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Abstract

Clustering time–course gene expression data is a com-
mon tool to find co–regulated genes and groups of genes
with similar temporal or spatial expression patterns. The
distance measure used for clustering has major impact
on the properties of the resulting clusters. As technical
problems can easily distort the microarray data there is
a need for distance measures which are able to deal with
outliers. Here we present new so-called ”Jackknife” dis-
tance measures which can handle outlier time points. In
a simulation study on a publicly available dataset from
yeast the utility of such distance measures is investigated.

Keywords: Cluster Analysis, Time–course Microarray
Data, Distance Measures, R.

1 Introduction

The interpretation of enormous amounts of data from
microarrays has been a challenging task in statistics and
bioinformatics for the past few years. One possible ap-
proach to deal with the complexity of the data is clus-
ter analysis which has been widely applied for example
for grouping tissue samples in cancer research (e.g. Pol-
lard and van der Laan, 2005; Thomas et al., 2001) or
for clustering time–course gene expression data. Time–
course microarray experiments make it possible to look
at the gene expression of thousands of genes at several
time points simultaneously. Genes with similar expres-
sion pattern are co–expressed genes which are likely to
be co–regulated. Hence clustering gene expression pat-
terns may help to find groups of co–regulated genes or
to identify common temporal or spatial expression pat-
terns. Finally cluster results can suggest functional path-
ways and interactions between genes (Eisen et al., 1998;
Tavazoie et al., 1999; Ben–Dor et al., 1999).

The distance measure used has major impact on the
resulting clusters (Gentleman et al., 2005). The proper-
ties of different distance measures have to be investigated
to be able to answer biological questions more precisely.
A comparison of different distance measures which are
commonly used in the context of clustering time–course
microarray data was done in Scharl and Leisch (2006). In
this paper we want to investigate new distance measures
for clustering time-course gene expression data which are
robust against outlier variables. There are several algo-
rithms which are able to deal with outlier observations.

Partitioning around medoids described in Kaufman and
Rousseeuw (1990) is a more robust version of k–means for
arbitrary distance measures. Trimmed K-means (Cuesta-
Albertos et al., 1997) is a robust version of the original
algorithm. All these algorithms can handle outliers in the
data points. Our goal is to identify outliers in the vari-
ables. We want to be robust against outliers in the time
points as technical problems like dust or a scratch on the
slide can easily distort the microarray data. The Jack-
knife correlation which can handle one outlier time point
was introduced by Heyer et al. (1999). Here we want to
extend this promising approach to further distance mea-
sures and investigate the properties of Jackknife correla-
tion as well as Jackknife versions of Euclidean, Manhat-
tan and Maximum distance.

The different distance measures are compared in a sim-
ulation study using two cluster algorithms, stochastic
QT-Clust (Scharl and Leisch, 2006) and the well–known
k–means algorithm. For that purpose two evaluation cri-
teria are chosen. To investigate the stability of a method
and the agreement between partitions pairwise compar-
isons of cluster results are computed using the adjusted
Rand Index (Hubert and Arabie, 1985). As a measure of
the quality of a partition the sum of within cluster dis-
tances is observed. All algorithms used are implemented
in R (http://www.r-project.org, R Development Core
Team, 2006) package flexclust (Leisch, 2006) available
from CRAN (http://cran.r-project.org). flexclust
is a flexible toolbox for clustering which allows to try out
various distance measures with only minimal program-
ming effort.

In this simulation study a publicly available dataset
from yeast was used, the seventeen time point mi-
totic cell cycle data (Cho et al., 1998) available at
http://genome-www.stanford.edu. This dataset
was preprocessed adapting the instructions given by
Heyer et al. (1999). After rescaling the data genes that
were expressed at very low levels and did not vary signifi-
cantly over the time points were removed. This procedure
yields gene expression data on G = 2090 genes (observa-
tions) for T = 17 time points (variables). As time point
10 was reported to be an outlier variable the simulations
were conducted on the 17 time point dataset as well as
on a dataset with time point 10 removed to investigate
the functionality of the Jackknife distance measures.
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2 Methods

2.1 Distance Measures

Four distance measures were chosen which are commonly
used in the context of clustering time–course microarray
data (see for example Chipman et al., 2003; Jiang et al.,
2004; Sheng et al., 2005; Gentleman et al., 2005). Here
three geometric distances and ”1–correlation” distance
are used. One of the most commonly used methods to
measure the distance between two data objects is Eu-
clidean distance which is given by

dxy =

√√√√ T∑
i=1

(xi − yi)2,

where x and y are T–dimensional vectors and T is the
number of time points in the experiment. Manhattan
distance

dxy =
T∑

i=1

|xi − yi|

is more robust to outlies than Euclidean distance. Both
Euclidean and Manhattan distance yield clusters with a
certain band width which can vary from one time point
to the next. Maximum distance

dxy = max |xi − yi|

looks at the maximum differences between time points
and yields clusters of a fixed band width.

If one is interested in the relative changes of gene ex-
pression a correlation–based distance measure is more ap-
propriate as correlation is invariant to location and scale.
The dissimilarity between two gene profiles can be defined
as

dxy = 1−ρxy = 1−
∑T

i=1(xi − x̄)(yi − ȳ)

[
∑T

i=1(xi − x̄)2]1/2[
∑T

i=1(yi − ȳ)2]1/2

where ρxy is the Pearson sample correlation coefficient.
This distance measure removes changes in the average or
range of the expression level from one gene to the next.
Both strongly positively correlated as well as negatively
correlated genes are considered co–expressed.

A possible problem using these distance measures for
clustering time–course gene expression data is that sin-
gle outlier variables can completely change the expression
pattern of certain genes. Outliers at special time points
are very common in microarray experiments as technical
problems like dust or a scratch on the slide can easily
distort the data. In such a case these outlier variables
can lead to unwanted correlations between genes and to
incorrect assignment to clusters. There is a need for dis-
tance measures which are robust against outlier variables.
The idea of Jackknife (Efron, 1982) distance measures is
not to exclude the whole observation for such a gene but
rather one or several variables. We want to introduce
so–called ”Jackknife” distance measures which can han-
dle one outlier time point. The Jackknife correlation was

first used by Heyer et al. (1999) to cluster gene expression
data. It is defined as

dxy = 1 − min(ρ(1)
xy , ρ(2)

xy , . . . , ρ(T )
xy )

where ρ
(t)
xy is the correlation of pair x,y computed with

the tth time point deleted.
Now we want to extend this concept and introduce ro-

bust versions of the three geometric distance measures
Euclidean, Manhattan and Maximum distance. Jackknife
Euclidean distance is defined as

dxy = min(d(1)
xy , d(2)

xy , . . . , d(T )
xy )

where d
(t)
xy is the Euclidean distance of pair x,y computed

with the tth time point deleted. Jackknife Manhattan
distance and Jackknife Maximum distance can be defined
in the same way.

Some example clusters can be seen in Figures 1, 2
and 3. The clusters of the genes YDL223C, YDR044W
and YDR006C are observed for Maximum distance, ”1−
correlation” distance and Euclidean distance and their
Jackknife versions using two different cluster algorithms.
Figure 1 shows gene expression profiles with a clear peak
at time point 10. Figure 2 shows genes with high activity
at time point 3 and Figure 3 contains genes with high
gene expression at time point 3 as well as time point 10.
As Figure 3 shows that allowing for outlier variables genes
can fall into different clusters. Using Jackknife distance
measures the clusters of gene YDR006C have a stronger
peak at time point 3 and a new peak at time point 11
instead of time point 10.

2.2 Cluster Algorithms

In the literature numerous cluster algorithms for cluster-
ing gene expression profiles are proposed (e.g. De Smet
et al., 2002; Luan and Li, 2003; Bickel, 2003; Erdal et al.,
2004; Serban and Wasserman, 2005; Zeng and Garćıa–
Fŕıas, 2006). In this simulation study our focus is on the
influence of the distance measure used for two different
cluster algorithms. Both are implemented in R package
flexclust, a flexible toolbox for clustering which makes
it easy for data analysts to try out a variety of distance
measures. New distance measures can easily be imple-
mented as new distance functions. One cluster algorithm
is the well–known k-means algorithm where the number
of clusters can be chosen arbitrarily. The second one
is stochastic QT–Clust (Leisch, 2006; Scharl and Leisch,
2006) which is the stochastic approximation of a quality-
based cluster algorithm specially designed to identify co–
expressed genes (Heyer et al., 1999). Here the number of
clusters is controlled by the quality of a cluster as it is
hard to investigate the true number of clusters for gene
expression data (Bryan, 2003).

For stochastic QT–Clust one has to define the quality
of clusters which is given by the maximum diameter of
the clusters and the minimal number of points that form
a single cluster. This means that the number of clusters
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Figure 1: The clusters of gene YDL223C (yellow) for Maximum, ”1− correlation” and Euclidean distance and their
Jackknife versions using k–means algorithm. Time points are shown on the x–axis and gene expression is shown on
the y–axis.
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Figure 2: The clusters of gene YDR044W (yellow) for Maximum, ”1 − correlation” and Euclidean distance and
their Jackknife versions using QT–CLUST algorithm.
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Figure 3: The clusters of gene YDR006C (yellow) for Maximum, ”1− correlation” and Euclidean distance and their
Jackknife versions using k–means algorithm.
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can only be controlled indirectly through these two pa-
rameters. Additionally the number ntry of times steps 1
to 4 should be run in each step has to be defined.

1. Start with a randomly chosen center.

2. Iteratively add the gene that minimizes the increase
in cluster diameter.

3. Continue until no gene can be added without sur-
passing the diameter threshold.

4. Repeat from 1. for ntry− 1 further centers.

5. Select the largest candidate cluster and remove the
genes it contains from further consideration.

6. Goto 1. on the smaller dataset.

7. Stop when the largest remaining cluster has fewer
than some prespecified number of elements.

Stochastic QT–Clust is robust as outlier observations will
not be added to any cluster as opposed to k-means where
every gene will be part of a cluster. If ntry is equal to
the number of genes G the original QT–Clust algorithm
(Heyer et al., 1999) is obtained. Stochastic QT–Clust
speeds up the procedure and we get different local max-
ima of the objective function. The original algorithm will
always converge in the same local optimum. As shown
in Scharl and Leisch (2006) smaller values of ntry yield
smaller sum of within cluster distances for all distance
measures used. Therefore ntry = 5 is used for all simu-
lations.

3 Simulation

3.1 Simulation Design

The goal of this simulation study is to compare the four
classical distance measures to the Jackknife distance mea-
sures using both k–means and stochastic QT–Clust. For
k–means the following procedure is used

1. draw 100 bootstrap samples from the original data,

2. cluster them into 50 clusters using each of the dis-
tance measures, and

3. compare the obtained results using the sum of within
cluster distances and the adjusted Rand index.

The sum of within cluster distances is computed as a
measure of the quality of a partition. It is given by

W =
k∑

j=1

∑
x∈Xj

d(x, cj)

where x is an element of cluster Xj , d is the distance
measure and cj is the center of cluster j. The adjusted
Rand index (Hubert and Arabie, 1985) is computed to be
able to make pairwise comparisons between partitions. A

Rand index of 1 corresponds to identical partitions and
a Rand index of 0 corresponds to agreement by chance
given cluster size. The Rand index is used as a measure
of stability and reproducibility of the resulting clusters
and the agreement between partitions.

The number of clusters for k–means is chosen arbitrar-
ily. As biologists prefer to work with smaller groups of
genes to be able to take a closer look at the resulting
clusters the genes were grouped into 50 clusters for k–
means. For QT–Clust 100 replicates of the algorithm
were computed for each distance measure on the original
data because the algorithm has no prediction step. It was
tried to find an appropriate radius for QT–Clust to get a
similar numbers of clusters like in k–means.The number
of clusters of QT–Clust is changing with the diameter
of the clusters and the minimal number of points that
for a single cluster. Therefore the number of clusters of
QT–Clust is varying between distance measures and even
between replicates of QT–Clust using the same distance
measure.

3.2 Stability of the Resulting Clusters

As researchers want to know how reliable the resulting
clusters are the stability of the cluster results is investi-
gated. For that purpose all consecutive pairwise compar-
isons of cluster results are computed using the adjusted
Rand index. 100 replicates on the original data for QT–
Clust and 100 bootstrap samples of k–means are used.
Boxplots of the Rand index of all consecutive pairwise
comparisons are shown in Figure 4.

It can be seen that the reproducibility of cluster results
is in general very high for k–means. The Rand index for
consecutive comparisons within distance measures is over
0.95 for all distance measures. For QT–Clust the stability
of cluster results is smaller that for k–means. Here the
stability is highest for Jackknife ”1 − correlation” dis-
tance followed by Jackknife Maximum distance. The re-
producibility of cluster results using Manhattan and Eu-
clidean distance is much lower on this dataset. For QT–
Clust it can be clearly seen that for all distance measures
the stability of the Jackknife version of the distance mea-
sure is higher than the stability of the original distance
measure.

3.3 Quality of the Partitions

As a measure of the quality of a partition the sum of
within cluster distances is used. It was computed for
each distance measure for all of the 100 replicates on the
original data using QT–Clust and 100 bootstrap samples
of k–means. Figure 5 shows boxplots of the sum of within
cluster distances for all distance measures.

The sum of within cluster distances is not directly com-
parable between distance measures. But Figure 5 shows
that using the Jackknife version of any of the four dis-
tance measures leads to a smaller sum of within clus-
ter distances for both QT–Clust and k–means. This
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Figure 4: Boxplots of the Rand indices for all pairwise comparisons of 100 replicates of QT–Clust (left panel) and
100 bootstrap samples of k–means (right panel) within different distance measures.
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Figure 5: Boxplots of the sum of within cluster distances for 100 replicates of QT–Clust and 100 bootstrap samples
of k–means for the different distance measures.
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means that the similarity between genes within a cluster
is higher using Jackknife distance measures. Additionally
the sum of within cluster distances is smaller for k–means
than for QT–Clust for all distance measures.

3.4 Comparing Different Distance Measures

Now we want to investigate the differences between clus-
ter results of different distance measures. The agreement
between partitions is computed using the Rand index.
The results are shown in Figure 6.

For QT–Clust the agreement between ”1−correlation”
distance and Maximum distance and their Jackknife ver-
sions is very high as well as the agreement between these
Jackknife versions. The results obtained using Manhat-
tan and Euclidean distance disagree most.

For k-means the impact of the distance measure used
is much smaller on this dataset. The agreement between
cluster results using different distance measures is very
high for this cluster algorithm. Here the partitions agree
most for the Jackknife versions of Maximum distance and
”1 − correlation” distance and disagree most for Maxi-
mum distance and ”1 − correlation” distance.

3.5 Excluding one Outlier Time Point

As time point 10 was reported not to be dependable
(Heyer et al., 1999) the simulations were repeated on a
smaller dataset with this time point deleted. Again we
would like to compare the partitions using the Rand in-
dex. First the cluster results obtained on each dataset
are compared for all distance measures. The results are
shown in Figure 7. For k–means the agreement between
results on the full dataset and on the dataset with one
time point removed is again very high (over 0.95). For
QT–Clust the pattern of agreement is very similar to Fig-
ure 4. This means that the cluster results agree between
the two datasets and excluding the outlier time point does
not change the results significantly.

Finally we want to find out how good the Jackknife
distance measures work and how frequently the outlier
time point 16 is detected and excluded from calculating
the distance between two gene expression profiles. For
that purpose the original dataset using Jackknife distance
measures is compared to the 16 time point dataset us-
ing the original distance measures (see Figure 8). It was
found that on this dataset the agreement between clus-
ter results for Jackknife distance measures on the origi-
nal dataset and original distance measures on the dataset
with one outlier time point deleted is very high for Maxi-
mum distance and ”1− correlation” distance using QT–
Clust. Therefore Jackknife distance measures are appli-
cable when outliers at special time points distort the gene
expression data.

As the example clusters in Figure 2 show time point
10 is not the most extreme observation for all genes. For
those genes other observations than time point 10 will be
detected by the Jackknife distance measures.

4 Summary and Outlook

The distance measure used for clustering time–course
gene expression data has major impact on the resulting
clusters. In this area four commonly used distance mea-
sures are Euclidean distance, Manhattan distance, Max-
imum distance and ”1 − correlation” distance. In mi-
croarray experiments outliers can easily distort the data
and there is need for distance measures that are robust
against outlier variables. For that purpose the concept of
the so–called ”Jackknife” correlation (Heyer et al., 1999)
was extended for Euclidean, Manhattan and Maximum
distance. In a simulation study on the yeast cell–cycle
dataset (Cho et al., 1998) the properties of these distance
measures were investigated using two cluster algorithm,
the classical k–means and stochastic QT–Clust. For k–
means clusters on 100 bootstrap samples were computed
and for stochastic QT–Clust 100 replicates were gener-
ated using all eight distance measures. In order to test
the functionality of the Jackknife distance measures the
simulations were run on the original dataset and on a
smaller dataset with the outlier time point deleted.

Cluster results were compared using the Rand index
and the sum of within cluster distances. It was found
that the sum of within cluster distances is smaller for the
Jackknife versions of the distance measures. This might
be an indicator that Jackknife distance measures lead to
tighter clusters with more similar gene expression profiles.
Additionally it could be shown that the partitions on the
original dataset using Jackknife distance measures agree
very good with the partitions on the smaller dataset using
the classical distance measures.

As expected the different methods used have major
impact on the resulting clusters on this dataset. The
method of choice depends on the data and on the biolog-
ical questions asked. There is no single distance measure
that is always relevant. In any case we found that the
influence of the distance measure is much higher for QT–
Clust than for k–means. There are still open questions for
the future like how the results change when the dataset
changes slightly. Additionally it would be interesting to
allow more than one outlier time point but this is com-
putationally very intensive. Further simulations on dif-
ferent datasets need to be conducted. So far we already
did the same simulations on a dataset from E.Coli and
found similar results.

Acknowledgements

This work was supported by the Austrian Kind/Knet Cen-
ter of Biopharmaceutical Technology (ACBT) and the
Austrian Science Foundation (FWF) under grant P17382.

References

Ben–Dor A., Shamir R., and Yakhini Z. (1999), “Clustering gene
expression patterns”, Journal of Computational Biology, 6(3–
4), 281–297.

ASA Biometrics Section

351



Correlation − JK Correlation

Correlation − Maximum

Euclidean − JK Euclidean

Euclidean − Manhattan

JK Correlation − JK Maximum

JK Euclidean − JK Manhattan

Manhattan − JK Manhattan

Maximum − JK Maximum

0.85 0.90 0.95

●

●

●

●

●

●

●

●

●

●

●●●● ●●●●

●

qtclust

0.85 0.90 0.95

●

●

●

●

●

●

●

●

●

●●●● ●

●●●

kmeans

Figure 6: Rand index for pairwise comparison of 100 replicates of QT–Clust (left panel) and 100 bootstrap samples
of k–means (right panel) between different distance measures.
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