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Abstract

Microarrays are part of a new class of biotechnologies which allow the monitoring of expression levels for thousands of genes in
a single experiment. It is important to consider finding differentially expressed genes in a dataset of microarray experiments as
differentially expressed genes are often referred as clinical markers. A number of statistical methods have been suggested for
the identification of differentially expressed genes using different statistical methods and algorithms. In the present paper, an
experimental investigation of four different algorithms for tracking differentially expressed genes using four publicly and freely

available programs namely MeV (t-test), SAM (Significance Analysis of Microarray), EDGE (Optimal Discovery method) and
iArray (Mann-Whitney test) is reported. To assess the performance of each program, 50 artificial microarray datasets with
known differentially expressed genes were used for comparative study. Performance and evaluation of these programs from a
biologist’s perspective has been studied and reported in this paper.

INTRODUCTION

Every cell of the body contains a full set of chromosomes
and identical genes. Only a fraction of these genes are turned
on. “Gene expression” is the term used to describe the
transcription of the information contained within the
Deoxyribonucleic Acid (DNA), the repository of genetic
information, into messenger RNA (mRNA) molecules that
are then translated into the proteins that perform most of the
critical functions of cells [1]. Disruptions or changes in gene
expression are responsible for many diseases [2].

Microarray is an array of DNA molecules that permit many
hybridization experiments to be performed in parallel [3, 4].
It can monitor expression levels of thousands of genes
simultaneously. By analyzing microarray expression profiles
one can deduce information that can provide significant
understanding of the mechanism of the disease under study.
However, the gene selection can be a challenging issue as
the microarray data is skewed with a large number of genes
in one dimension and a few samples in the other dimension.
Sophisticated statistical techniques are used to extract
relevant genes in a given enormous amount of microarray
data [5-8].

Differentially expressed genes (DEGs) are genes whose

expression levels are significantly different between two
groups of experiments [9]. The genes are relevant for
discovering potential pharmaceutical targets and diagnostic
or prognostic markers. Identification of differential gene
expression is the first task of an in depth microarray
analysis. Various software packages are available to do the
task. However, there are no studies to date that evaluate the
performance of these methods and usage of these softwares
from a biologist’s perspective. The purpose of this study is
to evaluate the ability of existing four softwares to correctly
identify the differentially expressed genes using 50 artificial
datasets.

MATERIALS AND METHODS
ARTIFICIAL MICROARRAY DATASETS

The artificial datasets used in the present study were from
Shaik and Yeasin [9]. Two different models were employed
to generate artificial microarray datasets viz. Lognormal
model and Asymmetric Laplace distribution. The dataset
contains a total number of 50 artificial microarray datasets
and each artificial dataset have 4100 genes with 10 samples
under one of the two conditions. The first 100 genes in each
dataset were differentially expressed and the rest 4000 were
non-DEGs. This process enables class labels for genes
(DEGs or non-DEGs) for each generated artificially
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generated microarray dataset which can be used as ground
truth to quantitatively assess the performance of different
softwares used in this study.

DIFFERENTIALLY EXPRESSED GENE
SELECTION PROGRAMS

Various tools have been developed to measure the
expression of thousands of genes to identify changes in
expression between different biological states. The following
four publicly and freely available programs namely MeV
from Dudoit et al., [10], SAM from Tusher et al., [11],
EDGE from Leek et al., [12], and iArray from Pan et al.,

[13] were investigated in this study.

MEV

TIGR MultiExperiment Viewer (MeV) is a software for
microarray data analysis. MeV is developed by a group of
people at TIGR (The Institute for Genomic Research) and is
freely available through TIGR web site [14]. The installation
is fairly simple and running MeV requires Java Runtime
Environment (JRE). A detailed instruction on installation of
MeV and JRE can be found at
http://compbio.utmem.edu/MSCI814/faq.php.

MeV uses a non-parametric t-test with family wise error rate
corrected p- values. It allows selection of an expression
pattern that has maximal difference in mean level of
expression between the two groups and minimal variation of
expression with each group. The output window and the list
of significant genes as a result of MeV are shown in Figure
1.

Figure 1

Figure 1. Significant Genes as a Result of T-test of MeV
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SAM

Significance Analysis of Microarrays (SAM) is a statistical
technique for finding significant genes in a set of microarray

experiments [15]. SAM is running on R platform and users
were prompted to install R from its specified URL. SAM
works with Microsoft Excel and hence the data should be put
in an Excel spreadsheet. A detailed instruction on
installation of SAM and SAM manual can be found at
http://www-stat.stanford.edu/~tibs/SAM/sam.pdf

The input to SAM is gene expression measurements from a
set of microarray experiments, as well as a response variable
from each experiment. It uses repeated permutations of the
data to determine if the expression of any genes is
significantly related to the response. The cutoff for
significance is determined by a tuning parameter delta,
chosen by the user based on the false positive rate. In
addition, one can also choose a fold change parameter, to
ensure that called genes change at least a pre-specified
amount. The output window for SAM Plot sheet and the list
of significant genes is shown in Figure 2a and 2b.

Figure 2
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EDGE

EDGE is an open-source software package for the analysis
of expression data [16]. The main purpose of the software is
to perform significance analyses on comparative microarray
experiments. EDGE is cross-platform compatible (Windows,
Mac, Linux and UNIX), also running on top of the R
statistical software package. EDGE includes functions for
data visualization, transformation, exploratory analysis, and
NCBI queries.

EDGE is based on the Optimal Discovery Procedure (ODP),
which estimates the optimal rule for identifying
differentially expressed genes. The user can press
RECALCULATE button after changing the significance
parameters to show the new list of genes that meet the
redefined threshold or g-value estimation settings. Any gene
in the genes called significant window can be queried on
PubMed by its gene name. EDGE GUI interface with the list
of significant genes is shown in Figure 3.
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Figure 3

Figure 3. GUI Interface with Significantly Expressed Genes
in EDGE

Figure 4

Figure 4. Result of Differential Expression Analysis using
iArray

IARRAY

[Array Analyzer software (iArray for short) is a software

package for analysis of cross-platform and cross-species
microarray data [17]. iArray user guide which has detailed
instructions on system requirements, installations
procedures, and various data analysis methods can be found
at http://www-stat.stanford.edu/~tibs/SAM/sam.pdf

iArray analysis module includes two steps: (1) performing
differential analysis for each individual dataset (with
Bonferroni or false discovery rate adjustment for multiple
comparisons) and (2) identify sets of genes frequently
differentially expressed in multiple datasets from results
obtained in Step (1) For Step (1), two statistical methods to
identify differentially expressed genes are implemented:
Student’s t-test and Mann— Whitney test. In the present
work, we have used Mann— Whitney test. The output
window and the list of significant genes as a result of iArray
is shown in Figure 4.
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RESULTS AND DISCUSSION

In the 50 artificial data sets employed in this study, the
labels for the genes (DEGs/ non-DEGs) were already
available. Using the class labels the performance of the each
program is measured as a binary classifier where the gene is
either differentially expressed (DEG) or not differentially
expressed (non-DEG). Program performance was accessed
by commonly used criteria such as true positives (TPs), false
positives (FPs), true negatives (TNs) and false negatives
(FNs). The definition of these performance measures is
given as follows.

TP -> the number of true DEGs correctly identified the
program

FP -> the number of true non-DEGs incorrectly identified
the program

TN -> total number of true non-DEGs correctly identified by
the program

FN -> the number of true DEGs incorrectly identified by the
program

For a binary classifier, it is possible to accurately find TPs,
FPs, TNs and FNs. Based on TPs, FPs, TNs and FNs, the
final measures true positive fraction (TPF) is obtained by
using the formula TPF = TP/(TP+FN) and false positive
fraction (FPF) by using the formula FPF = FP/(FP+TN).
These TPFs and FPFs are plotted to build the performance
analysis curves. The plot of TPF vs FPF enables the
comparison of performance of various programs employed
in the study and shown in Figure 5.
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Figure 5

Figure 5. The Performance curves for various Gene
Selection Programs using Artificial Microarray Datasets
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In Figure 5., blue curve indicate the output of the program
SAM, rose curve indicate output of the program iArray,
yellow curve indicate the output of the program EDGE and
aqua curve indicates the output of MEV. Our results suggest
that the all the four programs do a reasonable job in finding
differentially expressed genes. However, SAM outperforms
the other three programs in results. It has been found that
SAM not only gives greater accuracy in results but also
faster than other programs. In addition, after installation
SAM available as Excel plug-in. It seems to be most
advantages for biologists to run SAM easily from an Excel
worksheet. EDGE gives maximum number of false negatives
while detecting differentially expressed genes and iArray
provides maximum number of false positives.

As a final result, the study revealed that, the installation and
data analysis using SAM seems to be very simple and
straight forward and also produces more accurate results
when compare to other programs.

CONCLUSION

The purpose of this study is to find the most reliable method
and program for differentially expressed gene selection. We
presented an empirical study in which we compared four
most commonly used programs MeV, SAM, iArray and
EDGE. We apply these methods to 50 artificial microarray
datasets, and compare, how these methods performed in

DEG prediction of these test datasets. Our study has
elucidated that SAM is a superlative method currently
available for the detection of DEG. Apart from these the
algorithm behind SAM is a robust permutation-based
straightforward method that can be adapted to a broad range
of situations in microarray datasets.
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