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In recent years there has been an explosion in the number of studies measuring gene expression
under various different experimental conditions. The outcome of such studies is usually a list
of genes which have been seen to vary between the different conditions and therefore may be
of interest to study further. Increasingly use is made of databases of other information on the
genes in order to provide additional inference. One of the most used in the Gene Ontology (GO)
database (The Gene Ontology Consortium, 2000).

Tests for gene set enrichment (eg. Mootha et al. 2003) compare lists of differentially expressed
(DE) genes and non-DE genes to find which terms in the GO are over or under-represented
amongst the DE genes. Several groups have developed software to carry out Fisher’s exact
tests to find GO terms which are over-represented amongst the genes found to be differentially
expressed in the microarray experiment; for a review see Khatri and Drăghici (2005). The
Fisher’s test essentially compares the proportion of DE genes annotated to a given node with
the proportion of non-DE genes annotated to that node (using the hypergeometric distribution).
Since there is a test for each of several 1000 GO nodes, multiple testing must be taken into
account. This is generally done by controlling the False Discovery Rate (FDR), Benjamini and
Hochberg (1995).

However, there remain some problems in the finding and interpretation of over or under-represented
GO terms. Some difficulties are given here:

I. Interpretation of closely related functions: Since all genes annotated to a given GO node
are also annotated to all its parents, closely related nodes may be found separately signif-
icant, whilst essentially carrying the same information. If the GO graph were a tree, this
problem could be partly solved by choosing a depth of the tree to focus on, according to
the balance of statistical power and specificity of function required. In fact most software
packages available do treat the GO graph as if it were a tree, with levels defined as the
shortest path from the node to the top. However, as the graph is not a tree, one level can
contain child-parent pairs. In the interpretation of the function of the DE genes, these
should not really be treated separately.

II. Statistical power: How far down the GO should we look? The most specific GO terms
have few genes annotated so there is not enough power to find these terms statistically
significant. The more general the GO term, the more genes are annotated to it, but the
less useful it is as an indication of the function of the differentially expressed genes.

III. Dependence between tests: There is a great deal of positive dependence between GO
terms, since many genes are annotated to several GO terms. This can be controlled for
with an appropriate multiple testing correction, but with high dependence the correction
will be very conservative, so some statistically significant terms may be missed.

IV. Discrete Statistics: The statistics involved in comparing proportions are discrete, thus for

53



each Fisher’s test there may only be a small number of possible p-values. This means that
when controlling for FDR at a given level, the actual error rate may be a lot smaller, i.e.
the procedure can be very conservative.

In order to improve the interpretation of results, we propose testing groups of closely related GO
nodes, obtaining a p-value for each group. Using the Poset Ontology Categorizer, or POSOC,
developed by Joslyn et al. (2004), we group GO terms together based on gene annotation and
pseudo-distance between nodes, whilst respecting the structure of the Ontology. This has the
additional benefit of improving statistical power and dependence between tests.

We have also developed a procedure to control the FDR for discrete statistics, which is less
conservative than the usual methods. We apply this in the same analysis and compare the
resulting lists of significant GO terms.

We applied both individual-term tests and group tests to a data set consisting of wildtype and
knock-out mice. This data set was previously analysed with a Bayesian hierarchical model in
Lewin et al. (2006) and the resulting lists of genes input to the FatiGO software (Al-Shahrour
et al. 2004) to find over and under-represented GO terms. Controlling for the FDR (using
Benjamini and Hochberg’s method) led to no terms being found statistically significant.

Analysing POSOC groups for this data set, we find three overlapping groups significant, thus
one area of the GO graph is significantly over-represented with respect to differential expres-
sion. Comparing this analysis with the individual-term analysis, we find that a large proportion
of the most over-represented individual terms are close to the significant POSOC groups, but
were not found statistically significant by themselves. Testing groups of terms has enabled us
to find statistically significant results, for an interpretable region of the graph.
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