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Abstract: Abnormally-expressed genes play a vital role in tumorigenesis. Dissecting their roles in tumorigenesis, the 
current study identified differentially-expressed genes in 13 Cancer Genome Atlas (TCGA) datasets. It was found 
that 33.5% of differentially-expressed genes were both upregulated and downregulated in different TCGA datasets. 
Furthermore, analysis showed that 82.7% divergent regulated genes correlated with differential DNA methylation 
in at least one TCGA dataset, indicating that DNA methylation may contribute to regulation of these genes. Of these 
divergent regulated genes, 86.7% of the genes correlated with prognosis, influencing clinical outcomes based on 
survival analysis in at least one TCGA dataset. In contrast, 71.8% of the genes that did not show this divergent 
regulation correlated with prognosis in at least one TCGA dataset. Upregulation and downregulation of 336 diver-
gent regulated genes correlated with reduced survival times in different TCGA datasets. Furthermore, upregulation 
and downregulation of 22 divergent regulated genes, classified as oncogene (OG) or tumor suppressor gene (TSG) 
genes, correlated with reduced survival times in different TCGA datasets. The current study sheds new light on the 
complexities of gene regulation in cancer, suggesting novel targets for mechanistic and therapeutic studies.

Keywords: Differentially expressed genes, divergent regulation, DNA methylation, survival analysis

Introduction

Previous studies have shown that abnormally-
expressed genes play a crucial role in tumori-
genesis [1, 2]. Expression profiles of genes 
have drawn much attention from cancer inves-
tigators. Indeed, numerous studies have identi-
fied genes expressed in a tumor-specific man-
ner in various types of cancer [3-5]. Although 
much effort has been dedicated to dissecting 
the complexity of gene function and regulation 
in tumorigenesis, it remains poorly under- 
stood.

The current study identified differentially-ex- 
pressed genes in 13 TCGA datasets. Sur- 
prisingly, it was found that 33.5% of the differ-
entially-expressed genes were both upregulat-
ed and downregulated in at least one TCGA 
dataset. Results suggest that DNA methylation 
may contribute to regulation of these genes. Of 
these genes, 336 genes were upregulated in 

some TCGA datasets, correlating with reduced 
survival times. In contrast, the same genes 
were downregulated in other TCGA datasets. 
Low expression of these genes also correlated 
with reduced survival times. Moreover, 24 ge- 
nes belonging to oncogene (OG) and tumor sup-
pressor gene (TSG) families were both upregu-
lated and downregulated in different TCGA 
datasets. Upregulation and downregulation of 
these 24 OG and TSG genes correlated with 
reduced survival times in different TCGA 
datasets.

Present results indicate that these genes may 
be under divergent regulation and correlate 
with reduced survival times in different can-
cers. Identification and characterization of th- 
ese genes sheds new light on the complexities 
of gene function and regulation in cancer, sug-
gesting novel targets for mechanistic and thera-
peutic studies.

http://www.ijcem.com
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Materials and methods

TCGA datasets and expression analysis

All TCGA datasets were downloaded from the 
TCGA website (https://portal.gdc.cancer.gov/). 
Gene annotation was also retrieved from the 
TCGA website (https://gdc.cancer.gov/about-
data/data-harmonization-and-generation/gdc-
reference-files). Raw reads counts were extract-
ed from files with the suffix “htseq.counts”, 
evaluating gene expression levels.

This study only incorporated cancer datasets 
with ≥ 200 cancer samples and ≥ 15 normal 
samples, ensuring accurate identification of 
differentially-expressed genes. This stud ana-
lyzed a total of 13 cancer datasets. All subse-
quent analyses were performed based on 
these 13 cancer datasets, ensuring the accu-
racy of analysis, except for methylation data 
analysis.

Identification of differentially-expressed genes 
was carried out using the “edgeR” package 
(v3.24.0) in R [6]. Genes in each TCGA dataset 
were kept when their CPM was ≥ 0.5 in at least 
the size of normal samples. This study then 
identified differentially-expressed genes by 
comparing expression profiles of specific genes 
between groups of cancer and normal samples. 
Genes with FDR ≤ 0.05 and expression fold 
changes ≥ 1.5 (up-regulated genes) or ≤ 0.67 
(down-regulated genes) were defined as differ-
entially-expressed genes [7, 8].

Correlation analysis of methylation levels and 
target genes

DNA methylation data from Human Methylation 
450 BeadChip platform was downloaded from 
the TCGA website (https://portal.gdc.cancer.
gov/). Beta-values were extracted to evaluate 
DNA methylation levels of each probe. Anno- 
tations of probes to specific genes were extract-
ed from the retrieved files. This study excluded 
the STAD dataset for the methylation data avail-
able for only two normal samples.

Moreover, the “champ.DMP” function in the 
“ChAMP” package in R was used to identify dif-
ferential methylation probes [9]. Probes with 
adjusted p-values ≤ 0.05 are defined as differ-
ential methylation probes.

A gene was defined as being correlated to 
methylation when it was upregulated in cancer, 
with at least one hypo-methylated probe anno-
tated to the gene, or when the gene was down-
regulated in cancer, with at least one hyper-
methylated probe annotated.

List of oncogenes (OG) and tumor suppressor 
genes (TSG) 

The list of oncogenes (OG) was downloaded 
from the ONGene database (http://ongene.bio-
info-minzhao.org/index.html) [10], while the list 
of tumor suppressor genes (TSG) was down-
loaded from the TSGene database (https://bio-
info.uth.edu/TSGene/index.html) [11]. Overla- 
pping between OG/TSG lists and the specific 
gene list was determined based on gene 
names.

Gene ontology (GO) analysis

Gene ontology (GO) analysis was performed 
with the DAVID GO bioinformatics platform 
(V6.8) (https://david.ncifcrf.gov/). Ensembl ge- 
ne IDs for each gene were used as the input. 
Ensembl gene IDs for each gene can be found 
in the gene annotation file (https://gdc.cancer.
gov/about-data/data-ha rmonization-and-gen-
eration/gdc-reference-files).

Survival analysis of TCGA datasets

Survival analysis of TCGA datasets was con-
ducted, as previously reported [8, 12]. Briefly, 
survival information was retrieved from “clinical 
follow-up” and “clinical patient” data in each 
cancer dataset, keeping the most recent follow-
up information for each patient. Only differen-
tially-expressed genes (defined above) were 
included in the analysis of each cancer da- 
taset.

Cox’s proportional hazards regression model 
was employed, with the “coxph” function from 
the “survival” library in R. The equation for the 
model was: “coxph (Surv (time, censor) ~ ex- 
prs)”, where time is survival time (for dead 
patients) or last follow-up time (for live patients). 
Censor is dead or alive for each cancer sample 
and exprs is the gene expression value mea-
sured as log-transformed TMM normalized-
counts. P-values and prognosis-relevant coeffi-
cients were obtained from Cox’s proportional 
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hazards regression model. Genes with P-values 
≤ 0.05 are defined as prognostic genes.

Results

Identification of differentially-expressed genes 
in TCGA datasets

Abnormal expression of genes is vital in tumori-
genesis [1, 2]. Hence, the current study set out 
to identify differentially-expressed genes in 13 
TCGA datasets. Detailed information concern-
ing the 13 analyzed TCGA datasets is shown in 
Figure 1A.

The “edgeR” package in R was used to identify 
differentially-expressed genes [6]. The method 
used involved first removing the genes that 
were lowly-expressed. After filtration, about 
50% of the genes in each TCGA dataset were 
defined as lowly-expressed. They were removed 
from subsequent analysis (Figure 1B and 
Supplemental Table 1). Next, this study identi-
fied differentially-expressed genes by compar-
ing expression profiles between groups of can-
cer and normal samples in 13 TCGA datasets. 
In total, ~15% and ~10% genes were identified 
as upregulated and downregulated isoforms in 
each TCGA dataset (Figure 1C and Supplemen- 
tal Table 2).

Gene enrichment analysis was also conducted. 
Results showed that upregulated genes in at 
least one TCGA dataset were enriched in vari-
ous functions, such as calcium ion binding, cell 
adhesion, and inflammatory response (Figure 
1D and Supplemental Table 3). In contrast, 
downregulated isoforms in at least one TCGA 
dataset were enriched in several functions, 
including calcium ion binding, signal trans- 
duction, and angiogenesis (Figure 1E and 
Supplemental Table 3).

Differentially-expressed isoforms (33.5%) were 
both downregulated and upregulated in differ-
ent TCGA datasets

Some GO terms, such as cell adhesion and cal-
cium ion binding, were both enriched in gene 
ontology analysis when using upregulated and 
downregulated genes as input (Figure 1D and 
1E). It was speculated that the overlapping of 
enriched functions may reflect the overlapping 
of genes between upregulated and downre- 
gulated genes in different TCGA datasets. 

Overlapping of genes was checked with upregu-
lation and downregulation in at least one TCGA 
dataset. Of the up/downregulated genes, ~35% 
of upregulated and ~60% of downregulated 
genes in one TCGA dataset were downregulat-
ed or upregulated in at least one other TCGA 
dataset (Figure 2A and Supplemental Table 4). 
For example, 37% of upregulated genes in the 
BLCA dataset were downregulated in at least 
one of the other 12 TCGA datasets. Conversely, 
51% of downregulated genes in the BLCA data-
set were upregulated in at least one of the 
other 12 TCGA datasets (Figure 2A). Overall, 
33.5% of differentially-expressed genes across 
all 13 analyzed TCGA datasets were both 
upregulated and downregulated in different 
TCGA datasets.

Of these genes, 9,651 genes were upregulated 
in more than one TCGA dataset, while down-
regulated in more than one TCGA dataset 
(Group 1). Only 1,102 isoforms were upregulat-
ed in only one TCGA dataset, while downregu-
lated in only one other TCGA dataset (Group 2). 
Overall, 90% of the genes were both upregulat-
ed and downregulated in multiple TCGA datas-
ets (Figure 2B).

As shown in Figure 2C, this study listed the top 
15 genes that were both upregulated and 
downregulated in multiple TCGA datasets, sort-
ed by the number of upregulated and downreg-
ulated TCGA datasets. This table shows the 
genes which were upregulated in multiple TCGA 
datasets and also downregulated in multiple 
TCGA datasets. Taking the top gene, CA2 
(ENSG00000104267.8) as an example, the 
distribution of normalized counts clearly shows 
that expression levels of this gene in cancer 
samples were significantly higher than those in 
normal samples in BLCA, BRCA, HNSC, THCA, 
and UCEC datasets. They were significantly 
lower than those in the normal samples in the 
COAD, KIRC, KIRP, LIHC, LUAD, LUSC, PRAD, 
and STAD datasets (Figure 2D). Genes that 
were both upregulated and downregulated in 
different TCGA datasets are defined as genes 
with divergent regulation.

Next, gene ontology (GO) analysis was conduct-
ed for genes which were both upregulated and 
downregulated in different TCGA datasets. 
Results showed enrichment in functions, in- 
cluding cell adhesion and calcium ion binding. 
These were also enriched, according to gene 

http://www.ijcem.com/files/ijcem0091545suppltab1.xlsx
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Figure 1. Characterization of differentially-expressed genes in the TCGA datasets. (A) Summary of the number of 
cancer and normal samples in each of the 13 analyzed TCGA datasets. (B) Bar graph showing the percentage of 
expressed genes in each TCGA dataset. Genes were defined as expressed isoforms when their CPM was ≥ 0.5 in at 
least the size of normal samples. (C) Bar graph showing the percentage of upregulated and downregulated isoforms 
in each TCGA dataset. (D and E) Gene ontology (GO) enrichment analysis showing the function of upregulated (D) 
and downregulated (E) genes. X-axis: -log10 transformed Bonferroni corrected p-value.
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Figure 2. Characterization of genes that were both upregulated and downregulated in different TCGA datasets. A. 
Bar graph showing the percentage of genes which were both upregulated and downregulated in different TCGA 
datasets. The percentage was calculated as the ratio between the numbers of upregulated or downregulated genes 
with divergent regulation in one TCGA dataset versus the total number of upregulated or downregulated genes in the 
same dataset. B. Pie plot showing the number of genes which were both upregulated and downregulated in different 
numbers of TCGA datasets. Group 1: Number of genes that were both upregulated and downregulated in more than 
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ontology analysis, using upregulated and do- 
wnregulated genes as input (Figure 2E and 
Supplemental Table 3).

DNA methylation contributed to regulation of 
divergent regulated genes

DNA methylation has been increasingly recog-
nized as an important process underlying 
tumorigenesis [13]. Recent studies have identi-
fied DNA methylation in normal tissues and 
cancer [13, 14]. The current study explored the 
relationship between DNA methylation and reg-
ulation of divergent regulated genes. It was 
hypothesized that DNA methylation may con-
tribute to regulation of divergent regulated 
genes in different TCGA datasets.

Pan-cancer analysis was conducted, indicating 
that methylation correlated to divergent regu-
lated genes. Methylation probes were identified 
as hypo-methylated probes when the beta-val-
ue of the probe in the cancer group was signifi-
cantly lower than that in the normal group. 
Hyper-methylated probes were identified when 
the beta-value in the cancer group was signifi-
cantly higher than that in the normal group. A 
divergent regulated gene was defined when 
correlating to methylation when it was upregu-
lated in cancer, while at least one hypo-methyl-
ated probe was annotated to this gene, or 
downregulated in cancer, while at least one 
hyper-methylated probe was annotated to this 
gene.

Moreover, ~800 and ~400 divergent regulated 
genes correlated with hypo- and hyper-methyla-
tion (Figure 3A and Supplemental Table 5). 
Comparing the percentage of DNA methylation 
associated genes showing vs. not showing 
divergent regulation in different TCGA datasets 
(gene set 1 and gene set 2), it was found that 
82.7% of the genes showing both upregulation 
and downregulation in different TCGA datasets 
correlated with DNA methylation in at least one 
TCGA dataset. In contrast, only 61.3% of the 
genes that did not show this divergent regula-
tion correlated with DNA methylation in at least 

one TCGA dataset (Figure 3B). The difference 
was significant (p-value < 2.2e-16). Hence, DNA 
methylation was prone to be correlated with 
expression of divergent regulated genes.

Taking gene DLL4 as an example, expression 
levels were significantly upregulated in KIRC, 
LIHC, and THCA. Levels were downregulated in 
BRCA, LUAD, LUSC, and UCEC (Figure 3C). The 
methylation probe cg14209037 was annotat-
ed to DLL4. The beta-value of this probe was 
significantly lower in cancer in KIRC, LIHC, and 
THCA, while higher in BRCA, LUAD, LUSC, and 
UCEC (Figure 3D). The gene expression profile 
was negatively correlated with methylation 
levels.

Genes under divergent regulation more likely 
to be prognostic genes

To explore the association of genes which were 
both upregulated and downregulated in differ-
ent TCGA datasets with clinical outcomes, 
expression levels were correlated with patient 
survival. The number of differentially-expressed 
and prognostic genes varied among different 
TCGA datasets. In the KIRC dataset, 50% of 
upregulated genes were identified as prognos-
tic. In contrast, less than 10% of upregulated or 
downregulated genes in COAD or PRAD datas-
ets were identified as prognostic (Figure 4A 
and Supplemental Table 6).

Of these prognostic genes, around 20% under 
divergent regulation were also predicted to cor-
relate with prognosis in each TCGA dataset 
(Figure 4B). This study then compared the per-
centage of prognostic genes showing vs. not 
showing divergent regulation in different TCGA 
datasets (gene set 1 and gene set 2). It was 
found that 86.7% of the genes showing both 
upregulation and downregulation in different 
TCGA datasets correlated with prognosis in at 
least one TCGA dataset. In contrast, only 71.8% 
of genes that did not show this divergent regu-
lation correlated with prognosis in at least one 
TCGA dataset (Figure 4C). The difference bet- 
ween the percentages of prognostic isoforms in 

one TCGA datasets; Group 2: Number of isoforms both upregulated in only one TCGA dataset and downregulated 
in other one TCGA dataset. C. Summary list of the top 15 genes that were both upregulated and downregulated in 
different TCGA datasets, sorted by the number of TCGA datasets showing up/downregulation. D. Boxplots showing 
the distribution of the TMM normalized counts for the indicated genes in indicated TCGA datasets. E. Gene ontology 
(GO) enrichment analysis showing the function of genes that were both upregulated and downregulated in different 
TCGA datasets. X-axis: -log10 transformed Bonferroni’s corrected p-value.

http://www.ijcem.com/files/ijcem0091545suppltab3.xlsx
http://www.ijcem.com/files/ijcem0091545suppltab5.xlsx
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Figure 3. Correlation between the expression profile of divergent regulated genes and DNA methylation. A. Bar graph 
showing the number of divergent regulated genes correlated with hypo- or hyper-methylated probes. B. Bar graph 
comparing the percentage of genes correlated with DNA methylation among those which were both upregulated and 
downregulated in different TCGA datasets versus the remaining up/downregulated genes. P-values were calculated 
by the Chi-square test in R. C. Boxplots showing the distribution of the TMM normalized counts for the indicated 
gene in indicated TCGA datasets. D. Boxplots showing the distribution of the beta-value for the indicated probe in 
indicated TCGA datasets.
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Figure 4. Identification of prognostic genes among those that were both upregulated and downregulated in different 
TCGA datasets. A. Bar graph showing the percentage of upregulated or downregulated and prognostic genes among 
upregulated or downregulated genes in each TCGA dataset. B. Bar graph showing the percentage of upregulated 
or downregulated prognostic genes with divergent regulation among upregulated or downregulated genes with di-
vergent regulation in each TCGA dataset. C. Bar graph comparing the percentage of prognostic genes among those 
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these two gene sets was significant (p-value < 
2.2e-16). Hence, genes that were both upregu-
lated and downregulated in different TCGA da- 
tasets were more likely to be prognostic genes.

Identification of divergent regulated genes 
correlated with different prognosis in TCGA 
datasets

A straightforward and simple explanation for 
the divergent regulation of genes is that the 
transcription of certain genes is activated in 
some types of cancer, while other types of can-
cer suppress the transcription of the same ge- 
nes. Activation and suppression may promote 
tumorigenesis and decrease survival times in 
different cancers.

Cox’s model for survival analysis provides a 
coefficient for each gene. This is related to its 
contribution to the hazard ratio. A positive coef-
ficient indicates that this isoform increases 
hazard ratios, while a negative coefficient indi-
cates that expression of this isoform increases 
survival times [12]. The question was consid-
ered whether a gene which was upregulated 
and which increased the hazard ratio and 
decreased the survival time in one TCGA data-
set could be downregulated in a different TCGA 
dataset, while also increasing the hazard ratio 
and decreasing the survival time in that second 
TCGA dataset.

Results showed that upregulation or downregu-
lation of a certain gene showing divergent regu-
lation in each TCGA dataset could decrease 
survival times (Figure 4D). In total, the current 
study found that both upregulation and down-
regulation of 336 genes with divergent regula-
tion decreased survival times in corresponding 
TCGA datasets (Supplemental Table 6).

Taking three genes (AC103563.9, CSAD, and 
MAL) as examples, analysis showed that both 
upregulation and downregulation of these three 
genes in the indicated TCGA datasets reduc- 
ed survival times (Supplemental Figure 1 and 

Figure 4E). Gene CSAD was upregulated in the 
KIRC dataset and downregulated in the LIHC 
dataset (Supplemental Figure 1). Upregulation 
of CSAD in the KIRC dataset decreased survival 
times (log-rank P = 2.6E-04), while downregula-
tion of this same gene in the LIHC dataset also 
decreased survival times (log-rank P = 4.8E-
05) (Figure 4E).

Current results suggest that 336 genes with 
divergent regulation correlated with different 
prognosis in different TCGA dataset. Upre- 
gulation and downregulation of these 336 iso-
forms associated with decreased survival times 
in different TCGA datasets.

Identification of divergent regulated genes cor-
related with different prognosis classified as 
OG and TSG

Oncogenes (OG) and tumor suppressor genes 
(TSG) are two classes of genes that strongly 
promote or suppress tumorigenesis, respec-
tively. Cancer cells may induce expression of 
OG and suppress expression of TSG, promoting 
tumorigenesis [15, 16]. Surprising, 100 genes 
with divergent regulation were classified as OG 
or TSG and upregulated or downregulated in 
each TCGA dataset (Figure 5A). Furthermore, it 
was found that a certain number of prognostic 
genes with divergent regulation were classified 
as OG or TSG (Figure 5B). A total of 22 genes 
with dual function were classified as OG or TCG 
(Supplemental Table 7). Results indicated that 
both upregulation and downregulation of these 
OGs or TSGs decreased survival times in differ-
ent TCGA datasets. Thus, these OGs and TSGs 
may also play a dual role in tumorigenesis.

NR1I2, which belongs to OG, was upregulated 
in KIRC. However, in the LIHC dataset, it was 
downregulated (Figure 5D). High expression of 
NR1I2 in KIRC was significantly associated with 
reduced survival times (log-rank P = 1.6E-02). 
In contrast, low expression of NR1I2 in LIHC 
was significantly associated with reduced sur-
vival times (log-rank P = 1.4E-03) (Figure 5C).

which were both upregulated and downregulated in different TCGA datasets versus the remaining up/downregulat-
ed genes. P-values were calculated by the Chi-square test in R. D. Bar graph showing the percentage of upregulated 
prognostic genes with divergent regulation and prognosis-relevant coefficient > 0 among upregulated prognostic 
genes with divergent regulation in each TCGA dataset and downregulated prognostic genes with divergent regula-
tion and prognosis-relevant coefficient < 0 among downregulated prognostic genes with divergent regulation in 
each TCGA dataset. E. Survival plots corresponding to indicated genes with dual function. Isoforms showing genes 
with divergent regulation. Upregulation and downregulation of these genes in different TCGA datasets reduced sur-
vival times. Groups of high or low expression were defined as > or ≤ the median value of TMM normalized counts.

http://www.ijcem.com/files/ijcem0091545suppltab7.xlsx
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Figure 5. Characterization of genes classified as OG and TSG. A. Bar graph showing the number of genes with di-
vergent regulation that were classified as OG (left panel) or TSG (right panel) in each TCGA dataset. B. Bar graph 
showing the number of prognostic genes with divergent regulation that were classified as OG (left panel) or TSG 
(right panel) in each TCGA dataset. C. Survival plots corresponding to indicated genes that were classified as OG (left 
panel) or TSG (right panel). D. Boxplots showing the distribution of the TMM normalized counts for indicated genes 
in the indicated TCGA datasets.
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ERBB2, which belongs to TSG, was upregulated 
in UCEC. In contrast, it was downregulated in 
KIRC (Figure 5D). High expression of ERBB2 in 
UCEC significantly reduced survival times (log-
rank P = 7.4E-04). In contrast, low expression 
of ERBB2 in KIRC also significantly reduced sur-
vival times (log-rank P = 1.0E-06) (Figure 5C).

Discussion

Genes which show both upregulation and down-
regulation and are associated with reduced 
survival times may reflect the complexity of 
gene regulation in tumorigenesis. Indeed, previ-
ous studies have identified several genes which 
play a dual role in tumorigenesis [17-20]. Some 
of these studies have identified several targets 
with opposing functions [18, 19]. The current 
study identified hundreds of genes with diver-
gent regulation that correlated with reduced 
survival times, constituting novel targets for 
further studies. Understanding the dual func-
tion of these genes could expand current knowl-
edge about cancer. It also serves as a warning 
that upregulation or downregulation of a spe-
cific gene which promotes or suppresses tu- 
morigenesis in one type of cancer does not 
mean that this same pattern of expression will 
also promote or suppress tumorigenesis in a 
different type of cancer. The actual function of 
these genes may be very complex.

Indeed, the current study found that both up- 
regulation and downregulation of these diver-
gent regulated genes correlated with reduced 
survival times in different TCGA datasets. The 
percentage of prognostic genes among these 
divergent regulated genes was significantly hi- 
gher than that in control genes. Results show- 
ed that these divergent regulated genes strong-
ly influenced clinical outcomes. The current 
study identified 336 genes that decreased sur-
vival times when upregulated or downregulated 
in corresponding TCGA datasets, providing 
novel targets for future studies. 

Regulation mechanisms of these divergent reg-
ulated genes could be an interesting topic for 
future studies. The current study provided a 
link between DNA methylation and regulation of 
these divergent regulated genes. An important 
way of regulation in cancer, DNA methylation 
changes were prone to be correlated with and 
contribute to expression of divergent regulated 
genes.

Additionally, it was found that certain genes 
that were classified as OG or TSG were also 
upregulated or downregulated. They were asso-
ciated with reduced survival times in different 
TCGA datasets. Inhibition of the activity of OG 
by chemical compounds is one of the ways to 
cure cancer [21]. However, the current study 
indicated that low expression of some OGs cor-
related with reduced survival times in some 
types of cancer. Thus, inhibiting the activity of 
these OGs may not be a suitable cancer thera-
py approach in these cases. It is also notable 
that overexpression of some TSGs could para-
doxically promote tumorigenesis in certain 
types of cancer.
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Supplemental Figure 1. Boxplots showing the distribution of TMM normalized counts for indicated isoforms in the 
indicated TCGA datasets.


