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ABSTRACT
Summary: The rapid accumulation of microarray data translates into
an urgent need for tools to perform integrative microarray analysis.
Integrative Array Analyzer is a comprehensive analysis and visualization software toolkit, which aims to facilitate the reuse of the large
amount of cross-platform and cross-species microarray data. It is
composed of the data preprocess module, the co-expression analysis
module, the differential expression analysis module, the functional and
transcriptional annotation module and the graph visualization module.
Availability: http://zhoulab.usc.edu
Contact: xjzhou@usc.edu

1

INTRODUCTION

Microarray gene expression profiling has been conducted in many
laboratories, resulting in a rapid accumulation of data in public
repositories. Although there are many advantages to combine
microarray datasets for integrative analysis, it is not a trivial task
to integrate cross-platform microarray datasets. The existence of
different microarray technology and alternative experimental parameters (e.g. use of direct or indirect labeling, choice of controls,
choice of different scanner and image analysis software) results in
systematic variations among datasets that are often beyond the
capability of statistical normalization. Recently, several studies
have begun to address these issues and have proposed statistical
and computational methods to assess expression patterns concordant among several microarray datasets (Choi et al., 2003; Hu et al.,
2005; Lamb et al., 2003; Lee et al., 2004; Rhodes et al., 2002; Segal
et al., 2004; Zhou et al., 2005). Yet, there lack software tools for
biologists to perform integrative analysis of multiple microarray
datasets. Here, we report the first comprehensive analysis software
toolkit, Integrative Array Analyzer (‘iArray’ in short), for platformindependent integration of microarray datasets.
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iArray employs a meta-analysis approach to first derive expression patterns from individual microarray dataset and then discovers
those patterns frequently occurring across multiple datasets. Identifying recurrent expression patterns not only significantly enhances
signal/noise separation, but also provides the context information
for expression signals, e.g. under which conditions/datasets the
expression patterns are activated. Furthermore, iArray can be
used to identify conserved expression patterns across different
species.

2

CORE FUNCTIONS AND FEATURES

iArray includes the data preprocessing module, the co-expression
analysis module, the differential expression analysis module, the
functional and transcriptional annotation module and the graphical
visualization module.

2.1

Data preprocessing module

iArray can accept microarray expression datasets from any platforms as input, as long as the data have been summarized into a
matrix of normalized expression values. The input files of expression data matrices should be delimited text files, with tab, comma or
space as separators. Genes on the different array platforms can be
linked via their Unigene ID, and genes of different organisms can be
linked based on their homologous relationships using the NCBI
HomoloGene database. Users may select different filtering criteria
to narrow down the gene lists to only those genes, which are presented in most samples and/or demonstrate large variations across
samples.

2.2

Co-expression analysis module

This module is used to derive sets of genes simultaneously coexpressed in multiple datasets. We employ a graph-theoretical
approach to perform integrative analyses on multiple microarray
datasets. First, we model a microarray dataset as an unweighted and
undirected graph. In those graphs, each gene is represented by one
node, and if two genes show expression correlation higher than a
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Fig. 1. Graph visualization of a co-expression module from iArray.

given threshold, they are connected with an edge. Given k microarray datasets measuring the expression of the same genes, we construct k co-expression graphs with the same nodes but different
topologies, which will be subjected to comparative network analysis, e.g. searching for frequent subgraph patterns. A subgraph that
occurs repeatedly in a sufficient number of datasets is likely to be
associated with biological significance in terms of functional
modules or biological pathways. Starting from each of the frequent
subgraphs, iArray can further search for its densely connected subgraphs by applying a recursive min-cut partitioning algorithm, until
the subgraphs satisfy the min-cut threshold or reach the userspecified density criterion. Because edges in our graph represent
high co-expression, a densely connected subgraph corresponds to a
tight co-expression cluster, and a frequent dense subgraph corresponds to a frequent tight co-expression cluster.

2.3

Differential expression analysis module

This module is developed to derive sets of genes frequently differentially expressed in multiple microarray datasets, which employs
similar experimental designs, e.g. all on comparison between cancer
and normal tissues. The 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
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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. For Step (2), we will use the frequent itemset mining
algorithm to identify gene sets which occur in at least n out of the
total m differentially expressed gene lists. Our approach will be
sensitive to signals that occur only in a subset of the datasets.

2.4

Functional and transcriptional annotation
module

Gene network patterns derived from co-expression analysis or gene
sets from differential expression analysis can be subjected to functional and transcriptional annotation module. In the functional
annotation module, iArray uses hypergeometric distribution to
assess the statistical significance of the enrichment of genes from
particular functional categories or pathways. Users can choose
to check the gene enrichment from GeneOntology categories
(Ashburner et al., 2000), BioCarta pathway annotations
(Galperin, 2004) or KEGG pathways annotations (Kanehisa, 1997).
Transcriptional annotation module is developed to predict potential transcription regulators for recurrent co-expression clusters or
differentially expressed gene sets. For all genes in the six model
organisms including human, mouse, rat, fruit fly, nematode and
yeast, we obtained the 1 kb upstream sequence as putative promoter
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sequences from public genome resources and then screened those
sequences for transcription factor binding sites by positionweighted scoring matrices obtained from the TRANSFAC database
(Heinemeyer et al., 1999).

In the future, we will incorporate more meta-analysis methods
reported in the literature and further improve the functional and
transcriptional analysis modules.
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2.5

Graphic visualization module

All data and results including expression values, co-expression
network, differentially expressed gene sets, etc. can be visualized
with the Visualization module. It has an interactive graph interface
to allow biologists to explore the data and results in an intuitive
manner (Fig. 1). Network data can also be exported to other
software such as Cytoscape (Shannon et al., 2003) for further
analysis.

3

CONCLUSION

We presented a software package, Integrative Array Analyzer
(iArray), for integrative analysis of cross-platform microarray datasets. iArray aims at facilitating the reuse of the vast amount of
public microarray datasets, reducing the necessity to generate
new data and enhancing our understanding of cellular functions
under a variety of conditions. Not only do we provide a set of
novel approaches and tools for the analysis of multiple microarray
datasets, but also we integrate various types of existing knowledge
database to facilitate the interpretation of the analysis results.
The capacity of the iArray depends on the size of the input
datasets and memory/speed of users’ computers. The memory
and CPU requirements of iArray are equivalent to those of
hierarchical clustering, since the maximum memory and timeconsuming functionality in iArray is the generation of correlation
matrix in order to construct the co-expression graphs.
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