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ABSTRACT
The more important web searching becomes, the more we
have to focus on the “same name” problem in web searches.
In this paper, we report our algorithm for disambiguating
person names in web search results. It is a document clustering algorithm based on hierarchical agglomerative clustering using named entities, compound keywords, and URLs as
features for document similarity calculation. We propose a
two-stage clustering algorithm to improve the low recall values, in which the clustering results of the first stage are used
to extract features used in the second stage clustering. We
participated in the WePS-2 evaluation with this algorithm.
We explain the results and describe other experiments performed with the WePS-1 data sets.

General Terms
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1.

INTRODUCTION

World Wide Web (WWW) search engines have become
widely used in recent years to retrieve information about
real-world entities such as people. In such cases, users enter
the name of the target entity in search engines to obtain a
set of Web pages that contain the name. However, the ambiguity of names (i.e., many entities have the same name) typically causes the search results to contain Web pages about
several different entities.
For example, if we want to know about one “George W.
Bush” who is not the former U.S. president, many pages
about the former president are returned as the search results, which may require us search for the target by eye.
Depending on the circumstances, we might have to search
again to find Web pages about the target person among the
numerous results, which is an arduous and time-consuming
task.
Copyright is held by the author/owner(s).
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To solve this problem, we propose a method of clustering Web pages (documents) returned by search engines in
response to name queries.
Hereinafter, we use the term “person name” to mean a
string indicating the name of a person. Many studies have
recently been carried out on disambiguating people’s names,
as was done in the recent successful WePS workshop [2].
In this task, the typical approach is to define similarities
between documents based on some features extracted from
the documents. The feature set we used was: named entities
(NEs), compound keywords (CKWs), and uniform resource
locators (URLs). In terms of performance, NEs have been
reported to be the most effective features for these tasks
[8], as substantiated by the fact that most top-ranked systems at WePS used them as main features. NEs are good
features for distinguishing among persons because they concisely represent real-world concepts related to the persons.
We also used CKWs and URLs as additional features. These
have similar properties to NEs (i.e., they are not observed
frequently, but work as strong evidence for entity identification). The problem we experienced in using such features is
that they show high precision values but low recall values.
The typical approach for improving the recall is to reduce
the threshold for document similarity, which means merging
not-so-similar documents, and the end result is typically a
drop in precision.
In this paper, we explain a new approach for improving
the recall values of NE-based approaches by using a twostage clustering algorithm. We used this method in the
WePS-2 evaluation [3]. Our idea is to refine the features
themselves appropriately by using the clustered documents,
which are coherent thanks to the high precision, to improve
recall with little sacrifice of precision. The idea behind the
algorithm is that more documents provide more reliable features. In the first stage, some reliable features (like NEs)
are used to connect documents about the same person. After that, the connected documents (i.e., document cluster)
are used as a source from which new features are extracted.
These extracted new features are used in the second stage
to make additional connections between documents. Therefore, our approach is to improve clusters step by step, where
each step refines clusters conservatively. Our two-stage clustering algorithm is thus a conservative algorithm in the sense
that it uses only high confidence features for clustering.

We also improved the first-step clustering algorithm in
comparison with our previous work [15]. First, we investigated the window size when we extracted features from document. We optimized the window size for WePS-1 and used
that size in the WePS-2 competition. Secondly, we changed
the calculation of similarity by merging several similarities
instead of merging clusters generated by individual features
[15]. The similarities of several features were calculated with
an overlap coefficient. In order to merge several similarities,
we got the maximal similarity and regarded the maximal
value as the document similarity. Thirdly, the group-average
method replaced the single-linked method used in the previous hierarchical agglomerative clustering. It outputs better
results than the single-linked method.
The remainder of this paper is organized as follows. Section 2 introduces related research. Section 3 reviews feature
extraction. Section 4 explains our two-stage clustering algorithm. Section 5 evaluates our proposed methods using
WePS data sets. Section 6 concludes the paper by briefly
summarizing the main points and mentioning future work.

2.

RELATED WORK

Several important studies have tried to solve the task described in the previous section. Bagga and Baldwin [4] applied the vector space model to the calculation of similarities between names using only co-occurring words. Based on
this, Niu et al. [14] presented an algorithm that uses information extraction results in addition to co-occurring words.
However, these methods were tested on only small artificial
test data sets, which raises doubts as to their suitability in
practical use. Mann and Yarowsky [11] used a clustering
algorithm to generate person clusters based on extracted biographic data. However, this method was also tested on
only artificial test data. Wan et al. [18] proposed a system
that rebuilt search results for person names. Their system,
called Web-Hawk, was aimed at practical use like ours, but
theirs was specialized for English person-name queries consisting of three words: family name, first name and middle
name. They mainly assumed queries such as “hfirst namei”
or “hfirst namei hfamily namei”, and took middle names into
consideration, which may have improved the accuracy. However, it would not be suitable for other types of names such
as those in Japanese (consisting of only family and given
names.)
In another approach to this task, Bekkerman and McCallum [5] proposed two methods of finding Web pages that
refer to a particular person. They used two distinct mechanisms: one was based on a link structure and the other used
agglomerative/conglomerative double clustering. However,
they focused on disambiguating an existing social network
of people, which is not the case when searching for people in
real situations. In addition, as our experience is that pages
containing the same name have fewer direct links than expected, it would be difficult to use information about link
structures to resolve our task. Although there might be indirect links (i.e., one page can be found from another page
via other pages), it would be far too time consuming to find
them.
The method proposed by Bollegala et al. [6] is similar to
ours in that they used extracted keywords to calculate document similarities. They further extracted keywords from
resulting clusters. However, their research was aimed at keyword extraction itself, while our method uses keyword ex-

tracted from resulting clusters to improve the performance
of clustering itself.
Bunescu et al. [7] reported using Wikipedia knowledge to
disambiguate NEs. They used Wikipedia to extract features
for supervised learning, which is different from our approach
of extracting keywords from Wikipedia articles to use them
for unsupervised clustering.
Our approach is based on two-stage clustering. We surveyed previous research on two-stage clustering and found
some studies. First, the information bottleneck method is
analogous to our method. Proposed by Tishby et al. [17],
the information bottleneck method uses information theory
for clustering. It has been applied to document clustering
[16], where words were clustered and the word clusters were
used to form document clusters. This may be a form of
two-stage clustering. Secondly, Liu et al. [10] also used twostage clustering. They identified discriminative features for
clustering with voting by clusters and refined the clustering
results.

3. FEATURE EXTRACTION
In this section, we explain the feature extraction and similarity calculation.

3.1

Window Size in Feature Extraction

Extracting features from a document is important in clustering for identifying persons with the same name. This
problem is caused by the topic coverage of the document.
The feature extraction faces the problem that a document
contains not only a topic about the target person but also
other topics. One attempt to deal with this issue is to limit
the scope of feature extraction. However, limited features
do not include all of the features available for making true
clusters.
In this study, we examined how to extract features from
a document. We found that extracting from the whole document improves the clustering results.

3.2

Named Entity Features

We extract NEs related to a person from documents. In
this study, we treated person, location, and organization
name as NEs.
NEs have been shown to be effective features in person
name disambiguation, so we used NEs as features in this
study. However, location and organization name have many
proper nouns related weakly to a certain person. Therefore,
terms having high-document-frequency in training data sets
are removed from test data.

3.3

Compound Keyword Features

We also use compound nouns related to the target person.
Here, we explain the extraction of CKWs from documents.
Compound nouns are extracted from a document by using morphological analysis based on the method proposed
by Nakagawa et al [13]. We apply CKWs to name disambiguation [15]. The procedure is as follows.
1. We extract noun phrases {w} from the results of morphological analysis. A noun phrase w is compound
words, where w = {w1 , w2 , · · · , wL }.
2. The word importance LR(w) is calculated as Eq. (1).
p
(1)
LR(w) = (LF(w) + 1) · (RF(w) + 1)

• Compound Keyword Features

LF(w) and RF(w) are the frequencies of nouns that
directly precede or succeed simple noun w. They are
smoothed by adding 1.

CKW similarity simCKW is defined by Eq. (5).
simCKW (dx , dy ) = Overlap(dx , dy )

3. Based on word importance LR(w), the compound noun
importance Score(w) is calculated as Eq. (2).
!1
L
Y
Score(w) = F(w) ·
LR(w)
(2)

We calculate the overlap coefficient with compound
nouns extracted by CKW extraction.
• Link Features

w∈w

Link similarity simURL is defined by Eq. (6).
(
1 if dx links to dy or vise versa.
simURL (dx , dy ) =
Overlap(dx , dy ) otherwise
(6)
If document dx has the URL of document dy or vice
versa, URL similarity simURL = 1. Otherwise, we calculate simURL with the overlap coefficient using URLs
extracted from HTML documents as features.

Here, F(w) is the number of independent occurrences
of compound word w in a document, where an “independent” occurrence of w means that w is not part
of any longer compound nouns, and L is the length of
the noun phrase.
4. We extract {w|Score(w) > θCKW , w ∈ {w}} as CKWs,
where θCKW is a threshold set by learning from train
data sets.
This procedure can be obtained as a “term extraction system 1 ”.

3.4

Link Features

We extract links to other documents contained in the document and use them as features. We extract URLs from the
tag <a href="URL"> included in the document and extract
actual URLs in the document itself. We treat normalized
URLs as URL features. URLs with a high frequency are
also removed if they are found in the set of unnecessaryterm created from training data sets in the same way as
for location/organization name filtering described in section
3.2.

3.5

Overlap Coefficient

In this study, the similarities based on features described
in section 3.2–3.4 were calculated using an overlap coefficient
[12] defined by Eq. (3).
Overlap(dx , dy ) =

|fx ∩ fy |
max(min (|fx |, |fy |) , T )

(3)

Here, fx and fy are sets of features included in dx and dy ,
and |fx ∩ fy | is the number of factors that appeared in both
dx and dy . The denominator of Eq. (3) is limited by the
minimum value T , and T = 4 in this paper.

3.6

Similarity of Features

• Named Entity Features
simNE (dx , dy ) =

αP simP (dx , dy ) + αL simL (dx , dy )
+ αO simO (dx , dy )

(4)

The similarities of NEs are calculated using the similarities of Person (P), Location (L), and Organization (O). Here, αP , αL , and αO are the corresponding
weights (Note: αP + αL + αO = 1). Each similarity
simP , simL , and simO is calculated with the overlap
coefficient. We set these values to be αP À αO > αL .
We used the tuned parameters αP = 0.78, αO = 0.16,
and αL = 0.06 in the WePS-2 evaluation by learning
from training data sets.
1
http://www.r.d.itc.u-tokyo.ac.jp/∼nakagawa/
resource/termext/atr-e.html

3.7

Similarity Merging with Several Features

Clusters are formed by using clustering algorithms with
the features mentioned above. We assume that each cluster
is believed to be part of the true cluster.
To create a new cluster with multiple features, we treated
the union of these clusters as the target cluster in our previous work [15]. In the present paper, we report a new path
to multiple features. We take the highest similarity value
among simNE , simCKW and simURL as shown in the following equation.
simmax (dx , dy ) = max(simNE (dx , dy ),
simCKW (dx , dy ), simURL (dx , dy ))(7)
For proper calculation of the similarity with Eq. (7), all
the similarities must vary in the same range. Their range is
actually confined within [0, 1].

4.

TWO-STAGE CLUSTERING

As a way to extract features for the clustering, we propose
using the results of clustering, which results in our two-stage
clustering algorithm. The first-stage clustering is agglomerative and hard clustering. The second-stage clustering enables soft clustering, which can treat duplication where a
document contains references to more than one person with
the same name. The output of the first-stage clustering has
low recall. We raised the recall by applying second-stage
clustering.

4.1

NE similarity simNE is defined by Eq. (4).

(5)

First-Stage Clustering

In the first stage, hierarchical agglomerative clustering
(HAC) is used as a clustering method. This combines pairs
of elements in order of their similarities. It uses a threshold for terminating the clustering. It is not necessary to
determine the number of clusters beforehand.
Our previous approach was single-linked method. In that
method, the similarity between cluster Ci and cluster Cj is
defined by Eq. (8).
simsingle−linked (Ci , Cj ) =

max

dx ∈Ci ,dy ∈Cj

simmax (dx , dy )

(8)

Here, document dx belongs to Ci and document dy belongs
to Cj , and simmax (dx , dy ) is the document similarity between dx and dy . The way to calculate document similarity
was described in section 3.6. The single-linked method can

easily form large clusters, but it is sensitive to the clustering: If only one factor in a cluster is similar to an element
in the target cluster, the cluster merges with this factor.
This method forms chained clusters and makes wrong clusters by disturbances [9]. Therefore, in the present study, we
used the group-average method for clustering. In the groupaverage method, the similarity between Ci and Cj is defined
by Eq. (9).
sim(Ci , Cj ) =

X
1
|Ci ||Cj |

X

simmax (dx , dy )

(9)

dx ∈Ci dy ∈Cj

HAC combines pairs of clusters that have the highest similarity sim(Ci , Cj ) in sequence until all of the similarities are
no longer over a similarity threshold θHAC . This clustering
handles documents that is belong to only one cluster.

4.2

Second-Stage Clustering

We expect that extracting CKWs from resulting clusters
will yield better quality than extracting them from documents, because a document cluster contains more text than
an individual document, resulting in more reliable statistics
on term frequencies. Therefore, we again extracted CKWs
from clusters after carrying out CKW-based clustering.
The two-stage clustering algorithm is outlined in Algorithm 1. D is all documents and each document is di (i =
1, · · · , N ). C is the result of first-stage clustering applied on
D. Each cluster is Ck (k = 1, · · · , M ). Clusters in C have no
overlap (i.e., ∀k, ∀m, (k 6= m), Ck ∩ Cm 6= ∅ is satisfied). We
calculate the result of two-stage clustering C 0 based on the
results of first-stage clustering C.
• In line 3, |Ck | is the number of documents contained
in cluster Ck . From C, we extract Ck which has the
maximum |Ck | in C.

Algorithm 1 Soft clustering by two-stage clustering
1: C 0 ← ∅
2: while D 6= ∅ do
3:
Take Cluster Ck from C with maximum |Ck |
4:
if |Ck | > θs (k = 1, · · · , M ) then
5:
{tj } ← term extraction(Ck )
6:
for di ∈ D\Ck do
7:
if di has tj (di ∈ Cl ) then
8:
Ck ← Ck ∪ {di }
9:
if |Cl | = 1 then
10:
Cl ← Cl \{di }
11:
end if
12:
end if
13:
end for
14:
end if
15:
C 0 ← C 0 ∪ {Ck }
16:
C ← C\{Ck }
17:
D ← D\Ck
18: end while
19: return C 0
Algorithm 2 Hard Clustering by Two-Stage Clustering
1: if di has tj (di ∈ Cl ) then
2:
Ck ← Ck ∪ {di }
3:
Cl ← Cl \{di }
4: end if

We tested our algorithm on WePS-1 data sets 2 and WePS2 data sets 3 . Data sets were measured [1] with both P-IP
and BEP-BER. FP is F-measure (P-IP) and FB is F-measure
(BEP-BER).
The experimental method is explained below.
1. We converted HTML files to TEXT files (one statement in one line) by applying the Automatic English
Sentence Segmenter 4 and URL features. We removed
unnecessary tags by lxml 5 . We checked whether the
target person name was contained in documents with
patterns: “hfirst namei hfamily namei”, “hfirst namei
[A–Z]. hfamily namei” and “hfamily namei, hfirst namei”.

• In line 5, we treat cluster Ck as a single document and
extract CKWs from it. We extract the top m keywords
as {tj }. This ranking follows the method [13] described
in section 3.3.
• Lines 7–8 check whether the document di is included
in another cluster containing tj . If di has at least one
tj , we add di to Ck .

2. Morphemes and NEs were extracted from documents.
The part-of-speech (POS) tagger we used was Tree
Tagger 6 . The NE recognizer was Stanford NER 7 .
We extracted compound noun phrases as CKWs using the POS tagging results. We extracted URLs from
HTML tags in the original HTML files and added the
URL of the document itself.

• In line 9, we remove cluster Cl from C if the cluster
to which di belongs is Cl = {di }. We leave Cl if Cl 6=
{di } and di ∈ Cl ∧ di ∈ Ck . This process allows the
duplication of a cluster element that is not allowed in
the first-stage clustering.
• In lines 15–17, we remove Ck from C and add Ck to C 0 .
Moreover, we remove documents that contain Ck from
D. We repeat this process until C = ∅ is satisfied.
If |Ck | < θs , where θs is a threshold, this cluster is ignored.
In the study, we set the number of extracted keyword as
m = |Ck |.
To perform hard clustering in the second-stage clustering,
we need to replace lines 7–12 of Algorithm 1 with Algorithm
2.

5.

EXPERIMENT

3. NEs, CKWs and URLs were used as features. The
similarities between documents were calculated from
these features using an overlap coefficient. The maximum similarity of feature similarities was used as similarities of documents.
2

http://nlp.uned.es/weps/weps-1-data/
http://nlp.uned.es/weps/weps-2-data/
4
http://www.answerbus.com/sentence/
5
http://codespeak.net/lxml/
6
http://www.ims.uni-stuttgart.de/projekte/corplex/
TreeTagger/
7
http://nlp.stanford.edu/software/CRF-NER.shtml
3

Topic
ITC-UT
ITC-UT
ITC-UT
ITC-UT
ITC-UT

1
2
3
4
5

Method
SOFT
SOFT
HARD
HARD
HARD

Table
θHAC
0.001
0.005
0.001
0.005
0.010

1: Result of WePS-2 evaluation
BEP BER FB,0.5 FB,0.2
P
0.93
0.73
0.81
0.76 0.95
0.94
0.72
0.81
0.75 0.96
0.95
0.70
0.79
0.73 0.96
0.96
0.65
0.76
0.69 0.97
0.97
0.61
0.73
0.65 0.98

Table 2: NE extraction : window size in WePS-1
data sets.
Topic
NE, 50
NE, 100
NE, 200
NE, All

BEP
0.96
0.95
0.93
0.86

BER
0.50
0.54
0.57
0.65

FB,0.5
0.64
0.67
0.69
0.73

P
0.90
0.89
0.88
0.76

IP
0.62
0.65
0.68
0.76

FP,0.5
0.72
0.74
0.76
0.74

Table 3: CKW extraction : window size in WePS-1
data sets.
Topic
CKW,
CKW,
CKW,
CKW,

50
100
200
All

BEP
0.96
0.95
0.94
0.82

BER
0.41
0.47
0.53
0.64

FB,0.5
0.56
0.61
0.66
0.70

P
0.90
0.89
0.88
0.73

IP
0.53
0.59
0.64
0.74

FP,0.5
0.65
0.69
0.73
0.72

4. The first-stage clustering were applied. We made clusters by HAC. The distances between clusters were calculated by the group-average method.
5. The second-stage clustering was applied to the firststage clustering results. Important CKWs were extracted from clusters output by the first-stage clustering, and clustering was done using these extracted
CKWs as features.

5.1

Results of WePS-2 Evaluation

We submitted five clustering results to the WePS-2 evaluation [3]. They covered two types of clustering method.
Here, we explain the results.
The result of the WePS-2 evaluation are shown in Table 1. They were based on HAC, which used similarity
simmax (dx , dy ). They used two-stage clustering. The secondstage clustering methods were HARD clustering and SOFT
clustering. Here, θHAC is the HAC threshold used in the
first-stage clustering. We set θHAC in the WePS-2 evaluation by learning from traing data sets.

5.2

Experiment : Window Size for Extracted
Features

We tested several window sizes around the query person
name from which we extracted NEs and compound noun
phrases from documents. We compared the clustering performance versus window size for window sizes of 50, 100,
and 200 words and for the whole document.
The results for various window size in NEs extraction are
presented in Table 2. The results of changing the window

IP
0.81
0.80
0.79
0.74
0.71

FP,0.5
0.87
0.87
0.86
0.83
0.81

FP,0.2
0.83
0.83
0.81
0.78
0.75

Table 4: Experiments using WePS-1 data sets.
Topic
BEP BER
Baseline
ALL IN ONE
0.18
0.98
ONE IN ONE
1.00
0.43
COMBINED
0.17
0.99
First-stage clustering
URL
0.98
0.48
CKW
0.82
0.64
NE
0.86
0.65
MAX
0.85
0.73
Second-stage clustering
HARD
0.84
0.76
SOFT
0.83
0.76

FB,0.5

P

IP

FP,0.5

0.25
0.57
0.24

0.29
1.00
0.64

1.00
0.47
1.00

0.40
0.61
0.78

0.62
0.70
0.73
0.77

0.83
0.73
0.76
0.74

0.56
0.74
0.76
0.82

0.64
0.72
0.74
0.76

0.78
0.78

0.74
0.74

0.84
0.84

0.77
0.77

size in CKW extraction are presented in Table 3. NE and
CKW mean NE features and CKW features. In the leftmost column, 50, 100, and 200 denote the window size and
“All” denotes extraction from the entire document. Here,
the HAC threshold was 0, which means that documents belong to the same cluster if the similarity between documents
is over 0. As seen in these tables, the larger windows size
was, the better FB was.

5.3

Experiment using by WePS-1 Data Sets

We compared our proposed method with other methods:
one-stage and two-stage clustering methods.
First, let us explain one-stage clustering method. URLs,
CKWs, and NEs are employed as features for clustering.
The topics are listed in the left most column. URL, CKW,
and NE denote one-stage clustering methods each using a
single type of the features. MAX is the one-stage clustering method described in section 3.7. HAC was used as the
clustering method for these. Next, we explain the two-stage
clustering method. HARD and SOFT were confirmed by reclustering of the results of MAX clustering. HARD stands
for a hard clustering method; in other words, a document
belongs to only one cluster. SOFT stands for a soft clustering method; in other words, a document belongs to more
than one cluster.
We compared these methods with baselines, which were
ALL IN ONE, ONE IN ONE, and COMBINED.
The results are shown in Table 4. MAX, HARD and
SOFT showed the best performance for several thresholds.
The relationship between threshold θHAC and F-measure
(BEP-BER) FB,0.5 is shown in Fig. 1. We extracted NEs
from the whole document and CKWs from 100 words around
the query. We confirmed that the results were improved by

0.780
MAX
HARD
SOFT

F-Measure (B-Cubed)

0.775
0.770

[5]

0.765
0.760
0.755
0.750

[6]

0.745
0.740
0.735
0.0000

0.0020

0.0040
0.0060
Threshold

0.0080

0.0100

[7]
Figure 1: Relationship between threshold and Fmeasure.

using two-stage clustering. Here, θHAC = 0. We found that
two-stage clustering improves the recall without harming the
precision.
The performance results (BEP-BER scores) show that
our system outperformed all the other system in WePS-1
(in B-Cubed F-measure) or took second place (in P-IP Fmeasure). These results suggests that using two-stage clustering is a good way to achieve high performance rather than
simplicity.

6.

CONCLUSION

Our algorithm for person name disambiguation consists
of the two-stage clustering in which the results of first-stage
clustering are used to extract features for the second-stage
clustering. Experiments showed that our algorithm performed better than the top systems in the WePS-1 competition. Furthermore, two-stage clustering can handle a change
in the first-stage clustering algorithm, so performance can be
improved by replacing the first-stage algorithm when new,
better ones become available. In the future, we will investigate new types of features to improve the recall score. We
will also try to improve the filtering algorithm for extracting
CKWs in the second-stage clustering.
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