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Inserted for the posted version of talk

✦ This talk is drawn from a paper I have recently written for the
Journal of Multivariate Analysis (JMVA), entitled “Problems in gene
clustering based on gene expression data”. It will appear in an
upcoming special issue on analysis problems confronted with
microarray data and other high-dimensional genomic data. At this
time (May 12, 2004), you can download the PDF version of this
article from the “In Press” section of the JMVA website.

✦ Given that a talk is much more than the “Powerpoint” slides that
prompt the speaker, I would encourage the reader to consult the
above paper instead of or in addition to this document. It is, by
definition, much more suited to stand on it own.
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Cluster analysis and microarray data

✦ Eisen et al [9] (“Cluster analysis and display of genome-wide
expression patterns”) imprinted cluster analysis on the community

✦ Eisen precedent + explosion of array data = widespread
(over?)application of cluster analysis

✦ The Hope:

similarity in a
measurable
quantity, such as
mRNA abundance

?=

similarity with respect to more
elusive, fundamental qualities
– function? regulatory control?
– pathway or complex membership?

✦ Two very different problems confronted:

– Grouping subjects or tumors or conditions, i.e. the columns
– Grouping genes, i.e. the rows. Our focus is here.
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Typical cluster analysis of microarray data

✦ Data organized in a spreadsheet; row = gene, column = array

Gene Array 1 Array 2 . . . Array c . . . Array C

1 3.28 3.06 . . . 3.39 . . . 3.14
2 7.77 8.15 . . . 6.77 . . . 6.42
. . . . . . .
g 5.57 5.55 . 7.38 . 6.98
. . . . . . .
G 11.96 12.14 . 12.06 . 11.50

✦ Rows, i.e. genes, reordered and grouped via cluster analysis,
often hierarchical

✦ Certain genes and clusters are highlighted, with biological themes.
For example, see the aforementioned Eisen paper.

❘ ➙ ➙➙ ➙❘ ➚➚ ✴ ✗ w - 3 -

http://hajek.stat.ubc.ca/~jenny


Typical analysis (cont’d)

✦ Eisen yeast analysis done on a metadataset spanning

– Temporal expression during diauxic shift (7 times), mitotic cell
division cycle (18 times), . . . , and so on

– In total, no less than C ≈ 75 conditions studied (one array each)
from eight separate experiments

✦ If more arrays are available, authors suggest that “. . . when
designing experiments, it may be more valuable to sample a wide
variety of conditions than to make repeat observations on identical
conditions”.

✦ The analyst needs to be careful about the above issue. Basically
comes down to whether the analysis is to be exploratory and
far-ranging versus very quantitative and narrowly focused. Do you
want to talk about statistical significance? If so, little to no
replication and many conditions will make this essentially
impossible.
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✦ Common questions: which clustering method? is the clustering
’real’? how to set up the experiment?
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Where we are heading

✦ Description of the gene grouping exercise.

✦ Is there evidence for natural clusters? . . . Not really.

✦ Why you can pick your favorite algorithm and feel good about it.

✦ What does the “noise” in array data do to a clustering? What is the
standard deviation of a cluster?????

✦ What do the these considerations say about experimental design?

✦ Running themes

– An historical perspective from taxonomy
– Data examples: CAMDA mouse data, UBC WRI yeast

time-course data
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Interesting parallel with taxonomy

✦ One of first fields to rely heavily on cluster analysis was taxonomy

✦ Spirited debates between the “numerical taxonomists” and the
more traditional “orthodox taxonomists”; fascinating review article
by Johnson in 1970 (“Rainbow’s End: The Quest for an Optimal
Taxonomy”, [14])

✦ Within taxonomy community, applying and inventing new clustering
methods became a cottage industry

✦ Practitioners drew fire from both the traditionalists in their own field
and from the statisticians; another relevant review of cluster
analysis from statistical literature written by Cormack in 1971 (“A
Review of Classification”, [5])

✦ Comparison with current world of genomics & bioinformatics, more
conventional ’bench science’, ivory-tower statisticians both fun and
informative
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Taxonomists were data poor and blessed with
computers!

“One of the principal impediments to the development of
numerical taxonomy is the difficulty biologists have of
measuring and recording taxonomic character at speeds and in
quantities commensurate with the ability of modern computers
to process these data.”[5]

“Are phenetic numerical methods, then, of value in practical
systematics? I think they can be, especially now that computers
can process high-order matrices (approaching 200 “objects”, or
even more) . . . . [14]
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Work on clustering methodology not always welcome

“The theoreticians of numerical taxonomy have enjoyed
themselves immensely over the past decade . . . . Anyone who
is prepared to learn quite a deal of matrix algebra, some
classical mathematical statistics, some advanced geometry, a
little set theory, perhaps a little information theory and graph
theory, and some computer technique, and who has access to a
good computer and enjoys mathematics ... will probably find the
development of new taximetric method [sic] much more
rewarding, more up-to-date, more ’general’, and more
prestigious than merely classifying plants or animals or working
out their phylogenies.” [14]
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Statisticians could be patronizing

“Every point raised by Tukey (1954) in his general principles
for statisticians has relevance for taximeters. Most users ignore
three of these dicta [5]:
✦ ’Different ends require different means and different logical

structures.’
✦ ’While techniques are important . . . knowing when to use

them and why to use them is more important.’
✦ ‘In the long run it does not pay a statistician to fool either

himself or his clients. But how in practice does one tailor
statistical methods to the real needs of the user, when the
real need of the user is to be forced to sit and think?’
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Some sympathy finally – from a statistician

”. . . defence of those poked fun at by Johnson . . . .
Taxonomists realized that they had a set of problems that could
be looked at numerically but found most established statistical
techniques irrelevant. Statisticians have been slow to help
develop new techniques . . . . We can hardly be surprised that
taxonomists took matters into their own hands. No doubt much
”numerical taxonomic” work is logically unsound but . . . if
statisticians do not like the formulations and solutions proposed
they should do better, rather than denigrate what others have
done. Taxonomists must find it infuriating that statisticians,
having done so little to help them, laugh at their efforts. I hope
taxonomists who have real and, I think, interesting problems find
it equally funny that so much statistical work, although logically
sound, and often mathematically complicated (and surely done
for fun), has little or no relevance to practical problems. They
might prefer imperfect solutions to ill-defined problems than
perfect solutions to well-defined non-problems . . . .”
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Cluster analysis: the short version

✦ Each object g exhibits an attribute µg = (µg1, . . . µgc, . . . µjC) ,
which reflects important features.

✦ The distance between objects g and b, denoted Dgb, is some
function of the attributes Dgb = d(µg,µb).

✦ Objects are grouped into clusters; goal is to create clusters of
objects that are similar to each other and dissimilar to those in
other clusters.

✦ Many methods are just recipes; no attempt to find something
“optimal”.
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Geometric insight into clustering

✦ Each object g is a point in a C-dimensional space, with its location
given by its attribute µg = (µg1, . . . , µgc, . . . , µgC).

✦ Think of the collection of objects one or more point clouds in
attribute space. See an example.

✦ Natural clusters are regions in the space that are densely
populated, separated from other such regions by regions that are
sparsely populated [10] – internal cohesion and external isolation
[5].

✦ In the absence of natural clusters, grouping is called data
dissection [5, 17] or segmentation [13]. All groups of objects can
be dissected or segmented – not all can be clustered [5]. Revisit
example.
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Natural clusters
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Data has been clustered

Attribute 1

A
ttr

ib
ut

e 
2

Data is segmented

Attribute 1

A
ttr

ib
ut

e 
2

❘ ➙ ➙➙ ➙❘ ➚➚ ✴ ✗ w - 15 -

http://hajek.stat.ubc.ca/~jenny


Natural clustering versus data segmentation

✦ Natural clusters strongly linked to mixture models and, therefore,
to clustering algorithms with statistical underpinnings.

✦ Data segmentation is not statistically motivated. Subjective
evaluation and interpretability guide the analysis.

✦ “. . . there is a danger of interpreting all clustering solutions in terms
of the existence of distinct (natural) clusters. The investigator may
then conveniently ’ignore’ the possibility that the classification
produced by a cluster analysis is an artefact of the method and
that she is imposing a structure on her data rather than
discovering something about the actual structure. This is a very
real problem in the application of clustering techniques . . . ” [11]

✦ So which applies to gene grouping?
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Mixture model example

MVN( (1.5, 0), 0.65)

Component 1

p1 = 1 2

MVN( (−3, 2.5), 0)

Component 2

p2 = 5 12

MVN( (−2.5, −3.5), −0.7)

Component 3

p3 = 1 12

Plausible data

Clustering −− Method 1

Clustering −− Method 2
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Methods based on probability distributions

✦ Some clustering methods refer to an underlying probability model
that is generating the observed attributes, e.g. a mixture model.

✦ True clusters correspond to certain features of that distribution,
e.g. to components of the mixture. See figure.

✦ Mixture model assumption implies

– Primary interest lies in the components, i.e. the different black
boxes generating data

– Individual objects are only interesting insofar as they give info on
the underlying distribution – they are just fleeting manifestations

✦ Mixture model assumption hard to defend in absence of natural
clusters.

✦ Mixture model assumption less useful when the objects being
clustered have external, persistent meaning.
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✦ Probability-motivated algorithm can still be useful for data
segmentation, but no longer any math-based claim to being
“better”.
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Data segmentation often extremely useful

✦ ” . . . it is the usefulness to the investigator of the division into
groups which is of importance, and that even if the division were
not ’significant’ it does not follow that it should not be effected, for
the amount of data may be so large that the best possible
subdivision, though non-significant, may be more useful than none
at all. In other words the investigator may wish to use the cluster
analysis technique for dissecting data containing no cluster
structure.” [10]

✦ Examples of worthwhile data segmentation – theme is data
reduction

– Dividing a town into postal districts
– Dividing student grades into classes A, B, C, . . .
– (Dividing an entire genome into a manageable number of

clusters that can be explored individually.) Back to comparison.
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The gene grouping problem

✦ Each gene g has an attribute or expression trajectory
[23, 4, 3, 19, 20, 24], given by its typical expression level under
each condition: µg· = (µg1, . . . µgc, . . . µjC).

✦ Stack these row-wise across the genome to get µ, an G by C
attribute matrix; rows of µ are gene-specific expression trajectories
and columns are condition-specific expected expression profiles.

✦ Choose a distance metric and compute the G by G distance matrix
D. Supply D or µ to your favorite algorithm.

✦ Food for thought: do typical microarray datasets exhibit natural
clusters in the attribute space?
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Example: Project Normal mouse data

✦ Data from Pritchard et al [21], also served as competition dataset
for CAMDA 2002 [1]

✦ Three tissues (liver, kidney, testis) studied with cDNA arrays for
about G = 5, 800 genes.

✦ Gene attribute is the collection of tissue-specific expected
expression values: µg· = (µg,liver, µg,kidney, µg,testis).
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Comments on Project Normal data

✦ Densest part of point cloud is around (0,0,0), which means roughly
equal expression in all three tissues.

✦ Three ’arms’ radiate out, one for each tissue pair. Each gives
genes with equal expression in two tissues, different in the third.

✦ Sporadic points elsewhere, which are genes with differential
expression across all 3 tissues.

✦ Liver and kidney quite similar in expression profile, whereas the
testis is quite different.

✦ Although genome doesn’t fall in a nice sphere, there aren’t natural
clusters – the populated regions are contiguous, not disjoint.
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Comments on Project Normal data (cont’d)

✦ Most obvious structure is the arms; cluster analysis is a very
convoluted way to “rediscover” them. More straightforward to look
for the patterns explicitly (liver = kidney 6= testis), (liver 6= kidney =
testis), etc.

✦ Typical analysis would first filter out the uninteresting genes near
(0,0,0), leaving behind the three ’arms’.

✦ These arms would then appear to be natural clusters, but are in
fact just an artefact of the initial filter.
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Example: yeast time-course data

✦ Van Vuuren lab (specifically, Virginia Marks) at the UBC Wine
Research Institute created a study of yeast gene expression over
time.

✦ Five study times are 24, 48, 60, 120, and 340 hours. At each time
point, samples are extracted and expression analysis is performed
using Affymetrix GeneChips.

✦ We study data for about G = 6, 900 “probe sets”, i.e. genes.

✦ The five study times comprise the C = 5 conditions of interest.
Attribute could be the time-specific expectations:
µg· = (µg1, . . . , µg5).
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✦ However, we use a simple quadratic model to descibe the
expression trend over time for each gene g

Yg(t) = β0,g + β1,gt + β2,gt
2 + εg(t), (1)

✦ Gene-specific parameter βg = (β0,g, β1,g, β2,g) summarizes the
true temporal trend and is the basis of our gene attribute.

✦ Since interest is in shape of trend, not absolute level, we focus on
the linear and quadratic terms (β1,g, β2,g). Allows us to plot
genome in the plane.
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