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We compare several commonly used expression-based gene clustering algorithms using a figure of merit based
on the mutual information between cluster membership and known gene attributes. By studying various
publicly available expression data sets we conclude that enrichment of clusters for biological function is, in
general, highest at rather low cluster numbers. As a measure of dissimilarity between the expression patterns of
two genes, no method outperforms Euclidean distance for ratio-based measurements, or Pearson distance for
non-ratio-based measurements at the optimal choice of cluster number. We show the self-organized-map
approach to be best for both measurement types at higher numbers of clusters. Clusters of genes derived from
single- and average-linkage hierarchical clustering tend to produce worse-than-random results.
[The algorithm described is available at http://llama.med.harvard.edu, under Software.]
The widespread use of DNA microarray technology (Eisen and
Brown 1999) to perform experiments on thousands of gene
fragments in parallel has led to an explosion of expression
data. To handle such huge amounts of data on entities whose
interrelationships are poorly understood, exploratory analysis
and visualization techniques are essential (DeRisi et al. 1997;
Michaels et al. 1998; Wen et al. 1998). Clustering (the assignment of each of a large number of items to one of a much
smaller number of classes) is one widely used technique. The
science of clustering has long been under development
(Everitt 1980), and there are many techniques. Hierarchical
clustering (encompassing single-, complete-, and averagelinkage variants), k-means clustering, and self-organized maps
(SOM) are the most widely used in analysis of gene-expression
data (for reviews, see Gerstein and Jansen 2000; Quackenbush
2001). In addition to these long-established algorithms, new
ones have been developed specifically for analysis of geneexpression data (Getz et al. 2000; Lazzeroni and Owen 2000;
Shamir and Sharan 2000; Ben-Hur et al. 2002; Sinkkonen and
Kaski 2002). The availability of free software tools (Angelo
1999; Eisen 1999) implementing the hierarchical and SOM
algorithms has made them very easy to apply, often to good
scientific and visual effect (Eisen et al. 1998; Golub et al. 1999;
Tamayo et al. 1999; Gasch et al. 2000).
An underlying assumption is that by clustering genes
based on similarity of their expression patterns in a limited set
of experiments, we can establish guilt by association—that is,
genes with similar expression patterns are more likely to have
similar biological function. Clustering does not provide proof
of this relationship, but it does provide suggestions that help
to direct further research. It is clear that clustering by expression pattern does not provide the best possible grouping of
genes by biological function. It is easy to construct examples
in which genes known to share similar functions end up in
different clusters, particularly when they relate to molecular
function or catalytic activity rather than to cellular role or
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pathway. However, as long as clustering by expression pattern
is used as a means to group by putative biological function, it
is meaningful to ask which method performs best. With this
goal in mind, how might we compare two clustering results
derived from the same expression data set? Different clustering results might be obtained from different clustering algorithms, or from different choices within a clustering algorithm. The latter choices might include algorithm parameters
(e.g., number of clusters), the method of calculating distance
between two gene expression vectors (e.g., Euclidean or Pearson correlation), or different ways of preprocessing data (e.g.,
the log transformation).
We illustrate our approach of making clustering method
choices by examining the choice of cluster number. For most
methods of clustering, the user must specify the number of
clusters, and often quickly wonders, “What is the true number
of clusters?” Many data-centric techniques have been applied
to this problem, with conclusions based on which number of
clusters achieves the best balance of data point dispersion
within and between clusters, but none has proven robust
across diverse data types (Everitt 1980). Although there have
been some recent attempts to develop data-centric figures of
merit that are specific to gene expression data (Lukashin and
Fuchs 2001; Yeung et al. 2001; Ben-Hur et al. 2002), generic
(Fraley and Raftery 1998), or use information beyond the expression data itself (Jakt et al. 2001), it seems likely that there
is no single true number of clusters for gene expression data.
We should perhaps ask, “What choice of cluster number
would be most useful?”
When the objective of clustering is to bring genes of
similar function together, we assert that the best method of
clustering a particular data set is that which has the strongest
tendency to bring genes of similar function together when
applied to diverse expression data sets. With this in mind, we
should instead ask, “What choice of number of clusters generally yields the most information about gene function
(where function is known)?” For other clustering choices, we
might ask, “Which distance measure generally yields the most
information about gene function (where function is
known)?” Present annotation databases are necessarily incomplete and evolving, but nonetheless represent the best
computable summary of our present state of knowledge.
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We propose a figure of merit based on the information
jointly held by the functional annotation and cluster membership of all the genes clustered. We apply this method to a
variety of common clustering choices. Figure 1 illustrates our
approach. An implementation of the algorithm for computing the figure of merit is accessible at http://llama.med.
harvard.edu as a CGI-based Web application, into which users
may upload their clustered data and receive a score.

RESULTS
We evaluated clustering algorithm choices based on the
premise that the best clustering algorithm for expression data
is that which tends to bring genes of similar function together, where function is known. Specifically, we investigated
choice of number of clusters, choice between various methods
of calculating dissimilarity in expression between genes (distance measures), and commonly used clustering algorithms.
Given the great variety of normalization schemes that have
been proposed, it was not feasible to include them in the
present study, but this would make an excellent topic for
further study.
Particular clustering results were evaluated by examining
the relationship between clusters produced and the known
attributes of the genes in those clusters, as annotated with a
controlled vocabulary for gene attributes. We used the Saccharomyces Genome Database (SGD) annotation of S. cerevisiae
genes with the gene ontology developed by the Gene Ontology Consortium (GO; Ashburner et al. 2000; Issel-Tarver et al.
2001).
In examining choice of cluster number, we addressed
two questions: “Which clustering algorithm variants best
group genes by function using expression data?” and “Given
a clustering algorithm, is there an optimal number of clusters,
k?”, where optimality in each case is evaluated according to
existing annotation.
We devised a figure of merit, z-score, based on mutual
information between a clustering result and SGD gene annotation data. The z-score indicates relationships between clustering and annotation, relative to a clustering method that
randomly assigns genes to clusters. A higher z-score indicates
a clustering result that is further from random. This z-score is
plotted for clustering results as a function of number of clusters, k, to compare algorithms at all choices of k, and to establish an optimal value for k. We examined all cluster numbers from 2 to 100.
We also compared the following distance measures on
expression data sets using k-means clustering: Euclidean,

Figure 1 Schematic of dataflow in clustering and evaluation.

3-norm, Manhattan or city-block, Hausdorff, and Pearson correlation. The first four are special cases of a general class of
distance measures, the n-norm, defined for two d-dimensional
vectors a and b, as
Ln共a,b兲 ≡

冑兺ⱍ
n

d

i= 1

ai − biⱍn

Manhattan distance is the common name for the
1-norm, Euclidean distance is the common name for the
2-norm. The Hausdorff distance, in which the maximum distance along any single dimension is used as the distance between the two vectors, is the ⬁-norm. Pearson distance is defined as dP ≡ 1 ⳮ r, where r is the correlation coefficient.
Genes that are highly positively correlated are considered
similar to each other, with decreasing similarity as the correlation declines and becomes negative. Euclidean and Pearson
correlation distances are common choices for clustering expression data. Some researchers report that higher n-norms
may be better at clustering vectors of higher dimensionality
(such as the 175-dimensional Gasch data set). Hausdorff distance was included as a negative control, because we did not
expect it would be a good distance.
In addition, we compared the performance of Cluster
(Eisen 1999), software that implements many clustering algorithms, of which we examined only the results produced by
the hierarchical clustering, and GeneCluster (Angelo 1999),
which implements self-organized maps. To obtain a comparable clustering result from hierarchical methods, genes were
partitioned into disjoint clades by cutting branches at a given
distance from the root. For SOM clustering, the user must not
only specify k, the number of clusters, but also the layout of
these clusters in a two-dimensional grid (e.g., eight clusters in
a 2 ⳯ 4 grid). For a given k, we chose the most square-like
layout, that is, that which minimizes the ratio of perimeter
length to area.
We examined four publicly available yeast data sets. Two
of these cover the well-known cell cycle data sets collected
using ratio-based (i.e., two-color cDNA) and non-ratio-based
(e.g., Affymetrix) array technologies. Two non-cell-cycle data
collections were also examined, one ratio-based and one nonratio-based. All data sets contain ∼ 3000 genes, after filtering
out genes with insufficient variability. These data sets are
summarized in Table 1.
The Cho data set consists of 15 time points covering two
complete cell cycles, and collected in a non-ratio format (Cho
et al. 1998). The CJRR data set is a diverse (non-cell-cycle)
collection of non-ratio-based data from
52 experiments covering YAP1/2
knockouts (Cohen et al. 2002); chemical and physical damaging agents (Jelinsky et al. 2000); galactose response,
heat shock, and mating type (Roth et
al. 1998); and yeast A kinase TPK1/2/3
mutants (Robertson et al. 2000), all of
which were obtained through ExpressDB (Aach et al. 2000). The Gasch
data set is a large collection of 175 noncell-cycle experiments, in ratio format
(Gasch et al. 2000). Details of these
data sets are summarized in Table 1.
The Spellman data set is a ratio-based
cell cycle time course (Spellman et al.
1998).
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Table 1. Four Data Sets Analyzed, Representing Both Affymetrix- and Two-Color cDNA Microarrays, Cell Cycle and Non-Cell Cycle
Data Sets
Name

Ratio based?

# of genes

# of points

Description

Cho

No

3000

15

CJRR (Cohen et al. 2002;
Jelinsky et al. 2000;
Robertson et al. 2000;
Roth et al. 1998)

No

3000

52

Gasch

Yes

3000

175

Spellman

Yes

3000

75

Two cell cycles, two of original
timepoints—dropped because
of unreliability
YAP1/2 knockouts with peroxide
and cadmium added, yeast A
kinase TPK1/2/3 mutants,
chemical and damaging
agents, galactose, heat shock,
and mating type
Various conditions: temperature
shock; exposure to H2O2,
menadione, diamide, and DTT;
osmotic shock; amino acid
starvation; nitrogen depletion;
stationary phase
Cultures synchronized in cell
cycle by three independent
methods

The results are shown in Figure 2. For all data sets, we
show scores for k-means clustering performed with the five
above-mentioned distance metrics (Euclidean, Pearson correlation, 3-norm, Manhattan, and Hausdorff), three hierarchical clustering methods (single, complete, and average linkage,
all using the uncentered Pearson correlation distance—the default—which is similar to the centered Pearson correlation
distance, because the data have all been median-centered),
and self-organized maps (SOM). Each curve is a three-point
moving average of the original data.
In the Cho data set (Fig. 2a), the performance of singlelinkage hierarchical clustering is worse than random, and average linkage fares little better. Complete-linkage hierarchical
clustering is equal to or only slightly worse than that of the
remaining algorithms, but is everywhere better than random.
SOM appears to perform about as well as k-means-based methods, but does not show the falloff in score with increasing k
that is characteristic of the k-means and hierarchical methods.
If we examine the k-means-based methods in detail, the following conclusions can be drawn. For this data set, the best of
the five k-means distance metrics examined here were Pearson
correlation distance and 3-norm distance, with Pearson correlation distance winning at low k-values, and 3-norm distance winning for k > 35. It is worth noting that the best distance measures showed the optimal k-value (k*) to lie between
7 and 10. The Manhattan and Euclidean metrics perform almost as well as 3-norm, which is perhaps not surprising, given
the close functional similarity between all three metrics.
Hausdorff distance was the worst performing among the kmeans methods for this data set.
The CJRR data set (shown in Fig. 2b) shows k* to be <10
for all clustering methods. Many of the characteristics observed for the other data sets hold true here also: the poor
performance of single- and average-linkage clustering; the fact
that complete-linkage hierarchical clustering outperforms
both single and average linkage, but never quite matches up
to any of the nonhierarchical methods; and the poorer performance of almost all methods for higher k-values. It is worth
noting that Hausdorff distance shows a much less pronounced falloff with increasing k-values and surpasses the
other distance metrics for high k (>55). Once again, SOM ap-
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pears to perform about as well as the best k-means-based
methods at low cluster number, without showing as pronounced a falloff in score with increasing k.
The Gasch data set is shown in Figure 2c. Once again,
single- and average-linkage hierarchical clustering are the
worst performers. Complete linkage and k-means/Hausdorff
are the next poorest performers. The k-means-based metrics
Euclidean, Pearson, Manhattan, and 3-norm all perform similarly to one another. SOM appears to be the best algorithm for
this data set over a wide range of k-values. However, the best
result at any k* was obtained from Euclidean distance. SOM
and all the k-means variants except for Hausdorff show more
or less monotonically decreasing scores with increasing k.
Whereas the Cho and CJRR datasets have a maximum z-score
of ∼ 50, this data set has a maximum score of nearly 100,
indicating that clustering genes by this data set (which consists of responses to a wide range of conditions) yielded significantly better grouping according to function than can be
obtained by using the other data sets. It is reasonable that data
collected over a wide range of conditions should yield results
that cluster better according to function, as has been suggested elsewhere (Eisen et al. 1998).
The Spellman data set is shown in Figure 2d. Single and
average linkage are generally worse than random. Hausdorff
with k-means and complete-linkage hierarchical clustering
perform much better than random and show no significant
decrease with increasing k-value, but underperform the remaining k-means distance metrics. Manhattan, Euclidean,
and Pearson correlation distance perform comparably for all
k-values, and 3-norm underperforms at low k-values, but
catches up at higher k-values. SOM is slightly worse than the
best k-means-based methods at most k-values, and does
slightly better at higher k-values.
In all the data sets (Fig. 2), the most striking observation
is that single-linkage hierarchical clustering performs significantly worse than all the others. In fact, it gave worse-thanrandom (a uniformly negative z-score) performance for all
data sets over a wide range of cluster numbers. Averagelinkage hierarchical clustering is also rather poor, scoring significantly lower than the other methods, and worse than random for cluster numbers above some modest value. The best

Judging Clustering Methods With Gene Annotation

Figure 2 Four data sets clustered using k-means, hierarchical, and self-organized map algorithms. The horizontal axis shows the number of
clusters desired, and the vertical axis shows z-scores. Data sets are (a) Cho, (b) CJRR, (c) Gasch, and (d) Spellman.

hierarchical clustering result is complete linkage, and although it is always significantly better than random, it never
consistently performs better than the commonly used kmeans-based clustering algorithms.
Hausdorff distance was originally chosen as a straw man
distance measure, and was never expected to perform particularly well, because it throws away much of the information
about the vectors it compares, keeping only the magnitude of
the difference in a single dimension. This expectation is borne
out by the results in that it achieves a score lower than three
other distance metrics used for k-means clustering algorithms.
However, it is worth noting that even this metric performs
significantly better than random. Because it does not fall off
as rapidly with increasing k as other k-means distance measures, it begins to outperform them at higher k.

DISCUSSION
We studied two ratio-based and two Affymetrix-based data
sets. By ranking the methods used for each data set, our results
indicate that Pearson correlation distance performs better
than or equal to other measures used, when applied to nonratio-style data. For ratio-style data, we find that Euclidean

distance is better than or equal to the other measures. Ratiostyle data are log-transformed prior to clustering, to equalize
the effects of up- and down-regulation. This also compresses
the scale of variation, and Euclidean distance may be more
robust than Pearson correlation to such processing. Most researchers have chosen Euclidean distance on standardized
data or Pearson correlation distance for no other reason than
that it seemed obvious, was simple to compute, and because
they have had no rationale for choosing anything more complicated. This is the first demonstration that clearly vindicates
these choices.
Because the shortcomings of the single-linkage hierarchical clustering method have long been known (Everitt 1980), it
is no surprise that this method performs poorly. (Using a datadriven approach on the Cho data set and others, and with a
different figure of merit, Yeung et al. [2001] have shown that
single-linkage clustering was close to random, and significantly worse than other common algorithms, including kmeans.) However, at first glance it is surprising that it performs less well than random assignment of genes to clusters.
More surprising is that average-linkage clustering not only
performs poorly, but is significantly worse than complete
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linkage, because average linkage is generally considered to be
better than both single and complete linkage. The structures
of complete- and average-linkage trees often appear to have
similar topology, but the scores obtained here indicate that
the branching choices near the root node are much more
meaningful in the context of functional annotation for complete- than for average-linkage trees.
To understand how a clustering method can score worse
than random, we note that single-linkage hierarchical clustering tends to produce one single large clade and several
singletons. This division necessarily separates genes that have
attributes in common. On the other hand, the single clade
will contain most genes, yielding almost no information.
With random assignment to clusters of uniform size, we can
expect that sometimes by chance a cluster will contain all
genes possessing a single attribute. Thus, random assignment
can do better than single-linkage hierarchical clustering. Figure 3 compares single- and complete-linkage z-scores calculated using random assignment to clusters of uniform size (as
used in the rest of this paper) and also using random assignment to clusters of the size produced by the clustering algorithm itself. The latter tends to subtract the effects of the
uneven cluster sizes generated by the algorithm. After the
effect of cluster sizes is removed, single linkage still performs
on a par with random assignment, whereas complete linkage
performs better, although not as well as average linkage. It
might be argued that using randomly chosen cluster sizes
would be less biased. However, with no prior knowledge of
cluster membership, there is no a priori reason to adopt nonuniform cluster sizes. Uniform cluster sizes should be consid-

ered the default because this allows for the greatest mutual
information with another variable or set of variables with
unknown entropy. (See the Methods section for further discussion of mutual information.) Furthermore, certain algorithms have a known tendency to produce clusters of uneven
size, even when the data do not warrant it (Everitt 1980). Such
algorithms are rightly penalized.
Why do SOMs outperform the k-means-based algorithms
examined here at higher k? It may be because of the ability of
SOMs to discriminate between similar clusters. Using the
analogy of the entomologist’s drawer, Tamayo et al. (1999)
indicate that clusters that lie adjacent on the two-dimensional
grid tend to be similar. Perhaps the ability of SOMs to distinguish similar but distinct is superior to that of k-means. This
remains an open question.
Supervised learning algorithms for prediction of gene
function on the basis of expression data have been developed
(Brown et al. 2000). Although training such algorithms can be
computationally expensive, and frequent updates are required as additional annotation becomes available, supervised approaches may well outperform unsupervised ones
such as those examined here. But from a pragmatic perspective, clustering algorithms are at present more readily accessible and usable by experimental biologists than supervised
learning methods. Perhaps more importantly, supervised
learning algorithms are not useful when the training set of
known genes of a given function is small, whereas clustering
may even be useful in discovering a group of coexpressed
genes all holding the same previously undescribed function.
We expect that an optimized clustering methodology will
continue to be useful, despite expected future advances in supervised learning from expression data.

METHODS

Figure 3 Hierarchical single- and average-linkage clustering results, scored against random assignment to
clusters of uniform size (solid symbols), and random assignment to clusters of the same size as the clades
obtained by hierarchical clustering (open symbols). For single linkage (circles), the difference is strongest,
reflecting the strong tendency of that algorithm to produce nonuniformly sized clusters (indicated by the
negative scores of the solid circles) that do not contain any functional information (evidenced by the open
circles, which show that even taking account for the cluster sizes produced, the score is equivalent to random
assignment). The scores for complete linkage show little difference (open and solid diamonds are almost on top
of each other), indicating that the cluster sizes returned by this algorithm are indicative of actual clusters in the
data. Average linkage occupies the middle ground (triangles).
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GO defines three distinct
ontologies (called biological process, molecular function, and cellular component) and represents each
as a directed acyclic graph
(DAG), consisting of directed edges and vertices,
such that each vertex may
be descended from several
others. Annotation of a
gene with a descendant attribute implies that the
gene holds all ancestor attributes. We have parsed
annotation from SGD of S.
cerevisiae genes with GO attributes in such a way that
attributes are inherited
through the hierarchy, producing a table of ∼ 6300
genes and ∼ 2000 attributes
in which a 1 in position (i,j)
indicates that the gene i is
known to possess attribute
j, and a 0 indicates our lack
of knowledge about whether
gene i possesses attribute j.
In other words, absence of
annotation is not the same
as absence of function.

Judging Clustering Methods With Gene Annotation

With this gene-attribute table, we construct a contingency table for each cluster–attribute pair (Press et al. 1986;
Cover and Thomas 1991; Schneider 2000), from which we
compute the entropies for each cluster–attribute pair (HAiC),
for the clustering result independent of attributes (HC), and
also for each of the NA attributes in the table independent of
clusters (HAi). Using the definition of mutual information between two variables X and Y, MI(X,Y) ≡ H(X) + H(Y) ⳮ H(X,Y),
and assuming both absolute and conditional independence of
attributes, we expand the total mutual information as a sum
of mutual information between clusters and each individual
attribute. We compute the total mutual information between
the cluster result C and all the attributes Ai as:
MI共C, A1 A2, . . . ANA兲 =
=

兺 MI共C, A 兲
N H + 兺H − 兺H
i

A

i

C

i

Ai

i

AiC

Clusters to which genes were randomly assigned were
chosen to be as nearly uniform in size as possible, so that
some of the success of a clustering algorithm relative to random may derive from producing nonuniform cluster size distributions. Uniform cluster sizes yield the highest value of
HC, which allows for the highest possible MI(C,X) for some
variable X of unknown entropy H(X), because
0 ⱕ MI(C,X) ⱕ min(HC,H(X)).

Preparation of the Database
It is reasonable to assume that those using clustering methods
are seeking a fine structure, rather than a broad one. For example, in cell cycle data, genes might be broadly classified
according to the phase of the cell cycle in which they peak,
yielding perhaps no more than five clusters, corresponding to
early G1, late G1, S, G2, and M phases (Cho et al. 1998; Yeung
et al. 2001). Certainly, this is a correct answer, but it yields
little new knowledge. It would be more useful to find those
(probably small) groups of genes sharing rather specific biological functions (e.g., see Fig. 1 of Eisen et al. 1998, in which
several clusters of genes, varying in size from 5 through 27, are
found to be significantly related in biological function). On
the other hand, it is no help to classify each gene into its own
cluster. Many properties are desirable in an annotation database to improve assessment of relatedness between clustering
results and annotation.

where summation is over all attributes i (Press et al. 1986).
To illustrate some important characteristics of how this
parameter changes as the degree of correlation between function and cluster membership is changed, we performed the
following experiment on data that have already been shown
to contain clusters enriched for biological function (Tavazoie
et al. 1999). Beginning with downloaded supplementary data,
in which some 3000 genes are combined into 30 clusters, we
repeatedly chose two clusters at random, swapped one gene
chosen at random from the first cluster with another randomly chosen from the second cluster, and recomputed MI.
1. The database should contain few attributes that are shared
In this way, the cluster sizes were held constant, but we slowly
among all or most genes, because these will not be useful
destroyed the degree of correlation between membership in a
in clustering in a meaningful way. However, we have
cluster and possession of particular attributes. The results are
found that removing such shared attributes has no effect
shown in Figure 4. For simplicity, the mutual information is
on the overall ranking of the clustering techniques considshown normalized to its initial value.
ered. (Excluding attributes held by >200 genes removed
Two characteristics are evident. Firstly, as expected, MI
only ∼ 2% of attributes.) It also does little to improve the
decreases as the clusters become increasingly disordered with
respect to function. Secondly, after a
large enough number of random swaps,
MI reaches a non-zero baseline value, reflecting the fact that even for data chosen
at random, when the number of clusters
is much smaller than the number of
genes, there is some degree of mutual information between membership in a particular cluster and possession of certain
attributes.
We score a partitioning as follows:
(1) Compute MI for the clustered data
(MIreal), using the attribute database derived from GO/SGD; (2) Compute MI
again, for a clustering obtained by randomly assigning genes to clusters of uniform size (MIrandom), repeating until a
distribution of values is obtained; (3)
Compute a z-score for MIreal and the distribution of MIrandom values (with mean
MIrandom and standard deviation srandom)
according to z = (MI real ⳮ MI random )/
srandom. The z-score can then be interpreted as a standardized distance between the MI value obtained by cluster- Figure 4 Mutual information (MI) as a function of number of gene pairs swapped between
clusters. At each permutation, two genes are chosen at random from each of two randomly
ing and those MI values obtained by
random assignment of genes to clusters. chosen clusters (there are 30 clusters in all). The genes are swapped, and the MI (between cluster
membership and attribute possession) is recomputed. For convenience, the MI is shown as a
The larger the z-score, the greater the disfraction of its initial value. It is clear that MI decreases monotonically as the genes are swapped,
tance, and higher scores indicate cluster- illustrating that it is a good gauge of the quality of the clusters. It does not fall to zero because
ing results more significantly related to even with random assignment of genes to clusters, it is likely that genes will coincidentally end
up in the same cluster. (Clusters taken from Tavazoie et al. 1999.)
gene function.
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dence using the uncertainty coefficient (see Fig. 5), defined as U = MI/
max(MI), where MI is the mutual
information between two attributes. This quantity has the useful property that it varies between
zero and unity, with values close to
zero indicating that possession of
one attribute reveals little about
possession of the other, whereas
values close to unity indicate that a
gene possessing either attribute is
also likely to have the other. One
way to think of this is that for high
U-values, possession of either at
tribute removes a large amount
ofuncertainty about possession of
the other. For low U-values, knowledge of either removes little uncertainty about the other. If any two
Figure 5 U for all attribute pairs, after removing one of each pair with U > 0.9999. Histogram
attributes are shared by substanshowing uncertainty coefficient between all pairs of attributes, after removing one of each pair with
tially the same collection of genes,
U > 0.9999. When a pair of attributes has U = 0, there is no correlation between possession of one
one of the attributes should be exattribute by a gene, and possession of the other. When U = 1.0, they are completely correlated: if
cluded from the database to avoid
a gene has one attribute, it will certainly also have the other.
counting essentially the same attribute twice. To accomplish this,
we filtered out one of any pair of
computational speed of the algorithm used to evaluate the
attributes that had a pairwise uncertainty coefficient
figure of merit; therefore, we did not filter the attributes on
U>Umax = 0.8.
this basis.
Sensitivity to Attribute Filtering Process
2. The database should contain few attributes that are shared
among only a handful of genes because, having low indiWe have already described the algorithm and parameters used
to reduce the database from the complete annotated genome
vidual entropy, these attributes will make little contributo a subset of relatively independent attributes that are neition to the overall mutual information. To accomplish
ther too general (e.g., intracellular) nor too specific (e.g., parathis, we filtered out attributes that are held by fewer than
aminobenzoic acid [PABA] synthase) to be useful in finding
Nmin = 10 genes, which removes ∼ 75% of all attributes.
meaningful clusters (see Table 2). We have acknowledged that
This restriction may shift the optimal number of clusters to
we are biasing optimal cluster number in this manner. How
be slightly higher, although our conclusions are robust to
sensitive are the results to the particular parameter values we
this restriction as discussed below. Although the absolute
choose (Nmin, Nmax, Umax)? We have constructed several dascores for the algorithms varied with Nmin, the relative
tabases, based on a variety of choices for Nmin and Umax. We
rankings did not. The above value was used for computafind that although the particular scores obtained do change
with differing choice of these parameters, the basic shape (lotional reasons.
cation of the peak, rolloff at higher k-values, ranking of clus3. Attributes in the database should be as independent as postering methods) does not. Also, the relative success of differsible, because we would like to avoid overweighting atent distance measures is insensitive to the parameters used to
tributes that have many ancestors, or descendents assigned
filter the attribute database.
to highly overlapping gene sets. We measured indepen-

Expression-Data Preprocessing Steps
Table 2. Gene Ontology Consortium Attributes Ranked in
Descending Order by the Number of Genes That Possess
Each Attribute
GO accession
number

Number of
genes hit

GO:0008151

2593

GO:0008152
GO:0005622
GO:0005623
:
GO:0000034

1920
1837
1820
:
1

GO:0004482

1
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GO name
Cell growth and
maintenance
Metabolism
Intracellular
Cell
:
Para-aminobenzoic acid
(PABA) synthase
mRNA
(guanine-N7)-methyltransferase

First of all, missing expression-data values were imputed, using the KNNimpute program (Troyanskaya et al. 2001) with
default parameters (15 nearest neighbors). Ratio-style data
were then log-transformed, and arrays were mediannormalized, to account for interarray differences. Each gene
was median-centered, and ranked by standard deviation
across arrays. The top 3000 genes in this ranking were selected
for clustering and standardized across all arrays, so that each
gene’s expression profile had zero median and unit variance.

Software Implementation
We implemented the k-means algorithm with several different distance measures in the Perl programming language
(Wall et al. 2000). Although this algorithm has been implemented for gene clustering, it has not been available in a form
that allowed user-defined distance measures to be easily substituted in. Numerical performance was improved by up to
two orders of magnitude through use of C code for the core
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algorithm, written in-house and interfaced with Perl using
SWIG (Beazley et al. 1998; Beazley 2001) and the Perl Data
Language extension (Soeller and Lukka 1997). GeneCluster
(Angelo 1999) and Cluster (Eisen 1999) were obtained from
their respective Web sites. Hierarchical trees from Cluster
were cut into groups based on distance from the root, again
using in-house C code glued to Perl with SWIG.
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