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Introduction: Alternative RNA splicing is a critical regulatory mechanism during 

tumorigenesis. However, previous oncological studies mainly focused on the splicing of 

individual genes. Whether and how transcript isoforms are coordinated to affect cellular 

functions remain underexplored. Also of great interest is how the splicing regulome cooperates 

with the transcription regulome to facilitate tumorigenesis. The answers to these questions are 

of fundamental importance to cancer biology.

Results: Here, we report a comparative study between the transcript-based network (TN) and 

the gene-based network (GN) derived from the transcriptomes of paired tumor–normal tissues 

from 77 lung adenocarcinoma patients. We demonstrate that the two networks differ signifi-

cantly from each other in terms of patient clustering and the number and functions of network 

modules. Interestingly, the majority (89.5%) of multi-transcript genes have their transcript 

isoforms distributed in at least two TN modules, suggesting regulatory and functional diver-

gences between transcript isoforms. Furthermore, TN and GN modules share only ~50%–60% 

of their biological functions. TN thus appears to constitute a regulatory layer separate from 

GN. Nevertheless, our results indicate that functional convergence and divergence both occur 

between TN and GN, implying complex interactions between the two regulatory layers. Finally, 

we report that the expression profiles of module members in both TN and GN shift dramatically 

yet concordantly during tumorigenesis. The mechanisms underlying this coordinated shifting 

remain unclear yet are worth further explorations.

Conclusion: We show that in lung adenocarcinoma, transcript isoforms per se are coordinately 

regulated to conduct biological functions not conveyed by the network of genes. However, the 

two networks may interact closely with each other by sharing the same or related biological 

functions. Unraveling the effects and mechanisms of such interactions will significantly advance 

our understanding of this deadly disease.

Keywords: lung adenocarcinoma, transcriptome analysis, gene network, module, alternative 

splicing, transcriptional regulation

Introduction
The human genome contains tens of thousands of genes. The large number of 

genes suggests sophisticated gene–gene interactions and high levels of regulatory 

coordination. Indeed, the dynamics of the human gene network has been suggested 

to reflect cellular processes and disease status.1,2 In a gene network, individual genes 

frequently form densely connected “modules”, which have been reported to signify 

functional associations and regulatory relatedness.1,3,4 Gene networks can convey rich 

information regarding abnormalities as well as normal cellular functions. Accordingly, 

network analysis has been widely applied in oncological studies.5–7
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The vast majority of network studies have been focused 

on the gene level. However, 90% of human genes are 

known to be alternatively spliced, generating multiple 

transcript/protein isoforms of similar or distinct functions.8 

At least 5% of human genes can produce protein isoforms 

that conduct different biological functions.9,10 Furthermore, 

individual transcript isoforms have been proposed to 

constitute a critical layer in the human regulome separate 

from the transcriptional regulations of complete genes.11 

Gene-centered network analyses lack such transcript-level 

resolution, and thus may miss clues important for molecular 

pathogenesis.

Alternative splicing is strictly regulated both spatially and 

temporally. Dysregulation of alternative splicing is closely 

related to a variety of human diseases.12–14 Importantly, the 

abnormalities in alternative splicing have been suggested to 

contribute significantly to tumorigenesis.7,14 While this issue 

has attracted increasing attention, the effects and mechanisms 

of splicing dysregulation in tumorigenesis remain largely 

unclear.15 Furthermore, most of the previous studies on 

alternative splicing have been directed to a limited number 

of cancer-related genes16,17 or the functional implications of 

individual transcript isoforms.15 Transcriptome-scale net-

work analyses have remained scarce. Given the functional 

divergences between transcript isoforms, transcript-based 

and gene-based networks (designated as “TN” and “GN”, 

respectively) are expected to differ considerably from each 

other in function, regulation, and biological significance 

in tumorigenesis. By comparing the networks at these two 

molecular levels (gene and transcript) in tumor and normal 

tissues, we may be able to not only delineate the splicing reg-

ulome but also explore the regulatory associations between 

splicing and transcription during tumorigenesis.

Here, we report a comparative study between GN and 

TN in paired tumor–normal tissues derived from 77 lung 

adenocarcinoma patients. We show that TN exhibits differ-

ent topological and functional properties from GN. Inter-

estingly, a considerable proportion of transcript isoforms 

of the same genes are inferred to serve distinct molecular 

functions potentially important for the tumorigenesis of 

lung adenocarcinoma. Importantly, the two networks show 

both convergence and divergence in biological functions, 

indicating complex interactions between the two regula-

tory layers. Furthermore, we demonstrate that in both of 

the networks, the expression profiles of module members 

shift dramatically yet concordantly during tumorigenesis. 

Our results suggest that the network of transcript isoforms 

constitutes an important regulatory layer that is separate 

from yet functionally intertwined with the gene network in 

lung adenocarcinoma.

Methods
Data source and processing
The RNA-sequencing (RNA-seq) dataset (GSE40419) 

of lung adenocarcinoma was downloaded from the Gene 

Expression Omnibus database.18 The dataset contained RNA-

seq data derived from paired normal and tumor tissues from 

77 Korean patients.

The raw data retrieved from Gene Expression Omnibus 

(in Sequence Read Archive format) were converted to the 

FASTQ format by using fastq-dump. The RNA-seq reads 

were then mapped to the human reference genome (GRCh37; 

Ensemble Version 75) by using STAR19 with default para

meters. The expression levels (in Fragments Per Kilobase 

of transcript per Million mapped reads [FPKM]) of genes 

and transcripts were generated separately by Cufflinks.20 

To ensure data quality, two types of genes and the corre-

sponding transcripts were excluded:

1)	 The genes that had more than one FPKM value 

(12 genes).

2)	 The genes that did not include all of the annotated tran-

script isoforms (ie, some of the annotated transcripts were 

just “absent”, rather than being assigned a zero FPKM 

value) according to Cufflinks results (776 genes).

In addition, we required that the FPKM values be 1 in 

all of the 77 normal or tumor tissues. Finally, 70,131 tran-

script isoforms of 10,510 genes were retained for subsequent 

analyses.

Network construction
The gene-based and transcript-based networks were con-

structed by using Weighted Gene Correlation Network 

Analysis (WGCNA).21 According to the WGCNA manual, 

the FPKM values were log-transformed by log
2
(FPKM +1). 

The transformed FPKM values were then input to WGCNA 

for calculation of the Pearson’s coefficients of correlation 

for all gene/transcript pairs. The network connectivity was 

weighted based on these coefficients. The FPKM values of 

normal and tumor tissues of the same molecular level (gene 

or transcript) were input together to WGCNA so that the 

modules could be compared between the two tissue types. 

The “β” parameter of WGCNA, which was used to determine 

adjacency, was set to be 6 according to data distribution 

(Figure S1).

 
O

nc
oT

ar
ge

ts
 a

nd
 T

he
ra

py
 d

ow
nl

oa
de

d 
fr

om
 h

ttp
s:

//w
w

w
.d

ov
ep

re
ss

.c
om

/ b
y 

18
8.

72
.9

6.
20

2 
on

 2
7-

S
ep

-2
01

8
F

or
 p

er
so

na
l u

se
 o

nl
y.

Powered by TCPDF (www.tcpdf.org)

                               1 / 1

www.dovepress.com
www.dovepress.com
www.dovepress.com
http://bioinfo-dbb.nhri.org.tw/capih/OTT_2016_9_Supple.zip


OncoTargets and Therapy 2016:9 submit your manuscript | www.dovepress.com

Dovepress 

Dovepress

337

Transcript network and gene network in lung adenocarcinoma

The Gene Ontology (GO) annotation system was selected 

for functional analysis by WGCNA. The GO term of an 

individual transcript isoform was considered as the same as 

that of the corresponding gene. The statistical significance 

of GO term enrichment was Bonferroni-corrected.

Estimation of transcript module entropy
The transcript module entropy (E

i
) was used to quantify the 

dispersion of transcript isoforms of gene i in the TN modules. 

E
i
 was defined as:

	
E f

i

n

j ij
= −

=∑1
1

2

�
(1)

where f
ij
 indicated the proportion of transcript isoform of 

gene i that belonged to TN module j, and n indicated the total 

number of TN modules assigned to the transcript isoforms 

of gene i.

The theoretical maximum of E
i
 (Max(E

i
)) was esti-

mated by:
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where m was the number of transcript isoforms of gene i as 

annotated by the Ensemble Database (Version 75). Note that 

single-transcript genes were excluded from this analysis.

Correlations between module members 
and known cancer-related genes
The expressions of the genes involved in three cancer-related 

pathways annotated by Kyoto Encyclopedia of Genes and 

Genomes (KEGG) were singled out, including the “cancer 

pathway”, “non-small-cell lung cancer (NSCLC) pathway”, 

and “small-cell lung cancer (SCLC) pathway”. The eigen-

gene for the genes in each pathway was derived using the 

principal component analysis module of the R package. An 

eigengene was defined as the first principal component of the 

expression profiles of the analyzed genes.22 The correlations 

between module members and each of the three eigengenes 

were evaluated to determine whether the identified mod-

ules were functionally related to tumorigenesis. The cutoff 

P-value for statistical significance was Bonferroni-adjusted 

to 0.002 and 0.0007 for GN and TN modules, respectively, to 

account for multiple testing (0.05/# modules; 0.05/27=0.002 

for GN; 0.05/68=0.0007 for TN).

Results
Functional divergences and convergences 
between the gene network and transcript 
network in lung adenocarcinoma
We used WGCNA21 to construct GNs and TNs of lung adeno-

carcinoma (described in the “Methods” section). The expres-

sion levels of individual transcript isoforms were calculated by 

using Cufflinks, which assigned RNA-seq reads to transcript 

isoforms according to a likelihood model.20 The expression 

levels (in FPKM) of tumor and normal tissues were together 

submitted to WGCNA but separately for genes and transcripts 

so that the modules could be compared between the two tis-

sue types and between the two molecular levels. WGCNA 

identifies modules according to hierarchical clustering of the 

genes/transcripts and a dissimilarity measure-based cutoff 

value.21 This approach has been widely applied and proved to 

be powerful in detecting functionally related genes.23–27

Intuitively, transcript isoforms are merely “subsets” of 

the corresponding genes. Transcript-based analyses thus 

should yield results fairly similar to those derived from 

gene-based analyses. Interestingly, this proposition was 

not supported by our results. We first examined whether 

the expression profiles of genes and transcripts could 

concordantly reflect the genetic relationships among the 

77 patients. Our results indicated that the gene-based and 

transcript-based tree topologies differed considerably from 

each other (Figure 1). To quantify the difference between 

gene-based and transcript-based patient clustering, we used 

FastTree28 to compare the topologies of the two patient trees. 

Figure 1A shows that for normal tissues, only ten out of the 

74 splits (colored circles and star) were shared between the 

gene-based and the transcript-based tree. Similarly, for tumor 

tissues, only eleven of the 74 splits were shared between the 

two trees (Figure 1B). However, a large split covering 71 of 

the patients (the star in Figure 1A) was shared between gene-

based and transcript-based trees in normal tissues, which was 

not observed in tumor tissues. The dissimilarities appeared 

to imply dissociation of transcript-centric regulations from 

gene-level regulations, possibly due to the functional/

regulatory divergences between isoforms.29,30 Furthermore, 

the gene–transcript divergence seemed to be larger in tumor 

tissues than in normal tissues.

Next, we compared the modules derived from GN and 

those derived from TN. We reasoned that if the expression 
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Figure 1 Patient clustering based on gene/transcript expression profiles.
Notes: The clustering of normal (A) and tumor (B) tissue samples according to the expression profiles of genes (the upper panel in [A] and [B]) and transcript 
isoforms (the lower panel in (A) and (B)). The filled circles, open circles, and the star indicate splits shared between the gene-based and the transcript-based 
trees.
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profiles of transcript isoforms closely resembled those of the 

corresponding genes, the number of TN modules should be 

close to that of GN modules. Otherwise, TN modules should 

outnumber GN modules. Our results indicated that GN and 

TN contained 27 and 68 modules, respectively. This disparity 

in module number indicated that first, the expression profiles 

of individual transcript isoforms diverged considerably from 

those of the corresponding genes. Second, transcript isoform-

specific regulations were fairly common in the transcriptome 

of lung adenocarcinoma. Third, transcript isoforms might 

convey significant functional versatility not achievable by 

single-transcript genes alone.

To investigate whether TN and GN modules serve dif-

ferent biological functions, we conducted GO analyses for 

these modules. Thirteen of the GN modules and 18 of the 

TN modules were found to be enriched for 108 and 137 

GO terms, respectively (Tables S1 and S2). The majority of 

these modules corresponded to multiple GO terms. These 

multifunctional modules were related to such important 

functions as cell cycle, immune response, and regulation 

of cell migration (Tables S1 and S2). Interestingly, only 68 

GO terms were shared between GN and TN modules. These 

68 GO terms accounted for 63.0% and 49.6% of the GO 

terms enriched for GN and TN modules, respectively. This 

observation indicated that GN and TN modules function-

ally overlapped with each other by sharing half or more of 

the GO terms. However, the divergences between the two 

module groups were substantial, accounting for ~40%–50% 

of the GO terms. This interpretation, nevertheless, should 

be taken with caution because different GO terms may be 

in fact functionally related. For example, TN module #42 

was enriched for the GO terms “chemokine activity” and 

“cytokine activity”, which were absent from the GO terms 

enriched for GN modules. But such GO terms as “immune 

response” and “regulation of immune system process” were 

found to be enriched for the “black” GN module. This obser-

vation implied potential functional convergences between 

GN and TN modules despite apparent divergences.

Meanwhile, a closer inspection revealed that transcript 

isoforms from different genes could be convened to conduct 

functions not conducted by the corresponding genes. For 

instance, TN module #16 was enriched for the GO terms “cell 

motility” and “cell migration”. This TN module contained 

951 transcripts, which corresponded to 674 genes distributed 

in 27 GN modules of fairly diversified functions (Table S3). 

Overall, our results suggested complex regulatory relation-

ships between GN and TN, where functional divergences 

and convergences were intertwined.

Transcript isoforms of the same genes 
are usually distributed in different 
network modules
The observations that (1) TN modules outnumbered GN 

module and (2) TN and GN modules functionally diverged 

from each other suggested that transcript isoforms of the same 

genes might have been clustered into different TN modules. 

Indeed, our results indicated that 89.5% (7,418/8,284) of 

the analyzed multiple-transcript genes had their transcript 

isoforms distributed in at least two modules. To quantify the 

level of isoform distribution, we calculated the “transcript 

module entropy” (E
i
) for each analyzed gene. E

i
 represented 

the entropy of isoform distribution in TN modules for a given 

gene (described in the “Methods” section). A larger E
i
 value 

indicated a wider module distribution of transcript isoforms 

of a gene. Of note, theoretically E
i
 should increase with the 

number of transcript isoforms of a gene. For comparison, we 

calculated the theoretical maxima of E
i
 for genes with differ-

ent numbers of isoforms. An E
i
 value equal to the theoretical 

maximum indicated that all of the transcript isoforms of the 

interested gene were assigned to different TN modules. And 

an E
i
 value of zero indicated that all of the transcript isoforms 

of the interested gene belonged to the same TN module.

It was expected that most, if not all, of the transcript 

isoforms of a gene belonged to the same module. The 

E
i
 values should thus be close to zero in the majority of 

cases. However, Figure 2 shows that, in general, the average 

E
i
 value increased with the number of transcript isoforms for 

both coding (blue bars) and noncoding genes (red bars), with 

the E
i
 values of coding genes slightly higher than those of the 

corresponding noncoding genes in most of the cases. Inter-

estingly, for coding genes, the ratio of observed-to-maximal 

E
i
 value fell between 0.7 and 0.8 regardless of the number of 

transcript isoforms. For noncoding genes, the ratio seemed 

to be increasing with the number of transcript isoforms. 

Notably, however, the numbers of noncoding genes in this 

analysis were fairly small (inset table in Figure 2). The results 

for noncoding genes, especially for those with larger isoform 

numbers (5), should be taken with caution.

Of note, in the above analysis, we excluded the “gray 

module”, which included the transcript isoforms not assigned 

to any other modules. This specific module was a mixture of 

either biological “noises” or transcript isoforms with unique 

expression profiles. The exclusion of the grey module could 

have affected the results because it would have been counted 

as a de facto module in the calculation of E
i
 values. To evalu-

ate the influence of the grey module, we put this module back 

for the calculation of the E
i
 values. Figure S2 shows that 
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when the grey module was included, the average E
i
 values 

appeared to reach the maximum at isoform number =6 for 

both coding and noncoding genes. Furthermore, for coding 

genes, the ratio of observed-to-maximal E
i
 value decreased 

with the number of isoforms, whereas for noncoding genes, 

this ratio peaked at isoform number =6. These observations 

suggested that coding genes with more transcript isoforms 

tended to have a larger fraction of the isoforms assigned 

to the grey module. But this was not true for noncoding 

genes. Again, the numbers of analyzed noncoding genes 

were relatively small, and the results thereof must be taken 

with caution.

Overall, the above observations implied that the expres-

sion profiles (and likely functions) of transcript isoforms of 

the same genes, at least those in the TN modules, diverged 

substantially from each other. And this between-isoform 

divergence was slightly larger in coding genes than in 

noncoding genes. Interestingly, the functional versatility 

of a gene (as measured by E
i
) appeared to increase with 

the number of transcript isoforms if the grey module was 

excluded. This observation implied that regulatory flexibility 

of a gene could be amplified by an increase in the number 

of transcript isoforms.

The module members in both of the 
gene- and transcript-based networks 
are significantly correlated with known 
cancer genes in expression profile
To clarify whether the GN and TN modules were associated 

with patient features (sex, age at diagnosis, smoking history, 

and cancer stage), we measured the correlation between the 

network modules and each of the features. We also evaluated 

the correlations between the module members and the “eigen-

genes” derived from the known cancer genes as annotated in 

the KEGG Pathway Database (described in the “Methods” 

Figure 2 Transcript module entropy (Ei, bars and the left axis) and the proportion of Ei relative to the theoretical maximal value (lines and the right axis) for coding (blue) 
and noncoding genes (red).
Notes: The X-axis indicates the number of transcript isoforms per gene. The dashed line indicates Ei=0.5. Note that the grey module is excluded for the calculation of Ei in 
this figure. Also, note that the red bar is missing and the red line is broken at X=9 because none of the analyzed noncoding genes includes nine transcript isoforms.
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section). The eigengene of a gene group is the eigenvector of 

the expression profile matrix of the member genes.21 Note that 

the cutoff P-value for statistical significance was Bonferroni-

adjusted to P0.002 and P0.0007 for GN and TN modules, 

respectively, to account for multiple testing (described in 

the “Methods” section). Our result showed that for normal 

tissues, the GN modules were correlated with none of the 

patient features or cancer-related gene groups (Figure 3A). 

In comparison, for tumor tissues, the “brown” and “salmon” 

modules were positively correlated, but the grey module was 

Figure 3 (Continued)
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diagnosis

Smoking
status

Stage Sex Cancer
pathway

NSCLC
pathway

SCLC
pathway

−0.0092 (0.9)

0.24 (0.04)

0.23 (0.04)

0.14 (0.2)

0.1 (0.4)

0.24 (0.03)

0.21 (0.06)

0.022 (0.8)

0.09 (0.4)

−0.017 (0.9)

−0.11 (0.3)

−0.24 (0.03)

−0.05 (0.7)

−0.32 (0.004)

−0.32 (0.005)

−0.057 (0.6)

0.028 (0.8)

0.049 (0.7)

−0.06 (0.6)

−0.072 (0.5)

0.03 (0.8)

0.1 (0.4)

−0.24 (0.04)

0.00067 (1)

0.16 (0.2)

−0.23 (0.04)

0.34 (0.003)

0.15 (0.2)

0.21 (0.06)

0.059 (0.6)

0.092 (0.4)

0.12 (0.3)

0.2 (0.08)

0.15 (0.2)

−0.022 (0.8)

0.039 (0.7)

−0.036 (0.8)

−0.12 (0.3)

−0.15 (0.2)

−0.17 (0.1)

−0.21 (0.06)

−0.2 (0.09)

0.029 (0.8)

0.1 (0.4)

0.027 (0.8)

0.0047 (1)

−0.025 (0.8)

0.072 (0.5)

0.036 (0.8)

−0.11 (0.3)

0.23 (0.05)

0.06 (0.6)

−0.15 (0.2)

0.17 (0.1)

0.044 (0.7)

−0.22 (0.05)

−0.22 (0.05)

−0.15 (0.2)

−0.099 (0.4)

−0.24 (0.04)

−0.28 (0.01)

−0.0024 (1)

−0.075 (0.5)

0.023 (0.8)

0.034 (0.8)

0.2 (0.08)

0.2 (0.08)

0.43 (9e−05)

0.36 (0.001)

0.096 (0.4)

−0.0097 (0.9)

0.019 (0.9)

0.25 (0.03)

0.13 (0.3)

0.059 (0.6)

0.02 (0.9)

0.24 (0.03)

0.14 (0.2)

−0.11 (0.3)

0.25 (0.03)

−0.37 (9e−04)

0.021 (0.9)

0.36 (0.001)

0.21 (0.07)

0.15 (0.2)

0.32 (0.004)

0.47 (2e−05)

0.38 (8e−04)

0.17 (0.1)

0.28 (0.01)

0.11 (0.3)

−0.071 (0.5)

−0.35 (0.002)

0.0063 (1)

−0.28 (0.01)

−0.23 (0.04)

0.0048 (1)

−0.0032 (1)

0.28 (0.01)

0.11 (0.3)

0.13 (0.3)

0.2 (0.08)

0.36 (0.001)

−0.29 (0.009)

0.16 (0.2)

−0.22 (0.06)

−0.52 (1e−06)

0.36 (0.001)

0.035 (0.8)

0.026 (0.8)

0.056 (0.6)

−0.03 (0.8)

−0.063 (0.6)

0.0052 (1)

0.043 (0.7)

0.027 (0.8)

−0.025 (0.8)

−0.1 (0.4)

−0.21 (0.07)

−0.22 (0.05)

0.041 (0.7)

−0.13 (0.3)

−0.2 (0.08)

0.23 (0.04)

0.26 (0.02)

0.17 (0.1)

−0.021 (0.9)

0.048 (0.7)

0.13 (0.2)

0.21 (0.07)

−0.12 (0.3)

0.011 (0.9)

0.033 (0.8)

−0.075 (0.5)

0.11 (0.3)

−0.1 (0.4)

0.086 (0.5)

0.29 (0.01)

0.13 (0.3)

0.22 (0.05)

0.27 (0.02)

0.28 (0.02)

0.35 (0.002)

0.43 (1e−04)

0.29 (0.01)

0.076 (0.5)

−0.19 (0.09)

0.091 (0.4)

0.024 (0.8)

0.072 (0.5)

−0.016 (0.9)

0.097 (0.4)

0.45 (4e−05)

0.18 (0.1)

0.26 (0.02)

0.21 (0.07)

0.4 (3e−04)

−0.12 (0.3)

−0.16 (0.2)

−0.27 (0.02)

−0.54 (4e−07)

0.25 (0.03)

B

Figure 3 The correlations between network modules and patient features/cancer pathways.
Notes: The correlations between patient features/cancer-related pathways and the eigengenes of GN modules for (A) normal tissues and (B) tumor tissues. The red and 
green colors indicate positive and negative correlation, respectively. The non-parenthesized number in a cell indicates the Pearson’s coefficient of correlation, followed by 
the P-value in the parenthesis. The blue color-framed cells indicate statistically significant correlations. Note that the cutoff P-value for statistical significance was Bonferroni-
corrected to 0.002.
Abbreviations: GN, gene-based network; NSCLC, non-small-cell lung cancer; SCLC, small-cell lung cancer.

negatively correlated with sex (Figure 3B). Note that male 

and female, respectively, was assigned the value of “1” and 

“2” for the calculation of coefficient of correlation. The cor-

relations with the KEGG cancer pathway genes were positive 

for the “blue”, “darkgreen”, “royalblue”, “red”, and “grey” 

modules but negative for the “yellow” module. Meanwhile, 

the correlations with SCLC-related genes were positive for 

the “magenta”, “purple”, and “red” modules but negative for 
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the “yellow” module (Figure 3B). These observations sug-

gested that the GN modules could indeed encompass genes 

that were important for the tumorigenesis of lung cancer.

For TN modules, on the other hand, in normal tissues, none 

of the modules were significantly correlated with any patient 

feature or cancer-related gene groups except for module 

#37, which was positively correlated with age (Figure S3). 

In tumor tissues, the TN modules were correlated with none of 

the patient features except for sex, which was correlated with 

TN modules #21, #29, and #10. Interestingly, the correlations 

between TN module members and KEGG cancer pathway 

genes were significantly negative for modules #32, 28, 26, 20, 

and 54 but significantly positive for modules #37, 43, 56, 36, 

67, 58, 39, 41, 42, and 40. Meanwhile, TN modules #26, 20, 

and 54 were negatively correlated with SCLC-related genes 

in tumor tissues (Figure S3). These observations implied that 

a considerable proportion (15/68) of the TN modules in tumor 

tissues was involved in the tumorigenesis of lung cancer and 

cancer cell development in general.

We then tried to investigate whether the expressions of 

the network modules were associated with the tumor/normal 

status. To this end, we calculated the correlations between 

the module eigengene (eigentranscript) and the member 

genes (transcripts) of the interested module in view of 

expression profile separately for tumor and normal tissues. 

For comparison, we also calculated the correlations between 

a selected patient feature (smoking history) and the expres-

sions of the module members. Figure 4 shows that in three 

example TN modules (A: #16, B: #24, and C: #14) in tumor 

tissues (but not in normal tissues), the correlations with 

module eigentranscript (X-axis) either split into two clusters 

(Figure 4A and B) or moved toward one extreme (Figure 4C), 

which were not observed along the Y-axis (correlations with 

smoking history). Similar trends were also observed for the 

GN modules (Figure S4). These observations suggested 

that during the tumorigenesis of lung adenocarcinoma, the 

expression profiles of the module member genes/transcripts 

tended to “move” toward both extremes in view of similarity 

to those of the eigengenes/eigentranscripts. Such movements 

implied higher-level regulations that coordinated the changes 

in expression profiles of the module members in both GN 

and TN. Interestingly, in Figure 4, only module #16 of the 

three modules was found to be enriched for biological func-

tions that were important for tumorigenesis (Table S2).

Figure 4 The correlations (Cor) between module member transcript isoforms and the eigentranscript (X-axis) against the correlations between the same isoforms and 
smoking status (Y-axis) for tumor (left column) and normal tissue (right column).
Note: Three different modules ([A]: number 16, [B]: number 24, and [C]: number 14) are shown in this figure.
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Discussion
Alternative splicing has been credited as a major regulatory 

mechanism in tumorigenesis.14 For instance, Hong et al 

suggested that fine-grained regulations (eg, allele-specific 

splicing) could yield sub-genic level variations that were 

linked to the pathogenesis of lung cancer.31 Meanwhile, 

isoform-level expressions have been shown to correlate well 

with the prognosis and subtyping of glioblastoma.32 Altera-

tions in splicing patterns in cancer driver genes have also been 

reported to occur repeatedly in a variety of cancer types.33 

Nevertheless, none of these studies addressed how different 

splicing events are coordinated on a transcriptome-wide 

scale, or how splicing regulations interact with transcriptional 

regulations during cancer progression. Meanwhile, network-

based cancer studies are abundant. These network studies 

were based on gene–gene, protein–protein, or regulatory 

interactions.33–37 Each type of biological network conveys 

biological insights from a different perspective. Studies on 

isoform-based networks have remained rare, thus representing 

an important missing piece in the cancer regulome atlas.

In this study, we report the first comparative analysis 

between TN and GN in lung adenocarcinoma. We demon-

strate that TN differs substantially from GN in view of deci-

phering the genetic relationships among patients (Figure 1), 

module distribution of transcript isoforms (Figure 2), and 

the biological functions of network modules (Tables S1 

and S2). These differences suggest that TN and GN consti-

tute two separate layers in the cancer regulome. However, 

it is worth noting that, as we pointed out in the “Results” 

section, the two regulatory layers could conduct the same 

or related functions. Two possible reasons may explain this 

functional convergence. First, the transcript isoforms of 

the same genes may conduct virtually the same biological 

functions. In this case, alternative splicing would convey 

no functional versatility to the genes of interest. The second 

possibility is that TN and GN work synergistically to imple-

ment biological functions. In this latter case, there should be 

higher levels of regulations to direct such synergies. These 

regulatory mechanisms, though currently unclear, are worth 

further explorations.

One unexpected observation is that the majority (89.5%) 

of the analyzed genes had their transcript isoforms clustered 

into different TN modules. Intuitively, most of the same-gene 

transcript isoforms should conduct similar functions, which 

should be reflected in the similarity in expression profiles. 

This proposition is nevertheless unsupported in most of the 

cases in our analysis. To be sure, similarity in expression 

profile does not equal to similarity in functionality. Yet our 

results show that, for instance, an isoform of Gene A shares 

similar expression profiles with an isoform of Gene B but not 

with other isoforms of Gene A. This observation points to a 

possibility of cross-gene coordination of transcript isoforms. 

We concede that such “similarities” in expression profile 

could have occurred simply by chance, which might partly 

explain why many of the TN modules are not significantly 

enriched for any GO terms. Nevertheless, the GO terms 

enriched for TN modules but not for GN modules (Tables S1 

and S2) indicate that at least part of the inferred transcript-

level coordination might be true. Our result is actually con-

sistent with the recent finding that subfunctionalization of 

splicing isoforms is widespread in vertebrate genomes.38

The entropy (E
i
) analysis also suggests prevalent func-

tional divergence between transcript isoforms in the tran-

scriptome of lung adenocarcinoma. In general, E
i
 increases 

with the number of isoforms for both coding and noncoding 

genes when the grey module is excluded (Figure 2). However, 

the inclusion of the grey module in the analysis results in a 

peak of E
i
 value at isoform number =6 for both gene groups, 

and a decreasing observed-to-maximal E
i
 ratio toward high 

isoform numbers in coding genes (Figure S2). These observa-

tions suggest that a considerable proportion of the isoforms 

of high-isoform number coding genes are assigned to the 

grey module. The grey module contains member transcripts 

of unclassifiable expression profiles. We cannot exclude the 

possibility that the grey module contains functionally relevant 

transcript isoforms. Nevertheless, if we conservatively con-

sider all of the grey module members as noises and exclude 

them from our analysis, the transcript module entropy still 

increases toward high isoform numbers. These observations 

imply that as the number of isoforms increases, biological 

“noises” and functional versatility both increase. And the 

marginal increase in functional versatility might decrease 

as the number of isoforms rises.

One example of isoforms distributing in different TN 

modules was observed for the well-known oncogene Myc 

(ENSG00000136997).39 Myc has five isoforms accord-

ing to ENSEMBL (Version 75) annotations. Two of the 

isoforms (ENST00000377970 and ENST00000524013) 

have their coding sequences at least 75% longer than the 

other three (ENST00000259523, ENST00000517291, 

and ENST00000520751). The two long isoforms differ 

from each other by only two amino acids. Interestingly, 

these two isoforms belong to the same TN module (#43), 

whereas the three short ones belong to the grey module. 

Furthermore, the two long isoforms are the dominant 

forms of Myc. Together, the two account for a median of 
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97.7% and 98.1% of Myc gene expression in tumor and 

normal tissue, respectively. These observations imply 

that TN modules can indeed cluster together functionally 

similar isoforms, and set aside potentially nonfunctional 

isoforms into the grey module. Another example is SPP1 

(ENSG00000118785), which has been reported to promote 

metastasis.40–42 SPP1 contains ten isoforms, including four 

coding isoforms (ENST00000237623, ENST00000395080, 

ENST00000360804, and ENST00000508233) and six non-

coding isoforms (ENST00000509659, ENST00000509334, 

ENST00000513981, ENST00000508002, ENST0

0000504310, and ENST00000505146). Interestingly, the 

four coding isoforms were clustered to TN module #42, 

whereas the other six noncoding isoforms belonged to the 

grey module. This observation suggests that TN modules 

could help differentiate isoforms of different functional-

ities. Meanwhile, for FUCA2 (ENSG00000001036), a gene 

implicated in Helicobacter pylori-caused gastric cancer, 

the grouping pattern was different. FUCA2 contains three 

coding isoforms (ENST00000002165, ENST00000438118, 

and ENST00000451668) and one noncoding isoform 

(ENST00000367585). The noncoding isoform belonged to 

the grey module. However, the three coding isoforms were 

clustered to two TN modules: #24 (ENST00000438118 

and ENST00000451668) and #37 (ENST00000002165). 

ENST00000002165 has a longer coding region and a 

dominant expression level, accounting for a median of 

87.1% and 88.0% of the gene expression in normal and 

tumor tissue, respectively. Interestingly, although the 

two short coding isoforms were as lowly expressed as 

the noncoding isoform (collectively accounting for 8.3% 

and 6.2% of gene expression in normal and tumor tissue, 

respectively), they were clustered to a non-grey module 

(#24). This observation again supports that TN modules 

can appropriately group functionally divergent isoforms 

of the same genes.

We also report an interesting observation that in the tum-

origenesis of lung adenocarcinoma, the expression profiles of 

module member genes (transcripts) tend to either converge 

to or deviate from those of the eigengenes (eigentranscripts) 

(Figures 4 and S4). This observation suggested that the 

module eigengenes (eigentranscripts) could well signify 

the tumor status, and might serve as “virtual biomarkers” to 

differentiate tumor from normal tissues. Furthermore, the 

synchronous alterations in expression profiles of the module 

member genes (transcripts) imply high-level regulatory 

coordination, which dictates both gene transcription and 

alternative splicing during tumorigenesis.

Although a number of GN and TN modules are signifi-

cantly correlated with cancer pathways, we are not certain 

whether GN or TN modules can better differentiate tumor 

from normal tissues. To this end, we calculated the “expres-

sion value” of the eigengene/eigentranscript for each GN/TN 

module. This “expression value” is a weighted linear sum-

mation of expression levels of the module components. 

Our results indicated that the expression values of three TN 

modules (#4, #47, and #48) differed significantly between 

normal and tumor tissues (Figure S5). By contrast, none of 

the GN modules yielded an expression value applicable to 

the tumor–normal differentiation. This observation suggested 

that certain TN modules could better reflect the regulatory 

alterations during tumorigenesis than GN modules. This 

proposition, however, should be taken with caution because 

the larger sizes of TN modules than GN modules might be 

accountable for this difference.

Analyzing network modules can help identify potential 

gene–gene interactions. For instance, both MDM2 and MEK 

belonged to the yellow GN module (Figure S6). It has been 

reported that chemical blockade of these two genes could 

synergistically induce apoptosis in acute myeloid leukemia.43 

This synergy may not be readily inferred from current cancer 

pathway information as shown in Figure S6 but is somehow 

implied in the modularity of GN. Another exemplar interac-

tion occurs between HIF-α and β-catenin, both clustered to 

the “royalblue” module. These two genes do not appear to 

share the same cancer pathway (Figure S6). However, a recent 

study indicated that miR-622-mediated downregulation of 

HIF-1α correlated with decreased β-catenin expression,44 

suggesting a regulatory relationship between these two genes. 

These examples show that network analysis can compensate 

for the insufficiency of current pathway information, poten-

tially leading to novel biological discoveries.

In conclusion, we demonstrate that transcript isoforms per 

se constitute a separate and important regulatory layer in the 

tumorigenesis of lung adenocarcinoma. This regulatory layer 

appears to interact closely with transcriptional regulations to 

affect cellular functions.
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