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SUMMARY 

Cancer driver mutations and modules are central to understanding tumorigenesis, tumor 

malignancy, recurrence, and drug resistance. However, driver mutations and modules across 

tumor types are not completely characterized nor understood due to limitations of tumor samples 

and the complexity of biological pathways. Here, we present a comprehensive analysis of driver 

mutations and modules in cancer genomes across 49 cancer types from The Cancer Genome 

Atlas (TCGA) Pan-Cancer studies, and Cancer Cell Line Encyclopedia (CCLE). We used whole-

exome somatic mutation variants from TCGA and CCLE to characterize a landscape of driver 

alterations across cancers in protein coding genomic regions. We identified well-known and 

studied driver mutations and revealed previously unannotated driver genes. TP53 was the most 

significant and mutated driver across tumors, followed by KRAS, PTEN, RB1, CDKN2A, NRAS, 

CASP8, and STK11. DSPP and PTPRQ were the only unannotated driver gene in the Catalogue 

of Somatic Mutations in Cancer (COSMIC) Cancer Gene Census (CGC), which were highly 

significant in both TCGA and CCLE pan-cancer analysis. We also observed highly significant 

and potentially unannotated driver genes such as ELAVL1, FHL2, GNB2L1, DNAH8 and 

DNAH9. Many of these possible unannotated drivers, such as DSPP, have been previously 

suggested as potential cancer driver genes using experimental approaches, however, they have 

not been previously characterized as drivers across all cancer types. This study provides a model 

and comprehensive landscape of driver genes and mutations across cancer type genomes which 

might serve as an asset for future research and clinical endeavors.  
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INTRODUCTION 

The Historic Race to Cancer Omics 

Cancer is an ancient set of diseases of the -ome: genome, transcriptome, proteome, and 

metabolome, and as breakthroughs advance, we discover even more about the audacity of cancer 

cells. A century before DNA sequencing and the genomic revolution started, we first learned to 

study the hallmarks of cancer cells, biological capabilities acquired during the many steps of 

tumor development, such as cell proliferation, and the metabolic processes that allow cancer 

cells to obtain resources under various conditions (Hanahan, et al. 2011). Despite not being a 

universal feature of proliferating cancer cells, the Warburg Effect taught us the ways most cancer 

cells adapt to different environments (Warburg O., 1925; Warburg O., 1956). Otto Warburg 

demonstrated that unlike normal differentiated cells, which rely on mitochondrial oxidative 

phosphorylation to generate energy needed for cellular processes, most cancer cells instead rely 

on aerobic glycolysis (Warburg O., 1956; Vander Heiden et al., 2009). Aerobic glycolysis allows 

cancer cells to convert nutrients such as glucose and glutamine more efficiently than normal 

cells, thus having the resources to produce the building blocks of new cells and promote 

anabolism and proliferation (Liberti et al., 2016). 

 A better understanding of cancer emerged after Watson and Crick published the 

molecular structure of nucleic acids (Watson & Crick, 1953). This work, which includes 

significant findings from Rosalin Franklin, revolutionized biology and medicine, by unlocking a 

better understanding of the molecular mechanisms of cells. In addition, incredible progress has 

been made in cancer research since the publication of the first draft of the human genome 

(International Human Genome Sequencing Consortium., et al. 2001; Venter, et al. 2001; 

International Human Genome Sequencing Consortium, 2004; Hood et al., 2004). The sequencing 
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of the human genome jumpstarted the field of cancer genomics and allowed the study of cancer 

types at the single-nucleotide level (Gibbs et al., 2020). These new discoveries and advances led 

to the development of new computational tools and multi-institutional efforts to characterize 

cancer genomes at large scale. 

Over the past two decades, The Cancer Genome Atlas (TCGA) project (Cancer Genome 

Atlas Research Network et al., 2013), a joint effort by the National Institute of Health (NIH) and 

National Human Genome Research Institute (NHGRI) to transform cancer research and 

discovery through technological advances, DNA sequencing, and data sharing, provided 

significant insights into the quest for the eradication of cancer. Numerous contributions have 

been made through the TCGA project, from better understanding tumorigenesis and cancer 

alterations across the whole genome to developing better technologies to sequence DNA and 

analyze data (Hoadley et al., 2018; Ding et al., 2018; Saltz et al., 2018; Malta et al., 2018; 

Thorsson et al., 2018). The TCGA PanCancer Atlas project has characterized thousands of novel 

somatic mutations, structural variations, altered biological pathways, and epigenetic changes 

across tumor types, therefore providing the most comprehensive catalog on cancer to date (The 

Cancer Genome Atlas Research Network., Genome Characterization Center, Chang, K. et al., 

2013; Ding et al., 2018; Hoadley et al., 2018; The ICGC/TCGA Pan-Cancer Analysis of Whole 

Genomes Consortium., Campbell, P.J. et al., 2020). 

 

Figure 1. Functional impact of mutations reveals driver genes. A. Overview of TCGA 

PanCancer Atlas and CCLE sample collections and processing. Different cancer types were 

sequenced at TCGA consortium members and contributing centers (Hoadley et al., 2018). CCLE 

cell lines were sequenced at both the Broad Institute and Sanger Institute (Ghandi et al., 2019). 
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B. Pan-cancer analysis workflow to characterize a whole cancer exome landscape of driver 

mutations across cancer types.  

A. 
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The need to characterize genetic variations, candidate targets, and therapeutics, and to 

identify novel marker-driven cancer dependencies gave birth to the Cancer Cell Line 

Encyclopedia (CCLE) project (Ghandi et al., 2019). More than a thousand cancer cell lines have 

been studied and characterized in the CCLE providing a framework in which to study genetic 

variants and therapeutics for human cancers. To improve the understanding of molecular features 

that contribute to cancer phenotypes, the CCLE expanded the characterizations of cancer cell 

lines to include genetic array data for 1749 cell lines from individuals of various lineages and 

ethnicities (Ghandi et al., 2019) and , provided the most comprehensive catalog of human cancer 

models. The TCGA and CCLE projects are two of the most important scientific advances for 

cancer research. However, the analysis of cancer genomes at large scale continues to provide 

significant information with clinical and therapeutic implications. 

Recent pan-cancer studies of whole genomes mapped the pattern in somatic structural 

variations, RNA alterations, non-coding somatic mutations, chromosomal rearrangements, and 

evolution of thousands of cancers (The ICGC/TCGA Pan-Cancer Analysis of Whole Genomes 

Consortium et al., 2020; Li et al., 2020; PCAWG Transcriptome Core Group et al., 2020; 

Rheinbay et al., 2020; Cortés-Ciriano et al., 2020; Gerstung et al., 2020). These studies have 

provided significant insights into improving existing clinical treatments, novel early detection 

advances, and has further driven the quest for a universal cure for these malignancies (Li et al., 

2014). Despite these remarkable accomplishments in cancer research and omics, the driver 

mechanisms and modules that drive tumor malignancy, progression, recurrence, and help tumors 

achieve drug resistance after treatments are not completely characterized nor understood due to 

limitations of tumor samples and data.  
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Nature of Cancer  

Cancer occurs when an accumulation of somatic mutations and other genetic alterations 

cause cells to multiply out of control and form a tumor that might eventually metastasize. 

Metastatic tumors are termed malignant due to the fact that they have the ability to spread 

through the blood or lymph system, and form new tumors in other organs or tissues throughout 

the body. Malignant tumors are characterized by somatic mutations, non-heritable mutations that 

affect the overall survival of cancer patients. For example, in a recent study in patients with 

resected stage I lung adenocarcinoma (LUAD), KRAS mutation was an independent prognostic 

factor for overall survival and recurrence (Kadota et al., 2016). Kadota et al. demonstrated that 

the five years overall survival in patients with KRAS mutant tumors (n = 124, 63%) was 

significantly worse than those with KRAS wild-type (n = 339; 77%; p-value < 0.001), and in 

solid predominant tumors, KRAS mutations correlated with worse overall survival (p-value = 

0.008) and increased recurrence (p-value = 0.005). 

The Drivers of Cancer  

Cancer genomes contain two kinds of mutations: passenger mutations and driver 

mutations. Passenger mutations arise randomly from sequences that do not seem to contribute 

directly to cancer progression or cancer malignancy (Wodarz et al., 2018). However, mutations 

that contribute to tumor development and metastasis, such as KRAS mutant, are known as 

drivers. Despite the fact that drivers are central to understanding tumor malignancy, it is not well 

understood how driver alterations occur and systematically contribute to the hallmarks of cancer. 

Cancer driver genes can be functionally classified as tumor suppressor genes (TSGs) or 

oncogenes (OGs) based on their role in tumorigenesis (Waks et al., 2016). In normal form TSGs 
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suppress and control cellular growth, however when mutated, they are inactivated and lead to 

cancer (Krug et al. 2002). OGs, which seem to be antithetical to TSGs, make normal cells grow 

out of control and become tumors via mutations that activate proto-oncogenes, normal genes that 

code for proteins that regulate cellular grow and proliferation and when mutated become 

oncogenes (Shen et al., 2018; Waks et al., 2016; Cline MJ. 1987). Studies show that both the loss 

of function in TSGs and gain of function in OGs are essential for tumorigenesis and tumor 

progression (Shen et al., 2018; Krug et al. 2002). However, a complete landscape of tumor 

suppressor and oncogenic drivers and how they systematically drive tumors is not yet 

characterized. 

The Mysterious Roles of Driver Associations and Modules 

When considering pairs of driver mutations within a given tumor type, two basic patterns 

emerge: co-occurrence or mutual exclusivity (Campbell PJ., 2017). Knowledge of signaling 

pathways and/or protein alterations networks is required to understand co-occurrent and mutually 

exclusive driver associations (Zhang et al., 2014). Co-occurrent driver associations, when two 

driver alterations are significantly observed in the same tumor or tumor stage, work together to 

benefit the hallmarks of cancer. In co-occurrent driver events one mutation ameliorates 

deleterious consequences of the other, therefore, increasing cell proliferation and survival 

(Campbell PJ., 2017). For example, MYC amplifications have been found to have significantly 

increased MYC expression in the presence of TP53 mutations across tumors (Ulz et al. 2016). 

MYC encodes a nuclear phosphoprotein that plays a role in cell cycle progression, apoptosis, and 

cell proliferation, differentiation and survival (Chen et al. 2018). TP53 encodes the p53 protein 

which plays essential functions in cellular response to diverse stresses and maintenance of 

genomic integrity (Aubrey et al. 2016).  As co-occurrent driver genes, MYC-associated tumors 
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often require disruption of the apoptosis pathway to promote cell proliferation, thus inducing 

TP53-dependent apoptosis (Ulz et al. 2016; Hermeking et al. 1994). 

Mutually exclusive driver associations, two driver mutations that are rarely observed in 

the same tumor or tumor stage, usually involve driver alterations in the same signaling pathway 

leading to functional redundancy (Campbell PJ., 2017). For example, one potential explanation 

for oncogenic EGFR and KRAS mutual exclusivity is that the two activating mutations are 

functionally redundant, per se, their coexistence does not benefit the evolutionary process of the 

cancer cell or clone (Cisowski et al., 2017). Another explanation for mutually exclusive driver 

events is synthetic lethality, which means, having two driver alterations in the same pathway is 

toxic to the cancer cell and leads to eventual death (Campbell PJ., 2017).  

Driver modules consist of many of these co-occurrent and mutually exclusive driver 

associations, and these associations are the grammar for the hallmarks of cancer. Driver modules 

include genetic alterations that confer fitness advantage to cancer cells such as single-nucleotide 

variants (SNVs), copy number alterations (CNAs), changes in the transcriptional activity of 

genes, and changes in protein concentration (Silverbush et al., 2019). In order to develop more 

efficient treatments for malignant and difficult to treat tumors, we need to better understand the 

networks or modules that characterize tumor malignancy and how they change after medical 

interventions or treatments (Vogelstein et al., 2013; Mateo et al., 2020). To do so, we need to 

characterize a complete landscape of driver mutations and modules across cancer genomes.   

 

Figure 2. Landscape of 49 cancer types from TCGA Pan-Cancer Atlas and CCLE. A. 49 

cancer types analyzed from TCGA Pan-Cancer Atlas and CCLE across 13 anatomical cohorts. 

TGCA shows the number of samples and CCLE the number of cancer cell lines from all WES 
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data included in analysis. Note: COAD and READ were combined in both TCGA and CCLE 

analyses, however, they are counted as two separate cancer types. 

A. 

From a Pan-cancer Analysis to a Landscape of Driver Mutations  

A recent study led by TCGA Research Network characterized the most comprehensive 

cancer genome landscape of human tumors to date from 2,658 whole-cancer genomes and their 

matching normal tissues across 38 tumor types from the Pan-Cancer Analysis of Whole 

Genomes (PCAWG) Consortium of the International Cancer Genome Consortium (ICGC) and 

TCGA (The ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium et al., 2020).  

This study showed that on average, cancer genomes contain 4–5 driver mutations when 
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combining coding and non-coding genomic elements; however, in around 5% of the cases no 

driver mutations were identified, demonstrating that cancer driver discovery is not yet complete 

(The ICGC/TCGA Pan-Cancer Analysis of Whole Genomes Consortium et al., 2020). 

A complete landscape of driver mutations across cancer genomes might unravel the 

systemic and mechanistic events that characterize tumorigenesis, tumor malignancy, and 

mutational commonalities across tumor types. Importantly, it will serve as an asset for future 

research and clinical endeavors. Pathways involved in tumorigenesis are complex and 

interconnected, and it is difficult to define the borders of a signaling pathway, and the notion of 

parallel or common pathways (Remy et al., 2015). However, a complete characterization of the 

mutational landscape of driver alterations across cancer types might elucidate altered processes 

and pathways involved in cancer formation, metastasis and drug resistance. 

Here, we took on the challenge to develop a comprehensive analysis of driver mutations 

and modules from 10,106 tumor samples and 1,065 cancer cell lines across 49 cancer types from 

TCGA PanCancer Atlas studies (Hoadley et al., 2018) and CCLE (Ghandi et al., 2019) (Fig. 1, 

Fig. 2). We aim to build a driver mutations landscape of cancer exomes across tumor types using 

OncodriveFML (Mularoni et al., 2016) and DriverPower (Babur et al., 2015) to identify novel 

driver alterations that might characterize the hallmarks of malignant tumors. In addition, we aim 

to develop a comprehensive analysis of cancer driver modules to characterize the systemic 

networks that write the hallmarks of tumors.  

 
Figure 3. Mutation count and effect of 49 cancer types from TCGA Pan-Cancer Atlas and 

CCLE. A. Venn Diagram showing the number of mutual cancer types in TCGA and CCLE. B. 

Landscape of processed somatic mutations in each cancer type in TCGA Pan-Cancer Atlas and 

CCLE. C. Fractions of variant effects across tumors in TCGA Pan-Cancer Atlas and CCLE 
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compendiums. Seven effects were mutual across somatic mutation variants in TCGA and CCLE 

from which missense and silent mutations predominate. Donut plots showing the percentage of 

mutational effects included for TCGA, CCLE and both TCGA and CCLE combined. 

 
C 
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METHODS 

Ethical Review 

Human tumor tissue, adjacent normal tissue, and normal whole blood samples were de-

identified from original samples in this study. All samples were obtained and sequenced by the 

TCGA consortium members and contributing centers with informed consent from all patients 

according to the local Institutional Review Boards (IRB) protocols as described by Hoadley et al. 

(Hoadley et al., 2018). Biospecimens were centrally processed and distributed to TCGA analysis 

centers. TCGA Project Management collected necessary human subjects documentation to 

ensure the project complies with 45-CFR-46 (the “Common Rule”). In addition, the program 

obtained documentation from every contributing clinical site to verify that IRB approval was 

obtained to participate in TCGA. 

TCGA WES 

WES somatic mutation calls for 10,124 donors were obtained from TCGA Pan-Cancer 

Atlas (https://gdc.cancer.gov/about-data/publications/pancanatlas). Somatic mutation variants for 

33 cancer types were downloaded from cBioPortal (https://www.cbioportal.org/datasets, human 

genome assembly GRCh37 (hg19) and sequencing method Illumina HiSeq). WES TCGA Pan-

Cancer Atlas variant calls can also be found at the National Cancer Institute Genomic Data 

Commons (GDC) (https://gdc.cancer.gov/about-data/publications/pancanatlas), University of 

California, Santa Cruz (UCSC) Xena Browser (https://xenabrowser.net/datapages/), and Broad 

Institute GDAC Firehose (https://gdac.broadinstitute.org/).  Notice that data from the cBioPortal 

and GCD were aligned  to human genome assembly GRCh37, while data from UCSC Xena 
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Browser in GRCh38. In this study, all data sets were aligned to the human genome assembly 

GRCh37. 

CCLE WES 

WES for 326 cell lines was performed at the Broad Institute Genomics Platform as 

described by Ghandi et al. (Ghandi et al., 2019). Libraries were constructed and sequenced on 

either Illumina HiSeq 200 or Illumina GAIIX, with 76-bp paired-end reads. Outputs from 

Illumina software were processed by the Picard data-processing pipeline to yield BAM files 

containing well-calibrated and aligned reads. WES variant calls for 1,072 cell lines were based 

from the Sanger Institute, indicated as "Sanger WES'' and were constructed and sequenced on 

Illumina HiSeq 2000 (COSMIC: http://cancer.sanger.ac.uk/cell_lines, EGA accession number: 

EGAD00001001039). Sanger WES sequence data was reprocessed using CCLE pipelines and 

merged into a single data set which includes WGS data for 329 cell lines (CCLE: 

https://portals.broadinstitute.org/ccle/data, File: CCLE_DepMap_18q3_maf_20180718.txt). 

CCLE mutation calls data can also be found in the cBioPortal, UCSC Xena Browser, and the 

Broad Institute Cancer Dependency Map (DepMap) project 

(https://depmap.org/portal/download/). 

TCGA PanCancer Atlas Somatic Variant Calling 

 
TCGA whole exome somatic mutation calling was performed using MutSigCV (version 

1.4) to determine significantly mutated genes (Lawrence et al., 2013) and GISTIC2.0 to identify 

recurrent deletion and amplification peaks (Mermel et al., 2011) as described by the Zheng et al. 

(Zheng et al., 2016). More details for each TCGA PanCancer Atlas data can be found at NIH 
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website by selecting each individual study (https://www.cancer.gov/about-

nci/organization/ccg/research/structural-genomics/tcga/studied-cancers). 

CCLE Somatic Variant Calling 

A variant calling pipeline was designed to process all sequencing data generated by the 

CCLE project as described by Ghandi et al. (Ghandi et al., 2019). Mutation analysis for SNVs 

was performed using MuTect v1.1.6 (Huang et al. 2015) in single sample mode with default 

parameters (Ghandi et al., 2019). In addition, short indels were detected using Indelocator 

(http://archive.broadinstitute.org/cancer/cga/indelocator) in single sample mode also with the 

default parameters. To ensure high-quality variant calls, it was required a minimum coverage of 

4 reads with a minimum of two reads supporting the alternate allele. Variants with an allelic 

fraction below 0.1 and variants outside the protein CDS were excluded. In order to remove 

germline-like variants, any variant with a normal allelic frequency greater than 10^-5 as 

described by the Exome Aggregation Consortium (ExAC) project (Lek et al. 2016) was removed 

with exception of any cancer-recurrent variants with minimum frequency of 3 in TCGA or a 

frequency of 10 in COSMIC (Lek et al. 2016). 

Processing of TCGA Somatic Mutation Calls  

 
All pre-processed TCGA Pan-Cancer Atlas whole exome somatic mutation calls for 

10,124 samples across 33 cancer types were merged into a single data set for uniform processing 

and analysis. In addition, all biased variants, multiple nucleotide variants (MNVs), introns 

variants, and any other variants not associated with protein coding sequences such as splice sites, 

5’ untranslated region (UTR), and 3’ UTR variants were removed from the data set. After 
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applying these metrics, only 10,106 tumor samples were included in the eventual analysis 

making a mutational landscape of 2,685,974 SNVs across 33 cancer types. This collection 

includes a sample distribution as follow: ACC (n=91) (Zheng et al., 2016), BLCA (n=409) 

(Hoadley et al., 2018), BRCA (n=1009) (The Cancer Genome Atlas Network et al., 2012; 

Ciriello at el., 2015), COAD/READ (n=528) (The Cancer Genome Atlas Network et al., 2012), 

CHOL (n=36) (Farshidfar et al., 2017), CESC (n=281) (The Cancer Genome Atlas Research 

Network et al., 2017), DLBC (n=37) (Hoadley et al., 2018), ESCA (n=182) (The Cancer 

Genome Atlas Network, Analysis Working Group: Asan University et al., 2017), GBM (n=394) 

(Brennan et al., 2013), HNSC (n=502) (The Cancer Genome Atlas Network., Genome 

sequencing centre: Broad Institute et al., 2015), KIRC (n=356) (The Cancer Genome Atlas 

Research Network., Analysis working group: Baylor College of Medicine et al., 2013), KICH 

(n=65) (Davis et al., 2014), KIPR (n=274) (Cancer Genome Atlas Research Network, Linehan et 

al., 2016), LGG (n=509) (Cancer Genome Atlas Research N, Brat et al., 2015), LAML (n=197) 

(Cancer Genome Atlas Research Network, Ley TJ, et al., 2013), LUAD (n=562) (The Cancer 

Genome Atlas Research Network., Disease analysis working group., Collison et al., 2014), 

LUSC (n=469) (The Cancer Genome Atlas Research Network., Genome sequencing centres: 

Broad Institute. Et al., 2012; Campbell et al., 2012), LIHC (n=358) (Cancer Genome Atlas 

Research Network 2017), MESO (n=81) (Hmeljak et al., 2018), OV (n=409) (The Cancer 

Genome Atlas Research Network et al., 2011), PAAD (n=176) (Cancer Genome Atlas Research 

Network et al., 2017), PCPG (n=178) (Fishbein et al., 2017), PRAD (n=491) (Cancer Genome 

Atlas Research Network 2015), STAD (n=436), SARC (n=234) (Cancer Genome Atlas Research 

Network 2017), SKCM (n=440) (Cancer Genome Atlas Research Network 2015), THCA 

(n=485) (Cancer Genome Atlas Research Network 2014), TGCT (n=143) (Shen H. et al., 2018), 
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THYM (n=122) (Radovich et al., 2018), UCEC (n=515) (Levine et al., 2013), UCS (n=57) 

(Cherniack et al., 2017), and UVM (n=80) (Robertson et al., 2017) (Supplementary Table 1). 

From the TCGA compendium of 33 cancer types, 28 cancer types were mutual with CCLE and 

only 5 cancer types were unique to TCGA including KIRP, KICH, UCS, THYM, and PCPG. 

Unique cancer types were not combined with CCLE for cancer specific analyses; however, they 

were included in the pan-cancer analyses. Complete list of cancer type abbreviations from TCGA 

(https://gdc.cancer.gov/resources-tcga-users/tcga-code-tables/tcga-study-abbreviations).  

Processing of CCLE Somatic Mutation Calls  

All cancer cell lines were filtered for whole exome somatic mutation variants. The mutual 

cancer types with TCGA were annotated by TCGA cancer codes using the CCLE cell line 

annotations (https://portals.broadinstitute.org/ccle/data. File: 

Cell_lines_annotations_20181226.txt). From 1,461 annotated cell lines, we removed 329 cell 

lines containing WGS somatic mutations and 67 cell lines which had no annotation and were 

unable to be annotated. A group of 109 cell lines annotated as “CUP” was re-annotated using 

DepMap (https://depmap.org/portal/). After applying these metrics, only 1,065 cancer cell lines 

containing whole exome somatic mutation variants across 43 cancer types were included in 

eventual analyses. The 28 cancer types with cell lines mutual to TCGA cancer types include 

BRCA (n=28), BLCA (n=23), LAML (n=41), DLBC (n=54), OV (n=38), UCEC (n=19), CESC 

(n=16), KIRC (n=42), THCA (n=16), ESCA (n=28), STAD (n=24), COAD/READ (n=47), 

LIHC (n=17), PAAD (n=34), HNSC (n=57), LUAD (n=86), MESO (n=23), GBM (n=53), LGG 

(n=13), SARC (n=79), SKCM (n=61), LUSC (n=11), PRAD (n=7), ACC (n=1),  TGCT (n=5), 

CHOL (n=4), and UVM (n=1) (Supplementary Table 1). Cancer types unique to CCLE include 

CLL (n=4), MB (n=5), NB (n=36), SCLC (n=30), ALL (n=61), LCML (n=15), MM (n=32), HL 
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(n=12), MNG (n=2), SCC (n=3), HCL (n=4), ATRT (n=12), NHL (n=10), MCC (n=2), and 

PENT (n=1) (Supplementary Table 1).  

Whole Exome Somatic Mutations Analysis 

SNVs in both TCGA PanCancer Atlas and CCLE somatic mutation calls were filtered to 

perform a unified pan-cancer analysis of somatic mutations in both compendiums and a series of 

cancer specific analyses. These analyses include somatic mutation variants that are specifically 

found in protein coding regions or CDS. The mutational effects included in analysis were 

missense, nonstop, nonsense, silent, inframe insertions, frameshift deletions, and frameshift 

insertions SNVs, all of which were mutual in both collections. The pan-cancer analysis of whole 

exome somatic mutations includes all tumor types from TCGA PanCancer Atlas (n=33) and 

CCLE (n=43) collection. We combined both TCGA PanCancer Atlas and CCLE somatic 

mutation landscapes into a single data set and used OncodriveFML to identify potential driver 

alterations across tumors. In addition, pan-cancer analyses were run specifically for TCGA and 

CCLE, respectively. Cancer specific analyses were run for TCGA and CCLE combined for the 

28 mutual cancer types. In addition, cancer specific analyses were run for cancer types unique to 

TCGA (n=5) and CCLE (n=16). 

Driver Calling Pipelines 

OncodriveFML 

OncodriveFML analyzes the pattern of somatic mutations to identify signals of positive 

selection in both coding and non-coding genomic regions, thus predicting genes that have greater 

accumulation of mutations by higher functional impact (Mularoni et al., 2016).  The predicted 
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functional impacts (FI) of mutations were scored using the CADD framework version 1.0 

(Kircher et al., 2014) as described by Mularoni et al. for HG19 (GRCh37) reference genome. 

This framework provides a score for every possible nucleotide substitution in the human genome 

and can consequently be applied to coding and non-coding genomic elements. CADD scores can 

be downloaded in the Combined Annotation Dependent Depletion (CADD) website 

(https://cadd.gs.washington.edu/download). The mean of randomized FI scores for mutations 

was compared to permuted mutations within the same gene to calculate an empirical p-value. 

The resulting p-values are then adjusted using Benjamini-Hochberg multiple testing correction 

procedure. The results were calculated using CDS region coordinates from Gencode release 19 

(HG19). HG19 CDS regions were downloaded from the Barcelona Biomedical Genomics Lab 

(BBGLAB) website (https://bitbucket.org/bbglab/oncodrivefml/downloads/). In addition, HG19 

CDS regions can be obtained from the Encode website (http://www.gencodegenes.org/). As 

described by Mularoni et al., CDS regions were only considered for genes where both 

“gene_type” and “transcript_type” metadata were annotated as “protein_coding.” When using 

HG19 from Encode to obtain CDS regions, it is required to remove any non-coding gene 

coordinates. 

 

DriverPower 

We aim to use DriverPower as an orthogonal method to validate potential novel driver 

genes predicted by OncodriveFML. DriverPower is a framework for identification of coding and 

non-coding driver mutations using mutational burden (MB) and FI scores. The current 

implementation of DriverPower can measure FI using any of four functional scoring schemes 

including CADD, DANN, EIGEN and LINSIGHT scores (Shuai et al., 2020). We aim to use 
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CADD scores and both somatic copy number and somatic mutation calls from TCGA and CCLE 

to run the analyses. Somatic copy number data will be downloaded from the cBioPortal for 

TCGA (https://www.cbioportal.org/datasets) and CCLE server 

(https://portals.broadinstitute.org/ccle/data) for the CCLE. We aim to apply the same metrics and 

analysis procedures as for OncodriveFML. 

Mutex 

To identify and analyze potential driver pathways/modules, we aim to use Mutex, a 

method that identifies potential driver pathways based on mutual exclusivity of alterations 

(Babur et al., 2015). Mutex scans groups of genes with a common downstream effect on a 

signaling network using a mutually exclusive test in which each gene in the group significantly 

contributes to the mutual exclusivity pattern as described by Babur et al. (Babur et al., 2015). 

We aim to use mutation and copy number profiles for TCGA PanCancer Atlas studies  

(https://www.cbioportal.org/datasets, Ref: TCGA, Cell 2018) and CCLE cancer cell lines 

(https://portals.broadinstitute.org/ccle/data) to identify potential mutually exclusion of mutations 

in these datasets and thus, driver associations and modules. 

 

COSMIC CGC 

The CGC is a catalog of driver genes whose mutations have been causally implicated in 

cancer and curated using tumor samples and cancer cell lines (Sondka et al., 2018). CGC 

describes in detail the effect of evidence-based, manually curated summaries of 719 cancer 

driver genes (version 86, August 2018) (https://cancer.sanger.ac.uk/census). The CGC 
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information was used to identify and compare annotated versus unannotated significant driver 

genes predicted by OncodriveFML analyses. 

Lollipop/Mutational Needle Plots 

Lollipop (Mutational needle) plots were produced using cBioPortal mutation mapper 

(Cerami et al., 2012; Gao et al., 2013). Data was formatted for specific driver genes predicted by 

OncodriveFML and uploaded to cBioPortal server 

(https://www.cbioportal.org/mutation_mapper). The GRCh37 reference genome was selected for 

the visualizations. 

Statistical Analysis and Code Availability 

All data processing, data integration and analysis were performed in R/Rstudio. 

Statistical tests respective to OncodriveFML are noted above in respective sections. All data 

processing and statistical analyses code are available at https://github.com/caeareva/pcadmm/ 

and upon request from the author (caeareva@ucsc.edu). 

Data Availability  

The processed data for TCGA can be found at the Memorial Sloan Kettering Cancer 

Center cBioPortal (https://www.cbioportal.org/datasets, Ref: TCGA, Cell 2018) and CCLE at the 

Broad Institute CCLE server (https://portals.broadinstitute.org/ccle/data). In addition, TCGA 

mutations and processed data can be downloaded from the UCSC Xena Browser  

(https://xenabrowser.net/datapages/) by selecting cancer types that start with the term “GDC 

TCGA”, NIH GDC (https://gdc.cancer.gov/about-data/publications/mc3-2017), and the Broad 

Institute FireBrowse Portal (https://gdac.broadinstitute.org/). CCLE data can also be downloaded 
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from the UCSC Xena Browser by selecting for the “Cancer Cell Line Encyclopedia (CCLE)” 

term and DepMap (https://depmap.org/portal/download/) by selecting CCLE_mutations.csv. 

Mutations data from the UCSC Xena Browser were annotated using HG38, however, they can be 

lifted from HG38 to HG19 using the UCSC Genome Browser liftOver tool 

(https://genome.ucsc.edu/cgi-bin/hgLiftOver). 

 

Figure 4.  TCGA and CCLE pan-cancer analyses of protein-coding genomic elements. A. 

QQ plot comparing the expected and observed distribution of functional mutational bias p-values 

of genes in TCGA pan-cancer analysis. Note: not all significant genes (red) are labeled in figure. 

B. Comparison of mutation count versus significance of TCGA driver genes identified by 

OncodriveFML in pan-cancer analysis. All genes compared had a q-value < 0.1. C. QQ plot 

comparing the expected and observed distribution of functional mutational bias p-values of genes 

in CCLE pan-cancer analysis. D. Comparison of mutation count versus significance of CCLE 

driver genes identified by OncodriveFML in pan-cancer analysis. All genes compared had a q-

value < 0.1. 
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RESULTS 

Specimens and Tumor Types 

We evaluated all samples in the TCGA PanCancer Atlas collection (Hoadley et al., 2018) 

and CCLE (Ghandi et al., 2019) which eventually included whole-exome sequencing (WES) 

data for 10, 110 samples across 33 cancer types and 1,065 cancer cell lines across 43 cancer 

types (Fig 2A). From these compendiums, 28 tumor types were mutual in TCGA PanCancer 

Atlas and CCLE, 5 cancer types were unique to TCGA PanCancer Atlas, and 16 cancer types 
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were unique to CCLE (Fig. 3A). A total of 49 unique cancer types were included in the pan-

cancer analysis from both TCGA and CCLE collections, counting COAD/READ as two separate 

cancer types. 

To perform a unified analysis of driver alterations, the 49 unique cancer types were 

further stratified into 13 anatomical cohorts (Fig. 2A). Hematologic and lymphatic malignancies 

include acute myeloid leukemia (LAML), lymphoid neoplasm diffuse large B cell lymphoma 

(DLBC), thymoma (THYM), B-cell chronic lymphoblastic leukemia (CLL), T-cell acute 

lymphoblastic leukemia (ALL), chronic myelogenous leukemia (LCML), hairy cell leukemia 

(HCL), multiple myeloma [MM], Hodgkin’s lymphoma [HL], and Non-Hodgkin’s lymphoma 

[NHL]). Solid tumor types include gynecologic (ovarian [OV], uterine corpus endometrial 

carcinoma [UCEC], cervical squamous cell carcinoma and endo-cervical adenocarcinoma 

[CESC]), breast (breast invasive carcinoma [BRCA]), urologic (bladder urothelial carcinoma 

[BLCA], prostate adenocarcinoma [PRAD], testicular germ cell tumors [TGCT], kidney renal 

clear cell carcinoma [KIRC], kidney chromophobe [KICH], and kidney renal papillary cell 

carcinoma [KIRP]), endocrine (thyroid carcinoma [THCA] and adrenocortical carcinoma 

[ACC]), core gastrointestinal (esophagus carcinoma [ESCA], stomach carcinoma [STAD], colon 

adenocarcinoma [COAD], and rectum adenocarcinoma [READ]), developmental gastrointestinal 

(liver hepatocellular carcinoma [LIHC], pancreatic adenocarcinoma [PAAD], and 

cholangiocarcinoma [CHOL]), head and neck (head and neck squamous cell carcinoma 

[HNSC]), and thoracic (lung adenocarcinoma [LUAD], lung squamous cell carcinoma [LUSC], 

mesothelioma [MESO], and small cell lung cancer [SCLC]). Cancer types of the central nervous 

system (glioblastoma multiforme [GBM], brain lower-grade glioma [LGG], medulloblastoma 

[MB], neuroblastoma [NB], meningioma [MNG], and primitive neuroectodermal tumor [PENT]) 
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and soft tissue (sarcoma [SARC], uterine carcinosarcoma [UCS], and atypical teratoid rhabdoid 

tumor [ATRT]). Cancer types from neural-crest-derived tissues (pheochromocytoma and 

paraganglia [PCPG]) and melanocytic tumors of the skin (skin cutaneous melanoma [SKCM], 

skin squamous cell carcinoma [SCC], and merkel cell carcinoma [MCC]) and eye (uveal 

melanoma [UVM]). 

 
 
Figure 5.  Pan-cancer analysis of TCGA and CCLE whole exome variants across 49 cancer 

types. A. Pan-cancer analysis results of TCGA-CCLE whole exome variants across 49 cancer 

types. Note: not all significant genes (red) are labeled in figure. B. Mutation distribution versus 

significance from pan-cancer analysis results. C. TCGA Pan-cancer versus CCLE Pan-cancer 

significance. D. Proportion of predicted significant (q-value < 0.1) driver genes annotated versus 

non-annotated in COSMIC CGC. E. Driver gene count of annotated and unannotated drivers in 

COSMIC CGC.  

 

 



 

 29 

 



 

 30 

Mutational Datasets  

Mutational calls were produced by TCGA PanCancer Atlas contributing centers. We 

retrieved TCGA PanCancer Atlas WES somatic mutation calls for 10,124 tumor samples from 

cBioPortal (https://www.cbioportal.org/datasets). We removed all multiple nucleotide variants 

(MNVs), mutational bias, and non-coding genomic variants including splice sites, 5’ untranslated 

regions (UTRs), and 3’ UTRs that were included in the mutation data. A total of 10,106 samples 

were eventually included across 33 cancer types. The same metric was applied to 1570 cancer 

cell lines in the CCLE collection. CCLE mutation calls included whole-genome sequencing data 

for 329 cancer cells and 175 unclassified cell lines. After removing these groups, we ended with 

whole-exome somatic variants for 1065 cancer cells in our pan-cancer analysis. 

The Pan-Cancer Analysis of Whole Cancer Exomes  

The expansion of the CCLE to include sequencing data across cancer types represented 

an opportunity to undertake a pan-cancer analysis of driver mutation and modules in whole 

cancer exomes across tumor samples and cancer models. We implemented this analysis by 

combining both TCGA PanCancer Atlas and CCLE collections, and therefore increasing the 

number of samples per cancer type. Due to the low number of cancer cell lines including whole-

genome sequencing data, we focus our endeavors in exome variants only.  

We combined all processed somatic mutation variants from 49 cancer types from TCGA 

PanCancer Atlas and CCLE for uniform analysis. Urologic cancer types predominate in TCGA 

PanCancer anatomical cohorts with 1738 tumor samples from 6 cancer types including BLCA 

(n=409), PRAD (n=491), TGCT (n=143), KIRC (n=356), KICH (n=65), and KIRP (n=274). In 

the CCLE, the hematologic and lymphatic subtype predominates the sample size with somatic 
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variants for 229 cancer cell lines. Eye tissue was the cohort with the least number of samples and 

cell lines in both TCGA PanCancer Atlas (n=80) and CCLE (n=1) compendiums (Fig.2A). 

By merging TCGA PanCancer Atlas and CCLE, we build a landscape of more than 3 

million (n=3,461,942) somatic mutation variants. This landscape includes mutations for all 49 

cancer types across six mutational effects (Fig. 3B). The mutational landscape was made of 64% 

missense mutations (n=2,214,849), 28.6% silent mutations (n=989,533), 4.8% nonsense 

mutations (n=164,568), 2.6% SNV frameshift deletions (n=90,137), 0.1% nonstop mutations 

(n=2,558), and less than 0.1% for both frameshift insertion (n=302) and inframe insertion 

mutations (n=10) (Fig 3C). 

By merging both TCGA and CCLE somatic variant calls by cancer type, we identified 

UCEC as the tumor type with the highest number of mutations followed by SKCM, 

COAD/READ, LUAD, STAD and HNSC (Fig. 3B). Unique tumor types to CCLE predominate 

the list of cancer types with the lowest number of mutations such as MNG, PENT, HCL, CLL, 

MB and SCC (Fig. 3B). This low mutation count might be associated with the low number of 

cell lines in those cancer types. Approximately 66% of all somatic variants in TCGA PanCancer 

Atlas and 56.9% of all somatic variants in CCLE collection had a missense effect (Fig. 3C). 

Approximately 26.1% of all mutations in TCGA PanCancer Atlas and 37.1% of all mutations in 

CCLE had a silent effect (Fig. 3C). Nonsense mutations formed 5.2% of all TCGA PanCancer 

Atlas somatic variants and 3.3% of all CCLE somatic variants (Fig. 3C). Frameshift deletions 

formed 2.6% of all TCGA PanCancer Atlas mutations and 2.6% of all CCLE mutations (Fig. 

3C). Only 0.1% in both TCGA and CCLE collections were found to be nonstop mutations (Fig. 

3C). The mutational effect landscapes of TCGA and CCLE show a high degree of similarity 

between TCGA tumor cancer genomes and CCLE cancer cell line genomes indicating an 
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opportunity to undertake a TCGA PanCancer Atlas and CCLE combined pan-cancer analysis of 

driver mutations. 

 

Figure 6. Lollipop/Mutational needle plots of TP53, KRAS and PTEN. A. Mutational needle 

plot showing the mutational landscape of TP53 protein coding region across all cancer types. B. 

Mutational needle plot showing the mutational landscape of KRAS protein coding region across 

all cancer types C. Mutational needle plot showing the mutational landscape of PTEN protein 

coding region across all cancer types 

 
A.                                                                                                                   TP53 mutant (n=4192) 

 
B.                                                                                                                   KRAS mutant (n=998) 
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C.                                                                                                                   PTEN mutant (n=973) 

 

The Landscape of Cancer Driver Genes and Mutations 

 
A compendium of whole exome driver mutations was characterized across 49 unique 

cancer types in TCGA PanCancer Atlas and CCLE using OncodriveFML. A total of 2,685,975 

SNVs were processed for TCGA and 775,968 SNVs for CCLE. OncodriveFML was run three 

times for CDS genomic elements which includes TCGA pan-cancer variants only, CCLE pan-

cancer variants only, and both TCGA and CCLE pan-cancer variants combined (Fig. 4, Fig 5). 

Taking this approach, we were able to identify the most significant driver genes in TCGA, 

CCLE, and both TCGA and CCLE pan-cancer compendiums. Our pan-cancer analysis approach 

predicted ELAVL1 as the most significantly (observed p-value < 0.00001) altered driver gene 

(Fig. 5A). ELAVL1 encodes the embryonic lethal abnormal vision like 1 (ELAVL1, also known 

as HuR) protein and plays a role regulating the alternative splicing of translation initiation 4E 

nuclear import factor 1 (Eif4enif1) which encodes the translation initiation factor 4E transporter 

(4E-T) and suppresses the expression of capped mRNAs (Chang et al., 2014). The knockout of 

endothelial-specific ELAVL1 in mice has shown to exhibit reduced revascularization after hind 

limb ischemia and tumor angiogenesis resulting in attenuated blow flow and tumor growth 
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respectively (Chang et al., 2014). However, ELAVL1 has not been previously characterized as a 

cancer driver gene to the best of our knowledge.  

DNAH9 was predicted as the second most significantly (observed p-value < 0.00001) 

mutated driver gene followed by FHL2 and GNB2L1 in our TCGA and CCLE pan-cancer 

analysis results (Fig. 5A). DNAH9 encodes dynein axonemal heavy chain 9 (DNAH9) protein 

which plays a role in cell motility and have been frequently associated with diverse kinds of 

malignant tumors (Zhu et al., 2019). However, DNAH9 has not been previously described as a 

cancer driver gene to the best of our knowledge. FHL2 encodes four-and-a-half LIM-domain 

protein 2 (FHL2), a transcriptional cofactor that regulates p21 gene expression that inhibits cell 

proliferation of soft surfaces therefore having an important role in cancer (Naotaka et al., 2016; 

Kleiber et al., 2007). FHL2 is known to be deregulated in cancer, however, it has been found to 

be overexpressed in different tumor types, and its driver effect in a tissue-dependent manner is 

not well understood (Kleiber et al., 2007). GNB2L1, also known as RACK1, encodes guanine 

nucleotide-binding protein subunit beta-2-like 1 (GNB2L1) which has a significant role shuttling 

proteins, anchoring them at specific locations and stabilizing their activities (Adams et al., 2011). 

Studies have demonstrated that GNB2L1 plays important roles in cancer progression and its 

expression is upregulated during angiogenesis in various cancer types, including lung cancer 

(Cox et al., 2003; Lee et al., 2017). Despite DNAH9, FHL2, and GNB2L1 having been previously 

observed in cancer, they had not been characterized as potential driver genes and their mutational 

effects across tumors are not well understood. Many other potential driver genes which do not 

have COSMIC CGC annotations were predicted by our analysis including SACS, MGAM, 

ABCA13, HSPB11, ZNF559, and MROH1 (Fig. 5B-C). 
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Figure 7. Predicted driver genes landscape of 11 most mutated cancer types. A. Venn 

diagram showing the number of mutual cancer types with at least one predicted driver. B. 

Fraction of predicted COSMIC CGC annotated and unannotated driver genes in cancer specific 

analyses. Plot includes all cancer types where at least one significant (q-value < 0.1) driver was 

predicted. C. Fraction of predicted driver mutations per cancer type in Figure B. D.  QQ plots 

comparing the expected and observed distribution of functional mutational bias p-values of genes 

in TCGA-CCLE combined cancer types. Only tumors that had at list one significant driver gene 

identified by OncodriveFML were included. E. Mutation distribution of cancers in figure A. F. 

The q value of each driver tumor specific plotted against the q value in pan-cancer analysis for al 

cancer types in figure A. 

A. 
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Superdrivers of Cancer  

Our analysis successfully demonstrated the high frequency of cancer superdriver genes, 

drivers that can trigger the onset of cancer with little or no contribution from additional genetic 

alterations across tumor types (Grossmann et al., 2020). TP53 was the most significantly mutated 

superdriver in our TCGA and CCLE pan-cancer analysis followed by KRAS, PTEN, RB1, 

CDKN2A, NRAS, CASP8, and STK11 (q-value < 0.01) (Fig. 5B, Fig. 5C). TP53 was found to be 

mutated in all 49 cancer types accumulating 4,192 protein coding somatic mutations (Fig. 5C). 

The most recurrent TP53 alterations predicted in our analysis were R23C/H/L/S/P/G/Ls*72 

(n=329, 7.9% of all alterations in TP53), R248Q/8W/8L/8P/8=/8G/8Gfs*96 (n=300, 7.1%), and 

R175H/G/C/L/Pfs*72 (n=198, 4.72%) (Fig. 6A). 

KRAS was found to be initially mutated in 69.3% (n=34) of all cancer types and was 

predicted to be a significant driver gene in 14.2% of all cancers (n=7) (Fig. 5C, Fig. 6B, Fig. 7B-

D). KRAS was identified to host a total of 998 protein coding alterations in both TCGA and 

CCLE (Fig. 5C, Fig. 6B). Missense KRAS G12D/V/C/A/R/S was the alteration with highest 
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recurrence 65.7% (n=656) from all other alterations found in KRAS (Fig. 6A). Missense KRAS 

G13D/C/=/V was the second most recurrent mutation in KRAS forming 10% (n=100) of all other 

mutations found in the driver gene (Fig. 5C). The rest of KRAS mutations had less than 60 

recurrences individually. 

PTEN was among the highly significant superdrivers in both TCGA and CCLE pan-

cancer analysis with 973 alterations (Fig. 5C). PTEN was initially mutated in 63.2% (n=31) of all 

cancer types and was predicted to be a significant driver gene in 26.5% (n=13) of all cancers 

(Fig. 5C). PTEN R130Q/G/*/L/P/Qfs*4/= was the most recurrent mutation forming 15.1% 

(n=147) of all mutations found in the protein coding region of the driver. PTEN 

R233*/Dfs*23/Q/=/G was the second most significant mutation in PTEN forming 4.6% (n=45) 

of all PTEN alterations across tumor types (Fig. 6C).  

CDKN2A was initially mutated in 65.3% (n=32) of all cancer types and was predicted to 

be a significant driver in 16.3% (n=8) of all cancers with a mutational landscape of 450 

alterations (Fig. 5C, Supplementary Fig. 1A).  From all CDKN2A mutations, CDKN2A R80*/Q, 

* being a missense mutation and Q being a nonsense mutation, was the most recurrent alteration 

making 12.5% (n=57) of all protein coding region mutations (Supplementary fig. 1A). Missense 

CDKN2A H83Y/D/R/=/L/P/Q was the second most recurrent CDKN2A mutation making 6.2% of 

all mutations in the driver (Supplementary fig. 1A). The rest of mutations found in CDKN2A had 

less than 27 alterations (Supplementary fig. 1A). 

RB1 was another highly significant superdriver initially mutated in 67.3% (n=33) of all 

cancers and predicted to be a significant driver gene in 22.4% (n=11) of them with a landscape of 

447 protein coding mutations (Fig. 5C). The two most recurrent mutations found in RB1 were 

R552*/Q (n=10) and R320* (n=10) each one making 2.2% of all alterations found in the driver 
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(Supplementary Fig. 1A).  NRAS was found to be initially mutated in 73.4% (n=36) of all 

cancers and predicted to be a significant driver gene in 10.2% (n=5) of them with a landscape of 

405 mutations (Fig. 5C). The most recurrent mutation in NRAS was Q61R/K/L/H/P/* making 

64.7% (n=262) of all NRAS protein coding mutations (Supplementary Fig. 1A). The second 

most recurrent mutation was NRAS G12D forming only 10.9% (n=44) of all mutations. 

CASP8 was found to be among the most significant driver genes. CASP8 was initially 

mutated in 59.1% (n=29) of all cancer types and predicted a significant driver gene in 8.1% 

(n=4) of them with a landscape of 310 protein coding mutations (Fig. 5C). The two most 

recurrent mutations in CASP8 were missense 668Q/* making 5.48% (n=17) and 

R233W/R233Q/G234Dfs*4/R23P making 4.5% (n=14) of all mutations, respectively 

(Supplementary Fig. 1A). The next two most recurrent mutations in CASP8 were R432* (n=11) 

and CASP8 K473Nfs*/R471G/R471I (n=9) making 3.5% and 2.9% of all mutations, respectively 

(Supplementary Fig. 1A).  

STK11 was found to be the last most significant driver among the group of superdriver 

genes (Fig. 5C). STK11 was mutated in 65.3% (n=32) of all cancer types and predicted to be a 

significant driver only in LUAD (2.0%, n=1) with a landscape of 215 protein coding mutations 

(Fig. 5C, Fig. 6A). STK11 P281Rfs*6 was the most recurrent alteration making 4.1% (n=9) of all 

mutations in STK11 (Supplementary Fig. 1A). The two second most recurrent alterations were 

STK11 P281L/= (n=7) and STK11 S216F (n=7) each one making 3.2% of all alterations, 

respectively (Supplementary Fig. 1A). The rest of mutations in STK11 had less than 6 

recurrences across all tumors. 

These results show a cluster of highly significant cancer superdrivers. In this group, 

TP53, KRAS, PTEN, RB1, CDKN2A, NRAS, CASP8 and STK11 are shown to be the most 
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significant and some of the most mutated driver genes across all cancer types in both TCGA 

PanCancer Atlas and CCLE tumors. In addition, our pan-cancer analyses revealed the mutational 

landscapes of each of the drivers found in this group and their most recurrent alterations. This 

group of highly selective driver genes might be the dominant force driving the progression of 

malignant tumors and further analysis of their modules will provide better understanding of their 

systemic roles in cancer. 

Pan-Cancer Analysis Reveals Potentially Novel Driver Genes 

Our pan-cancer analysis revealed previously unannotated driver genes by combining 

TCGA PanCancer Atlas tumor samples and CCLE cancer cell lines somatic mutation variants 

(Fig. 5B-C, Fig. 6A). DSPP was predicted as a potential unannotated driver in the CGC and the 

most significant to be found in both CCLE and TCGA pan-cancer analyses (Fig. 5C; Fig 4C-D). 

DSPP encodes dentin sialophosphoprotein (DSPP) and plays an important role in dentin 

mineralization and has also been found to be upregulated in human cancers including head and 

neck squamous cell carcinoma (HNSC) (Gkouveris et al., 2018). In transiently transfected 

puromycin-free OSC2 cells, DSPP silencing down-regulated the mRNA expression levels of key 

ER stress regulators, including GRP78, SERCA2b, PERK, IRE1, ATF6 and MMP20, and it 

decreased cell viability and migration by enhancing apoptosis (Gkouveris et al., 2018). These 

results by Gkouveris et al. show a potential oncogenic activity of DSPP; however, further 

analyses and experimental approaches are needed to answer this question. PTPRQ is another 

TCGA and CCLE mutual and unannotated predicted driver gene in our analysis (Fig. 5C; Fig 

4C-D). PTPRQ encodes the protein tyrosine phosphate receptor-like type Q (PTPRQ) which 

plays an important role in cellular proliferation and differentiation and has been shown to be 

important in the development of various cancer including sporadic colorectal cancer (CRC) 
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(Laczmanska et al. 2016).  Laczmanska et al. demonstrated that PTPRQ expression was 

significantly (p=0.0293) higher in tissues presenting KRAS mutations and confirmed the 

contribution of PTPRQ in CRC development, therefore being a candidate oncogene 

(Laczmanska et al. 2016). Both DSPP and PTPRQ had been previously described to play key 

roles in various cancers; however, both genes had not been previously characterized as potential 

drivers to the best of our knowledge. However, PTPRQ has been proven to play an important 

role in the development of CRC (Laczmanska et al. 2016), therefore being a potential cancer 

driver gene.  

In addition to the already described unannotated drivers, many others were found to be 

specific to TCGA (Fig. 4A) and CCLE (Fig. 4B), respectively. In TCGA pan-cancer results, we 

found CSMD1 to be the most significant (q-value < 0.1) and altered potential unannotated driver. 

CSMD1 encodes the human CUB and Sushi multiple domains 1 (CSMD1) membrane bound 

complement inhibitor suggested to be a tumor suppressor gene due to the fact that allelic loss of 

this region, including 8p23, characterizes various cancer types including breast cancer 

(Escudero-Esparza et al. 2016). Another potential uncharacterized and highly significant  (q-

value < 0.1) driver identified in TCGA pan-cancer analysis is NEB (Fig.4B). NEB encodes 

nebulin (NEB), a filamentous protein that is integral to the skeletal muscle thin filament (Labeit 

et a., 2011), and we could not find direct evidence in the science literature of a specific role of 

NEB in cancer. The DNAH genes family caught our attention among the potential unannotated 

drivers group in TCGA. We found DNAH8 and DNAH9 as highly significant potential drivers 

each one with over 1000 alterations (Fig.4B). DNAH8 encodes dynein axonemal heavy chain 8 

(DNAH8) and DNAH9 encodes dynein axonemal heavy chain 9 (DNAH9) both important 

proteins for cell motility. In particular, DNAH8 missense and frameshift deletion/insertion 
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mutations and DNAH9 missense and silent mutations have been found to be highly sensitive to 

various chemotherapy compounds in gastric cancer compared to wild-type DNAH8 and DNAH9 

(P = 0.002) (Zhu et al., 2019).  However, DNAH8 nor DNAH9 has been previously reported as 

potential cancer drivers to the best of our knowledge. 

Some of the unannotated and highly significant (q-value < 0.1) predicted driver genes in 

CCLE pan-cancer analysis includes TMEM218, TRAPPC3L, PGA4, MTHFD2L, and PGA4 (Fig. 

4D). Each of these potential drivers have less than 100 mutations in their protein coding regions, 

respectively. TMEM218 encodes transmembrane protein 218 (TMEM218) whose function is not 

completely known nor understood, however, it has been associated with alternative splicing 

events in osteosarcoma (Green et al., 2020). We could not find any information in the literature 

stating the roles of TRAPPC3L in cancer. PGA4 encodes pepsinogen A4 (PGA4) protein which 

functions in the digestion of dietary proteins and have been shown to be downregulated in cancer 

tissues and highly associated with higher survival in kidney renal clear cell carcinoma (KRCC) 

(Shen et al., 2020). MTHFD2L encodes mitochondrial methylenetetrahydrofolate dehydrogenase 

2 like (MTHFD2L) protein which plays a role in the conversion of folate to formate in the 

mitochondrial pathway for 1-carbon metabolism and is expressed in highly proliferating cancers 

including non-small cell lung cancers (Tedeschi et al., 2015). PGA5 encodes pepsinogen A5 

(PGA5) protein and has been shown to have high expression in KRCC and kidney renal papillary 

cell carcinoma and decreased expression in stomach carcinoma, CHOL, COAD, UCEC, PRAD, 

BRCA, KICH, and THCA (Shen et al., 2020). In addition, PGA5 was shown to be involved in 

the K-RAS signaling pathway, bile acid metabolism, mitotic G2 M-phase and mTOR and DNA 

repair (Shen et al., 2020), and therefore may be a very important gene in cancer formation. 
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Our pan-cancer analysis approach predicted many novel cancer driver genes not 

previously described in the literature to the best of our knowledge. However, many of them have 

been observed to play key roles in the development of cancer. These results will provide an asset 

for future research endeavors and further assist in the discovery of the functional roles of these 

novel drivers in cancer. 

The Landscape of Tumor Specific Driver Genes 

We performed cancer specific analyses for 49 unique cancer types in TCGA and CCLE 

to identify cancer specific driver genes. We combined TCGA PanCancer Atlas and CCLE 

mutation calls for 28 mutual cancer types (Fig. 3A). In addition, 5 cancer types just contained 

somatic mutation calls from TCGA, and 16 cancer types contain mutation calls for CCLE only 

(Fig. 3A). We applied the same uniform filtering and processing metrics as for the pan-cancer 

analyses. After running OncodriveFML in all cancer types, we proceeded only with cancer types 

that had at least one significant driver gene predicted (q-value < 0.1). 

A total of 37 cancer types had at least one significantly predicted driver gene (Fig. 7B-E). 

From this group, 28 cancer types were mutual in both TCGA and CCLE, 4 cancer types were 

unique to TCGA (KICH, KIRP, PCPG, and UCS), and 5 cancer types were unique to CCLE 

(ALL, NB, MM, SCLC, and NHL) (Fig. 7A). We determine the CGC status of every predicted 

driver in each cancer type. We found that 15 cancer types had a predicted amount of unannotated 

significant driver genes in the CGC (Fig. 7B). From this group, UCEC has the highest number of 

drivers unannotated by COSMIC CGC followed by COAD/READ, STAD, SKCM, LUAD and 

LICH (Fig. 7B). We labeled each predicted mutation from source origin, TCGA or CCLE, and 

driver gene CGC status, annotated or unannotated (Fig. 7C). Four cancer types including UCS, 

TGCT, KICH, and PCPG were found to have only TCGA mutations that are found in genes that 
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have been previously annotated as drivers in COSMIC CGC (Fig. 7C). Five cancer types 

including ALL, NB, MM, SCLC, and NHL had only CCLE mutations all of which were found to 

be annotated in the COSMIC CGC (Fig. 7C).  UCEC was the cancer type with the highest 

number of significantly predicted driver genes (n=752) from which were 9.7% (n=73) found to 

be annotated and 90.3% (n=679) were not annotated in COSMIC CGC (Fig. 7B, Fig. 7D-E). 

COAD/READ were the second cancer type combined with the highest number of predicted 

drivers. COAD/READ had 113 significant predicted drivers from which 27.4% (n=31) were 

found to be annotated and 72.6% (n=82) were not found in COSMIC CGC (Fig. 7B, Fig. 7D-E). 

Our analysis predicted 92 significant drivers in STAD (Fig. 7B). From this group, we found that 

only 27.2% (n=25) were annotated and 72.8% (n=67) had not COSMIC CGC annotation (Fig. 

7D-E). 

BLCA and LUAD were among the group of cancer types with the highest number of 

predicted significant driver genes (Fig. 7B, Fig. 7D-E). Our cancer specific analysis predicted 42 

significant driver genes for BLCA from which 57.1% (n=24) were found to be annotated and 

42.9% (n=18) were not found in COSMIC CGC (Fig. 7D-E). LUAD were found to have a total 

of 38 significant driver genes (Fig. 7D). From this group, 50%(n=19) of all drivers were found to 

be annotated and 50% (n=19) were not found in COSMIC CGC (Fig. 7D-E).  

BRCA and SKCM had a very similar driver landscape with 37 and 36 predicted driver 

genes, respectively (Fig. 7B-E). From all significant predicted drivers in BRCA, 59.5% (n=22) 

were found annotated and 40.5% (n=15) had no annotation in COMIC GCG (Fig. 7D-E). SKCM 

driver genes landscape was made of 38.9% (n=14) COSMIC CGC annotated and 61.1% (n=22) 

unannotated drivers (Fig. 7D-E). 
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LUSC, CESC and HNSC were among the top 10 cancer types with the highest number of 

significant drivers (Fig. 7B, Fig. 7D-E). These results might be associated with the high number 

of samples in these cancer types. Our cancer specific analysis predicted a landscape of 22 

significant driver genes for LUSC (Fig. 7D-E). From this group, 63.3% (n=14) were found 

annotated and 36.4% (n=8) were found unannotated in COSMIC CGC (Fig. 7D-E). CESC had a 

landscape of 21 significant drivers (Fig. 7D) from which 71.2% (n=15) were annotated and only 

28.6% (n=6) were unannotated in COSMIC CGC (Fig. 7D-E). HNSC was predicted to have a 

cancer landscape of 17 driver genes (Fig. 7D) from which 70.6% (n=12) were annotated and 

only 29.4% (n=5) were unannotated in COSMIC CGC (Fig. 7D-E). 

The rest of cancer types from the group of 37 cancer types where at least one significant 

driver gene was predicted (Fig. 7B) contained less than 17 significant driver genes per cancer 

exome (Fig. 7D-E). This group includes LAML (n=16), LICH (n=13), LGG (n=12), PAAD 

(n=7), KIRC (n=6), UCS (n=5), GBM (n=5), ESCA (n=5), CHOL (n=4), SARC (n=3), OV 

(n=3), MESO (n=3), UVM (n=2), TGCT (n=2), SCLC (n=2), NB (n=2), DLBC (n=2), ALL 

(n=2), ACC (n=2), THCA (n=1), PRAD (n=1), PCPG (n=1), NHL (n=1), MM (n=1), KIRP 

(n=1), and KICH (n=1) (Supplementary Fig. 2A-M). 

FUTURE WORK 

This analysis of driver genes, mutations and modules across cancer exomes will provide a 

compendium for future research and clinical endeavors. Here, we applied OncodriveFML to 

identify potential driver genes and mutations across cancer types in TCGA PanCancer Atlas and 

CCLE. Further, our current analyses focus in using orthogonal methods to validate potential 

driver genes and mutations discovered in this study. To do so, we aim to apply DriverPower, a 

framework for identification of coding and non-coding driver mutations using MB and FI scores 
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(Shuai et al., 2020). By incorporating MB and FI scores, DriverPower predicts potential driver 

mutations more accurately compared to other driver mutation calling pipelines as described by 

Shuai et al. and its performance had the highest F1 score, highest precision and recall in protein 

coding elements (precision = 0.84; recall = 0.79; F1 = 0.81) 

Eventually, we aim to identify driver modules using Mutex, a method that identifies 

potential driver pathways based on mutual exclusivity of alterations (Babur et al., 2015). The 

Mutex analysis will allow us to identify potential novel driver modules/pathways which had not 

been previously characterized using different approaches. These results will help us understand 

better the systemic role of driver genes, mutations and modules across malignant tumors. 

CONCLUSION AND FUTURE PERSPECTIVES  

 
A fundamental understanding of cancer driver genes, mutations and modules is necessary 

to develop early detection advances, more efficient treatments, and potentially, a universal cure 

for cancer. Cancer driver discovery is challenging due to the limitations of tumor sample sizes 

and complexity to define the borders of biological pathways. In this paper, we report an approach 

to discover novel driver genes, mutations and modules that play significant roles in 

tumorigenesis and tumor malignancy. 

By combining the TCGA and CCLE cancer samples, we created a mutational landscape 

over 3 millions of mutations across 49 cancer types. This approach allowed us to identify very 

well-known and studied driver genes such as TP53, KRAS, PTEN, RB1, and CDKN2A across 

cancer types. We also revealed a landscape of unannotated driver genes across tumor types that 

might have the potential to be drug targets across tumors. Some of the most significant 

unannotated driver genes include DSPP, PTPRQ, ELAVL1, FHL2, GNB2L1, DNAH8 and 
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DNAH9. Many of these unannotated drivers have been previously observed to play key roles in 

cancer. For example, DSSP which has been shown to downregulate expression levels of key ER 

stress regulators (Gkouveris et al., 2018) and PTPRQ in cell proliferation and differentiation 

leading to tumor development (Laczmanska et al. 2016). 

  These results yield insights into the nature of cancer and altered biological processes that 

lead to development of solid human neoplasms and hematopoietic and lymphoid malignancies. 

We further aim to use orthogonal computational methods to validate potential novel driver genes 

discovered in this study to provide a framework and model to study cancer driver mutations and 

modules using both tumor samples and cancer cell lines. In addition, we aim to identify potential 

novel driver modules/pathways. Future efforts could include the development of computational 

and experimental methods to predict the functional outcomes of driver mutations, driver 

pathways and combinations of these. When concluded, this study will provide a comprehensive 

landscape of driver genes, mutations and modules across cancer types that will yield significant 

insights for future research and clinical efforts against cancer malignancies. Extending these 

endeavors to demonstrate how newly discovered driver genes impact tumor samples and cancer 

types will bring us closer to fundamentally understanding the mechanistic and systemic role of 

driver mutations.  
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SUPPLEMENTARY INFORMATION 

Supplementary table 1.  Data sets information including tumor type descriptions, tumor 

abbreviations, number of samples, reference genome, and institute source. Table available at 

https://github.com/caeareva/pcadmm/blob/de7da87a424863b29b3ff2b3f5886dd99f2b27e0/Drive

rs%20supplemental%20table%201.xlsx.  

 
 
Supplementary figure 1. Mutation distribution in most mutated driver genes. A. Needle 

plots for CDKN2A, RB1, NRAS, CASP8, and STK11, predicted among the most significant 

drivers in our TCGA and CCLE pan-cancer analysis using oncodriveFML.  

A. 

CDKN2A mutations (n= 450) 
 

 
RB1 mutations (n=447) 
 

 
 



 

 60 

NRAS mutations (n=405) 

 
 
CASP8 mutations (n=310) 
 

 
STK11 mutations (n=215) 
 

 
 
 
 
 
 
 
 
 



 

 61 

Supplementary figure 2. Predicted driver genes landscape of 26 least mutated cancer types 

with at least one significant driver gene. A. QQ plot (left panel) comparing the expected and 

observed distribution of functional mutational bias p-values of genes, and scatter plot (right 

panel) showing the mutation distribution of cancer types versus observed p-value for LAML. 

 Only tumors that had at list one significant driver gene identified by OncodriveFML were 

included. Red color indicates genes with q-value < 0.1 and green color indicates genes with q-

value < 0.25. B. QQ plot (left panel) comparing the expected and observed distribution of 

functional mutational bias p-values of genes, and scatter plot (right panel) showing the mutation 

distribution of cancer types versus observed p-value for LIHC. C. QQ plot (left panel) 

comparing the expected and observed distribution of functional mutational bias p-values of 

genes, and scatter plot (right panel) showing the mutation distribution of cancer types versus 

observed p-value for LGG.  D. QQ plot (left panel) comparing the expected and observed 

distribution of functional mutational bias p-values of genes, and scatter plot (right panel) 

showing the mutation distribution of cancer types versus observed p-value for PAAD.  E. QQ 

plot (left panel) comparing the expected and observed distribution of functional mutational bias 

p-values of genes, and scatter plot (right panel) showing the mutation distribution of cancer types 

versus observed p-value for KIRC. F. QQ plot (left panel) comparing the expected and observed 

distribution of functional mutational bias p-values of genes, and scatter plot (right panel) 

showing the mutation distribution of cancer types versus observed p-value for UCS.  G. QQ plot 

(left panel) comparing the expected and observed distribution of functional mutational bias p-

values of genes, and scatter plot (right panel) showing the mutation distribution of cancer types 

versus observed p-value for GBM.  H. QQ plot (left panel) comparing the expected and observed 

distribution of functional mutational bias p-values of genes, and scatter plot (right panel) 
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showing the mutation distribution of cancer types versus observed p-value for ESCA.  I. QQ plot 

(left panel) comparing the expected and observed distribution of functional mutational bias p-

values of genes, and scatter plot (right panel) showing the mutation distribution of cancer types 

versus observed p-value for CHOL.  J. QQ plot (left panel) comparing the expected and 

observed distribution of functional mutational bias p-values of genes, and scatter plot (right 

panel) showing the mutation distribution of cancer types versus observed p-value for SARC.  K. 

QQ plot (left panel) comparing the expected and observed distribution of functional mutational 

bias p-values of genes, and scatter plot (right panel) showing the mutation distribution of cancer 

types versus observed p-value for OV.  L. QQ plot (left panel) comparing the expected and 

observed distribution of functional mutational bias p-values of genes, and scatter plot (right 

panel) showing the mutation distribution of cancer types versus observed p-value for MESO.   

M. QQ plots for rest of cancer types containing less than 3 significant (q-value < 0.1) driver 

genes including UVM (n=2), TGCT (n2), SCLC (n=2), NB (n=2), DLBC (n=2), ALL (n=2), 

ACC (n=2), THCA (n=1), PRAD (n=1), PCPG (n=1), MM (n=1), NHL (n=1), KIRP (n=1), and 

KICH (n=1). 
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