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Abstract

Many clustering techniques have been proposed for the analysis of gene expression
data obtained from microarray experiments. However, choice of suitable method(s)
for a given experimental dataset is not straightforward. Common approaches do
not translate well and fail to take account of the data profile. This review paper
surveys state of the art applications which recognises these limitations and imple-
ments procedures to overcome them. It provides a framework for the evaluation of
clustering in gene expression analyses. The nature of microarray data is discussed
briefly. Selected examples are presented for the clustering methods considered.
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1 Introduction

Gene expression (GE) is the fundamental link between genotype and pheno-
type in a species, with microarray technologies facilitating the measurement
of thousands of GE values under tightly controlled conditions, e.g. (i) from
a particular point in the cell cycle, (ii) after an interval response to some
environmental change, (iii) from RNA, isolated from a tissue exhibiting cer-
tain phenotypic characteristics and so on. A problem inherent in the use of
microarray technologies is the huge amount of data produced. Searching for
meaningful information patterns and dependencies among genes, in order to
provide a basis for hypothesis testing, typically includes the initial step of
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grouping genes, with similar changes in expression into groups or “clusters”.
Cluster analysis assumes that there is an unknown mapping that assigns a
label to each gene and the goal of cluster analysis is to estimate this mapping,
i.e. to assign each gene to a group. It is an exploratory technique commonly
applied to GE data, where gene labels are not known. However, common ap-
proaches do not always translate well to the analysis of microarray data, and
fail in significant ways to account for data profile.

Many excellent reviews of microarray data analysis using clustering techniques
are available. Asyali et al. [1] provides a synopsis of class prediction (super-
vised pattern recognition classification) and class discovery (supervised pat-
tern recognition clustering), while Pham et al. [2] provide a comprehensive
literature review at the various stages of data analysis during the microarray
experiment. A landmark paper Jain et al [3] provides a thorough introduc-
tion to clustering, and gives a taxonomy of clustering algorithms (used in this
review). Reviewing the state of the art in GE analysis is complicated by the
vast interest in this field, and hence many techniques are available. This re-
view aims to evaluate current techniques, which implemented modifications
to address shortcomings of conventional approaches and the properties of GE
data.

Multiple expression measurements are commonly recorded as a real-valued
matrix, with row objects corresponding to GE measurements over a number
of experiments and columns corresponding to the pattern of expression of
all genes for a given microarray experiment. Each entry, z;;, is the measured
expression of gene ¢ in experiment j. Dimensionality of a gene refers to the
number of expression values recorded for it (number of matrix columns). A
gene/gene profile x is a single data item (row) consisting of d measurements,
x = (21, %2, ...,2q). A experiment/sample y is a single microarray experiment
corresponding to a single column in the GE matrix, y = (21, 7, ..., 7,,)7 where
n is the number of genes in the dataset.

There are a number of common characteristics of all GE datasets. The accu-
racy of the data strongly depends on experimental design and minimisation
of technical variation, whether due to instruments, observer or pre-processing
[4]. Image corruption or/and slide impurities may led to incomplete data [5].
Generally, the number of missing values increases with the number of genes [6].
Many clustering algorithms require a complete matrix of input values, so im-
putation or missing data estimation techniques need to be considered before
clustering. Microarray data is intrinsically noisy, resulting in outliers, typi-
cally managed by alleviation by robust statistical estimation/testing, (when
extreme values are not of primary interest), or identification (when outlier
information of intrinsic importance e.g. caused by known bias or experimen-
tal error etc.) [7]. As cluster analysis is usually exploratory, lack of a priori
knowledge on gene groups or their number, is common. Fixing this number



may undesirably bias the search, as pattern elements may be ill-defined unless
signals are strong. Meta-data can guide the choice of the correct number of
clusters, e.g. genes with common promoter sequence are likely to be expressed
together and thus are likely to be placed in the same group. [8] and [9] discuss
methods for determining optimal number of groups.

Clustering the microarray matrix can be achieved in two ways: (i) genes can
form a group which show similar expression across conditions, (ii) samples
can form a group which show similar GE across all genes. This gives rise
to global clusterings, where a gene or sample is grouped across all dimensions.
However, the interplay of genes and samples can be used to give rise to what is
termed bi-clusters, whereby genes and samples are clustered simultaneously.
Such bi-clusters are defined over a subset of genes and a subset of samples
thus capturing local structures in the dataset. This is a major strength of
bi-clustering as cellular processes are understood to rely on subsets of genes,
which are co-regulated and co-expressed under certain conditions and behave
independently under others, [10]. Justifiably, this approach has been gaining
much interest of late. For an excellent review on bi-clusters and bi-clustering
techniques see [11].

Additionally, the clustering can be complete or partial. A complete clustering
assigns each gene to a cluster, whereas a partial clustering does not. Partial
clusterings tend to be more suited to GE, as the dataset often contains irrel-
evant genes or samples. Clearly this allows: (i)“noisy genes” to be left out,
with correspondingly less impact on the outcome and (ii) genes belonging
to no cluster - omitting a large number of irrelevant contributions. Microar-
rays measure expression for the entire genome in one experiment, but genes
may change expression, independent of the experimental condition (e.g. due
to stage in cell cycle). Forced inclusion (as demanded by complete cluster-
ings) in well-defined but inappropriate groups may impact the final structures
found for the data. Partial clustering avoids the situation where an interesting
sub-group in a cluster is obscured through forcing membership of unrelated
genes.

Finally, clusterings can be categorized as exclusive (hard), or overlapping. Ex-
clusive clustering requires each gene to belong to a single cluster, whereas
overlapping clusterings permit genes to simultaneously be members of nu-
merous clusters. An additional sub-categorization of overlapping can be made
between crisp and fuzzy membership. Crisp membership is boolean - either the
gene belongs to a group or not. With fuzzy membership values, each gene be-
longs to each cluster with a membership weight between 0 (absolutely doesn’t
belong) and 1 (absolutely belongs). Clustering algorithms which permit genes
to belong to more than one cluster are typically more applicable to GE since:
(i) the impact of noisy data on clusters obtained is reduced - the assumption
is that “noisy” genes are unlikely to belong to any one cluster but are equally



likely to be members of several clusters, (ii) the underlying principal of cluster-
ing GE, is that genes with similar change in expression for a set of samples are
involved in a similar biological function. Typically, gene products are involved
in several such biological functions and groups need not be co-active under
all conditions. This gives rise to high variability in the gene groups and/or
some overlap between them. For these reasons, constraining a gene to a single
cluster is counter-intuitive with respect to natural behavior.

2 Clustering Prerequisites

Lack of a priori knowledge means that unsupervised clustering techniques,
where data are unlabeled or not annotated, are common in GE work. Clus-
tering GE usually involves the following basic steps [3]:

(1) Pattern representation: Involves the representation of the data matrix
for clustering, can refer to the number, type, dimension and scale of
GE profiles available. Some of these were set during experiment ex-
ecution, however, certain features are controllable, such as scaling of
measurements, imputation, normalisation techniques, representations of
up/down-regulation etc. An optional step of feature selection or feature
extraction can be carried out. These are two distinct procedures, the for-
mer refers to selecting a subset of the original features which would be
most effective to use in the clustering procedure, the latter to the use
of transformations of the input features to produce new salient features
that may be more discriminatory in the clustering procedure, e.g. Prin-
cipal Component Analysis.

(2) Definition of pattern proximity measure: Usually measured as a distance
between pairs of genes. Alternatively, conceptual measures can be used
to characterize the similarity among a group of gene profiles e.g. Mean
Residue Score of Cheng and Church (see Section 3).

(3) Clustering or grouping the data: The application of the clustering algo-
rithm to find structures (clusterings) in the dataset. Clustering methods
can be broadly categorised according to the taxonomy due to [3].

(4) Data abstraction: Representation of structures found in the dataset. In
GE data, this is usually human orientated, so data abstraction must be
easy to interpret (vital for follow up analysis and experimentation). It is
usually a compact description of each cluster, through a cluster prototype
or representative selection of patterns within the cluster, such as cluster
centroid.

(5) Assessment of output: Validity of clustering results is essential to cluster
analysis of GE data. A cluster output is valid if it cannot reasonably be
achieved by chance or as an artifact of the clustering algorithm. Valida-
tion is achieved by careful application of statistical methods and testing



hypotheses. These measures can be categorised as: (i) Internal validation,
(ii) External validation and (iii) Relative validation.

This survey concentrates its review on points 2 and 3, but it should be noted
that these are part of a larger analysis cycle.

3 Clustering Methods

Requirements for analysis of large GE data-sets are relatively new, although
pattern recognition of complex data is well-established in a number of fields,
e.g. database management [12], computer vision [13], analysis of financial
markets [14] among others. Many common generic algorithms have, in con-
sequence, been drafted into use for microarray data, (e.g. Hierarchical [15],
SOM’s [16]), but not all perform well. A good method should deal with noisy
high dimensional data, be insensitive to the order of input, have moderate
time and space complexity (allow increased data load without breakdown
or requirement of major changes), require few input parameters, incorporate
meta-data knowledge (i.e. deal with range of attributes) and produce results,
interpretable in the biological context.

3.1 Pattern Prorimity Measures

All clustering algorithms use some measure of proximity to evaluate how much
a group of gene vectors show coherent expression. The choice of which is as
important as the choice of clustering algorithm, and is somewhat based on the
type of data and context of the clustering. Many clustering algorithms work
directly on a proximity matrix (e.g. hierarchical clustering) or a measure is
used to evaluate a clustering during execution of the algorithm (e.g. K-Means).
A proximity measure can be calculated between a pair of genes (e.g. Euclidean
distance) or between a group of genes (e.g. Mean Residue Error).

Commonly used is the notion of distance, which typically measures the dis-
tance between a pair of genes. Distance functions between two vectors include
the Minkowski measures (Euclidean, Manhattan, Chebyshev). These distances
are useful when searching for ezact matches between two expression profiles
in the dataset, tending to find globular structures, and works well when the
dataset contains compact and isolated structures. A drawback of these is the
largest feature dominates the others, thus sensitive to outliers or spurious mea-
surements [3]. The Mahalanobis distance differs from the Euclidean distance in
that it takes into account the correlations of the dataset and is scale-invariant.



Use of one distance measure becomes problematic when clusters within the
data differ in shape, e.g Euclidean distance only finds spherical clusters, while
Mahalanobis finds ellipsoidal clusters. Specifically, different distance measures
should be used to find clusters of different geometric shape. This idea was
developed by [17], which describes an adaptive distance norm method for
clustering data (Gaustafson-Kessel method). Here different distances are used
by estimating the data co-variance of each cluster (via eigenvalue calculations)
to guess the structure of the data in each individual cluster. Each cluster is
then created using a unique distance measure.

Correlation distances, on the other hand, measure how much two GE profiles
show similar changes in expression across samples, without regard to the scale
of the expression. For example, if a gene X is up-regulated in a certain number
of samples, and gene Y is correspondingly down-regulated, the correlation dis-
tances would evaluate these to be very close, and cluster them together, unlike
the Minkowski distances. Correlation measures include standard Pearson cor-
relation coefficient, and cosine correlation coefficient, and two non-parametric
measures Spearman’s rank correlation and Kendall’s T, used when outliers and
noise is known to be in the data. Correlation measures are transformed to dis-
tance measures by subtracting from 1, and are squared when the sign of the
correlation is not of interest.

Alternatively, conceptual measures of similarity can be used to evaluate a clus-
ter. Such measures include models based on constant rows, constant columns
and coherent values (additive or multiplicative model) [11] (Fig. 1), where a
sub-matrix is evaluated to ascertain how well it fits a model. A good fit indi-
cates high correlation within the sub-matrix, thus a possible cluster.
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Fig. 1. Models for bi-clusters: (A) Bi-cluster with constant rows, where each row
in the bi-cluster can be obtained from a typical value p and a row offset «;, (B)
Constant columns, each value can be obtained from a typical value p and a column
offset B, (C) Additive model, each value can be predicted from a typical value
i, and a row and column offset, o; + 3;. These models can be adapted for the
multiplicative case for (A(i)) p x a4, (B(i)) p x B and (C(i)) p x a; x f3;

These models are used by a number of the clustering algorithms. For example,
Cheng and Church [18] and FLOC [19], use the additive model (Fig. 1(C)),
as a basis for the Mean Residue Score to evaluate bi-clusters. Given a GE



matrix A, the residue of an element a;; in a sub-matrix (/, J) is given by the
difference r;; = (a;; — a;y — arj + ayy) where a;;, a5, ar; and ay; are the sub-
matrix value, the row, column and group mean respectively and the “H-score”
of the sub-matrix is the sum of the residues, given by:

1
H(I,J)= WzieljeJ(rij)Q (1)

The Plaid Model [20] variant builds the GE matrix as a sum of layers, where

each layer corresponds to a bi-cluster. Each value a;; is modelled by a;; =
K

Z Oijkpirir where K is the layer (bi-cluster) number, p;, and Kji are binary
k=0
variables that represent the membership of row ¢ and column j in layer k.

For layer k, expression level 0;;, can be estimated using the general additive
model, 05, = pu + oy + Bk, where py, is the typical value of a gene in layer
k, aj is the row adjustment for row ¢ and 3;; is the column adjustment for
column j, in layer k. (Fig. 1 (C))

Coherent Evolutions model can be used to evaluate a cluster. In this manner,
the exact values of z;; are not directly taken into account, but a cluster is
evaluated to see if it shows coherent patterns of expression. In its simplest
form, each value can have three states: up-regulation, down-regulation and
not change. Care must be taken to define thresholds between the states. Com-
plexity can be added to the model to define more states such as “slightly”
up-regulated, “strongly” up-regulated etc. This is the method adopted by
SAMBA [21].

Other measures which evaluates the coherency of a group of genes includes
conditional entropy: H(C|X) = — [ p(c;|x)logp(c;|z)p(z)dz measures un-
j=1
certainty of random variable C' (cluster category) on average when random
variable X is known. The optimal partition of the GE dataset is obtained
when this criterion is minimised i.e. each gene is assigned to only one cluster
with a high probability, [22]. Of course, this requires the estimation of the
a posteriori probabilities p(c;|z), which can be achieved via non-parametric
methods (avoiding assuming the distribution of the underlying GE data), [22].

The similarity measures described above do not make any distinction between
time-series data and expression measures obtained from two or more pheno-
types. Applying similarity measures to time series data should be approached
with care. Gene expression time series are usually very short (4-20 samples:
classical analysis of time series data considers under 50 observations too short
for statistical significance) and unevenly sampled. Similarity in time series
should be only be viewed as similar patterns in the direction of change across
time points and the measure should be able to handle: (1) scaling and shifting



problems, (2) unevenly distributed sampling points and (3) shape (internal
structure - times series cannot be regarded as independently, identically dis-
tributed data). For an excellent review on similarity in time series data see

23].

Algorithms shall be examined in the next section, however it should be borne
in mind that each technique shall use some proximity measure, which will
enhance/detract from the method according to that measure’s properties.

3.2 Agglomerative clustering

All agglomerative techniques naturally form a hierarchical cluster structure in
which genes have a crisp membership. Eisen et al. [15] implemented hierarchi-
cal clustering to study the GE in the budding yeast Saccharmyces Cerevisiae.
Subsequently, the method has become popular in GE analysis, mainly due to
its ease of implementation, visualisation capability and availability in most
analysis packages. These methods vary with respect to distance metric used
and the decision on cluster merging (linkage). Choice of parameters affects the
structure of and relationship between the clusters. Linking methods include:
single linkage (cluster separation as distance between two nearest objects),
complete linkage (as previously, but two furthest objects), average linkage
(average distance between all pairs), centroid (distance between centroid’s of
each cluster) and Ward’s method (minimizes ANOVA Sum of Squared Errors
between two clusters)[24].

The distance metric and linkage method determine level of sensitivity to noise;
linkage methods, such as Wards and Complete are particularly affected, (due
to ANOVA basis and weight given to outliers respectively, since the clustering
decision depends on maximum distance between two genes). Single linkage,
however, forces cluster merge, based on minimum distance between two genes,
and regardless of the position of other genes in the clusters. Thus noisy or
outlying values are among the last to be clustered. Nevertheless, one result is
the “chaining phenomenon”, Fig. 2, illustrated by the rectangle within cluster
A. If cluster B has not been processed as a cluster in its own right, the next data
point may be the closest dot, (see arrow). Average and Centroid linkage, the
most popular choices, essentially resolve the problem; no special consideration
is given to outliers and the cluster is based on highest density.

While the dendrogram tree is an intuitive interface to present results, there
are 2" ! different linear orderings consistent with the structure of the tree.
This should be carefully considered when cutting the branches of the tree to
determine cluster membership. Cutting the tree at one level may miss out
on important information at other levels. [25] presents a method dendrogram
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Fig. 2. Chaining phenomenon when using single linkage hierarchical clustering

analysis, based on gene class information from specialised databases. This
method looks for optimal correlations between gene classes and clusters from
different branch lengths. Groups with the highest statistical significance from
varying branch lengths are then presented as clusters. [26] presents an agglom-
erative technique, which produces a k-ary tree (were each internal node has
at most k children), helping to reduce the effects of noise. This allows up to k
genes (or clusters) to be directly related, differing from traditional hierarchical
clustering in that groups of up to k are joined together. A permutation test is
used to decide on the number of nodes (max k) to merge. This involves a user
specified parameter, o which will dictate the level of similarity required for a
merge. Using heuristics, [26], the complexity of the algorithm is comparable
to traditional hierarchical clustering. [26] also present a divide and conquer
approach to create an optimal leaf ordering of the tree (order the tree leaves
that maximize the sum of similarities of adjacent leaves). However, this is at

increased time and space complexity, and is only feasible for small values of
k.

These methods cannot correct for the greedy nature of the traditional algo-
rithm, where mis-clusterings made at the beginning cannot be corrected and
are greatly magnified as the process continues. [27] and [28] note that the
performance of hierarchical clustering method is close to random, despite its
wide usage and is worse than other common techniques such as K-means and
Self Organising maps (SOM).

3.3 Partitive Techniques

Partitive clustering techniques divide data into clusters depending on simi-
larity measures. Widely used methods measure distance from a gene vector
to a prototype vector representing the cluster, maximising intra-cluster dis-
tance whilst minimising inter-cluster distance (e.g. K-means, Fuzzy C-Means,
SOM). A major drawback of techniques in this category is that the number of
clusters in the data must be specified beforehand, although methods have been
developed to try to overcome this. Table 3 summarises algorithms presented



here.

K-means produces crisp clusters with no structural relationship between them,
[29]. Tt deal poorly with noise, since genes must belong to a cluster and noisy
values have a substantial effect on the cluster mean, thus affecting the inclu-
sion of other genes. Equally, the average value used for cluster inclusion of a
gene, depends on values already present, so order of data inclusion matters.
It relies greatly on the choice of initial prototypes of the clusters (different
runs will result in different clusterings, thus it’s unstable), and often results
in a local minima solution. Incremental approaches have been shown to find
local minima solutions close to the global solution, such as Modified Global
K-means (MGKM) algorithm [30], which computes k-partitions of the data
using k — 1 clusters from the previous iterations. The starting point for the
k' cluster is computed using an auxiliary function. The number of clusters to
search for does not need to be specified directly, but a tolerance threshold must
be set which determines the number of clusters indirectly. As with regular K-
means, this algorithm will search for spherical clusters. On the six datasets
tested in the study, the MGKM algorithm showed only slight improvement
over K-means, however at a higher computational time cost.

Algorithms which modified K-means to produce fuzzy clusters include Fuzzy
C-Means (FCM)[31] and Fuzzy clustering by Local Approzimations of MEm-
berships (FLAME) [32]. Genes are assigned a membership degree to a cluster-
ing indicating its percentage association with that cluster. The two algorithms
differ in the weighting scheme used for the contribution of a gene to the mean
of the cluster. FCM membership values for a gene is divided among clusters
in proportion to similarity with that clusters mean. The contribution of each
gene to the mean of a cluster is weighted, based on its membership grade.
Membership values are adjusted iteratively until the variance of the system
falls below a threshold. These calculations require the specification of a de-
gree of fuzziness parameter which is problem specific [31]. In contrast FLAME
(available with the GEDAS software suite) membership of a gene to a cluster,
1, is determined by a weighted similarity to its K-nearest neighbours, and the
memberships of these neighbours to cluster i. These values are updated in an
iterative process. In both techniques, genes may belong to several clusters,
with varied degree of membership. However, membership grades from the two
techniques have different interpretations. FCM and FLAME uses an averaging
techniques, where each gene contributes to the calculation of a cluster centroid,
typically memberhship values must sum to 1, i.e. gene-cluster probability, so
a strong membership does not indicate that a given gene has a more typical
value, and thus need careful interpretation [33].

Table 2 illustrates this idea for three clusters. FCM was carried out on pub-

lished yeast genomic expression data [34], results available at http://rana.
1bl.gov/FuzzyK/data.html. The membership values for gene B and gene D
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Table 1
Difficulties interpreting membership values of FCM

GID Cluster 4 Cluster 21 Cluster 46
Centroid Dist. Mem. Centroid Dist. Mem. Centroid Dist. Mem.
GENE1649X 10.691 | 0.002575 8.476 | 0.002002 3.864 | 0.482479
GENE6076X 6.723 | 0.009766 3.855 | 0.009341 6.33 | 0.007381
GENE5290X 6.719 | 0.007653 5.29 0.00515 8.024 | 0.005724
GENE2382X 7.725 | 0.007609 3.869 0.01782 6.279 | 0.010249
Table 2

GENE1649X (Gene A), GENE6076X (Gene B), GENE5290X (Gene C) and
GENE2382X (Gene D). The table highlights distance to cluster centroid, as cal-
culated by Euclidean distance, and the associated membership values of the gene.

are very different for cluster 21, although they are approximately equidistant
from the centroid of the cluster. Similarly gene C and gene D have comparable
membership values for cluster 4, however gene C is more typical than gene D.
With similar centroid distance measures, membership value for gene B in clus-
ter 21 is smaller than membership value of gene A in cluster 46. These arise
from the constraint on membership values, which must sum to one across all
clusters, forcing a gene to give up some of its membership in one cluster to in-
crease it in another. Listing the genes of a cluster based on membership values
is non-intuitive as it is not a measure of their compatibility with the cluster.
However, if analysing the list as the degree of sharing between clusters then it
is correct. This effect is similar for FLAME, as the memberships are weighted
only by the K-nearest neighbours, a low membership value indicates a high de-
gree of cluster sharing among its K-nearest neighbours and not a more typical
value. [35] recognised this interpretative flaw, and developed the possibilistic
biclustering algorithm, which removes the restriction that membership values
must sum to unity. These authors used spectral clustering principals [36] to
create a partition matrix, Z, of the original GE matrix. Z is then clustered
using a possibilistic approach. The resulting clusters are evaluated using the
H-Score (Eq.1), and showed improvements over more traditional techniques.
This algorithm requires the specification of two parameters amongst others-
cutoff membership for a gene to be included in a cluster and a cutoff mem-
bership for a sample to be in included in a cluster. However, in this case these
parameters make sense as they indicate how typical a gene/sample is to a
cluster, and not its degree of sharing.

The membership weighting system reduces noise effects, as a low member-
ship grade is less important in centroid calculation. By assuming that noise
and outlier genes are dissipated across all clusters by the weighting, relative
relationships are not distorted by a few extreme values. The density based
approach of FLAME (density estimated from similarity to K-nearest neigh-
bours) reduces this further, where genes with a density lower than a pre-defined
threshold are categorised as outliers, and grouped with a dedicated ’outlier’
cluster. As with K-Means, clusters produced by FCM are unstable, largely

11



Cluster Mem. | Input Proximity | Other
K-Means Binary Starting Proto- Pairwise Very Sensitive
types, Stopping Distance to input parameters
Threshold, K and order of input.
MGKM Binary Tolerance Thres- Pairwise Not as sensitive to
hold Distance starting prototypes.
K specified through
tolerance threshold.
FCM Fuzzy Degree of fuzzi- Pairwise Careful Interpretation
ness, Starting Distance of membership values.
prototypes, Stop Sensitive to input para-
threshold, K metres and order of input.
FLAME Fuzzy Knn - Pairwise careful interpretation
number of Distance of membership values.
neighbours to Knn Output determined by Kpn.
neighbours
Possibilistic | Fuzzy Cut-off memberships H-Score Number of biclusers
biclustering Max. residue, number of rows determined when quality function
and number of columns peaks by re-running for
different numbers of eignevalues.
Table 3

Summary of Partitive techniques. With the exception of FLAME and Possibilistic
biclustering, all find complete global clusters. Note: Sections 3.4 - 3.7 highlight sub-
categorisations of partitive techniques.

affected initialisation parameters and the number of clusters must be decided
in advance. FLAME produces stable clusters, however the size of the neigh-
bourhood and the weighting scheme used will affect results and the number

of clusters.

3.4 FEvolutionary approaches

Evolutionary approaches (EA) are motivated by natural evolution and make
use of evolution operators (selection, recombination, mutation) and a popula-
tion of possible solutions (chromosomes) to obtain a global optimal partition
of the data. A fitness function gives the chromosomes likelihood of surviving
until the next generation. Although evolutionary approaches attain the global
optimum, as ever, these approaches suffer from sensitivity to user defined in-
put parameters and these must be tuned for each specific problem. Genetic
algorithms (GAs) are an EA approach which work well when the dataset is
considered small (less than 1000 gene vectors and of low dimension), above
which the time constraints are prohibitory, thus an unlikely choice for GE
analysis. GeneClust [37] used the GA approach, where the fitness function
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corresponds to minimising the Total Within Cluster Variance (TWCYV) of the
clusters produced. The datasets chosen for testing were of small size (all un-
der 900 gene expression profiles), and only showed comparative results with
K-means (known to find local minima) and Click (see below) and Cast (see

below).

Local minimum solutions found by K-means is linked with the initial seed
selection. If a good initial partition can be obtained quickly using other tech-
niques, then it may work well. There has been studies which combine the
powers of K-means and Genetic Algorithms. [38] developed Incremental Ge-
netic K-Means Algorithm (IGKA), a hybrid approach which converges to a
global optimum faster than stand alone GA, without the sensitivity to initial-
ization prototypes. The fitness function for the GA is based on the TWCV.
The basic idea behind the algorithm is to cluster centroids incrementally, us-
ing a standard similarity measure. Of course, the GA method requires the
number of output clusters needs to be specified, in addition to the difficult to
interpret mutation probability rates, the number of generations and the size of
the chromosome populations. These last three parameters will influence how
long the algorithm will take to converge to a global optimum. GA are not
limited to TWCV, but could be used to minimise a range of fitness functions.

3.5 Neural Networks

Neural Networks (NN) are based on biological nervous system, i.e. nerves and
synaptic connections. Modelled as a collection of nodes with weighted intercon-
nections, NNs only process numerical vectors, so meta-information cannot be
included in the clustering procedure. They learn their interconnection weights
adaptively i.e. acting as feature selectors by appropriate selection of weights.

Self Organising Maps (SOMs) are a popular type of NN enabling visualisation
and interpretation oh high dimensional data [16], and have been widely used
in analysis of GE data [39, 40, 41]. A SOM comprises of an input layer of N
nodes (each node represents a dimension of a gene) and an output layer of
neurons arranged in a regular 1d or 2d grid. Each neuron is represented by a
reference (or weight) vector of the same dimension as the input gene. A kernel
function defines the region of influence (neighbourhood) that the input gene
has on the SOM. This kernel function update causes the reference vector of
the output neuron and its neighbours to track to-wards the gene vector. The
network is trained (to adjust strengths of interconnections) from a random
sample of the dataset. Once training is complete, all genes in the dataset are
then applied to the SOM, where only one output neuron ‘fires” upon receiving
an input signal from a gene, (hard clustering). Cluster members, represented
by output neuron ¢ are the set of genes, applied to the input neurons, causing
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output neuron ¢ to ‘fire’.

SOM’s are robust to noise and outliers, with results still somewhat effected,
dependent on distance metric and the neighbourhood function used. If the
training data contains noise its effect is exacerbated by over-fitting. Like K-
means, SOM produces a sub-optimal solution if the initial weights for the
interconnections are not chosen properly. Its convergence to a solution is con-
trolled by problem specific parameters such as learning rate and neighbour-
hood function; a particular input pattern can fire different output neurons at
different iterations. This can be overcome by gradually reducing the learning
rate to zero during training. However, this can cause the network to overfit
to the training data, and not preform well when presented with new data.
Again, the number of clusters must be specified beforehand, via specifying the
number of output neurons; too few output neurons in the SOM gives large
within-cluster distance, too many results in meaningless diffusion.

The Self Organizing Tree Algorithm (SOTA) [42], Dynamically Growing Self
Organizing Tree (DGSOT) algorithm [43] and, more recently, Growing Hierar-
chical Tree SOM (GHTSOM) [? | were developed to incorporate NN strengths
(i.e. speed, robustness to noise) with those of hierarchical clustering (i.e. tree
structure output, minimum requirement to specify number of clusters a pri-
ori, no training required). Here the SOM network is a tree structure, trained
by comparing only the leaf nodes to the input GE profiles (each node in the
graph represents a cluster). At each iteration the leaf node with the highest
degree of heterogeneity is split, creating two daughter cells, in the case of
SOTA, and dynamically finding the proper number of daughters, in the case
of DGSOT (determines the number of daughters by starting off with two and
continually adding one until certain cluster validation criteria are satisfied). To
determine the correct number of daughter cells [43] propose a method based
on the geometric characteristics of the data i.e. based on cluster separation
in the minimum spanning tree of the cluster centroids. A threshold must be
specified by the user, (a practical consideration, arrived at through trial and
error (the authors propose 0.8)). Growth of the tree continues until the het-
erogeneity of the system falls below a threshold, or until all genes map onto
a unique leaf node. This has the advantage over most partitive techniques
in that the number of clusters is not specified before hand, indirectly by the
threshold as to when to stop growing. In [42]the threshold is determined via
a re-sampling technique, where system variability is defined as the maximum
distance among genes mapping to the same leaf node. By comparing all pos-
sible distances between randomized data and those between the real dataset,
a confidence interval and a distance cut-off are obtained. DGSOT method
uses average leaf distortion to determine when to stop growing, so the user
indirectly specifies the number of clusters via this threshold.

In the case of GHTSOM, each node is a triangular SOM (SOM with 3 neu-
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rons, fully connected), each having 3 daughter nodes (also triangular SOMs).
Growth in this system occurs if a neuron is activated by a sufficient number
of inputs, i.e. at least 3 or a user defined variable which will determine the
resolution of the system. Growth continues as long as there is one neuron in
the system which can grow.

After each addition of a new daughter a training process is performed. SOTA,
DGSOT and GHTSOM differ from the typical hierarchical clustering algo-
rithm, in that once a gene is mapped to a leaf node, it and its neighbours
are adapted, as in the SOM, however the neighbourhood of the adaptation is
a lot more restrictive. In SOTA if it maps to a leaf node with a sister node,
the latter, the ancestor node and the winning node are all adapted. If there is
no sister node, then only the winning node is adapted. Similarly for DGSOT,
however this incorporates a method to correct for misclusterings at the begin-
ning of the process. This involves a K-Level up distribution (KLD), where data
incorrectly clustered when clustering starts can be reclustered during later hi-
erarchical growing stages. This involves specification of K - the ancestor level
in the tree of the node which is to be created into two daughter cells. DG-
SOT then distributes all values among the leaves of the subtree rooted at the
K™ ancestor, overcoming the misclusterings problem of the traditional hierar-
chical algorithm, SOTA and GHTSOM, although it does present yet another
input parameter for the user to specify. These method incorporates a pairwise
distance mechanism to calculate distances between profiles, so properties of
this measure will affect the results. In GHTSOM, new nodes (after growth)
are trained using only the inputs which caused the parent node to fire. The
standard SOM training algorithm is used to train the new nodes, followed by
a fine tuning training phase. This involves specification of the learning rate
parameters by the user, as with traditional SOMs. Finally any neuron which
shows low activity is deleted, and its parent is blocked from further growth.
This has the advantage that inputs mapping to leaf neurons at the top levels
of the hierarchy are usually noise, distinct from relevant biological patterns.
At each hierarchical level, clusters of neurons are created by presenting the
layer with the entire training dataset and finding the winning neuron (small-
est Euclidean distance between input and neuron). Links are then created
between the winning neuron and a set of neighbors, i.e. neurons which fall
within a range determined by the output (Euclidean distance) of the winning
and losing nodes in the sub-network. Leaf nodes are considered separately and
linked to the neuron with the smaller response for each input that activated
that leaf.

SOTA and DGSOT successful combines two different algorithms to deal with
the properties of gene expression data, in that the output shows a hierarchical
structure, with specified resolution, ameliorating interpretation compared to
traditional partitive techniques. Additionally, the cluster number depends on
data variability, and not number of data points.
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Structure Proximity | Input Other

SOM None Distance number of Careful consideration

Learning rate

output neurons, of initalisation weights

SOTA Binary Tree Distance Threshold ¢
DGSOT Tree Distance Thresholds ¢, « Corrects for
and k. misclusterings
GHTSOM | SOMs in Tree struct. | Distance Minimal requirement- learning rate
Table 4

Summary of Neural Network techniques presented.

3.6 Search Based

Search techniques obtain a solution for a criterion function by searching the
solution space either deterministically or stochastically [3]. As deterministic
techniques exhaustively search all solutions, these would be of no use for gene
expression analysis. Typically, heuristics are used to guide these searches.

A well known stochastic search method is Simulated Annealing, applied to
GE analysis by [44, 45]. [44] uses the TWCV as the fitness function, E, to
minimise, where as [45] applied it to minimise the H-Score) 1. At each stage
it the process, gene vectors are randomly chosen and moved to a new random
cluster. The fitness function is evaluated for each move and if it improves, then

the new assignment is accepted, otherwise the new assignment is accepted with
new _ pold

a probability of e~ 7, where T is temperature, and controls how readily
the system will accept the worse situation, enabling the algorithm to escape
local minima. As the search continues, T, is gradually reduced according to
an annealing schedule, in the end the search only accepts better situations,
and will reach a global minimum. The parameters annealing schedule will
dictate the performance and speed of the search. This involves setting an
initial temperature - if set to high the system will take to long to converge,
if set to low the potential search space will be too much reduced. Similarly
for the final effective temperature (when to stop searching for a solution).
Additionally, the user must specify the rate at which T approaches the final
effective temperature - it must be reduced slowly enough to guarantee a global
minimum. The user must also specify how many swaps of gene vectors between
clusters is allowed during each iteration.

To determine the optimal number, [44] uses a randomisation procedure to
determine cut-off threshold for the distance, D, between two gene vectors in
a single cluster. The problem of identifying the optimal number of clusters,
becomes a problem of determining parameters D and P, the probability of
accepting false positives, which can be set to a reasonable value (e.g. P =
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0.05). Once P and D have been determined, the process involves re-running
the simulated annealing procedure for different numbers of clusters, until the
weighted average fraction of incorrect gene vector pairs reaches the P-value.

Cheng and Church [18] adapted the method of Hartigan [46] to GE data.
Their algorithm proceeds by scoring sub-matrices of the GE matrix using the
H-score (Eq. 1, Fig. 1) [11]. A perfect bi-cluster would have a H-score equal to
zero (corresponding to ideal GE data, with matrix rows and columns constant
or additive). This method considers sub-matrix a bi-cluster if H(/,.J) < ¢ for
some 0 > 0 (user defined).

Once a sub-matrix is determined to be a bi-cluster, the values of this sub-
matrix are masked with random numbers in the initial GE matrix. Masking bi-
clusters prevents the algorithm from repeatedly finding the same sub-matrices
on successive iterations. However, there is a substantial risk that this replace-
ment will interfere with the discovery of future bi-clusters, [19]. To overcome
this problem of random interference, Flexible Overlapped biClustering (FLOC)
was developed - a generalised model of Cheng and Church which incorporates
null values, [19]. FLOC constrains the clusters to a low mean residue score and
a minimum occupancy threshold of «, which is a positive number < 1 (user
defined). Note: this method does not require pre-processing for imputation of
missing values.

These bi-clustering algorithms find coherent groups in the data and permit
overlapping. [20] indicated that the value of an element in the GE matrix can
be modelled as a linear function of the contributions of the different bi-clusters
to which the row ¢ and the column j belong, (Fig. 3),[20].

1 4 8 = 5 2 a4 5

3 6 10 11 9 6 8 9

6 =] 13 14 11 8 10 11

9 12 16 17 12 9 11 12

1 4 8 =] 19=1+6+7 +5
3 6 10 11 18=1+6+8+5-3
6 o 10 18 a 5 25=1+8+7 + 9
o 12 |25 29| s o 29=1+8+8+9-3

11 8 10 11
12 9 11 12

Fig. 3. With Plaid Model values at overlaps are seen as a linear function of different
bi-clusters.

The Plaid Model [20] assumes that bi-clusters can be generated using a statis-
tical model and tries to identify the distribution of the parameters that best
fit the available data by minimising the sum of squared error for the K** bi-
cluster assuming that K —1 bi-clusters have already been identified. Explicitly,

n m
to minimize: Q = % Z Z(Zij _ gijkpik,{jk)Q for the entire matrix, where Z;; is
i=1j=1
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Proximity Deterministic/ | Clusters Other
Stochastic
SA Depends on Stochastic Depends on Specification of
application application Annealing Schedule
ccC Additive Model | Deterministic Overlapping, partial | §,
bi-clusters random interference
FLOC | Additive Model | Deterministic Overlapping, partial | o and §
bi-clusters to specify. Overcomes
random interference,
allows missing values.
Plaid Additive Model | Deterministic Overlapping, partial | Values seen as sum of
bi-clusters contributions to bi-clusters
Table 5
Summary of search based techniques presented.
K-1
the residual after deducting the previous layers found: Z;; = a;;— Z OijkpikK ik
k=0

The parameters 0,j;, pir and kj; are estimated for each layer and for each
value in the matrix, and are themselves updated in an iterative approach,
alternately estimating parameters py, (Eq. ??), a;; and (§j; and parameters
pir, and ki, in an effort to minimise @, [20].

The importance of a layer is defined by 67 = 37 -0 pirsiebi;,. To evaluate
the significance of the residual matrix, Z is randomly permuted and tested
for importance. If §7 is significantly better than 62,,,,,, k is reported as a
bi-cluster. The algorithm stops when the residual matrix Z retains only noise,
with the advantage that the user does not need to specify the number of

clusters beforehand.
3.7  Graph Theoretic Methods

Graph theoretic approaches have become popular in analysing large complex
datasets. A GE dataset can be modelled as a graph, G = (V| E), where V is
the set of vertices, representing genes or samples and F is the set of edges
connecting vertices. Alternatively, a bi-partite graph structure can be used,
G = (U,V, E), where U is the set of sample vertices and U NV = & and an
edge (u,v) only exists between v € V and u € U. The definition of an edge is
dependant on the algorithm used. In the methods outlined below, a complete
GE graph is partitioned, where a cluster corresponds to a subgraph, and the
cluster number and the cluster structure is determined from the data. In the
output clustering there is no structural relationship between the clusters. A
major strength of the techniques outlined below, is that probabilistic models
are incorporated into the assigning of edge weights. Thus there is a statistical
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significance associated with the output clusters.

Cluster Affinity Search Technique (CAST) [47] models the data as an undi-
rected graph, where the vertices represent genes, and an edge indicates similar
expression pattern. The model assumes that there is an ideal clique graph (a
disjoint union of complete sub-graphs), H = (U, E'), which represents the ideal
input gene expression dataset and data to be clustered is obtained from ideal
graph H by “contamination” with random errors. A clique graph represents a
possible clustering of the gene expression dataset, where each clique represents
a cluster. The model assumes that a pair of genes where incorrectly assigned
similarity /dissimilarity with a probability of a and that the input graph was
generated from H by flipping each edge, non-edge with a probability of a. The
true clustering of the input graph is assumed to be those that imply fewer flips.
CAST uses an affinity (similarity) measure to assign a vertex to a cluster, this
can be binary (1 = affinity, 0 otherwise), or real valued, measured by some
distance function. The affinity to a cluster must be above a threshold, ¢, which
is defined by the user. This, of course, will influence the size and the number of
clusters. The affinity of a vertex v with a cluster, is the sum of affinities with all
objects currently in the cluster. v has high affinity with i if a f finityx) > t|i|,
and low affinity otherwise. The CAST algorithm alternates between adding
high affinity elements and removing low affinity elements, finding clusters one
at a time. The result is dependant on the order of input as once a clustering
structure is obtained, for every vertex v, if there is another cluster for which
v has a higher affinity value, it is moved to this cluster.

CLICK [48], builds on the work of [49], which uses a probabilistic model for
the edge weights. Initalized with a similarity measures between all pairs of
gene vectors, this model assumes pairwise similarity measures between genes
are normally distributed: between ‘mates’ with mean pr and variance o2,
and between ‘non-mates’ with up and 0%, where ur > pr. These parameters
can be estimated via Expectation Maximisation methods. The weight of an
edge is derived from the similarity measure between the two gene vectors,

and reflects the probability that « € V and j € V are mates, specifically:

PmatesOF + (Sij*MF)Q . (A'S',L‘jflu,T)2
7pmn.tes)UT 20’% 20’%

w;j = log(1

Edge weights below a user defined non-negative threshold ¢ are omitted from
the graph. In each step the algorithm handles some connected component of
un-clustered elements, partitioning the graph according to a minimum weight
cut.

The Statistical Algorithmic Method for Bi-cluster Analysis (SAMBA ) method
finds bi-clusters based on the coherent evolution model (Section 3.1) [21].
Firstly, the gene expression matrix is modelled as a bipartite graph, (u,v) € E
iff there is a significant change in expression level of gene v, w.r.t. to the
gene’s normal level, under condition u. A key idea for SAMBA is the scoring
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scheme for a bi-cluster, corresponding to its statistical significance, where a
weight is assigned to a given edge, (u,v), based on the log-liklihood of getting
that weight by chance [21], log% > 0 for edges and, log(l(i;i“)v) < 0 for
non-edges, where the probability ’P(W) is the fraction of random bipartite
graphs with degree sequence identical to G that contain edge (u,v) (and can
be estimated using Monte-Carlo methods), and P, is a constant probability
> MAT (uw)evazv Pluw)- Assigning these weights to the edges and non-edges in
the graph, the statistical significance of the subgraph H can be calculated
simply by its weight. After assigning weights to the edges and non-edges in
the graph, the K heaviest (largest weight) sub-graphs for each vertex in G are
found.

Two models are presented for calculating the weight of the resulting sub-
graph. In the first and simpler model, bi-clusters are sought which manifest
changes relative to their normal level without considering if this corresponds
to an increase or decrease in expression,[21]. The weight of the sub-graph
H(U', V', E') is taken as a sum of all the edge and non-edge weights. In the
second model, the search focus is consistent bi-cliques, targeting conditions,
which affect genes in a consistent way, (e.g. changes in which two conditions
must have the same or opposite effect on each of the genes).

The heaviest sub-graphs are found by scanning all subsets of gene v’s neigh-
bours, returning the sub-graph for gene v with the largest weight. SAMBA
identifies bi-clusters through an iterative enumeration of all possible bi-clusters,
guiding the search by heuristics, such as restricting the degree of the gene
vertices, i.e. considering only genes with less than d incident edges, and con-
sidering only limited subsets of neighbouring vertices for a particular gene
vertex.

Ezpression Data Clustering Analysis and Visualisation Resource (EXCAVA-
TOR) is a suite of tools developed by [50] for the identification of subtrees
of the Minimum Spanning Tree of a gene expression graph. Each subtree rep-
resents a cluster. These subtrees do no overlap, thus producing a complete,
crisp partition of the dataset. This tool provides three clustering algorithms
and all use some distance measure to weight the edges of the tree, thus de-
pending on the distance function used different clusters will be produced. The
first one is very simple, which finds a user specified number of clusters by cut-
ting the branches of the longest length (heaviest weight = furthest distance).
This works well as long as the inter cluster distance is greater than the in-
tra cluster distance. The second one minimises the variance within a cluster.
As it compares to a mean value, it tends to find globular clusters, and local
minimum. The third method uses representatives of the cluster and minimises
on this, to find globally optimum clusters. This allows for the identification
of non-globular clusters, as a representative may closer reflect a clusters data
points rather than a centre. When the clusters are globular, the representative
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Mode Proximity Search Other

CAST One Mode | Similarity Clique Parameters a and t. Finds global,
Graph complete, crisp clusters.

CLICK One Mode | Distribution | Minimum Stat. Sig. of clusters. EM to
based on weight cut | estimate parameters. Finds
distance global, partial, crisp clusters.

SAMBA Bi-Partite | Probability Heuristic Stat. sig. of clusters. Input

search of P, difficult to define. Finds

neighbours | partial overlapping bi-clusters.

EXCAVATOR | Tree Similarity Minimum Complete, global, crisp
Spanning partition. Must specify the

Tree number of clusters.

Table 6
Summary of Graph theoretic methods presented.

is generally close to the centre.

4 Discussion

Despite the shortcomings, the application of clustering methods to GE data
has proven to be of immense value, providing insight on cell regulation, as well
as on disease characterisation. Nevertheless, not all clustering methods are
equally valuable in the context of high dimensional gene expression. Recog-
nition that well-known, simple clustering techniques, such as K-Means and
Hierarchical clustering, do not capture more complex local structures in the
data, has led to bi-clustering methods, in particular, gaining considerable re-
cent popularity. Indications to date are that these methods provide increased
sensitivity at local structure level for discovery of meaningful biological pat-
terns.

An inherent problem with exploratory clustering is the unknown number of
groups in advance of clustering. This has been identified by most creators of
algorithms and have included methods in their techniques which try to de-
termine this from the data at run time. However, care must be taken not
to replace this input parameter with complicated thresholds which may not
make sense in the context of gene expression data. Principally, selection of
the correct number of clusters (K) typically requires assessment of several
different potential values and validation of clusters produced. The correct K
will minimise heterogeneity between, while maximising homogeneity within
groups. Determining the number of significant clusters includes, not only
direct extraction (or assessment) of clusterings, but appropriate hypothesis
testing. Direct methods use criteria such as cluster sum of squares[8], like-
lihood ratios[51], average silhouette[52] or Mean Split Silhouette[53]. Tests
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include Gap Statistic[54], Weighted Discrepant Pairs (WADP)[55] and a vari-
ety of permutation methods[55], [9]. Nevertheless, improvement identification
of non-global clusters is low and since most involve bootstrapping, these meth-
ods can be very computationally expensive. Those methods which do not need
the number of clusters specified before execution of the algorithm have an ad-
vantage.

A survey to give justice to the range of robust methods of validation and
evaluation of clusterings is not possible due to space limitations. See [56] for
a comprehensive review of these methods. Incorporation of these techniques
must be realised to achieve full potential of clustering methods. A number
of clustering techniques have been developed which integrate clustering infor-
mation with meta information, [57, 58, 59, 60, 61, 62], such as information
from the Gene Ontology database [63]. These methods integrate information
from clustering with gene ontology information for external validation and
simplifies the interpretation of clustering results.

5 Conclusion

Cluster analysis applied to microarray measurements aims to highlight mean-
ingful patterns for gene co-regulation. The evidence suggests that, while com-
monly used, agglomerative and partitive techniques are insufficiently powerful
given the high dimensionality and nature of the data. Bi-clustering meth-
ods, although computationally expensive, are readily interpretable in terms
of data features and structure. While further testing on non-standard and
diverse data sets is required, the comparative assessment and numerical evi-
dence to date support the view that bi-clustering methods have considerable
potential for analysis of gene expression data. The limitations of commonly
used algorithms have been well documented in microarray analysis literature,
and new methods have been created and adapted from existing algorithms to
overcome these. The creators of these hybrid methods must take care not to
replace the limitations of existing techniques with complex parameters which
are difficult to determine in the gene expression context. However, the uptake
of new methods by the user community has been slow, mainly due to their
algorithmic complexity. This would be hastened by increased transparency of
the algorithm and availability in analysis packages.
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