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Abstract. This paper presents an approach for assessing cluster validity
based on similarity knowledge extracted from the Gene Ontology (GO)
and databases annotated to the GO. A knowledge-driven cluster validity assessment system for microarray data was implemented. Different
methods were applied to measure similarity between yeast genes products based on the GO. This research proposes two methods for calculating cluster validity indices using GO-driven similarity. The first approach
processes overall similarity values, which are calculated by taking into
account the combined annotations originating from the three GO hierarchies. The second approach is based on the calculation of GO hierarchyindependent similarity values, which originate from each of these hierarchies. A traditional node-counting method and an information content
technique have been implemented to measure knowledge-based similarity between genes products (biological distances). The results contribute
to the evaluation of clustering outcomes and the identification of optimal cluster partitions, which may represent an effective tool to support
biomedical knowledge discovery in gene expression data analysis.
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Introduction

Over the past few years DNA microarrays have become a key tool in functional
genomics. They allow monitoring the expression of thousands of genes in parallel
over many experimental conditions (e.g. tissue types, growth environments). This
technology enables researchers to collect significant amounts of data, which need
to be analysed to discover functional relationships between genes or samples. The
results from a single experiment are generally presented in the form of a data
matrix in which rows represent genes and columns represent conditions. Each
entry in the data matrix is a measure of the expression level of a particular gene
under a specific condition.
A central step in the analysis of DNA microarray data is the identification
of groups of genes and/or conditions that exhibit similar expression patterns.
Clustering is a fundamental approach to classifying expression patterns for biological and biomedical applications. The main assumption is that genes that
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are contained in a particular functional pathway should be co-regulated and
therefore should exhibit similar patterns of expression [1]. A great variety of
clustering algorithms have been developed for gene expression data. The next
data analysis step is to integrate these numerical analyses of co-expressed genes
with biological function information. Many approaches and tools have been proposed to address this problem at different processing levels. Some methods, for
example, score whole clustering outcomes or specific clusters according to their
biological relevance, other techniques aim to estimate the significance of overrepresented functional annotations, such as those encoded in the Gene Ontology
(GO), in clusters [2], [3], [4], [5]. Some approaches directly incorporate biological
knowledge (e.g. functional, curated annotations) into the clustering process to
aid in the detection of relevant clusters of co-expressed genes involved in common processes [6], [7]. Several tools have been developed for ontological analysis
of gene expression data (see review by Khatri and Drǎghici [8], for instance) and
more tools are likely to be proposed in the future.
The prediction of the correct number of clusters in a data set is a fundamental problem in unsupervised learning. Various cluster validity indices have
been proposed to measure the quality of clustering results [9], [10]. Recent studies confirm that there is no universal pattern recognition and clustering model
to predict molecular profiles across different datasets. Thus, it is useful not to
rely on one single clustering or validation method, but to apply a variety of
approaches. Therefore, combination of GO-based (knowledge-driven) validation
and microarray data (data-driven) validation methods may be used for the estimation of the number of clusters. This estimation approach may represent a
useful tool to support biological and biomedical knowledge discovery.
We implemented a knowledge-driven cluster validity assessment system for
microarray data clustering. Unlike traditional methods that only use (gene expression) data-derived indices, our method consists of validity indices that incorporate similarity knowledge originating from the GO and a GO-driven annotation database. We used annotations from the Saccharomyces Genome Database
(SGD) (October 2005 release of the GO database). A traditional node-counting
method proposed by Wu and Palmer [11] and an information content technique
proposed by Resnik [12] were implemented to measure similarity between genes
products. These similarity measurements have not been implemented for clustering evaluation by other research.
The main objective of this research is to assess the application of knowledgedriven cluster validity methods to estimate the number of clusters in a known
data set derived from Saccharomyces cerevisiae.

2

The GO and cluster validity assessment

The automated integration of background knowledge is fundamental to support
the generation and validation of hypotheses about the function of gene products. The GO and GO-based annotation databases represent recent examples
of such knowledge resources. The GO is a structured, shared vocabulary that
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allows the annotation of gene products across different model organisms. The
GO comprises three independent hierarchies: molecular function (MF), biological
process (BP) and cellular component (CC). Researchers can represent relationships between gene products and annotation terms encoded in these hierarchies.
Previous research has applied GO information to detect over-represented functional annotations in clusters of genes obtained from expression analyses [13]. It
has also been suggested to assess gene sequence similarity and expression correlation [14]. For a deeper review of the GO and its applications, the reader is
referred to its website (http://www.geneontology.org) and Wang et al. [14].
Topological and statistical information extracted from the GO and databases
annotated to the GO may be used to measure similarity between gene products.
Different GO-driven similarity assessment methods may be then implemented to
perform clustering or to quantify the quality of the resulting clusters. Cluster validity assessment may consist of data- and knowledge-driven methods, which aim
to estimate the optimal cluster partition from a collection of candidate partitions
[15]. Data-driven methods mainly include statistical tests or validity indices applied to the data clustered. A data-driven, cluster validity assessment platform
was previously reported by Bolshakova and Azuaje, [9], [10]. We have previously
proposed knowledge-driven methods to enhance the predictive reliability and
potential biological relevance of the results [15].
Traditional GO-based cluster description methods have consisted of statistical analyses of the enrichment of GO terms in a cluster. Currently, there is a
relatively large number of tools implementing such an approach [8]. At the same
time, this approach is severely limited in certain regards (for detailed review on
ontological analysis see by Khatri and Drǎghici [8]). For instance, overestimation
of probability values describing over-representation of terms. This may be due
to the lack of more complete knowledge or the incorporation of biased datasets
to make statistical adjustments and detect spurious associations. However, the
application of GO-based similarity to perform clustering and validate clustering
outcomes has not been widely investigated. A recent contribution by Speer et
al. [16], [17] presented an algorithm that incorporates GO annotations to cluster genes. They applied data-driven Davies-Bouldin and Silhouette indices to
estimate the quality of the clusters.
This research applies two approaches to calculating cluster validity indices.
The first approach processes overall similarity values, which are calculated by
taking into account the combined annotations originating from the three GO
hierarchies. The second approach is based on the calculation of independent
similarity values, which originate from each of these hierarchies. The second
approach allows one to estimate the effect of each of the GO hierarchies on the
validation process.

3

GO-based similarity measurement techniques

For a given pair of gene products, g1 and g2 , sets of GO terms T1 = ti and T2 = tj
are used to annotate these genes. Before estimating between-gene similarity it
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is first necessary to understand how to measure between-term similarity. We
implemented GO-based between-term similarity using a traditional approach
proposed by Wu and Palmer [11] and an information content technique proposed
by Resnik [12].
3.1

Wu and Palmer-based method

Similarity was defined by Wu and Palmer [11] as follows:
sim(ti , tj ) =

2N
Ni + Nj + 2N

(1)

where Ni and Nj are the number of links (edges) from ti and tj to their
closest common parent in the GO hierarchy, Tij , and N is the number of links
from Tij to the GO hierarchy root.
This similarity assessment metric may be transformed into a distance, d,
metric:
d(ti , tj ) = 1 − sim(ti , tj )

(2)

then the average inter-set similarity value across each pair of ti and tj is
computed [13]:
d(gk , gm ) = avg(d(tki , tmj ))

(3)

i,j

This between-term distance aggregation may then be used as an estimate of
the GO-based similarity between two genes products gk and gm , which is defined
as:
d(gk , gm ) = avg(1 −
i,j

3.2

2N
)
Nki + Nmj + 2N

(4)

Resnik-based similarity measurement

This similarity was defined by Resnik [12] as follows:
sim(ti , tj ) = max(−log(p(Tij )))

(5)

Tij is defined as above and has the highest information value V defined as
−log(p(Tij )),where p(Tij ) is a probability, of finding term Tij (or its descendants)
in the dataset of genes under study, i.e. the SGD in this study.
Such similarity assessment metric may be transformed into a distance metric:
d(ti , tj ) =

1
1 + sim(ti , tj )

(6)

Based on the average value across each pair of ti and tj , as computed by
Azuaje and Bodenreider [13], the GO-based similarity between two genes products g1 and g2 is defined as:
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d(gk , gm ) = avg(
i,j

1
)
1 + max(−log(p(Tkmij )))
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(7)

In this research we first study an approach based on the aggregation of similarity information originating from all three GO. We also proposed and implemented three hierarchy - specific similarity assessment techniques, each based on
information individually extracted from each GO hierarchy (BP, MF and CC).

4
4.1

Clustering and cluster validation methods
Clustering

The data analysed in this paper comprised yeast genes described by their expression values during the cell cycle [18]. Previous research has shown that disjoint clusters of genes are significantly associated with each of the five cell cycle
stages: early G1, late G1, S, G2, M. Several cluster partitions (with numbers
of clusters from two to six clusters), obtained with the k -means algorithm, were
analysed to estimate the optimum number of clusters for this dataset. Clustering
was performed with the Machaon CVE tool [10].
4.2

Cluster validation methods

Cluster validation was performed using two validity indices: the C-index [19]
and the Goodman-Kruskal index [20], whose data-driven versions have been
shown to be effective cluster validity estimators for different types of clustering
applications. Nevertheless, each of the implemented validation methods has their
advantages and limitations. For example, Goodman-Kruskal index is expected
to be robust against outliers because quadruples of patterns are used for its
computation. However, its drawback is its high computational complexity in
comparison, for example, with the C-index.
C-index The C-index [19], C, is defined as follows:
S − Smin
(8)
Smax − Smin
where S, Smin , Smax are calculated as follows. Let p be the number of all pairs
of samples (conditions) from the same cluster. Then S is the sum of distances
between samples in those p pairs. Let P be a number of all possible pairs of
samples in the dataset. Ordering those P pairs by distances we can select p pairs
with the smallest and p pairs with the largest distances between samples. The
sum of the p smallest distances is equal to Smin , whilst the sum of the p largest
is equal to Smax . From this formula it follows that the nominator will be small if
pairs of samples with small distances are in the same cluster. Thus, small values
of C correspond to good clusters. We calculated distances using the knowledgedriven methods described above. The number of clusters that minimize C-index
is taken as the optimal number of clusters, c.
C=
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Goodman-Kruskal index For a given dataset, Xj (j = 1, , k, where k is the
total number of samples (gene products in this application), j, in the dataset,
this method assigns all possible quadruples [20]. Let d be the distance between
any two samples (w and x, or y and z) in Xj . A quadruple is called concordant
if one of the following two conditions is true:
d(w, x) < d(y, z) , w and x are in the same cluster and y and z are in different
clusters.
d(w, x) > d(y, z), w and x are in different clusters and y and z are in the
same cluster.
By contrast, a quadruple is called disconcordant if one of following two conditions is true:
d(w, x) < d(y, z), w and x are in different clusters and y and z are in the
same cluster.
d(w, x) > d(y, z), w and x are in the same cluster and y and z are in different
clusters.
We adapted this method by calculating distances using the knowledge-driven
methods described above.
A good partition is one with many concordant and few disconcordant quadruples. Let Ncon and Ndis denote the number of concordant and disconcordant
quadruples, respectively. Then the Goodman-Kruskal index, GK, is defined as:
GK =

Ncon − Ndis
Ncon + Ndis

(9)

Large values of GK are associated with good partitions. Thus, the number of
clusters that maximize the GK index is taken as the optimal number of clusters,
c.

5

Results

The clustering algorithm was applied to produce different partitions consisting
of 2 to 6 clusters each. Then, the validity indices were computed for each of
these partitioning results. The two GO-based similarity assessment techniques
introduced above were used for all cases to calculate biological distances between
the genes.
Tables 1 to 4 show the predictions made by the validity indices at each
number of clusters. Bold entries represent the optimal number of clusters, c,
predicted by each method. In the tables the first cluster validity index approach
processes overall GO-based similarity values, which are calculated by taking into
account the combined annotations originating from the three GO hierarchies.
The other indices are based on the calculation of independent similarity values,
independently obtained from each of the GO hierarchies.
The C-indices based on Resnik similarity measurement and similarity information from the MF, BP and the combined hierarchies indicated that the optimal number of clusters is c = 5, which is consistent with the cluster structure
expected [18]. The C-indices based on Wu and Palmer similarity measurement
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Table 1. C-index predictions based on Wu and Palmer’s GO-based similarity metric
for expression clusters originating from yeast data
Validity indices based on: c=2

c=3

Combined hierarchies
Biological process
Molecular function
Cellular component

0.472
0.321
0.32
0.586

0.51
0.501
0.501
0.514

c=4 c=5
0.464
0.259
0.274
0.602

0.453
0.235
0.243
0.614

c=6
0.463
0.237
0.272
0.615

Table 2. C-index values predictions based on Resnik’s GO-based similarity estimation
technique for expression clusters originating from yeast data
Validity indices based on: c=2

c=3

Combined hierarchies
Biological process
Molecular function
Cellular component

0.395
0.321
0.32
0.645

0.504
0.503
0.501
0.517

c=4 c=5
0.373
0.261
0.278
0.69

0.349
0.234
0.25
0.723

c=6
0.369
0.243
0.29
0.759

Table 3. Goodman-Kruskal index values used Wu and Palmer’s similarity metric for
expression clusters originating from yeast data
Validity indices based on: c=2
Combined hierarchies
Biological process
Molecular function
Cellular component

-0.023
-0.013
-0.02
-0.025

c=3
-0.01
0.005
0.009
-0.022

c=4 c=5
-0.018
-0.005
0.005
-0.032

0.004
0.034
0.066
-0.046

c=6
-0.017
0.018
-0.026
-0.025

Table 4. Goodman-Kruskal index values used Resnik’s similarity metric for expression
clusters originating from yeast data
Validity indices based on: c=2
Combined hierarchies
Biological process
Molecular function
Cellular component

-0.026
-0.018
-0.02
-0.025

c=3

c=4 c=5

c=6

-0.001 -0.02 0.016 -0.01
0.014 -0.012 0.055 0.044
0.012 0.004 0.087 -0.016
-0.035 -0.024 -0.037 -0.025
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and similarity information from the MF and BP indicated that the optimal number of clusters is c = 5. In all cases only the method based on the CC hierarchy
suggested the partition with two clusters as the optimal partition, which confirms that cellular localization information does not adequately reflect relevant
functional relationships in this dataset.
For the Goodman-Kruskal method again only the method based on the CC
hierarchy suggested the partition different from c = 5 as the optimal partition.

6

Accompanying tool

The approaches described in this paper are available as part of the Machaon
CVE (Clustering and Validation Environment) [10]. This software platform has
been designed to support clustering-based analyses of expression patterns including several data- and knowledge-driven cluster validity indices. The program and additional information may be found at http://www.cs.tcd.ie/ Nadia.Bolshakova/GOtool.html

7

Conclusion

This paper presented an approach to assessing cluster validity based on similarity knowledge extracted from the GO and GO-driven functional databases. A
knowledge-driven cluster validity assessment system for microarray data clustering was implemented. Edge-counting and information content approaches were
implemented to measure similarity between genes products based on the GO.
Edge-counting approach calculates the distance between the nodes associated
with these terms in a hierarchy. The shorter the distance, the higher the similarity. The limitation is that it heavily relies on the idea that nodes and links in
the GO are uniformly distributed.
The research applies two methods for calculating cluster validity indices. The
first approach process overall similarity values, which are calculated by taking
into account the combined annotations originating from the three GO hierarchies. The second approach is based on the calculation of independent similarity
values, which originate from each of these hierarchies. The advantage of our
method compared to other computer-based validity assessment approaches lies
in the application of prior biological knowledge to estimate functional distances
between genes and the quality of the resulting clusters. This study contributes
to the development of techniques for facilitating the statistical and biological
validity assessment of data mining results in functional genomics.
It was shown that the applied GO-based cluster validity indices could be
used to support the discovery of clusters of genes sharing similar functions. Such
clusters may indicate regulatory pathways, which could be significantly relevant
to specific phenotypes or physiological conditions.
Previous research has successfully applied C-index using knowledge-driven
methods (GO-based Resnik similarity measure) [15] to estimate the quality of
the clusters.

Incorporating biological domain knowledge into cluster validity assessment

9

Future research will include the comparison and combination of different
data- and knowledge-driven cluster validity indices. Further analyses will comprise, for instance, the implementation of permutation tests as well as comprehensive cluster descriptions using significantly over-represented GO terms.
The results contribute to the evaluation of clustering outcomes and the identification of optimal cluster partitions, which may represent an effective tool to
support biomedical knowledge discovery in gene expression data analysis.
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