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Abstract

DNA microarrays are one of the most promising methods for molecular genomics, but this technique is often
associated with experimental complications and difficulties in the analysis. Moreover, the greatest part of genes
displayed on an array is often not directly involved in the cellular process being studied. Recently, we proposed a
data mining algorithm, based on the identification of genes involved in a given process, the calculation of interactions
among them and their ranking according to number of interactions. Genes in the highest cluster are defined as “leader
genes”. These findings may lead to an ad hoc and therefore more significant experimentation. However, at present
this complex process is performed manually. In this work, we present the general architecture of LeaderGene, an
automated tool for ab-initio molecular genomics. Three different and independent parts: (1) Identification of gene
list; (2) Calculation of weighted number of links; (3) Genes clustering. Initial inputs are provided by user; then, output
of part 1 and part 2, respectively, become inputs of parts 2 and 3. The development of an user-friendly software
capable to automatically compute leader genes in a given cellular system will allow further progresses in this field

of molecular genomics.
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Introduction

DNA microarrays have emerged as one of the most promising
methods for the analysis of gene expression [1-4]. This technique
allows the study of an immense amount of genes (over 10,000)
with only one experiment and therefore can draw a picture of a
whole genome. Anyway, the huge number of data coming out from
microarray experiments may often raise experimental complications
and difficulties in the analysis [2]. Moreover, the greatest part of genes
displayed on an array is often not directly involved in the cellular
process being studied. Commercial arrays with a lower number of gene
usually of 150-200 — are currently available, but the genes displayed
are usually once again chosen without a precise consideration of the
particular target of the study.

Recently, we proposed a bioinformatics algorithm, based on the
identification of genes involved in a given process and their scoring of
importance via a cluster analysis, which allowed us to determine the
most important genes, that we call “leader genes” [3-6]. The basis of
the scoring system relies upon the calculation of interactions among
genes, performed with software available in the web, such as STRING
[7]. The number of links for each gene is then weighted and the final
weighted numbers of links are clustered, in order to make a hierarchical
classification of genes [5]. In this way, it becomes possible to draw and
to update maps of the major biological control systems, and to integrate
them in a concise manner to discern common patterns of interactions
between gene expression and their correlated coding of proteins.
These findings may lead to an ad hoc and therefore more significant
experimentation [2,4,6]. However, at present this complex process is
performed manually. Therefore, it is error-prone and time-consuming.
In this work, we present the general architecture of LeaderGene, an
automated tool for ab-initio molecular genomics.

The leader gene approach: general algorithm

The leader gene approach has been already described in detail [5].
The bioinformatics/data mining algorithm followed is summarized in
Figure 1.

At first, the key genes involved in a given process are identified by
iterative search of gene databases. In particular, several search strategies

were implemented and iteratively repeated until convergence. First,
research is performed in several databases such as PubMed, GenBank,
Geneatlas, Genecards, using pertinent keywords and Mesh terms, as
well as all their possible Boolean logics based combinations. In this
way, it was possible to identify a preliminary set of genes representing
every gene with an established role in the give process.

The preliminary set of genes was then expanded using the web-
available software STRING (version 6.3), considering only direct
interactions (i.e. physical contact between encoded proteins or
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Figure 1: Flow chart of the leader gene approach.
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involvement in the same metabolic pathway), with a high degree of
confidence. In this way, it is possible to identify new genes directly
linked to those with an already established role in the process, and
therefore potentially involved. In order to discard false positives, results
are then filtered using a further search in PubMed records linked to
every Gene record in the Entrez system. The process was repeated until
no new gene potentially involved in the given process was identified.

Then, interaction map among identified genes are calculated using
STRING. This software can give a combined association score to the
giveninteraction, representing degree of confidence for each interaction.
For every gene identified, we summed combined association scores,
therefore obtaining a single score defined as weighted number of links.

Genes were then clustered, using hierachical or K-means
algorithms, according to their weighted number of links. The genes
belonging to the highest rank are termed leader genes; these genes
have an highest weighted number of links if compared with the other.
Therefore, they may be supposed to have an important role in the given
keyword-specified cellular process such as human T lymphocytes cell
cycle, human periodontitis, or human kidney transplant outcome.

The other ranks are termed class B, class C, class D genes and so on,
according to their importance. Genes with no identified interactions
(i.e. weighted number of links = 0) are defined as orphan genes.

Differences among various classes were statistically evaluated
using an ANOVA test, with a Tukey- Kramer post hoc test. Statistical
significance is usually set at a p value < 0.001, in order to ensure a high
level of data reliability.

Main findings obtained with the LeaderGene approach

The leader gene theoretical approach has already been applied and
validated on some human biological or pathological processes, such
as human T lymphocytes cell cycle, human periodontitis and human
kidney transplant tolerance and rejection [3-6, 8]. In this paragraph,
we briefly present main findings obtained with this algorithm, with a
special focus on human T lymphocytes cell cycle. In fact, theoretical
results obtained in this system were extensively confirmed with
targeted microarray analysis [3,6].

Leader gene identification was tried for the first time on human T
lymphocytes cell cycle [5]. This particular system was chosen because
it is much known and was quantitatively characterized time ago [9-
12]. In total 238 genes involved in human were identified as involved
in this process. The calculation of interactions among these genes and
the subsequent clustering according to each weighted number of links
identified 27 orphan genes (i.e. genes with no known interactions in
the set being analyzed) and, invariably, six leader genes (MYC, CDK4,
CDK2, CDC2, CDKNI1A, CDKN1B). Interestingly, all leader genes
are actually involved in the cell cycle control at important progression
points, namely the most important four at the transition from GO to
GI phase (MYC) [13], at the progression in G1 phase (CDK4) [14],
and at the transitions from G1 to S (CDK2) [15], and from G2 to M
phases (CDC2) [16,17]. The two remaining “leader genes” (CDKNIA
and CDKN1B) are inhibitors of cyclin-CDK2 or ~-CDK4 complexes
and thereby contribute to the control of G1/S transition and of G1
progression [18,19].

This theoretical prediction was validated with a DNA microarray
gene expression analysis on human T lymphocytes stimulated with
PHA to enter cell cycle, 24, 48 and 72 hours after the stimulation [2,6].
We chose a commercial array, displaying only 161 genes (among whom,
3 leader genes were displayed: MYC, CDK4 and CDC2), in order to

limit experimental complications that may arise using a mass scale or
a pangenomic microarray. Leader genes expression was monitored in
order to identify changes over time: experimental analysis confirmed
our bioinformatics predictions, therefore validating our approach.
Moreover, our analysis was also focused on genes of lower importance
than leader genes, but still with a high number of interactions calculated
(namely, class B genes, class C genes and so on, with decreasing
importance). This genes formed a close interaction network with leader
genes [6]. Once again, the microarray analysis showed good agreement
with theoretical prediction of their interactions with leader genes.

For what concerns periodontitis, 61 genes were identified as
involved in the process [8]. Seven genes were listed as orphans; cluster
analysis of the weighted number of links identified invariably the same
5 genes belonging to the highest cluster, i.e. to be leader genes: NFKBI1,
CBL, GRB2, PIK3R1 and RELA. We also identified 12 class B genes.
A literature search confirmed that every gene we identified as a leader
gene or class B gene could play an important role in periodontitis at a
molecular level [8]. At present, we are carrying on a targeted RT-PCR
experimentation on bioptical samples to further elucidate molecular
mechanisms underlying their role in periodontitis.

When applied to human kidney transplant tolerance and
rejection, the ledader gene approach was applied in combination with
Statistical Analysis of Microarray (SAM) and with a new-developed
non-statistical analysis in order to provide the most possible detailed
picture of this process [5]. Overall, results suggested that leader gene
and those largely changing expression form a unique network and that
the mere changing in expression of a particular gene is not significant
by itself, but only if it is put in a proper framework. This change can
be often considered as a consequence of a more complex network
of events, which starts from bioinformatics-identified leader genes.
Noteworthy, leader genes do not always vary their expression so much
to be identified as significant using pangenomic arrays. However,
microarray technology is a necessary confirmation of every prediction
made by the theoretical network analysis.

LeaderGene software: general architecture

LeaderGene software should be capable to perform all previously
described procedures automatically. It is particularly important that
the software must be user-friendly, to allow largest possible diffusion by
researchers involved in different fields and possibly without a specific
experience in data mining and advanced database querying. We are
planning to develop codes in JAVA, for Windows platforms.

This software should be composed by three different and
independent parts: (1) Identification of gene list; (2) Calculation
of weighted number of links; (3) Genes clustering. Initial inputs are
provided by user; then, output of part 1 and part 2, respectively, become
inputs of parts 2 and 3. Final output is genes clustered according to
WNL. Single outputs of part 1 and 2 are anyway saved and available to
the user (Figure 2).

Part 1. Identification of LeaderGenes

The goal of part 1 is to identify all genes involved in a given process,
on the base of a key-word based query in web-available databases.
This part is supposed to be the most difficult to implement. Constant
information exchange between software and the web is required, since
most databases queried have only server-copy and do not allow a local
copy to be downloaded.

Initial inputs are organism(s) in which the process being studied
is occurring, general keywords to define search strategy and database
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to be queried (GenBank, Geneatlas, Genecards). LeaderGene software
will be capable to automatically query selected databases with chosen
keywords and retrieve a preliminary list of genes involved in the
process under study. Preliminary gene list is then submitted to STRING
database in order to calculate the interaction map. This map is then
expanded automatically by STRING. In this way genes directly linked
with the ones in preliminary list, and therefore potentially involved
in the process are identified. The user should provide a threshold of
confidence for expansion. Newly identified genes will be then cross-
checked against PubMed, using another set of more general keywords
provided by user, in order to discard false positives. Genes with no
citation according to keywords will be considered as unreliable and
therefore discarded.

Expansion procedure will be performed recursively until no new
gene is identified. Final output is a list of genes involved or potentially
involved in the process under study. Flow chart of part 1 is represented
in Figure 3.

However, some nomenclature problems may arise, since different
databases uses several nomenclature annotations. This issue may be
solved either with the development of an internal database of genes,
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Figure 2: General architecture of the LeaderGene software.
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Figure 5: Flow chart of the LeaderGene part 3.

reporting all different annotation linked to a given object or via a
BLASTP search on the identified genes, in order to retrieve encoded
protein sequences, which will then submitted to STRING.

Part 2. Calculation of Weigthed Number of Links

Final list of genes involved in the process being studied is then
submitted to STRING database, in order to calculate the final map of
interaction and combined association scores for each interaction. User
should provide a confidence threshold. From combined association
scores, it is possible to calculate weighted number of links for each gene.

STRING database gives as output a map of interactions, in
MEDUSA format, and a tab-delimited text file containing single
gene pairs and their combined association score. If required by user,
gene interaction map will be dumped and saved. Part 2 will perform
a summation on text file provided by STRING database. Final list of
genes with weighted number of links will be given as an output. Flow
chart of the part 2 is represented in Figure 4.

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

Volume 4(4) : 083-086 (2011) - 085



Citation: Bragazzi NL, Giacomelli L, Sivozhelezov V, Nicolini C (2011) Leader Gene: A Fast Data-mining Tool for Molecular Genomics. J Proteomics

Bioinform 4: 083-086. doi:10.4172/jpb.1000171

Part 3. Gene clustering

In part 3, a K-means clustering algorithm is applied to genes, to
rank genes according to the weighted number of links. Number of
clusters will be increased by one until convergence is achieved (i.e.
number of genes in highest cluster constant after 3 successive trials).
It is noteworthy that, as a further validity proof, a significance test will
be applied to ensure statistical difference between highest cluster and
other ones in term of weighted number of links. Flow chart of the part
3 is represented in Figure 5.

Conclusions

Bioinformatics can give an added value to molecular biology. In
particular, the detailed analysis of gene interaction maps and the ranking
of genes according to their relevance may have great importance in the
identification of new targets for a focused experimental analysis, which
may suggest potential risk factor and therapy targets. At the same
time, orphan genes should be characterized properly. Therefore, these
findings can suggest targeted experimental analysis. In particular, it
would be possible to create ad hoc arrays, both DNA- and protein-based,
which can guarantee the best results in analyzing a particular cellular
system and would allow to describe complex biomolecular pathways
through the activity of a few, but highly important genes, which
represent the real centre of interactions maps or are characterized by a
significant change in expression. With respect to protein microarrays,
the leader gene approach could simplify their analysis by reducing the
protein displayed to the most important ones to be subsequently tested
by mass spectrometry or by ad hoc NMR or X-ray crystallography
experimentations.

The development of an user-friendly software capable to
automatically compute leader genes in a given cellular system will
allow further progresses in the entire fields of molecular genomics and
proteomics.
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