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1 A review of previous methods for identifying
molecular signatures

Here we provide a quick review of some of the most relevant methods for finding
signatures, emphasizing how they fail to satisfy some of the signature requirements.
Some of the papers included here do not set as their objectives the identification
of molecular signatures, but because of the methods used, or the contexts in which
they have been cited, or their similarity with methods that are used to find molecular
signatures, it seemed appropriate to include them in this section.

1.1 Methods that return a single signature component or
several components without inherent meaning

In these cases, the component is a weighted average of the expression of a set of
genes. The main drawback of these methods is that components do not necessarily
show tight coexpression. [1] proposed the compound covariate method; they form
a predictor by weighting pre-selected genes using t-statistics; a problem of this imple-
mentation is that extension to problems other than classification into two groups is
not straightforward. The compound covariate method has been applied by [2,3]. A
similar approach uses Diagonal linear discriminant analysis (DLDA), a simple
type of discriminant analysis, that has been shown to perform remarkably well [4,5];
DLDA and compound covariate, in the two class problem, yield very similar results
(there are small differences in the weights of genes). DLDA is restricted to classifica-
tion problems (without limit on the number of classes). Another popular approach
is the weighted gene voting of [6], used also, for instance, by [7,8]. This method
returns a component that is the weighted average of the expression of a set of pre-
selected genes; the weights are given by Golub et al.’s “signal-to-ratio” expression
(which resembles the DLDA expression, except they use an unusual estimate of the
standard error of the difference in expression —see [4]). Extension of this method
to problems other than classification into two groups is not straightforward. [9] de-
veloped the shrunken centroids method, which is also closely related to the three
previous methods; their approach is to find a “shrunken centroid” for each class (i.e.,
the coefficients or weights of most genes are shrunk towards 0) and then classify a
sample to its closest centroid. It is not clear how this method could be used in prob-
lems other than classification. Somewhat similar to shrunken centroids, but worded
and obtained in a very different way, is the method of [10] and [11]: an individual is
assigned to the group with which its gene expression profile is most highly correlated;
the profile of a group is formed by the set of genes that shows strong correlation with
outcome (like a t-test). Extension to problems other than 2-class classification is un-
clear. Many of the methods above use some form of feature selection; [12] proposed
that, instead of using statistics for each gene on its own, gene pair ranking be
used.



1.2 Several signature components: averages

Rosenwald et al. [13] obtain each component as a simple average of “significant genes”
within a signature. Signatures had been previously defined, via clustering, in [14].
Their method was originally devised for survival analysis (Cox model) but could be
used for classification. A similar approach was used by Baechler et al. [15], where
genes that belong to a signature were found using gene expression fold change and
absolute difference with respect to controls. Using simple averages discards informa-
tion about the relative prediction strength of different genes; more importantly, the
signatures or signature components need to have been previously defined.

1.3 Penalized likelihood and ridge regression-like

Eilers et al. [16] use this approach for classification with logistic regression and
Pawitan et al. [17] use it for survival analysis using Cox regression. Basically, these
authors build a model that can include all genes, but drive many coefficients close
to 0 using penalization (these methods have connections with ridge regression and
random effects models). For computational reasons both use SVD before model
fitting. The problem of SVD (and PCA) on the complete set of genes is that it
precludes simple interpretation because all genes have loadings on every component.
SVD, however, is not necessary, as shown in [18] with several microarray data sets.
Regardless of SVD, these methods can return coefficients of the original genes, but
there is no sense in which they return components of genes with tight coexpression.
Dettling and Biihlman [19] combine penalized logistic regression with gene clustering,
without using SVD or PCA, and use as predictors gene cluster centroids; however,
the optimized criteria in their model fitting does not include tight gene coexpression.

1.4 Partial Least Squares

Partial Least Squares (PLS) resemble PCA, but components are obtained so that the
covariance with the dependent variable is maximized [20-22]. Ghosh [23], Nguyen
and Rocke [24], and Gusnanto et al. [18] use PLS for classification; Ghosh uses
optimal scoring to deal with the classification problem, whereas Nguyen and Rocke
and Gusnanto et al. first run PLS on the recoded variable (i.e., dummies for the
classes), and then use a standard classifier (e.g., logistic discrimination). The use
of PLS for survival analysis with microarray data is examined by Park et al. [25].
The PLS solution forces each of the linear combinations of original variables to have
a sample correlation of 0, which is likely to be an inappropriate requirement for
molecular signatures; more importantly, the main problem of PLS is similar to that
of PCA on the complete set of genes: difficulty in the interpretation of components
because each component has loadings of all genes.



1.5 Sufficient dimension reduction: SIR, SAVE, MAVE

Sufficient dimension reduction methods attempt to find a linear combination of the
genes that constitute a “sufficient subspace” (in the sense that the conditional dis-
tribution of Y, the dependent variable, given the sufficient subspace, is independent
of the original predictors). SIR, SAVE and MAVE are three methods for finding
the sufficient subspace. This family of methods is appealing because it does not
require us to specify the functional relationship between dependent and independent
variables. The main problem of these methods is, again, the interpretation of the re-
sulting components, since all genes have “loadings” in every component. Chiaromonte
and Martinelli [26] apply SIR to microarray data; Bura and Pfeiffer [27] apply SIR
and SAVE, and Antoniadis et al. [28] use MAVE. Chiaromonte & Martinelli and
Bura & Pfeiffer need to go through a previous SVD before applying SIR or SAVE
because, otherwise, they cannot invert >; Antoniadis et al. do not use SVD but, for
computational reasons, they need to preselect a subset of genes.

1.6 Bayesian methods

The group of M. West and collaborators have used bayesian methods for finding
supergenes. In [29,30] they first apply SVD and then use probit regression with
bayesian regularization. In [31] they first use SVD on clusters of genes and then
apply bayesian ensembles of classification trees. As with other methods that use SVD
or PCA, interpretation is complicated and metagenes are not made of only tightly
coexpressed genes; in addition, for the second method, there is some arbitrariness in
the selection of the number of clusters and ensembles of trees are difficult to interpret.
Finally, both methods might have limited use because of the difficulties of selecting
priors and setting up the Markov Chain Monte Carlo computation. A somewhat
related approach is that of [32], although they make no attempt to obtain closely
related sets of genes, but concentrate on model selection for classification.

1.7 Other methods

1.7.1 Support Vector Machines

Support vector machines have been applied to microarray data [33-36]. Although
SVM are excellent classifiers [37], they are difficult to interpret and, more important
in our context, there is nothing like a signature component ever returned (and thus
no sense in which tight gene coexpression is attempted).

1.7.2 Supervised harvesting of expression trees

This method was proposed by Hastie et al. [38]. The authors obtain all 2p—1 clusters
of genes using hierarchical clustering. Then, using a forward addition-like method
they build a model of size M (possibly including interactions). Finally, they prune
the model down, and select model size using cross-validation. This approach can
be applied to any type of dependent variable (be it in a classification, regression, or
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survival analysis problem). Supervised harvesting shows similarities with the method
suggested here. However, with supervised harvesting of expression trees, there is no
need for clusters of genes to be of tightly coexpressed genes, and clusters are formed
without using information from the dependent variable.

1.7.3 Wilma: supervised clustering

This method has been developed by Dettling and Biihlman [39]. The information
from the dependent variable is explicitly included in the formation of clusters of
genes. Each cluster of genes is a simple linear combination of genes (i.e., weights are
1 or-1), and genes are added to a cluster until predictive performance (evaluated with
two different statistics) decreases. The number of clusters of genes is to be specified
by the user (i.e., it is not an outcome of the algorithm), and this algorithm would be
difficult to extend to problems other than class prediction. More importantly, tight
coexpression of genes within a cluster is not an explicit objective of the algorithm:
because of the way genes are combined, this algorithm tends to return clusters of
genes that show coexpression, but how tightly coexpressed genes are in each metagene
cannot be specified in advance.

1.7.4 Block PCA

This method has been developed by Liu et al. [40]. They divide genes in blocks
according to correlation (they use cluster analysis) so as to obtain blocks of high
correlation among the genes in that block. Within each block they perform PCA and
select “important” genes. Next, they use a second PCA with the selected genes from
the previous step. Finally, they use these components for classification. Thus, Liu
et al. [40] explicitly try to obtain blocks with high internal correlation. However,
the clusters of genes —both number and composition— are formed without using
information from the dependent variable; in addition, their results show multiple
components being selected from each block (as many as 11 to 16), which makes it
very difficult to interpret results in terms of a few sets of highly correlated genes.

Somewhat related to this approach are the different methods that attempt to
obtain “simple” PCAs, such as in [41-43|, and references therein. If each component
of these simple PCAs has loadings of only a few genes, then interpretation will be
greatly enhanced. However, the search for this simple PCAs is carried out without
any information from the dependent variable (i.e., the objective is to understand the
structure of the independent variables), and thus might not be appropriate when
good predictive performance is required.

1.7.5 Rank-ordered PCA with gene selection

Landgrebe et al. [44] build upon an idea of Krzanowski [45]. They use “rank-ordered
PCA”, a PCA followed by an ordering of the components as a function of their rel-
evance for separating groups. Next, only relevant components are retained, and the



“most important” genes from those components are selected, and used for classifica-
tion. Interestingly, [46] published another approach to PCA with class structure that
seems to supersede his 1992 method; it seems that using Krzanowski’s 1995 method
would only require modification of the first step of the algorithm in Landgrebe et al.
More importantly, the genes returned do not constitute a set of tightly coexpressed
genes (and it is difficult to extend this method to problems other than classification).

2 Extensions to the algorithm

2.1 Other classifiers and other types of dependent and inde-
pendent variables

Including other classifiers is simple: we only need to use the appropriate method in
steps 1 and 5b of the algorithm. In addition, it is straightforward to select seed genes
or exclude genes from signature using other measures of predictive performance, such
as Brier’s score or Sommers’ D,,,, instead of misclassification rates (see [53, p. 248]
for reasons why one might not want to use misclassification error rates). The use of
alternatives measures of predictive performance can be particularly interesting when
many genes yield an error of 0; in these cases, when using DLDA, we might want,
instead, to use separation of groups, and not just prediction error, in particular when
searching for variables that are best for describing differences among the groups [54, p.
390]; measures such as Hotelling’s and Wilks (on, specially, the out-of-sample points)
seem appropriate.

However, use of other classifiers should probably try to preserve simplicity of
interpretation; in this context, then, support vector machines might not be a good
choice, whereas classification trees or other types of discriminant analysis might be
a interesting alternative.

Extension to other types of dependent variables requires only deciding on the
appropriate criterion of prediction error rate. With multiple regression an immediate
choice could be prediction residual standard error. The choice is more complicated
for survival analysis (see [53] for alternatives). In addition, fitting survival models is
computationally more costly than DLDA or NN; thus, instead of using a true cross-
validatory procedure to decide on seed genes or genes to remove from a signature,
a statistic such as AIC (which does not require repeated fitting, but which will
asymptotically lead to the same model selection as cross-validation —e.g. [55]) might
be preferred. We are currently working in this area. Finally, forcing the use of other
independent variables (e.g., sex or age of patients) in the models is straightforward.
An open issue is whether “de-noising” of gene expression values prior to analysis,
such as can be achieved using the “probability of expression” model of Parmigiani
and collaborators [56,57], can be of help for the performance of the signature method.



2.2 Identifying outlying and influential points

Once the scores of each individual on each signature have been obtained, we can
apply the usual diagnostics for the statistical method where the scores are used as
the predictors; therefore, this diagnostics are obtained taking the signature scores
as given. However, it might be more interesting to identify influential and outlying
points in the process of signature component definition. Jolliffe [43] discusses out-
lier and influential points in PCA. Of particular relevance for us, with regards to
influential points, is the change in the genes that compose each signature. Outlier
and influential measures that are meaningful in the context of signatures are relevant
because we thus obtain an indication of samples that affect our very perception of
signatures and sets of coexpressed genes. Further work on this area is in progress.

3 Results: can we recover signatures when they
are present?

The results for DLDA and NN as the underlying predictors are shown in figures 1
and 2.

4 Results: comparison with other classification
methods on real microarray data sets

The results change very little from using DLDA vs. NN, or setting ¢; = ¢5 = 1 vs.
c1 = c3 = 0. We show figures for four possible combinations in Figures 3 and 4.

5 Comparing orientation of within-group subspaces
using Krzanowski’s approach

With our data sets, only for the NCI 60 and the Leukemia data sets we obtain
relatively stable signature components involving a similar set of genes. If we compare
the first signature component between the two groups of patients of the Leukemia
data set, we find an angle of 47° between subspaces. As originally proposed, this
is a descriptive tool because there is no formal definition of what a large angle is;
although 47° seems quite a large deviation between subspaces, it is unclear if it is
really such a large deviation if we take into account the small sample sizes (27 and
11 subjects per group).

This problem can be much better illustrated with the NCI 60 data set, because
the first signature component is made up of only two genes, and thus we can rep-
resent the data using a scatterplot. When there are more than two groups of sub-
jects, Krzanowski [52] shows how we can carry out a simultaneous comparison of
the principal components obtained in all the groups. However, to allow for easier
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Figure 1: Signature recovery when using the signature method with the DLDA pre-
dictor. Each line represents a combination of number of signatures and number of
genes per signature. For instance, I1.20 denotes II signature components with 20
genes per signature component. Based on 20 replicate simulations. To facilitate dis-
tinguishing data, points have been jittereg vertically in the center and right panels.
See text for explanation of variables.
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Figure 2: Signature recovery when using the signature method with the NN predictor.
See figure 1 and text for explanation of variables.
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Figure 3: Predictive performance, as a function of r,,;,, of the signature method using
DLDA as classifier and comparison with SVM, KNN, and DLDA. Figures based on
20 replicates of the 10-fold-CV procedure.
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visualization, we will carry out all the possible two-group comparisons. The data are
shown in Figure 5, using different colors to represent different groups; the triangular
matrix inserted shows the angles between subspaces of every pair of groups. Several
features are to be mentioned; first, there seems to be a clear relationship between
the two genes; second, the angles between subspaces for some groups are very small
(dark green, dark blue, red, purple), and seem to follow along the same direction
as the pooled sample; third, however, the angles are very large between some other
groups (e.g., light blue with red or purple); fourth, we can wonder how much we can
trust these angle comparisons with such small sample sizes.
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NCI 60, first signature component
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Figure 5: Scatterplot of the first signature component and angle between component
spaces. The scatterplot shows the values of the genes that form the first signature
component for the NCI 60 data set, with circles of different colors indicating the
eight different groups of patients. The inserted table shows the angles (rounded to the
nearest integer) between every par of component spaces (i.e., between the component
spaces for each group of patients) using the first eigenvector; for example, the angle
between the component spaces of subjects in the “purple group” and subjects in the
“gray group” is 22 degrees. See text for details.
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