Journal of Proteomics & Bioinformatics - open Access

Research Article JPB/Vol.2/January 2009

GExMap: An Intuitive Visual Tool to Detect and Analyze Genomic
Distribution in Microarray-generated Lists of Differentially Expressed Genes

Nicolas Cagnard®, Carlo Lucchesi?, Gilles Chiocchia3

Plateforme Bioinformatique Paris Descartes, Université Paris Descartes,IRNEM IFR-94, Paris 75730
?Institut Curie, INSERM U830, Paris 75248
3Institut Cochin, Université Paris,Descartes, CNRS (UMR 8104), Paris, F-75014 France,
Inserm, U567, Département d’Immunologie, Paris, F-75014 France, AP-HP, Hopital Ambroise Paré,
Service de Rhumatologie, Boulogne-Billancourt, F 92000, France

*Corresponding author: Nicolas Cagnard, Plateforme Bioinformatique Paris
Descartes, Université Paris Descartes,IRNEM IFR-94, Paris 75730

Received December 01, 2008; Accepted January 13, 2009; Published January 15, 2009

Citation: Nicolas C (2009) GExMap: An Intuitive Visual Tool to Detect and Analyze Genomic Distribution in Microarray-
generated Lists of Differentially Expressed Genes. J Proteomics Bioinform 2: 051-059. doi:10.4172/jpbh.1000060

Copyright: © 2009 Nicolas C. This is an open-access article distributed under the terms of the Creative Commons Attribu-
tion License, which permits unrestricted use, distribution, and reproduction in any medium, provided the original author and
source are credited.

Abstract
Background

High- throughput technologies, as DNA microarrays, generate a huge amount of data, which are difficult to
interpret. Biologists require easy-to-use tools to analyze them and explore new scientific hypotheses. We propose
a visual data mining tool to extract a new type of useful genomic information buried in gene lists generated by
differential expression studies. We compare the genomic distribution that is observed within the gene list with
the expected distribution, which is estimated from public genomic databases. An algorithm of research and a
statistical test give reliable and optimal results. GExMap helps identify genomic regions that are enriched in
genes whose differential expression is of potential interest for target diseases. This software is freely available®
and easily customized. Since sources are frequently updated, it offers tools for updates at any moment. GExMap
is usable by any commercially and publicly available microarray platform. Furthermore, GExMap helps in
interpretation by showing an ordered list for each gene ontology. Presently, GExMap can also be used to analyse
gene lists not only from the Homo sapiens genome but also the Mus musculus and the Rattus norvegicus
genomes.

Results

GExMap is designed to be an easy-to-use software with visual and intuitive interpretation of results. We have
chosen to develop the software with R! language to allow total compatibility with every operating system.
ENSEMBL? was chosen as a reference identifier for genes, meaning that GExMap requires a pre-processing
step to match and replace most of the common user’s identifier types (Unigene, Affymetrix, Agilent, etc) by
ENSEMBL identifiers. The choice of a reference genome for this pre-processing step allows compatibility with
several databases and microarray identifiers. In the same step, GExMap creates a new table with all ENSEMBL
available information. GExMap is an open source project. Furthermore, its source structure and simple annotation
facilitate customization.
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Conclusions

Biological interpretation of bioinformatics data is an ongoing and challenging task. Scientists need to access to
types of information buried in biological databases. From microarray data, GExMap indicates the observed genomic
distribution of the regulated genes and statistically compares it to the expected genomic distribution. Statistical
analysis of relative genomic distribution is a potentially powerful and informative approach to microarray data
interpretation. GExMap provides biologists with easy access to this new type of information.

Background

Microarray technology allows parallel and simultaneous
monitoring of the whole genome. It is used to detect
differentially expressed genes under different conditions.
General studies of microarray gene expression generate lists
of differentially expressed genes and molecular signatures
of diseases. In some cases, the list of genes might be used
as a powerful diagnostic and/or prognostic tool for the
disease in question™.

Since its beginnings with cDNA microarrays®®, targeting
only parts of the genome, microarray technology has been
improved in accuracy®®'> 2 and now targets the whole
genome.

Microarray data analysis produces large lists of genes
that are difficult to interpret. Although still imperfect, several
programs are able to extract gene functions and bibliographic
associations from ontology databases®®, while others are able
to document®*** or propose biological pathways'>¢. Few
programs, however, can analyze the genomic distributions
buried in the data. GExMap has been designed to help fill
this gap, by providing solutions to specific requests, and
mapping and analyzing several types of microarray data®’.

Implementation

GExMap is an R software package implementing visual
and statistical tools to study and map genomic distribution
of differentially expressed genes, in order to facilitate gene
list interpretation. With visual representation, the genomic
distribution observed in a gene list can be compared with
the expected genomic distribution. The results obtained are
also statistically tested to unravel genomic regions of potential
interest. Moreover, GExMap produces a user-friendly
documentation, widely annotated source code and a “visual
technical manual” available online®®. GExMap can also
produce scored lists and graphical illustrations of Gene
Ontology*® identifiers to facilitate gene list interpretation and
highlight specific molecular function, biological processes
or cellular component.

GExMap produces one individual genomic map per

chromosome, complete with statistical information. By
default, chromosome maps are not created for chromosomes
that contain fewer than five of the listed genes. In those
cases, the genomic density comparisons will not be relevant.
On the other hand, this parameter could be easily modified
by the user, taking into account the increasing false-positive
rate of potentially interesting regions.

To facilitate correspondence between identifiers of several
types of microarray and genome databases, we have chosen
the ENSEMBL genome as the reference. Once the identifier
type is recognized, the appropriate correspondence file is
automatically loaded. Then, all identifiers are replaced by
ENSEMBL annotation and appropriate genomic information.
The ENSEMBL genome is presently composed of around
33 000 identifiers corresponding to all known genes and
pseudogenes. The microarray probes do not always
correspond to one known gene or to one ENSEMBL
identifier. Meaning that probes with no correspondences
cannot be allocated to genomic locations. This problem will
be solved when the genome is fully and scrupulously
annotated. Furthermore the unprocessed identifiers are listed
and reported in the final report. The main GExMap data file
will be frequently updated and freely available to limit this
problem. We have chosen not to take into account identifiers
without ENSEMBL correspondence for the subsequent
steps.

There is virtually no limit to the size of the tested gene list.
In terms of contents, we would recommend the gene list be
generated by any rigorous mathematical, statistical or
experimental approach designed to identify of differentially
expressed genes. If any arbitrary selection has been
performed, the gene list may import a significant bias for
the results of further tests.

We define a genomic map associated with a gene list as
the information about the genomic location of each gene of
the list, in the corresponding genome draft.

GExMap produces the genomic map of a gene list,
aggregates genomic locations into genomic units, calculates
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the observed gene frequency by unit, and then performs the
statistical comparison of the observed genomic distribution
to the one expected in the full genome. The graphical and
computational unit can be chosen by the user. Default scaling
has been set to 1 million bp. The hazard curve represents
the expected genomic distribution which could be found when
the genome-wide number of genes is scaled to the size of
the tested gene list. Two hazard computations are available.
The first one only takes into account ENSEMBL genes
located in units where at least one gene of the tested list is
located. The second type of hazard computation takes into
account ENSEMBL genes of all genome (Figure 1). The hazard

frequency is used to test the hypothesis that the expected
and observed genomic distributions are not homogeneous,
and the latter must vary in relation to the disease studied.
The total number of genes is broken into two regulation
curves showing the number of up- and downregulated genes
per unit.

When the tested gene list curve is higher than the hazard
curve, then one can expect that the cluster of genes en-
compassed in the genomic unit could be of interest. GExMap
has been set to detect these clusters automatically. On the
other hand, in some particular cases, it could be interesting
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Figu e 1: Hazard estimations. A: For the specific hazard estimation method, only units encompassing at least one gene
from the gene list are taken into account for the hazard estimation. Units are not filtered for the global hazard estimation
method. B: Scaling factor computation, by the ratio of the sums of the ENSEMBL genes and the tested list genes. C: Hazard
estimation is computed by scaling the ENSEMBL genome density to the scale of the tested gene list.
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to detect the regions of absence of genes. For this reason, Data Sources

this parameter can be customized thought the use of a vari-

able. A statistical test is performed to validate each detected The program loads the preformatted source file
cluster, and the result is depicted graphically. Significant “Data.Rdata” containing all ENSEMBL identifiers and their
regions are highlighted on the map by a specific green line. genomic locations. The algorithm is designed to implement
The complete analysis process can be summarized into 6 several processing modes. The user can define the scale of
simple steps (Figure 2). the resulting graphics, the path of the source file, and the

Mapping of the tested gene list distribution

Computation and mapping of hazard curve
Detection by global statistical tests of regions of interest
where units are like: Hazard < tested gene list
Extended regions of interest by association of units nearby
regions edges
Statistical test of the full region
Optimization by regrouping adjacent / close regions in a step
by step process

Figure 2: Local Analysis and optimization in six steps. 1: The first step is to construct a matrix of genomic localisation
for the tested gene list. 2: Then the corresponding hazard distribution is computed. 3: A global test is performed to detect
potential regions of interest at a large scale. Then each base unit are tested if they are located in large regions of interest and
if there are more genes than expected (real number > hazard estimation). 4: A step of optimization test if extension of
statistically significant regions of interest brings better results. 5: The final test is done after optimization. 6: Closer significant
regions of interest can be merged if the resulting larger region improves statistical significance.
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Figure 3: Selection of regions to test. First, regions of interest are detected by comparison of observed and expected
distributions (red squares). Second, the regions are 5'and 3'extended by one unit to allow a sufficient sample size to be
statistically tested. A: Comparison of observed and expected distribution at the chromosome scale by two global tests: CHI-
goodness of fit, Wilcoxon. B: Selection of the chromosomes according to the statistical results (global tests) or the user
choice. C: Comparison of observed and expected distribution unit by unit throughout each selected chromosome with binomial
local test. D: Local pval correction according to the user choice. E: Selection of the units showing observed effectives greater
than expected according to the user choice. F: Selection of units of interest. G: Extension of regions of interest.
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results folder. At the moment, there is only one default mode
mapping differentially expressed gene lists. Other modes,
as CGH and SNP mapping, are under development. The
mode is automatically implemented by the program through
the analysis of the source file’s column names.

Data ldentification

The appropriate file with correspondences between
identifiers and ENSEMBL genome is loaded. The replicates
are filtered and their numbers reported in a report text file.
A table is then created with unique ENSEMBL identifiers
for each selected gene, with their genomic locations. Once
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| f N N ! ! N |
I 1 1 ) I 1 I I

Statistical Test
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no existing correspondence can be found, the identifier will
increment a “none mapped” list in the results folder. After
filtering of the gene list from replicates and unassigned
identifiers, a data matrix is created. Genomic locations are
calculated by taking the center of each gene (start + end /
2). Genes are then classified by chromosomes and by
chromosomal location.

Hazard Estimation

The matrix used to calculate the genomic distribution is
computed chromosome by chromosome. The observed
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Figure 4: Local statistical test and progressive optimization. First of all, the full region of interest is statistically tested
(blue). When the test invalidates the region a step of progressive optimization takes place. Progressive optimization consists
in statistically testing the two potential reduced regions (green and orange). The reduced region allowing the best statistical
result is used in the next steps. The optimization steps and test are performed as long as the result of the test is not significant
(pval > 0.05) and the size of the tested region is longer than three units.

J Proteomics Bioinform

Volume 2(1) : 051-059 (2009) - 056

ISSN:0974-276X JPB, an open access journal



Journal of Proteomics & Bioinformatics - open Access

Research Article JPB/Vol.2/January 2009

<+ fift A
<+— Tested list Genomic
H d estimati density curves
LTSI, R PPN ., «— Hazard estimation
a A-n
. R e = S SR SR S
NN v, A <+— Down regulated genes
A4 \ / \ s/ 4
o . «—
X \\\ ! ‘\‘+ o L Up regulated genes )
/ - .
¥ ¥ +
L. I . Statistical results
i R o KK <— Statistically significant reglons}
T T T T
35 40 45 50

Figure 5: Genomic map and statistical results. One genetic map is generated for each chromosome. The map shows
the density curves of the ENSEMBL genome (green), the tested gene list (orange) and the estimated hazard (black). The
tested gene list curve is divided into up- (red) and down regulated (blue) curves drawn in mirror.
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Figure 6: Gene Ontology analysis. GO identifiers of each genes from the user gene list are processed to produce a

scoredlist of all GO IDs, a graphical illustration of the most representative GO identifiers and the lists of genes for each GO
ID.
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number of genes from the tested list and the expected number
of genes from the ENSEMBL genome are summarized per
scale unit and stored in a matrix. At this stage the hazard
computation can start. The hazard computation scales the
ENSEMBL genomic distribution to the size of gene list
generated by microarray analysis. For each unit, hazard is
computed as follows:

Specific hazard of a unit = Number of ENSEMBL genes of the

current unit * (Total number of tested genes/ N ENSEMBL genes).

N ENSEMBL genes is computed by summarizing all genes
of ENSEMBL genome for the first step and, in the second
step, taking into account only ENSEMBL genes which are
localized in units that contains at least one gene from the
tested list (Figure 3).

Statistical tests and progressive optimization

First of all, two global statistical tests are performed to
select chromosomes showing potential interest (Figure 3A).
The CHI2-Goodness of fit test and the Wilcoxon paired
sample test are the two global statistical tests used to com-
pare expected with observed gene distributions, chromo-
some by chromosome.

Then a local test is performed for chromosomes validated
by at least one global test (this step is customizable by the
user) (Figure 3B). The binomial test is used to detect units in
which observed gene population is statistically different from
expected (Figure 3C to D). These units showing potential in-
terest are then filtered, according to their significance and
the difference between expected and observed distributions
(this second selection is customizable by the user) before
being extend to regions of potential interest (Figure 3Eto G). A
last step of optimization is performed to adjust statistically
selected regions to seek the largest significant regions of
interest (Figure 4).

To preserve clarity, only significant results are graphically
reported. All statistical results, even those that are
nonsignificant, are reported in the final result file.

To facilitate the interpretation of the results, the total
effective curve is separated into curves of up- (red) and a
curve of down regulated (blue) genes (Figure 5). Inan optional
part the annotated genes are sorted and analyzed by Gene
Ontology (Figure 6).

All the data produced and formatted by GExMap are saved
in a text file. These data allow the user to identify genes
located in a region of interest, or to verify data used by the

statistical tests.
Conclusions

GExMap provides helpful new types of information to
interpret data generated by microarray studies. The software
combines easy use and easy interpretation of results. Source
code is freely available, optimized and annotated to facilitate
customization, as implementation of different types of
statistical tests or customized detection of interesting regions.
All results are separately generated to preserve clarity of
graphic representations. We have tested the software with
a list of 3855 genes generated from microarray analysis®.
GExMap allowed us to focus on a limited number of
interesting regions which are now under biological
investigation. Further optimizations are planned to complete
the generated information. We work on integration of new
statistical tests, as a t test adapted to small effective samples
with a resampling pre-processing step. To improve
compatibility with most of database identifiers and microarray
types, a tool dedicated to the generation of correspondence
files from text data files will be soon available.

Additional functions for comparisons between microarray
gene lists or genomic association studies and to map and
analyze several types of genetic markers, genetic association
studies, and genetic maps of all kinds are also under
development.

Availability and Requirements

GExMap is publicly accessible from the URL http://
gexmap.site.voila.fr/. Questions and comments are
welcomed through the site.
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