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The importance of alternative splicing in drug and biomarker discovery is best understood through

several example genes. For most genes, the identification, detection and particularly quantification of

isoforms in different tissues and conditions remain to be carried out. As a result, the focus in drug and

biomarker development is increasingly on high-throughput studies of alternative splicing. Initial

strategies for the parallel analysis of alternative splicing by microarrays have been recently published.

The design specificities and goals of alternative splicing microarrays, in terms of identification and

quantification of multiple mRNAs from one gene, are promoting the development of novel methods of

analysis.
Splicing of precursor mRNA (pre-mRNA) is a step in mRNA tran-

scription involving removal of the introns and ligation of the

flanking exons. Alternative pre-mRNA splicing (AS) leads to vast

complexity in mRNA isoforms by generating several mRNAs from

a single gene [1,2]. Thus, AS is widely assumed to be a key step in

the creation of proteomic diversity in complex organisms [2,3].

There are examples of both conserved and species-specific splice

forms [4,5], and over 60% of all human genes are alternatively

spliced (see Refs [6,7] and references therein). Specific AS modal-

ities are shown in Figure 1.

Variant transcripts generated through AS, similar to those

initiated from distinct promoters, are often tissue- and/or devel-

opment-specific, resulting in effects only in some cell types or

during particular developmental stages. Whereas changes in pro-

moter activity predominantly alter the expression levels of mRNA,

however, AS can affect the sequence and the structure of the gene

product by inserting or deleting sections of the pre-mRNA

(Figure 1), possibly changing the reading frame of the mRNA.

AS-induced transcript changes fall into three categories: intro-

duction of stop codons in the mRNA, changes in the resulting

protein sequence and structure, and alterations in the 50- and 30-
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untranslated regions of the mRNA. The effects of these changes

range from a complete loss of function of the protein to subtle

effects, such as altered transcript localization, stability and trans-

lation [8–12]. Large-scale genomics studies suggest that AS has a

key role in the production of functional complexity in the human

genome and that at least 10–30% of alternatively spliced genes are

tissue-specific [1,13,14]. Thus, it has been proposed that, apart

from diversifying protein function, AS provides an additional layer

of control in the development and function of healthy tissue [3].

This review deals with microarray methods developed for the high-

throughput analysis of alternative splicing.

Significance of AS in drug and biomarker discovery
Alterations in AS have been linked to changes in cell physiology,

developmental regulation and cancer [15]. The control of AS can

be deregulated in human disease as a consequence of alterations in

signaling cascades, in splicing regulators or in the spliced genes

[15,16]. For example, at least 15% of the single base-pair mutations

that cause human genetic disease arise from RNA splicing defects

[17–19].

Understanding the diversity created by AS is essential for the

discovery of both new biomarkers of disease and future therapeutic

strategies.
oi:10.1016/j.drudis.2006.09.011 www.drugdiscoverytoday.com 983
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FIGURE 1

Alternative splicing modalities. The definition of alternative splicing modalities is based on the assumption that there is a ‘prototype’ mRNA that defines

exons and introns in a gene. Introns can then be defined as segments of a gene that are removed before nuclear export of the prototype mRNA and thus

do not contribute to protein synthesis. Exons are, in this context, defined as DNA sequences that contain information that is exported from the nucleus. Sections that
are retained in mRNA are shown in blue. Deletions represent AS events where part of an exon (type II–IV) or complete exons (type I or cassette exon) are

removed. Insertions represent AS modalities in which part of an intron (type I–III) or complete introns (type IV) are retained in the final mRNA product.
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Examples of AS biomarkers
One of the first well-established examples of the effects of AS on

gene function was provided by the BCL family of proteins, which

are involved in the regulation of apoptosis. Two forms of Bcl-x are

produced by means of an alternative donor splice site: the short

form, Bcl-xS, is pro-apoptotic, whereas the long form, Bcl-xL, is

anti-apoptotic. The Bcl-xS:Bcl-xL ratio determines cell viability,

and subtle changes to this ratio alter cell fate [20,21].

Another example of phenotype-specific AS and possibly differ-

ent function of mRNA isoforms is the gene Pax5, which is the

principal regulator of B-cell development. Our group [22] has

observed that individuals with lymphoma express only one splice

form of the gene Pax5, whereas healthy donors express various

isoforms. Although the relevance of this observation is not fully

understood, it indicates that AS is altered during tumorigenesis of

B cells.

The potential of mRNA isoforms in diagnosis has been demon-

strated for Alzheimer’s disease, where the ratio of acetylcholine

esterase mRNA isoforms is used to predict the treatment outcome

in affected individuals [23]. Many other isolated examples of

disease-related AS are known [24–27]. Similar to the type of bio-

marker discovery that has been facilitated by high-throughput

gene expression, however, the determination of optimal biomar-

kers based on AS will be possible only when high-throughput

analysis of all AS forms across different tissues and disease types

is available [28].

AS-aided drug discovery
Understanding the diversity in mRNAs and proteins created by AS

is also essential for future drug discovery efforts. Pharmacoge-

nomics, defined as the determination and analysis of the genome

(DNA) and its products (RNA and proteins) in relation to drug
984 www.drugdiscoverytoday.com
response, searches for more-focused drug targets while minimizing

side-effects. AS provides another layer of opportunity for selecting

drug targets. If AS is overlooked, drug discovery processes are

exposed to only a fraction of the actual proteome and therefore

miss potential protein or mRNA targets. In addition, AS can lead to

altered drug metabolism because drugs can be bonded or digested

by different isoforms of the targeted protein or mRNA [16].

Furthermore, there are many examples of protein isoforms with

different and even opposite functions. Targeting the wrong iso-

form of the protein can have detrimental effects. Examples include

the apoptosis genes BCL2 [24] and TP53 [25], where treatment of

the wrong isoform can lead to increased proliferation of cancer

cells rather than cell death. Another well-known example is the

VEGF gene involved in angiogenesis [26]. Only the larger mole-

cular mass isoforms, out of at least five mRNA isoforms of VEGF,

are responsible for tumor angiogenesis and are thus an appropriate

drug target [27]. Once more, high-throughput analysis of AS forms

will probably result in numerous new drug targets and will give

much more detailed information about the beneficial effects and

side-effects of existing drugs.

Microarray-based AS methods and probe design
The highly parallel and sensitive nature of microarrays makes

them ideal for monitoring gene expression on a tissue-specific,

genome-wide level and provides the possibility of identification

and quantification of isoforms. Several groups have shown that

microarrays can be used to analyze pre-mRNA splicing [4,6,9,

10,29].

There are two main groups of microarray methods, resulting in

different designs of probes that can be used to determine and/or

quantify different AS forms: the first group includes ‘annotate-to-

design’ methods [30–32], whereas the second group includes
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FIGURE 2

Methods used to design AS microarray probes. In the ‘annotate-to-design’ approach [30], splicing is exhaustively annotated and an array is designed to

provide quantitative information on the expression levels of known RNA isoforms of interest [31,32]. In the ‘design-to-annotate’ approach, the goal is to
discover new mRNA isoforms and new examples of alternative exons, in other words, to annotate gene structure and function with splicing-level resolution

[33,6]. Blue lines indicate exon probes; red lines indicate junction probes. Tiling probes (black) extend across the whole genome and do not make any

distinction between exon and intron probes.
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‘design-to-annotate’ approaches [33,6]. In addition to these two

types of design, there are three different microarray platforms:

tiling, exon or junction, and focused (Figure 2). In principle, all

three platforms facilitate the detection and quantification of

mRNA splice forms.

The identification of new splice forms is possible with tiling and

exon or junction arrays, but tiling arrays are the only method that

can determine type IV exon deletions and intron insertions

(Figure 1). In addition, the tiling method is independent of the

pre-determination of gene exons. Thus, tiling arrays provide a

very promising tool for the detection of splicing variants. The

probe design for tiling arrays is the same for AS applications and

for other applications such as ChIP–Chip analysis [34]. Tiling

arrays have been used successfully to analyze the prevalence of

exon skipping in chromosomes 21 and 22 (see Ref. [34] and

references therein). Other than this set of experiments, however,

the tiling method has not been widely used in AS owing to

technical and analytical problems resulting from the extremely

large number of probes.

Unlike tiling arrays, exon or junction arrays depend on knowl-

edge of either isoforms (for quantitative analysis by focused

design) or at least exon boundaries in the gene. Thus, the essential

first step in the determination – namely the design of AS probes for

exon and junction arrays – requires the characterization of gene

exons (Figure 1). Several software tools are available to align an

mRNA sequence with the genome sequence in order to determine

exon boundaries (e.g. Sim4 [35]). It should be noted that these

tools can determine only exons of known mRNA sequences; thus,
if the true full-length mRNA sequence (Figure 1, prototype mRNA)

has not been determined, exons will be missed.

The optimal probe length and position in terms of specificity

and sensitivity present a difficult problem, particularly for the

design of junction probes. Optimization experiments for junction

and exon probes have been carried out by several groups, leading

to general agreement about exon probes but differences over the

optimal junction probe design [29,30,36]. The optimal probe

length depends on the specific sequence of the gene; thus, it is

unlikely that a particular length will be ideal for all genes and all

junctions. Furthermore, the optimal probe length depends on the

array platform and the RNA amplification method used. For this

reason (i.e. variations in probe-binding energies), corrections for

differences in probe specificity and sensitivity have to be included

in the qualitative and/or quantitative analyses. Focused arrays

require that gene isoforms are known prior to probe design,

making these arrays the most accurate for quantitative analysis

but unable to perform isoform discovery. The design of probes for

focused arrays face the same problems as the design of junction

probes and, thus, similar correction factors have to be included in

their analysis.

Data analysis methods for AS microarrays
Perhaps the biggest challenge of AS array experiments is data

analysis and biological interpretation. Experiments based on AS

impose a complex ‘one gene, multiple products’ scheme [37], bring-

ing challenges to the data analysis step with several issues that need

to be resolved for qualitative and quantitative analysis. First, the
www.drugdiscoverytoday.com 985
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TABLE 1

Comparison of basic properties and features of AS microarray methodsa

Method Quantitative analysis

possible

New splice form

discovery possible

Optimal array design

Probe correction method Yes Yes Any

ASAP No Yes Any

Splicing index No Yes Any

SPLICE somewhat Yes Any

ANOSVA Not accurately No Any

Sequence-based splice
variant deconvolution

Yes

(for two splice form system)

No Any

(but splice forms have to be known)

GenASAP Yes No Focused

a The prime interest is on the possibility of using particular methods to identify new isoforms and to quantify isoforms.
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analysis must be able to distinguish between changes in splicing and

changes in overall gene expression. Deconvolution of differences in

gene expression, AS and probe sensitivity has been a difficult

problem in this respect. Second, the analysis must distinguish

among different splice forms and ideally enableexpression informa-

tion (quantification) to be generated for different isoforms.

The methods outlined below present some of the tools that have

been used on complete genomes. In this fast developing area and

in the limited space available, it is not possible to give an exhaus-

tive review of all of the tools, and some very interesting methods,

such as those developed specifically for tiling arrays, are regrettably

not included. The methods that we focus on deal specifically with

the identification and/or quantification of mRNA (Table 1).

Standard gene analysis tools
All data analysis tools developed for standard gene microarray

experiments can be used, in principle, in the analyses of AS

microarrays. Both clustering and supervised analysis are possible

for exon and junction data. But because each probe can represent a

sum of intensities from several isoforms and because different

probes represent expression of the same gene, there is the possi-

bility of erroneous results. Furthermore, the information that can

be extracted from clusters of exon and junction probes is hard to

interpret: it suggests which gene probes are co-expressed but it

does not provide any information about mRNA isoform sequences,

quantities or coexpression.

The design of exon and particularly junction probes does not

allow complete uniformity of probe properties across genes, lead-

ing to possible differences in probe sensitivities and errors in

analysis. Nevertheless, AS is known to be significant in sample

classifications, and the clustering analysis of cancer samples using

limited-size AS microarrays shows excellent results and has been

even proposed as a diagnostic tool [38–42].

Probe correction method
Johnson et al. [6] have used 36-mer DNA exon junction probes

designed for all multi-exon human RefSeq mRNA sequences

(�10 000 genes) to measure expression across 52 diverse tissues

(available at GEO database, GSE740: http://www.ncbi.nlm.nih.

gov/geo/). They introduced a correction factor that is dependent

on the probe characteristics and independent of the hybridized

tissue and thus can be determined from the median of probe

intensities across all tissues.
986 www.drugdiscoverytoday.com
Differences between modeled probe intensities (Box 1a) – deter-

mined from gene abundance (the average intensity of all probes for

one gene) and probe binding affinity – and the actual intensities

were used to generate prediction scores from 0 (no difference in

probe expression relative to gene abundance) to 3 (highest differ-

ence in probe expression), which effectively rank the AS events

measured by each probe. These scores were used in clustering of

tissues by agglomerative hierarchical clustering with a cosine

similarity measure (which measures pattern similarity rather than

distance). Similar tissues were found to have similar patterns of

mRNA isoform expression, and the resulting clusters were similar

to clusters of samples obtained from gene expression levels. Pre-

diction of differences in the expression of splice forms was con-

firmed in 45% of genes analyzed by PCR with reverse transcription.

This method, based on junction probes, has several shortcom-

ings, however, including difficulties in distinguishing between

two splicing events in the same or different transcripts, an inability

to detect two equally expressed transcripts, and problems with

cross-hybridization [6]. Several specific methods have been subse-

quently proposed, but some of the problems described by Johnson

et al. [6] remain.

AS annotation project
The ‘alternative splicing annotation project’ (ASAP) method

developed by Le et al. [43] is aimed at distinguishing between

changes in AS and changes in gene expression and has been

applied to obtain statistically significant evidence of tissue-specific

AS from microarray data. Differences in the expression of mRNA

isoforms in two samples is recognized from anticorrelation in the

expression of two different probe sets relative to the sample pool.

Using a pool of two samples as a reference for analysis of expression

for each gene probe provides an intrinsic error correction for probe

sensitivity and allows the straightforward observation of differ-

ences in AS of a gene as a negative correlation between the relative

probe intensities in two samples.

Le et al. [43] also used the correlation coefficient, r, for hier-

archical clustering of tissues. The clusters showed a clear division

of AS samples in the five tissues analyzed. Clustering of gene

probes using r yielded groups distinct from those produced by

gene expression clustering of the same microarray data set. In

addition, some genes that showed no tissue specificity by gene

expression showed strongly tissue-specific AS. Similar results have

been observed in other studies using different analysis methods.

http://www.ncbi.nlm.nih.gov/geo/
http://www.ncbi.nlm.nih.gov/geo/
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BOX 1

Mathematical definitions of described methods for the
analysis of alternative splicing microarray data.

(a) ASAP

Pt j ¼ ut
X

f

vt f’ f j þ n j þ e

wherePt j is theprobe response for a specificprobe j to a specific tissue
sample t, ut is the gene expression level in tissue sample t, vtf is the
fraction of the total gene transcript for the splice form f in tissue t,wfj is
the sensitivity of probe j, and nj and e are baseline and error terms.

(b) Splicing index, Si (Figure I)

single-label system : Si ¼ log2
E

G

dual label system : Si ¼ log2
SE

RE
� log2

SG

RG

where E is the individual exon signal, G is the gene signal, SE is the
sample individual exon signal, SG is the sample gene signal, RE is the
reference exon signal and RG is the reference gene signal.

(c) SPLICE

RSSi;x ¼ Di;x=AvgDi;x

WhereRSSi,x is the relative signal strengthvalueofprobepair (PM,MM)
i within probe set i in tissue x, Di,x is the PM-MM difference value of
probe pair i in tissue x, PM is the GeneChip perfectmatchprobe,MM is
the GeneChip mismatch probe, and AvgDi,x is the trimmed mean
PM-MM difference value of all probe pairs of probe set i in tissue x.

FRi;x ¼ lnð RSSi;x
AvgRSSi;ðn�xÞ

Þ

where FRi,x is the final log ratio of probe i in tissue x and AvgRSSi,(n�x)
is the average relative signal strength for probe i in all tissues other
than x.

(d) ANOSVA

yi jkl ¼ þai þ b j þ g i j þ error

where yijkl is the observed log intensity of probe k of probe set i,
measured in experiment j of experiment set i, m is the baseline
intensity level for all probes in all experiments; ai is the average
probe affinity of probe i, bj is the average target concentration for
each experiment set, and gij is the interaction effect for each
combination of the probe and concentration factors.

(e) GenASAP

x jtk ¼ r jtfs jt1lik þ s jt2l2k þ ½ð1� o jtkÞck þ o jtkf�e jtkg
where xjtk is the preprocessed expression level for probe k in gene j
and tissue t, rjt is the scaling factor, l1k and l2k are the probe
predetermined profiles for isoforms 1 and 2, sjt1, sjt2 is the isoform
concentration, ojtk indicates whether probe k is an outlier, and ejtk, ck

and f are error factors.

%ASex ¼ 100 � E½s jt1�
E½s jt1� þ E½s jt2�

where %ASex is the percentage of alternatively spliced exon exclu-
sion, and E[sjt1] and E[sjt2] are the expected values of the isoforms
levels.

FIGURE I

Shows main application for the splicing index. Groups of genes

schematically presented (as red ovals) show genes with changes in

splicing (Si) and/or gene expression (Gi).

R
ev
ie
w
s
�
G
E
N
E
T
O

S
C
R
E
E
N

Although the method of Le et al. [43] provides a very simple tool

for investigating AS arrays, it has several drawbacks. It is only a

discovery method for detecting possible AS and the results require

validation by other methods. Cross-hybridization, among other

effects, might cause changes in probe intensities, resulting in false-

positive results. Thus, this method is considered to be a qualitative

analysis tool.

Splicing index
When the difference in isoform expression between two samples is

the only information required, the most straightforward approach

is to use a splicing index [30,44]. The splicing index is calculated as

the expression of an individual exon relative to the expression of

the gene (Box 1b). The splicing index is most appropriate when

analyzing quantitative changes for a specific known isoform. The

same method can be used to determine and to quantify novel

isoforms, although the presence of multiple isoforms with some

overlapping regions will result in erroneous results.

The splicing index is usually presented as a graph of changes in

the splicing index in two samples versus gene signal changes in the
same samples (Box 1b). Thus, groups of genes that show changes in

mRNA isoforms, changes in gene expression, or both, can be used

for the initial estimate of changes in splicing events across differ-

ent samples (Box 1b, Figure I). This method is, however, qualita-

tive: it does not provide information about possible multiple

mRNA splice forms. It cannot distinguish among multiple probe

differences in one isoform and multiple isoforms. In addition,

the splicing index method does not provide any sequence

information about the different splice forms and thus cannot be

used for a detailed description of novel splice forms.

SPLICE and NEIGHBORHOOD algorithms
One of the first efforts at using microarrays for AS analysis

explored the possibility of using the standard multiprobe set

up of Affymetrix GeneChip arrays (http://www.affymetrix.com)

rather than special AS microarrays [45]. Each gene on a standard

GeneChip is monitored by 20 pairs of 25-base oligonucleotides.

The hypothesis of Hu et al. [45] was that large changes in gene

expression detected in the same tissue with some probes of a

gene relative to other probes of that gene indicate AS in the
www.drugdiscoverytoday.com 987
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region of the gene where the altered probe expression is

observed.

The SPLICE approach used by Hu et al. [45] is to identify groups

of probes that cluster spatially in the genome with expression

levels similar to each other but differing from the average expres-

sion level of the gene. The signal for a probe is calculated relative to

the average probe signal for that gene (Box 1c, RSSi,x). Final

analysis is done with the probe signal for a given tissue relative

to the average value of probe signals for all tissues (Box 1c, FRi,x).

The probes with an absolute FR value greater than a defined value

are selected as candidates for AS location.

The accuracy of this analysis is improved with the NEIGHBOR-

HOOD algorithm, which takes into consideration the expression

levels of adjacent probes. If several adjacent probes survive selec-

tion by the algorithm, they potentially represent an extended

region of AS. Although this work clearly shows that, in principle,

AS can be detected by a standard Affymetrix microarray approach,

many AS events have been missed primarily because the multiple

probes were designed only for accurate detection of a gene and not

for detection of mRNA isoforms. Additional errors in this study

come from technical limitations such as 30-labeling bias.

Analysis of splice variation
Analysis of splice variation (ANOSVA) uses a statistical testing

principle to separate potential splice variation from gene expres-

sion data [46]. The ANOSVA model is based on two-way analysis of

variance (ANOVA) [47], where the observed data are fitted to a

linear model of two input quantities – probe set and experiment set

factors – and can be used to determine the importance of each

factor to the model (Box 1d). The likelihood of AS is determined

from the interaction between the probe effect and the experiment

effect. If the interaction term is significantly different from zero,

then AS on that probe is statistically possible.

The advantage of ANOSVA is that it does not require transcript

information and thus can be used when the level of annotation is

poor. This method should be used only as a predictive tool,

however, because factors other than splice variation, such as

cross-hybridization, can result in significant interaction effects

that are key to the method. In addition, there is a limit to the

sensitivity of ANOSVA: failure to reject the hypothesis that there is

AS means only that there is not enough evidence to prove that AS

has occurred. Preliminary evaluation of the method has not

yielded good performance for exon array data [46]; thus, the

method should be used with caution.

Gene-sequence-based splice variant deconvolution
The idea underlying gene-sequence-based splice variant deconvo-

lution is that the intensity of each AS microarray probe reflects the

total concentration of all mRNAs containing sequence comple-

mentary to that probe [48]. Each probe is characterized by an

affinity term. Assuming that gene sequence information for the

splice form of the gene is available, feature concentrations and

probe affinities can then be deconvoluted from the intensity

measurements of multiple gene probes. The maximum likelihood

estimation framework is finally used for the iterative determina-

tion of optimal values for probe affinities and feature concentra-

tions [48]. Although this method is very accurate for the one-gene/

two-isoform titration curve, it is less than perfect for the more
988 www.drugdiscoverytoday.com
complex three-isoform system. In addition, its prerequisite is to

have complete information about the number and structure of all

possible splice forms in the system, which, in most cases, is

impossible to attain. Thus, the method is good for gene analysis

in two-isoform systems, but should not be used for multi-isoform

systems and is not even intended for the discovery of new splice

forms.

GenASAP
The generative model for alternative splicing array platform

(GenASAP) [3,49] (http://www.psi.utoronto.ca/�ofer/AS-

supp.pdf) is a probabilistic model for the inference of AS levels

from microarray data. It was developed to generate automatically

the percentage contribution of each isoform to overall gene expres-

sion in addition to the confidence level of the value determined

from microarray data. The intensity measured is modeled as a

weighted sum of the overall abundance of the two isoforms. The

calculations use machine learning and bayesian network

approaches. Several features of the model make it very attractive.

Bayesian estimation of parameters can account for the problem of a

large number of unknowns in relation to the number of data points

(samples). The model includes a possibility for expression-depen-

dent noise. Finally, it accounts for aberrant observations with an

outlier model. Although the model is usually presented for cassette

exon AS events, it can be used for any type of AS and possibly

multiple types with different probe selection as long as the focused

probe design is used.

Pan et al. [3,9] used focused probe design with six probes for each

excluded exon (Figures 1 and 2, three junctions, three exons)

designed to distinguish among 3126 sequence-verified cassette-type

AS events in ten different mouse tissues. The GenASAP algorithm [3]

was used to determine tissue-specific rank for each of the two

cassette exon isoforms. In this application, the preprocessed expres-

sion level for a gene probe for a given tissue is given in terms of an

isoform profile, the number of isoforms, and several correction and

scaling factors (Box 1e).Variables that are shared across all genesand

tissues are inferred from the training set by using bayesian analysis.

The variation in the expectation maximization algorithm is then

used to determine gene- and tissue-specific values. After conver-

gence, the distributions over the variables are used to compute the

expected values of the isoform levels, which are then combined to

estimate the percentage contribution of each isoform (Box 1f,

%ASex). GenASAP performs better than various supervised methods

for AS detection and is currently one of the most advanced methods

for the analysis of focused AS arrays.

Conclusions
Even with our current limited knowledge of AS events, it is clear

that diagnoses of cellular states and focused drug discovery require

a study of AS. The gaps in our knowledge of the expression of

mRNA isoforms are likely to be filled by high-throughput analysis

of AS with AS microarrays. This application of DNA microarrays is

still in development and there remain some unresolved issues:

� t
he large amount of data presents analytical and technical

problems;

� s
plice junction arrays cannot determine whether two splicing

events observed in one sample occur in the same or in distinct

transcripts if the two isoforms are expressed at similar levels

http://www.psi.utoronto.ca/~ofer/AS-supp.pdf
http://www.psi.utoronto.ca/~ofer/AS-supp.pdf
http://www.psi.utoronto.ca/~ofer/AS-supp.pdf
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(e.g. two-exon deletions could happen together in one splice

form or individually in two splice forms);

� a
lthough novel isoforms can be determined, complete

sequences of novel isoforms remain impossible to determine

accurately, particularly when multiple mRNA isoforms of a

gene are present;
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S microarrays require an even more robust detection system

than do regular arrays: problems with degradation and

fluorescence quenching present a more serious issue in AS

microarrays.

Despite these problems, the early experiments are promising

and it is increasingly clear that AS microarrays provide a good

approach to high-throughput analysis of AS. Future development
will need to focus more on the development of AS microarray

methods and data analysis tools that will be accessible to research-

ers interested in both cellular profiling using AS and analysis of

novel AS forms. The current analytical methods, developed over

the past few years, provide an excellent base for the future devel-

opment of more quantitative and widely available tools.
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