These factors might have resulted in overfitting for
the models used. On the other hand, Table 2 shows that the
proposed learning model is stable on the WEPS data set.
Disambiguation quality per namesake. Tables 4 and 5
demonstrate more detailed (per queried name) results for
the experiments on the WEPS trial and the WWW 2005 data
sets. The WEPS trial data set has also been used by Artiles et
al. in SIGIR 2005 [4]. From these tables, we can see that nine
person names are queried in the WEPS trial data set and
12 names in the WWW 2005 data set. The “#” field shows
the number of namesakes for a particular name in the
corresponding 100 web pages. Table 4 compares the results
of the proposed approach with those in [4]. In [4], the
authors employ an enhanced version of agglomerative
clustering based on TF/IDF. The table shows that the
proposed approach outperforms that in [4] by 9.5 percent in
terms of the FP measure.6 The achieved improvement is
statistically significant at the 0.05 level. Table 5 demonstrates the results for a similar experiment but on the WWW
2005 data set.
6. FP is referred to as F¼0:5 in [4].
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TABLE 3
Quality of Group Identification

Values in brackets show the absolute improvement over that in [8].

The improvement is achieved since the proposed
disambiguation method is simply capable of analyzing
more information, hidden in the data sets, and which [4]
and [8] do not analyze.
Experiment 2 (disambiguation quality: group identification). In [8], the authors propose an unsupervised
approach for Group Identification: A related-but-different
problem to the one studied in this paper. In that problem,
the algorithm is given N names of N people that are
somehow related, e.g., these names are found in somebody’s address book. The task is to find the web pages
related to the meant N people.
We have modified our algorithm to apply it to that
problem, as explained in the electronic Appendix in more
detail, which can be found on the Computer Society
Digital Library at http://doi.ieeecomputersociety.org/
10.1109.TKDE.2008.78. That algorithm outperforms [8] by
11.8 percent of F-measure, as illustrated in Table 3. In this
experiment, F-measure is computed the same way as in
[8].7 The field “#W” in Table 3 is the number of the to-befound web pages related to the namesake of interest. The
field “#C” is the number of web pages found correctly and
the field “#I” is the number of pages found incorrectly in
the resulting groups. We can see that the baseline
algorithm also outperforms the algorithm proposed in
[8]. The baseline algorithm utilizes only one free parameter, the threshold, which in our case is trained from
data. The difference between the WWW 2005 algorithm
and our new algorithm is statistically significant at the
0.05 level.
The work in [9] is the latest follow-up to the work in [8],
we are aware of. In it, the authors have extracted all the
hyperlinks contained in the 1,085 web pages of the WWW
2005 data set and crawled the Web three hops from those
links, retrieving additional web pages. This costly process
has resulted in 669,847 web pages overall. By analyzing all
these web pages, the authors achieved 83.9 percent Fmeasure. This is still 8.2 percent less than the results of the
6. FP is referred to as F¼0:5 in [4].
7. F-measure: let Si be the set of the correct web pages for cluster-i and Ai
be the set of the web pages assigned to cluster-i by the algorithm. Then,
i \Si j
i \Si j
P recisioni ¼ jAjA
, Recalli ¼ jAjS
, and F is their harmonic mean.
ij
ij

approach proposed in this paper, which achieves 92.1 percent, and it does not yet analyze all this additional data.
Experiment 3 (disambiguation quality: queries with
context). We generated a data set by querying Google with
a person name and context keyword(s) that is related to that
person. We used nine different queries. The statistics for
this data set is illustrated in Table 6. For instance, the table
shows that for query Q8 ¼ ‘‘Tom Mitchell’’psychology, 98
meaningful pages were found (the rest are empty pages),
and there are 13 namesakes for Tom Mitchell in those pages.
Table 6 presents the disambiguation quality results for the
proposed and baseline algorithms. The proposed approach
outperforms the baseline by 6.3 percent of the B-cubed
measure. The difference between the baseline and the new
algorithm is significant at the 0.07 level.
While the proposed algorithm factors in the same
information used by the baseline, it ultimately makes its
own decisions, which are largely driven by analyzing the
connections. Table 6 demonstrates that point: the results are
worse than those of the baseline for the two cases, but they
are better on the average.
Experiment 4 (quality of generating cluster sketches).
In Section 2, we have presented an algorithm for generating
representative keywords to summarize each cluster. Table 7
illustrates the output of that algorithm for the “Andrew
McCallum” query on the WWW 2005 data set. The
keywords and phrases are shown in their stemmed
versions. The table shows only the top-10 keywords for
each cluster for the sake of clarity. Each cluster has a
different set of keywords. Therefore, if the search is for
UMass professor Andrew McCallum, his cluster can easily
be identified with the terms like “machine learning” and
“artificial intelligence,” as well as with the keywords like
extract, model, and classification.

7.3 Impact on Search
Comparing the effectiveness of cluster-based people search
to the traditional search is a complex task, as it implies too
many unknowns: what the user is looking for exactly,
which background/context information she knows and
intends to use in her query, how the user will react on
partially examined output in the returned results, and so
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TABLE 7
Results for “Andrew McCallum” Query
in the WWW 2005 Data Set

Values in brackets show the absolute improvement over that in [4].

TABLE 5
Quality on WWW 2005 Data Set

on. To perform a quantitative comparison, we used the
following methodology.
User observations. A user is interested in retrieving the
web pages of a particular person. The user queries the search
engine with the name of that person, e.g., William Cohen,
and then scans through the top K pages in order to satisfy
the objective of finding all the web pages of that person
among the top K pages. In case of a traditional search
interface, at each observation i, where i ¼ 1; 2; . . . ; K, the
user looks at the sketch provided for the ith returned web
page. We assume that by doing so, the user can decide

whether the page is relevant to the person she was looking for
or irrelevant.
For the new interface, supported by a cluster-based
people search, the user first looks at the “people search”
interface. The user sequentially reads cluster sketches/
descriptions, until on the mth observation the user find the
cluster of interest. The user then clicks on that cluster, and
the systems then shows the original set of K web pages
returned by the search engine, except that the web pages are

TABLE 6
Results for the Context Data Set
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Fig. 8. UMass prof: recall.

Fig. 11. Cust. sup.: recall.

Fig. 9. UMass prof: precision.

Fig. 12. Cust. sup.: precision.

Fig. 10. UMass prof: F1-measure.

ordered differently. Specifically, first are the set of pages S
that our algorithm identified for that namesake, next are the
pages in the order of their similarity to the pages in S. At
each subsequent observation, the user examines the sketch
for each page, as in the standard interface and decides
relevant/irrelevant in a similar fashion. Notice that in a
cluster-based search, it is possible that none of the cluster
definitions satisfies the user (i.e., matches the person she is
interested in). In such a case, the user can retrieve the
original K web pages returned by the search engine. Notice
that in practice, the user can make mistakes in deciding
relevant/irrelevant based on sketches. Thus, the reported
quality results will be optimistic for both the new and
standard search interfaces.
Measures. We compare the quality of the new and
standard interface using Precision, Recall, and F-measure.
On the ith observation, the precision shows the fraction of
relevant pages among all the web pages examined so far.
The recall on the ith observation shows the fraction of
related web pages out of all the related pages discovered so
far. Notice that using the new interface the user starts
examining the first web page only on the ðm þ 1Þth step,
after locating the right cluster on the mth step.
Recall plots are useful in computing another metric: how
many observations are needed to discover a certain fraction
of relevant pages. In general, the fewer observations are
needed in a given interface, the faster the user can find the
related pages, and thus, the better is the interface. Each
figure in this section shows three curves: one for the
standard interface and two for the new interface. The new

Fig. 13. Cust. sup.: F1-measure.

interface knows the number of web pages jSj in the cluster
S the user chooses to explore. The user may opt to examine
only those jSj web pages suggested by the algorithm and
then stop. This case is represented by “New” curve in the
figure. Optionally, the user might choose to continue
exploring the rest of the web pages. The latter situation is
represented with “New Optional” curve.
Experiment 5 (impact on search). This experiment
consists of three parts. The first two parts study two
common cases: 1) a search for a namesake whose web pages
form the largest cluster, these web pages also tend to be first
pages in search, and 2) a search for a regular cluster. The
third part studies the overall performance averaged over all
the namesakes in the data set.
Case 1: First-dominant cluster. Figs. 8, 9, and 10 plot the
measures for Andrew McCallum the UMass Professor. His
pages tend to appear first in Google, they form the first
group, which is also the largest one. The Recall figure shows
that one needs to do 44 observations in the standard
interface to discover half (50 percent) of the pages (27 out of
54) of the UMass Professor, while in the new interface, one
needs to do just 33 observations total. To discover 90 percent
of the relevant pages, one needs to do 92 observations in the
standard interface and only 55 in the new one. The general
trend in the plots in this section is that the Precision, Recall,
and F-measure for the new interface either dominate, or are
comparable to, those of the standard interface.
Case 2: Regular cluster. Figs. 11, 12, and 13 plot the same
measures for Andrew McCallum the Customer Support
person. His cluster consists of three pages that appear more
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Fig. 14. Average recall.

Fig. 18. Umass, music: precision.

Fig. 15. Average precision.

Fig. 19. Umass, music: F1-measure.

Fig. 16. Average F1-measure.

Fig. 20. Musician: recall.

Fig. 17. Umass, music: recall.

Fig. 21. Musician: precision.

toward the end in Google search. His group is one of the
last groups. To get 50 percent of his cluster, one needs to do
51 observations in the standard interface and only 16 observations in the new interface. For 90 percent, it is 79
observations in for the standard interface and 17 observations for the new interface.
Case 3: Average. Figs. 14, 15, and 16 plot the average of
Recall, Precision, and F measures for search impact on the
WWW 2005 data set by averaging over all the namesakes in
this data set. It should be noted that some of the person
names have many namesakes, e.g., David Israel has
45 namesakes, Bill Mark has 52 namesakes, etc. Therefore,
for some of the namesakes, both the standard and new
interfaces would require first doing many observations to
find even the first relevant web page. After averaging, this
leads to small overall values for measures. Figs. 14, 15, and
16 show that, even with the imperfect clustering, the curves
for the new interface largely dominate those for the
standard interface. The figures do not capture another

advantage of the new interface: its ability to suggest when
to stop the search, since the algorithm knows the number of
elements in each cluster.
Impact on search with context. In general, it is not
hard to imagine scenarios where a good choice of
keywords would identify a person really well, so that
all the returned top K web pages would belong to just
one namesake. In that case, one can expect to see no
difference between the new and the standard interface.
But quite often, searches with context still return results
that contain several namesakes, see, for example, Table 6.
Figs. 17, 18, 19, 20, 21, and 22 plot the impact on search
when context is used. In this case, the query is “Andrew
McCallum” music. The number of namesakes for that
query is surprisingly large: 23. The reason is that web
pages often contain advertisements, e.g., links to websites
that sell music. Figs. 17, 18, and 19 plot the impact results
for the case where the user in his query has meant
Andrew McCallum the UMass professor, who is inter-
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A PPENDIX

Group Identification
In [8] the authors have developed an unsupervised Web disambiguation algorithm that exploits Web links present in the data set.
Since we had adopted the data set produced by [8], we wanted to
compare the quality of the two disambiguation algorithms. The
problem we faced was that the disambiguation problem studied
in this article is different from the one studied in [8]. This article
solves a well-recognized Web Page Clustering problem, while
the approach in [8] addresses less studied Group Identification
problem.
In the formulation of the Group Identification problem, it is
assumed that N (e.g., N=12) people names are found together,
for instance, on a conference Web page, or in somebody’s email
folder, etc. The mere fact that those names are mentioned together
indicate that specific real people are meant there, which are related
in some unknown way. The task is to gain more information about
those N meant people.
Specifically, Google is queried N times, for each person, with
the person’s name as the query. The top-100 web pages returned
by Google are stored per each person. The goal is to identify
among those Web pages only those pages that refer to the N
specific people, that were meant by the list of names.
G ROUP -I DENTIFICATION(Q, K, Ontology)
1
2
3
4
5
6
7
8
9
10
Fig. 23.

C ← ∅ // sets of set of clusters
Q ← Person-Names
R ← ∅ // pages mentioning the persons in the groups
Ontology ← L OAD -O NTOLOGY()
for each person query qi ∈ Q
Ci ← P ROCESS -Q UERY(qi , K, Ontology)
for each person query qi ∈ Q
X ← Search the occurrence of other names (Q − qi ) in Ci
R←R∪X
return R
Naive Algorithm for Group Identification Problem.

Even though the two disambiguation challenges are different,
it is easy to design a naive algorithm for solving the Group
Identification problem, that would build on any Web Page Clustering algorithm. The pseudo-code for one such algorithm is
illustrated in Figure 23. The naive approach first performs web
page clustering on each set of the top-100 web pages, per each
of N persons, to determine their namesakes. After that, the task
becomes to identify the right (meant) namesake per each name.
That is, for namesakes of Andrew McCallum, the algorithm
should identify which namesake is the meant one (the UMass
Professor in this case). The naive algorithm does this by counting
which groups contain web pages that mention at least one of
the other N − 1 people names (William Cohen, Tom Mitchell)
from the original list of N people. If two or more groups have
such pages, those groups are merged into one. For instance, the
UMass Professor might be split into two groups by mistake of
the grouping algorithm. But if the two groups both mention, say,
William Cohen, then they will be merged into one group.
We used the above approach to compare the proposed disambiguation algorithm with the approach proposed in [8].9 The
9 We note that this straightforward algorithm could be perhaps improved
further by using more robust criteria for grouping individuals, e.g., by using
similarity joins over clusters.

proposed disambiguation algorithm achieves the F-measure of
92.1%, which is 11.8% improvement over the best result of 80.3%
reported in [8].
Also notice that the task of Group Identification, addressed
in [8], can be procedurally viewed as an optimization over one
specific namesake in each group of namesakes with the same
name (e.g., optimization over only Cohen the CMU Prof, in all
Cohen’s Web pages). The task of Web page clustering, addressed
in this paper, can be viewed as an optimization over all the
namesakes, which is more challenging. Thus, one would expect
that any approach solving only Group Identification would get
better results on the namesake of interest, than those of a general
grouping algorithm, since the former has the advantage over the
latter.

