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Abstract

This paper presents a framework and methodology to improve the
search experience in digital library systems. The approach taken is
to cluster a textual knowledgebase along multiple relations and
return search results in the form of small, focused clusters.
Specifically, we generate multiple relationship networks, one per
relationship type, and then cluster these networks. At search time,
we present a ranked set of clusters—one ranking per relationship
type. The intuition for this approach is that returning clusters of
contextually related information provides users with a situational
and contextual awareness of the search results rather than
returning a ranked list of only those documents that match the
query. We address the use of both implicit (such as textual
content) and explicit (such as citations, authors etc.) relations
between documents. The primary question we focus on is how to
rank the clusters, given a search query. We explore two
approaches: a text-based rank (using the text’s similarity to the
user’s query) and a social network-based rank (using information
centrality). A comparison of these two ranking methods suggest
that using information centrality for ranking is very useful for
ranking clusters and its documents because the documents that
characterize that cluster get the highest rank.

1. Introduction

By using only text to retrieve search results in a structured
textual knowledge base, we lose the rich web of
information hidden behind the pure textual information:
the information of how the articles relate to each other.
Users of digital libraries are interested not only on a single
technical paper/research article but also the web of related
content. Although text-based features are good for finding
similar content, they are not as good at finding conceptually
related work that uses different vocabulary or establishing
the authority of documents [26]. The social networks
formed within the corpus helps answer many questions for
the user; questions like: what are the topics that the authors
of this paper write about? Which are the articles that are
similar to the article of interest? Which papers cite this
paper? What are the articles that are talking about the same
subject as this paper? What is the contextual importance of
this document within the web of related documents? The
work presented here describes a framework and
methodology for using the network information to help
answer these questions.
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The intuition for this approach is that returning clusters of
contextually related information provides users with a
situational and contextual awareness of the search results
rather than returning a ranked list of only those documents
that match the query. The reason this is important is that
people are good at searching and finding items if they know
what they are looking for. However, often one is not
entirely sure what one is looking for and this approach
provides a novel search experience with contextual results
that may not perfectly match the query but are nonetheless
relevant through association with documents that do match
the search query.

Existing online digital libraries like Citeseer [3], Rexa [23],
Google Scholar [8] Academic.live.com [15] and many
others [28] already use information other than pure text.
For example, Citeseer uses header edit distance, citations
and text similarity to find related documents. It has its own
autonomous citation indexing system [7] and uses the
citation information to identify types of papers such as
survey papers. Google Scholar uses citation, author and
publication information to rank articles in addition to the
text. Rexa also provides cross-linked pages for papers,
authors, topics and NSF grants and allows browsing by
citations, authors, topics, shared-author, cited authors, and
citing authors. Academic.live.com uses the authority of the
paper along with the text to affect ranking. The ACM
portal has recently added author profiles, citation counts,
and other interactive features to its digital library.

This paper focuses on improving the search experience by
providing search results that contain contextual information
such as related documents, topical keywords, how the
various documents relate to each other, etc. Specifically,
the approach here provides search results in the form of
clusters of documents. These clusters are created by first
creating networks of documents from various types of
information such as text, citations, shared-author, etc., and
then by applying an iterative community finding algorithm
on the networks to extract small, focused clusters.

The primary question this paper addresses is how to rank
clusters that are relevant to a search query. One simple
way is to use the average query score for each document in
the cluster, or some other text-based ranking. Keeping with
the network-oriented focus of the paper, the approach put



forth here is that of using the information centrality metric
from social network analysis to rank clusters which have
‘central’ documents match the search query higher than
clusters whose documents are on the periphery of the
cluster. One of the key results in this paper is that using
the information centrality metric to rank clusters as well as
documents within a cluster makes it more transparent to a
user what the topic of a cluster is and therefore easier for
the user to judge whether that cluster is of interest.

One key idea put forth in this work is that giving a
clustered view to the user will allow for easier browsing
and faster analysis of the data. For example, the user can
easily look at the clusters in the citation networks for a
given query and browse cluster results, where each cluster
will contain papers that cite each other extensively. Each
document within the cluster would be ranked either by the
text similarity of that document to a query or how central or
relevant that document is within a particular cluster. The
clusters will be ranked on some aggregate score of its
constituent elements.

One subtle, but important, issue that needs to be addressed
is how to cluster documents. Many textual knowledge-
bases have rich structured information about its documents,
making it impossible to create one coherent clustering of all
the documents as each kind of relationship and content
imposes a different kind of clustering. Rather than creating
one global cluster view, the approach taken here is to create
separate clusters for each kind of relationship and let the
user chose which relations are important for a given query
and information need. Specifically, each relationship (such
as citations, text-similarity, shared-author, etc) imposes a
different social network and hence a different view of the
data. Each such view answers a different set of questions.
For example, the citation relationship mentioned above
gives the ‘cited by’ and ‘has a citation to’ information. The
shared-author network answers questions like: What other
topics the authors of a particular paper are writing about or
who else are the authors of a paper collaborating with? Or
if the user just wanted to find textually similar articles he
can look in the text-similarity network.

To summarize, the main contributions of this paper is the
framework and methodology for providing network-centric
search results that are produced through the creation of
multiple networks and clusters, the use of social network
analysis metrics to rank the clusters and the way in which
multiple relationships are returned as part of the search
result. The intuition put forth for this methodology as that
providing multiple views of the search results in small
focused clusters will make it easier for the user to identify
documents that are relevant to the current information need.

The remainder of the papers is organized as follows:
Section 2 discusses relevant work, Section 3 describes our
approach for social network based information retrieval,
Section 4 describes our experimental results on the CoRA

data set, and we finish in Section 5 with a discussion and
outline for future work.

2. Relevant Work

One important aspect of this paper is finding new ways of
ranking the clusters that are created using the network
information available to us. Researchers have in the past
used cluster ranking for various uses such as improving the
precision of the original search results. Kurkland and Lee
have discussed various methods for calculating the ranking
scores, using the HITS algorithm [12] and PageRank [13],
as well as other centrality scores mentioned in [14]. The
links are called generation links, which are based on the
probability assigned by the language model induced from
one document, from the term sequence comprising another.
Their clustering is query dependent and uses the approach
of overlapping nearest-neighbor clusters. The clustering
method described in this paper is not dependent on the
query. Instead, we identify communities within a network
ahead of time, making our approach faster at query time.
In addition, the relationships that we use are less noisy
since we are dealing with the data in a textual
knowledgebase that already contains clear relations
between the data. Yaltaghian and Chignell improve upon
the original ranking score of web documents by re-ranking
[29]. They use co-citations network and a number of other
network measures to find the relationships between the data
and then use centrality measures to improve the original
ranking of the documents using the extra network
information.

Cluster ranking has also been applied to many other
applications such as mining a mailbox network [1]. This
paper proposes a new algorithm, C-Rank, that creates a list
of overlapping clusters and ranks them by using their
integrated cohesion. It uses fuzzy clustering in which each
data point can belong to more than one cluster, leading to
many more clusters. The clusters are then ordered by their
strengths.

As discussed in the previous section, search within the
domain of bibliographic content has used relationships like
citations which add to the user experience. We concentrate
on using known and exploring new relationships and using
those relationships to provide a ranked clustered view.

3. Cluster Based Information Retrieval

The approach taken in this paper is to retrieve clusters of
contextually related documents rather than documents
themselves. Context is a broad and ambiguous concept. In
this paper, we define context as how documents relate to
each other with respect to a specific relationship such as
text-similarity or shared authors. These relations each
impose a different network of documents. Given such a
network, it is possible to retrieve clusters of documents
rather than a ranked list of documents. This section



describes our approach to retrieving document clusters,
given an existing network of documents.

The information retrieval process involves three steps, two
of which are done as part of a pre-computation analysis:

1. Creating networks: For each relationship, create a
network of documents, with links weighted by the
semantics of the relationship.

2. Clustering: For each relationship network, data is
pre-clustered into cohesive groups by finding
communities in the relationship network.

3. Ranking: For each relationship, rank both the
clusters from the relationship network and the
elements within each cluster.

The remainder of this section describes our approach to
these steps in more detail.

3.1 Creating Relationship Networks

The cluster based methodology put forth in this paper uses
graph-based techniques to cluster the documents. We
create a relationship network for a particular relationship
between documents, where a relationship has a strength
which defines how strongly the two documents are
connected through that relationship.

We consider two types of general relationships: explicit and
implicit. Explicit relations are those where there is a clear
relationship between documents such as one document
citing another or sharing an author, etc. They are generally
discrete values and often binary: does the relation exist or
not?

On the other hand, example of an implicit relationship is
the relationship between two documents if their text is
similar or if they share a keyword, etc. Implicit relations
are often continuous values between 0 and 1. These are
somewhat analogous to the similarity functions that are
used by standard clustering methods.

Each type of relationship induces a relationship network,
where the strength of the relationship is dependent on the
semantics of the relationship. We have identified a small
set of concrete categories of relationships that are generally
applicable and presently discuss how to use each of these
within the cluster based information retrieval methodology.

3.1.1 Explicit Relations

In many corpora documents have either an author or a
creator attribute. These can be used to create an explicit
relationship between documents, where the number of
shared authors/creators indicates the strength of the
relationship between documents. If two documents have
no shared author, then they have no relationship using this
definition. This kind of relationship is undirected.

One other explicit relationship that we use in this work is
that of citations: if one document cites another then they
share a citing relationship. This kind of relationship is

binary and directed: either a document cites another or it
does not. For the purposes of this paper, we consider these
relations to be undirected and only keep track of whether
there is a relation between two documents or not. This also
means that a citation-relation can actually have a value of 2
if the two documents cite each other—a rare occurrence.

3.1.2 Implicit Relations

The most basic of implicit relationships when dealing with
textual knowledge-bases is the text-similarity of the content
of the documents (either abstract, description or full
content). We here use a standard bag-of-words vector
representation as used in information retrieval [24]: for
each word in an instance, calculate the tfidf score for that
word. The tfidf score is short for term frequency (tf)
inverse document frequency (idf), where tf(w) =log(1+
Wyoc ) and idf(w)=log( N/N,,), where Wy is the number
of times word w appears in a given instance, N is the size of
the corpus and N, is the number of instances that word w

appears in. We represent these scores in a vector the
dimensionality of all words seen in the corpus such that the
i-th element in the vector represents the i-th word in the
corpus. Such a vector is likely to be sparse for any given
instance as it will only contain a subset of all words ever
seen. The weight of the relationship between two
documents is then defined as the cosine of their respective
tfidf vectors [24]. Since this leads to many relationships
between the documents (nearly a fully connected graph),
we decided to take just those relationships whose score is in
the top 20—in other words, only choose the top 20
connections from each document, thereby ensuring that
each document will have at least a degree of 20 (possibly
more, as a relation in the top 20 from document A to
document B may not be in the top 20 of the relations from
document B).! This relationship helps the user look at
other textually similar articles that the user might have been
interested in, but perhaps, the search keywords that the user
entered were not contained in those other papers, but they
are actually using techniques or doing work related to the
one the user is interested in and that information will be
more meaningful to the user.

Some attributes are categorical in nature such as keywords
or general terms from an agreed-upon vocabulary. In that
case, a document is tagged with a few of these terms and
using text-similarity as just described is not appropriate.
For attributes such as these we make use of the Jaccard
similarity coefficient [9], which is defined as the size of the
intersection of two sample sets, divided by the size of their
union of the sample sets:

|AnB]|

JAB) = LB

1 We also tried using the top 5 and top 10 relations to construct the
clusters but using top 20 empirically gave the best clusters.



The Jaccard coefficient is a value between 0 and 1, and is
only non-zero if two sets share at least one term in
common. For documents that have at least one term in
common, we create a keyword or term relationship with a
strength equal to that of the Jaccard coefficient.

3.2 Clustering

One precondition for returning clusters of documents for a
search query is the ability to create document clusters. The
key idea is that we want clusters to be able to include
documents that are contextually relevant even though they
do not match the search query. The clusters therefore need
to be created outside the set of documents that match the
query. The approach taken here is that we consider
different views of the corpus, where each view imposes a
clustering specific and unique to that particular view.
These can therefore be pre-computed. The views that are
considered in this paper are the large networks that can be
instantiated based on a particular relationship such as text-
similarity or shared authors. Clustering networks is related
to unsupervised learning as well as finding communities in
large social networks. Because many textual knowledge-
based are quite large, we need to use algorithms that are
efficient. We base our clustering on an existing algorithm
that is near-linear for sparse graphs. This generates too
large clusters, which is a general problem for any clustering
algorithm, and we therefore need to modify the algorithm
to generate small clusters. We presently describe the basic
algorithm and our modification to it.

3.2.1 Community Finding Algorithm

A community, or cluster, or cohesive subgroup is a subset
of individuals among whom there are relatively strong,
direct, intense ties [20]. ‘Relative’ meaning that there are
more ties among the cluster nodes themselves than there
are among the cluster nodes and outside nodes.

The research literature contains numerous graph-theoretic
methods of finding communities—for example, the spectral
bisection method [5,22] and the Kenigham-Linh algorithm
[10], both of which suffered from drawbacks such as
dividing the network into two groups and not an arbitrary
number [20]. Division into more than two groups was
achieved by repeated bisection with no guarantee that the
best division into three can be arrived at by finding the best
division into two and then dividing one of those again.

Many modern algorithms for finding community structure
use hierarchical clustering. One such method is the one
suggested by Girvan and Newman that uses “edge
betweenness” [20]. The betweenness of an edge is defined
to be the number of geodesic (i.e. shortest) paths between
vertex pairs that run along the edge in question, summed
over all vertices. The algorithm involves calculating the
betweenness of all edges in the network and removing the
one with the highest betweenness, repeating the process
until no edges remain. This is a very computationally

expensive algorithm, and a new bottom-up agglomerative
hierarchical clustering algorithm has been proposed [18].
This is a greedy algorithm that starts with each vertex in its
own cluster, and then amalgamates communities in pairs,
choosing at each step, the pair whose amalgamation will
lead to the maximum increase of a quantity called
modularity. The modularity measure identifies clusters that
have more edges connecting vertices within a cluster than
across clusters. Let e;; be the fraction of edges that connect

vertices in group i to those in group j. Then the modularity
is given by:

Q = Z(eii —ai 2),.Where

For every pair of communities that have an edge joining
them we calculate the change in Q upon joining those
communities, which is given by:

AQ =e; +€j —2aiaj

The algorithm will keep joining communities until the
modularity decreases, thereby having an information-
theoretic stopping criterion. The algorithm is significantly
faster than the original top-down algorithm proposed; it
takes O((m+n)n) to construct the complete dendrogram,

and O(n?) on a sparse graph. This is still too slow on

very large networks and we therefore use an efficient
implementation as discussed in [4]. The implementation
exploits short-cuts in the optimization problem and uses
efficient data structures for representing sparse matrices
leading to considerable saving of both memory and time.
The running time of the optimized implementation is
O(md logn), where d is the depth of the dendrogram and

the total degree of the vertices is2m. We use a modified
version of the algorithm which supports weights as
discussed in [19].

3.2.2 lterative Clustering

The main reason for using the above method is that it is
both scalable and efficient. In many real-world networks,
that are sparse, it runs essentially in linear time. One
drawback of the algorithm is that it tends to generate
relatively few clusters. For very large networks, such as
those from large knowledge-bases, the algorithm generates
quite large clusters (>=100, some being >>100). It is
problematic presenting such large clusters as a result of the
search query as they will lead to a significant cognitive load
on the user. Instead, we need to generate smaller clusters
that are much more focused.



The primary objective of this paper is to explore the
ranking of clusters and we therefore use a heuristic based
on cluster-size here. Our approach in this paper is to form
relatively small clusters. We limit the cluster size to 50 and
therefore recursively apply the community finding
algorithm until all clusters are of size <= 50.

3.3 Ranking

The primary focus of this paper is to identify and rank
clusters that are relevant to a search query. This is actually
a two-fold problem: the first is ranking the clusters and the
second ranking the elements within the cluster such that the
most relevant or important documents of a cluster show up
at the top. This will help the user identify the clusters that
are relevant to the current information need.

The ranking algorithm needs to favor clusters that are
relevant, but it also needs to be pragmatic. Particularly,
consider the case of returning a cluster of size 50 or a
cluster of size 10. All else being equal, the smaller cluster
is likely more focused and is likely to be of more interest to
the user. The ranking function therefore needs to take not
only the relevance of a cluster into account but also the
size.

We first consider how to identify and rank clusters that are
relevant to the user’s search query. First, we define a
relevant cluster as a cluster which contains at least one
document that matches the search query. Second, we need
to create a score for the cluster. This rank involves a
combination of the relevancy score of the cluster as well as
the size of the cluster as described above. We here focus
on two types metrics to generate a cluster relevancy
score—one is text-based and one is based on social
network analysis. The rest of the section describes these
two ranking methods.

3.3.1 Text-based Cluster Ranking

There are various ways of using the text of documents
within a cluster to generate a relevancy score. For
example, one could use the average matching score, a
matching score for the combined text of all the documents
in the cluster or the ratio of documents in a cluster that
matched the query. We here use the first approach: To
calculate the ‘cluster relevancy score’ we take average
query match score of all the documents within a cluster. 2
We also explored another text based metric where we just
took the number of overlapping search results with the
cluster elements to compute the score. It gave us almost the
same results as the one above.

Nodes within a cluster are ranked based on their score.

As mentioned above, the size of the cluster is an input for
rank calculation to bias towards cluster sizes that are more
manageable for a user. Specifically, we here bias towards

2 We use the Lucene text search engine to compute this [16].

clusters of size 10, which we consider to be the ideal
cluster size.®

We use a kernel-based density function to bias towards the
ideal cluster size to achieve a good tradeoff between the
initial cluster relevancy score and the final ranking score.
For example, we need to ensure that the bias is not too
strong such that any cluster of size 10 will outweigh any
cluster of size 9 or 11. On the other hand, we also need to
ensure that a single perfectly matching document in a large
cluster does not outweigh a somewhat good match in a
smaller cluster (where the average score might lead one to
choose the larger cluster). We note that because the ideal
cluster size is not 25 (half of 50, which is the maximum
cluster size), the density function need to be asymmetric—
we need to shrink the bias for clusters smaller than the ideal
size differently than clusters larger than the ideal size. The
final ranking function was derived empirically by balancing
these trade-offs.

The final rank of the text-based metric is as follows:

Let s by the size of the cluster and i be the ideal cluster
size.

Then, if s <=i:
~(s-i)?
R = score*e 100

Otherwise:
~(s-i)?
R =score*e 100

3.3.2 Centrality-based Cluster Ranking

The position of a web-document within the web of related
web-documents and the links between them has been an
important measure used to improve the ranking of web-
based search engines. For example, the most significant
ranking algorithms in the field of information retrieval such
as PageRank [2] and HITS [11] use link-based ranking
measures. PageRank uses hyperlink structure formed by
the web pages on the World Wide Web to calculate a
PageRank score. The HITS algorithm, an adaptation of
PageRank, computes two types of scores—hubs and
authorities—to help with the rank calculation.

These link-based ranking measures have also been applied
to non web-based search [12, 13]. Yaltaghian and Chignell
use various centrality based measures to re-rank documents
returned by a search [29]. They use Google results to
construct the co-citation network. The different centrality
measures are then applied to the co-citation frequency
matrix.

% Size 10 was chosen in an ad hoc fashion. Other sizes can easily
be used, but we felt that 10 was a good manageable size for a
user to quickly get a feeling for whether a cluster would be of
interest.



The intuition behind using centrality is that the documents
that are central are more representative of what a cluster
covers than documents on the periphery (low centrality).
Therefore, by finding how relevant the most central
element(s) of the cluster is to a search query, we can judge
the relevance of the cluster.

Centrality measures the contribution of document position
to its importance, influence and prominence [29]. The
literature coming out of social network analysis has defined
many types of centrality metrics, but the metrics that are of
particular interest in this paper are betweenness centrality
[6] and information centrality [25]. Betweenness centrality
is a measure of the number of times a node lies on a
geodesic path that link pairs of nodes for all nodes in a
graph [29]. Betweenness centrality ignores the fact that
vertices with large degree are more likely to be used as
shortest path than others [27]. Second, betweenness does
not necessarily identify the vertices that can easily reach all
other vertices in a graph such as the closeness degree. The
information centrality measure defined by Stephenson and
Zelen [25] takes these points into consideration. To
calculate information centrality it considers the combined
path from one actor to another, by taking all paths,
including the geodesics, and assigning them weights, the
inverse of the length of the paths that are combined. The
weights assigned to the path are combined such that the
information in the path being combined is maximized.
Geodesics are usually given weights of unity, while paths
with length longer than the geodesic length receive smaller
weights, based on the information that they contain.
Information of a node is then calculated as the harmonic
average of the information for the combined path from the
node to all other nodes.

To calculate information centrality, we first create a gxg
matrix A, which has diagonal elements

a;, =1+ sumof values for all lines incidentton,

and off-diagonal elements
1 if nodesn; and n; are not adjacent
" |1-x, if nodesn, and n, are adjacent

Where, X;is the value of the tie between actors i and j.
We then take the inverse of A:C =A™, which has elements
{Cj; }- We also need two intermediate quantities; the first is

the trace or the sums of diagonals of elements of the matrix
C:T =" c; and second is the row sum (which is same

for all rows): R :ij’ﬂcij . With these two quantities, the

information centrality index for actor i, is calculated as:
1

Ci(ni)= Cii _|_(T —ZR)/g

Finally, we calculate the information indices for each node:
CI (ni)
Zicl (nl)

Calculating the information centrality indices of nodes in a
graph is expensive. We note that although this has to be
done for every cluster, the clusters are small (<=50) and
therefore the overall computation is relatively inexpensive.

C;(ni):

We compute the ‘cluster relevancy score’ by finding the
node in a cluster with the highest information centrality that
also was a match to the search query.

Nodes in a cluster are ranked on the information centrality
value of that node in the cluster.

For the information centrality method, the final rank is
given by:
(s—d)

S
where s is the cluster size as before and d is the rank of the
document with the highest information centrality that was
also a match to the search query.

3.4 Returning query results

When the user enters a search query, the records that match
the query are returned using Lucene [16]. Once we receive
the matching documents we rank our clusters depending on
the ranking algorithms (discussed in Section 3.3) selected
by the user. The ranked clusters, with both the individual
element score and a score for each cluster are then
presented to the user.

4. Experimental Results

We here present an empirical and subjective evaluation of
the cluster based information retrieval methodology
introduced in this paper. The objective of this evaluation is
to verify that returning clusters and using the centrality-
based cluster rank does indeed provide greater insight into
the results than using a text-based metric. The approach
has been evaluated on three data sets within a prototype
implementation of a search engine—screenshots of real
queries are provided as part of the results.

4.1 Data

We have evaluated our approach on three datasets and
present results from one of these data sets—the CoRA
dataset—as it is more relevant to readers of this conference.
The CoRA data set contains 4240 computer science
research papers [17]. It includes the full citation graph as
well as the name of authors. The attributes of the data that
are relevant to this study is id, citations, author, title and
abstract.

R, =score,*
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Figure 1: Search result for 'Gibbs sampler’. Each column is a ranked set of clusters for a particular relationship

After we collected all the data from the dataset the next
step is identifying a set of implicit and explicit links/
relationships that will be useful for clustering the data. The
explicit relationships used in this work are citations and
shared-authors/creators. The implicit relation used is the
text-similarity induced from abstracts. For each of these
relationships, we create a network and use the community
finding algorithm (Section 3.2) to create the clusters.

4.2 Evaluation Methodology

The evaluation of the effectiveness of the cluster based
information retrieval methodology to improve the user’s
overall search experience is very challenging. The primary
obstacle to this is that the methodology is not directly
related to improving just one factor in the search like the
ranking precision or quality of the clusters produced, or
other concrete measures that are easily quantifiable.

Previous related work include web document clustering,
cluster ranking methods, methods to improve the ranking or
clustering of results in digital library search engines. The
work presented here is sufficiently different from these,
making any direct comparison difficult.

For example, research literature in the field of web
document clustering have compared the various clustering
algorithm on efficiency and quality of the clusters produced
[30]. In addition, this work clusters results matching the
search query and not all documents. Work in the area of
the digital libraries has used ontology such as MeSH to
improve clustering quality [6]. The main goal of this area

is to measure the quality of the clusters. Although it is
important that we get clusters of good quality it was also
important to us that we retrieve clusters that are
contextually relevant in a broader sense and not only with
respect to documents that match the search query. In
addition, we also considered the “user friendliness” of a
cluster and used heuristics to limit the cluster size.

Relationships other than pure text have already been
recommended [26] and used in digital library search
engines [3, 7, 15, and 23]. However, the result of these
search engines is a ranked list of documents and not
clusters such as what are returned in this work.

The main goal of this methodology is to not only help users
find relevant information but also be aware of the
contextually relevant information. Because context is
subjective, our evaluation measure is more anecdotal than
based on performance metrics. Specifically, we have
evaluated the system on the CoRA data set using various
queries with the goal of finding relevant information as
well as finding relevant clusters.  Because we have no
other systems to compare against, we compare and contrast
the two ranking metrics defined in Section 3.3.

4.3 Results

We found some very interesting results by comparing the
two metrics for ranking the clusters that show us that
information centrality can prove to be a very useful metric
for characterizing a cluster. We present here the key result
using the search query ‘Gibbs sampler’ and note that the
differences in ranking metrics (within and across clusters)
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Figure 2: Ranking within a cluster using the centrality metric for ranking based on ‘Gibbs sampler’ query. The
scores on the left are information centrality scores for the documents.

as presented using this query are prominent across a set of
queries (but not all, as search results can be quite similar).
In this particular query, the search engine returns a ranked
set of clusters for each of the three relations we defined on
the CoRA data set. Figure 1 shows the result of this query
using the Information Centrality metric.

We here contrast the ranking methods used to rank
documents within clusters. Focusing on the ranked clusters
from the citation relationship graph (left column in Figure
1), we see that the top document (most central document)
in the third cluster is titled ‘MCMC CONVERGENCE
DIAGNOSTICS: A REVIEwww’* and that the second most
central paper is titled ‘MCMC Specificities of Latent
Variable Models 1°, suggesting that the cluster is not as
much about Gibbs sampling specifically as it is about
MCMC. The fully ranked set of documents for that cluster
is shown in Figure 2. When we use same query with the
text-based ranking method, the cluster shows up as the
fourth cluster with an entirely different ranking of
documents as shown in Figure 3. As mentioned above,
both the clusters had a very high rank in the cluster list(IC
rank: 3, text-based rank: 4), confirming that the cluster
itself is very relevant for the given query. As we look
carefully at the contents of the cluster itself we find that the
central topic of the cluster is the ‘Markov Chain Monte
Carlo> method (MCMC). This is exactly what the
information centrality metric highlights by ranking of the
documents containing MCMC higher whereas the text
similarity ranks

documents containing “Gibbs sampler” higher because they
retrieved a higher text similarity score to the search query.
This ranking of the documents within the cluster may lead

4 This is the title as extracted as part of the CORA research project.

the user to believe that the documents in the cluster
primarily discuss Gibbs sampling when in fact they do not.

5. Discussion

We presented a methodology for cluster based information
retrieval of documents in a textual knowledgebase. The
intuition for this approach is that returning clusters of
contextually related information provides users with a
situational and contextual awareness of the search results
rather than a ranked list of only those documents that match
the query.

We described the process for representing a text corpus as a
set of relationship networks (views of the data) and
clustering these relationship graphs into small, focused
clusters that contain contextually related documents.
These clusters are then returned as a ranked set of clusters
for each relationship such that a user can quickly find the
cluster that is most relevant. Each cluster shows the top 3
most relevant documents within the cluster, making it
easier and quicker to navigate these sets of clusters.

The key question we sought to answer in this paper was
how to rank such clusters and we proposed two ranking
methods: one is text-based similar to standard information
retrieval processes and the second is based on social
network analysis and uses the information centrality metric
to identify central documents in a cluster and rank clusters
based on whether the central documents of a cluster match
the search query.

This work is a direction in information retrieval that has not
received much attention, making it hard to compare against
existing methods. We instead compared and contrasted
these metrics on a specific query and showed that the
information centrality ranking method put central
documents at the top of a within-cluster rank and gives a
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Figure 3: Ranking within a cluster using the text-based metric for ranking based on the ‘Gibbs sampler’ query. The
scores on the left are the text similarity scores.

better sense of what a cluster covers than when using the
text-based metric.

We note that the work here leaves many open questions for
improving the way relationship graphs are created as well
as for many new ranking methods that are network-centric
rather than text-based as is traditionally the case. In
particular, we used the information centrality metric in a
simple way here but believe that many improvements can
still be done in a similar way to how text-based engines
have tweaked and improved upon the tfidf calculations.

Another avenue worth further exploration is research into
how to create more contextually rich relationships rather
than the simpler relationships considered in this paper,
including relationships that are defined only for a particular
query. This also includes exploration of relationships that
are already present in the literature, such as the common
citation x inverse document frequency (CCIDF).

We noted early on that current clustering algorithms tend to
generate very large clusters. The approach taken here was
to iteratively cluster sub-graphs until the generated clusters
were relatively small. Ideally, there should be an objective
stopping criterion for this based on a cohesiveness metric
or other metric for how ‘focused’ a cluster is.

Finally, the search experience based on this approach is not
yet as friendly as one would like for a real system. There is
still significant cognitive load on the user to understand
what a cluster is really about, even with the help of
information centrality. One clear question, which is
already an active research area, is how to summarize or
describe a cluster—especially with respect to how it differs
from other clusters. Providing such a description may ease
the cognitive load of the user.
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