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Functional profiling is a key step of microarray gene expression data analysis. Identifying co-
regulated biological processes could help for better understanding of underlying biological
interactions within the studied biological frame. We present herein an original approach designed to
search for putatively co-regulated biological processes sharing a significant number of co-expressed
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2 Henegar C, Cancello R, Rome S, Vidal H, Clément K, Zucker JD

genes. An R language implementation named “FunCluster” was built and tested on two gene
expression data sets. A discriminatory functional analysis of the first data set, related to experiments
performed on separated adipocytes and stroma vascular fraction cells of human white adipose tissue,
highlighted the prevalent role of non adipose cells in the synthesis of inflammatory and immunity
molecules in human adiposity. On the second data set, resulting from a model investigating insulin
coordinated regulation of gene expression in human skeletal muscle, FunCluster analysis spotlighted
novel functional classes of putatively co-regulated biological processes related to protein metabolism
and the regulation of muscular contraction. Supplementary information about the FunCluster tool is
available on-line at http://corneliu.henegar.info/FunCluster.htm

Keywords: gene expression pattern analysis; functional profiling of gene expression; computational
biology;

1. Introduction

Microarray technologies are producing important amounts of RNA expression data
related to a great variety of biological models, thus promoting the understanding of gene
regulation in a variety of conditions. Relying on dedicated statistical approaches, “target
genes”, corresponding to significantly up or down-regulated RNA transcripts, are
identified through differential expression assessment."” Considered as a major challenge,
the translation from RNA expression data to relevant biological mechanisms is
indispensable for the comprehension of the underlying biological phenomena.>*

Although text mining techniques designed to extract functional information about genes
from scientific text sources proved very useful for automated functional profiling of gene
expression data,”® most of the currently available tools are relying on functional
annotations stored in curated international genomic databases. Within these resources the
biological information is represented in a standardized formal way by using controlled
terminologies to associate functional annotations to genes according to the current status
of the biological knowledge.

The most widely used terminological system for the annotation of gene and gene
products, developed and maintained by the Gene Ontology (GO) Consortium, is
structuring functional annotations in a lattice model which reflects the relationship
between the biological categories and associated genes.” Within GO relevant biological
information is partitioned inside three distinct ontologies — Biological Process, Cellular
Component and Molecular Function — the lattice structure allowing for the representation
of conceptual information with various levels of precision. Within other annotation
systems, such as the KEGG Pathway database provided by the Kyoto Encyclopedia for
Genes and Genomes (KEGG), the functional assignment aims at linking sets of genes in
the genome with a network of interacting molecules in the cell in order to represent high
order biological information related to the metabolic and regulatory pathways.®

An increasing number of tools, developed during the last years, are proposing different
approaches for automatic annotation and functional profiling of microarray data (selected
examples: Berriz et al. 2003; Dennis et al. 2003; Zeeberg et al. 2003; Al-Shahrour et al.
2004; Beissbarth et al. 2004; Pandey et al. 2004; Robinson et al. 2004; Smid et al. 2004;
Zhang et al. 2004).**'® Most usually, the functional profiling of gene expression data sets
results in a list of functional categories (GO categories, KEGG pathways, etc.) considered
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Clustering genes and biological annotations to identify putatively co-regulated biological processes 3

as relevant for the studied biological model. In order to facilitate human analysis some of
the aforementioned tools are offering special functionalities like assessing the
overrepresentation significance for each functional category,'>'>'® grouping functional
categories based on their position within an ontological hierarchy,” analyzing
annotations at a predefined level of conceptual precision,'® or weighting functional
categories by the expression intensity of their annotated transcripts.'”

Besides the functional profiling another important analytical trend is related to the study
of genetic regulatory mechanisms which relies on numerous approaches for clustering
microarray expression data in search for co-regulated transcripts.'® In spite of their
popularity the usefulness of these approaches is actually limited by the variable
granularity of the resulting transcript clusters and the absence of objective criteria for
determining cluster boundaries on which depends their biological interpretability. To
overcome such limitations integrated approaches, relying on additional biological
information (e.g. known involvement in some biological regulatory networks), were
developed in order to improve the biological relevance of the clustering results."
Acknowledging the advantage of a better integration of expression data with available
biological information about transcripts functional roles we present herein an original
approach of microarray data analysis designed to provide better insights into the
regulatory mechanisms controlling the dynamics of biological processes. In order to test
the potential benefit of this approach we developed an algorithm, implemented into an R
package named FunCluster, and used it to analyze two in-house gene expression data
sets. Based on an adapted clustering procedure of microarray expression data used in
conjunction with an automated annotation procedure, FunCluster identifies relevant GO
categories and KEGG pathways sharing a significant number of co-expressed RNA
transcripts and groups them into functional classes of putatively co-regulated biological
processes.

2. System and methods

2.1 Rationale

The study of regulatory networks and co-regulated biological processes is a key issue for
the understanding of the underlying biological phenomena.'**® It is currently accepted
that RNA transcripts sharing similar expression patterns throughout a series of different
experimental conditions are likely to be regulated via closely related biological
mechanisms.'® Yet there is still no definite way, to our knowledge, to make similar
inferences about the existence of some common regulatory mechanisms controlling
biological processes or functions. This being so, accumulating recent evidence’* is
suggesting the possibility of some regulatory inferences at the level of biological
processes and functions based on the expression similarity of the genes controlling these
processes. Among others, Alocco et al.”’ showed that RNA transcripts with high levels of
expression similarity, corresponding to strongly correlated expression patterns (€.g. with



yduosnuew Joyine vH

=
n
@D
=
2
(]
o
-
N
\I
N
w
N
<
@D
-
@,
o
=
[ERN

4 Henegar C, Cancello R, Rome S, Vidal H, Clément K, Zucker JD

a correlation coefficient > 0.84), are more likely to have their promoter regions bound by
common transcription factors and, concomitantly, to share similar functional roles.
Starting from these premises we designed an original approach of processing microarray
data, complementary to the available functional profiling tools, aiming to identify
functional classes of putatively co-regulated biological processes, functions or metabolic
pathways and to rigorously assess their significance for the studied biological model.

2.2 System overview

FunCluster’s functional analysis relies on a pre-selection of “target” genes considered as
relevant for the studied biological frame on the basis of a significant variation of their
expression level. As FunCluster does not assess itself the significance of gene expression
variation this has to be done prior to the functional analysis by using one of the tools
currently available for performing this task under various settings and conditions, as the
SAM' or VarMixt® algorithms or the approaches implemented into the Bioconductor
packages (available at http://www.bioconductor.org/).
Although FunCluster was specifically designed for the analysis of data resulting from
dichotomous microarray models, in which expression measurements are performed in a
number of subjects in relation to a punctual biological intervention, this approach can be
used in relation with a variety of other experimental settings. Two such possibilities are
illustrated in this paper. Starting from one or two lists of differentially expressed
transcripts FunCluster’s functional analysis follows three main steps among which the
first two are independent while the third one is relying on the two previous ones:
(1) partitioning expression data into clusters of strongly co-expressed genes by using
predefined quality criteria for significant correlation of their expression profiles;
(2) automated annotation of relevant genes and overrepresentation analysis (e.g. gene
enrichment) of biological categories annotating the analyzed data set;
(3) identifying putatively co-regulated biological processes and functions, sharing a
significant number of strongly co-expressed genes, and grouping them into relevant
functional classes.

2.3 Partitioning expression data into clusters of strongly co-expressed genes

Often used as a basis for further computational analysis, clustering gene expression data
is a common exploratory procedure of gene expression patterns in microarray data sets.
Based on several types of similarity measures for gene expression profiles and on a
number of predefined constraints clustering procedures are providing partitions of
disjoint groups of co-expressed genes (clusters). Among various similarity measures the
standard correlation coefficient between series of expression measurements is known to
capture the similarity between the “shapes” of expression profiles without paying
attention to the magnitude of gene expression. As a consequence it has been proposed as
a good measure of the intuitive biological notion of what it means for two genes to be co-
expressed.'® Because of its lack of assumptions on data distribution, resulting in a broad
applicability on various data sets, we have chosen the pairwise Spearman’s Rank
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Clustering genes and biological annotations to identify putatively co-regulated biological processes 5

correlation coefficient (Rs) to be FunCluster’s default metric for gene expression
similarity.

Considering two genes X and Y, the Spearman’s R is computed between two vectors of
log intensity ratios 10g(Cy5/Cy3) measured across a set of n different conditions, after
pairwise elimination of missing values, as:

6 Zn:dﬁ
i-1

Rs(x,\()zl-m

(1
In relation (1) d; is the difference between the ranks of the two variables x and y
calculated as:

di = Rank(xi)— Rank(yi) )
The statistical significance of the correlation is assessed by checking all rank
permutations within each of the two series of values and then counting the fraction for
which the Spearman’s Rank correlation coefficient Ry is more extreme than the R
initially found.
One major issue concerning clustering techniques is the establishment of discriminative
cluster boundaries without making a priori assumptions about the number of relevant
clusters existing in a data set.'” For this purpose classical cluster validity assessment
techniques are using quality measures based on external or internal criteria in order to
evaluate the compactness and the separation features of a resulting clustering scheme.”
Other techniques are designed around relative criteria which rely on unsupervised
learning techniques evaluating clusters stability within an ensemble of partitions.?* More
specific approaches, aiming to improve the biological interpretability of clustering
results, are using supplementary information about genes in order to promote biologically
relevant clustering. Most usually such information relates to the sharing of similar
biological roles'” or a common involvement in known biological regulatory
networks.'**2 In our case, in order to support the type of regulatory assertions targeted
by FunCluster, a specific quality criterion for clustering biologically significant co-
expressed genes was derived based on strong evidence from pre-cited recent analysis™.
This criterion combines a threshold for the Spearman’s correlation coefficient between
expression patterns (Rs > 0.85), with a FDR adjusted p-value of statistical significance (p
<0.05).
Under these circumstances FunCluster builds clusters of strongly correlated genes from
available expression data through a greedy heuristic approach. A preliminary step before
initiating the clustering procedure is the ranking of relevant genes by the decreasing order
of the statistical significance of their differential expression. Besides the fact that it
guarantees the reproducibility of clustering results this step allows taking into account the
magnitude of genes differential expression. Thus, starting with the first gene (e.g. the one
with the most significant differential expression), considered as a clustering seed,
FunCluster computes all the correlation coefficients Rs between its expression profile and
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6 Henegar C, Cancello R, Rome S, Vidal H, Clément K, Zucker JD

those of the other genes available in the data matrix. Afterwards, a first gene cluster is
built by grouping together all the genes which satisfy the aforementioned quality criterion
in relation to the considered seed. If no gene satisfies the clustering criterion than the
reference seed is eliminated from the list of genes and the clustering process is reiterated.
Once a cluster is created newly clustered genes are eliminated from the data matrix and
the operation is repeated until no gene is left unclustered. As repeated testing for
correlation significance multiplies the risk of false positive results FunCluster use various
methods for p-values correction as described in section 2.6. Expression data partitioning
results eventually in a list of strongly co-expressed gene clusters which are required by
the last step of the functional analysis.

2.4 Automated annotation of expression data and overrepresentation analysis of
biological categories

During a second step, independent from the first one, FunCluster uses an automated
annotation procedure to identify biological processes, functions or metabolic pathways
which are relevant for the studied biological frame. Two types of genomic annotations
are currently available for FunCluster’s functional profiling: GO categories belonging to
Biological Process, Cellular Component and Molecular Function ontologies and KEGG
metabolic and regulatory pathways. The automated annotation procedure relies on
organism specific genomic annotations which are retrieved from their original web
sources through an automated update routine and stored locally for further processing.

A preliminary step required by the automated annotation procedure is the conversion of
gene identifiers (e.g. most usually cDNA IDs) to a standardized gene accession (SGA)
system. This allows avoiding well known redundancies of cDNA probes in microarray
data and assures a correct overrepresentation analysis of the biological categories
annotating analyzed genes. As default SGA system FunCluster is using EntrezGene
GenelD identifiers (available at http://www.ncbi.nlm.nih.gov/entrez).”’

Afterwards an automated annotation procedure is performed by retrieving from the
aforementioned resources all biological categories annotating relevant genes. In order to
support a more precise functional analysis the automated annotation procedure favors the
selection of the most specific GO categories against more general ones by restricting
annotations inheritance within the GO ontological lattice. Two approaches are thus
provided for relating genes to GO categories. The most limitative one restricts the
automated annotation procedure to those genes directly annotated by each biological
category (e.g. its direct instances). While this approach reduces biological noise to a
minimum its restrictive behavior may result sometimes in filtering too much meaningful
biological information. Therefore a second approach was designed by considering for
each GO category, besides its directly annotated genes, those genes which are directly
annotated by one of its directly subsumed categories within the GO ontological lattice.
The automated annotation procedure is followed by an overrepresentation analysis which
aims to identify context relevant biological categories through a separate analysis of each
of the three GO ontologies as well as of the KEGG metabolic and regulatory pathways.
Thus for each available biological category a 2 x 2 matrix of frequencies (Table 1) is
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Clustering genes and biological annotations to identify putatively co-regulated biological processes 7

established by successively counting the number of its occurrences within the analyzed
list of differentially expressed genes (a in Table 1), as well as within a reference list of
genes including all the genes available before the selection of differentially expressed
ones (C; = a + ¢). For calculation purposes FunCluster computes also the total number of
differentially expressed genes (R; = a + b) and the number of genes belonging to the
reference list (N = R; + R, = C; + C,) for which at least one annotation was available.

Table 1. The contingency table established for an annotation A regrouping its observed occurrences
within the analyzed list of genes L and within the reference list of genes N.

A+ A-
L+ a b R,
L- c d R,
C C, N

As previously suggested,™*'® significantly overrepresented biological categories are
identified by assessing the statistical relevance of gene enrichment for each GO or KEGG
category. Thus FunCluster computes a significance p-value by applying a one-sided
Fisher exact test to the matrix of frequencies. The test statistics relies on the
hypergeometric distribution which allows calculating the probability to observe the actual
matrix of frequencies among all possible combinations, as:

Ri'R2!C1!C2!
Pcutoff = —————— 3)
alb!c!d!N!
In relation (3) Ry, R, are the sums of the frequencies by row, C;, C, the sums of the
frequencies by column, N the total sum of the frequency table and a, b, c, d the elements
of the observed matrix of frequencies. The significance p-value of gene enrichment is
computed as the sum of cutoff probabilities for all the theoretic matrices corresponding to
a higher enrichment than the observed one. In the end the overrepresentation analysis
results in a list of significantly enriched functional categories (considered as relevant for
the studied biological frame) ranked in the order of their statistical significance.

2.5 Co-clustering relevant biological annotations and gene expression data

During the third analytical step FunCluster groups together relevant biological categories
which share a significant number of strongly co-expressed genes through an
agglomerative procedure relying on the partition of genes into clusters of strongly
correlated expression profiles (step 1). This procedure results into a list of functional
classes grouping putatively co-regulated biological processes, thus illustrating context
specific regulatory patterns not only at the gene level but also at the higher conceptual
level of biological functions and processes.
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8 Henegar C, Cancello R, Rome S, Vidal H, Clément K, Zucker JD

The agglomerative clustering procedure starts with the first item of an ordered list of
relevant biological categories (step 2), thus considered as a clustering seed, and tests it for
significant association against each of the other categories in the list. The association
between the considered clustering seed and each of the other biological categories is
assessed by identifying and counting all co-expressed genes shared by the two categories
through a confrontation procedure against each of the co-expressed gene clusters
previously found (step 1). Afterwards a significance p-value of the association between
the two categories is computed by using a one-sided Fisher exact test which evaluates the
theoretical probability to see a similar or a bigger number of co-expressed genes shared
by the two tested categories. If significant associations are detected a functional cluster is
created by grouping the clustering seed with the most significantly associated category.
Then the resulting cluster is added to the list of relevant functional categories in
replacement of those which were clustered together and the agglomerative procedure is
reiterated by considering as seed the newly created cluster. Eventually, when no more
significant associations with the new cluster are detected, the functional cluster is
removed from the list of unclustered categories and added to the final list of functional
classes. Subsequently the clustering procedure is reinitiated by considering as clustering
seed the most relevant biological category among the remaining unclustered ones. When
all biological categories have been tested for significant associations the clustering
process ends and the final list of functional classes is saved in local files for further
human interpretation.

2.6 Handling false positive results

As repeated testing for statistical significance multiplies the risk of false positive results
(type I errors) FunCluster provides several methods for adjusting computed p-values
either by controlling the family wise error rate (FWER) with the Hommel (1988)
correction, or by using one of the methods available for the false discovery rate (FDR)
control. By default p-values adjustment is computed with the Benjamini and Hochberg
(2001) method for FDR control which is known to provide a good balance between
statistical power and computational cost.”® The other methods implemented in FunCluster
for controlling the FDR are the Benjamini and Yekutieli (2001) method,” more
conservative but offering a stronger control under arbitrary dependency of test statistics,
and the Storey (2002) method which provides increased accuracy and power over the
Benjamini and Hochberg approach while being more computationally expensive.*’

3. Results

FunCluster can analyze various types of microarray data sets resulting from experimental
models involving either series of successive distinct biological conditions or series of
different individuals subjected to the same experimental condition. Besides the functional
profiling of a single list of significant genes FunCluster can equally perform a
discriminatory functional analysis of two lists of genes. Two examples, one for each such
possibility, will be given in this section.
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Clustering genes and biological annotations to identify putatively co-regulated biological processes 9

Among the parameters’ which can be used to tune-up FunCluster’s analytical procedure
the most important one is the threshold of the Spearman’s Ry on which depends the
clustering of gene expression profiles (step 1). Therefore we assessed FunCluster’s
greedy heuristic (described in subsection 2.3) by comparing it to a classical approach
combining a hierarchical agglomerative clustering approach with Silhouette computations
in order to identify an optimal partition of gene clusters.’’ Table 2 illustrates the average
intracluster Spearman’s R yielded by these two clustering approaches applied on the two
microarray data sets presented in subsection 3.2. Besides the computation costs of the
combined classical approach, which may increase rapidly depending on the number of
elements to be clustered, the resulting average intracluster R; show important variations,
in some cases well below the significance threshold required by the targeted regulatory
inferences (Rs > 0.85). By contrast the greedy heuristic yielded a more stable intracluster
Rs constantly situated within the targeted range of significance required by FunCluster’s
regulatory inferences.

Table 2. The average intracluster Spearman’s Rs yielded by FunCluster’s greedy heuristic compared to
a classical approach combining hierarchical agglomerative clustering with Silhouette computation

FunCluster’s greedy heuristic

) R (mean = SD* [number of clusters]) Combined agglomerative approach
RNA transcript data sets R (mean + SD* [number of clusters])
Threshold Threshold ‘ {Silhouette}**
R¢>0.85 Rs >0.95
Insulin up-regulated 0.95+0.07[18]  0.99+0.03 [ 35] 0.77£0.23 [6] | {0.43}
Insulin down-regulated 0.92+0.08[ 7] 0.99+£0.01[ 14] 0.78£0.21 [2] | {0.71}
Adipocytes 0.88+£0.11[57] 0.96 +0.07 [140] 0.58 +£0.31 [3] | {0.54}
SVF 0.88+£0.10[57] 0.98+0.04[214] 0.44 £0.38 [2] | {0.43}

" SD — standard deviation of the mean intracluster Spearman’s Rg; ** Silhouette index of
the optimal partition of clusters

3.2 Results in application

In order to evaluate the potential benefit of FunCluster’s automated functional analysis
we tested it on two distinct gene expression data sets.” The first one resulted from
microarray experiments performed on human white adipose tissue after the separation of
its two cellular components: mature adipocytes and stroma vascular fraction (SVF) cells,
the “non adipose” component of the tissue. The purpose of this experimental model was
to distinguish the two cellular fractions from a functional perspective and, in the
meantime, to help establish the contribution of “adipose” and “non adipose” cells in the
expression of inflammatory molecules in morbid obesity.”” Therefore we performed a
discriminatory functional analysis of two lists of genes identified to be specifically
expressed within adipocytes and SVF cells respectively.

" More details about the format of the data files and the available settings are provided with the FunCluster
package which can be downloaded either from FunCluster’s webpage http://corneliu.henegar.info/
FunCluster.htm or from CRAN repositories at http://www.r-project.org/.

T Detailed results of the functional analysis of these two data sets are provided as supplementary data from
FunCluster’s webpage.
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10 Henegar C, Cancello R, Rome S, Vidal H, Clément K, Zucker JD

FunCluster analysis revealed that a majority of the biological categories which
characterize genes expressed in adipose cells were related to “energy metabolism” and
“lipid and glucose metabolism”, all known metabolic processes specific to mature
adipocytes (Fig. 1). Thus the functional pattern of human adipocytes depicted by our
experiments is in agreement with previously published gene profiling studies in humans™
and in small mammals adipose cells.*
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Fig. 1. The most significant functional clusters of GO Biological Process categories yielded by the
discriminatory analysis of differentially expressed genes in mature adipocytes and stroma vascular fraction cells
extracted from white adipose tissue of morbidly obese human subjects.

By contrast the most significant biological categories which characterize SVF specifically
expressed genes were related to “inflammatory” or “immunity” processes (Fig. 1).
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Clustering genes and biological annotations to identify putatively co-regulated biological processes 11

Indeed, while it has been convincingly shown that mature adipose cells are also capable
to express and secrete inflammatory molecules,*® our analysis clearly underlined the
preponderant role of SVF cells in immunity and inflammation-related processes
characterizing human obesity.*”**

The second data set resulted from a previous study investigating insulin coordinated
regulation of gene expression in human skeletal muscle during a 3-hour hyperinsulinemic
euglycemic clamp.”® Seven main functional groups were originally identified (Table 3)
based on a tedious classification of genes relying on manual queries of available
databases (SOURCE, OMIM, PubMed).

Table 3. A comparative presentation of the main classes of biological processes up-regulated by insulin in the
human skeletal muscle reported by Rome et al, 2003 versus those yielded by FunCluster’s functional analysis

Gene space covering (%) Related FunCluster functional clusters
Main functional classes R tal

or;g 063 & FunCluster* Clusters ranks Significance range**
Transcriptional and 29 2 1,3,4,5,10,12,15 141 10°-2.61 102
translational regulation
Muscular contraction - 16 1,4,6,9 1.4110°-4.33 10*
Macromole'cule and proteic ) 23 112 141 10° —5.83 107
biosynthesis
Ubiquitin-proteasome 3 4

7 16 2,7 2.7910°-2.99 10

pathway
Intermediary and energy 14 23 3,4,6,17,18 1.94 107 —3.24 102
metabolism
Cytoskeleton and vesicle 9 9 46,9 500 10°— 434 10%
traffic
Intracellular signaling 12 10 7,9,13,18, 19 2.99 10" -3.24 107
Receptors carriers and 3 10 8,9, 11, 12,13, 14, 299 10% —3.24 10>
transporters 17,18
Immune response 5.5 3 8, 11, 14 2.99 10% - 1.45 107

components

* Estimation relying on genes annotated by significantly overrepresented GO Biological Process categories; ~~ Q-values
computed with the Benjamini & Hochberg (2001) FDR method estimating the significance the gene space coverage of
individual clusters.

Besides confirming some of the original findings FunCluster analysis identified novel
functional classes, which were missed by the manual classification, and quantified their
relevance for the studied experimental model in a rigorous manner. Indeed, automated
analysis yielded significantly overrepresented biological categories related to protein
biosynthesis and metabolism (Cluster 1 in Fig. 2) as well as to the regulation of skeletal
muscle contraction (Cluster 3 in Fig. 2).

One of the most important biological effects of the insulin resides in a strong stimulation
of protein synthesis.** FunCluster’s analysis not only underlined the impact of the
hormone on protein metabolism but it also spotlighted the existence of insulin dependent
regulatory mechanisms controlling key processes in human muscle (Fig. 2). Thus cluster
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1 in Fig. 2 illustrates the existence of common regulatory mechanisms involved in
transcription and translation processes, protein synthesis and myogenesis.

Insulin Up-regulated Genes

Cluster 1 (106 genes, g-value =1.4 x 10"9)

protein metabolism (54 geanes)
protein biosynihesis {34 genes)

S y is (30 genes)
|l RNApP ng (26 genes)
ra?onse to stress (20 genes)
translation (11 genes)
myogenesis (4 aenes?e"
junction {2 genes)

Cluster 2 (38 genes, g-value = 2.78 x 10°%)

biquiti [ protein ism (21 genes)
d {21 genes)

DA uepel l;NA I lﬁ e
ndent repication (8 genes’
miRNA metabolism (7 geng.sﬁ Lt 4
phospholipid catabolism (2 genes)

Functional clusters

Cluster 3 (27 genes, q-value =1.93x107)

main pathw ays of carbohydrate metaboksm (12 genes)
RMNA metabokism (9 genes)

lucose catabolism (7 genes)

g colysis (6 genes)

icarboxylic acid cycle (6 genes)

macromolecule catabolism (4 genes)

catranslational membrane targeting (3 genes)
TCA intermadiate metaboksm (3 ganes)

succinyl-CoA metabaolism (2 genes)

f T T T 1
0 20 40 60 80

Number of annotated genes

Fig. 2. The three most significant functional clusters of GO Biological Process categories resulting from
FunCluster functional analysis of insulin up-regulated genes in human muscle.

Insulin impact on muscular contraction is supported by a large amount of recent data
describing the relationship between insulin action, physical exercise and muscle
contraction in vivo. Both contraction and insulin increase glucose uptake and oxidation
and affect lipid metabolism in muscle.*"** FunCluster confirmed that an important
component of insulin action in the skeletal muscle is the ubiquitin-proteasome pathway
(Cluster 2 in Fig. 2) which is the major pathway of selective protein degradation in
eukaryotic cells.”® Again, FunCluster pointed out novel insulin co-regulated biological
processes related to the proteasome-ubiquitin pathway and the regulation of transcription
and RNA metabolism which formed a cluster including 38 genes (Cluster 2 in Fig. 2).
Recently, this pathway has emerged as a new important regulator of the insulin signaling
mechanism,*+**

Finally the role of insulin in the intermediary and energy metabolism of the skeletal
muscle has been confirmed (Cluster 3 in Fig. 2) in agreement with previous evidence
showing a hormone dependent increase in the uptake of glucose and its storage into
glycogen.*®

3.3 Comparison with available functional profiling tools

In order to better illustrate the specificity of FunCluster’s functional inferences we
realized a comparative applicative assessment of three other tools which rely on genomic
annotations for functional profiling of microarray expression data. Among them the
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FatiGO & FatiWise group of tools'® was chosen to exemplify the automated functional
profiling of gene expression data based on GO (FatiGO) or KEGG (FatiWise) genomic
annotations. On its turn the GOstat tool' illustrates the use of the conceptual information
stored within the GO ontological lattice for grouping closely related and relevant
biological categories. Detailed comparative results obtained with these tools on the two
previously described data sets are available as supplementary data on the FunCluster’s
website.

As it can be seen from these data the FatiGO functional analysis resulted in some
unbalanced and heterogeneous biological information in spite of relying exclusively on
GO categories belonging to the same level of the ontological structure. For instance,
while the discriminatory analysis of the adipose tissue data set identified metabolic
processes (represented by the GO category “metabolism™) as being more characteristic of
mature adipocytes, the SVF cells were poorly characterized by GO categories as
“response to stimulus” and “cell communication”. On the same data set the FatiWise tool
yielded a more homogeneous characterization of the functional profile of the two cellular
fractions, in accord with FunCluster’s results. Thus relevant adipocyte specific pathways
as “oxidative phosphorylation”, “fatty acid metabolism” or “pyruvate metabolism” were
distinguished from SVF biological themes as “complement and coagulation cascades” or
“apoptosis”, although without providing any insights on the more profound biological
regulatory mechanisms controlling these processes.

By contrast the GoStat tool allowed for a more detailed description of the biological
themes overrepresented in the two analyzed data sets, most probably because of the
absence of constraints related to the ontological level of the analyzed GO categories. For
example GO categories as “generation of precursor metabolites and energy”, “electron
transport”, ‘“coenzyme catabolism”, “energy derivation by oxidation of organic

EEINNT3 LR T3

compounds”, “metabolism”, “tricarboxylic acid cycle” were recognized to be specific of
mature adipocytes while categories as “immune response”, “defense response”, “cellular
defense response”, “chemotaxis”, “humoral defense mechanism” characterized SVF
cells. Nevertheless, in spite of its obvious benefits, the grouping of relevant GO
categories based on their ontological proximity lacks a genuine context specific

biological relevance.

4. Discussion and perspectives

FunCluster’s functional profiling of gene expression data belongs to the latest trend of
integrated approaches aiming to reunite a maximum of significant information in order to
support a finer, more systematic and more relevant biological analysis of microarray data.
Like other automated approaches it provides all the advantages of an automated
annotation combined with a rigorous statistical assessment of relevant biological
categories overrepresented within gene expression data sets. However, the original
approach of functional profiling described here distinguishes itself from other currently
available knowledge guided analytical approaches in a number of key aspects.
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The main conceptual innovation of FunCluster’s approach is illustrated by the design of
its combined clustering technique which tries to complement the functional information
about genes biological roles by relating it to the expression data in order to enrich its
biological relevance. The results presented in this paper appear to confirm the advantages
of this approach which allowed a more precise functional analysis spotlighting, besides
main biological themes, some of the regulatory mechanisms controlling biological
functions and processes.

Also, by contrast to other approaches which are using the conceptual information stored
within the GO ontological structure as an exclusive base for regrouping relevant
biological categories FunCluster makes only a limited use of the local structure of GO.
This use is reserved for the purpose of gene enrichment computations which are
restricted, as previously explained, to directly subsumed concepts within the ontological
network. While this restriction resulted in an increased biological precision of the
functional analysis it could not avoid completely the theme redundancy resulting from the
sometimes problematic conceptual transitivity of the GO ontological lattice.

Another potential utility of FunCluster’s analytical approach would be to consider it as a
starting point for novel “guilt by association” functional inferences,”"*” which could
presumably allow to enrich functional information on genes and expressed sequence tags
with yet unknown biological role. Future refinements of the functional clustering
procedure could be assumed by integrating an analysis of genes regulatory regions
relying on common recognition motifs in order to strengthen the relevance of the co-
regulation inferences based upon gene expression data.
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