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Abstract

Alternative splicing is an important regulatory mechanism that generates multiple mRNA tran-
scripts which are transcribed into functionally diverse proteins. According to the current studies,
aberrant transcripts due to splicing mutations are known to cause for 15% of genetic diseases.
Therefore understanding regulatory mechanism of alternative splicing is essential for identifying
potential biomarkers for several types of human diseases. Most recently, advent of GeneChip r


Human Exon 1.0 ST Array enables us to measure genome-wide expression pro�les of over one mil-
lion exons. With this new microarray platform, analysis of functional gene expressions could be
extended to detect not only di�erentially expressed genes, but also a set of speci�c-splicing events
that are di�erentially observed between one or more experimental conditions, e.g. tumor or normal
control cells. In this study, we address the statistical problems to identify di�erentially observed
splicing variations from exon expression pro�les. The proposed method is organized according to
the following process: (1) Data preprocessing for removing systematic biases from the probe in-
tensities. (2) Whole transcript analysis with the analysis of variance (ANOVA) to identify a set of
loci that cause the alternative splicing-related to a certain disease. We test the proposed statistical
approach on exon expression pro�les of colorectal carcinoma. The applicability is veri�ed and dis-
cussed in relation to the existing biological knowledge. This paper intends to highlight the potential
role of statistical analysis of all exon microarray data. Our work is an important �rst step toward
development of more advanced statistical technology. Supplementary information and materials
are available from http://bonsai.ims.u-tokyo.ac.jp/~yoshidar/IBSB2006_ExonArray.htm.

Keywords: human exon microarray data, alternative splicing, analysis of variance, colon cancer, Wnt
signaling pathway

1 Introduction

Alternative splicing is known as an important regulatory mechanism in which multiple mRNA tran-
scripts are generated from a single gene. The current studies suggested that 30-60% of eukaryotic
genes have multiple splice variants [2, 6]. After a gene is transcribed into pre-mRNA, the introns are
removed from the transcript isoform and the exons are joined by the spliceosome. During this reaction,
a set of exons may be included in one version of mRNA, and skipped in another. The presence of
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transcriptional isoforms can alter the protein products which may be associated with the manifesta-
tion of cancer and other genetic diseases. For instance, aberrant transcripts due to splicing mutations
are known causes for 15% of genetic disease [12]. Therefore, understanding regulatory mechanism of
alternative splicing is one challenging task to identify potential biomarkers for several types of human
diseases.

Recent advent of human exon microarray technology, e.g. GeneChip r
 Human Exon 1.0 ST Array,
enables us to collect genome-wide expression pro�les of over one million human exons. By such a
technological innovation, analysis of functional gene regulations could be extended to detect not only
changes in the overall gene expression values, but also changes in the splicing variations across di�erent
cell classes. In our opinion, the whole transcript analysis with exon expression pro�les will plays a key
role to clarify mechanism of functional splicing regulations. At the same time, a rapid development of
statistical technologies to analyze all exon microarray data must become one of the most signi�cant
tasks to be addressed in bioinformatics.

In this study, we aim to identify mis-spliced gene loci linkage to a certain disease with the
GeneChip r
 Human Exon 1.0 ST Array. This is an essential step toward understanding the functional
regulation of alternative splicing and also the the genome-wide discovery of the potential biomarkers
at the exon level. The proposed method is organized according to the following process: (1) Data nor-
malization; In the expression pro�les collected by GeneChip exon microarrays, some systematic biases
are mixed into the observed expression values. In particular, an upward bias of the probe intensities
due to the GC-contents causes a critical issue in the data analysis and removing it from the down-
stream analysis is necessary. (2) Outlier detection; In this microarray system, each exon is spanned by
a small set of probes to quantify the exon speci�c signal intensity. Typically, the number of probes is
ranging from 4 to 20 per an exonic region. If we estimate the exon speci�c signal based on such a small
set of probe intensities, inclusion of the abnormal probe intensities in the downstream analysis often
causes indispensable false discoveries of the speci�c splice variations. (3) Whole transcripts analysis
with the analysis of variance (ANOVA); During this process, a set of speci�c splice variations that are
present in a particular cell but absent in the normal control are identi�ed. At this step the method
automatically decomposes response of the probe intensities to a target disease into three orthogonal
e�ects, i.e. e�ect of alternative splicing shared by normal and tumor cells, di�erence in the overall
gene expression level between the di�erent cell types, and e�ect of speci�c splice variations.

We tested the proposed approach with the application to exon expression pro�les of colorectal
carcinoma. The dataset was originally distributed by the A�ymetrix to the third party developers of
exon array data analysis technology. The method was able to detect a wide variety of tumor-speci�c
transcriptional isoforms. Some of them are veri�ed in relation to the existing biological knowledge, for
example, some known biomarkers of colon cancer and publicly available database of alternative splicing,
such as AltSplice database [16]. As a pioneer work, this paper intends to highlight the potential role of
statistical analysis of all exon microarray data and indicates some promising directions toward whole
genome study of alternative splicing. Our work is an important �rst step toward development of more
advanced statistical technology. Supplementary information and materials are available from [17].

2 Material and Methods

2.1 Probe Design

On the GeneChip r
 Human Exon 1.0 ST Array, a huge amount of probes, more than 5.5 millions, is
tiled to monitor the expression pro�les of over one million exons. Along with this new technology, we
aim to clarify gene expression program of cells at the exon level, in particular, regulatory mechanism
of alternative splicing, e.g. exon skipping, intron retention, mutually exclusive exon usage, alternative
promoter usage, alternative polyadenylation, and so on.

The GeneChip r
 Human Exon 1.0 ST array employs a comprehensive probe design strategy and
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supports most exonic regions for both well-annotated human genes and abundant novel transcripts. A
total of over one million exonic regions is registered in this microarray system. The probe sequences
are designed based on two kinds of genomic sources, i.e. cDNA-based content which includes the
human RefSeq mRNAs, GenBank and ESTs from dbEST, and the gene structure sequences which
are predicted by GENSCAN, TWINSCAN, Ensemble and so on. The majority of the probe sets
are composed of four perfect match (PM) probes of length 25 bp, whereas the number of probes
for about 10 percent of the exon probe sets is limited in less than four due to the length of probe
selection region and sequence constraints. With this microarray platform, no mismatch (MM) probes
are available to perform data normalization, for example, background correction of the monitored
probe intensities. Instead of the MM probes, we can infer and remove the existing systematic biases
based on the observed intensities of the background probes (BGP) which are pre-designed by the
A�ymetrix. The BGPs are composed of the genomic and the antigenomic ones. The genomic BGPs
were selected from a research prototype human exon array design based on NCBI build 31. The
antigenomic background probe sequences are derived based on reference sequences that are not found
in the human (NCBI build 34), mouse (NCBI build 32), or rat (HGSC build 3.1) genomes. For
more details about the BGP design, see the A�ymetrix's data sheet http://www.affymetrix.com/
support/technical/datasheets/exon_arraydesign_datasheet.pdf.

In the GeneChip r
 Human Exon 1.0 ST array, the transcript cluster ID is assigned to each locus
on entire human genome. Furthermore, in order to quantify exon speci�c signal intensity, each exon is
spanned by a number of probe set where each probe set contains about four probes. After a hybridiza-
tion of the target cells, the expression value of each exon is predicted based on the corresponding
probe intensities. According to the observed pattern of the probe intensities in a particular locus, one
can predict the splicing isoform (see Figure 1).

Gene locus AGene locus A Gene locus BGene locus B Gene locus CGene locus C

ExonExon 1 ExonExon 3IntronIntron ExonExon 2 IntronIntron

probe set ID

transcript cluster ID

ExonExon 1 ExonExon 2 ExonExon 3
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mRNA 

transcripts 
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Figure 1: GeneChip r
 Human Exon 1.0 ST microarray system. In this microarray, a locus ID which
is referred to as the transcript cluster ID is assigned to each locus on the human genome. To estimate
the exon speci�c-expression values, each exon is spanned by a number of probe set where each set
typically contains four probes. The exon cluster ID and the probe set ID are also assigned to each
exonic region and the probe set. After in situ hybridization of the target cells, the expression value of
each exon is estimated based on the observed probe intensities. According to the observed pattern of
the probe intensities in a particular locus, one can predict what splice variations occurs in the cells.
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2.2 Tissue Samples

We discuss the potential applicability of the GeneChip r
 Human Exon ST 1.0 Array along with analysis
of early access single-stranded WTA colon cancer dataset which is now publicly available from http://

www.affymetrix.com/support/technical/sample_data/exon_array_data.affx. This dataset is
originally generated for third party software developers. Total RNA obtained from colon cancer
tumors is compared against their corresponding adjacent normal tissue. There are 10 colon cancer
tumor/normal pairs that were isolated from 10 di�erent individuals. Therefore, a total of 20 samples is
prepared with no technical replicates. For more details of the sample information, see Supplementary
Table S1 of [17].

2.3 Data Preprocessing

One of the most critical issues in design of the statistical analysis is the way GC content-speci�c biases
are handled. What is shown in Supplementary Figure S1 [17] is boxplots of the logged-probe intensities
of 3-2T.CEL (tumor cells of patient No 3) across the GC bins which are ranging from 3 to 25. From
these plots, we observed the following facts: (1) The median intensities increase exponentially as the
corresponding GC bins tend to be large. (2) The range of the two quartile points become large as the
GC contents increase. Such a upward bias due to the high GC contents is caused by the higher a�nity
of GC-rich probes than AT-rich probes and should be removed from the downstream data analysis to
avoid crucial false discoveries.

The A�ymetrix's white paper [14] suggests the background estimation by using median of the
logarithmic intensities of BGPs with same GC-content, i.e. log(Raw Intensity)� log(BGP), based on
the controlled experiments. Following this guide, we also applied a background correction method
that uses the antigenomic BGPs to estimate the GC-content-dependent background intensities. The
left and the right panel in Supplementary Figure S2 [17] shows the upward trend of the antigenomic
BGP intensities across the GC-contents and the background corrected intensities, respectively. For
the GC-rich probes, for example, more than 20 bin, the upward bias of the background corrected
probe intensities still remained as shown in the right panel in Supplementary Figure S2. Notice that
for the median values of the antigenomic BGPs, the upward trend is not clear for the GC-rich probes,
e.g. across 23 to more (the left panel in Supplementary Figure S2). This implies that ability of the
antigenomic probe with high GC contents is less accurate in the estimation of GC-content-dependent
bias and also the background intensities. Such an inaccurate estimation is possibly associated with
either small sample size of antigenomic BGPs for the high GC bins and the extremely high a�nity
of GC rich probes which may lead to a large amount of the cross-hybridizations. For example, the
number of antigenomic BGPs with GC-content 24 is 268 which is equal to only 27% of that with
GC-content 14.

Such an unreliable GC-rich probe intensities largely a�ects the downstream data analysis and
sometimes cause a large number of false discoveries, particularly, when we analyze a locus which is
composed of a small number of exonic regions. That is, the estimated exon expression value is usually
biased by presence of outlier probe intensities due to inclusion of such an unreliable probes because
in this microarray the number of probes which interrogate an exonic region is fairly small. Therefore,
in this study, to achieve a conservative scheme to discovery of speci�c-splicing events, we decided to
exclude the GC-rich probes more than 21 from the following whole transcript analysis.
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Figure 2: Schematic for the identi�cation of the tumor-speci�c biomarker splice variations from exon
expression pro�les of normal and tumor cells which are isolated from one individual. With the observed
intensities of the tiled probes, one can estimate the expression values of whole human exons. Based on
the expression patterns of exons in a particular locus, we predict the transcriptional isoforms which are
generated during the alternative splicing. Problem of detecting the speci�c-splicing events amounts
to �nding loci that exhibit di�erentially expressed exons between normal and tumor cells.

2.4 Whole Transcript Analysis with Analysis of Variance

Suppose that a pair of normal and tumor cells which are isolated from an individual have been pro�led
by the two microarray experiments. Here, a target gene locus is assumed to be composed of m exons.
Let xijk be a background corrected probe intensity which corresponds to the ith exon (i = 1; � � � ;m)
and the kth probes (k = 1; � � � ; ni) for the normal j = 1 and tumor cell j = 2, respectively. Then, the
task to be addressed is to deduce what splicing process functions in a locus from the observed probe
intensities xijk, i = 1; � � � ;m, j = 1; 2 and k = 1; � � � ; ni.

With regard to detection of spliced gene loci speci�c to tumor cell, the problem amount to �nding
a set of loci that exhibit the di�erentially expressed exonic regions across the cell types (Figure 2).
To this end we apply the classical ANOVA method which is based on a simple �xed e�ects model as
follows:

xijk = �+ �i + �j + 
ij + "ijk

The � represents an overall mean of the probe intensities. The parameters �i, i = 1; � � � ;m respond
to changes in the baseline intensities for the m exonic regions. The estimated �is are expected to take
one or more di�erent values respond to presence of splice variations shared between the both tissue
type. The parameters �j , j = 1; 2, correspond to di�erences in the overall means between normal
and tumor cells. The estimated �js take di�erent values respond to changes in the gene expression
level across the cell types. The parameter 
ijs represent interaction e�ect for each combination of the
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m exons and two cell categories. It is likely that at least one value in the estimated 
ijs is di�erent
with each other if the alternative splicing is present in a particular cell, but absent in the other. The
estimation of the interaction parameters captures the e�ect of tumor-speci�c alternative splicing. The
mechanism of the �xed e�ects model is summarized in Figure 3.

Estimation of �i, �j and 
ij amounts to decomposing the probe responses into three orthogonal
e�ects, i.e. exon e�ect, overall gene e�ect and e�ect of speci�c-splicing event. To assess the signi�cance
of each e�ect with the observed intensities, we proceed to the following statistical testing:

Test 1 (Exon e�ect);

H0 : �i = �j for any i 6= j

H1 : �i 6= �j for at least one pair of fi 6= jg

Test 2 (Overall gene e�ect);

H0 : �1 = �2

H1 : �1 6= �2

Test 3 (E�ect of speci�c alternative splicing);

H0 : 
ij = 
hk for any fi; jg 6= fh; kg

H1 : 
ij 6= 
hk for at least one pair of fi; jg and fh; kg

Rejection of the null hypothesis that all interaction terms are equal suggests that any splicing events
associated with cancer manifestation are likely to occur during the regulation process at the locus.
After repeating the ANOVA for the entire loci which are featured by the human exon microarray, one
can assess signi�cance for presence of speci�c-splicing event for the over 300,000 transcripts clusters
and then assign the p-values of the null hypothesis in Test 3 for each locus.
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Figure 3: Mechanism of the �xed e�ects model. The model parameters �i, �j and 
ij respond to
alternative splicing common to normal and tumor cells, overall di�erence in the gene expression level
and speci�c-splicing variations. For example, at least one parameter in �i, i = 1; � � � ;m, or in �j ,
j = 1; 2, takes a value di�erent from the others, respond to the alternative splicing shared between
both normal and tumor or overall di�erence in the gene expression levels, respectively. In addition,
at least one 
ij , i = 1; � � � ;m and j = 1; 2, is di�erent with the others if a splice variation is present in
a cell, but absent in the other.
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3 Results

3.1 Detection of Colon Cancer-Speci�c Splice Variations

We �rst demonstrate the potential of the proposed method with the application to exon expression
pro�les of an individual (patient No 2, i.e. 3-2T.CEL and 4-2N.CEL, in Supplementary Table S1).
The results of ANOVA, which include the computed p-values for the signi�cance of alternative splicing
shared between normal and tumor cells, entire di�erence of gene expression levels and tumor-speci�c
splice variations, are available from the supplementary website [17]. The overall probes (more than
�ve millions) tiled on the GeneChip r
 Human Exon 1.0 ST Array are used in this analysis. Among
total 300,000 transcript clusters, the 3016 and 1470 gene loci were identi�ed as to generate the tumor-
speci�c splice variants by choosing 5% or 1% signi�cant level, respectively. Note that because we
repeatedly use F-test for the transcript clusters, the method involves multiple comparisons, and the
p-values should be interpreted accordingly. In order to correct the biased false positive rates, instead
we possibly choose a somewhat more stringent p-value threshold. Hence, as a guide, we compute the
q-value [8] that is an estimate of the false discovery rate in the identi�ed signi�cant loci. The technical
details and the computed q-values are available from [17].

Table 1 shows a part of the signi�cant genes which attained the smallest 20 p-values for the
interaction parameters 
ij . The most relevant gene was LAMA3 which codes homo sapiens lamini
alpha 3 (RefSeq ID: NM198129). Laminins are basement membrane components thought to mediate
the attachment, migration and organization of cells into tissues during embryonic development by
interacting with other extracellular matrix components. The protein encoded by this gene is the alpha-
3 chain of laminin 5, which is a complex glycoprotein composed of three subunits (alpha, beta, and
gamma). Laminin 5 is thought to be involved in cell adhesion, signal transduction and di�erentiation
of keratinocytes.

The alternatively spliced transcriptional variants encoding the multiple isoforms have been iden-
ti�ed. For example, in AltSplice database [16] (European Bioinformatics Institute), the �ve splice
variants of LAMA3 are registered (AltSplice-Human: Entry ENSG00000053747). These splice vari-
ants, i.e. sp1, sp2, sp3, sp4 and sp5, are displayed in the left panel of Figure 4 with the observed
patterns of the probe intensities over the normal and tumor cells in the right panel. The patterns of
the observed probe intensities suggest that a splice variation is speci�c to tumor cell, particularly, in
tumor cell, the exonic regions around in chr18:19705029-19786890(+) are highly expressed than those
in normal control cell. In the left panel of Figure 4, we also show a prediction of the splicing form
speci�c to the tumor cell where the signi�cantly expressed exonic regions are identi�ed by repeatedly
applying the t-test with the null hypothesis that average value of the probe intensities in an exonic
region is identical to zero. This observation implies that the observed expression pattern of LAMA3
in the tumor cell approximately corresponds to the known transcriptional variant sp3 or sp4.

We next focused on LGR5 (GPR49) which codes leucine-rich repeat-containing G protein-coupled
receptor 5. Figure 5 displays three splice variants registered in the AltSplice database and the observed
probe intensities which predict the splice variation speci�c to the tumor cell and the form of the splice
variant as shown in the left panel. LGR5 is a member of the glycoprotein hormone receptor subfamily,
which includes the thyroid-stimulating hormone receptor (TSHR), follicle-stimulating hormone recep-
tor (FSHR), and luteinizing hormone receptor (LHR). According to [13], overexpression of LGR5 was
frequently observed in HCC (hepatocellular carcinoma) with mutation in �-catenin exon 3 (14 of 16
cases, 87.5%). Moreover, introduction of mutant �-catenin into mouse hepatocytes in culture caused
up-regulation of the LGR5 mouse homologue. Due the observed facts, they concluded that LGR5 is
a target gene activated by Wnt-signaling. Wnt signaling is known to trigger the destabilization of
free cytoplasmic �-catenin. In addition, the �-catenin is involved in both cadherin-mediated cell-cell
adhesion. Recently it has been established that aberrant activation of �-catenin contributes to the
onset of a variety of tumors, particularly, colorectal carcinoma [1, 7]. Next, we discuss the identi�ed
genes with the signi�cant speci�c splice variations in relation to the Wnt signaling pathways.
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Table 1: Identi�ed genes with statistical evidence of the speci�c splice variations. The 20 genes listed
here were the most signi�cant genes in which the p-values and the q-values are denoted in the third
column. The �rst column denotes the transcript cluster IDs to which the GeneChip Human 1.0 ST
array speci�es. The gene descriptions correspond to RefSeq annotations.

Gene ID Gene symbol p-value (q-value) Description

3781794 LAMA3 2:10� 10�49(3:24� 10�45) Homo sapiens laminin, alpha 3 (LAMA3), transcript variant 1 and 2, mRNA
3584443 SNRPNH 5:38� 10�34(4:99� 10�30) Homo sapiens small nuclear ribonucleoprotein polypeptide N (SNRPN), transcript variant 2, mRNA
3422144 LGR5 3:75� 10�29(2:32� 10�25) Homo sapiens leucine-rich repeat-containing G protein-coupled receptor 5 (LGR5), mRNA
3988165 SLC6A14 1:15� 10�27(5:32� 10�24) Homo sapiens solute carrier family 6 (amino acid transporter), member 14 (SLC6A14), mRNA.
2611848 SLC6A6 4:04� 10�27(1:50� 10�23) Homo sapiens solute carrier family 6 (neurotransmitter transporter, taurine), member 6 (SLC6A6), mRNA
3514879 THSD1 6:34� 10�27(1:96� 10�23) Homo sapiens thrombospondin, type I, domain containing 1 (THSD1), transcript variant 2, mRNA.
3786868 SLC14A1 2:41� 10�26(6:40� 10�23) Homo sapiens solute carrier family 14 (urea transporter), member 1 (Kidd blood group) (SLC14A1), mRNA
3494137 LMO7 1:28� 10�25(2:97� 10�22) Homo sapiens LIM domain 7 (LMO7), mRNA.
2985781 THBS2 2:29� 10�23(4:73� 10�20) Homo sapiens thrombospondin 2 (THBS2), mRNA
3604147 KIAA1199 3:87� 10�21(7:18� 10�18) Homo sapiens KIAA1199 (KIAA1199), mRNA
3911217 TMEPAI 1:06� 10�20(1:78� 10�17) Homo sapiens transmembrane, prostate androgen induced RNA (TMEPAI), transcript variant 1,2,3,4, mRNA
3299585 LIPA 3:35� 10�20(5:19� 10�17) Homo sapiens lipase A, lysosomal acid, cholesterol esterase (Wolman disease) (LIPA), mRNA
3508330 HSPH1 1:69� 10�19(2:41� 10�16) Homo sapiens heat shock 105kDa/110kDa protein 1 (HSPH1), mRNA
2809245 ITGA2 2:21� 10�19(2:94� 10�16) Homo sapiens integrin, alpha 2 (CD49B, alpha 2 subunit of VLA-2 receptor) (ITGA2), mRNA
3581637 1:67� 10�18(2:07� 10�15)
2818517 CSPG2 9:20� 10�17(1:07� 10�13) Homo sapiens chondroitin sulfate proteoglycan 2 (versican) (CSPG2), mRNA
2382781 SPR9,EPHX1 5:06� 10�14(5:53� 10�11) Homo sapiens signal recognition particle 9kDa (SRP9), mRNA.

Homo sapiens epoxide hydrolase 1, microsomal (xenobiotic) (EPHX1), mRNA.
2409104 SLC2A1 5:09� 10�14(5:25� 10�11) Homo sapiens solute carrier family 2 (facilitated glucose transporter), member 1 (SLC2A1), mRNA
3462816 PHLDA1 5:86� 10�14(5:72� 10�11) Homo sapiens pleckstrin homology-like domain, family A, member 1 (PHLDA1), mRNA.
3867629 2:62� 10�13(2:43� 10�10) cdna:Genscan chromosome:NCBI35:19:54242724:54253836:-1
3479935 FAM58A 3:04� 10�13(2:69� 10�10) Homo sapiens family with sequence similarity 58, member A (FAM58A), mRNA.
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Figure 4: The splice variations of LAMA3 (left) and patterns of the observed probe intensities across
normal and tumor cells (right). In the left panel, the �ve splice variants registered at the current
AltSplice database, i.e. sp1, sp2, sp3, sp4 and sp5, are displayed. In addition to these, the predicted
splicing form from the observed probe intensities and the exonic regions which are designed by this
exon array system are also shown in the left panel.
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Figure 5: The splice variations of LGR5 (left) and patterns of the observed probe intensities across
normal and tumor cells (right). In the left panel, the three splice variants registered at the current
AltSplice database, i.e. sp1, sp2 and sp3, are displayed. In addition to these, the predicted splicing
form from the observed probe intensities and the exonic regions which are designed by this exon array
system are also shown in the left panel.

3.2 Splice Variations in Wnt Signaling Pathways

There are several excellent reviews on Wnt signaling and colon cancer [1, 7]. Adenomatous polypo-
sis coli (APC), glycogen synthase kinase GSK-3�, Axin, and the transcriptional cofactor �-catenin
play a central role in this pathway. �-catenin is known to code cadherin-associated protein, beta1
(CTNNB1) and to be stabilized and translocates to the nucleus to bind members of the T-cell fac-
tor (Tcf)/lymphoidenhancing factor (LEF) family of transcription factors and induce target gene
expression. The downstream targets of the canonical Wnt signaling pathway comprise several genes
important for cellular proliferation underscoring the importance of Wnt signaling in the development
of cancers, e.g. c-myc, c-Jun, c-Fos, CLDN1, cyclin D1 (CCND1), MMP3, and so on. Figure 6 shows
summary of the Wnt signaling pathways. The identi�ed genes with evidence of the speci�c splice
variations are depicted by grey circles. For example. the TRANSPATH [10] suggests that Wnt sig-
naling target genes, c-Jun and c-Fos, are known to regulate MET which had a speci�c splice variation
with the signi�cant p-value 1:34� 10�6 and codes met proto-oncogene (hepatocyte growth factor re-
ceptor). Either signi�cant genes CLDN1 and CDH11 (cadherin) encode the transmembrane-spanning
proteins to produce cell adhesion molecules. In this pathway, much more signi�cant splice variations
were observed, for example, c-myc MMP3, MMP12, CDCA7, MAT2A, ETS2. Moreover, at the gene
level, APC (adenomatosis polyposis coli) and �-catenin were judged to be di�erentially expressed
genes between normal and tumor cell with the p-values of the overall gene e�ect �j , 3:03 � 10�46

and 5:72 � 10�20, respectively. In the Wnt pathways, the APC protein normally binds to �-catenin
in the cytoplasm. This binding leads to a rapid degradation of free �-catenin. On the other hand,
inactivation of the APC gene triggers a reduced degradation of �-catenin. This results in an aberrant
accumulation of �-catenin in nucleus and the accumulated �-catenin binds to a transcription factor
TCF/LEF acting Wnt target genes. In this experiments, we observed that the expression of APC
was present in the normal, but absent in the tumor. On the contrary, �-catenin was highly expressed
speci�cally in the tumor cell. This observations are consistent to the above mentioned gene regulatory
mechanism.
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Figure 6: Summary of speci�c splice variations in the Wnt signaling pathways. The downstream tar-
gets of the canonical Wnt signaling pathway comprise several genes important for cellular proliferation
underscoring the importance of Wnt signaling in the development of cancers, e.g. c-myc, c-Jun, c-Fos,
CLDN1, cyclin D1 (CCND1), MMP3, and so on. The identi�ed genes with evidence of the speci�c
splice variations are depicted by grey circles.

4 Discussion

Advent of GeneChip Human Exon ST Array will open up a way to whole genome analysis of functional
regulation of alternative splicing. We discussed the potential of this microarray platform along with
the statistical analysis to discover splicing variations which possibly cause or are caused by colon
cancer manifestation. To our knowledge, this work is �rst as whole-genome statistical analysis of exon
expression pro�les with this new data production. The ANOVA method automatically identi�ed more
than 3000 loci with evidence of the tumor related splice variations. We then elucidated link between
some identi�ed splice variations and the existing biological knowledge. Some observed splicing patterns
captured by the proposed method were highly consistent to the transcriptional isoforms which are
registered in the AltSplice database. Moreover we also performed a pathway level analysis in order
to relate the splicing variations to the aberrant accumulation of free �-catenin in the Wnt signaling
pathways which are known to a�ect the manifestation of colorectal carcinoma. These results are
su�cient to highlight the potential power of the statistical analysis of exon expression pro�les.

In order to analyze the custom-made exon microarray data, a variety of computational approaches
has been proposed with the successful applications. For example, Wang et al. [11] presented a struc-
tural modeling to quantify the relative abundance of known splice variants with the custom designed
A�ymetrix exon microarrays for 21 well-documented genes. Unfortunately, applicability of this ap-
proach is highly limited because the users are required to pre-specify forms of the transcriptional
isoforms. Cline et al. [2] recently used classical analysis of variance (ANOVA) to identify tissue-
speci�c splice variants from the observed exon expression pro�les of mouse genes. Use of ANOVA is
a promising approach to detect speci�c splice patterns that are di�erentially observed between one or
more exon expression pro�les. Indeed, most existing studies which intended to analyze exon expression
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pro�les have designed their data analysis methods based on the ANOVA, for example, [12, 15]. In this
paper, following this direction, we also exploit the statistical method within the framework of ANOVA.
However, it should be stressed that, in analysis of human diseases, it is necessity to handle issue of
individual speci�city, e.g. gender, age, SNPs and so on, which have some impact on regulatory mech-
anism of alternative splicing. For example, the current studies of oncogenesis reported that colonic
tumors have a female predominance, indeed, some genes are known to signi�cantly over-express in
specimens from male compared with female colon cancer patients [4]. Moreover, another non-speci�c
factors, e.g. age and degree of tumor di�erentiation is likely to in
uence splicing variation in any way.

Our ultimate goal is to discover \universal biomarkers", i.e. mis-spliced gene loci common to all in-
dividuals with a particular disease. One intuitive direction toward the discovery of universal biomarker
is to identify loci to which the su�ciently small p-values are assigned across the entire patients. As an
illustration, we applied the method of ANOVA to LGR5 (TCID:3422144) and TDGF1 (TCID:2620937)
for each of the 10 colon cancer patients. Then, the computed p-values for the speci�c splicing variations
of the 10 individuals were given by (2:904�10�2; 3:751�10�29; 3:044�10�7; 1:161�10�3; 0:9957; 4:095�
10�22; 1:0242 � 10�23; 1:344 � 10�17; 1:874 � 10�11; 0:999) and (0:9873; 0:9326; 5:419 � 10�4; 1:656 �
10�5; 0:6622; 8:0286� 10�6; 0:9836; 2:2921� 10�3; 3:5919� 10�3; 0:84572) for LGR5 and TDGH1, re-
spectively. Whereas for the LGR5 the assigned p-values were small across the most individuals, those
of the TDGH1 vary over the individuals, particularly, more than 50% scores are assigned to the patient
No 1, No 2, No 5, No 7 and No 10, respectively. Indeed, as shown in Supplementary Figure S3 and S4,
the observed splice patterns are almost same over the entire experiments for LGR5, but di�er from
each other for TDGH. The latter patterns of probe intensities are possibly a�ected by the non-speci�c
splicing factors. We conclude that removal of such non-speci�c splicing factors is a key for success in
selecting a set of biomarkers for several types of human diseases. One intuitive direction to solve such
a problem is to identify a set of genes which have small p-values across all of the collected patients.
Following this, we will exploit a statistical technology in the future work.
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