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Role of cluster analysis in genomics

Pressing need to group genes based on similarity in some
biological response or feature

Can help to characterize poorly understood genes, point toward
mechanisms or pathways involved in process, etc.

Eisen et al [3] paper extremely influential; established cluster
analysis as the analytical approach of choice

(NOTE: This discussion is focused on the clustering of genes, not
on the clustering of patients or samples. Specifically, not aimed at
the situation in which observations (i.e., patients or samples) are
plausibly derived from a mixture model.)
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Key features of Eisen approach

0 Applied hierarchical clustering to time course data in yeast,
derived from eight separate experiments; in total, 75 'conditions’
were studied, i.e. condition = individual timepoint w/in one exp't

M O 0 ool ddidw -2-


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

Key features of Eisen approach

0 Applied hierarchical clustering to time course data in yeast,
derived from eight separate experiments; in total, 75 'conditions’
were studied, i.e. condition = individual timepoint w/in one exp't

0 Each 'condition’ (= array) is used as a variable in defining pairwise
gene-to-gene similarities

M O 0 ool ddidw -2-


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

Key features of Eisen approach

Applied hierarchical clustering to time course data in yeast,
derived from eight separate experiments; in total, 75 'conditions’
were studied, i.e. condition = individual timepoint w/in one exp't

Each 'condition’ (= array) is used as a variable in defining pairwise
gene-to-gene similarities

Similarity is based on a guantity inspired by conventional
correlation

M O 0 ool ddidw -2-


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

Key features of Eisen approach

Applied hierarchical clustering to time course data in yeast,
derived from eight separate experiments; in total, 75 'conditions’
were studied, i.e. condition = individual timepoint w/in one exp't

Each 'condition’ (= array) is used as a variable in defining pairwise
gene-to-gene similarities

Similarity is based on a guantity inspired by conventional
correlation

Primary output is a colored depiction of the raw data, ordered and
augmented by a dendrogram of the gene clustering

M O 0 ool ddidw -2-


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

Key features of Eisen approach

Applied hierarchical clustering to time course data in yeast,
derived from eight separate experiments; in total, 75 'conditions’
were studied, i.e. condition = individual timepoint w/in one exp't

Each 'condition’ (= array) is used as a variable in defining pairwise
gene-to-gene similarities

Similarity is based on a guantity inspired by conventional
correlation

Primary output is a colored depiction of the raw data, ordered and
augmented by a dendrogram of the gene clustering

Tree gets pruned at a certain level and, for certain clusters,
biological themes are identified
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Comments on Eisen approach

0 Extremely valuable for “organizing” and “illuminating order” in the
dataset
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Comments on Eisen approach

0 Extremely valuable for “organizing” and “illuminating order” in the
dataset

0 First paper to show coexpression often exhibited by genes that
share common roles in cellular processes

O Still, not an appropriate template for many microarray studies today

— Community, journals, granting agencies demanding more
guantitative analyses

— In default implementation, cluster analysis is not “noise-aware”;
microarray data terribly noisy

— Data collection strategy and similarity measure may behave
strangely in the limit
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Accounting for noise

O Typically, variables used for clustering are rather stable, easy to
measure features of the objects
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Accounting for noise

Typically, variables used for clustering are rather stable, easy to
measure features of the objects

Given choice of variables, distance, clustering algorithm, the
clustering structure is completely defined

MRNA abundances, as measured by microarrays, contain
substantial variability due to lability, biological diversity,
measurement error

Given the clustering procedure, we would obtain very different
gene clusterings based on hypothetical repeats of the experiment

Statisticians have unique advantage in ability to qualify analytical
results with information about uncertainty (p-values, standard
errors, family-wise error rates, false discovery rates); why don’'t we
do so (more often, at least) with gene clusters?
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Correlation-inspired similarities

0 Eisen’s modified 'correlation’ similarity between genes ¢ and k
across conditions 1,...,¢c,...C, based on the events X, . = z,.:

LS

= \/C’l Z(mgc — wy)?

where

0 Gene-specific offsets w, often taken to be 0, i.e. the null log ratio
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Correlation-inspired similarities

Eisen’s modified 'correlation’ similarity between genes g and &
across conditions 1,...,¢c,...C, based on the events X, . = z,.:

LS

= \/Cl Z(mgc — wy)?

where

Gene-specific offsets w, often taken to be 0, i.e. the null log ratio

Why should this similarity approach any particular fixed limiting
value as we accumulate more (single-sample) observations from

ever more conditions?
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O If there were such a limiting value, globally across all possible
conditions, is this a biologically meaningful parameter for most
gene pairs?
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O If there were such a limiting value, globally across all possible
conditions, is this a biologically meaningful parameter for most

gene pairs?
0 (NOTE: When studying a finite set of conditions and accumulating

more data within that set (example: a single time course study), a
correlation-inspired similarity measure can be very meaningful.)
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The myth of gene clusters — part one

0 Gene clusters rarely defined a priori.
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The myth of gene clusters — part one
0 Gene clusters rarely defined a priori.

0 Presents a chicken-egg problem:

— The data collection, choice of gene-specific inputs, definition of
dissimilarity, and clustering algorithm should be geared towards
uncovering biological gene groups of a certain type

-~ Meanwhile, with data already collected, the subject-matter
Investigators eagerly await the cluster analysis results to see
what (if any) biological interpretation they might have

0 Need biological notion of a gene cluster and sense of what
evidence might appear in gene expression data

0 Under what set of conditions, with respect to what data summary
and definition of distance, can we expect two genes that 'cluster’
biologically to appear 'close’ to each other?
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0 Huge source of misunderstanding and major disconnects

— Biological notion of cluster often driven by functional role of
encoded protein

— By necessity, computational notion of cluster driven by
coexpression

— And yet, it is entirely possible to have functional similarity and no
coexpression and vice versa
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0 Huge source of misunderstanding and major disconnects

— Biological notion of cluster often driven by functional role of

encoded protein
— By necessity, computational notion of cluster driven by

coexpression
— And yet, it is entirely possible to have functional similarity and no

coexpression and vice versa

0 Generally, it is not clear that the computational clustering we are
able to estimate would converge to the biological clustering the
subject-matter experts wants, even with an infinite amount of data.
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The myth of gene clusters — part two

0 Idealized clustering structure — clouds of points that are separated
— Is simply not present in gene expression data
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— Is simply not present in gene expression data

0 Most appropriate way to view gene clustering is as a method of
segmentation

0 Hastie, Tibshirani, Friedman [5] contrast segmentation with
clustering; in the former, we group similar things. In the latter, we
go further by seeking (requiring?) that clusters form distinct
subgroups, i.e. clusters that are separated or isolated from each
other.
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The myth of gene clusters — part two

|dealized clustering structure — clouds of points that are separated
— Is simply not present in gene expression data

Most appropriate way to view gene clustering is as a method of
segmentation

Hastie, Tibshirani, Friedman [5] contrast segmentation with
clustering; in the former, we group similar things. In the latter, we
go further by seeking (requiring?) that clusters form distinct
subgroups, i.e. clusters that are separated or isolated from each
other.

Gene clustering allows us to form manageable,
biologically-coherent (?) groups of genes. True separation
between clusters is rare.
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The myth of gene clusters — part two

0 Cluster separation, when present, is usually an artefact of a filter
applied prior to cluster analysis. Such a filter often clears out
certain (null or uninteresting) areas of the 'gene expression’ space,
leaving behind nicely separated clusters.
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The myth of gene clusters — part two

0 Cluster separation, when present, is usually an artefact of a filter
applied prior to cluster analysis. Such a filter often clears out
certain (null or uninteresting) areas of the 'gene expression’ space,
leaving behind nicely separated clusters.

0 Raises the question of whether we can interpret conventional
measures of clustering strength, e.g., average silhouette width, in
this context. Do we expect or need to see separation?
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lllustrating the clustering vs segmentation issue

0 Collaborators at UBC are studying yeast over time. We pose a
regression model for expression over time and use the
gene-specific regression parameters as inputs for seeded and
unsupervised clustering.
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lllustrating the clustering vs segmentation issue

0 Collaborators at UBC are studying yeast over time. We pose a
regression model for expression over time and use the
gene-specific regression parameters as inputs for seeded and
unsupervised clustering.

0 Since modeling is not the priority, we have chosen a rather simple
guadratic model that appears to capture shape of temporal profiles
well:

Y,(t) = Bog + Bigt + Bo.gt® + €4(t)

0 Overall expression level is not of great interest, therefore we focus
on (41,4, B2.4) @s the gene-specific information.
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Estimated regression coefficients
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Expression trends across the genome
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