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Abstract

Document clustering has been traditionally studied as
a centralized process. There are scenarios when cen-
tralized clustering does not serve the required purpose;
e.g. documents spanning multiple digital libraries need
not be clustered in one location, but rather clustered at
each location, then enriched by receiving more informa-
tion from other locations. A distributed collaborative
approach for document clustering is proposed in this
paper. The main objective here is to allow peers in
a network to form independent opinions of local doc-
ument grouping, followed by exchange of cluster sum-
maries in the form of keyphrase vectors. The nodes
then expand and enrich their local solution by receiv-
ing recommended documents from their peers based on
the peer judgement of the similarity of local documents
to the exchanged cluster summaries. Results show im-
provement in final clustering after merging peer recom-
mendations. The approach allows independent nodes to
achieve better local clustering by having access to dis-
tributed data without the cost of centralized clustering,
while maintaining the initial local clustering structure
and coherency.

1 Introduction

Information is better utilized when it is processed to be
easier to find, better organized, or summarized for eas-
ier digestion. Areas dealing with such problems are at
the cross-roads of information retrieval, machine learn-
ing (e.g. classification and clustering), and statistical
analysis. Text and web mining problems in particular
use methodologies often spanning those areas.

Document clustering is an area that deals with the
unsupervised grouping of text documents into meaning-
ful groups, usually representing topics in the document
collection. It is one way to organize information with-
out requiring prior knowledge about the classification of
documents, and could be used as a base for document
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categorization by forming an initial classification.
Document clustering has many applications, such as

clustering of search engine results to present organized
and understandable results to the user (e.g. Vivisimo1),
clustering documents in a collection (e.g. digital li-
braries), automated (or semi-automated) creation of
document taxonomies (e.g. Yahoo and Open Directory
styles), and efficient information retrieval by focusing on
relevant subsets (clusters) rather than whole collections.
Perhaps the most popular application of document clus-
tering is the Google News2 service, which uses document
clustering techniques to group news articles from mul-
tiple news sources to provide a combined overview of
news around the Web.

Traditionally, document clustering has been studied
as a centralized process; i.e. all data is assumed to be
present at a central site, then a single process applies
clustering to the data. A more wider view of how
clustering can be applied in distributed environments
is outlined in Table 1.

Table 1: Types of data and clustering process distribu-
tion

Centralized Data Distributed Data

Centralized Clustering CD-CC DD-CC
Distributed Clustering CD-DC DD-DC

Centralized Data - Centralized Clustering (CD-CC)
This is the standard approach where the clustering
process and data both reside on the same machine.

Distributed Data - Centralized Clustering (DD-CC)
Data might be dispersed across different machines, a
typical case in the Web domain, while the clustering
process runs on a single machine.

Centralized Data - Distributed Clustering (CD-DC)
Data is stored in one location, with clustering processes
running on different machines accessing the same data;
a typical case of parallel processing.

Distributed Data - Distributed Clustering (DD-DC)
The highest level of distribution, where both the data
and the clustering processes are distributed.

1www.vivisimo.com
2news.google.com



The problem with centralized clustering is that
sometimes raw data is distributed across different data-
bases, making it either infeasible or impossible to ap-
ply centralized clustering. In other situations having a
global clustering solution of the distributed data is not
required; a local clustering solution is sufficient, which
can be augmented or enhanced by having access to sum-

marized cluster information from peer nodes.
To better motivate the above scenarios, consider a

set of digital libraries (e.g. archived articles from on-
line publishers). Each digital library can form an opin-
ion about the topic groups found in its collection by
applying local clustering. To enrich the local cluster-
ing solution, each library can receive recommendations
from other libraries on what articles, which it currently
does not carry, can fit into its current clustering solu-
tion. Thus achieving wider accessibility to previously
unavailable data and expanding its clustering solution,
while maintaining its initial structure which is based on
the local data.

Another scenario is when access to peer data is
restricted. In this case we do not have a full global
dataset to operate upon. Instead, we can still achieve
a local clustering that includes pointers to peer data.
This is possible by allowing peers to look at local cluster
summaries and then recommend to us those documents
that they think can fit within our clustering.

In this paper we are presenting an approach that en-
ables collaborative clustering among distributed nodes.
By collaborative we mean the ability of one node to ben-
efit other nodes based on their needs. The stricter term
“cooperative clustering” is not being used as the aim
of cooperative clustering is to achieve a common bene-
fit (e.g. a global clustering solution). However, in the
collaborative approach we are aiming at enriching the
local clustering solution of each individual node based
on recommendations from peer nodes.

The collaborative approach presented here can be
considered one approach to “distributed clustering”.
There are many approaches that rely on a distrib-
uted framework for doing the task; the collaborative
approach tries to utilize the distributed framework to
achieve better local clustering through peer involvement
and recommendation.

Figure 1 illustrates the collaborative clustering sys-
tem presented in this paper. From the point of view
of system architecture, we are adopting a peer-to-peer

framework. Each node in the network has access to
part of the whole document collection. The network is
a connected graph, in which every node is connected to
every other node.

Every node starts by generating a local cluster
model of the documents to which it has access. The
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Figure 1: Collaborative Document Clustering System

goal is to enhance the clustering solution at each node
by allowing peers to receive recommended documents so
that the local clustering quality is maximized.

The information exchanged between nodes is mini-
mized by forming of cluster summaries, represented as
a vector of core keyphrases in each cluster. This step
involves an elaborate multi-document keyphrase extrac-
tion algorithm that accurately extracts those keyphrases
that best describe each cluster [10].

Each node applies a similarity calculation between
received cluster summaries and its own set of docu-
ments. It then recommends to each peer what set of
documents can benefit the peer’s clustering solution.
Finally, the receiving peers decide which documents
should be merged with their own clusters. Eventually,
each node should have an improved set of clusters over
the initial solution, facilitated by having access to global
information from its peers.

The rest of this paper is organized as follows.
Section 2 presents related work, and positions the
work within the literature. Section 3 presents the
collaborative document clustering model. Section 4
presents the algorithms for initial cluster generation,
cluster summarization using keyphrase extraction, and
collaborative clustering. Section 5 includes explanation
and discussion of the experimental results. Finally, a
conclusion and future research directions are outlined
in Section 6.



2 Related Work

The literature is rich on data mining topics. Text
mining in particular receives good attention due to
its wide applicability in many domains. Clustering as
a methodology in general has roots in the statistical
analysis as well as the machine learning fields. However,
we have found very little number of attempts in the
area of distributed clustering, which is considered a
fairly new area due to recent advances in networking
and fast processors. In this section we try to relate the
work presented here to other work in the literature, and
position the work appropriately.

Data clustering is an established field. Jain et al [11,
12] cover the topic very well from the point of view
of cluster analysis theory, and they break down the
methodologies mainly into partitional and hierarchical

clustering methods. In our work the clustering algo-
rithm used falls under the partitional category, since we
do not build hierarchies of clusters. However we allow
clusters to overlap. Chakrabarti [5] also discusses var-
ious types of clustering methods and categorizes them
into partitioning, geometric embedding, and probabilis-
tic approaches. Since our algorithm is mainly dependent
on statistical analysis, we can position it as a probabilis-
tic algorithm.

Kosala and Blockeel [14] touch upon many aspects
of web mining, showing the differences between web
content mining, web structure mining, and web usage
mining. They also discuss what kind of methodologies
are used in web mining. Since we are analyzing the
actual text content of web pages, as opposed to web
link structure or server logs, we can say that our work
falls under the category of web content mining.

Text mining research in general rely on a vector
space model, first proposed in 1975 Salton et al [19,
18, 17] to model text documents as vectors in the fea-
ture space. Features are considered to be the words in
the document collection, and feature values come from
different term weighting schemes, the most popular of
which is the TF-IDF (Term Frequency-Inverse Docu-
ment Frequency) term weighting scheme. This model
is simple but assumes independence between words in a
document, which is not a major problem for statistical-
based methods, but poses difficulty in phrase-based
analysis. Thus, we rely on a model, the Document
Index Graph, which explicitly represents phrases as a
graph structure [9]. This model is the basis for efficient
keyphrase extraction in our work.

Keyphrase extraction can be divided into keyphrase
extraction from single documents, often treated as a
supervised learning problem [20], and extraction from
multiple documents, often treated as an unsupervised
problem [6]. The work by Barzilay et al [1] seems

to have common approach to ours in terms of multi-
document summarization. However, they focus on one
domain, news articles, to detect the same event in
multiple documents, and they use natural language
processing techniques to supplement summaries with
synthesized text. Again, most research in this area
actually treats keyphrases as individual words, again
breaking the phrase structure, which is a key in properly
labeling clusters, as is used in this paper.

Posing the problem as a distributed data mining
problem as opposed to the traditional centralized ap-
proach was largely due to Kargupta et al [13]. They
proposed a distributed agent architecture in which each
agent has a local model of the world. Agents then co-
operate to achieve better global solution. In many as-
pects this is very related to our work. The main differ-
ence is that we do not cast the problem into a multi-
agent paradigm, but rather as straightforward distrib-
uted processing problem. In addition, our method does
not directly try to achieve a better global solution, but
rather achieves this indirectly by maximizing the local
solutions through collaboration of peers.

The work presented by Eisenhardt et al [7] seems
to have very similar goal to ours: to solve the document
clustering problem using a distributed peer-to-peer net-
work. They use the k-means clustering algorithm, mod-
ified to work in a distributed fashion. The algorithm
works by propagating the cluster mean vector to peers,
which merge the mean vector with their own solution
and report back the merged mean to the sending peer.
They report improvement in speed up compared to cen-
tralized clustering, but they do not provide an evalua-
tion of clustering quality in the distributed environment.
A similar system can be found in [15], but the problem
is posed from the information retrieval point of view.

3 Collaborative Document Clustering

The proposed framework consists of a number of mod-
els that describe different aspects of the problem. In
this section we discuss how we represent the distributed
nodes in the system, how to represent the data distribu-
tion, how to represent clusters of documents, and finally
how the documents themselves are represented.

3.1 Node Distribution Model The node distribu-
tion model follows a peer-to-peer model. The network
is represented as a connected graph G(N,L)

where N: is the set of nodes {ni}, i = 1, . . . , NN .
L: is the set of links {lij} between every pair

of nodes ni and nj , i, j = 1, . . . , NN , i 6= j.
The number of links in the network NL =
NN (NN − 1)/2.



This kind of connectedness is chosen for the sake of
simplicity, since the typical scenarios for our approach
involves only several nodes.

The number of nodes is static; i.e. NN is fixed
for a certain configuration and cannot be dynamically
changed. We, however, test with different network sizes
for different values of NN .

Node links are assumed to be equally weighted.
Nodes are assumed to have identical roles in the net-
work, hence the peer-to-peer framework. The model
also suggests that each node is assumed to have infor-
mation about how to find all other nodes.

3.2 Data Distribution Model The global view of
the data is a collection of documents D = {dk}, k =
1, . . . , ND. The original classification of the documents
is assumed to be known, but not used during clustering.
It is only used during evaluation.

The set of topics3 are represented as T = {tc}, c =
1, . . . , NT . Each document is assumed to belong to one
topic; i.e. Topic(dk) ∈ T.

The document collection is assumed to be ran-
domly, but evenly, distributed among the network
nodes; i.e. each node holds the same number of doc-
uments, which is a percentage α of the total num-
ber of documents ND. We refer to the parameter α
as the distribution ratio. There could be overlap be-
tween the nodes in terms of the documents they hold;
i.e. 1/NN ≤ α ≤ 1. Thus, node i will hold a set of
documents Di ⊆ D, such that |Di| = NDi

= α · ND.
This type of document distribution mimics realistic

scenarios, where each node can have access to either an
exclusive part of the document collection, or there could
be an overlap between the documents in each node.

3.3 Cluster Model Upon clustering the documents,
each node will have created a set of document clusters
that best fit its local document collection. Thus, each
node ni maintains a set of clusters Ci = {cr}, r =
1, . . . , NCi

. A cluster contains a subset of the documents
in the node; i.e. cr contains Dr ⊆ Di.

Clusters are allowed to overlap; i.e. each document
can belong to more than one cluster, either in the same
node or across different nodes. Thus, ∀dk, it is possible
that ∃c1, c2 ∈ C, such that dk ∈ c1 and dk ∈ c2.

Document-to-cluster membership is represented as
a relation R(D,C), which is a binary membership
matrix:

M = [mk,r]

3The term topic is used to refer to the document class to avoid

confusion in mathematical notation.

mk,r =

{

1 iffdk ∈ cr

0 otherwise

}

A projection of M over the documents dimension
yields the the number of documents in each cluster:

[M ↓ D]r =
∑

k

mk,r

Similarly, a projection of M over the clusters di-
mension yields the the number of clusters to which each
document belongs:

[M ↓ C]k =
∑

r

mk,r

In the process of collaborative clustering, there will
be a need to represent cluster summaries in the form
of keyphrase vectors, so that they can be exchanged
between peers. The summary of cluster cr is represented
as a keyphrase vector pr, and is referred to as the cluster
core. The set of cluster cores corresponding to the set
of clusters at node ni is Pi = {pr}, and will be referred
to as the node summary. The keyphrases in each cluster
core are the top k keyphrases extracted from the cluster
using the algorithm described in Section 4.2.

3.4 Document Data Model Document features
are represented as sentences rather than individual
words, as is the case in most text mining approaches.
The rationale for choosing phrase-based modeling is the
inherent tendency of this model to make keyphrase ex-
traction from document clusters straightforward (see
section 4.2 for details).

The model assumes that the constituents of a
document is a set of sentences, which in turn are
composed of a set of terms. A document is represented
as a vector of sentences, each of which is a vector of
consecutive terms:

d = {si} ,(3.1a)

si = (ti, wi, li) ,(3.1b)

ti = {tij} ,(3.1c)

li = |ti|(3.1d)

si: is sentence i in the document,
ti: is the term vector of sentence si,
tij : is the term j in sentence si,
wi: is the weight associated with sentence si, and
li: is the length of sentence si.

Sentence weights are assigned according to their
significance in the document (e.g. title, headings, etc.).
A standard pre-processing is applied to the documents,
in which stop words are removed, and different forms



of the same word are removed through stemming using
the standard Porter algorithm [16].

4 Collaborative Document Clustering

Algorithm

4.1 Initial Cluster Generation Each node starts
by forming an local clustering solution, to be en-
riched later by collaborative clustering. A number of
traditional clustering solutions were investigated and
achieved comparable results. These included hierar-
chical, single-pass, k-nearest neighbor, and similarity
histogram-based clustering (SHC) [9]. Hierarchical clus-
tering usually performed slightly better than the other
three, but since the collaborative clustering algorithm is
a collaborative derivative of SHC, we chose it to do the
initial clustering for the sake of consistency. The deci-
sion was also largely based on the fact that we are more
interested in the improvement observed after merging
peer recommendations to the local clustering solution,
rather than in the quality of the initial clustering itself.

In SHC, the coherency of a cluster is represented as
a Cluster Similarity Histogram.

Cluster Similarity Histogram: A concise statis-
tical representation of the set of pairwise doc-
ument similarities distribution in the cluster.
A number of bins in the histogram correspond
to fixed similarity value intervals. Each bin
contains the count of pair-wise document sim-
ilarities in the corresponding interval.

A coherent cluster should have high pairwise doc-
ument similarities. Figure 2 shows a typical cluster
similarity histogram, where the distribution is almost
a normal distribution. A perfect cluster would have a
histogram where the similarities are all maximum, while
a loose cluster would have a histogram where the simi-
larities are all minimum.

Typical Cluster Similarity Histogram
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Figure 2: Cluster Similarity Histogram

We judge the quality of a similarity histogram

(cluster cohesiveness) by calculating the ratio of the
count of similarities above a certain similarity threshold
RT to the total count of similarities. The higher
this ratio, the more cohesive is the cluster. Let NDc

be the number of the documents in a cluster. The
number of pair-wise similarities in the cluster is NRc

=
NDc

(NDc
+ 1)/2. Let R = {ri : i = 1, . . . , NRc

} be the
set of similarities in the cluster. The histogram of the
similarities in the cluster is represented as:

Hc = {hi : i = 1, . . . , B}(4.2a)

hi = count(rk) rli ≤ rk < rui(4.2b)

where B: the number of histogram bins,
hi: the count of similarities in bin i,
rli: the lower similarity bound of bin i, and
rui: the upper similarity bound of bin i.

The histogram ratio (HR) of a cluster is the measure
of cohesiveness of the cluster as described above, and is
calculated as:

HR(c) =

∑B

i=T hi
∑B

j=1 hj

(4.3a)

T = ⌊RT · B⌋(4.3b)

where HR(c): the histogram ratio of cluster c,
RT : the similarity threshold, and
T : the bin number corresponding to the

similarity threshold.

The algorithm works by maintaining high HR for
each cluster. New documents are tested against each
cluster, adding them to appropriate clusters if they do
not degrade the HR of that cluster significantly. Provi-
sions are also made so as not to allow a chain reaction
of “bad” documents being added to the same cluster,
thus bringing its cohesiveness down significantly.

The algorithm works incrementally by receiving a
new document, and for each cluster calculates the clus-
ter histogram before and after simulating the addition
of the document (lines 4-6). The old and new histogram
ratios are compared and if the new ratio is greater than
or equal to the old one, the document is added to the
cluster. If the new ratio is less than the old one by no
more than ε and still above HRmin, it is added (lines
7-9). Otherwise it is not added. If after checking all
clusters the document was not assigned to any cluster,
a new cluster is created and the document is added to
it (lines 11-15).

4.2 Cluster Summarization Using Keyphrase

Extraction Once the initial clusters have been formed
at each node, a process of cluster summarization is con-
ducted. The summary of each cluster is represented



Algorithm 1 Similarity Histogram-based Incremental
Document Clustering

1: Ci ← Empty List {Cluster List of Node i}
2: for each document dk ∈ Di do
3: for each cluster cr ∈ Ci do
4: HRold = HR(cr)
5: Simulate adding dk to cr

6: HRnew = HR(cr)
7: if (HRnew ≥ HRold) OR ((HRnew > HRmin) AND

(HRold −HRnew < ε)) then
8: mk,r ← 1 {Add dk to cr}
9: end if

10: end for
11: if [M ↓ Ci]k = 0 {dk was not added to any cluster}

then
12: Create a new cluster cnew

13: Ci ← {Ci, cnew} {Add cnew to Ci}
14: mk,new ← 1 {Add dk to cnew}
15: end if
16: end for

as a set of core keyphrases that accurately describe
the topic of the cluster. We use the CorePhrase

keyphrase extraction algorithm [10], as opposed to tra-
ditional keyword-based cluster summarization, since
it produces more accurate representation of clusters.
CorePhrase works by first constructing a list of can-
didate keyphrases for each cluster, scoring each candi-
date keyphrase according to its features, ranking the
keyphrases by score, and finally selecting a number of
the top ranking keyphrases for output.

Extraction of Candidate Keyphrases. Candi-
date keyphrases naturally lie at the intersection of the
document cluster. The CorePhrase algorithm compares
every pair of documents to extract matching phrases.
This process of matching every pair of documents is in-
herently O(n2). However, by using a proven method
of document phrase indexing graph structure, known as
the Document Index Graph (DIG), the algorithm can
achieve this goal in near-linear time [9].

In essence, what the DIG model does is to keep a
cumulative graph representing currently processed doc-
uments: Gi = Gi−1∪gi, where gi is the subgraph repre-
sentation of a new document. Upon introducing a new
document, its subgraph is matched with the existing
cumulative graph to extract the matching phrases be-
tween the new document and all previous documents.
That is, the list of matching phrases between document
di and previous documents is given by Mi = gi ∩Gi−1.
The graph maintains complete phrase structure iden-
tifying the containing document and phrase location,
so cycles can be uniquely identified. This process pro-
duces complete phrase-matching output between every
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pair of documents in near-linear time, with arbitrary
length phrases. Figure 3 illustrates the process of phrase
matching between two documents. In the figure, the two
subgraphs of two documents are matched to get the list
of phrases shared between them.

Phrase Features. Quantitative features are
needed to judge the quality of the candidate keyphrases.
Each candidate keyphrase p is assigned the following
features:

df : document frequency; the number of documents
in which the phrase appeared, normalized by the
total number of documents.

df =
| documents containing p |

| all documents |

w: average weight; the average weight of the phrase
over all documents. The weight of a phrase in a
document is calculated using structural text cues.
Examples: title phrases have maximum weight,
section headings are weighted less, while body text
is weighted lowest.

pf : average phrase frequency; the average number
of times this phrase has appeared in one document,
normalized by the length of the document in words.

pf = arg avg

[

| occurrences of p |

| words in document |

]

d: average phrase depth; the location of the first
occurrence of the phrase in the document.

d = arg avg

[

1 −
| words before first occurrence |

| words in document |

]

Phrase Ranking. Phrase features are used to
calculate a score for each phrase. Phrases are then



ranked by score, and a number of the top phrases are
selected as the ones describing the cluster topic. The
score of each phrase p is:

(4.4) score(p) = (
√

w · pf · d2) ×− log(1 − df)

The equation is derived from the tf×idf term
weighting measure; however, we are rewarding phrases
that appear in more documents (high df) rather than
punishing those phrases. By examining the distribution
of the values of each feature in a typical corpus, it was
found that the weight and frequency features usually
have low values compared to the depth feature. To take
this fact into account, it was necessary to “expand” the
weight and frequency features by taking their square
root, and to “compact” the depth by squaring it. This
helps even out the feature distributions and prevents
one feature from dominating the score equation.

Word weight-based score assignment. An-
other method for scoring phrases was used, which is
based on individual word weights. This method will be
referred to as CorePhrase-M:

• First, assign initial scores to each phrase based on
phrase scoring formulas given above.

• Construct a list of unique individual words out of
the candidate phrases.

• For each word: add up all the scores of the phrases
in which this word appeared to create a word
weight.

• For each phrase: assign the final phrase score by
adding the individual word weights of the con-
stituent words and average them.

4.3 Collaborative Document Clustering At this
stage, each node i has an initial local clustering solution
Ci, and cluster summary information in the form of the
core kephrases of each cluster Pi, which we will refer to
as cluster cores.

Algorithms 2 and 3 describe the collaborative docu-
ment clustering process. Algorithm 2 recommends doc-
uments to peers based on the received peer cluster sum-
maries. It starts by exchanging cluster cores between
peers. Each node receives NN−1 peer summaries; each
peer summary is a list of cluster cores Pj at peer nj .
The receiving node compares the cluster cores to its own
documents and builds a similarity matrix S between its
documents and peer cores. The node then offers to each
peer those documents that are most similar (above sim-
ilarity threshold RT ) to the peer core summaries; we
call these documents peer-positive documents.

Algorithm 2 Recommend to Peers

1: for each peer nj , j = 1, . . . , NN , j 6= i do
Require: Cj and Pj have been calculated at peer nj

2: Receive peer cluster cores Pj

3: S = R(Di,Pj) ← ∅ {Similarity matrix between own
docs and peer cores}

4: for each document dk ∈ Di and cluster core pr ∈ Pj

do
5: S(dk,pr)← (sk ∩ pr)/(sk ∪ pr)
6: end for
7: for each cluster core pr ∈ Pj do
8: D+

i,r ← {dk ∈ Di | S(dk,pr) > RT }

9: Send D+

i,r to peer nj

10: end for
11: end for

Algorithm 3 Merge Peer Recommendation

1: for each peer nj , j = 1, . . . , NN , j 6= i do
2: Receive recommendations {D+

j } from peer nj

3: for each recommendation D+

j,r ∈ {D
+

j } do

4: for each document dk ∈ D+

j,r do
5: {Skip documents that already belong to this

node}
6: if dk ∋ Di then
7: cir ← cluster corresponding to recommenda-

tion D+

j,r

8: HRold = HR(cir)
9: Simulate adding dk to cir

10: HRnew = HR(cir)
11: if (HRnew ≥ HRold) OR ((HRnew > HRmin)

AND (HRold −HRnew < ε)) then
12: mk,ir ← 1 {Add dk to cir}
13: end if
14: end if
15: end for
16: end for
17: end for

Algorithm 3 merges the recommendations of each
peer. It starts by receiving recommended documents
from each peer. It then follows the same logic of the
SHC clustering algorithm described in section 4.1, ex-
cept that it does not create new clusters for documents
that were not assigned to any cluster.

This process is expected to enhance the clustering
solution for peer nodes, by allowing nodes to receive
documents that expand their clustering solution to
encompass data that was previously unavailable, while
at the same time maintaining their clustering solution
structure and coherency.

5 Experimental Results

5.1 Experimental Setup The collaborative docu-
ment clustering system presented here was evaluated



on a number of document data sets. We evaluated two
aspects of the system: keyphrase extraction accuracy
and collaborative clustering accuracy improvements.

Three data sets have been used in the evaluation,
which are listed in Table 2. The first data set is a
collection of web pages from the University of Waterloo
intranet web sites. The second data set is a collection of
web pages retrieved through the Google search engine
by submitting six different queries about Canada, and
collecting the top 20-30 results. The first and second
data sets have moderate degree of overlap between the
different categories, and was used by [9]. Results on the
accuracy of keyphrase extraction were obtained from
those two datasets, and can be found in [10]. The third
data set is a collection of 2340 Yahoo! news articles,
and was used in [2, 4, 3]. The categories of the data
set come from the Yahoo categorization of Reuters news
feed, and the category distribution is rather unbalanced.
The overlap between classes in this data set is quite low.

5.2 Evaluation Measures The metrics used for
evaluation are extrinsic measures that rely on labeled
data. For evaluation of clustering results, we use F-

measure and Entropy.
F-measure combines the Precision and Recall

ideas from the Information Retrieval literature. The
precision and recall of a cluster j with respect to a class
i are defined as:

P = Precision(i, j) =
Nij

Nj

(5.5a)

R = Recall(i, j) =
Nij

Ni

(5.5b)

where Nij : is the number of members of class i in
cluster j,

Nj : is the number of members of cluster j, and
Ni: is the number of members of class i.

The F-measure of a class i is defined as:

(5.6) F (i) =
2PR

P + R

With respect to class i we consider the cluster with the
highest F-measure to be the cluster j that maps to class
i, and that F-measure becomes the score for class i.
The overall F-measure for the clustering result C is the
weighted average of the F-measure for each class i:

(5.7) FC =

∑

i(|i| × F (i))
∑

i |i|

where |i| is the number of objects in class i. The higher
the overall F-measure, the better the clustering, due

to the higher accuracy of the clusters mapping to the
original classes.

Entropy provides a measure of “goodness” for un-
nested clusters. Entropy tells us how homogeneous a
cluster is. The higher the homogeneity of a cluster, the
lower the entropy is, and vice versa. The entropy of a
cluster containing only one object (perfect homogeneity)
is zero.

For every cluster j in the clustering result C we
compute pij , the probability that a member of cluster j
belongs to class i. The entropy of each cluster j is calcu-
lated using the standard formula Ej = −

∑

i pij log(pij),
where the sum is taken over all classes. The total en-
tropy for a set of clusters is calculated as the sum of
entropies for each cluster weighted by the size of each
cluster:

(5.8) EC =

NC
∑

j=1

(
Nj

N
× Ej)

where Nj is the size of cluster j, and N is the total
number of data objects.

To achieve better clustering, we would like to in-
crease the F-measure and decrease the Entropy.

5.3 Collaborative Document Clustering Re-

sults Table 3 shows the results obtained for three net-
work configurations: 3-Node, 5-Node, and 7-Node. The
results are obtained through experiments on the third
data set, DS3, due to its larger size. For each config-
uration the results of the initial and final (after aggre-
gating peer recommendations) F-measure (F ) and En-
tropy (E) per node are reported, along with averages
over the nodes. The difference between the final and
initial measure values is reported as the improvement
in accuracy. The results reported were obtained using
a data distribution ratio α = 1/NN ; i.e. the data was
equally partitioned over all nodes. In the 3-Node case,
each node received 33% of the data; in the 5-Node case,
each node received 20% of the data; and in the 7-Node
case, each node received 14% of the data. In each case,
there was no overlap between the nodes in terms of their
local documents. Figure 4 illustrates the same results
(F-measure only), showing initial F-measure (solid bars)
and final F-measure (difference bars).

It should be noted that the evaluation of the final
clustering after aggregation takes into consideration
that the initial document class distribution at the local
node has been changed, and updates the final number
of documents in each class. This is essential for the
initial and final F-measure and Entropy calculations to
be correct.



Table 2: Data Sets
Data Set Name Type # Docs. Categories Avg. words/doc

DS1 UW HTML 162 4 432
DS2 Canada HTML 152 6 506
DS3 Yahoo! news HTML 2340 20 289

Table 3: Collaborative Document Clustering Results
3-Node 5-Node 7-Node

Initial Final Initial Final Initial Final
Node F E F E F E F E F E F E

1 0.59 0.21 0.66 0.19 0.50 0.24 0.56 0.20 0.35 0.34 0.51 0.26
2 0.61 0.17 0.67 0.16 0.43 0.29 0.51 0.22 0.31 0.30 0.42 0.25
3 0.57 0.19 0.62 0.15 0.47 0.25 0.52 0.19 0.28 0.30 0.40 0.21

4 0.42 0.31 0.54 0.26 0.26 0.37 0.39 0.28
5 0.40 0.26 0.61 0.21 0.30 0.28 0.43 0.19

6 0.32 0.31 0.52 0.23
7 0.28 0.42 0.48 0.20

Average 0.59 0.19 0.65 0.17 0.44 0.27 0.55 0.22 0.30 0.33 0.45 0.23

Imrpovement +6% -2% +11% -5% +15% -10%
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Figure 4: Collaborative Clustering Improvement – F-
measure

The results are interesting, and show an improve-
ment in both evaluation measures per node and on av-
erage. A very important observation is that networks
with fewer nodes appear to have higher absolute accu-
racy (both initial and final) compared to networks with
larger number of nodes; e.g. the 3-Node network has ini-
tial F of 59% and final of 65%, as opposed to 30% and
45% in the 7-Node network. However, networks with
larger number of nodes exhibit greater improvement in
the final clustering compared to the initial clustering, as
can be seen from the improvement percentages; e.g. the
7-Node network has an improvement of 15% in F com-
pared to just 6% improvement in the 3-Node network.

This observation is attributed to the fact that
each node in networks with fewer nodes has access
to larger percentage of the data than those in larger
networks. This results in smaller networks being able
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Figure 5: Effect of Data Distribution Ratio

to build better clusters. The ideal case is when there
is only one node, in which case the one and only
node has complete knowledge about all the data and
thus can build the best clusters. However, the real
benefit of the system is observed in situations involving
larger networks (typical case). Each node in larger
networks has limited view of the global data collection,
but through the collaborative clustering algorithm they
are able to have better visibility of the global data,
and get recommendations from their peers that benefit
their clustering solution, and thus results in higher
improvements.

We have conducted experiments to investigate the
effect of increasing the data distribution ratio α on the
clustering quality. Figure 5 illustrates this trend. The
line graphs in the figure represent the final F-measure
of each network configuration for various distribution
ratios. The vertical error bars show the difference be-



tween the initial and final clustering F-measure quality.
The Entropy has a similar trend, and thus is not shown.

As noted earlier, the figure confirms that networks
with fewer nodes (e.g. 3-Node) maintain higher accuracy
for the range of distribution ratios. However, the
figure also confirms our observation that networks with
more nodes exhibit greater increase in clustering quality
after aggregating peer recommendations. It is also
interesting to note that as the distribution ratio reaches
its maximum (all nodes having access to 100% of the
data), all networks tend to have the same (maximum)
performance. This is logical since at this maximum
distribution ratio (α = 1) each node has access to the
full data set, and produces the same clustering solution,
and any peer recommendation would be superfluous.

Notice also that at the same distribution ratio,
networks with higher number of nodes result in higher
improvements in the final clustering result quality than
those with fewer number of nodes. This is attributed
to the larger coverage of data found in networks with
higher number of nodes, thus peer nodes are able to
recommend more and better documents, which nodes
in smaller networks cannot recommend because they
may not have access to enough data. Consider for
example the 5-node network with α = 40% versus the
3-node network with the same α. In the 5-node case,
each node receives recommendation from 4 peers each
covering 40% of the data. In the 3-node case, it receives
recommendation from 2 peers each covering 40% of the
data. There is a higher chance in the 5-node case that
the peers (collectively) will recommend documents that
the peers in the 3-node case do not have access to.

6 Conclusion and Future Work

We have introduced a collaborative distributed ap-
proach for document clustering based on cluster
keyphrase summarization. The major contribution of
this work lies in the peer-to-peer document clustering
algorithm based on exchanging cluster summaries be-
tween peers, and the recommendation of documents to
peers to enhance their local clustering quality. The col-
laborative approach proved to enrich the local cluster-
ing solutions by making available data that is otherwise
hard to access, or in situations when no global solution
is required but rather an enrichment of local ones.

The results show significant improvement in the fi-
nal clustering quality after merging peer recommenda-
tions over the initial clustering solutions. The algorithm
exhibits better improvements in final clustering in net-
works with larger number of nodes, by allowing nodes
to expose more useful data to their peers, and thus en-
hancing the global view of data of each node.

Currently each node receives cluster summaries

from peer nodes, and after comparing the summary
of a certain peer with its own clusters it recommends
documents for that peer. It would be interesting to
let each node combine its view of all peer summaries,
then decide which peers can best benefit from which
documents.

Finally, it would be interesting to achieve more fine-
grained summary exchange, by letting nodes summa-
rize documents rather clusters, then utilizing such sum-
marized documents to further enhance the clustering
process through exchanging document summaries.
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