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Introduction

The human genome contains approximately 30,000 protein coding genes (Venter et
al., 2001; Lander ef al., 2001). These loci generate the functional components of the
cell and represent ~1% of the complete genomic sequence. Although the human genome
sequence itself provides a crucial framework for the study of biology, understanding
the function of genes requires analysis of the ‘transcriptome’ encoded by the genome
and the ‘proteome’ it gives rise to. Gene transcription occurs in the nucleus followed
by capping, RNA splicing, polyadenylation and export to the cytoplasm. Transcription
thus involves three related processes which collectively define the ultimate sequence
content of each transcript. First, an RNA polymerase binds to a transcriptionally
competent ‘unwound’ region of genomic DNA template and results in the synthesis of
a pre-mRNA molecule in the 5 to—3” direction. RNA polymerase II transcribes most
human genes and initiates transcription at specific positions in the genome called
transcription initiation sites which are found downstream of promoter elements
recognized by transcription factors. The initiation site chosen by the polymerase defines
the 5” end of the resulting transcript. Second, RNA splicing results in the removal of
most of the nucleotides of the pre-mRNA transcript. Splicing involves the recognition
of splice sites, removal of introns from a pre-mRNA transcript and joining of adjacent
exons to yield a mature mRNA transcript (Plate I). The splicing process is mediated by
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a series of protein-protein, RNA-protein, and RNA-RNA interactions involving a
number of sequence motifs in addition to the actual splice sites (Black, 2003). The
splice sites chosen during this process define the primary structure of the resulting
transcript. Finally, the 3" end of the transcript is defined by polyA polymerase which
cleaves the transcript and adds a poly-A tail 10 to 30 nucleotides downstream from a
recognition site in the RNA transcript. For years, these three processes were thought to
occur in a prescribed way for each gene and deviations from the ‘one-gene-one-product’
model were considered rare.

A major challenge in decoding the information content of the human genome is
presented by the processes of alternative transcription (AT), which can produce from
asingle locus, transcripts with different combinations of exons. More precisely, alternate
transcripts may arise from a single locus by the use of alternative transcription initiation
(ATI), alternative splicing (AS) and alternative polyadenylation (AP) sites. The
mechanisms by which these sites are selected by the transcription machinery are tightly
coupled to each other (Kornblihtt, 2005; Matlin et al., 2005; Maniatis and Reed, 2002),
involving many of the same protein and RNA factors and will be broadly examined as
different facets of the same biological phenomenon throughout this chapter. The idea
that alternative transcription dramatically increases the functional diversity of the
proteome has gained general acceptance in recent years (Black, 2000; Lareau et al.,
2004; Maniatis and Tasic, 2002; Roberts and Smith, 2002). Based on an analysis of
~1.4 million sequenced human clones it is estimated that approximately 52% of human
genes utilize alternate transcription initiation sites (Suzuki et al., 2004). Similarly,
recent estimates suggest that as many as 74% of human genes undergo alternative
splicing, a process which can produce multiple transcripts with different combinations
of exons from a single gene locus (Johnson et al., 2003). Alternative splicing produces
distinct isoforms by a number of modes including: exon skipping, use of alternate
mutually exclusive exons, use of alternate 5" or 3" splice sites and the retention of
intronic sequences (Plate I and II; Kalnina et al., 2005). Recognition of a particular
exon by the splicing machinery is mediated by splicing acceptor and donor sites which
define the boundaries of each exon as well as by exonic and intronic splicing enhancers
and silencers (Black, 2003; Berget, 1995). Finally, a recent annotation of the transcripts
for ~8,000 human genes in the ‘AltTrans’ database suggests that ~60% of human genes
utilize alternate polyadenylation sites (Le Texier et al., 2006). Plate I and I summarize
the types of alternative transcription sites and some of the surrounding motifs which
influence their selection by the transcriptional machinery. A current challenge of genome
research is to catalogue all possible transcriptional outcomes for every gene; to define
the pattern of expression of these transcripts associated with development, tissue and
disease states; and to determine the regulatory networks which control these patterns.
A detailed description of the regulation of these processes is beyond the scope of this
chapter, but excellent reviews on the mechanisms of regulation and the experimental
methods used to study them are available (Black, 2003; Soller, 2006; Cooper, 2005;
Hicks et al., 2005; Ule et al., 2005).

Based on the apparent prevalence of alternate transcript initiation sites, splice
sites, and polyadenylation sites, the number of proteins encoded by the human genome
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is likely to be much greater than the number of gene loci and has been estimated to be
as high as 100,000 (Goldstrohm et al., 2001; Harrison et al., 2002). The biological
consequences of this observation are significant. AT appears to be an important
mechanism for encoding a diversity of functions at a single genomic locus and this
diversity may be realized in part through alterations in protein-protein interactions and
subcellular localization. Mutations or polymorphisms in the genes responsible for
transcription initiation, splicing and polyadenylation may affect the transcriptional
outcome of many genes and contribute to disease (a ‘trans-acting’ effect) (Srebrow
and Kornblihtt, 2006). Similarly, inherited or acquired mutations and common
polymorphisms within the sequence motifs which regulate these processes for each
individual gene could also contribute to disease (a ‘cis-acting’ effect). Thus, to
effectively characterize the human transcriptome and apply this knowledge to problems
of medical significance, it is necessary to document the prevalence of AT and consider
the biological roles of proteins encoded by alternative transcripts.

Until recently it was not possible to measure the prevalence of AT or detect
comprehensively the diverse transcripts produced by it. With the availability of high-
density microarrays and the advent of next-generation sequencing technologies, there
is now an opportunity to study AT on a genome-wide scale. The implications of these
technical developments and their application to the study of AT are substantial, for up
until this time measurements of gene expression relied largely on the detection of a
single transcript for each gene. Microarrays designed to detect differential AT will
drive the discovery of transcripts with novel, functionally relevant exon combinations,
and such discoveries will inform on the protein coding potential of metazoan genomes.
Similarly, ready access to sequence data for multiple transcripts from a single locus
will provide invaluable validation of their precise sequence content. In addition to
fueling basic research questions, it is easy to imagine how knowledge of the transcripts
and proteins produced by AT could lead to medically relevant discoveries. For example,
novel exon combinations expressed in disease states might yield excellent candidates
for development of new diagnostic tools and therapies.

Having introduced what is meant by the term ‘alternative transcription’ and
described how a single locus can produce multiple distinct transcripts, the remainder
of this chapter will address the following areas: (1) the experimental and bioinformatic
approaches currently available to comprehensively profile transcript diversity and what
these methods have revealed about the prevalence and nature of AT, (2) the functional
significance of AT and (3) the implications of AT for the study of disease.

Genomic approaches for the study of transcript diversity

The prevalence and perceived importance of AT has increased dramatically over the
last two decades. For example, early estimates suggested that alternative splicing was
a relatively unusual event occurring in approximately 5% of all genes (Sharp, 1994).
The advent of genome-wide studies of transcript diversity, involving the analysis of
short expressed sequence tags (ESTs) by alignment to the genome and annotation of
the exons present have resulted in predictions that at least 42% of human genes exhibit
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AS (Huang et al., 2003). Such studies have also resulted in the creation of a number of
databases of observed initiation, splicing, and polyadenylation events as well as the
identification of AT regulatory motifs for a number of species (Table 1). More recently,
exon-junction microarray experiments used to survey splicing events in 52 human
tissues and cell lines found that as many as 74% of all human genes are alternatively
spliced (Johnson et al., 2003). The rationale for conducting such efforts is that the
determination of gene function and identification of therapeutic targets can be improved
by first determining the subset of genes and isoforms which are actually expressed in
relevant tissues and disease states. Preliminary experiments suggest that AT occurs
most frequently in tissues with diverse cell types such as brain, metabolically active
tissues such as testis and liver and cell types with highly diversified functions such
as immune cells (Modrek et al., 2001; Yeo et al., 2004; Watson et al., 2005; Noh et
al., 2006). The following sections will describe the computational and experimental
ways in which transcript diversity can be studied by using genomic DNA sequence,
cDNA library sequencing, tag-based library sequencing, microarray approaches, and
finally methods for the visualization and functional validation of alternative transcripts.
The advantages and disadvantages of each of these approaches are summarized in
Table 1. Each method is depicted in Plate III and I'V.

In silico methods

One starting point for the analysis of a species’ transcriptional units (which generally
correspond to genes) and often one of the first large sources of data for that species is
the genome sequence itself. Perhaps the most important issue faced in analyzing the
transcript diversity generated by a particular genome is the problem of accurate and
reliable annotation of the genes present. Several algorithms which attempt to annotate
the genome by predicting gene structure have been described (Jones, 2005). Generally
these predict a single transcript per gene but some have been adapted to consider the
occurrence of multiple alternative transcripts generated from a single locus. A few
computational methods have also been recently developed specifically to predict AT
directly from genomic sequences without the use of experimentally derived expression
data. For example, methods have been developed for the prediction of exon skipping
events by considering only the genomic sequence of an exon in the human genome
and its ortholog in another species such as mouse (Sorek et al., 2004; Yeo et al., 2005;
Flicek and Brent, 2006). This approach is aided by the fact that the sequence of
alternative exons and the flanking intronic sequence exhibit generally higher levels of
conservation between related species than the sequence of ‘constitutive’ exons (those
found in every transcript) (Modrek and Lee, 2003; Sorek and Ast, 2003). Each of
these methods generally requires a training set of a few thousand known exon skipping
events that are conserved between human and mouse. Although these methods are
capable of predicting exon skipping events based solely on the genomic sequence of
human and mouse, the data sets used to train them are derived from previously observed
expressed sequence tags (ESTs). The training set is used to develop a model by which
a ‘signature’ or classifier is generated to enable prediction of skipped exons across the
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Table 1. Summary of methods for studying transcript diversity

Method Events Description (strengths/limitations)
detected

Computational methods
Predict transcription events from genomic sequence without using expression data.

Ab initio ATI, AS, AP Predictions based on a single reference genome, not quantitative, low

sensitivity/specificity compared to methods that use expression data.
Comparative ATI, AS, AP Predictions rely on existence of suitable comparative genomes, not
genomic quantitative, medium sensitivity/specificity compared to methods that

use expression data.

Sequence-based methods

Generate expressed sequence data from RNA, align to genome and annotate transcription events.
These methods do not rely on pre-existing gene annotations and they are capable of providing exon
boundary/connectivity information as well as novel gene discovery.

EST ¢cDNA ATI', AST, AP End bias, partial transcripts (300—-1000 bp reads), high cost, medium
throughput, limited quantitative value.

FL-cDNA ATI, AS, AP Complete transcripts, high cost, low throughput, results in a physical
copy of transcript, not quantitative.

Targeted AS Near complete transcripts, high cost, low throughput, results in a

FL-cDNA physical copy of transcript, not quantitative.

SAGE AST, AP 3’ end bias, short tags (17-21 bp), medium cost, medium throughput,
quantitative.

CAGE ATI 5" end bias, short tags (20 bp), medium cost, medium throughput,
quantitative.

GIS ATI, AP End bias, short tags (40 bp paired end tags), medium cost, medium

throughput, quantitative.
SOLEXA SBS  ATI AS, AP Short tags (16-20 bp), low cost, high throughput, quantitative.

454/Roche ATI, AS, AP Short tags (~100 bp), low cost, high throughput, quantitative.
GS20 SBS

Microarray-based methods
Fluorescently label RNA and hybridize to an array of ‘spots’ each representing content from a reference
genome. All array methods are subject to cross-hybridization between related sequences.

Spotted cDNA  None Limited to composition of cDNA library, not capable of distinguishing
transcript variants, low cost, high throughput, quantitative.

3’ Expression  AS, AP 3’ end bias, limited by pre-existing gene annotations, low cost, high
throughput, quantitative.

Whole genome ~ ATI", AST, AP" Not limited by pre-existing gene annotations, potential for gene

tiling discovery, high cost, quantitative.
Exon tiling ATI', AST, AP" Limited by pre-existing gene annotations, low cost, high throughput,
quantitative.

Splicing arrays  ATIL, AS, AP Limited by pre-existing gene annotations, provides exon boundary/
connectivity information, medium cost, medium throughput,
quantitative.

Abbreviations: (ATI) alternative transcript initiation; (AS) alternative splicing; (AP) alternative
polyadenylation; (SBS) sequence by synthesis; (*) limited applicability or supporting evidence.
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entire genome. Experimental validations of the predictions of these methods have
revealed a sensitivity value as high as 73% at 64% specificity (Sorek et al., 2004).
Based on the simple assumption that alternatively transcribed exons will be highly
conserved and surrounded by highly conserved intronic sequences, it is also possible
to accurately predict such events based solely on the genomic sequence of related
species without use of an EST training set. Philipps ez al. (2004) used this approach
to identify alternative exons representing all of the major classes of AS in Drosophila
by comparing the genomic sequence of D. melanogaster and D. pseudoobscura. The
authors were able to confirm AS in 25% of the predicted alternatively spliced exons
generated from this approach by RT-PCR whereas only 3% of randomly selected exons
were found to be alternatively spliced. The pool of alternative exons that were confirmed
in this experiment was found to be enriched for exons that preserve the reading frame
of the predicted protein and the highly conserved intronic sequence surrounding these
exons was found to be larger than in constitutive exons. Since these initial reports,
more sophisticated methods for distinguishing alternative exons from constitutive exons
have emerged. For example, a support vector machine (SVM) learning procedure was
used to develop a classifier for identification of alternative exons based on seven major
exon attributes (exon size, divisibility by 3, conservation, splice site strength, etc.) and
several additional minor attributes (Dror et al., 2005). This approach achieved a
sensitivity of 50% with a corresponding specificity of 99.5% for human exons. Methods
that are conceptually similar to this approach but use a hidden Markov model (HMM)
instead of an SVM to identify alternative exons have also been described (Cawley and
Pachter, 2003; Ohler et al., 2005). One of the problems faced by all conservation
based AT prediction approaches is that they are difficult to implement for small exons
and they are incapable of predicting species-specific events.

A recently developed algorithm, ‘AUGUSTUS’, has been proposed as the first
purely ab initio method for gene prediction. This method is capable of predicting
multiple transcripts for a gene from the sequence features of a single underlying genomic
sequence without using conservation between sequences or expression data (Stanke et
al., 2006). Xia et al. (2006) also recently described a purely ab initio method for
identifying alternative splice sites which uses a model of predicted competition between
neighboring splice sites to classify exons as either constitutive or alternative based on
their genomic sequence alone. Although these approaches may be useful for analysis
of species where very little expression data or suitable comparative genomes are
available, in general such methods perform poorly compared to those that can
incorporate comparative genomics and expression data.

Library construction and sequencing methods

ESTs sequencing of cDNA libraries

The earliest large repositories of data on transcript diversity consisted of expressed
sequence tags (ESTs) generated by single sequence reads from systematically selected
cDNA clones. Construction of a cDNA library commonly involves extraction of total
RNA from cells, purification of polyA+ mRNAs, RT-PCR with an oligo d(T) primer
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and cloning into a convenient vector. The rapid generation and sequencing of these
libraries from specific human tissues became common in the early 1990’s and rapidly
accelerated the discovery and annotation of novel genes (Adams et al., 1993; Hillier et
al., 1996). EST libraries are generally derived from a single normal or diseased tissue
sample or a small pool of tissue samples. Most EST records deposited in public
databases contain information on the tissue source and disease status of the sample
from which they were derived. Typically each EST represents either the 5 or 3” end of
a clone and initially the lengths of these reads were 300—500 nucleotides (Plate I'V).
Although improvements in Sanger sequencing have approximately doubled this read
length, the majority of all ESTs do not represent a complete cDNA sequence and the
overall coverage of EST data is heavly biased towards the 3” end of transcripts (Takeda
et al.,2006). The completion of the human genome, the comprehensive sequencing of
EST libraries from a variety of tissues, and the continuing development of algorithms
for ‘spliced’ alignments such as Blat, Spidey and Sim4 has allowed a first comprehensive
assessment of the diversity of transcription (Table 2). EST sequences can be rapidly
generated and aligned to a reference genome allowing the annotation of exon-intron
boundaries and the inference of underlying transcript isoforms (Xie ef a/., 2002; Kim
et al., 2005). Protein coding information may also be incorporated into predictions by
performing 6-frame translations. The size of an EST library has been historically as
small as a few hundred sequences or as large as tens of thousands and in rare cases
even larger. Since a single cell type is likely to express 10 to 30k genes with a total of
approximately 300 to 500k mRNA molecules per cell, the coverage of these EST
libraries is not likely to provide an accurate quantitative measure for the expression of
genes in a bulk tissue sample, especially given the fact that a majority of all transcripts
will be derived from a minority of loci (Schmitt ef al., 1999). The problem of over-
representation of highly expressed genes can be addressed by applying normalization
or subtraction techniques during the library construction phase (Bonaldo ef al., 1996).
These techniques enhance the rate of gene discovery but reduce the quantitative value
of the data generated from such libraries. These approaches can also have the side
effect of reducing the presence of transcript variants with subtle but potentially important
variations and estimates of AT prevalence in the genome are likely to be underestimates
as a result. To date, approximately 39 million EST sequences have been deposited in
the public repository dbEST, and 7.9 million of these were generated from human
samples (www.ncbi.nlm.nih.gov/dbEST/) (Boguski et al., 1993). This collection
represents an incredible source of independent transcription observations from a wide
variety of tissues and it has been used to identify differentially expressed genes
specifically associated with particular tissues or disease states (Schmitt ez al., 1999).
Perhaps the most prominent examples of the use EST sequencing are the Cancer Genome
Anatomy Project, which has attempted to create a complete catalogue of genes expressed
in normal and cancerous tissues, and Unigene, which attempts to group all such
sequences into clusters that appear to be expressed from a single locus (Strausberg,
2001).

Analysis of ESTs has proved to be a rich source for discovery of novel genes and
transcript diversity and has led to a number of interesting observations about
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Table 2. Alternative transcription resources

Resource name Description (applicable species)

Reference

Ab initio/de novo alternative transcript prediction

AUGUSTUS  Prediction of ATI, AS, and AP using only human
genome sequence

MARS Human AS transcript prediction from pairwise
alignments of mouse, rat, dog, opossum and frog genomes

Stanke et al., 2006

Flicek and Brent, 2006

Spliced alignment algorithms (Churbanov et al., 2005)

BLAT, SIM4,  Identification of splice sites and gapped alignment of
SPA, SPIDEY, mRNAs to a reference genome

Splice Predictor

TAP

Kent, 2002; Florea et al.,
1998; van Nimwegen

et al., 2006; Wheelan
etal.,2001; Usuka et al.,
2000; Kan et al., 2001

Databases of transcript diversity derived from EST/mRNA sequences

AltTrans Annotation and visualization of AS and AP (Hs, Mm)
ASAPII Annotation and visualization of AS (15 species)
ASD Annotation and visualization of AS (Hs, Mm)
ASPIC Annotation and visualization of AS (Hs, Mm,

and 15 other species)
ATID Manual and computational annotation of ATI

(Hs, Mm and 32 other species)
DBTSS Database of ATI (Hs, Mm, zebrafish, etc.)
ECgene Functional annotation of AS (Hs, Mm, Rn, etc.)
Hollywood Annotation and visualization of AS (Hs, Mm)
LSAT ATI, AS, and AP extracted from literature by text mining
MAASE Manual annotation of AS (Hs, Mm)
PolyA DB Annotation and visualization of AP (Hs, Mm)
Splicelnfo Annotation and visualization of AS (Hs)
TISA Annotation of tissue specific transcripts (Hs, Mm)
T-STAG Annotation of tissue specific transcripts (Hs, Mm)

Le Texier et al., 2006
Kim et al., 2006
Stamm et al., 2006
Castrignano et al., 2006

Cai et al., 2005

Suzuki et al., 2004
Kim et al., 2005
Holste et al., 2006
Shah et al., 2005
Zheng et al., 2005
Zhang et al., 2005
Huang et al., 2005
Noh et al., 2006
Gupta et al., 2005

Alternative transcription regulatory element prediction (Zhang et al., 2005)

ESEfinder Identification of ESE sites and predicted effect of
mutations within them

GRSDB Identification of G-rich (GRS) processing motifs

RegRNA Identification of transcription and splicing regulatory

sequences within RNAs
RESCUE-ESE ESE annotation tool (Hs, Mm, zebrafish, pufferfish)
TassDB Collection of tandem splice sites (human, mouse, etc.)

Cartegni ef al., 2003

Kostadinov et al., 2006
Huang et al., 2006

Fairbrother et al., 2004
Hiller et al., 2006

Validation/Visualization Tools

ASePCR Electronic PCR utility for validation of alternate isoforms
ASGS Web based tool for AS graphs

ASTRA Visualization and classification of transcription patterns
VISTA, UCSC, Generic browsers for visualization of expression data
EnsEMBL and comparative genomics

Kim et al., 2005
Bollina et al., 2006
Nagasaki et al., 2006
Frazer et al., 2004;
Kuhn et al., 2006;
Hubbard et al., 2005

Abbreviations: (ATI) alternative transcript initiation; (AS) alternative splicing; (AP) alternative
polyadenylation; (ESE) exonic splicing enhancer; (Hs) Homo sapiens; (Mm) Mus musculus; (Rn) Rattus

norvegicus.
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transcription. Early analyses suggested that most AS events affect the 5" UTR of genes,
occur in at least 35% to 42% of all genes (Mironov et al., 1999; Modrek et al., 2001),
and seem to be more prevalent in humans than in other species considered to date
(Brett et al., 2002). Furthermore, within humans, the prevalence of AT varies
dramatically between tissues. Brain and testis have the most exon-skipping events and
liver has the most alternate splice site usage but one of the lowest rates of exon skipping
(Yeo et al., 2004). Certain protein domains seem to be preferentially affected by AT
and more than 50 domains that are commonly removed by AT have been identified
(Resch et al., 2004). Analysis of these domains indicates that one of the central roles
of AT may be to modulate protein-protein interactions. A number of groups have used
ESTs to create databases of annotated AT events and characterize some of the general
features of transcription diversity in metazoan species (Table 2). Among the results of
these studies were the observations that skipped exons tend to be shorter than
constitutively spliced exons, retained introns are generally shorter than those that are
constitutively spliced, the introns flanking skipped exons tend to be longer, skipped
exons are more likely than constitutively spliced exons to have a length that is a multiple
of three, splice sites corresponding to constitutively spliced events tend to more closely
resemble the consensus sequence than those involved in AS events, and the average
sequence conservation between human and mouse is greater for alternatively spliced
exons than constitutively spliced exons.

Full-length sequencing of cDNA libraries

As the cost of Sanger sequencing and primer synthesis has gone down it has become
more practical to conduct full length sequencing of cDNA clones representing complete
transcripts (Plate III). This is conceptually the simplest approach to study transcript
diversity because it involves the capture and complete sequencing of single cDNAs.
The complete structure of the transcript including the presence of alternative exons is
thus determined. Large scale cDNA sequencing projects such as those associated with
the Mammalian Gene Collection (MGC) and Full-length Long Japan (FLJ) projects
are at various stages of completion for human, mouse and other species (Gerhard e?
al., 2004; Okazaki et al., 2002; Ota et al., 2004). The cDNA libraries for these efforts
are generated in a similar way as that employed for EST sequencing but additional
empbhasis is placed on the generation of ‘full-ORF’ cDNAs. Sequencing of these cDNA
clones involves generating EST end reads followed by sequencing of any remaining
unknown portion by primer walking or transposon mediated sequencing (Butterfield
et al., 2002). The resulting reads are then assembled into a contiguous sequence
representing the entire mRNA. Initially, clones were selected for full-length sequencing
by first generating EST end reads and identifying a subset of non-redundant clones.
Although the primary goal of the MGC is to create a physical resource of cDNA clones
for the analysis of gene function, the process of rescuing and sequencing these clones
has led to considerable discovery of transcript diversity. More recently, the random
clone sequencing approach of MGC has been replaced by an RT-PCR targeted approach
in which amplicons for a known target gene are generated, cloned and sequenced (Baross
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et al., 2004). The random clone sequencing approach has the potential to identify
transcripts that differ in their transcription initiation, polyadenylation, and splicing.
Because the targeted approach pre-defines the expected ends of the transcript it is only
capable of detecting splice variation that occurs within these boundaries. However,
since the cloning and rescue process generates many clones per target sequence, novel
transcript variants of this type are routinely observed (Plate III). The MGC collection
currently contains clones for ~15,000 genes generated from over one hundred tissue
libraries. A recent study of ~56,000 full-length human clone sequences from the ‘H-
invitational human transcriptome’ annotation meeting (Imanishi et al., 2004) found
that these clones could be mapped to ~24,000 loci and 41% of these loci were
represented by multiple cDNAs (Takeda et al., 2006). Of these loci, where at least a
preliminary assessment of transcript diversity was possible, 68% showed evidence of
AT with an average of approximately three unique transcripts per locus. Of these
transcripts, 45% exhibited exon skipping events, 52% used at least one alternate 5” or
3’ splice site, 15% had retained introns, and 3% used one of a series of mutually exclusive
exons. Only 14% of the intron retention events were predicted to result in a transcript
possibly subject to nonsense mediated decay (NMD). The majority (73%) of alternate
transcripts exhibited a splicing event within the CDS of the predicted protein but 26%
had events confined to the 5" UTR and 6% had events confined to the 3" UTR.
Furthermore, if the rate of each type of event relative to the number of exons in each of
these regions is calculated, events affecting the 5* UTR have the highest frequency. Of
all genes with observed AT events, 44% had events which occurred within a known
protein motif, 44% were predicted to affect subcellular localization, and 20% were
predicted to affect a transmembrane domain. Although the majority of human gene
loci (59% in the study above) are still represented by only a single clone sequence, this
initial data will act as a foundation for future studies of the diversity of transcripts
generated from these loci. Similar analyses of almost 200,000 publicly available full
length clone sequences derived from ~200 mouse tissues have resulted in similar findings
to those observed in human. At least 40-70% of mouse genes have evidence for AT
(Hayashizaki and Carninci, 2006; Okazaki ef al., 2002; Takeda et al., 2006; Zavolan
et al.,2003) and an estimated 78,000 distinct proteins are transcribed from only ~20,000
loci (Carninci et al., 2005). As described for the analysis of large EST datasets, these
studies are invaluable for identifying the types of alternative transcripts that occur,
revealing patterns in the size distribution, sequence composition and conservation of
alternatively transcribed exons themselves and predicting their effect on resulting
proteins (Zheng et al., 2005; Zavolan et al., 2003).

The complexity of the mammalian transcriptome generated by AT has been
accepted as an outstanding challenge and was specifically discussed at the outset of
the Mammalian Gene Collection project which has focused on the goal of acquiring a
single ‘representative’ transcript for each known gene (Strausberg et al., 1999). Creating
a comprehensive annotation of the complete mammalian transcriptome remains a
daunting challenge and creating a physical collection of every transcript variant of
every gene is currently unfeasible. Although methods that involve RT-PCR, cloning
and sequencing of alternate transcripts can be accurate and revealing about the structural
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differences of alternate isoforms, they are costly and may be difficult to scale up.
Efforts to use EST and cDNA approaches to profile transcription in contrasting samples
therefore have been limited to relatively small numbers of samples and have focused
on gene annotation and transcript variant discovery rather than quantitative profiling
of expression levels. The limited scope of these methods is insufficient to provide
robust identification and quantification of alternatively spliced variants across samples
representing a large number of tissues, patients or disease states. Bioinformatic analyses
of all publicly available EST data are more comprehensive but are limited by the
coverage of existing libraries and other problems such as end bias. The EST and cDNA
libraries that are publicly available were not specifically intended to provide an accurate
and consistent comparison of tissues or the progression of disease states, and often
represent pools of individuals or cell types. Furthermore, although the use of EST and
cDNA data to study splicing can be effective and has led to significant advances in our
knowledge of AS it remains expensive and time consuming to create and sequence
libraries of sufficient depth to quantitatively survey the transcripts present in samples
representing several conditions.

A number of experimental approaches have recently been developed to specifically
enrich libraries for alternative transcripts and thus increase the discovery of novel
transcripts. One approach involves the construction of alternative splicing libraries
(ASLs) representing differentially expressed exons from contrasting biological samples
(Watahiki ef al., 2004). Briefly, this protocol involves creating two cDNA libraries
from cytoplasmic RNA, one from each of the samples to be compared. These two
libraries are then processed such that single stranded sense DNA molecules are generated
from one library and single stranded antisense DNA molecules are generated from the
second library. The two libraries are then mixed to allow hybridization and formation
of heteroduplex or ‘loop’ structures. This can occur in the event that a transcript from
one library contains exon content not found in the corresponding transcript present in
the second library. Hybrid molecules containing these loop structures are then selectively
captured with biotinized random 25-mers which are purified on streptavidin conjugated
magnetic beads and the resulting alternative transcript enriched cDNA population is
cloned and sequenced. Use of this approach to compare melanocyte and melanoma
cell lines identified 662 AS events representing all of the major categories of AS and
differential splicing between the two cell lines was confirmed by RT-PCR for 73% of
candidate exons. A comparison of this library construction approach to one without
the splicing selection step suggested a ~40-fold enrichment for AS events. Thill et al.
(2006) recently described a similar method, ‘ASEtrap’ for the construction of libraries
enriched for alternative splicing events from a single RNA sample (rather than from a
comparison of two samples). This method also utilizes the formation of loop structures
in cDNA heteroduplexes caused by alternative transcripts of a single gene within the
sample. These loops are captured by a recombinant Escherichia coli single-stranded
DNA binding protein and then cloned and sequenced. Comparison of ~10,000 sequences
generated from either an ASEtrap library or a control library revealed a ~10-fold
enrichment for AS events in the ASEtrap library. A third approach for enrichment of
AS isoforms (EASI) was recently proposed as a simpler version of the ASEtrap method
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which can be rapidly employed to comprehensively profile all of the isoforms of a
single target gene (Venables and Burn, 20006).

Sequence-tag based methods

The simplest way to overcome the issues of cost, poor representation of rare transcripts
and lack of quantitative power in sequence based methods such as EST and full-length
cDNA sequencing is to increase the number of sequences available for analysis. Serial
analysis of gene expression (SAGE) (Velculescu et al., 1995; Saha et al., 2002) has
been used as an alternative to EST sequencing and libraries as large as several hundred
thousand tags have been produced (Boon ef al., 2002; Siddiqui et al., 2005). Briefly,
SAGE involves double stranded cDNA synthesis with an oligo(dT) primer, followed
by digestion of the resulting cDNA with a restriction enzyme predicted to result in at
least one cleavage per transcript (typically Nlalll). The resulting fragments are captured
at the 3" end by oligo(dT) primers coupled to streptavidin beads, and a type Il restriction
enzyme (e.g., Mmel) is used to create fragments of a fixed length (up to 21 bp) which
are concatenated, cloned into a vector and sequenced. Each sequence read thus produces
30-45 tags corresponding to the 3" end of transcripts from which they were derived
(Plate IIT). By generating large numbers of these reads, a quantitative and digital form
of expression data is produced with the number of tags mapped to each genomic locus
representing the expression level of that gene. This form of data has been shown to
have a moderate to low correlation (r = 0.5-0.8) of expression values when compared
to microarray based approaches (Lu et al., 2004; van Ruissen et al., 2005). Two of the
largest initiatives to make use of this technology are the Cancer Genome Anatomy
Project (Boon et al., 2002) and the Mouse Atlas of Gene Expression Project (Siddiqui
et al., 2005) each producing several million tags from a wide range of cell types for
human and mouse respectively. Analysis of these large datasets has resulted in the
identification of differentially expressed genes associated with disease, development
or a specific tissue as well as the discovery of novel genes and transcript variants. An
analysis of the SAGE tags mapping to ~13,000 EnsEMBL genes produced a prediction
that 64% of genes exhibit AT and many of the variants observed were significantly
differentially expressed in specific tissues or developmental stages in mouse (Siddiqui
et al., 2005). Several bioinformatic tools to assist in the analysis and visualization of
SAGE data have been recently developed (Boon et al., 2002). The tool, ‘SAGE2Splice’
was specifically designed to identify novel splice junctions in SAGE tags but is limited
in its ability to profile exon connections by the fact that only 5-6% of tags span a
splice site (Kuo et al., 2006). The disadvantages of SAGE include the theoretical
occurrence of multiple tags per gene from incomplete digestion and the short length of
each tag, both of which complicate the process of mapping tags to the gene from which
they were expressed. Distinguishing tag artifacts created by mis-priming during library
creation from tags derived from the use of alternative polyadenylation sites, alternative
splicing or polymorphisms in restriction enzyme sites is also potentially problematic.
Finally, because SAGE library construction involves the capture of tags corresponding
to restriction enzymes sites closest to the 3” end of each transcript, any variation observed
is heavily biased towards the 3" end of genes.
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A complementary approach to SAGE, cap analysis of gene expression (CAGE), is
used in a similar way as SAGE to profile the 5’end of transcripts and thereby acts as a
means of identifying alternate promoter usage (Shiraki et al., 2003). Briefly, transcripts
are captured by their 5" cap (a modified guanosine nucleotide) and used to generate
DNA tags of 20 nucleotides in length which are concatenated, cloned and sequenced.
Each sequenced tag corresponds to the 5" end of a single mRNA transcript and as with
SAGE, the short length of each tag allows an increase in throughput and therefore
depth of sampling and corresponding reduction in cost. By capturing many tags from a
single gene the use of alternate transcription initiation (ATI) sites and their
corresponding promoters can be catalogued. Generally 55-65% of sequenced tags can
be unambiguously mapped to the genome (Shiraki et al., 2003). A recent analysis of
7.2 and 5.3 million CAGE tags generated from ~200 human and mouse tissues
respectively suggests that the use of ATI sites is a common feature of protein coding
genes and often results in modified N termini with potentially distinct functions (Carninci
et al., 2006). In both human and mouse, these tags form approximately 200,000 tag
clusters which map to ~35,000 loci and ~80% of known protein coding loci are covered
by at least one tag cluster. When only protein coding genes were considered, 58%
were found to make use of alternative promoters and 93% of these were predicted to
result in the use of distinct start codons which for some genes occurred in a tissue
specific manner. Hierarchical clustering of expression levels for all tag clusters revealed
distinct global patterns of promoter usage associated with specific tissues, particularly
lung, brain and liver.

Experiments which use both SAGE and CAGE have been proposed to allow
independent profiling of the 5" and 3" ends of transcripts expressed in a single tissue
sample (Wei et al., 2004). An interesting extension of the 327profiling of SAGE and
527profiling of CAGE described above has been reported as ‘gene identification
signature’ (GIS) analysis (Ng ef al., 2005). This approach allows the simultaneous
profiling of the 5" and 3" end of a transcript by generating paired-end-tags (PETs) from
random cDNAs followed by tag concatenation and sequencing. The advantage of this
method over combining SAGE and CAGE is that each PET sequence represents a
linked start and end position from a single transcript rather than two independent pools
of tags representing start and end positions.

‘Next generation’ sequencing methods

The emergence of ‘next generation’ massively parallel sequencing technologies
(Metzker, 2005) has the potential to dramatically improve the utility of sequence based
approaches for profiling transcript diversity. The parallel sequencing of many templates
on a single compact array was first published in 2000 by a group at Lynx Therapeutics
Inc. (Brenner et al., 2000). This approach, described as massively parallel signature
sequencing (MPSS) involves the creation of an array of microbeads, each coupled to a
single DNA template, which are used for a ligation-based sequencing protocol involving
fluorescently labeled adaptors. Monitoring of fluorescent signals as the sequencing
reaction progresses is accomplished by a charge-coupled device (CCD) detector and
image analysis, resulting in the simultaneous generation of millions of short sequences
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(16-20 bp). This entire process takes place in a flow cell with the array of microbeads
remaining in a dense monolayer and reagents flowing past. The accuracy of this platform
for profiling gene expression was assessed by generating ~1.6 million sequences from
cDNAs derived from a human cell line and comparing these to EST sequences generated
by conventional Sanger sequencing. The resulting qualitative comparison of the most
highly expressed genes seemed promising but far from definitive and early MPSS
experiments identified strong biases related to the GC content of expressed sequences
(Siddiqui et al., 2006). Lynx Therapeutics Inc. has since been acquired by Solexa Inc.
and their platform has been modified and is now generally described as sequencing by
synthesis (SBS) rather than MPSS. Although the technology is now being increasingly
deployed and has been used successfully to identify genomic mutations in cancer cells
(Thomas et al., 2006) and profile small RNAs of a plant genome (Lu et al., 2005),
publications describing its use to profile transcript diversity are lacking. A competing
platform which may also be described as a highly parallel SBS approach has been
developed by Roche/454 Life Sciences Inc. and is capable of producing ~200,000
reads of ~100 bases in length from a single run (Margulies et al., 2005; Leamon et al.,
2007; Bainbridge et al., 20006). In this platform, SBS occurs on a fiber-optic slide with
approximately 1.6 million wells (each 44 pm in diameter). The sequencing reaction
itself is referred to as ‘pyrosequencing’, in which fluorescently labeled nucleotides are
sequentially washed over the slide and incorporation of each base into a growing
complementary strand of a single stranded template DNA is simultaneously observed
for all wells by a CCD detector. Homopolymeric sequences in the template DNA result
in the incorporation of multiple nucleotides in a single cycle and must be resolved by
analyzing the magnitude of fluorescence for each well. Several groups have used this
sequencing platform to sequence SAGE-like libraries consisting of tags representing
transcript ends or PETs (Gowda ef al., 2006; Ng et al., 2006; Nielsen et al., 2006).
These experiments are conceptually similar to SAGE but are able to produce increased
tag counts at reduced cost and have been found to produce gene expression estimates
that are similar to long SAGE data (R? = 0.96) (Nielsen et al., 2006). This approach
was recently used to profile the 5” ends of Maize transcripts and exhibited a considerable
potential for identifying alternate transcript initiation sites (Gowda et al., 2006).
Similarly, a combination of PET library construction and 454 sequencing was used to
generate over 450,000 PETs from the human breast cancer cell line, MCF7 (Ng et al.,
20006). Of these, ~136,000 could be mapped unambiguously to ~21,000 unique loci,
and 25% of these represented candidate novel alternative transcript initiation sites or
alternative polyadenylation sites. Finally, a recent experiment described the use of
Roche/454 sequencing to profile full-length transcripts expressed in polyA+ purified
RNA from the LnCAP prostate cancer cell line (Bainbridge ez al., 2006). This direct
sequencing of full-length transcripts avoids the artifacts associated with library
construction and cloning and does not limit the resulting ESTs to the ends of transcripts.
The approach was successful in identifying 25 novel AS events involving known exons
but the short read lengths (average of ~100 bp), overrepresentation of a small number
of highly expressed genes, and unexpected bias towards transcript ends limited the
number of reads which were informative of splice site selection.
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Limitations of sequence based approaches

Only 3-5% of the transcripts in a cell are mRNA molecules, with the remaining
transcripts representing a few highly expressed ribosomal RNA (rRNA) species. The
majority of rRNA transcripts can be removed by positively selecting for polyA+
sequences or less efficiently by filtering out rRNA species. However, even amongst
the remaining mRNA transcripts, it is estimated that ~55% of these are redundant
copies of the same mRNAs derived from only 4% of all protein coding loci (Alberts et
al., 1994). Thus, even if a large number of tags can be produced efficiently, sequence
based approaches are still faced with the problem of sequencing many transcripts from
a few loci at the cost of failing to sample many other loci. For example in a recent test
of Roche/454 Life Sciences GS20 sequencing for the profiling of a cDNA library, we
found that ~110,000 reads could be mapped unambiguously to ~8,000 EnsEMBL loci
but 39% of these corresponded to only 20 loci (Bainbridge ef al., 2006). In addition to
this issue of transcript redundancy, because of the complexity of mammalian biology,
creating even a snapshot of the human transcriptome remains a daunting challenge.
Assuming an average transcript size of ~2000 bp and an average of 300-500k transcripts
per cell, complete profiling of a single cell type representing just one of hundreds or
thousands of possible cell types would require 1 billion bp of sequence (the amount
currently produced by a single run of the Solexa 1G device at launch specifications)
(Ruan et al., 2004). Continued improvements in SBS technologies should be able to
overcome these sampling limitations in the near future and will prove invaluable in
characterizing even infrequently expressed transcripts.

Tools like the UCSC (Kuhn et al., 2006) and EnsEMBL (Hubbard et al., 2005)
genome browsers can readily combine data from multiple sequence based methods by
mapping them to a single reference genome sequence. Each of the sequencing
technologies described can thus be used in a complementary fashion for the complex
task of annotating the expression of all gene loci and act as a supplement to gene
prediction algorithms which are based solely on the genomic sequence itself.
Nevertheless, despite the recent advances in sequence based approaches and
corresponding computational methods for profiling transcript diversity, other methods,
particularly those based on microarrays remain a popular alternative for profiling a
particular cell type and comparing expression across samples.

Microarray methods

Microarrays consisting of spotted cDNAs or short (25 to 60-mer) oligonucleotides
have been used extensively to rapidly and simultaneously determine the overall level
of mRNA expression of thousands of genes in a single sample. Briefly, a microarray is
a small ordered grid of ‘spots’ (probes) each consisting of many copies of a single-
stranded DNA sequence complementary to a small portion of a target gene. A microarray
experiment involves extracting RNA from cells, converting the RNA to cDNA, labeling
the cDNA molecules with a fluorescent dye, and hybridizing the labeled sample to an
array. Each probe spot forms hybrids with copies of its target sequence and the degree
of hybridization is measured by scanning the array and recording fluorescence
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intensities. The magnitude of the intensity observed at each spot is thus a representation
of the amount of probe/target hybridization and therefore an estimate of the number of
copies of each target in the sample. Each probe on the array acts as a quantitative
detector for a particular RNA sequence. Choosing the size and position of the sequence
to target with each probe is an area of active development and largely determines the
results of a microarray experiment. The general design and use of microarrays to detect
gene expression has been reviewed extensively (Redkar et al., 2006) and each of the
following microarray strategies are summarized in Table 1 and depicted in Plate I'V.

‘First generation’ expression arrays

Despite the heavy use of microarrays for measuring gene expression, the use of these
arrays to distinguish alternative transcripts has been limited. Spotted cDNA arrays use
probes consisting of copies of entire cDNA transcripts or relatively large portions of
them and are therefore unsuitable for the detection of alternative transcripts which
have subtle differences involving only a small percentage of their total sequence content.
Commercially available oligonucleotide microarrays such as those offered by
Affymetrix Inc., NimbleGen Inc. and others are composed of sets of 10-20 short probe
sequences per gene and therefore have higher resolution for detecting transcription
(Plate 1V). However, these designs and corresponding oligo d(T) based labeling
procedures have heavily biased detection towards the 3" end of transcripts (often
confined to the UTR), limiting their ability to detect many alternative transcripts. Despite
the limitations of these designs, the use of the raw probe values generated from these
platforms to predict differential expression of alternate transcripts with variable exons
at their 32tend has been described (Hu et al., 2001; Fan et al., 20006).

Whole genome and exon tiling arrays

Whole genome tiling arrays have emerged as a method of profiling transcription across
large portions of the genome. These arrays consist of probes representing every
non-repetitive base of a genome at 5-35 bp intervals (Plate 1V). Because of this
comprehensive approach, these arrays are not limited by the accuracy of gene
annotations at the time of array design, but rather the completeness and accuracy of
the genome sequence itself. Whole genome tiling arrays are theoretically capable of
simultaneously determining the approximate exon-intron boundaries of all genes
regardless of their current annotation status and also provide a quantitative measure of
expression at every exon of every locus. Due to the size of the human genome, initial
experiments focused on the smallest human chromosomes only (20, 21 and 22) (Kampa
et al., 2004; Kapranov et al., 2002; Schadt et al., 2004). Arrays of 25- or 60-mer
oligonucleotides were designed to tile across non-repetitive genomic sequence at 30—
35 bp intervals and these arrays were hybridized with cytoplasmic polyA+ RNAs
isolated from a variety of cell lines and tissues. These and subsequent experiments
covering 10 human chromosomes at 5 bp resolution (Cheng et al., 2005) and the entire
human genome at ~50 bp resolution (Bertone et al., 2004) have revealed considerable
evidence for expression throughout the genome which has not been previously
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annotated. Despite advances in microarray technology, the resources required to conduct
such experiments are still daunting. For example, achieving ~50 bp resolution on both
strands of the entire human genome required ~52 million probes distributed across
134 microarrays each of which was only hybridized with a single polyA+ RNA sample
isolated from human liver tissue (Bertone ef al., 2004). In other words, an extremely
large number of probes were used to measure transcription of select regions of the
genome (those that are actually expressed) from only a single tissue. Furthermore,
despite the scale of this approach these arrays are unable to infer the connectivity of
exons. Because of the comprehensive probe design strategy used in these arrays they
are ideal for detecting novel gene, novel alternative exons within the introns of known
genes and novel alternative exon boundaries. However, as the quality of gene annotation
improves for the genome of interest, the value of using such a large number of
speculative probes is reduced and space on the array can be reclaimed to be used more
efficiently. Just as large scale sequencing efforts have revealed an unexpected level of
transcript diversity at most loci, whole genome tiling array experiments have challenged
accepted notions of what percentage of the genome is actually transcribed, indicating
that it might be much larger than previously suspected (Johnson ef al., 2005). Whole
genome tiling arrays are likely to play an important role in continuing annotation efforts
but currently have limited feasibility for profiling transcript diversity.

Affymetrix now offers exon tiling arrays which attempt to use array space more
judiciously by designing probes for only those regions which are known to be expressed
or predicted to be expressed by gene finding algorithms. Affymetrix’s exon tiling arrays
are created with a photolithographic in situ oligonucleotide synthesis platform and for
human the design consists of a single array with ~5.5 million features corresponding to
~1.2 million known or predicted exons. This capacity allows each human exon to be
covered by an average of 4 probes. This is by far the highest density array currently
available but the oligo length is limited to 25-mers and medium to small scale custom
designs are costly. The design strategy successfully overcomes some of the limitations
of previous Affymetrix gene expression designs but these arrays are still unable to
elucidate the connectivity of exons and may yield uninformative results when multiple
isoforms are present in the same sample (Plate [V). Furthermore, Affymetrix currently
only offers designs for the human, mouse and rat genomes. For researchers who do not
wish to be limited to probes that only interrogate the exons of each gene or wish to
study AT in additional species, a number of options are available for printed or bead
based custom designs of up to ~150,000 features (Agilent, Illumina and others). The
maskless photolithography procedure of NimbleGen remains the highest density custom
array option with up to ~385,000 features and additional advantages such as the ability
to create probes up to 60 nucleotides in length as well as variable length (isothermal)
designs (Nuwaysir et al., 2002).

Splicing arrays

As discussed, ‘traditional’ microarrays have been designed to measure the expression
of only a single canonical transcript of each gene and do not account for the existence
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of alternate isoforms. The idea of using ‘splicing’ microarrays consisting of exon-
junction and other probe configurations to detect AS events was first suggested by
Douglas Black (Black, 2000). Since 2002, a number of groups have begun to experiment
with measuring expression in the context of AT by using such modifications of existing
microarray technology (Lee and Roy, 2004). ExonHit Therapeutics offers a commercial
service for detection of AS in selected therapeutic targets (Lyddy, 2002; Mangasarian,
2005). Jivan Biologics offers the ‘TransExpress™Whole Spliceome’ array which
includes probes for ~135,000 alternately spliced sites corresponding to ~23,000 human
genes. The splice events selected for this array were identified by bioinformatic analysis
of existing EST data. In addition to these commercial options, several groups have
described the development of custom splicing arrays using commercially available in
situ oligonucleotide synthesis or printing platforms.

A number of works have specifically addressed the theoretical and practical
issues of designing custom splicing microarrays to detect AT events by conducting
proof-of-principle experiments in a variety of metazoan species (Srinivasan et al.,
2005; Castle et al., 2003; Clark et al., 2002; Johnson et al., 2003; Stolc et al., 2004;
Pan et al., 2004). Issues addressed by these experiments include the following. (1)
Accurately annotating gene models to assist in the selection of oligonucleotides. This
involves the identification of all exons for every gene, the precise boundaries of each
exon, and the putative connections of these exons. The utility of a splicing microarray
is fundamentally limited by the accuracy and comprehensiveness of this annotation
process. Defining exon regions as either ‘constitutive’ or ‘alternative’ by examining
existing expression data is also desirable to facilitate within-gene normalization during
analysis, (2) Storing gene models and annotations of splicing events in a computer
interpretable format such as “splicing graphs” (Heber et al., 2002), (3) Selecting the
number and types of AS events to profile. For example, one may wish to target only
sequences within exon boundaries. If the identification of complicated splicing patterns
is desired it may be prudent to target exon boundaries, exon junctions, and introns as
well (Plate IV). Each of the array design strategies used to date falls into one of two
general categories. In one case, transcript annotations based on existing expression
data (ESTs, cDNAs, etc) are assumed to be an acceptable representation of the transcript
diversity in the genome and used to identify known AT events which are then specifically
targeted by the array. In the second case, the array design attempts to comprehensively
profile all exons and splicing events regardless of existing expression evidence. This
approach requires considerably more probes but it has the potential to identify the
expression of novel transcription events, (4) Optimizing the specificity and
thermodynamic properties of probes to improve the ability of each probe to accurately
and reliably predict the presence of their target during hybridization. A uniformity of
probe melting temperature (Tm) and length across the array is desirable. Furthermore,
probes that form secondary structures, have low-complexity regions, match repetitive
elements, or correspond to expressed sequences from multiple regions of the genome
should be avoided. For members of gene families or genes with pseudogenes, it may
not be possible to select specific probes. Furthermore, when targeting large exons and
introns, choosing an ‘optimal’ probe is often straightforward, but when the target
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sequence is constrained to a small exon or a specific exon junction or boundary this
may not be possible, (5) Reducing ‘half-junction crosstalk’. This term refers to a problem
related to the use of exon junction probes such that each probe hybridizes over each
half of its length to targets containing the same exon sequences in combinations other
than that specifically targeted by the junction probe. For example, a probe designed to
detect the juxtaposition of exon 1 with exon 3 (el1”e3) will hybridize on each half to
RNAs containing el”e2 and e2”e3. This crosstalk effect increases as the length of a
probe is increased or hybridization stringency is reduced. The junction probe length
that maximizes sensitivity and specificity has been empirically determined as 35-45
nucleotides in length (Castle ef al., 2003; Srinivasan et al., 2005; Clark et al., 2002).
Crosstalk can theoretically be reduced by offsetting the probe position on the exon
junction or allowing the two halves to differ in length such that the difference in Tm
between the two halves is minimized. The proof-of-principle experiments which have
helped to resolve these five issues provide invaluable guidance for researchers wishing
to create custom splicing arrays without spending considerable time and resources
conducting optimization experiments. Furthermore, their results provide general
evidence that the splicing microarray approach is feasible. For example, experiments
using samples spiked with different mixtures of cloned human and Drosophila
transcripts showed that an alternate isoform making up as little as 20% of a mixture of
two isoforms could be detected by junction probes (observed fold differences were
highly correlated with expected values over a range of 0.25 to 12) (Castle et al., 2003;
Fehlbaum et al., 2005).

The first two large scale experiments with splicing microarrays were conducted
in human, mouse and Drosophila (Johnson et al., 2003; Pan et al., 2004; Stolc et al.,
2004). Johnson et al. (2003) conducted a genome-wide survey of AS in 52 human
tissues using a total of 125,000 exon junction probes corresponding to the expected
canonical junctions of 10,000 multi-exon genes. The authors observed that similar
tissues tend to have similar AS patterns and cell lines have their own distinct patterns,
in particular being characterized by the expression of fewer genes but more variants of
those genes. By extrapolating from their results and comparing to EST data the authors
predicted that 74% of all human genes are alternatively spliced. A similar approach
was used to analyze ~3,000 previously observed AS events in 10 mouse tissues (Pan et
al.,2004). Based on RT-PCR validations of the predictions of their splicing microarray
the authors determined that the array could predict differential expression of isoforms
between tissues with a specificity of approximately 80%. The data described in this
initial experiment has recently been analyzed to show that exons that have varying
expression levels across mouse tissues are more likely to be a multiple of 3 in length
(perhaps indicating a selection for maintenance of reading frame) and are highly
conserved relative to constitutively spliced exons (Xing and Lee, 2005). This data has
also been used to investigate the potential coupling of AS and nonsense-mediated
mRNA decay as a global means of controlling transcript abundance (Pan et al., 2006).

As the number of published splicing microarray experiments has increased, the
variety of analysis methods has also increased (Cuperlovic-Culf et al., 2006).
Nevertheless, the availability of suitable analysis methods with open source software
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implementations remains a challenge to researchers who wish to conduct their own
splicing microarray experiments. Standard methods for normalization, background
correction and summarizing multiple probe values into a single gene- or exon-level
expression estimate may be used (Butte, 2002; Bolstad et al., 2003; Irizarry et al.,
2003) but methods which specifically address the identification of differences at the
level of alternative transcripts are still required. To date, at least seven distinct analytical
methods for identifying differences in isoform expression from splicing microarray
data have been described: (1) Splicing index values (Clark ez al., 2002; Srinivasan et
al., 2005; Li et al., 20006), (2) ASAP (Le et al., 2004), (3) splice and neighborhood
algorithms (Fan et al.,2006; Hu et al., 2001), (4) analysis of splice variation (ANOSVA)
(Cline et al., 2005), (5) sequence based splice variant deconvolution (Wang et al.,
2003), (6) GeneASAP (Shai et al., 2006), and (7) MIDAS (www.affymetrix.com).
Although each of these methods uses different mathematical and statistical techniques,
the general goal of each is to identify alternative exons, junctions, or whole transcripts
that are differentially expressed between two samples. Identifying such events invariably
involves some attempt to correct for changes in expression at the gene level. For
example, the use of a simple ‘splicing index’ calculation was proposed to identify AS
events (Clark et al., 2002). A splicing index is determined by first comparing the
expression of each exon to the expression value for the entire gene within a single
sample. This results in a ‘within-gene’ normalized value for each exon which can then
be compared across samples to create the splicing index. Statistical methods such as
MIDAS also use within-gene normalized values but attempt to identify significant
differentially spliced exons by considering the magnitude and variability of exon
expression within grouped samples compared to across sample groups (e.g., ten normal
versus ten cancer samples).

Using the developments in splicing microarray design and analysis described above,
several research groups have applied these arrays to the study of specific biological
problems. These include estimating the global prevalence of AT in tissues and
throughout development, assessing the implications of AT for protein diversity, studying
splicing regulation at the level of trans-acting factors, defining novel cis-acting splicing
motifs, and identifying isoforms with disease relevance.

Relogio et al. (2004) published the first experiment using microarray technology
to specifically address the role of AS in a cancer model. This group designed a custom
array to measure the expression of 86 splicing-related genes and known splicing events
in 10 cancer genes and applied their array to RNAs derived from four cell lines
representing different stages of Hodgkin lymphoma tumors. Clustering of the microarray
results for 100 splicing events revealed distinct patterns for each of the four tumor
stages. A similar study used splicing microarrays to identify differential expression of
alternate transcripts between estrogen receptor positive and negative breast cancer
cell lines (Li et al., 2006). Zhang et al. (20006) predicted that profiling expression at the
level of individual exons and AT events with a splicing microarray would improve the
accuracy of expression based cancer classification compared to using overall mRNA
expression levels. They demonstrated this by conducting a classification of 38 cancer
and normal prostate tissues by measuring the expression of 464 isoforms of ~200
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genes and concluded that profiling the expression of alternative transcripts increased
the information content by at least 30% compared to conventional microarray data. In
addition to studying human disease, splicing microarrays have also been shown to
have great potential for defining a global ‘splicing code’ by studying the expression
of thousands of exons and identifying novel sequence motifs as well as how
the arrangement of these motifs and their interaction with particular trans-acting factors
influences the splicing of specific exons in a tissue dependent manor (Sugnet et al.,
2006; Ule et al., 2006; Blanchette et al., 2005; Ule et al., 2005). For example, one
group used a splicing microarray to study the global effects of RNAi knockdowns of
four splicing regulators (two hnRNPs and two SR proteins) (Blanchette et al., 2005).
Knocking down each of these four proteins affected a variable number of splicing
events, ranging from ~50 to more than 300. Since their array design was limited to
only those events that had been previously observed (~8,000 events observed for ~3,000
genes in EST/mRNA data), these are likely to be underestimates.

We have reviewed a number of preliminary experiments describing the creation
and use of custom splicing microarrays and commercially available solutions have
recently emerged for the human, mouse and rat genomes. Unfortunately there are
currently no simple solutions available for the researcher who wishes to create a custom
splicing array for another species, subset of genes or design philosophy not represented
by these products. Although considerable optimization has been reported and methods
for creating such designs and analyzing the resulting data have been published by
several groups, actually implementing these experiments remains time consuming.
Continued expansion of commercially available solutions as well as the creation of
open source design and analysis tools are likely in the near future and will accelerate
the adoption of splicing microarrays as a tool for transcriptome analysis.

Given the advantages and disadvantages (Table 1) of both the sequence- and
microarray-based approaches for profiling transcript diversity, several groups have
begun to combine complementary computational and experimental approaches and
thereby develop a more comprehensive view of the mammalian transcriptome
(Gustincich et al., 2006). As a result of these efforts and the continued compilation
and synthesis of disparate genome scale expression data sets in genome browsers such
as the UCSC (Kuhn et al., 2006) and EnsEMBL (Hubbard et al., 2005) browsers,
many researchers now have access to a highly detailed survey of the diversity of
transcripts generated by their genes of interest.

Validation and visualization

Due to methodological advances and increases in information as we have described,
researchers are now increasingly able to identify the complex pattern of alternative
transcripts generated by the genes under study in their laboratory. It is therefore
becoming increasingly important to have a wide range of tools and protocols for (1)
the in silico visualization of transcript diversity for a gene of interest (Table 2); (2) the
visualization of the expression of particular isoforms in cell lines or in vivo models;
and (3) determining the function of specific isoforms.
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Determining the relative mRNA expression of known or predicted isoforms of a
single gene in a tissue of interest is typically accomplished by Northern blot analysis
or by semiquantitative or quantitative RT-PCR. Similarly, protein-level expression of
isoforms with significantly different sizes can be confirmed by SDS-PAGE and Western
blot analysis with an antibody that recognizes a constitutive portion of the gene.
Visualizing the spatial expression of isoforms at the mRNA level can be accomplished
by in situ hybridization with digoxigenin labeled riboprobes specific to each isoform
(David et al., 2002). Visualizing spatial expression of isoforms at the protein level by
immunohistochemistry is limited by the availability of antibodies specific to the isoforms
of interest and the labor-intensive, time-consuming nature of raising novel antibodies
to specific isoforms. Although databases of antibodies have been described, considerable
effort may still be required to determine which, if any available antibodies will
distinguish between the isoforms of interest (Major ef al., 2006). In vivo methods of
visualizing alternate isoforms have been described for model organisms such as C.
elegans (Kuroyanagi et al., 2006) and mouse (Kemp et al., 2005). In general, the
visualization experiments described here are labor intensive and difficult to apply to a
large number of isoforms.

Functional validations of the effects of particular isoforms can be studied in a
number of ways. To date, most studies have attempted to simply infer the function of
isoforms by observing differences in expression level, subcellular localization, post-
translational modifications and other modifications in cells where the gene of interest
is thought to play some role (Nanjundan et al., 2006; Vegran et al., 2006). Examples
of direct manipulation of the expression of an isoform are less common. In many cases
an RNA interference based approach should be able to specifically ‘knock down’ an
isoform of interest in cell culture and considerable resources already exist to facilitate
these kinds of experiments (Paddison et al., 2004). Over-expression of a single canonical
isoform in an expression vector which has been transfected into a suitable cell line is
already common place. Similarly creation of transgenic mice expressing a particular
isoform has been widely reported (by definition selecting a single isoform is required).
Altering expression of an isoform can be used in conjunction with studies of particular
functions of interest such as apoptosis or cell survival assays. Differences in the protein-
protein interactions of alternate isoforms can be studied by accepted methods such as
co-immunoprecipitation of expected partners or immunoprecipitation of tagged isoforms
followed by HPLC-MS to identify interacting partners (Figeys et al., 2001). Studying
multiple isoforms in these kinds of experiments, although more labor intensive will
become increasingly common as researchers become aware of the transcriptional
diversity generated by genes of interest.

Functional significance of alternative transcription

As large scale experimental and bioinformatic approaches have begun to identify the
diversity of transcription across the genomes of several species, parallel efforts to
study the functional significance of this diversity have also been reported. One area of
intense debate has been the effort to estimate the proportion of AT events that are
functional compared to that which represents ‘transcription noise’. Other areas which
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have generated a large number of publications include the effort to identify general
themes by which AT influences cellular biology, the study of particular functional
classes of genes that are affected by AT and its potential role as a means of globally
regulating gene expression. Finally, the implications of AT for the study of human
disease has received increasing attention in recent years. For example, the emergence
of a ‘transcription code’ has implications for the identification of potential disease
mutations; increased knowledge of transcriptome complexity will influence strategies
for identifying therapeutic targets; and the mechanisms of RNA processing itself are
being considered as a means of directly modulating disease states.

How much alternative transcription is functional?

Although the notion that transcript diversity is more prevalent than originally thought
is generally accepted, the percentage of alternative transcripts with biologically relevant
functions remains a topic of debate. Detailed studies of single genes or pathways have
identified differing functions for alternate isoforms. Although these single gene studies
hint at the mechanisms by which AT allows a diversity of functions to be encoded
from a single locus, they do not confirm the role of AT as a global means of generating
biologically relevant diversity in the proteome. To address this outstanding question, a
number of studies have attempted to use conservation of AT events between species to
infer the fraction of all events that are functionally significant as opposed to transcription
‘noise’ caused by random splicing errors or observations of immature transcripts derived
from the nucleus. The resulting estimates for the percentage of alternative events
represented in EST data that are conserved between human and mouse range from 11
to 61% depending on the study. For example, to estimate the subset of alternatively
spliced exons that are functional, one group used ESTs to identify exon skipping events
which occur in both humans and mouse (Sorek and Ast, 2003). Of a total of 980 exons
identified as alternatively skipped in humans, 25% were also skipped in mouse. The
authors of this study presented further evidence that the characteristics of the conserved
subset of alternate exons were distinct from those of the non-conserved exons and
suggested that the majority of non-conserved events are non-functional. A similar study
observed AS events in 2,603 human genes and their mouse orthologs (Pan ef al., 2004).
The authors found that of all the orthologous exons that are alternatively spliced in
human or mouse, 16% are alternatively spliced in both species, and the remaining 84%
represent species-specific events. By considering events represented in multiple
transcripts from multiple tissues for both human and mouse, the authors estimated that
at least 24% of these events represent true examples of species-specific AS. It has also
been argued that studies which utilize EST data will underestimate the conservation of
AS between mouse and human because they rely heavily on the level of transcript
coverage (Thanaraj et al., 2003). In other words, conservation of a splicing event
observed in human is often not observed in mouse simply because the EST sampling
depth is too low and by chance it has not been observed. These authors conducted a
conservation study similar to those previously described but also developed a statistical
model to estimate the ‘true’ level of conservation by extrapolating from existing levels
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of transcript support. Using this model, they estimated that 61% of alternatively spliced
junctions are conserved between mouse and human. In contrast, a more recent study
found that only 11% of the alternatively spliced exons in humans are conserved in
mouse and suggested that the majority of AS events seen in EST/cDNA data represent
aberrant splicing, disease-specific splicing or events that are functionally relevant but
specific to humans (Yeo etal., 2005). One theme that emerges from these works is the
considerable disagreement in the literature as to what percentage of AT is truly
conserved and indeed what percentage of non-conserved events might be functional
but species-specific events that emerged since the divergence of human and mouse 85
million years ago. AT events that are not conserved between human and mouse tend to
be expressed at lower levels and may serve as an evolutionary mechanism for testing
novel proteins without disrupting the function of the canonical isoform and interfering
with the normal functions of the cell (Pan et al., 2005; Pan et al., 2004). The ‘lesser’
form is thus unlikely to be detrimental, is relatively free of constraints, can evolve
rapidly and in some cases gain a function that is driven by positive selective pressure.
It has been suggested that incorporation of novel exons or boundaries in this way
represents a major form of gene evolution which is distinct from evolution by gene
duplication. This hypothesis is based on the observation that genes which are part of
gene families that have arisen by duplication generally have few alternate transcripts,
whereas ‘singleton’ genes have high rates of AT (Kopelman et al., 2005; Su et al.,
2006).

It is reasonable to assume that most conserved AT events are functional, that
some as yet unknown fraction of non-conserved events are also functional and the
remaining fraction are not functional. Although the percentage of events falling into
each of these categories remains an area of active debate, any study of AT will certainly
be complicated by some level of expression ‘noise’ with limited functional relevance.

How does alternative transcription influence the proteome?

The number of AT events that result in a protein with a modified biological function is
currently a topic of debate. The concept that this subset of AT events could increase
the functional diversity of the human genome by generating a combinatorial output of
proteins from a genome of perhaps less than 30,000 genes has gained acceptance in
recent years (Black, 2000; Maniatis and Tasic, 2002; Roberts and Smith, 2002).
Furthermore, AT of specific genes has been shown to regulate transcript abundance
via nonsense mediated decay, alter the subcellular localization of proteins, influence
enzymatic activity, modify protein stability, and alter posttranslational modifications
(Stamm et al., 2005). One of the most striking examples of AT producing diverse
products from a single gene locus was observed for the DSCAM gene of the model
organism Drosophila melanogaster (Schmucker et al., 2000). When transcribed, this
gene selects exons from a set of mutually exclusive alternate exons at four positions.
Specifically, exons 4, 6, 9 and 17 in each transcript are selected from 12, 48, 33, and 2
possible alternatives respectively. This remarkable arrangement is capable of producing
38,016 possible unique DSCAM transcripts. Cloning and sequencing a sample of 50
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random cDNAs for this gene yielded 49 unique transcripts which result in distinct
proteins with differing abilities to form neuronal connections. A comparably dramatic
level of diversity was recently described for the human basonuclin 2 (BN2) locus, a
zinc finger protein which is expressed ubiquitously and thought to function in RNA
processing (Vanhoutteghem and Djian, 2006). All 23 exons of this gene are alternative
and each transcript independently uses one of six promoters and four polyadenylation
sites. To date more than 100 distinct BN2 mRNA isoforms have been produced, but a
staggering ~90,000 are possible.

AT may result in the production of protein isoforms that are functionally distinct
in a number of ways. It has been suggested that this diversity is realized in part through
alterations in protein-protein interactions. Specific examples of genes such as SMRT
which produces isoforms differing in their interaction with thyroid hormone receptors
have been studied in detail (Goodson et al., 2005). Furthermore, global analysis of
EST data has shown that AT events disproportionately affect domains involved in
protein-protein interactions (Resch et al., 2004). Although only 10% of AS events can
be shown to completely remove or insert a known functional domain, many of the
remaining 90% of AS events are predicted to affect loop structures in proteins which
are thought to mediate protein-protein interactions (Wang et al., 2005). A recent study
also found that the majority of changes observed in isoforms do not affect complete
protein domains and based on an analysis of the 3D structures of alternative isoforms
concluded that AT modulates the activity of protein networks and associated signaling
pathways indirectly by altering the structural core and resulting stability of proteins
(Yuraet al.,2006). For example, replacing a stable domain with an unstable domain in
a protein could alter the spatial orientation of other domains resulting in a protein with
a distinct conformation and affinity for interaction partners. These observations have
led to the general speculation that AT outcomes profoundly influence the protein
interaction network of a cell. Supporting this hypothesis is the observation that genes
with large numbers of isoforms tend to have many interactions and represent central
nodes in protein-protein interaction networks (Hughes and Friedman, 2005). In addition
to modifying protein interactions, another common effect of AT is the modification of
subcellular localization in which alternative isoforms differ in their signal peptides
and/or transmembrane domains (Davis et al., 2006; Xing et al., 2003). Such
modifications can result in post-translational transport to different cellular compartments
or the production of a soluble protein rather than a membrane bound one.

As discussed, AT can presumably influence protein interactions, protein stability
and subcellular localization and through each of these types of effects has the potential
to influence signaling pathways. These observations suggest some of the general modes
by which AT influences the function of any protein. Efforts to identify whether genes
of particular functional classes are more likely to be modulated by AT have also been
reported. For example, Takeda ef al. (2006) used a comprehensive analysis of 55,000
cDNAs to determine that the gene classes (according to Gene Ontology terms) which
are most affected by AT are: nucleic acid binding, transcription factor activity, DNA-
binding, protein tyrosine kinase activity, transporter activity, zinc ion binding, insulin-
like growth factor-binding, ATP binding, catalytic activity, and oxidoreductase activity.
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Analysis of cDNA, EST and MPSS data in mouse found that 75% of all kinases and
phosphatases have alternate isoforms and analysis of these variants revealed several
tethered and soluble, secreted isoforms which were predicted to be catalytically inactive
and therefore might act as dominant negative forms by competing with other isoforms
for ligands and substrates (Forrest ef al., 2006). Similar studies have demonstrated
the prevalence of functional isoforms within the G protein coupled receptor family
(Bjarnadottir et al., 2006), zinc-finger-containing proteins (Ravasi et al., 2003) and
apoptosis genes (Schwerk and Schulze-Osthoff, 2005).

Finally, it is important to note that production of a transcript variant which
does not seem to produce a functionally distinct protein may still have functional
consequences for the cell by altering the level of gene expression. For example, AS is
speculated to act as a gene expression ‘switch” whereby genes are effectively turned
off by changes in the expression of a splicing factor which disrupts their normal splicing
and silences their expression by triggering nonsense mediated decay (NMD). NMD
targets transcripts with ‘premature termination codons’ which are recognized by the
transcription machinery and degraded rather than producing a potentially detrimental
protein product. In this system, transcription of a gene may still occur at the same rate
but since the mRNA products are quickly degraded the gene’s function is essentially
silenced. Recent studies have suggested that coupling of NMD and AS is an important
but overlooked mechanism of regulating gene expression (Hillman et al., 2004; Lewis
et al., 2003; Cuccurese ef al., 2005). In addition to NMD which is triggered by events
within the coding region of a transcript, AT within UTRs may also act as a global
means of controlling gene expression by altering mRNA stability and translational
efficiency in a tissue specific manner (Hughes, 2006). In this case a valid mRNA is
produced and would seem to result in production of a normal protein but due to sequence
modifications outside the coding region, the stability of the transcript or its rate of
translation is modified.

What are the implications of transcript diversity for the study of human disease?

The role of AT in human disease has received increasing attention in recent years
(Caceres and Kornblihtt, 2002; Faustino and Cooper, 2003; Garcia-Blanco et al., 2004;
Stoilov et al., 2002). In particular, the apparent existence of a defined ‘transcription
code’ has implications for the identification of potential disease causing genomic
variants (e.g., point mutations, insertions, deletions). This code can be considered
as the combination of (1) regulatory sequence motifs of a transcribed region, and
(2) RNA and protein factors which comprise the machinery responsible for correct
transcription initiation, splicing and polyadenylation. Genetic changes that have the
potential to alter normal transcription and contribute to human disease can thus be
classified into two groups, ‘cis-acting’ variants which affect sequence motifs within
each gene locus and ‘trans-acting’ variants which affect components of the transcription
machinery itself. Examples of human disease involving both of these classes of variants
have been reviewed in the context of neurological disorders and cancer (Srebrow and
Kornblihtt, 2006; Licatalosi and Darnell, 2006).
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Disease associated transcripts may arise by the occurrence of cis-acting mutations
within the transcription regulatory elements of a single gene (Plate I) and many examples
of heritable diseases have been shown to result from point mutations leading to aberrant
splicing of a gene. Such mutations may result in aberrant skipping of a canonical isoform,
inclusion of a ‘cryptic’ exon that is not normally used or simply an alteration of the
ratio of alternative isoforms normally expressed (Pagani and Baralle, 2004). According
to the Human Gene Mutation Database, ~10% of all disease associated mutations
involve splice sites (Stenson ef al., 2003). In addition to splice site mutations, many
other mutations may affect splicing regulatory sequences such as exonic and intronic
splicing enhancers and silencers (Cartegni et al., 2002). For example, analysis of the
effects of mutations in the well studied human disease genes ATM (ataxia-telengiectasia,
OMIM #208900) and NF1 (Neurofibromatosis type I, OMIM #162200) suggests that
as much as 50% of all exonic mutations, silent or otherwise exert their influence by
causing splicing defects (Ars et al., 2000; Teraoka et al., 1999). Many of these mutations
are at splicing regulatory sites, not the actual splice sites. Until recently the only
mutations associated with disease that were predicted to affect splicing of a gene product
were those associated with the splice acceptor and donor sites specifically. Increasing
knowledge of the additional motifs which influence AT has expanded the number of
mutations which are predicted to affect transcription. Many non-synonymous mutations
may have a more pronounced effect than causing a single amino acid change and
in fact may influence the inclusion or exclusion of entire exons. Similarly, many
synonymous mutations or mutations outside of the coding sequence which might seem
to be non-functional may also influence exon content. A number of studies have recently
begun to investigate the effects of mutations in known disease genes at positions other
than the actual splice sites and preliminary attempts to predict and validate the effect
of point mutations on AS in splicing regulatory motifs such as ESEs have been reported
(Cartegni and Krainer, 2002; Wang et al., 2004; Zhang and Chasin, 2004; Smith et al.,
2006). Some of these studies rely on the observation of mutations and their effect on
the splicing of specific genes. Others attempt to computationally predict the effect of
mutations occurring within exons or introns on the splicing outcome of a gene. Similar
efforts are needed to understand the true implication of mutations on the use of alternate
transcription initiation sites and polyadenylation sites. In other words, although it has
long been accepted that polymorphisms or mutations affecting ‘regulatory’ sequences
may affect the tissue- or developmental-specific expression level of a gene, it is now
becoming clear that an entirely additional set of ‘regulatory’ changes act by influencing
AT without necessarily changing the level of expression.

Reports documenting disease associated mutations that occur in frans-acting factors
of the splicing machinery and that result in the aberrant processing of several genes are
less common than those involving cis-acting mutations but a few examples are well
documented. Two forms of the familial disease Retinitis pigmentosa, RP18 and RP13
are caused by mutations in precursor mRNA processing factors 3 and 8 respectively
(OMIM #601414 and #600059). For some diseases associated with aberrant splicing
such as certain cancers, it is often not known whether a cancer-associated AT event
arises because of acquired or inherited mutations in cis-acting transcription regulatory
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motifs or changes in the expression of trans-acting splicing factors. However, in some
cancers such as chronic myeloid leukemia (CML) the evidence for involvement of
splicing factors is becoming more convincing. For example, the Ber-Abl fusion product
of CML has been shown to cause changes in the expression of genes involved in pre-
mRNA splicing resulting in the aberrant splicing of a cascade of other genes which in
turn contributes to pathogenesis (Salesse ef al., 2004). Ber-Abl dependent over-
expression of the splicing gene SR Protein Kinase 1 (SRPK1) was observed in CD34+
blood cells and this over-expression was associated with aberrant splicing of apoptosis
and differentiation genes such as Pyk2, SLP65, BTK and Ikaros. Furthermore, both
the expression of Ber-Abl and the aberrant splicing of Pyk2 were partially reversed by
treatment with the kinase inhibitor STIS71 (Imatinib/Gleevec®). Since these studies,
other cancer causing fusion proteins in leukemia and Ewing Sarcoma have also been
hypothesized to contribute to aberrant splicing by affecting the expression of splicing
factors.

Regardless of whether the effect is via a cis- or trans-acting effect, the general
potential for splice variants to act as diagnostic or prognostic markers or novel
therapeutic targets for complex diseases such as cancer seems promising (Brinkman,
2004). The observation that the genome is capable of producing a dramatic diversity
of products from a relatively small number of loci has already begun to influence
strategies for identifying therapeutic targets. For example, a number of studies have
used bioinformatic approaches to identify cancer-specific splice variants by analyzing
the content of human EST, SAGE and microarray repositories (Hui et al., 2004;
Kirschbaum-Slager et al., 2005; Xu and Lee, 2003; Kirschbaum-Slager ef al., 2004).
Increasing the resolution of gene expression screens for therapeutic targets to profile
individual exons and AT events has the potential to identify previously unobserved
and potentially more definitive events specific to disease states. For example the
application of exon tiling and splicing microarrays or deep sequencing with SBS
platforms to the comparison of normal versus diseased tissues, drug responders versus
non-responders and other relevant comparisons seems certain to yield novel biomarkers
which would have been previously impractical to detect. Since AT can create
functionally significant variants, searching for these variants in target discovery efforts
should result in the identification of distinct protein isoforms associated with disease
which may be more useful targets than proteins that are simply up- or down-regulated
in disease. For example the Bcl-x gene is alternatively spliced to form a long isoform
which is anti-apoptotic (Bcl-x, ) and a short isoform which is pro-apoptotic (Bel-x)
and targeting this locus by inactivating one isoform or simply shifting the ratio of
isoforms has been proposed as a cancer treatment (Mangasarian, 2005). Many targets
may have evaded detection in previous gene-expression studies of disease because of
a technological inability to profile this kind of transcript diversity from each locus.
The identification of targets for the development of small molecule drugs and therapeutic
antibodies (Wiles and Andreassen, 2006) will thus be greatly enhanced by considering
alternate isoforms and their subtle differences in amino acid content. In addition to
the identification of drug targets, AT also has implications for pharmacogenomics
and there is evidence that polymorphisms which alter splicing may underlie differences
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in drug efficacy and toxicity between patients. For example, the most common
polymorphism of CYP2D6, a gene which is responsible for the metabolism of at least
40 drugs, results in the aberrant splicing and production of a non-functional protein
from this gene (Bracco and Kearsey, 2003).

Targeting specific isoforms with small molecule or antibody therapies is a simple
extension of current drug design efforts but targeting the transcriptional machinery
itself has also been proposed as a means of altering gene expression and treating disease.
Proof-of-principle experiments describing the screening of drugs that target splicing
factors such as SR-proteins to inhibit aberrant splicing or produce a desired splicing
outcome have been reported (Yeo, 2005). Antisense oligonucleotide therapies to directly
manipulate the splicing patterns of specific disease genes have also been described
(Wilton and Fletcher, 2005). These molecules can be used to influence splicing in
many ways such as preventing the inclusion of an aberrant exon by masking a cryptic
splice site, or forcing an exon-skipping event to allow nonsense or frameshift mutations
to be by-passed. Current studies have only begun to address the ways in which an
understanding of AT can influence the study of human disease by enhancing the
identification of therapeutic targets, allowing the design of novel types of therapies
and predicting the efficacy and toxicity of drugs for individual patients.

Conclusions and future perspectives

Since the completion of the human genome sequence, a focus of genome research has
been the study of the transcriptome, particularly the identification and annotation of
genes. Efforts to profile the expression of genes across tissues and developmental
stages, identify the regulatory elements which control gene expression and characterize
the genomic variations between individuals which influence these patterns have been
widely reported. The phenomenon of AT described in this chapter dramatically increases
the complexity of the transcriptome and the functional diversity of the proteome and
therefore has profound implications for biology. We have described past and present
methods for studying transcript diversity and highlighted recent advances in sequencing
and microarray technology which will make more detailed analyses of the transcriptome
possible in the future. Specifically, the advent of high-throughput sequence-by-synthesis
approaches and the increased density and reduced cost of microarrays will allow more
comprehensive and quantitative studies to be conducted. These advancements will
also allow current biological challenges to be addressed. For example, understanding
the regulation of AT will require extensive genome-wide analysis of the complex
interplay of hundreds of trans-acting factors as well as the sequence composition and
configuration of the cis-acting regulatory sequences they interact with. Other important
challenges include determining the relevance of AT induced NMD as a means of
globally regulating gene expression; the potential roles of AT in gene evolution; the
functional significance of both conserved and non-conserved AT events; and the amount
of natural variation in AT between individuals. In addition to these broad challenges,
advances in transcriptome profiling will have a positive impact on the identification of
developmental, tissue and disease specific alternative transcripts. The increased
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resolution and sophistication of splicing microarrays and increased sampling depth of
SBS approaches will result in improved disease classification as well as accelerated
identification of novel therapeutic targets and disease markers.
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Plate I. Gene transcription and RNA processing. Expression of a typical protein-coding gene involves:
gene transcription, pre-mRNA processing and polyadenylation. Each of these processes is regulated by
components of the transcription machinery, which recognize sequence motifs in the DNA template
and pre-mRNA molecule. After pre-mRNA processing, the mRNA is exported to the cytoplasm where
ribosomes translate it into protein. Abbreviations: (UTR) untranslated region; (D) donor site;

(A) acceptor site; (SS) splice site; (ESE) exonic splicing enhancer; (ESS) exonic splicing silencer;

(ISE) intronic splicing enhancer; (ISS) intronic splicing silencer.
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Plate I1. Types of alternative transcription (AT). Gene models are depicted as exons (colored rectangles)
connected by introns (black lines). Green arrows indicate transcription initiation sites, dotted lines
indicate splicing patterns and polyadenylation sites are denoted as ‘poly (A). The mRNA products
generated by each type of AT are shown to the right of each gene model. Simple transcription is
contrasted with alternative transcript initiation, the five major classes of alternative splicing,and
alternative polyadenylation.In each model, yellow exons are constitutive and blue exons are
alternative.
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Plate Ill. Sequence-based methods for profiling transcript diversity. Hypothetical transcript sequences
consisting of exons (green rectangles) with intervening introns (black lines) are depicted as gapped
alignments to a reference genome. The following tracks represent sequences generated by each
sequence based method.Human genes have an average of 10 exons with an average length of 250 bp.
The methods are displayed in order of least to most quantitative. Abbreviations: (EST) expressed
sequence tag; (SAGE) serial analysis of gene expression; (CAGE) capped analysis of gene expression;
(GIS) gene identification signature.
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Plate IV. Microarray based methods for profiling transcript diversity. Gene models are depicted as exons
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