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Abstract
Microarrays provide the biological research community with 
tremendously rich, sensitive and detailed information on gene 
expression profiles. Gene expression profiling and gene expression 
patterns have been found useful for solving a wide variety of 
important biological and biomedical problems, including the study 
of metabolic pathways, inference of the functions of unknown genes, 
diagnosis of diseased states, as well as facilitating the development 
of individualized drug treatments through pharmacogenomics. 
Given the significant impact of microarray gene expression data in 
biological and biomedical research, this breakthrough technology 
urgently needs the assistance of advanced computational methods 
for interpreting and utilizing the raw information. This paper 
reviews several main research directions and methods in the 
analysis of microarray gene expression data.
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I. Introduction
The advent of genomics has witnessed an explosion of large 
datasets into the public domain; not least of these the predictions 
of tens of thousands of genes, hundreds of thousands of transcripts, 
and a combinatorial number of regulatory regions. Microarrays are 
a relatively new technology that allows interrogation of the breadth 
of this dataset, providing novel insights into gene expression and 
gene regulation. Microarray technology has been applied in diverse 
areas ranging from genetics and drug discovery to disciplines 
such as virology, microbiology, immunology, endocrinology, and 
neurobiology. Microarray-based methods are the most widely used 
technology for large-scale analysis of gene expression because 
they allow simultaneous study of mRNA abundance for thousands 
of genes in a single experiment.
Microarrays present unique opportunities to analyze gene 
expression and regulation in a global cellular context. Equally, 
the generation of large datasets present unique challenges in the 
acquisition, annotation, analysis and warehousing of that data. 
There are numerous platforms available for the interrogation 
of gene expression, and the expansion of gene expression data 
available in the public databases is testimony to the ready 
adoption of this technology. Yet questions still remain as to the 
reliability of information generated by microarray expression 
profiling, particularly when comparing information collated on 
different technology platforms. Gene expression data analysis 
has undergone rapid development since the review carried out 
by Brazma and Vilo five years ago. This review article builds on 
this and other earlier reviews to report the recent developments in 
computational methods for analyzing and interpreting microarray 
data. We first address the importance of understanding the design, 
annotation and normalization of probes and probesets, which is the 
key to generating meaningful insights from microarray data. We 
follow this by a discussion of the various computational methods 
for the analysis of microarray data. 

II. Microarray Platform Overview
A microarray is a series of probes ordered on a fixed surface such 
that the identity of each probe can be matched through its ‘address’ 
or position on the array. While almost any biological molecule 
can be arrayed, the probes of gene expression arrays consist of a 
string of nucleotides complementary to the sequence of the gene or 
gene product being investigated. A typical oligonucleotide probe is 
single stranded and between 25 and 70 bases long, whereas cDNA 
probes are double stranded and may be as long as a fulllength 
gene product (on average 2kb). Genomes may be represented on 
a microarray by arraying BAC clones – large genomic fragments 
that may contain many genes – or probe sets targeting particular 
genomic features, such as coding regions (for expression profiling), 
spanning splice junctions (for the identification of alternatively 
spliced variants) or regulatory regions such as promoters.. This 
wide variety of potential microarray probe sets offers a versatile 
platform to analyze genomes from gene expression, chromatin 
regulation, to gene dosage and mutation analysis. cDNA arrays 
offer an attractive probe set for incompletely sequenced genomes. 
Typically derived from Expressed Sequence Tags (ESTs), these 
probes are captured from gene products expressed in an organism 
of interest, so representing a set of likely `hits’ when probing for 
gene expression patterns. The disadvantages of a cDNA array 
include lack of annotations associated with probes – they may be 
annotated only as a position on a freezer plate where the clones are 
stored – as well as redundancy of gene products represented on 
the array, cross-hybridization of sequences common to different 
probes and sub-optimal variation in hybridization efficiencies 
(determined by probe length and composition) across the probe set. 
Nevertheless, cDNA arrays offer a rapid and successful entry into 
microarray technology for those organisms not well represented 
in the public sequencing databases.

Fig. 1: Contig of Expressed Sequence Tags

Oligonucleotide (oligo) arrays are the probe of choice for well-
sequenced and annotated genomes. The reproducibility of data 
derived from a variety of oligo platforms is reasonably robust 
given the variation between laboratories, and this permits a critical 
comparison of data derived from different array platforms (discussed 
below). The design of each oligo is critical to the robustness of 
the array as a whole. Most oligos are designed to represent the 
most common transcripts expressed from a gene, and are biased 
to the 3’ end of the gene. Probe design is constrained by meeting 
the most consistent hybridization parameters across the entire 
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set – as the size and concentration of each oligo is predetermined, 
the most critical factors are GC content (in  determining melting 
temperature), predicted secondary structures within the probe itself, 
as well as the uniqueness of the probe sequence, particularly at the 
5’ stretch. Commercial platforms such as Affymetrix GeneChip or 
Illumina bead stations use a combinatorial probe for each target 
gene – that is each gene on the array is represented by a series 
of smaller oligonucleotides that span different parts of the gene. 
The Illumina bead technology synthesizes 50mer probes onto 
small beads immobilized into high-density fiber optic arrays. In 
the Affymetrix setup, 25mer oligos are synthesized directly onto 
the array substrate using photolithography, producing a barcode 
effect across the chip rather than the discrete spot associated with 
contactprinting.
This strategy incorporates mismatch oligos to give a measure 
of hybridization specificity across the series for each gene. The 
choice of platform determines the type of experimental design 
possible (two color direct comparisons, or single color indirect 
comparisons), the type of normalization and filtering strategies 
employed (across multiples of the same probe, or across sets 
of probes for each gene), but most fundamentally impacts on 
strategies for maintaining and updating the identity and annotations 
of probes on the array.

III. Identity Crisis: The Shifting Nature of Probe 
Annotations
Regardless of the platform used all probe annotations suffer 
from periodic loss-of-identity crises. Oligonucleotide probes 
are generally designed from ‘gene’ sequences that have been 
assembled from EST contigs – UniGene and TIGR Tentative 
Consensus (TC) sequences are examples of genes that have been 
assembled from a contig of expressed sequence tags (see Fig. 1). 
Likewise, many cDNA probe sequences are identified by their 
similarity to a UniGene contig. EST contigs offer the advantage of 
assembling many small, and individually uninformative sequences 
(ESTs) into longer, overlapping contiguous sequences that can be 
mapped back to the same genomic region, and that together predict 
some gene structures (such as exon boundaries) and predicted 
protein products where an Open Reading Frame (ORF) can be 
detected. Such contigs are by their very nature fluid – as new ESTs 
are added to the database, previously disjointed contigs assemble 
together (merger). Conversely, as genome sequences are updated, 
previously aligned contigs are broken up into separate entities 
(split). This means that the association of any individual probe 
(particularly a short oligo probe) with a contig-driven annotation 
will change as those contigs are updated.
The RefSeq sequences curated by NCBI are the most stable 
consensus gene sequences (usually accompanied with functional 
or empirical validation), however even these are problematic. 
Information about transcript variation (such as tissue specific 
alternate splicing events) are not reliably captured, and sometimes 
even merged, in the RefSeq dataset. New full-length cDNA (FL-
cDNA) data emerging from annotation pipelines such as FANTOM 
(mouse) and the mammalian gene collection team (human) are 
highlighting the transcriptional complexity of the genome, and 
challenging our notions about genes as discrete heritable units. 
The FLcDNA projects assemble transcripts into frameworks 
(Transcriptional Units, TU or Transcriptional frameworKs, TK) 
that demonstrate the overlapping structure of genes. The exons of 
two functionally distinct frameworks are most commonly shared 
by the overlap of transcripts from different strands of a genomic 
neighborhood (sense-antisense transcription) – this is estimated 

as occurring as frequently as 70% of gene neighborhoods. 
Exons may also be shared by transcriptional frameworks lying 
adjacent on the same strand – this type of promiscuous splicing 
event is less common than sense-antisense transcription, but is 
nevertheless a well validated occurrence. The consequence of 
these overlapping transcriptional frameworks on EST contiging 
approaches to gene annotation is immediately apparent – many 
of these contigs (UniGene and TC) summarize transcription from 
complex regions of the genome into a single consensus sequence. 
This occurs because ESTs often have little or no information 
about the strand from which they were transcribed (sense-antisense 
contigs); equally small ESTs that map to an exon shared between 
two transcriptional frameworks contain insufficient information to 
discriminate between the TK, and instead merge the two separate 
transcription events.
A common error in microarray annotations is to map the array probe 
to an EST contig once (such as a UniGene accession), and then 
inherit (and update) the annotations associated with that contig. 
A more satisfactory approach is to retain the original sequence 
of a microarray probe, and use this to identify and annotate 
each time. Even better is the mapping of each probe to the base 
genome sequence. The annotations assembled through RefSeq 
and UniGene will still contribute, however information on exon 
specificity is retained. In an array where some redundancy exists 
– that is several probes are associated with one transcriptional 
framework – differences in signal across those probes might 
provide information on transcript variants arising from that 
framework. For single oligo or cDNA probes the match between 
probe sequence and annotation can be updated automatically. More 
difficult is updating annotations on probes that summarize the 
signal from several oligos, as these consist of a series of short oligo 
sequences tiled across a gene. This approach suffers particularly 
from historical inaccuracies in EST contigs and annotations as 
the identity of an individual oligo is much less transparent, and 
the signal from the probe series is a compilation that may not 
relate to the same transcriptional events. Mecham and colleagues 
have shown discrepancies with the mapping and identification 
of Affymetrix oligos. Depending on the genome, between 20-
60 % of probesets contained sequences that did not match the 
gene they were annotated as representing. These studies highlight 
the problems faced by annotating probesets on summary gene 
information – the probeset is designed to a contig that becomes 
outdated, probes within the probeset may belong to different 
transcription events but annotations are made through historical 
association rather than the actual sequence of the probe.

IV. Functional Analysis and Biological Interpretation of 
Microarray Data
Researchers are demanding much more from a microarray 
experiment than a list of up- or down-regulated genes. If 
microarrays are to offer a truly horizontal approach to profiling 
cellular events, then functional associations between those genes 
must be made. The ultimate goal is to identify pathways-signaling 
events or genetic networks that regulate the phenotype of that cell. 
Good gene annotation requires the assembly of information about 
protein products (and variants) and protein motifs, including active 
domains. Functional information can be inferred from information 
gathered about a protein family or specific protein domains, and 
structural motifs shared between functional classes. Subcellular 
localization can be predicted for some classes of secreted molecules 
and membrane proteins. Gene Ontologies (GO) are a hierarchy 
of standardized nomenclature used to capture and describe such 
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annotations. They provide broad biological classifications, specific 
molecular interactions, and subcellular localizations, based on the 
domains or motifs present in the predicted ORF. The genomes 
of plants and higher eukaryotes (man and mouse, for example) 
express large numbers of noncoding RNAs – that is a full-length 
transcript from which no ORF can be predicted. Traditional GO 
pipelines are unable to effectively annotate these RNAs, although 
new ontologies are being developed, and are attempting to define 
putative functional classes, TIGR Resourcerer, EBI GOA or 
ProbeLynx for dynamic sequence-contig mappings. Automated 
gene annotation pipelines rely heavily on gene ontologies for 
functional inference. These tools provide functional information, 
such as GO, predicted from the protein sequence associated with 
an EST contig that
could not be predicted from an isolated EST. The mapping of 
individual genes into pathways is somewhat ad hoc, depending on 
external links to preassembled pathways such as those assembled 
at the Kyoto encyclopedia of genes and genomes  or BIOCARTA. 
The continual annotation of probes on a microarray platform 
must be considered when warehousing microarray data, and 
must be curated in a transparent manner, preferably relying on 
genomic rather than EST mappings. This allows for the updating 
of annotations that take advantage of summary gene function, as 
well as information unique to the exons spanned by a probe or a 
set of probes. The developments of new normalization strategies 
that analyze every probe as an individual entity, combined with 
probe-based annotations rather than contig based annotations, are 
improving the reproducibility of information derived from these 
array platforms, and increasing the reliability of cross platform 
comparisons.

V. Microarray Experimental Design-Asking the Right 
Questions
Microarrays have been used to interrogate a wide range of 
biological questions, and the experimental design is crucial 
when considering what kind of information can be obtained 
from a microarray experiment. The simplest experiment captures 
a snapshot of genes expressed in a population of cells. These 
experiments do not rely on cross array analysis; instead replicated 
data indicates the probability that a gene has been significantly 
detected in that population of transcripts. Comparison of gene 
expression across a series of such one-color hybridizations relies  
on adequate normalization (addressed below), and strategies that 
rank the expression of genes from highest to lowest within like 
experimental conditions. These strategies might include gross 
expression thresholds (i.e., a present call in one experimental 
condition but an absent call in all other conditions), alternatively 
the average hybridization intensity of each probe is ranked by 
comparing expression in one experimental condition relative to the 
average hybridization intensity across all experimental conditions. 
Finally, a 1- tailed t-test is also commonly employed to rank probes 
into ‘high’ and ‘low’ expression.
Several large datasets have been compiled to compare different 
tissues across the same experimental platform for examples. These 
databases can be queried at the level of tissue (specifying genes 
expressed at a particular level in that tissue), or at the level of 
an individual gene – interrogating the pattern of expression of 
that gene across many tissues. These databases employ similarity 
metrics, commonly pair-wise comparisons with significantly 
scoring correlation coefficents (such as Pearson correlation) to 
identify other genes with statistically similar expression patterns 
in the dataset. This type of co-expression might imply co-

regulation (eg tissue specificity) and/or a functional association 
(pathway specificity) between the gene products. Comparison 
of genes expressed in these different tissues is permitting the 
identification of cell lineage markers. Similarly, the correlation 
of gene expression from tumor sample with clinical outcomes has 
revealed new markers for metastases, hormone responsiveness, 
response to drug therapies, and has even been used to predict the 
aggressiveness of the tumor. While comparing data generated as 
part of the same experiment, or even on the same experimental 
platform, is relatively intuitive, a more difficult comparison is that 
of gene expression profiles generated on different experimental 
sources. Successful strategies for cross-platform analyses treat 
microarray data as qualitative rather than strictly quantitative, 
and ensure that data extracted from different datasets are related 
to a comparable baseline.
Although DNA microarray data have been used for many important 
applications in the life sciences, they are often represented with 
missing values which are caused by spurious image signals that 
can arise due to insufficient image resolution, precipitated probe, 
other hybridization artifacts, or dust on the surface of the slide. 
Missing values in microarray data make it difficult for the analysis 
and classification of the data sets by other computational methods, 
which require complete gene expression matrices. Therefore 
effective methods for estimating missing values are needed to 
make the matrix of gene array values complete to be ready for 
the study of gene expression. Microarray gene expression data are 
conventionally presented in the form of matrix format where the 
number of rows stands for the number of genes, and the number 
of columns is the number of different experimental conditions. 
Missing elements of a microarray matrix are simplistically 
replaced with zeros or the row average expression levels for the 
corresponding genes. However, Troyanskaya et al. showed that 
these methods are not effective because replacing missing values 
with zeros is very heuristic and far from optimal, whereas the 
row average is only based on simple statistics which ignore the 
information of other genes. These authors carried out a comparative 
study on three methods for estimating missing values in gene 
microarray data: the singular value decomposition based method, 
the weighted k-nearest neighbor method (KNN impute), and the 
row average method. They found that the weighted k-nearest 
neighbour method was superior to the other two methods and 
the method of filling missing values with zeros. Bø et al. proposed 
two least-squares based methods for estimating missing values 
using the correlations between genes and between arrays, and then 
combining these two methods by taking the weighted averages of 
the estimates from the two methods. After testing their proposed 
methods (LSimpute) and the KNNimpute with three data sets, they 
concluded that the LSimpute methods produced more accurate 
estimates than the KNNimpute and its accuracy was at least 
equivalent to the expectation maximization approach (EMimpute). 
Nguyen et al. evaluated the accuracy of the mean imputation 
and K-Nearest Neighbor (KNN) imputation on predicting gene 
expression missing values, and proposed two regression methods 
for estimating missing values. 
The first method is the imputation using repeated Ordinary Least 
Squares (OLS) regression which takes pairwise gene information 
into account; whereas the second imputation method is the Partial 
Least Squares (PLS) regression which incorporates global gene 
structure by using all gene expression values to estimate the 
missing values. After testing different methods on a variety of 
cDNA and oligonucleotide microarray data sets, the results were 
found to be consistent with those reported by Troyanskaya et al. for 
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yeast cDNA microarray data, in that the performance of the mean 
imputation was much poorer than the KNN imputation, which 
showed high performance on the average of the experiments. In 
addition, these authors found that both OLS and PLS provided 
better accuracy of the estimation than the KNN over some ranges 
of the gene expression values. Kim et al.proposed an imputation 
approach based on local least squares criteria (LLSimpute). 
Missing gene expression data were estimated by LLSimpute as 
a linear combination of similar genes. Based on the experimental 
results, these authors reported that their proposed approach is 
competitive with KNNimpute, and a Bayesian estimator – BPCA. 
In analyzing the variability of a particular data set which can be 
spatially related, classical statistical methods make no use of this 
type of information; whereas the theory of geostatistics considers 
the spatial information of the data set in its regression analysis 
for estimating missing observations or unknown data. Pham 
proposed a framework for estimating missing observations which 
incorporates the modeling of fuzzy protoptyes in the cokriging 
system of geostatistics in order to improve the accuracy of the 
estimates and alleviate the computational complexity of cokriging. 
Geostatistics is thought as a special theory of applied statistics. 
The formulation of geostatistics is based on the abstract theory 
of the regionalized variable, which is spatially continuous and 
has the properties of being intermediate between truly random 
and completely deterministic. In other words, geostatistics 
considers the observed values of a variable as the realizations 
of a stochastic process in space. For each location in a spatial 
domain, there exists a measurable quantity, which is called a 
regionalized variable. This regionalized variable is considered 
to be a particular outcome or realization of a random variable. 
The set of these auto-correlated random variables constitutes a 
random function. Each of the random variables has the same 
probability law; and at all locations the random variable has the 
same statistical expectation. The joint distribution of any pair 
of random variables depends on the lag distance between the 
two variables and not on their locations. Thus, the problem of 
characterizing the spatial variability of a regionalized variable 
reduces to that of characterizing the correlations of set of the 
random variables, which constitute the random function. Using the 
properties of regionalized variables, kriging and cokriging systems 
are developed for estimating missing or unknown values in the 
ways that i) the estimated value is the weighted linear combination 
of the available data, ii) the estimate is unbiased (average error is 
zero), and iii) the error variance is minimized. To achieve such 
purposes, the estimation methods of geostatistics utilize a random 
function model to express the estimate error, its mean value, and 
its variance; and then work out how to weight the neighbor data 
so that the estimates satisfy the above criteria. The fuzzy cokriging 
estimator was tested using the heredity breast cancer microarray-
based data set, which consists of twenty-two breast tumor samples 
from 21 patients: 7 BRCA1, 8 BRCA2, and 7 sporadic. This 
data set comprises 3226 genes for each tumor sample, and the 
complete gene expression matrix of the combined 22 breast cancer 
samples consists of 3226 cDNAs (3226 x 22 matrix). Each of 
3226 genes can be considered as a random variable, which has 
22 realizations. 
The ordinal onedimensional representations of the sampled values 
of the genes allow us to model the spatial relationships of the gene 
variables. To compare the fuzzy cokriging with the conventional 
cokriging, 10 sets of 20 genes were randomly selected and 
introduced the numbers of missing observations to be 2, 4, 6, 8, 
and 10 in each of the 10 subsets. The number of nearby available 

samples for the estimate was chosen to be 4, where the position 
of the unknown value is at the center of the nearby samples. 
The accuracy is measured using the average Root Mean Square 
(RMS) errors, and the resultant RMS error was then taken as the 
average of all the test sets. While the errors of both methods are 
found equivalent for 2, 4, and 6 missing values, the errors of the 
fuzzy cokriging are smaller than those of the cokriging in the 
cases of 8 and 10 missing values. The fuzzy cokriging method 
was further tested with the whole data set of 3226 genes, and 
used the same numbers of missing values on 10 as well as other 
parameters as introduced in the first test. Given the large number 
of genes, we selected the number of cluster centers to be 20. Due 
to a significant large number of genes, it becomes impractical to 
apply the cokriging in a straightforward procedure. The proposed 
method was compared with the row average (mean) method. The 
results obtained from the proposed method were significantly 
superior to those obtained from the row average method.

VI. Data Pre-Processing and Normalization
Microarrays generate a large amount of horizontal data (from 
thousands of individual hybridization events on each array), 
but tend not to generate a large amount of vertical (replicated) 
data for any single probe in the course of an experiment. This 
causes unique issues when dealing with data normalization and 
statistical analysis. The data generated from each probe on each 
array must be transformed so that it is comparable to the other 
hybridization events on the same array (per-chip normalization) 
as well as the hybridization events of that probe across a series 
of arrays (per-gene normalization). Regardless of the platform 
used, a median-normalized pergene and per-chip strategy assumes 
Gaussian distribution of the signal intensities between and across 
experiments. 
Microarrays fall into several categories when considering 
normalization strategies. The first, best typified by the Affymetrix 
platform, and arguably most widely adopted category, is the 
hybridization of a single RNA population to each array, and the 
comparison of multiple RNA populations across multiple arrays. 
These arrays use the average of a series of probes to represent 
one gene. The variability of signal generated within the probe 
series has been well documented, not least because of the design 
problems highlighted above. A recent advance in normalization 
of Affymetrix arrays by Speed’s laboratory has been widely and 
successfully adopted. Instead of summarizing the signal from a 
set of gene-specific probes before normalizing the data generated 
from any one GeneChip, the RMA normalization strategy treats 
each probe as a unique entity and performs the per-gene and per-
chip normalizations before summarizing the geneset.
The second category is associated with spotted Cdna and oligo 
arrays, and permits the hybridization of two (or more) RNA 
populations to a single array, where the origin of each RNA 
molecule is identified by a fluorescent tag. The basic principle of 
producing microarrays in an experiment is based on the two-color 
fluorescence imaging labeling method. For such an experimental 
platform, mRNAs from the sample population and control cells 
are converted to cDNAs and labeled with two different fluorescent 
dyes: red dye Cy5 for the RNA from the sample population, and 
green dye Cy3 for the RNA from the control population. The two 
labeled extracts are then hybridized over the microarray, where 
labeled cDNA sequences bind to their respective probes on the 
array. Since the two differently labeled cDNAs are placed on one 
array, some measure of hybridization can be observed for each 
probe, which is called the measure of DNA abundance or gene 
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expression. If the gene from the sample source is highly expressed 
then the spot on the array will be predominantly red. Each spot 
is normalized relative to the two fluorescent signals, generating 
a ratio. However the dyes available for labeling have different 
incorporation efficiencies and fluorescent intensities, and these 
differences vary as signal intensity increases.
A second confounding factor in the normalization of printed arrays 
are regional differences in the morphology and concentration of 
probe spotted depending on the physical tip used to deposit the 
probe onto the surface of the slide. Print-tip lowess normalization 
is an intensity-dependent, regional normalization tool that uses 
local-linear regression to normalize signal intensities across an 
array (per chip), as well as between arrays (per gene). Lowess 
normalization was important because it recognized that the data 
generated across an array was not linear. It is equally important 
to remember that the data generated by a microarray experiment 
is also constrained by the linear range of the equipment used to 
detect the signal – and no amount of normalization, filtering or 
analysis can alter the lower (signal-noise ratio) or upper (saturation 
point) of the data once it has been collected.
A common problem in the analysis of microarray data is the 
correction of the background image intensity. The generation of 
DNA microarray spots involves the hybridization of two probes 
labelled with a fluorescent red dye Cy3 or a fluorescent green dye 
Cy5. The relative image intensity values of the red dye and the 
green dye on a particular spot of the arrays indicate the expression 
ratio for the corresponding gene of the two samples from which 
the mRNAs have been extracted. Kooperberg et al. pointed out 
that there are two problems associated with the measure of gene 
expression values. Corrections of these problems would enhance 
the accuracy in the estimation of the gene expression ratio. The 
first is known as the background intensity problem and arises when 
a probe is applied to the array even when cDNA is not available. 
The second problem is that not only a probe corresponding 
to the correct gene hybridizes with the cDNA but some probe 
corresponding to some other gene may also do so, leading to 
cross hybridization. 
This is a profound problem, as it is not consistent across an array, 
but rather caused by local hybridization events (buffer precipitation, 
slide drying out, unevenness of slide substrate coating, poor 
blocking etc.). The standard approach for background image 
correction is to subtract the background image from the spot image. 
However, this approach is not effective when the spot image is 
low or similar to the intensity levels of the background image. 
Thus, the estimate of the expression ratio becomes unreliable. 
Kooperberg and coworkers dealt particularly with the problem of 
background correction and proposed a Bayesian method to account 
for the background noise. Summary statistical properties, which 
include mean, median, and standard deviation of each spot, were 
used as the features for the background correction. These authors 
were not aware of any methods for correcting spotted glass array 
data for cross hybridization, and compared the estimation of the 
expression ratios based on glass spotted arrays with those obtained 
using Northern blot analysis.
They pointed out that the Northern blot analysis does not suffer 
from cross hybridization the way that glass spotted arrays do, 
providing an explanation of the main inconsistency between these 
two results. However, this simply may not be true – Northerns 
most certainly do suffer from cross hybridization events. In both 
a Northern and an array experimental conditions such as buffer 
stringency (salt), hybridization temperature, % match between 
probe and target, composition of probe, secondary structure of 

probe etc., all affect nonspecific events in an array or a Northern. 
The main inconsistencies between an array and a Northern include 
sensitivity, isoform information, and probe misannotation on an 
array. Earlier research work on the estimation of gene expression 
ratios for glass spotted arrays includes an algorithm developed 
by Chen et al., which used a Wilcoxon statistics to identify the 
background area as the pixels having significantly lower image 
intensity values than those of other pixels. Theilhaber et al. 
proposed a Bayesian approach for calculating the expression ratios 
with an assumption that the background image has been corrected. 
Another Bayesian method for calculating the log-ratio after the 
background correction was proposed by Newton et al and based 
on the assumption that the foreground pixel intensity values for 
the red and green channels obey a Gamma distribution. 
Although several methods have been developed for dealing with 
the correction of background image to enhance the estimate of gene 
expression ratios, spots of low intensity values remain a difficult 
problem, which also greatly affects particular subsequent tasks of 
microarray analysis involving image segmentation methods and 
clustering algorithms. It is important to reiterate here that low 
signal is not simply a computational problem – below a certain 
threshold one can reach a physical limit of the equipment, the data 
collected does not reflect the signal produced, and the scanner is 
not sensitive enough to pick it up.

VII. Conclusions
Gene microarray technology has become an integral component of 
the arsenal available to biologists for addressing gene expression 
changes in a wide range of biological systems. This technology 
has advanced considerably in recent years to keep pace with the 
wealth of data being generated from genome sequencing and 
annotation projects. One identifiable challenge for the future of 
this field that would considerably enhance its usefulness is to be 
better able to couple gene clustering capability with annotation 
information implying functional association between genes, or 
more accurately their expressed products. This would advance 
the goal of identifying changes in gene expression at the level 
of entire gene product networks, such as for metabolic and 
signaling pathways and functional protein complexes. From the 
biologist’s perspective, this represents the next level of biological 
information needed to approach a paradigm of whole cell, and 
intercellular function. Developments in the microarray field have 
necessitated the introduction of technologies not conventionally 
associated with the biologist, and include those from disciplines 
such as engineering, mathematics, computer science, information 
technology, and information sciences. As discussed in this review, 
however, the utility of microarray data is still limited by the 
technology underpinning its capture and analysis. 
Thus, this field is highly amenable to the introduction of better 
analytical methodologies, and in this context we have introduced 
here the concept of spectral distortion measures as potentially 
useful approaches for improving on computing the similarities 
of microarrays or discriminating their differences in a different 
computational point of view. With advances in microarray 
technology new approaches for handling the new data will have 
yet to be identified. In conclusion, microarray technology has 
represented the cornerstone for the analysis of gene expression 
in biology. To date, the promise of this technology has not been 
fully realized, but the wealth of genome information that this 
technology can potentially tap into both currently and in the future 
augurs well for the future of this technology and provides impetus 
for further developments in the mathematical and computer bases 
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