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Abstract

The mixture-Gaussian model-based clustering method has received much attention in clustering gene expression profiles in the
literature of bioinformatics. However, this method suffers from two difficulties in applications. The first one is on the parameter
estimation, which becomes difficult when the dimension of the data is high or the size of a cluster is small. The second one
is on the normality assumption for gene expression levels, which is seldom satisfied by real data. In this paper, we propose to
overcome these two difficulties by the probit transformation in conjunction with the singular value decomposition (SVD). SVD
reduces the dimensionality of the data, and the probit transformation converts the scaled eigensamples, which can be interpreted as
correlation coefficients as explained in the text, into Gaussian random variables. Our numerical results show that the SVD-based
probit transformation enhances the ability of the mixture-Gaussian model-based clustering method for identifying prominent patterns
of the data. As a by-product, we show that the SVD-based probit transformation also improves the performance of the model-free
clustering methods, such as hierarchical, K -means and self-organizing maps (SOM), for the data sets containing scattered genes. In
this paper, we also propose a run test-based rule for selection of eigensamples used for clustering.
© 2007 Elsevier B.V. All rights reserved.

Keywords: Gene expression profiles; Model-based clustering; Probit transformation; Singular value decomposition

1. Introduction

In attempts to understand biological systems, large amount of gene expression data have been generated by re-
searchers. Due to the large number of genes and the complexity of the biological systems, clustering has been one of
the most important exploratory tools for analyzing these data. Clustering identifies groups of genes that exhibit similar
expression profiles. The popular clustering methods can be divided into two categories, namely, model-free methods
and model-based methods. In the model-free clustering methods, no probabilistic model is specified for the data, and
clustering is made either by optimizing a certain target function or iteratively agglomerating/dividing genes to form a
bottom-up/top-down tree. Examples include K-means (Tavazoie et al., 1999; Tou and Gonzalez, 1979), hierarchical
clustering (Carr et al., 1997; Eisen et al., 1998), self-organizing maps (Tamayo et al., 1999), among others. The model-
based clustering methods construct clusters based on the assumption that the data follows a mixture distribution. A
non-exhaustive list of recent works in this direction include Banfield and Raftery (1993), Biernacki et al. (1999),
Fraley and Raftery (2002), Yeung et al. (2001), Medvedovic and Sivaganesan (2002), McLachlan et al. (2002),
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Wakefield et al. (2003) and Medvedovic et al. (2004). One advantage of the model-based clustering methods is that the
probability model can be used in criteria to choose an appropriate number of clusters.

Among the model-based clustering methods, the one based on the mixture-Gaussian distribution is much more
interesting due to its simplicity in computation. Henceforth, the mixture-Gaussian model-based clustering method will
be abbreviated as the MG method. The MG method assumes that the observations xy, ..., x, are generated from a
mixture Gaussian distribution with an unknown number of components. The corresponding likelihood function is
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where G is the (unknown) number of components, p is the dimension of the observations, @y is the probability that
an observation belongs to component k (e >0 and Z;?:] oy = 1), and py and 2y are the mean vector and covariance
matrix of component k, respectively. Banfield and Raftery (1993) proposed to reparametrize the covariance matrices
by eigenvalue decomposition in the form:

2 =/1kaAkD;{r, (2)

where A; = |Zk|l/ d Dy, is the matrix of eigenvectors of 2, and Ay is a diagonal matrix such that |Ax| = 1. The
parameter /; determines the volume of component k, Dy determines its orientation and Ay its shape. Allowing some
but not all of these quantities to vary between components results in a set of parsimonious models which are appropriate
to describe various clustering situations. Fraley and Raftery (2002) considered 10 different models related to different
assumptions on the component variance matrices. Each model is denoted by a string of three letters E (equal), I
(identical) and V (variable). The first letter of the string states the assumption on the volumes of the clusters, the
second letter on the shapes, and the third letter on the orientation. For example, VEI represents a model in which the
volumes of clusters may vary (V), the shapes of all clusters are equal (E), and the orientation is the identity (I). The MG
method is implemented in the software MCLUST, which is downloadable at http://www.stat.washington.edu/mclust.
In MCLUST, the model parameters are estimated using the EM algorithm (Dempster et al., 1977), and the BIC criterion
is adopted for determining the number of clusters and the covariance structure.

Although the MG method has achieved great successes in clustering gene expression profiles (Yeung et al., 2001), its
applications may be seriously hindered by the following two difficulties. The first one is on the parameter estimation,
which becomes difficult when the dimension of the data is high or the size of a cluster is small. The second one is on
the validity of the normality assumption. This assumption is seldom satisfied by real data. Applying the MG method to
a data set with distribution deviated from Gaussian will result in a sub-optimal clustering result.

In this paper, we propose to overcome the above two difficulties by a SVD-based probit transformation. SVD
reduces the dimension of the observations, and the probit transformation converts the scaled eigensamples, which can
be interpreted as correlation coefficients as explained below, into Gaussian random variables. Our numerical results
show that the transformation enhances the ability of the MG method for identifying prominent patterns of the data.
In this paper, we also propose a run test-based rule for selection of eigensamples used for clustering. The new rule
works well for all examples studied in this paper. Although the main theme of this paper is to show that the SVD-based
probit transformation generally improves the performance of the MG method in clustering gene expression profiles, as
a by-product we show that the transformation also improves the performance of the model-free clustering methods for
the data sets containing scattered genes (Tseng and Wong, 2005).

The remaining part of this paper is organized as follows. In Section 2, we describe the SVD-based probit transfor-
mation and illustrate it using two motivating examples. In Section 3, we test the performance of the transformation on
three simulated examples. In Section 4, we apply the transformation to a real data example. In Section 5, we conclude
the paper with a brief discussion.

2. SVD-based probit transformation for gene expression profiles
2.1. SVD-based probit transformation

Principal component analysis, or its computational equivalent the SVD analysis, has long been considered as a useful
tool for reducing the dimensionality of the data prior to clustering, see, for example, Jolliffe (1986). Recently, this tool
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has been applied to gene expression data (Holter et al., 2000; Alter et al., 2000; Yeung and Ruzzo, 2001; Hastie et al.,
2000; Horn and Axel, 2003).

Let X denote an n x p matrix, which represents a data set of n genes with each being measured at p discrete time
points. The ith row of X, denoted by x; = (x;1, ..., X;p), is called the expression profile of gene i. Further, we suppose

that each profile has been normalized to have unit length, i.e., |lx;|| =,/ jxl-zj = 1. The normalization suppresses the

magnitude and enhances the pattern of the gene expression profiles. For some examples, we also follow the literature
to normalize x;’s to have mean O and unit length. If this normalization is used, it will be stated explicitly in the text.
According to the SVD theorem (Watkins, 1991), the matrix X can be decomposed in the form

X=U0AVT, (3)

where U and V are n x min(n, p) and p X min(n, p) matrices of orthonormal columns, and A is a diagonal matrix of
ordered non-negative singular values. Let 61 > - - - >0, > 0 denote the r non-zero diagonal elements of A, where r is
the rank of the matrix X, and o;s are equal to the square roots of 7 non-zero eigenvalues of X X T and XT X. The columns
of V, denoted by vy, ..., v,, are called eigenpatterns. The columns of U, determined by the formula u; = (1/0;) Xv; for
i=1,...,r,are called eigensamples. The rows of U are called eigengenes. To reduce the dimensionality of the data,
a subset of eigensamples are often used in clustering in place of X. The underlying rationale is that the eigensamples
have extracted the clustering structure of the data. A variety of rules, some of them are informal and ad hoc, have been
proposed for determining the subset of eigensamples that can be used for clustering. Refer to Jolliffe (1986) for an
overview of these rules. In this paper, a non-parametric test-based rule is proposed for selection of eigensamples.

Although the matrix U can be used in a variety of model-free clustering methods, such as K-means and hierarchical
as demonstrated by Yeung and Ruzzo (2001), it cannot be used directly in the MG method. This is because the matrix
U is actually a scaled correlation coefficient matrix. The (i, j) entry of the matrix XV (=UA) can be interpreted
as the (non-central) Pearson coefficient of the ith gene expression profile and the jth eigenpattern. Recall that each
row of X has been normalized to have unit length and V is a matrix of orthonormal columns. To cluster eigengenes
using the MG method, we propose to use the probit transformation to convert them to Gaussian random variables. Let
U* = (u}kj) = X V. The probit transformation converts ul*j to z;j,

=0 (A +ufp)/2), i=1....n j=1,...r 4)

where @ denotes the CDF of the standard Gaussian distribution. Each row of Z=(z;;) is called a transformed eigengene,
and each column a transformed eigensample.

Fig. 1 depicts the probit transformation. It tends to convert a correlation coefficient near —1 toward —oo, and
convert a correlation coefficient near 1 toward +o0o. While for a correlation coefficient near 0, it tends to convert it
linearly. Different curvatures of the transformation at different values of the correlation coefficient make the transfor-
mation potentially useful in separating different clusters of the genes. This point will be further explored in the next
subsection.

coverted Gaussian
random variable
N

2
-3

-1.0 -0.5 0.0 0.5 1.0
correlation coefficient

Fig. 1. A depiction of the probit transformation.
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2.2. An illustrative example

This example consists of 10 data sets. Each consists of 1000 genes, among which 400 genes are generated from a six-
dimensional Gaussian distribution Ng (1, 0.3216), 300 genes from Ng(—p, 0.3216), and 300 genes from N(0, 0.3216),
where p = (3—1, %, f—‘, — %, —%, — %) and /g is the six-dimensional identity matrix. Each gene is normalized to have mean
0 and unit length. This example mimics the avian pineal gland expression data analyzed by Liang and Wang (2007).

In each data set, the genes generated from the distribution N(0, 0.32/) can be regarded as scattered genes. In
microarray experiments, the scattered genes refer to the genes whose expression levels do not change in response to the
experimental conditions. Reflecting in observations, the expression levels of the scattered genes do not change much
across samples and often show low correlation to the expression levels of any unscattered genes. If the scattered genes
are forced into a cluster, the average profile of this cluster can be compromised. Numerical results show that many of
the popular clustering methods, such as hierarchical, K-means and self-organizing maps, tend to fail to separate the
scattered and unscattered genes, and the patterns identified by them tend to be contaminated by scattered genes. To
avoid this problem, Tamayo et al. (1999) suggested to filter out scattered genes prior to clustering. For example, they set
a filter for the yeast expression data (Cho et al., 1998) to eliminate the genes which did not show a relative change of 2
and an absolute change of 35 units. However, due to the complexity of the gene expression mechanism, it is impossible
to set a filter which can avoid simultaneously the two types of errors, removing some non-scattered genes from the data
set and leaving some scattered genes in the data set. Hence, a clustering method robust to the existence of scattered
genes is of interest to us.

Now, we show that the SVD-based probit transformation can generally improve the performance of many clustering
methods for the data sets containing scattered genes. Fig. 2 illustrates the probit transformation for one data set generated
in this example. Fig. 2(a) shows the first eigenpattern of the data. It captures the main expression pattern of the genes.
Fig. 2(b) shows the histogram of the transformed first eigensample. It suggests that the genes in the data set can be
grouped into three clusters, which correspond to the right, left and middle modes of the histogram, respectively. The
respective patterns are parallel, anti-parallel and uncorrelated with the first eigenpattern. With only the transformed
first eigensample, the MG method has already been able to separate the three clusters approximately. Fig. 2(c) is the
scatter plot of the genes in the subspace of the first eigensample and the second eigensample. Fig. 2(d) is the scatter
plot of the genes in the subspace of the transformed first eigensample and the transformed second eigensample. It
shows that the probit transformation squeezes (relatively) the cluster 3 toward the center (0,0), while pulls out clusters
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Fig. 2. Probit transformation for one data set. (a) The first eigenpattern. (b) The histogram of the transformed first eigensample. (c) The scatter plot
of the genes in the subspace of the first eigensample and the second eigensample. (d) The scatter plot of the genes in the subspace of the transformed
first eigensample and the transformed second eigensample. The numbers 1, 2 and 3 in plots (c) and (d) indicate the clusters of the genes.
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1 and 2 toward —oo and oo, respectively. The probit transformation benefits many clustering methods, especially for
those distance-based methods, such as the hierarchical and K-means methods.

In this paper, we follow Yeung and Ruzzo (2001) and Yeung et al. (2001) to use the adjusted Rand index (Rand, 1971;
Hubert and Arabie, 1985) to assess the quality of a clustering result when the true clusters are known. The adjusted
Rand index measures the degree of agreement between two partitions of the same set of observations, even when the
comparing partitions have different numbers of clusters. Let €2 denote a set of n observations, C = {cy, ..., ¢s} and
C'={c}, ..., c;} represent two partitions of Q, n;; be the number of observations that are in both cluster ¢; and cluster
¢’., n;. be the number of observations in cluster c;, and 7. j be the number of observations in cluster c/j. The adjusted

J
Rand index can be calculated as

=) EO)sG))/6)
= (3) e ()2 (= ()= ()] ()

A higher value of p means a higher correspondence between the two partitions. When the two partitions are identical,
p is 1. When a partition is random, the expectation of p is 0. Under the generalized hypergeometric model, it can be
shown (Hubert and Arabie, 1985) that

[ 2(9)]=|Z()2()]/6)

i,j i J

®)

Refer to Hubert and Arabie (1985) for the theoretical properties of p.

The MG method was first applied to this example. To illustrate the effect of the probit transformation, we did not
reduce the dimensionality of the data for this example; that is, we used all transformed eigensamples in clustering the
genes. The BIC analysis suggests the VVI model for the transformed data. We here assume that the true number of
clusters is known. This assumption is also applied to other methods considered below. Fig. 3 shows the true clusters
(plots (a)—(c)) and the clusters (plots (d)—(f)) obtained by the MG method for one data set. Totally there are 23

time time time

Fig. 3. A clustering result of the MG method on one transformed data set. (a)—(c): true clusters of the data. (d)—(f): Clusters obtained by the MG
method.
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Table 1
Comparison of the clustering performance of the AHC, K-means, SOM, and MG methods for the 10 simulated data sets
Method Untransformed data Eigengenes Transformed data

p SD p SD p SD
MG 0.9005 0.0048 — — 0.9307 0.0027
AHC 0.5312 0.0069 0.5312 0.0069 0.8624 0.0118
K-means 0.7000 0.0102 0.7000 0.0102 0.8819 0.0043
SOM 0.8139 0.0081 0.7779 0.0066 0.9121 0.0029

p: the average of the adjusted Rand indices over the 10 data sets; SD: the standard deviation of the average.

(out of 1000) gene misclustered. The corresponding adjusted Rand index is p = 0.9338. Other computational results
are summarized in Table 1. For comparison, the MG method was also applied to this example with the untransformed
data. The BIC analysis suggests the VVV model for the untransformed data. The resulting adjusted Rand indices are
summarized in Table 1.

For a thorough exploration for the effect of the SVD-based probit transformation, we also applied the agglomerative
hierarchical clustering (AHC), K-means and SOM methods to this example with the untransformed data (X), the eigen-
samples (U), and the transformed data (Z). The softwares for AHC and K-means are available in S-plus. The software for
SOM is developed by Tamayo et al. (1999) is downloadable at http://www-genome.wi.mit.edu/software/genecluster2/
gc2.html. AHC was applied to each data set with the Euclidean distance and the average linkage. The dendro-
grams were cut such that the data were grouped into three clusters. The K-means method was run by restrict-
ing the number of clusters to be 3. In SOM, we set a 1 x 3 grid for each data set, i.e., grouping the genes into
three clusters. The other parameters were set to the default values as given in the software. The results are sum-
marized in Table 1. The comparison shows that the probit transformation has significantly improved the perfor-
mance of all clustering methods considered above for this example. The comparison also indicates that SVD alone
cannot improve the performance of these clustering methods, and the probit transformation is crucial for this
example.

In this example, all eigensamples were used in clustering. In practice, this is not necessary, as some eigensamples just
represent the noise factor of the data. For most clustering methods, the clustering result based on an appropriate subset
of eigensamples is often better than that based on all eigensamples. How to select eigensamples for use in clustering
will be discussed in the next subsection.

2.3. Selection of eigensamples

In the literature of clustering, SVD is often used to reduce the dimensionality of the data by choosing only a
subset of eigensamples to be used in clustering. Theoretically, the eigensamples can be regarded as projections of the
observations on the directions of eigenpatterns. The contribution of the ith eigensample to the variation of the data
can be measured by &; = O’iz / Zi.’: 10?, i=1,..., p. Based on this observation, many rules have been proposed for
selection of eigensamples (Jolliffe, 1986). A common rule of thumb is to choose the first few eigensamples, as they
contain most of the variations of the data. For example, we can set a threshold value 7, which usually ranges between
0.7 and 0.9, and minimize the value of m such that the total contribution of the first m eigensamples to the variation of
the data is no less than 7, i.e., setting m = argmin{k : Zf;l &; > n}. However, Chang (1983) showed theoretically that
the first few eigensamples may contain less cluster structure information than other eigensamples. He also constructed
a two-component Gaussian mixture example, for which the two components are only well-separated in the subspace
of the first and last eigensamples.

Since the contribution of each eigensample to the variation of the data is different, Kaiser (1960) suggests that if the
contribution of some eigensample is too low, it is not worth retaining for clustering. Jolliffe (1986) suggests a cut-off
value for ¢&;’s. If £; <0.7/p, then the ith eigensample can be discarded. However, this rule tends to retain too few
eigensamples.
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Fig. 4. SVD analysis for Chang’s example. (a) Scatter plot of the samples in the subspace of the transformed first and last eigensamples. (b) The first
eigenpattern. (c) The last eigenpattern. (d) The p-values of the eigenpatterns.

In the following, we propose a new rule for selection of eigensamples. The new rule is a combination and modification
of above two rules. The modification is made based on a run test for the randomness of eigenpatterns. The test can
described as follows.

(a) Convert the eigenpattern into a binary sequence of zeros (for below median) and ones (for above median).
(b) Let the random variable R denote the number of runs contained in the sequence. Calculate the corresponding
p-value,

ko—1 k=1 + ko—1 k-1 ko + ki risoddandr =2s + 1,
P(R=r)= s—1 K S s—1 ko
) ko—1Y) (k=1 ko + ki risevenand r = 2s,
s —1 s—1 ko

where k( and k| denote the number of zeros and the number of ones contained in the binary sequence, respectively.

If the p-value is lower than a specified significance level, the pattern is considered as significant; otherwise, it is
considered as random. In our practice, 0.01 is often a good significance level for the run test. Refer to Sprent and
Smeeton (2000) for more details on the test.

The run test can be illustrated by Chang’s example (Chang, 1983) as follows. The example consists of 300 observations
of 15 dimensions. The observations are generated from the mixture Gaussian 0.2N15(u, 2) + 0.8 N15(—p, 2), where
the ith element of p is y; =0.95 — 0.05i fori =1, 2, ..., 15, the diagonal of elements of X' is 1, and the off-diagonal
elements of X are determined by the off-diagonal elements of the matrix —0.13(ffT). The first eight elements of
S are —0.9 and the last seven elements of f are 0.5. Fig. 4(a) shows that the samples from the two components are
well separated in the subspace of the transformed first and last eigensamples. Figs. 5(b) and (c) show the first and
last eigenpatterns, respectively. Fig. 4(d) shows the p-values of the run tests for each of the eigenpatterns. The last
eigenpattern is highly significant, and its p-value is 3 x 107,

Motivated by Chang’s example, we suggest the following rule for selection of eigensamples. Let S denote the
index set of the selected eigensamples, S C {I,..., p}. Let Sp denote the index set of the eigensamples with &;
greater than a cut-off value, say, 0.2/p. Since the cut-off value we set here is low (lower than 0.7/ p the value sug-
gested by Jolliffe, 1986), Sy will include more eigensamples, even some of them are not really worth retaining. In
our experience, a cut-off value between 0.1/p and 0.3/p usually works well for the new rule described below. Let
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Fig. 5. Ilustration of the SVD-based probit transformation for one data set generated in this example.

S1 denote the index set of the significant eigenpatterns determined by the run test, and S{ be the complementary set
of § 1-

(a) Determine the sets Sy, S and S7.

(b) Let S = So N Sy and S5 = Sp N Sf. Arrange S and S5 in descending order of &;’s.

(c) Set S=S8.1f ;¢ & >m, go to step (d); otherwise, move eigensamples from S5 into S in the order given by S5
until ) ;¢ & >mor S5 is empty.

(d) Convert the selected eigensamples into normal random variables using the probit transformation.

Henceforth, the new rule will be called the eigensample selection rule. If we apply the rule to Chang’s example and
set 7w to a number greater than 0.15, the first and last eigensamples will be included into the set S. The MG method can
then produce a perfect clustering result with the adjusted Rand index p = 1. How to choose the value of 7 for a real
data set will be discussed in Section 4.

For the transformed data, the correct number of clusters can also be identified according to the BIC criterion.
However, if no probit transformation is used, the MG method will produce a clustering result with 38 observations being
misclustered, and the corresponding adjusted Rand index is as low as 0.53. This shows again the probit transformation
has the potential to improve the performance of the MG method.

3. Simulated examples
3.1. Example I

Yeung and Ruzzo (2001) considered a simulated example, which models the cyclic behavior of genes over different
time points using the sine function. The sine function modeling for the cell cycle behavior is supported by the experiments
reported by Holter et al. (2000) and Alter et al. (2000). Genes in the same cluster have similar peak time over the time
course. Different clusters have different phase shifts and different sizes. This example is the same with Yeung and
Ruzzo’s example except that it consists of more genes and an extra cluster of scattered genes.

The example consists of 10 data sets, and each data set consists of 500 genes and 11 clusters. The cluster sizes are
generated according to Zipf’s law (Zipf, 1949), and the expression profiles are simulated as follows. Lets; =(s;1, . . . , Sip)
denote the true expression profile of gene i, and let x; = (x;1, ..., Xjp) denote the observed one in the experiment,
where p = 24. We set

2nj
Sij = Aj |:oc,- + By sin <TJ — wg +F)i| ,

x,:/:sij—}—éj, i=1,....n, j=1,...,p,



F. Liang / Computational Statistics & Data Analysis 51 (2007) 6355—-6366 6363

Table 2
Summary of the computational results of the MG method for the simulated examples
Method Untransformed Transformed
p G P G
Example I 0.7423 6.9 0.8991 9.2
(0.0463) (0.86) (0.0259) (0.42)
Example II 0.8632 11.0 0.9338 11.9
(0.0163) (0.52) (0.010) (0.31)
Example III 0.8983 10.6 0.9837 11.2
(0.0237) 0.4) (0.0044) (0.13)

p: the average of adjusted Rand indices over 10 data sets. G: the average of the number of clusters determined by the BIC criterion; the true number
of clusters of the three examples are 11, 12 and 11, respectively. The numbers in the parentheses are the standard deviations of the corresponding
averages.

where n = 500, §; ~ N(0, 1), 4; ~ N(3, 0.52), o ~ N(,1), e ~ N(,1), wp ~ Unif[0, 2xn] for k =1, ..., 11,
Pri ~ NQ3, 0.5 fork=1,...,10,and pri =0 for k = 11. Here o; is the average expression level of gene i, ﬂj is the
amplitude control for gene i, wy is the phase shift, ¢ is the noise of gene synchronization, 4; is the amplitude control
for condition j, and ¢; is an additive experiment error. Different clusters are represented by different wy’s. The genes
in cluster 11 are non-periodically expressed, and can be regarded as scattered genes. Each profile was then normalized
to have mean 0 and unit length. For the non-scattered genes of this example, the average signal/noise ratio is about 6.7.
Here the signal/noise ratio of gene i is defined as the ratio of the standard deviations of the signal vector s; and the
noise vector (91, ..., 0,). This example mimics the scenario that the scattered genes are present and the experimental
error level is low.

The eigensample selection rule was applied to this example with = = 90%. For simplicity, we fix 7 = 90% for all
three simulated examples studied in this section. For each data set of this example, only the first two eigensamples
were retained for clustering. The probit transformation has reduced the dimensionality of the data greatly, from 23 to
2. The MG method was then applied to the transformed eigensamples with the covariance structure and the number
of components being selected according to the BIC criterion. For comparison, the MG method was also applied to the
untransformed data, and the covariance structure and the number of components of the model were also determined
by the BIC criterion. The quality of the clustering results is assessed by the adjusted Rand index. The results are
summarized in Table 2.

The comparison indicates that the SVD-based probit transformation has improved significantly the performance of
the MG method for this example. The improvement can be drastic for some data sets. Fig. 5 illustrates the performance
of the transformation for one data set generated in this example. For this data set, the eleven clusters are well separated
in the subspace of the transformed first and second eigensamples. Applying the MG method to the transformed data
leads to a perfect clustering result with the adjusted Rand index p = 1. However, when the MG method is applied to
the untransformed data, the resulting adjusted Rand index is only 0.45.

3.2. Example I1

This example consists of 10 data sets, and each data set consists of 1000 genes and 12 clusters. Let s® =

(sfk), e sl(,k)) be the common expression pattern of the genes in cluster k, and let x?k) be the observed expres-
sion profile of gene i in cluster k, where p = 15 and k = 1, ..., 12. The profiles were simulated as follows. Let a =

(—0.65, —0.55,...,0.25,0.25,0.35, ...,0.65,0.75),b=(0.25,0.5, ..., 1.25,2.5,2.75,...,3.75),d=(, ..., p),
andj,=(1,..., 1).Fork=1,...,11, we set

s© = y(cosQardn/5 + by ), 1V =s® + e i=1,.
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and for k = 12, we set
11
s =0, xP =" i=1....,1000 - n,
k=1

where cos(z) = (cos(z1), . .., cos(zp)), ny is the cluster size, Y(z) denotes a normalization operator which normalizes

z to a vector with mean 0 and variance 1, and efk) is a random vector drawn from the multivariate normal distribution

N, (0, Z) with 2 being drawn from the inverse Wishart distribution /W(20, 0.251). The cluster sizes of the first 11

clusters were drawn from a Poisson distribution with mean 85, and they were selected such thatn1,=1000—>_ lli i > 0.

The genes in cluster 12 can be regarded as scattered genes. Each profile was then normalized to have mean O and

unit length. For the non-scattered genes in each data set, the average signal/noise ratio is about 1.1. Here the sig-
(k)

nal/noise ratio of a gene expression profile, say, x;’, is defined as the ratio of the standard deviations of s® and

el Hence, this example mimics the scenario that the scattered genes are present and the experiment error level is
high. The MG method was applied to both the transformed and untransformed data. The results are summarized
in Table 2.

3.3. Example III

This example consists of 10 data sets. Each data set consists of 1000 genes and 11 clusters. These clusters were
generated in the same way as the first 11 clusters of Example II except that the cluster sizes are different. Here the
sizes of the first 10 clusters were drawn from a Poisson distribution with mean 90, and they were selected such that
n11=1000— Z,ﬁln « > 0. This example mimics the scenario that no scattered genes presented in the data set. The MG
method was then applied to both the transformed and untransformed data. The computational results are summarized
in Table 2.

Table 2 indicates that the SVD-based probit transformation has improved significantly the performance of the MG
method for the above simulated examples. The transformation does not only improve the values of adjusted Rand
indices, but also improves the estimates for the true number of clusters that were made according to the BIC criterion.
These examples suggest that the use of the transformation can be quite general. The data sets can include or exclude
scattered genes, and their experiment error levels can be high or low. In these examples, 7 is set to 0.9. Although this
setting may not be optimal, it indicates for these examples the existence of a subset of eigensamples based on which
the MG method can produce better clustering results than those based on the original data.

4. A real data example

The fibroblast data set was collected by Iyer et al. (1999) for the purpose of investigating the response of hu-
man fibroblast to serum after growth arrest. In the study, the temporal changes in mRNA levels of 8613 genes were
measured at 12 time-points, ranging from 15 min to 24 h after serum stimulation. The full data set is available at
http://genome-www.stanford.edu/serunm/data.html. The genes whose expression levels changed substantially in re-
sponse to serum were extracted to form a subset of 517 genes. Iyer et al. (1999) analyzed this subset of data and
suggested the existence of 11 clusters. In this paper, we reanalyzed this subset of data using the MG method.

Each profile was preprocessed by a logarithm transformation and then normalized to have mean O and unit length. The
probit transformation was applied to the normalized data set. The value of =, the tuning parameter of the eigensample
selection rule, can be determined according to the overall quality of the resulting clustering result. The overall quality
of a clustering result can be measured using the DB index (Davies and Bouldin, 1979). Since the true clusters are
unknown for real data, the adjusted Rand index used in simulated examples can no longer be used here. The DB index
is a composite index reflecting a trade-off between the compactness and the separation of the clusters, and has been
widely used to decide the optimal number of clusters in K-means. The index is defined as

G
1
DB = — Zmax (M) s
G = i# D(ck, c1)


http://genome-www.stanford.edu/serunm/data.html

F. Liang / Computational Statistics & Data Analysis 51 (2007) 6355—-6366 6365

2.0 1

1.9 1

1.8 1

DB index

1.7 1

1.6 1

10 12 14
Number of clusters

Fig. 6. DB indices produced by the MG method for the transformed and untransformed Fibroblast data. Black points (e): the DB indices for the
untransformed data; circle (o): the DB indices for the transformed data with = = 0.85; triangle (A): the DB indices for the transformed data with
7 =0.9; plus (4): the DB indices for the transformed data with 7 = 0.94; times (x): the DB indices for the transformed data with 7 = 0.95.

where G is the number of clusters, S(Cy) is the average distance of all profiles in cluster & to their cluster center ¢, and
D(ck, ¢;) is the distance between cluster centers ¢ and ¢;. A small value of the index indicates a better overall quality
of the clustering result. Refer to Chen et al. (2002) for other composite indices of clustering evaluation.

Fig. 6 shows the DB indices of the clustering results produced by the MG method for the transformed data with
different choices of 7 and different numbers of clusters. For comparison, the DB indices produced by the MG method
for the untransformed data were also shown in the plot. The comparison indicates that the probit transformation can
lead to better clustering results with an appropriate choice of ©. The choice of © may depend on our choice for the
number of clusters. For example, if we want to cluster the profiles into several big clusters, e.g., eight clusters, Fig. 6
suggests that the setting = = 0.85 is appropriate. If we want to cluster the profiles into many small clusters, e.g., 11 or
14 clusters, Fig. 6 suggests that the setting = = 0.9 is appropriate.

5. Conclusion

In this paper, we have proposed to use the SVD-based probit transformation to improve the performance of the MG
method for clustering gene expression profiles. Our numerical results show that the transformation can be generally
useful for both types of data sets with or without scattered genes. As a by-product, we show that the probit transformation
also improves the performance of the model-free clustering methods, such as SOM, AHC and K-means, for the data
sets containing scattered genes.

We have also proposed a run-test-based rule for selecting eigensamples used for clustering. The new rule works well
for all examples studied in this paper. The new rule includes a tuning parameter 7. In Section 4, we suggested to choose
the value of 7 by a trial and error method: try different values of m and choose the one which leads to the best clustering
result. Choice of 7 also reflects our belief on the signal/noise level of the data. If we think the data is quite noisy, we
may set 7 to a small value. A small value of 7 can effectively exclude the noisy eigensamples from use in clustering.
Otherwise, we may prefer to set 7 to a large value.
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