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ABSTRACT

Microarray technology enables high-throughput parallel gene expression analysis, and use has grown
exponentially thanks to the development of a variety of applications for expression, genetics and epigenetic
studies. A wealth of data is now available from public repositories, providing unprecedented opportunities
for meta-analysis approaches, which could generate new biological information, unrelated to the original
scope of individual studies. This study provides a guideline for identification of biological significance of the
statistically-selected differentially-expressed genes derived from gene expression arrays as well as to suggest
further analysis pathways. The authors review the prerequisites for data-mining and meta-analysis, summarize
the conceptual methods to derive biological information from microarray data and suggest sofiware for each
category of data mining or meta-analysis.
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INTRODUCTION

The ability to investigate an organism’s entire
genomic sequence has revolutionized biological
sciences. One aspect of this phenomenon was
the fabrication of gene microarrays in the late
1980s (Fodor et al., 1991). Array based high-
throughput gene expression analysis is widely
used in many research fields; gene expression
microarrays have been used in numerous
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applications, including the identification of
novel genes associated with diseases, most
notably cancers (Lee, 2006; Kimetal.,2005; Al
Moustafaetal.,2002; Lancasteretal.,2006), the
tumors classification (Perez-Diez, Morgun, &
Shulzhenko,2007; Nguyen & Rocke, 2002; Ray,
2011; Dagliyan, Uney-Yuksektepe, Kavakli, &
Turkay, 2011; Best et al., 2003) and the predic-
tion of patient outcome (Mischel, Cloughesy, &
Nelson,2004; Simon, 2003; Futschik, Sullivan,
Reeve, & Kasabov, 2003; Michiels, Koscielny,
& Hill, 2005; Liu, Li, & Wong, 2005), as well
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as the -cell line related- drug chemosensitivity
identification (Amundson et al., 2000; Dan et
al.,2002; Kikuchi et al., 2003; Sax & El-Deiry,
2003; Tkeda, Jinno, & Shirane, 2007; Baggerly
& Coombes, 2009; Ory et al., 2011).

Typically, a microarray experiment gener-
ates a list of genes that have been identified as
statistically significant differentially expressed
(DEGs). Following this ensues the real chal-
lenge of assigning biological significance to
the results and reconstructing pathways of in-
teractions among DEGs. Several software tools
for pathway analysis, gene ontology analysis
and gene prioritization are routinely used for
identifying common features in lists of DEGs.

As the quantity and size of microarray
datasets continues to grow (Table 2, Microarray
repositories), researchers are provided with a
rich data resource, but also face interoperabil-
ity and data management issues. The primary
data should be stored in a MIAME (Minimum
Information About Microarray Expression)
compliant format, which is a set of guidelines
outlining the minimum information that should
be included when describing a microarray
experiment. It is required in order to facilitate
the interpretation of the experimental results
unambiguously and to potentially reproduce
the experiment (Brazma et al., 2001). Compli-
mentary to the standardization of data storage,
workflows (School of Computer Science, 2008)
(Table 3, Holistic Approaches) offer a solution
to data management and analysis issues as they
enable the automated and systematic use of
distributed bioinformatics data and applica-
tions from the scientist’s desktop. In order to
address reliability concerns as well as other
performance, quality, and data analysis issues,
the National Center for Toxicological Research,
NCTR, has initiated the MAQC, MicroArray
Quality Control project, (Shietal.,2006,2010),
in response to the FDA’s (U.S. Food and Drug
Administration, n.d.) Critical Path Initiative
(Coons, 2009; Mahajan & Gupta, 2010; Wood-
cock & Woosley, 2008). The main target of this
initiative is to develop guidelines for microarray
data analysis and provide the public with large
reference datasets.

1. PREREQUISITES FOR DATA
MINING

Generating high quality microarray data
requires applying stringent quality control
measures and best practices at each individual
step of the process, starting with choosing the
most appropriate experimental design for the
study, the correct experimental platform, the
protocols for sample preparation, processing,
and ultimately ending with the data analysis ap-
proach fornormalization and statistical analysis.
(Chuaqui et al., 2002) provides a short review
on the validation of primary analysis methods,
(Allison, Cui, Page, & Sabripour, 2006; Dupuy
& Simon, 2007; loannidis etal.,2009; Shietal.,
2010) inform on reasons of result discrepancies
after reanalysis of raw data across different
teams, while (Troester, Millikan, & Perou,2009)
provide a short list of guidelines for statistical
analysis and reporting of microarray studies.

1.1. Experimental Design

Experimental design is one of the mostimportant
aspects ofa successful experimentrelated to the
identification of differential gene expression
patterns. Proper experimental design is crucial
to ensure that the biological questions of inter-
est can be answered and that this can be done
accurately. Appropriate experimental design
(Churchill, 2002; Festing & Altman, 2002;
Qiu, 2007; Shaw, Festing, Peers, & Furlong,
2002) allows a more accurate identification of
DEGs and prediction of false positives (Ben-
jamini & Hochberg, 1995; Reiner, Yekutieli,
& Benjamini, 2003; Wolfinger et al., 2001).
Fundamental principles of experimental design
are simplicity, replication & statistical power
(Festing & Altman, 2002) and bias prevention
through randomization & blocking (Damaraju,
2005; Johnson & Besselsen, 2002).

1.1.1. Replication

The effects of the: Treatment-group, subject,
sample, gene, probe and noise are the major
sources of variability in microarray experiments.
Ideally to estimate the statistically significant

Copyright © 2012, IGI Global. Copying or distributing in print or electronic forms without written permission of IGI Global is prohibited.



37 more pages are available in the full version of this
document, which may be purchased using the "Add to Cart"
button on the publisher's webpage: www.igi-
global.com/article/data-mining-meta-analysis-dna/70016

Related Content

Prediction of Epigenetic Target Sites by Using Genomic DNA Sequence
Guo-Cheng Yuan (2013). Bioinformatics: Concepts, Methodologies, Tools, and
Applications (pp. 498-512).
www.irma-international.org/chapter/prediction-epigenetic-target-sites-using/76081

Suicide Risk on Twitter

Samah Jamal Fodeh, Edwin D. Boudreaux, Rixin Wang, Dennis Silva, Robert
Bossarte, Joseph Lucien Goulet, Cynthia Brandtand Hamada Hamid Altalib (2018).
International Journal of Knowledge Discovery in Bioinformatics (pp. 1-17).

www.irma-international.org/article/suicide-risk-on-twitter/215333

MSDC-0160 and MSDC-0602 Binding with Human Mitochondrial Pyruvate

Carrier (MPC) 1 and 2 Heterodimer: PPAR Activating and Sparing TZDs as
Therapeutics

Clyde F. Phelix, Allen K. Bourdon, Jason L. Dugan, Greg Villarealand George Perry
(2017). International Journal of Knowledge Discovery in Bioinformatics (pp. 43-67).

www.irma-international.org/article/msdc-0160-and-msdc-0602-binding-with-human-

mitochondrial-pyruvate-carrier-mpc-1-and-2-heterodimer/190792

Biological and Medical Big Data Mining
George Tzanis (2014). International Journal of Knowledge Discovery in
Bioinformatics (pp. 42-56).

www.irma-international.org/article/biological-and-medical-big-data-mining/105100

MSDC-0160 and MSDC-0602 Binding with Human Mitochondrial Pyruvate

Carrier (MPC) 1 and 2 Heterodimer: PPAR Activating and Sparing TZDs as
Therapeutics

Clyde F. Phelix, Allen K. Bourdon, Jason L. Dugan, Greg Villarealand George Perry
(2017). International Journal of Knowledge Discovery in Bioinformatics (pp. 43-67).

www.irma-international.org/article/msdc-0160-and-msdc-0602-binding-with-human-

mitochondrial-pyruvate-carrier-mpc-1-and-2-heterodimer/190792



http://www.igi-global.com/article/data-mining-meta-analysis-dna/70016
http://www.igi-global.com/article/data-mining-meta-analysis-dna/70016
http://www.irma-international.org/chapter/prediction-epigenetic-target-sites-using/76081
http://www.irma-international.org/article/suicide-risk-on-twitter/215333
http://www.irma-international.org/article/msdc-0160-and-msdc-0602-binding-with-human-mitochondrial-pyruvate-carrier-mpc-1-and-2-heterodimer/190792
http://www.irma-international.org/article/msdc-0160-and-msdc-0602-binding-with-human-mitochondrial-pyruvate-carrier-mpc-1-and-2-heterodimer/190792
http://www.irma-international.org/article/biological-and-medical-big-data-mining/105100
http://www.irma-international.org/article/msdc-0160-and-msdc-0602-binding-with-human-mitochondrial-pyruvate-carrier-mpc-1-and-2-heterodimer/190792
http://www.irma-international.org/article/msdc-0160-and-msdc-0602-binding-with-human-mitochondrial-pyruvate-carrier-mpc-1-and-2-heterodimer/190792

