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1 Introduction.

In recent years, a great deal of research has focused on the statistical task of selecting differ-
entially expressed genes from microarray data (‘gene selection’). In this poster, we present a
novel gene selection procedure in which test statistics are learned from data, using a simple
notion of reproducibility in selection results as the learning criterion. Reproducibility, as
we define it, can be computed without any knowledge of the ‘ground-truth’, but nonetheless
provides an asymptotically valid guide to expected loss under the true data generating distri-
bution. Empirical results on simulated and real microarray data demonstrate the accuracy
and robustness of our method compared with two widely-used test statistics.

2 Theory.

Our aim is to learn test statistics for gene selection from data. Ideally, we would like to
choose a test statistic which minimises expected loss under the true data-generating distri-
bution. However, in gene selection, we can neither adequately characterise the underlying
distribution, nor compute error on given data (since we do not know which genes are truly
differentially expressed), so we cannot hope to directly minimise expected loss. Instead we
use as our learning criterion a simple notion of reproducibility. We define the reproducibility
of a test statistic as the number of genes in common between gene-lists obtained using that
statistic from a pair of datasets drawn from the same underlying distribution, and estimate
it using a bootstrap procedure. Formal results show that asymptotically, reproducibility is
anti-correlated with expected loss (under certain quite benign conditions), such that max-
imising reproducibility is equivalent to minimising expected loss. Thus, if R(f, D) is the
reproducibility of test statistic f on data D, we will use the function f∗ as our test statistic:

f∗ = arg max
f∈F

R(f, D) (1)

Where F is a suitably chosen family of test statistics. For the problem of selecting
differentially expressed genes from two-class expression data we use the family of statistics F
defined by (di + k1)/(k2 × σ̂i + k3). Here, di refers to the absolute difference in sample means
between the two classes for gene i, and σ̂i to the standard deviation for gene i. The ks are
parameters to be learned and are constrained in the following way: k1, k3 ∈ [0, 5]; k2 ∈ {0, 1}.

3 Results.

Simulated data were generated (following a similar procedure to [2]) under a series of chal-
lenging conditions, including differing variances, non-normality and bi-modality. In each
case, we generated 200 datasets, each with 1025 “genes”, of which 25 were truly differen-
tially expressed. We used these datasets to obtain ROC curves and box-plots of the number
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(a) Simulated non-normal data
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(b) Spike-in microarray data obtained from GeneLogic Inc.

Figure 1: Results on simulated and benchmark microarray data. The box-plots show
the number of true positives discovered when the number of genes selected is fixed.

of true positives discovered (when the top 25 genes are selected), for our method as well as
the t-statistic and SAM [1]. In most cases, we found our method outperformed both the t-
statistic and SAM, with the improvement being very significant in many cases. Interestingly,
under some conditions (equal variances, Normal data, moderate sample-sizes), our method
‘learned’ the t-statistic; but, when the data-generating distributions departed significantly
from the canonical model, our method continued to perform well, usually learning a close-
to-optimal member of the family F defined above. Figure 1(a) shows the results of one of
our experiments; here, the underlying model is significantly non-normal.

We also applied our method to a spike-in study conducted by GeneLogic (Gaithersburg,
MD); the ROC curves and box-plots shown in Figure 1(b) were obtained using a resampling
procedure. Again, our method clearly outperforms both the t-statistic and SAM.

In conclusion, we have proposed a data-adaptive procedure for selecting differentially
expressed genes from microarray data. The method is both principled and effective, and
outperforms widely-used methods on simulated as well as real microarray data.
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