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Abstract Cluster analysis is a crucial tool in several biological and medical studies
dealing with microarray data. Such studies pose challenging statistical problems due
to dimensionality issues, being the number of variables much higher than the num-
ber of observations. Here, we present a novel approach to clustering of microarray
data via nonparametric density estimation, based on the following steps: (i) selection
of relevant variables; (ii) dimensionality reduction; (iii) clustering of observations
in the reduced space. Applications on simulated and real data show promising re-
sults in comparison with those produced by two standard approaches, k-means and
Mclust. In the simulation studies, our nonparametric approach shows performances
comparable to those of models based on normality assumption. On the other hand, in
two benchmarking real datasets, it outperforms the existing parametric approaches.

Key words: Cluster analysis, Dimensionality reduction, Genomics and Microarray
data analysis, Nonparametric/semiparametric statistical methods

1 Introduction

The analysis of gene expression microarray data using clustering techniques plays
an important role, for instance, in the discovery, validation, and understanding of
various classes and subclasses of cancer. Three main types of statistical problems
arise in classification of cancer samples in a microarray experiment [5]: (a) identifi-
cation of new classes using gene expression profiles (cluster analysis/unsupervised
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learning); (b) classification of samples into known classes (discriminant analy-
sis/supervised learning); (c) identification of “marker” genes which characterize the
difference among the classes (variable selection). For a recent review of clustering
techniques for gene expression data, see [11].

In recent years, the improvement of computational resources has enabled to pur-
sue new clustering techniques, or to develop ideas putted aside due to computational
problems. In this context, Azzalini and Torelli [2] proposed a method, called pdf-
Clust, based on a nonparametric estimate of the underlying density function.

In this paper we present a method to handle simultaneously problems (a) and
(c) previously mentioned. In particular, we discuss an application of pdfClust to
microarray data (for details on the method we refer the reader to the original article
[2]). We compare it with the traditional algorithms, such as k-means algorithm and
its direct competitor, Mclust, a state-of-the-art mixture-model-based clustering tool
[6]. We follow the strategy presented by McLachlan et al. [13], which consists on
a data dimensional reduction in order to focus on most significant dimensions. We
modify their method by using a nonparametric approach, achieving improvements
in clustering of samples both in simulated and in real experiments.

2 A novel algorithm to clustering of expression data

To be consistent with microarray applications, we will denote with “genes” the p
variables and with “samples” the n observations. Nonetheless, it should be clear
that the approach proposed here is not limited to microarray data, but, in principle,
it could be applied to every application with “large p, small n”.

McLachlan et al. [13] propose a mixture model-based approach to cluster mi-
croarray expression data. Their scheme accounts for gene selection, through mix-
tures of t distributions, and dimensionality reduction, through a mixture of factor
analyzers. See [13] for details. Although their approach sounds as a good possibil-
ity to cluster samples in a high-dimensional space, there are two main limitations.
Firstly, the parametric assumptions about clusters distributions can be restrictive
[12]; for example, two Gaussian random variables can result in a single mode (one
cluster) or even a two component multivariate Gaussian mixture can lead to more
than two modes [12]. Moreover, it needs pre-specification of the number of the mix-
ture components. This, from an unsupervised perspective, which assumes that the
true number of clusters is unknown, represents a serious limitation.

Our approach can be summarized as follows: (i) cluster samples p times using the
univariate distribution of each gene and select for the subsequent analyses the genes,
p′ say, that recognize two or more groups in the data; (ii) reduce dimensionality from
p′ to p′′ with some data reduction technique; (iii) apply pdfClust algorithm in the
p′′-dimensional space.

As for step (i), i.e., gene selection, we consider a gene relevant if its values in
one category (healthy, say) are different from the ones in the other category (un-
healthy, say) or categories; in other words, the samples are in different clusters. In
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this way, it seems reasonable to apply a cluster method for each gene, and retain
as relevant the ones for which the method recognizes different clusters. In a non-
parametric framework, we can apply to each gene pdfClust, taking advantage of the
self-detection number of clusters feature. We select only the genes for whose the
method recognizes two or more clusters.

As for step (ii), i.e., dimensionality reduction, considered if the selected genes
are still too many, we propose to keep the first principal components, as in [2].

3 Simulation models

For simulating data with structure similar to that of real microarray experiments,
we use two schemes, i.e., the Gamma-Gamma model [10] and the Normal-Uniform
model [7].

Gamma-Gamma (GG) model
The samples are assumed to be independently generated from Gamma distributions
with a constant shape parameter α and gene-specific random scales λi, i = 1, . . . , p;
λi is assumed to have a Gamma distribution with shape hyperparameter α0 and scale
hyperparameter ν . The genes are generated to be either “equally expressed” (i.e. one
group) or “differentially expressed” (i.e. two groups) among the samples. We gen-
erated n = 100 samples and p = 2,000 genes, each with probability 0.05 of being
differentially expressed. We applied the algorithm stated in Section 2 repeating the
procedure B = 5,000 times.

Normal-Uniform (NU) model
The model deals with k-class classification of samples, for general k. It is based on a
mixture of Normal and Uniform distributions (see [7] for details of the model). We
exploit the model to simulate gene expressions for a three-class problem, similar to
that of the leukaemia data (see Section 4).

We simulated B = 5,000 datasets of n = 100 samples, p = 1,000 genes and m = 3
classes defined as follows: class 1 consists of 40 samples with 150 up-regulated and
50 down-regulated genes; class 2 consists of 40 samples with 50 down-regulated
genes; class 3 consists of 20 samples with neither up- nor down-regulated genes.
Note that classes 2 and 3 are “close” to each other with respect to class 1.

4 Real data

Along with simulations, we consider two benchmarking real datasets, studied be-
fore by several Authors [1, 4, 5, 8, 9, 13], to which we will refer as the colon data
and the leukaemia data.
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Colon data
Alon et al. [1] used Affymetrix oligonucleotide arrays to measure the expression of
6,500 human genes in 40 tumor and 22 normal colon tissue samples. They focused
on the subset of 2,000 genes with highest minimal intensity across the samples: the
raw expression values of these 2,000 genes comprise our dataset. Following the no-
tation in [13], we named 1-40 the tumor samples and 41-62 the normal ones.

Leukaemia data
Golub et al. [9] studied the gene expression of two types of acute leukaemias, acute
lymphoblastic leukaemia (ALL) and acute myeloid leukaemia (AML). Gene ex-
pression levels were measured using Affymetrix oligonucleotide arrays containing
6,817 human genes. The dataset comprises 47 cases of ALL (38 B-cell and 9 T-cell)
and 25 cases of AML. The classification of samples is more difficult in this example
than in colon data because it is much harder to classify between subclasses of the
same plasticity than to distinguish between healthy and cancer tissues. Moreover,
we have a typical hierarchical structure, since B-cell and T-cell are subclasses of the
ALL class, harder to separate than AML from ALL. We follow the preprocessing
steps described in [5]. This procedure left us with 3,892 genes.

5 Results and discussion

5.1 Simulated data

GG model
Table 1 shows that both pdfClust and Mclust provide results surprisingly good in
correct cluster recognition, low error rate and high sensitivity/specificity: this could
be explained by an extreme distance between the two groups in the original p-
dimensional space.

More interesting is the very different behaviour in the choice of the relevant
genes: pdfClust is very good in recognizing them, with a very low error rate (about
0.08), while Mclust fails in this field, since it selects relevant genes very badly (with
error rate about 78%).

NU model
As expected, Table 2 shows that in this model both pdfClust and Mclust lead to
higher classification errors than in GG model. Also in the gene selection step, both
methods have difficulties in finding the relevant genes. Nevertheless, pdfClust out-
performs Mclust according to the gene selection error rate (“RG” row in Table 2).

Mclust is able to recognize three clusters in the 39% and two clusters in the 34%
of the simulations; pdfClust recognizes three clusters in the 19% and two clusters
in the 47% of the simulations. On the other hand, the mean error rate of the final
classification is 0.135 for pdfClust while for Mclust is 0.227.
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Table 1 Simulation results for pdfClust and Mclust in GG model: correct number of cluster (CC),
sensitivity (SE), specificity (SP), error rate (ER) and error rate in the selection of relevant genes
(RG).

PC MC
mean se mean se

SE 0.9877 0.0007 0.9991 0.0001
SP 0.9866 0.0008 0.9985 0.0004
ER 0.0128 0.0006 0.0012 0.0002
RG 0.0837 0.0061 0.7787 0.0093
CC 0.77 0.84

Table 2 Simulation results for pdfClust and Mclust in NU model: rate of two clusters identification
(CC2), rate of three clusters identification (CC3), error rate (ER) and error rate in the selection of
relevant genes (RG).

PC MC
mean se mean se

ER 0.135 0.004 0.227 0.005
RG 0.433 0.041 0.616 0.077
CC2 0.47 0.34
CC3 0.19 0.39

5.2 Real data

Colon data
As described in Section 2, we analyzed the dataset, following three steps: (i) gene
selection, (ii) dimensionality reduction, (iii) clustering of samples. Namely, the first
step of the procedure consists in applying the cluster algorithm to the univariate dis-
tribution of each gene. The genes that recognize two or more clusters are considered
for the further steps.

In the first step, pdfClust algorithm was able to recognize 84 genes, which dis-
criminate data in two or more groups. We proceeded by considering the first three
principal components of this reduced data-matrix. The procedure found three clus-
ters, summarized in Table 3, which clearly correspond to biologically meaningful
groups. The first cluster consists of tumor tissues (with 3 misclassified), while clus-
ters 2 and 3 comprise normal tissues (with 5 misclassified). It is worth noting that
six out of the eight misallocated samples (tumor tissues 30, 33 and 36 and normal
tissues 48, 58 and 60) are found to be misclassified in several previous analyses,
including [4, 13]. As stated for instance in [4], these six samples are likely to be
wrongly labeled. Furthermore, Getz aet al. [8] reported that there was a change in
the protocol during the experiments: tumor samples 1-11 and normal samples 41-
51 were collected within the first protocol, while tumor samples 12-40 and normal
samples 52-62 were collected within the second. Although for the tumor samples
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Table 3 Clusters found after pdfClust procedure in Colon data; tumor samples are labeled 1-40,
normal samples 41-62; misallocated samples are shown in bold font.

Cluster 1 1-6,8-19,21-29,31,32,34,35,37-40,48,58,60
Cluster 2 7,41-47,49-52
Cluster 3 20,30,33,36,53-57,59,61,62

Table 4 Confusion matrices for pdfClust (PC), Mclust (MC) and k-means (KM) with error rates
(ER) for Colon data; in the first column “1” corresponds to tumor samples and “2” to normal.

PC MC KM
Real 1 2-3 1 2 1 2

1 35 5 29 11 23 17
2 3 19 12 10 6 16

ER: 0.13 0.37 0.37

our procedure did not recognize any difference between the protocols, cluster 2 and
cluster 3 split normal tissues in two groups according to the protocols.

In order to compare our approach to Mclust, we carried out a procedure analo-
gous to the one described in Section 2, but using the normal-mixture model both in
step (i) and (iii). In the first step, Mclust was able to find 369 discriminant genes.
We considered the first three principal components of this sub-space for clustering.
The procedure found two clusters, with a rather high missclassification error (see
Table 4). We also applied a k-means algorithm to the entire dataset. The results of
the three approaches are shown in Table 4. It can be seen that k-means, exploited in
the original p-dimensional space, does not perform well. Moreover, pdfClust out-
performs (in terms of error rate) Mclust, if one considers cluster 2 and 3 together as
the normal samples.

As stated before, McLachlan et al. [13] studied the same microarray dataset. They
selected 446 relevant genes, achieving clusters that seem to recognize the change of
protocol in the data structure, but fail to recognize the normal/tumor differences
[13]. Nevertheless, they achieved results slightly better than ours (ER= 0.1) con-
sidering a particular subspace: they clustered variables in 20 groups and considered
only the second group (consisting of 24 genes) to cluster data [13]. Although this
approach leads to good results in this example, it seems to be difficult to reproduce
the procedure in an unsupervised setting.

Leukaemia data
As stated in [5], the Leukaemia dataset presents two different problems: an easier
one, consisting in separating ALL from AML (two-class problem, hereafter) and
an harder one, consisting in recognizing also the differences in B-cell and T-cell
subclasses (three-class problem).

Again, we considered the strategy described in Section 2. In the variable selection
step, pdfClust recognizes 313 discriminant genes. Note that the higher number of
genes selected with respect to colon data is consistent with the higher difficulty of
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Table 5 Confusion matrices for pdfClust (PC), Mclust (MC) and k-means (KM) for Leukaemia
data.

PC MC KM
Real 1 2 1 2 3 4 1 2 3

ALL B-cell 37 1 9 20 9 0 15 0 23
ALL T-cell 5 4 0 0 7 2 7 2 0

AML 4 21 0 2 1 22 1 23 1

the problem. We proceeded by considering the first three principal components of
this subspace. PdfClust found two clusters, which clearly represent ALL and AML
samples, with 4 AML samples classified as ALL and 5 ALL samples classified as
AML, leading to a missclassification error rate of 0.125 (Table 5): pdfClust is able
to solve the two-class problem, but it misses the three-class problem.

In the first step, Mclust failed to select relevant genes, recognizing as discrimi-
nant among the groups 3,119 out of 3,892 genes. Based on the first three principal
components of the subspace spanned by these genes, Mclust clustered samples in
four groups. We could interpret the merged cluster 1-2 as the ALL B-cell class, and
cluster 4 as the AML class, while cluster 3 interpretation is less clear (Table 5). Al-
though Mclust is able to find more than two clusters, it fails to distinguish between
B-cell and T-cell classes, leading to hardly interpretable clusters.

The leukaemia dataset has been studied by McLachlan et al. as well [13]. The
Authors found 2,015 relevant genes after the variable selection step. For the two-
class problem, their results were very good (only one sample misallocated), but
they failed to solve the three-class problem.

It should be noted that, unlike our algorithm, the procedure used in [13] needs
the prior specification of the number of clusters, which is not desirable in an unsu-
pervised learning, especially in cancer tissues classification, where one of the main
goal is to find new subclasses of tumors.

6 Conclusions

Model-based approaches to clustering of data have received increasing attention
in the last few years, as they provide a sound mathematical-based method. Here,
we have discussed a nonparametric density estimation-based algorithm for cluster-
ing microarray expression data. Our approach has shown promising results both in
simulated data and in two real applications, with surprisingly good computational
performances.

In our simulation experiments, we have found that pdfClust has performances
comparable to those of Mclust even in a Gaussian setting (data not shown). More-
over, the gene selection step is much more effective using pdfClust than using Mclust
both in simulated and in real datasets. Here, “effective” means good results in terms
of both dimension reduction (e.g. in Leukaemia data pdfClust selected 313 genes
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versus 3,119 of Mclust) and of correct selection (e.g. in GG model the gene selec-
tion error rate are 0.08 and 0.77, respectively).

Although we have used here principal components in order to reduce the space
dimension, future effort could be done in trying different approaches to this prob-
lem. One possibility is to perform a correspondence analysis on the whole dataset
and then apply pdfClust in the space spanned by the first retained factors. Finally,
different clustering techniques could be compared to pdfClust, along with Mclust
and k-means, such as the probabilistic D-clustering [3].
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