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1 Replications of the same statistical test
Most analyses carried out using high throughput data consist of the repetition of the same statistical test for all genes in the dataset. As a result of
such replicated analysis we get, for each gene, several estimates of statistical
parameters: statistics, p-values or confidence intervals. Being aware that most
statistical methods were developed to test for a single hypothesis, researchers
will usually correct p-values for multiple testing before choosing a cut-off that
will indicate the rejection of the null hypotheses, whichever it is. Once chosen
the genes with alternative pattern (meaning different form the one stated in
the null hypothesis) the next step is to biologically interpret such departure
from hypothesis. Different repositories of functionally relevant biological information such as Gene Ontology [1], KEGG [2] or Interpro [3] are available
and can be used for the functional annotation of genome-scale experiments.
Thus the functional properties of the selected genes can be analysed.
The trouble of this approach is that, by discarding genes with p-values
above the cut-off, we loose most of our information. Not only we loose the
measurements taken over the genes but also the functional annotation that
could be linked to them from repositories, making it difficult the biological
interpretation of results.

2 Blocks of functional genes
Aiming to prevent such waste of information, some authors have recently
proposed to directly analyse the behaviour of blocks of functionally related
genes in a whole-genome context. The Gene Set Enrichment Analysis (GSEA)
[4,5], the FatiScan [6,7] or the Global Test [8,9] constitute examples of this type
of approach inspired from systems biology. This three methodologies address
the issue of whether the general expression pattern of a group of genes, for
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example a GO term or a KEGG pathway, changes across biological conditions.
Here we will discus just some particular aspects of these methods but a more
general view of this and similar methods can be found in Dopazo’s revision of
2006 [10].
The Global Test uses generalised linear models to study the relationship
between the expression of the genes of the block of interest and a characteristic
associated to each biological sample. Such characteristic may be a categorical
condition, like the class of the microarray in the context of differential gene
expression, or a continuous variable such as a level of a metabolite. In this
approach we can see a change in the philosophy of the analysis. The unit of
interest is not any more a single gene but a block of genes with a common
biological meaning. This new way of looking at the data provides, among
others, obvious advantages for the biological interpretation of results and for
the p-value adjustment. We just need to correct by the number of blocks,
usually smaller than the number of genes.

3 The overall approach
The block of genes is also the unit of interest of the GSEA and the FatiScan.
These two methods are similar to the Global Test in that they are also used
to discover groups of genes which overall expression pattern changes across
biological conditions. Nevertheless, GSEA and FatiScan consider all genes in
the data when analysing each of the blocks. They compare the pattern of
the genes of one block with the general pattern of the genes in the whole
dataset. GSEA is particularly designed for the two class comparison context
while FatiScan may be applied in a wider range of studies.
The rationale underlying both methodologies is that, if a property of genes
can be described using a continuous index, then the statistical distribution of
such index within a functional block of genes can be compared to the general
distribution of the index across all genes in the data. We can therefore asses
whether the property described by the index depends on the characteristic
that defines the block of genes
As said before GSEA is developed for the two class comparison. In this
methodology, a signal-to-noise ratio comparing mean expression across classes
is computed for each gene in the dataset. This statistic can be seen as a continuous index that ranks the genes according to their differential expression,
from those more expressed in one of the biological conditions to those more
expressed the second condition, passing through those genes non differentially
expressed. Then, given a block of genes, for instance a functional class that we
may be interested in, we can compare the distribution of the signal-to-noise
ratio of the genes in the block to the distribution of the same statistic in the
remaining genes. If the values of the signal-to-noise ratio are, for instance,
systematically higher in the genes of the block compared to the genes in the
whole dataset, we will conclude that, as a block, the genes of the functional
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class of interest are overexpressed in one of the biological conditions. GSEA
uses a modification of the Kolmogorov-Smirnov test to asses differences between the signal-to-noise ratio in the class of interest and in the rest of the
genes. Significance of the modified Kolmogorov-Smirnov statistic is computed
in GSEA using permutations of the expression data. The original expression data is permuted several times, the signal-to-noise ratios are calculated
over each permuted expression dataset and the modified Kolmogorov-Smirnov
statistic is computed over each new distribution of the signal-to-noise ratio.
Thus GSEA can estimate the random variability of the Kolmogorov-Smirnov
statistic and test its significance in the original data.

4 Detaching concepts and algorithms
FatiScan follows the same analytical philosophy than GSEA but with a more
general and flexible approach. FatiScan implements a segmentation test which
checks for asymmetrical distributions of biological labels associated to genes
ranked by any index. The main difference is that FatiScan does not implement a permutation test to asses such asymmetry. Therefore, the algorithm
that computes the index and the algorithm that analyses the distribution of
the index are completely separated so the calculations can be done in two
different steps. This means that FatiScan can be used to study the relationship between biological labels associated to genes and any type of experiment
whose outcome is a sorted list of genes or a variable that can be used to rank
genes according to some characteristic of interest. Block of genes sorted by
differential expression between two experimental conditions can be studied as
it would be done using GSEA. But with FatiScan we can also consider many
other gene properties or characteristics.
We can easily explore the correlation between gene expression and a clinical continuous variable such as the level of a metabolite. First, for each gene
we will compute the correlation between its expression measurements and the
levels of the metabolite. Thus we can range the genes from those which expression is more positively correlated to the levels of the metabolite to those
inversely correlated, passing by genes which expression does not correlate
with the clinical variable. In a second step, FatiScan explores the distribution
of such correlation measurements, testing whether the distribution of correlations within a block of genes is different from the overall distribution of
correlation in the dataset.
We can fit a Cox proportional hazard model to each gene in our data in
order to study the relationship between gene expression and survival times.
The estimates of the slope coefficients may be used as an index that ranks
genes from those which increased expression is associated with long time survival to those which increased expression is associated to an early death. After
computing this rank-index, FatiScan will find those blocks of genes for which
the distribution of the slopes differs from the global distribution of the slopes.
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The complete separation of the two steps in FatiScan analysis is the key
point which provides its flexibility to the method. Such flexibility makes possible to handle many different sources of information, not only microarray
gene expression data. Any lists of genes ranked by any other experimental
or theoretical criteria can be studied. Genes can be for example arranged by
physico-chemical properties, mutability, structural parameters and so on. In
order to understand whether there is some biological feature, characterised by
the blocks of genes, which is related to the experimental parameter studied.

5 Coda
The three methodologies here mentioned illustrate two of the main new conceptual trends in the analysis of functional genomic data.
The first one is the change of the descriptive unit used to address biological
studies, shifting from gene to functional class. Gene still remains the unit of
measured information, as what we record at the end is gene expression. But the
conceptual entity over which biological interpretation is done, is the functional
class of genes. New analytical strategies, like those above mentioned, should
consider this fact in order to use the available information in the most efficient
an meaningful way
The second one is probably more subtle but not less important. Usual
genomic studies follow the classical statistical approach in which one or several hypotheses are stated, estimate statistics and p-values are computed from
data and finally, hypotheses are accepted or rejected depending on such estimated values. The analytical approach explicit in FatiScan an implicit in
GSEA shows how estimated values provided by one first statistical analysis
are not directly interpreted in terms of acceptance or rejection of hypotheses.
Instead they are treated as variables quantifying some characteristic of the
genes under study. This new variables may then be analysed using statistical methodologies. Thus, statistical results of one step of the analysis become
themselves a new dataset which needs to be explored in a second analytical
step. As we see, modular implementations of complex data analysis strategies
like FatiScan, seem to be both, conceptually useful for the analysis of biological data and computationally advantageous, calling for the development of
the theoretical framework within which combinations of statistical methods
can be properly done.
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