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Abstract

A great deal of recent research has focused on the prob-
lem of selecting differentially expressed genes from microar-
ray data (‘gene selection’). Recent theoretical work has
shown that the effectiveness of a gene selection algorithm
can be captured as a probability called ‘selection accu-
racy’. Unfortunately, in practice, there tends to be relatively
little known about the very features upon which selection
accuracy depends, making it difficult to choose a suitable
method. In this paper we present a ‘consistency analysis’
which allows the inference of posterior distributions over
selection accuracy from data. The utility of our approach
lies in the fact that it can be used to assess gene selection
algorithms in a practical but principled manner, and thus
choose an appropriate method for given experimental data.

1. Introduction

The widespread use of microarrays has meant that gene
selection has become one of the most practically impor-
tant problems in statistical bioinformatics. While numer-
ous methods have been proposed in the literature [4], re-
cent theoretical work [2] has shown that subtle features of
the underlying biological system can have serious effects
on selection accuracy, to the extent that many widely-used
methods may produce quite spurious results. Incorrect re-
sults lead to a subsequent waste of time and resources, of-
ten with no real ‘sanity-check’ until late in the investigative
life-cycle. It is therefore critically important to choose an
algorithm appropriate for given experimental data. In prin-
ciple, selection accuracy is jointly determined by the form
of the selection function and the statistical properties of the
biological system under study. Unfortunately, in practice,
these very statistical properties tend to be unknown. The ab-
sence of labeled data (i.e. datasets with genes flagged as rel-
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Figure 1. Graphical model for consistency.

evant/irrelevant) further means that there is no obvious way
to assess selection accuracy. In this paper we address these
issues by exploiting a simple but powerful notion of consis-
tency, which turns out to be an effective guide to selection
accuracy and algorithm choice.

2. Consistency

Definition: Consider two sets of microarray data D, and
Dy, pertaining to the same biological problem. Each dataset
contains expression levels for the same genes; a ranking
function r produces two orderings of those genes from the
two datasets. Let the s highest-ranked genes in each case be
selected as results and denoted by SET, and SET}, respec-
tively. Sample consistency C'is then defined as:

C(T, S, Da; Db) d;f

|SET, N SET) 1)

Sample consistency is thus the number of genes in com-
mon between the two sets, and depends on ranking func-
tion, data and number of genes selected. When only a sin-
gle dataset is available, sample consistency can be obtained
by iteratively partitioning the data into disjoint halves.

A simple example will provide an intuitive sense of the
relationship between consistency and probability of suc-
cess. Consider a scenario where the total number of genes
runs into the thousands, with only a few dozen being truly
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NORMALIZED  SELECTION | ‘Confidence’ for FUNCTION VS.:
FUNCTION CONSISTENCY ACCURACY | DOM SAM TS
Difference of means (DOM) 0.14 0.50 - 0.53 0.85
SAM statistic (SAM) 0.13 0.49 - - 0.84
t-statistic (TS) 0.06 0.29 - - -

Table 1. Results of consistency analysis on leukaemia microarray data.

relevant. Suppose also that some proportion of the genes se-
lected by an algorithm are false positives. Then, provided a
good number of these false positives are chosen more-or-
less at random from the large pool of irrelevant genes, the
variability in their identities will tend to be high, compared
to the corresponding variation among the relevant genes se-
lected. Hence, the greater the proportion of relevant genes
among those selected (i.e. the higher the selection accu-
racy), the more agreement there will tend to be between
result-sets. It can be shown (under quite benign conditions)
that the expected value of sample consistency must be posi-
tively correlated with underlying (and unobservable) selec-
tion accuracy. This result that can also be easily verified by
simulation.

Probabilistic analysis. Figure 1 shows a probabilis-
tic graphical model [3] for sample consistency C. Nodes
represent random variables, and edges the statistical de-
pendencies between them. The Figure shows that selec-
tion accuracy g (for a given ranking function) depends only
on model M, total number of genes g, number of rele-
vant genes g1 and number of genes selected s. Sample con-
sistency, in turn, depends only on g, g1, s and the numbers
of relevant genes selected from two datasets (s{ and s} re-
spectively). Space does not permit a full description of
the model, but the important point to note is that C' de-
pends on model M only via selection accuracy ¢: in other
words, sample consistency is conditionally independent of
the model, given selection accuracy. Since we are inter-
ested only in inferring selection accuracy given observed
C, we can avoid having to explicitly deal with model M al-
together. This enables us to ‘side-step’ the problem we
mentioned at the beginning of not having sufficient knowl-
edge about the underlying model. Using Bayes’ theorem,
the posterior density over selection accuracy ¢, given sam-
ple consistency C, is:

P(C | q)p(q)
C) = 2
Pl = TR onte) da @

Suitable priors are chosen for ¢ and g; and the likelihood
term P(C' | ¢) computed by marginalizing over the discrete
random variables s¢, s and g;.
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3. Reaults

We applied consistency analysis to a widely-studied mi-
croarray dataset pertaining to leukaemia [1]. Following pre-
processing, consistencies were computed for each of the
three selection methods for which theoretical results were
presented in [2]. The graphical model described above was
then used to infer posterior distributions over selection ac-
curacy. Results are summarized in Table 2: the simple ‘dif-
ference of means’ method (this is essentially a fold analy-
sis) has the highest consistency and (MAP estimated) selec-
tion accuracy. Our explicitly probabilistic approach means
that we can easily compute a level of confidence in any de-
cision made as to whether one algorithm or another is more
suitable for the given data. We obtain a confidence score
by asking how certain we can be that one method is more
effective than another: that is, by computing the posterior
probability that its selection accuracy is higher. Confidence
scores (for each pair of methods) are also shown in Table 1.
It is clear that the difference in observed consistencies be-
tween difference of means and SAM is insignificant; how-
ever, it is equally clear that the t-statistic is badly suited to
this data. Looking at these results in light of the theoretical
work mentioned above, we conjecture that relevant genes in
this dataset may have higher variances than irrelevant ones.

In conclusion, this paper has briefly outlined the
use of consistency analysis in the assessment and
choice of gene selection algorithms for microar-
ray data. Full theoretical details and empirical results
will follow; supplementary information is available at
www.robots.ox.ac.uk/~sach/research.html.
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