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Abstract

Clustering of the samples is a standard procedure for the analysis of gene expression data, for

instance to discover cancer subtypes. However, more than one biologically meaningful clustering

can exist, depending on the genes chosen. We propose here to group the genes in function of the

clustering of the samples they �t. This allows to determine directly the di�erent clusterings of the

samples present in the data. As a clustering is a structure, genes belonging to the same group are

functions of the same structure. Hence, the determination of groups of genes which support the

same clustering could also be viewed as the detection of non-linearly linked genes. MetaClustering

was applied successfully to simulated data. It also recovered the known clustering of real cancer

data, which was impossible using the complete set of genes. Finally, it clustered together cell-cycle

genes, showing its ability to group genes related in a non-linear way.

Keywords: clustering, gene expression data, bi-clustering

1 Introduction

Large amount of gene expression data are now publicly available. This led to the need to design
algorithms this deal with this wealth of data. One of the most useful statistical analysis techniques
for gene expression data is clustering. Clustering of the samples groups them together on the basis
of their expression pro�le. It is used to reveal di�erences between groups of samples, like for instance
between previously unidenti�ed sub-types of cancer.

However, there can be more than one meaningful way to cluster the samples. For instance, in
a study about tumors, samples could be clustered according to their pathological status or their
inammation level. If the complete data set, with all genes, is clustered, the result could be any of
those clusterings, or a chimerical clustering where some samples are grouped based on one concept
and others based on some other concept. Getz et al. [9] have shown that by clustering on only a subset
of genes, di�erent clusterings of the samples appear, each heaving its own biological interpretation.

The problem is to get the appropriate clustering for the application at hand. A �rst approach is
to select a set of genes on which a well-de�ned clustering can be found [5, 6, 16]. Those techniques are
based on the idea that some genes are irrelevant. But often the problem is the co-existence of di�erent
organizations of the data, and not the presence of noise. Genes that are irrelevant for one clustering
can be relevant for another. The methods working by feature selection are not well adapted to such
case.

Getz et al. [8, 9] proposed to search for tight groups of highly correlated genes, and to cluster the
samples on those groups. This approach has two limitations: �rstly, the clustering of the sample is
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done on only a handful of genes, which have essentially all the same values. Secondly, it only works
for correlated genes, hence showing a linear dependence, while relationships that are more complex
can exist. For instance, some genes oscillate with time during the cell cycle, and so display a similar
pro�le. However, two oscillating genes with a 90� phase di�erence are not correlated.

Biclustering methods [2, 3, 4, 8, 12, 13, 15] search for groups of samples which appear on a subset
of genes. As such, they can discover many di�erent clustering of the samples. However, those methods
typically obtain dozens of biclusters, which are all based on only a handful of genes. For this reason,
those methods are well adapted to group the genes, proving to be very useful for gene function
inference [13]. On the other hand, they are not well adapted to �nd the di�erent clusterings of the
samples as they �nd too many clusterings, based on only one gene pattern each. Furthermore, such
clusterings are usually binary |a sample is in the bicluster or not| while more complex organizations
are likely to exist.

We propose here to directly tackle the issue, by grouping the genes that support a similar clustering
of the samples. The clusterings are used in a way similar to the prototypes in a k-means, and genes
are moved to the group whose prototype they �t best. Doing this is akin to try to cluster the genes
according to the clustering of the sample they �t, hence the name MetaClustering.

It is possible to view the results of the MetaClustering algorithm in a di�erent light. A clustering
could be understood as the assignation of a value to each sample. This value can be a discrete number,
as in a k-means, or a complex structure, as in a hierarchical clustering. A gene �tting a clustering
must be a function of those values. Since all genes �tting a clustering are function of the same values,
they must depend on each other in some complex, possibly not univocal, way. This means that the
determination of the di�erent possible clusterings is a way to �nd groups of non-linearly related genes.

Di�erent clustering algorithms could be used within this framework. A version based on average
linkage hierarchical clustering and a version based on a neural network clustering (a k-means) are
presented here.

2 Algorithm

As the MetaClustering clusters both the samples and the genes, it is necessary to precise the vocabulary
to clarify the text. In the following clustering is de�ned as being a partition of the samples and grouping
as being a partition of the genes. MetaClustering �nds a grouping (on the genes), each group (of genes)
de�ning a clustering (on the samples).

2.1 Hierarchical Clustering Version

This �rst version of the algorithm uses the average linkage hierarchical clustering to cluster the samples.
The grouping of the genes is done in a manner similar to the k-means algorithm:

1. Start with some random group membership for all genes.

2. Calculate a clustering of the samples on each group.

3. Calculate the �t of each gene to each clustering.

4. Move each gene to the group whose clustering it �ts best.

5. Repeat steps 2{4 until convergence occurs.

The number of groups is a user-de�ned input of the algorithm; it sets the trade-o� between variance
and bias, as in the k-means algorithm. If the number of groups is too small, then a group of genes
might support more than one clustering. If the number of groups is too large, there is a risk of
over�tting the data, obtaining small groups of genes which are determined mostly by the noise.
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A measure of the �t of a gene expression pattern to a hierarchical clustering on the samples, i.e.
a measure of the �t between a feature and a clustering, must be de�ned. The usual choice proposed
in the literature is the cophenetic coe�cient [11]. However, it is meant to compare various clusterings
on the same data, not to estimate the relevance of a gene to a given clustering. We chose to de�ne a
new �tness measure which is similar to the average linkage hierarchical clustering algorithm. In that
algorithm, at each step the two closest nodes are merged to form a new node. The distance d(L;R)
between two nodes L and R is de�ned as the mean of the distances between the leaves of each of those
two nodes:

d (L;R) =

NgX
i

1

s (L) s (R)

X

k2S(L)

X

l2S(R)

(mik �mil)
2 (1)

where Ng is the number of genes, S(L) is the set of samples at the leaves of the node L, s(L) is the
cardinal of S(L) and mik is the value of the gene i in the sample k. So, at each junction a certain
criterion is minimized in a greedy fashion. This leads to the de�nition of the �tness F (i; c) between a
gene i and a clustering c:

F (i; c) = �
NnX
j=1

1

s (L (j)) s (R (j))

X

k2S(L(j))

X

l2S(R(j))
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where Nn is the number of nodes in the clustering and L(n) and R(n) are the left and right children
of node n. This �tness is a weighted sum of every sample di�erences. The weight is higher for samples
closer in the tree, so the function indeed quanti�es the �tness of a gene to a clustering. The quality
of the solution Q0 is the sum of the �tness of each gene:

Q0 =
NgX
i

F (i; C (G (i))) (3)

where C(G(i)) is the clustering calculated on the group G(i) to which the gene i belongs. The
algorithm should maximize Q0 with respect to G(i). An issue with the quality function (3) is that the
�tness between a gene and the clustering calculated on its group can be inuenced more by the gene
itself than by the rest of the group. This e�ect is more pronounced in small groups. In order to really
assess if a gene �ts its group, a modi�ed quality function is used:

Q =
X
i

F (i; C (G� (i))) (4)

where G�(i) is the set of genes of the group G(i), with the gene i excluded. With this modi�cation,
the quality function is computationally heavier but more meaningful. This also means that, for the
calculation of the quality function, there are as many clusterings in each group as there are genes in
the group. In practice, a few genes are excluded at the same time to speed up the calculations.

The direct maximization of (4) does not lead to satisfying results, �rstly because it is very heavy to
calculate and secondly because of the presence of numerous local maxima. Thus, the quality function
is not directly maximized. A stochastic version is used instead. In that version, the following is done
for each gene:

1. The clustering for the group to which the gene belongs is re-calculated after the removal of the
gene.

2. The �tnesses between the gene and the clusterings of each group are calculated.

3. The gene is moved to the group whose clustering it �ts best.
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This version neglects the e�ect of the switching of a gene from one group to another on the quality of
the other genes. This speeds the calculations and permits to avoid many local maxima.

Since the algorithm is not maximizing a global criterion, convergence is not guaranteed. However,
because the algorithm is deterministic, Markovian and the search space is �nite, it has to converge
either to a �xed solution or to a cycle. If the number of genes or the number of groups of genes is
small, then the cycles might be short enough to be detected. Otherwise, the algorithm can either be
stopped after a determined number of iterations, or the quality (4) of the solutions can be monitored,
and the algorithm stopped when no improvement is noted for a su�cient number of iterations. In
our implementation, the algorithm was stopped after convergence, after detection of a cycle, or after
a hundred iterations, whichever occurred �rst.

In order to reduce the variance of the calculation of the �tness, a few slightly perturbed clusterings
are created by using cross-validation: (K � 1) Kth of the genes of the group are selected K times for
the calculation of the �tness. The results are then averaged. This leads to a better and more stable
estimation of the �tness of a gene to a group of genes.

2.2 Neural Networks Version

The two-level clustering presented can easily be written in neural network form. This is done by
taking a neural network clustering algorithm |a k-means in this case| and by adding a �rst layer
which dispatch the genes to one clustering or another.

In a k-means, an input vector y is compared to the weight neurons wk, which correspond to the
clusters of the k-means. The outputs ok of the k-means are:

ok =
X
i

yiwik (5)

Clustering is obtained by considering that the outputs inhibit each other, so that the largest of
the ok is set to 1 and the others to 0. To turn this network into a MetaClustering, a set of k-means
clustering are used, and a �rst layer is used to dispatch the data to the di�erent k-means (Figure 1).
The input vector m, which is the gene expression pro�le of a sample, is on the left. The input values
are dispatched to the di�erent k-means by a �rst layer, the Zi neurons, leading to the inputs yk of
the k-means clustering k:

yik = mizik (6)

The inputs yk are then used for the di�erent clusterings performed by the neurons, leading to the
output ojk

ojk =
X
i

yikwijk (7)

As those remains k-means, for each j the highest ojk is set to 1 and the remaining to 0.

The quality function for this network is simply the regular k-means quality function, summed on
the di�erent k-means. It can be written as

Q =
X
ikl

�
yik � wib(l;k)k

�2
=
X
ikl

�
milzik � wib(l;k)k

�2
(8)

where b(l; k) is the neuron which �res in the k-means k when the observation l is presented. In order
to avoid trivial solutions, some normalization constraints must be added:

zik 2 [0; 1] (9)

X
k

zik = 1 (10)
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Figure 1: Neural network version of the MetaClustering algorithm, with four genes separated in three
groups. The clusterings of the samples are two-group k-means. Circles represent neurons and boxes
represent input/output values. mi are the inputs, Zi are the neurons which dispatch the values to the
di�erent k-means, yij are the input values for each k-means, Wi are the neurons performing k-means
sample clustering and oij are the outputs of the network.

A quick calculation leads to the stochastic gradient:

@Q

@wib(;k)k
= 2

�
wib(l;k)k � zikmil

�
(11)

@Q

@zik
= 2

�
zikmil � wib(l;k)k

�
xil �

2

K

X
x

�
zixmil � wib(l;x)x

�
mil (12)

where K is the number of k-means. This gradient is used for learning the weights.

After convergence of the network, the grouping of the genes can be found by using the Z neurons.
The di�erent clusterings obtained on each sample are the output of the network, ojk.

3 Results

3.1 Simulated Data

An arti�cial data set including non-linearly linked genes has been created in order to show the power
of MetaClustering compared to more usual methods. The data set consists of 20 genes and 50 samples.
The 20 genes are organized in 4 groups of 5 genes each. In the �rst three groups, genes are linked
together in a similar fashion. The last �ve genes are simply random noise.

For each of the �rst three groups, a random permutation s of the numbers 1 to 50 is drawn. This
permutation gives a value from 1 to 50 to each sample. The genes F1{F5 are related to s as follow:
F1 = s ; F2 = (s � 25)2 ; F3 = sin(9s=50) ; F4 = sin(12s=50) ; F5 = �s. The permutation is
di�erent for each of the �rst three groups. Each gene is centered and normalized, then Gaussian noise
with a standard deviation of 0.3 is added and the resulting genes are centered and normalized again.
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The random genes are drawn from a Gaussian distribution of unity standard deviation. This data
set is constructed so that although the genes are related inside each group, correlation between some
of them remains small. In particular, the second and third genes of each group (F2, F3) are hardly
correlated to the other genes (F1, F4 and F5) of their group. This data set is designed so that usual
clustering methods are unable to group the genes meaningfully.

Table 1: Percentage of the simulated data sets in which hierarchical clustering using mutual informa-
tion was able to �nd the expected structure.

Number of discrete levels 3 4 5 6

Single linkage 1% 64% 31% 20%

Average linkage 8% 70% 43% 38%

Complete linkage 2% 2% 10% 8%

A classical way to group together non-linearly related genes is to use a non-linear metric, mutual
information being the most common choice. As mutual information can only be calculated on discrete
data, each gene was discretized to 3, 4, 5 or 6 levels. Mutual information was then calculated between
all genes, and the genes were clustered using one of the three classical hierarchical clustering algorithms:
single linkage, average linkage or complete linkage. We then checked if the expected structure was
uncovered. A clustering was considered as correct if it was possible to �nd 3 nodes such that the
leaves of each node contained all the genes of one of the non-random group and no genes of any of
the other non-random group. 100 simulated data sets were drawn. Results are summarized Table 1.
Hierarchical clustering using mutual information was often able to �nd the right structure, but this
was not always the case. Even in the best-case scenario (discretization in 4 levels and average linkage),
only 70% of the data sets were correctly clustered. So, mutual information is not able to robustly
recover the known structure.

Data sets were then MetaClustered. The algorithm was run twenty times for each data set, with
di�erent random initialization. The number of discrepancies between the known grouping and the
obtained grouping were recorded, as well as the quality of the results as measured by (4). It is not
expected for each run to give the right solution, as the algorithm is sensitive to its initialization.
However, the solution with the highest quality, in the sense of (4), should be the correct one.

The hierarchical clustering version converged in 61% of the runs to the correct solution (see Ta-
ble 2). The run with the best quality (4) was consistently the correct solution, showing the e�ectiveness
of the algorithm. Results with the neural network version were slightly worse, as the correct solution
was sometimes missed. This happened in 1 to 2% of the runs with a k-means layer using 4 to 6 groups.

Table 2: MetaClustering of simulated data. First line is the percentage of MetaClustering runs giving
the expected result for each simulated data set. Second line is the percentage of data sets for which
the highest quality MetaClustering gave the expected result.

Hierar-
chical

Neural network version, k-means with
2 groups 3 groups 4 groups 5 groups 6 groups

MC with expected
result

61� 4% 0% 18� 16% 31� 12% 28� 10% 21� 9%

Data sets with cor-
rect best MC

100% 0% 82% 98% 99% 99%
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Those results are still much better than the ones obtained with the mutual information, but worse
than the ones obtained with the hierarchical version of the algorithm. The last �ve genes, which are
purely random, were split between the groups since MetaClustering always keeps all features. Their
presence did not compromise the ability of the algorithm to correctly group the other genes.

In conclusion, MetaClustering proved to be able to robustly group genes which are non-linearly
related, contrary to more classical approaches. The hierarchical clustering version is more e�ective.
It leads more consistently to good solutions and is computationally more e�cient. The hierarchical
version is systematically used in the next applications.

Figure 2: Clusterings obtained on the ALL/AML data. A: With all the genes. B: With the genes from
a group determined by MetaClustering in three groups. AML: white; ALL-B:black; ALL-T: gray.

3.2 Real Data |Leukemia

Golub et al. [10] have studied with A�ymetrix oligochips two types of leukemia: acute myeloid leukemia
(AML) and acute lymphoblastic leukemia (ALL). This last type of leukemia can further be separated
into T-lineage ALL and B-lineage ALL. They showed that the distinction between ALL and AML
could be inferred directly from the data by clustering. We discovered that this was indeed true, but
depended on the normalization and �ltering scheme used and on the initialization of the clustering
algorithm.

We clustered the normalized data using an average linkage hierarchical clustering algorithm (Fig-
ure 2A). Leaves were ordered [1], and the images displayed using TreeView [7]. Some parts of the
clustering were close to the ALL/AML separation, but other parts seemed unrelated. Since hierarchi-
cal clustering is based on local similarities, some samples were merged because they were close on one
set of genes, others because of another set of genes.

In the rest of the analysis, k-means clustering are used intensively on the groups obtained by
MetaClustering. The quality of a k-means can be estimated using its objective function (called the
k-means error here): the sum of the square distances between the samples and their cluster center.
The k-means should also �t the expected labels, so � is de�ned as the number of di�erences between
a clustering and the expected labels (ALL/AML or ALL-T/ALL-B/AML, depending on the context).

Samples were clustered in two groups using k-means with random initialization. This was done
1000 times, leading to 324 di�erent solutions. As shown Figure 3A, clusters similar to the ALL/AML
separation (� � 5) were obtained in only 4% of the runs. As shown in Figure 3B, the k-means error
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did not point to the clusters closest to the ALL/AML separation. So the ALL/AML separation might
be obtained through k-means, but if it was not known beforehand, it could be missed.

Figure 3: � is the number of di�erences between the known separation and the clusters obtained by k-
means. A: Histogram of � for k-means clustering on all genes using di�erent random initializations. B:
Mean squares error of those clusterings. C and D are similar results obtained on one of the groups after
MetaClustering in two groups E and F � as a function of the MetaClustering quality. MetaClustering
was done with two (E) or three (F) groups.
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MetaClustering allows the determination of the di�erent clusterings of the samples. As the
ALL/AML separation is expected to be one of those clusterings, it should be prominent on one of the
group of genes determined by the algorithm. Indeed, this was often the case after MetaClustering in
three groups (e.g. Figure 3C). Furthermore, the k-means error did usually point to the ALL/AML
separation (e.g. Figure 3D). In the following analysis, the k-means algorithm was always run 100
times, and the solution with the lowest error was kept.

Since di�erent initializations of the MetaClustering can lead to di�erent results, the algorithm
was run 200 times with random initialization, with two and three groups. Among the runs with two
groups, 61% had a � below 6. With three groups, this fraction raised to 77%. It is possible to decide
which of the MetaClustering runs should be chosen by using the quality function (4). The solution
with the highest quality (4) had indeed a low � (Figure 3E and 3F), showing that it is possible to use
(4) to decide which MetaClustering run to keep. With the highest quality MetaClustering, � was 1
with two groups and 2 with three groups. This means that, as with k-means, it may be necessary to
perform a hundred or so runs with random initialization to pick the best one. Our results compare
favorably with the technique of Xing and Karp [16], which used a feature selection algorithm and
obtained a � of 3. Getz et al. [9] have determined a cluster of 60 correlated genes on which they claim
that a clustering close to the ALL/AML separation appears. Using a k-means on that group of genes,
the result was disappointing as � was 6. This shows the importance of using more than one pattern
of genes for the clustering.

In the original publication| [10], a test was created to determine the most informative genes
for the ALL/AML separation. 50 genes were selected using the same test. The group on which
the ALL/AML separation appears indeed concentrated many of those genes, on average 74% in two-
group MetaClustering and 70% in three-group MetaClustering. The MetaClustering run with the best
quality (4) concentrated a larger number of those genes than average, that is 86% with two groups
and 72% with three groups, showing again that (4) is an e�ective criterion to judge the quality of the
MetaClusterings.

The separation of the samples in AML, T-ALL and B-ALL should also be found by clustering
of the samples using one of the groups of genes obtained by MetaClustering. This was assessed by
k-means clustering in 3 clusters. Again, clustering the whole data set led to a large �, 14. However,
after MetaClustering, results were closer to the expected separation. For the MetaClustering run with
the highest quality, � was 10 using two groups of genes and 3 using three groups. In this case, three
groups seemed necessary to recover the known structure.

The genes selected by MetaClustering were clustered using a hierarchical clustering algorithm
(Figure 2B). This clustering is much closer to the known separation than the one calculated on the
whole set of genes (Figure 2A). There were three main clusters: AML, T-ALL and B-ALL. This
explains the presence of good quality MetaClusterings in 3 groups which have a � with the ALL/AML
separation of 10 (Figure 3F): the k-means algorithm being biased towards equivalent-sized groups, a
solution with one tight B-ALL cluster and one loose T-ALL and AML cluster may compare favorably
to a solution with one tight AML cluster and one not-so-tight B-ALL and T-ALL cluster.

The meaning of the clustering obtained on the other groups of genes is harder to understand. On
one group, samples coming from one of the sources (CALGB) are tightly clustered together. This
corresponds to one of the clusters found by Getz et al. This shows that other clustering are indeed
present in the data, and that would the determination of the source be the important parameter
it could have been found by MetaClustering. The other groups were not intelligible with available
biological information.

3.3 Real Data |Yeast Cell Cycle

Spellman et al. [14] analyzed cell cycle in yeast using microarrays. In those experiments, yeast cells
were synchronized at a certain point in their cycle. They were then released and began to cycle while
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keeping their synchrony. The expression levels of many genes, the cell-cycle regulated genes, showed a
periodic behavior. However, other genes showed di�erent pro�les, like for instance steady increase or
decrease with time. Spellman et al. used a method based on Fourier transform to identify cell-cycle
regulated genes. Since those genes are not all correlated, it is impossible to cluster them together using
classical clustering algorithms like hierarchical clustering or k-means (results not shown). However,
MetaClustering groups together genes which support the same organization of the data. Since cell-
cycle genes have a speci�c periodic organization, they should be grouped together.

Data from one of the cell-cycle experiments were taken. Genes were MetaClustered in two groups.
The �rst group contained genes which showed a periodical behavior, that is cell-cycle genes. The
second group was not as coherent, but its main feature was large variations from one time point to
the next. Clustering the samples using the genes of the second group led to a surprising two clusters
result, one cluster comprising the odd time points (70 mins, 90 mins: : :) and the other the even time
points (80 mins, 100 mins: : :). This seems to correspond at least partially to dye-swapping.

Spellman et al. have determined 800 genes to be cell-cycle regulated. Among the 569 of those genes
which were analyzed by MetaClustering, 458 (80%) belonged to the �rst group. The remaining 20%
of the genes seem to show large uctuations from one time point to the next, which is a characteristic
of the second group. On the other hand, 601 genes were grouped with the cell-cycle regulated genes
while they were not considered as such by Spellman et al. As judged visually, a large part of those
genes could indeed be considered as cell-cycle regulated (see supplement Figure 1 in [17]). Since every
gene must be assigned one group, even if it does not �t any group well, the presence of a certain
percentage of non-cell cycle regulated genes in the cell-cycle group was expected.

4 Conclusion

A new framework allowing uncovering the overlapping structures of the samples has been presented.
The algorithm works as well for discrete structures (e.g. cancer type, as in the leukemia data) than
for continuous structures (e.g. cell cycle phase, as in the yeast data). The outputs of the algorithm
are groups of genes which have a similar structure of the samples. This means that any clustering
algorithm can then be used on those groups of genes, be it hierarchical clustering, k-means, or anything
else. This exibility makes MetaClustering a powerful tool for the discovery of the di�erent structures
present in the data.

Two implementations were presented, one using hierarchical clustering and one using neural net-
works. Although the hierarchical clustering version was more e�ective, the neural network version
could be considered as promising, as a few runs were still usually enough to �nd the expected solu-
tion. The k-means algorithm used is the simplest neural network clustering, and more complex types
of clustering like self-organizing maps or fuzzy clustering could improve the result. The structure of
the simulated data was also very di�erent from the clear-cut clusters expected by a k-means, which
lowered its e�ectiveness compared to hierarchical clustering. An issue with the neural network version
is that the number of clusters in the k-means must be speci�ed. When this number is too small,
k-means are too coarse and the network is unable to uncover the real structure, when it is too large
the algorithm can have some trouble converging.

This work could also be viewed as a means to perform feature selection: genes are selected so that
each group gives a tight clustering. The main idea which allows for this feature selection is that all
genes are informative, but not to answer the same question. Hence, genes can be selected according
to the question asked, i.e. according to the clustering obtained on the samples. It could be possible
to further select the genes, by excluding those which do not really �t any group. We are investigating
this possibility.

MetaClustering was able to group together cell-cycle regulated genes in an unsupervised fashion,
leading to results similar of those obtained using a specialized algorithm. Since cell-cycle regulated
genes are not all correlated, this is a result that could not have been obtained by clustering algorithms
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based on pair-wise similarity (like hierarchical clustering) nor by algorithms based on prototypes
de�ned in the original space (like k-means). This ability of MetaClustering to group non-linearly
related features, or even discrete and continuous features, might be a promising path to non-linear
dimensionality reduction.

In conclusion, the algorithm presented here is able to �nd groups of linearly or non-linearly linked
genes. Any clustering algorithm can then be used to extract the type of relationship between the
samples on those groups of genes. It has proved its e�ectiveness on both arti�cial and real-world data
sets.
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