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Abstract
Cancer-specific isoforms (CSIs) have been implicated in cancers. The Cancer Genome Atlas (TCGA) is an interface that helps to systematically investigate disease 
linkages of CSIs across multiple tumor types of large sample sizes. We analyzed the RNA-Seq datasets of 12 tumor types across different tissues from TCGA. CSIs 
were identified based on the expression status of a spliced isoform. A total of 693 CSI × tumor-type pairs involving 288 distinct isoforms and 263 distinct genes across 
3935 samples of 12 tumor types were analyzed. Out of the 52 known cancer biomarker CSI genes, 48 are being analyzed in clinical trials. Out of 31 CSIs significantly 
correlated with patient survival time, 18 were from kidney cancer samples. Possible disease linkages in terms of overexpression/amplification ratios of CSI genes were 
observed in 59% of the CSI × tumor-type pairs. CSIs may therefore be more important than expected in the discovery of cancer drug targets. Few exclusively expressed 
CSIs could be targeted with high selectivity and safety such as Survivin-2B in lung or kidney cancers. 

Introduction
Alternative splicing is a regulated process during gene expression 

that increases the diversity of transcriptome and proteome complexity. 
It is regulated by a combination of genetic and epigenetic factors 
such as DNA and histone modifications and mutations within 
transcriptional factor binding site [1]. Changes in alternative splicing 
have been implicated in cancers [1]. Many signaling pathways are 
altered in cancers because of changes in the expression of pathway 
critical gene isoforms. Different isoforms of a gene may demonstrate 
opposing biological activity, such as pro- and anti-apoptotic isoforms 
of caspase 8 (CASP8), tumor suppressors, or oncogenic isoforms of 
Myc [1]. Previous studies have explored profiles of specific isoforms of 
a few cancers from different tissues, including prostate, ovarian, colon, 
bladder, breast, and liver, by using parallel paired-end RNA sequencing 
or exon arrays [2-8]. Cancer-specific isoforms (CSIs) may provide a 
pool of candidates for diagnostic markers and therapeutic targets. 
For example, anti-cancer drugs targeting chronic myeloid leukemia 
(CML) cell-specific breakpoint cluster region-Abelson (BCR-ABL) 
fusion proteins can be specially designed for cancer-specific isoforms 
to minimize toxicity [1]. Moreover, a study by Llpo et al., reported that 
an prostate specific antigen (PSA) isoform, α2,3-sialic acid was useful 
in differentiating aggressive and non-aggressive prostate carcinoma 
and its future implications in translational application in the clinic 
[9]. Further, it is reported that spliced isoforms of known genes such 
as DNAJB6 is Involvement of DNAJB6 is implicated in multiple 
pathologies such as Huntington's disease, Parkinson's diseases, limb-
girdle muscular dystrophy, cardiomyocyte hypertrophy and cancer 
[10]. Wang et al., also reported the role of abnormally expressed micro 
RNAs and certain transcription factors in prognosis and pathogenesis 
of osteosarcoma [11].

The primary aim of this study was to comprehensively explore 
potential disease linkages of CSIs using a publicly available resource. 
Several reasons warrant this study. First, small sample size has been a 
major limitation of previously published CSI studies. Second, biologists 
exploring drug targets need to be aware of the expression profile of 

isoforms in cancer tissues and their possible relevance to a given 
disease or safety concern. To date, there are only a few comprehensive, 
publicly available databases tailored to provide such information. 
Third, previous works have revealed possible mechanisms of disease 
linkages only for a few CSIs. To the best of our knowledge, there is no 
published research systematically exploring disease linkages of spliced 
isoforms across dozens of tumor types of large sample sizes. In this 
study, based on our previous finding [12], we systematically revealed 
splicing signatures from the RNA-Seq datasets of 12 tumor types from 
different tissues from The Cancer Genome Atlas (TCGA). In total, 693 
CSI × tumor-type pairs were chosen across 12 tumor types from 3935 
samples. The potential of disease linkages of CSIs was estimated from 
three different perspectives: known cancer disease biomarkers (37% 
pairs), possible overexpression/amplification biomarkers (59%), and 
possible prognostic biomarkers (4%). Some CSIs could be chosen as 
drug targets when they are exclusively expressed in tumor samples and 
are absent from normal samples. Although it is not a new concept that 
specific spliced isoforms are associated with various cancers and that 
targeting these alterations may be one of the keys to understanding 
cancers, the significant contribution of our work is the inclusion of 
CSI candidates of all genes across samples of many tumor types and 
identification of CSIs that have great potential for cancers.

Materials and methods
Use of publicly available datasets in identifying CSIs

Whole transcriptome sequencing, also known as “RNA-Seq,” 
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captures both coding and non-coding RNA in a biological sample. We 
collected and analyzed data from 3935 RNA-Seq samples. The samples 
span 12 tumor types from TCGA, which has provided a comprehensive 
understanding of cancer genomics from different perspectives. The 
number of samples per tumor type varied between 34 and 849, and 
their RNA-Seq data, copy number variation data, and clinical data. 
The 12 tumor types that were collected from different cancer tissues 
if their RNASeq data of solid tissue normal samples were available: 
Breast (breast carcinoma BRCA), Endocrine (thyroid carcinoma 
THCA), Gastrointestinal (liver hepatocellular carcinoma LIHC), 
Gynecologic (uterine corpus endometrial carcinoma UCEC), Head 
and Neck (head and neck squamous cell carcinoma HNSC), Thoracic 
(lung adenocarcinoma LUAD and lung squamous cell carcinoma 
LUSC) and Urologic (kidney chromophobe KICH, kidney renal cell 
carcinoma KIRC, kidney renal papillary cell carcinoma KIRP, prostate 
adenocarcinoma PRAD, and bladder carcinoma BLCA). 

The study protocol was approved by R&D information China, 
AstraZeneca, and the study was strictly conducted as per STREGA 
guidelines.

Identifying CSIs from RNA-Seq datasets

The method used to identify CSIs from RNA-Seq datasets is 
described in Figure 8A and 8B. The expression status of spliced 
isoforms was determined by the method discussed elsewhere [9]. First, 
the expression status of all the spliced isoforms of a tumor sample 
was determined from their expression values of specific exon sets or 
junction sets. The expression status of all the spliced isoforms of pooled 
solid tissue normal samples was determined in the same manner from 
the averaged expression values of specific exons or junctions. Second, 
CSI candidates of a tumor sample were determined by either of two 
criteria: 1) if an isoform was found to be expressed in a tumor sample 
but absent in the solid tissue normal samples and 2) if an isoform was 
expressed in both a tumor sample and the solid tissue normal samples, 
only if the fold change of averaged expression values of all specific 
exons or junctions of the isoform between the tumor sample and the 
solid tissue samples was greater than five. Third, CSI candidates of 
tumor types were determined. The final set of CSIs included isoforms 
whose occurrence ratios in a tumor type were no less than 5%.

Statistical methods

CSIs that significantly correlated with patient survival time were 
identified by two steps. First, Cox proportional hazards model was 
used, in which each CSI was respectively included and adjusted by 
other clinical parameters, including clinical stage, age and sex, and 
P<0.05 was assumed to be significant. This procedure was performed 
by using the survival package in R (version 3.1) project. Second, the 
following empirical criteria were used to filter data: 1) overall survival 
ratios of the two groups must be no greater than 3% and 2) the sample 
sizes of the two patient groups with or without CSI must be extremely 
unbalanced, and the chosen candidates were further analyzed by 
Kaplan-Meier method. 

Results
Summary of CSIs across TCGA tumor types

A total of 693 CSI × tumor-type pairs across 12 tumor types were 
identified in the present analysis. These 693 pairs involved 288 distinct 
isoforms and 263 distinct genes. The number of isoforms and their 
occurrence ratios per tumor type varied considerably. In terms of CSI 
count per tumor type, some tumor types had about a hundred CSIs 

such as KIRP, LUCS/LUAD, and LIHC. Some tumor types had a sizable 
number of CSIs such as THCA and PRAD. In terms of the occurrence 
ratio in a tumor type, most pairs involved 5%-10% patients; however, 
some tumor types were enriched with CSIs of high occurrence ratio (≥ 
20%) such as LUCS, KIRP, and LUAD (Figure 1). Moreover, 124 CSIs 
were unique to a specific tumor type and 164 CSIs were shared by two 
or more tumor types. CSIs of greater tumor type counts were more 
likely to have high occurrence ratios (Figure 2).

Biological functions of CSIs are explored in terms of the biological 
processes they involve in. As shown Figure 3, CSI genes are mapped 
to 63 Gene Ontology (GO) terms, which mainly belong to “metabolic 
process,” “response to stimulus,” “cell communication,” “cell growth 
& death,” “biosynthetic process,” “transcription,” “transport,” and 
“protein modification [13]. A GO term is scored by the average of 
occurrence ratios of genes mapped to it. Although almost all GO 
terms exist in all the tumor types, scores of GO terms are different 
across tumor types (Figure 3). For example, the scores of GO terms in 
LUSC and KICH or KIRC are always greater than LUAD and KIRP, 
respectively. It means the distribution of occurrence ratios of CSIs 
across tumor types is still uneven even when they are grouped by GO 
terms. The enrichment and clustering analysis of CSI genes by using 
the online tool Database for Annotation, Visualization and Integrated 
Discovery (DAVID) is shown in Supplementary Table file [14]. The top 
clusters with high enrichment scores contain biological processes such 
as cell death and cell cycle.

Known disease biomarkers of CSI genes

We collected all genes categorized by disease biomarkers for 
different tumor types from GVK BIO Online Biomarker Database 
(GOBIOM), a comprehensive biomarker database that gathers 
information from clinical trials, scientific conferences, regulatory-
approved documents, literature databases, and so on.

Of the 263 CSI genes, 52 were found in GOBIOM cancer disease 
biomarkers. In terms of pharmaceutical R&D pipeline phases of 
disease biomarkers, 40 CSI genes are in clinical trials (2 in phase IV, 
8 in phase III, 15 in phase II, and 15 in phase I) and other CSI genes 
are in the preclinical or exploratory phase. A CSI gene involved in 
different GOBIOM diseases may be in different pipeline phases. The 
percentage of CSI genes annotated as cancer disease biomarkers per 
tumor type and functional category varies between 7%-39% and 29%-
50%, respectively.

A gene can be annotated as a disease biomarker for multiple tumor 
types in GOBIOM. The more the GOBIOM tumor types, the more is 
the possibility of CSI genes having strong disease linkages with cancers. 
As shown in Figure 4, there were 31 CSI genes whose numbers of 
GOBIOM tumor types were greater than 1. A CSI gene is annotated 
differently between GOBIOM and TCGA tumor types, and if one of 
the TCGA tumor types of the CSI gene is also found in the GOBIOM 
tumor types, the disease linkage of that CSI gene and the TCGA tumor 
type is classified as “validated.” Of the 52 CSI genes, 22 had “validated” 
disease linkages with some cancers (Figure 4).

The occurrence ratio of CSIs per tumor type and the TCGA 
tumor type count of CSIs are two simple and direct measurements 
for disease linkages of CSIs. With an increase in the occurrence ratio 
of CSIs, the proportion of CSI genes that was annotated as disease 
biomarkers increased. For example, more than half of the CSI genes 
whose occurrence ratios were greater than 50% had evidence of disease 
linkages with some tumor types. The same trend was observed for 
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Figure 1. The density plot of occurrence ratios of cancer specific isoforms across tumor types
The X-axis represents the occurrence ratios of cancer specific isoforms in a tumor type. The Y-axis represents the density of the corresponding occurrence ratios.

Figure 2. The box plot of occurrence ratios of cancer specific isoforms against numbers of tumor types in which cancer specific isoforms exist
The X-axis represents numbers of tumor types in which cancer specific isoforms exist. The Y-axis represents the occurrence ratios of cancer specific isoforms in a tumor type.
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Figure 3. Biological functions of cancer specific isoforms across tumor types. The columns are tumor types
The rows are Gene Ontology terms of genes of cancer specific isoforms. Cell values are the average of occurrence ratios of all the cancer specific isoforms whose corresponding genes are 
mapped to Gene Ontology terms. Different cell value ranges are indicated by different colors.

Figure 4. The existence of CSI genes across GOBIOM tumor types
The color Red indicates the overlap of GOBIOM and TCGA tumor types. The X-axis represents the genes of cancer specific isoforms. The Y-axis represents the number of GOBIOM tumor 
types in which a CSI gene exists.
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the TCGA tumor type count of CSIs. With an increase in the tumor 
type count, the proportion of CSI genes that was annotated as disease 
biomarkers increased. 

Correlations of CSIs with clinical phenotypes

A common strategy for identifying cancer drivers is to associate 
genomic alterations with clinical phenotypes. Some CSIs were 
observed to be significantly correlated with patient survival times. They 
were considered as candidates of prognosis biomarkers and termed 
prognosis CSIs. In total, 31 prognosis CSIs (Figure 5; Supplementary 
Table 2) were involved in different tumor types and biological functional 
categories. Of the 32 prognosis CSIs, 8 were annotated as GOBIOM 
disease biomarkers. According to the hazard ratio calculations taken 
from two groups of patients – those with or without a CSI – prognosis 
CSIs were classified into two groups: poor prognosis biomarkers and 
good prognosis biomarkers.

Most of the poor prognosis CSIs were found to be enriched with 
tumor type KIRC. NM_000238 is the longest isoform of KCNH2 
(Potassium Channel, Voltage Gated Eag Related Subfamily H, Member 
2) that encodes a protein known as Kv11.1 (ether-a-go-go related 
gene/ Herg), the alpha subunit of voltage-gated potassium channels. 
Overexpression of Kv11.1 resulted in poor prognoses of ovarian 
and stomach cancer [15,16]. NM_016592 encodes neuroendocrine 
secretory protein 55 (NESP55), which is expressed in neuroendocrine 
tumors of the pancreas and adrenal glands [17]. It is an isoform of 
GNAS encoding the guanine nucleotide-binding protein (G-protein) 
alpha subunit. GNAS mutations are specific to intraductal papillary 
mucinous neoplasms with a poor prognosis, a subtype of pancreatic 
cystic neoplasm. Another GNAS splice variant may contribute to 
the pathogenesis of estrogen receptor-positive breast cancer, which 
is linked to poor prognosis [18]. NM_004000 encodes the longest 
isoform of chitinase 3-like 2 (CHI3L2). The CHI3L1 and CHI3L2 genes 
of chitinase-like cartilage protein have a high homology of nucleotide 
and amino acid sequences. Either CHI3L1 or CHI3L2 activates the 
PI3K/AKT pathway and a MAP kinase signaling cascade [19-21]. 

Their overexpression was significantly correlated with poor survival in 
glioblastoma [22].

Good prognosis CSIs significantly associated with prolonged 
survival times were found to be distributed across multiple tumor 
types. Although they could probably be true prognosis biomarkers for 
some tumor types, it is difficult to determine if they are also cancer 
drivers. With limited scope of our knowledge, we cite one example to 
show that the class of prognosis CSIs may be of importance in cancer 
research. NM_130439 (MXI1-SRalpha) encodes a splicing isoform of 
gene MXI1 (MAX-interacting protein 1), which is a member of the 
Myc family of transcriptional regulators. The overexpression of MXI1 
was significantly correlated with a better disease-specific survival in 
women with breast cancer in China [23]. MXI1 methylation is one of 
the high-risk biomarkers of medulloblastoma [24]. In addition, MXI1 
overexpression in primary human clear cell kidney cancers reprograms 
cellular energy metabolism and protects cells from c-Myc–dependent 
apoptosis [25,26].

Overexpression and amplification profiles of CSI genes

Because genes necessary for tumorigenesis, proliferation, and 
metastasis are always amplified or overexpressed, DNA amplification 
or gene overexpression can be chosen as a biomarker to estimate the 
linkage potential of the gene to the respective cancer. Of note, genes 
that are both overexpressed and amplified to a high ratio in a tumor 
type usually act as drug targets. We assume that if a gene has a linkage 
with a tumor type, its CSIs may also have the same disease linkages.

The degree of overexpression or amplification ratios of CSI genes 
in a tumor type allows for estimation of the likelihood of CSIs having 
disease linkages with the same tumor types. The overexpression 
ratios of 194 CSI gene × tumor type were greater than 10% (Figure 
6). The density plots of the overexpression ratios of the three classes 
of CSI genes classified by pharmaceutical R&D pipeline phases were 
similar. Moreover, there was no linear relationship between CSI-gene 
overexpression ratios and CSI ratios; that is, genes with small gene-

Figure 5. The prognostic biomarkers of cancer specific isoforms across tumor types.
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Figure 6. The profile of overexpression ratios of genes of cancer specific isoforms (CSI-genes)
 The X-axis represents the occurrence ratios of cancer specific isoforms. The Y-axis represents the overexpression ratios of genes of cancer specific isoforms.

overexpression ratios could have large CSI sample ratios and vice 
versa. Therefore, the expression of CSIs could sometimes be better 
biomarkers than the expression of its genes. For example, NM_000610 
(CD44v6) encoding the longest transcript of CD44 existed in 38% of 
the LUSC samples, but the overexpression ratio of CD44 in LUSC was 
zero. CD44v6 was expressed in lung squamous cell carcinomas and 
significantly correlated with lymph node metastases and tumor size 
[27].

The amplification ratios of 27 CSI genes × tumor types were greater 
than 5%, signifying that the genes of CSIs are less likely to be amplified. 
CSI genes that were both overexpressed and amplified are shown in 
Figure 7. Although only some CSI genes are annotated as GOBIOM 
disease biomarkers, others may also have potential for disease linkages. 
For example, RAB3IP, the human homolog of an interactor of the Ras-
like GTPase Rab3A, was overexpressed and amplified in three cancer 
types: BLCA), LUAD, and head and neck squamous cell carcinoma 
HNSC. In the three cancer types, sample ratios of a splice variant of 
RAB31P, NM_00102467, were 28%, 26%, and 17%, respectively. To 
the best of our knowledge, there has been no link established between 
RAB31P and cancers; however, its interaction protein Rab3A was 
shown to be involved in tumorigenesis [28,29].

Query interface

An interface is offered for querying and downloading all the 
detailed data in this study. It can be used to explore either patient-
level data (specific exon/junctions of genes and their expression values, 
the existence status of isoforms, and so on) or disease-level data (the 
occurrence ratios of CSIs and corresponding gene overexpression/
amplification ratios). The interface is available online at http://dev-rwe.

rwebox.com/TCGA/ (Accessed on June 20, 2016) [30].

Discussion
We analyzed 693 CSI × tumor-type pairs identified from the RNA-

Seq datasets of 12 TCGA tumor types. These pairs were classified 
into three classes. Class I had 255 pairs (37%) whose CSI genes were 
GOBIOM cancer disease biomarkers. Class II had 411 (59%) pairs 
whose CSI genes were either overexpressed or amplified in matched 
tumor types. Class III had 31 pairs (4%) whose CSIs were possible 
prognostic biomarkers. Class IV had 188 pairs (27%) whose disease 
linkages are to be further explored. Of the Class II pairs, 27% were also 
in Class I, signifying the presence of alternative spliced isoforms apart 
from overexpression or amplification, which may be a new mechanism 
by which those genes contribute to cancers. Of the Class III pairs, 58% 
were not found in Class I but were found in Class II, signifying that these 
CSI genes may be novel cancer genes, although this requires further 
confirmation. The only CSI shared by Classes I-III was NM_000135 of 
KIRC, which encodes the longest isoform of FANCA (Fanconi anaemia, 
complementation group A) gene. To the best of our knowledge, there 
is no published research on the linkage of this gene with kidney renal 
cell cancer. Out of the 52 known cancer biomarker CSI genes, 48 have 
already been used in clinical trials; disease linkages of 22 CSI genes with 
matched tumor types were discovered in previous studies. Out of 31 
CSIs significantly correlated with patient survival time, 18 were found 
in kidney cancers. This signifies that few alternative spliced isoforms 
may be key drivers of kidney cancers, especially kidney renal cell 
carcinoma.

Some isoforms are not included in this work for two reasons. First, 
this work was based on known genomic annotation structures and 

http://dev-rwe.rwebox.com/TCGA/
http://dev-rwe.rwebox.com/TCGA/
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therefore few novel isoforms were missed out. Second, we mined CSI 
candidates in terms of a single isoform level. As a result, some well-
known isoform switching events may have been missed because they 
were involved in multiple isoforms. For example, reported tumor-
specific isoforms switch between FGFR2-IIIb (NM_001144919, 
NM_022970) and FGFR2-IIIc (NM_001144915, NM_001144916, 
NM_001144918, NM_000141) of the fibroblast growth factor receptor 
2 (FGFR2) in kidney cancers were not included in this study [31].

Some CSIs may be specifically targeted by compounds, antibodies, 
or siRNA with high selectivity when they meet one or more of the 

following criteria: 1) they are druggable; 2) they are high-expressed 
membrane proteins for antibodies; 3) they are enzymes or kinases for 
compounds; or 4) they are exclusively expressed in tumor samples for 
high efficacy and safety. For example, in our study, NM_001012271 
(Survivin-2B), a splice variant of BIRC5 (Baculoviral IAP Repeat 
Containing 5), was found to be exclusively expressed in tumor samples 
of KIRP, LUAD, and LUSC, with high occurrence ratios of 29%, 19%, 
and 34%, respectively, and not expressed in adjacent solid tissue normal 
samples. A study by Zhang et al. [32], reported that multiple genes 
expression was associated with adverse overall survival and relapse-
free survival (RFS) in non-small cell and small cell lung carcinoma. 

Figure 7. The scatter plot of amplification ratios and overexpression ratios of cancer specific isoform genes (CSI-genes)
 Large dots are CSI genes which have significant amplification and overexpression correlations. 'Known' stands for CSI genes annotated as GOBIOM cancer disease biomarkers.

Figures 8. Pipeline for finding cancer-specific isoforms from RNA-Seq datasets and the CSI functional annotation
(A) Description of the method for finding cancer-specific isoforms from RNA-Seq datasets; (B) The overlapping profile of three classes of CSI × tumor-type pairs. Class I are made up of CSI 
× tumor-type pairs in which CSI genes are GOBIOM disease biomarkers. Class II are made up of CSI × tumor-type pairs in which CSI genes are significantly overexpressed or amplified in 
matched tumor types. Class III is CSI × tumor type pairs in which CSIs may be prognostic biomarkers for the matched tumor types. 
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The anti-apoptotic role of and the high expression of Survivin-2B were 
correlated with a lower survival ratio of patients with acute myeloid 
leukemia (AML) in vitro [33,34]. Targeting Survivin-2B could be an 
effective means for patients with KIRP, LUAD, or LUSC to overcome 
their resistance to standard treatment regimens such as chemotherapy. 
The drug potential and possible disease linkages of other CSI candidates 
warrant investigation and validation by oncology researchers. 
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