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Abstract 
 
The word “cancer” identifies a collection of remarkably diverse range of diseases whose 

common trait is the presence of accelerated and unregulated cell proliferation that escalates 

into the development of so-called “tumoral tissue”. Molecular profiling of cancers has 

uncovered the presence of a vast diversity between cancers, laying the foundations for the 

use of case-by-case defined clinical decisions. The philosophy of precision oncology is based 

on the idea that patient care must take into account their molecular characteristics, to define 

the best therapy possible. The rise of big data and the computational approaches able to 

dissect it has enabled the profiling of an extraordinary number of diseases, whose 

characterization can be the stepping stone of precision oncology itself.  

 

The aim of this project is the development of computational methodologies to support modern 

precision oncology and to help expand its modern implementations. Results are divided in two 

sections called Chapter I and Chapter II. 

 

In the Chapter I we present PipeIT, a somatic variant caller we have developed to help 

researchers and clinicians to detect potential driver mutations in patients. PipeIT has been 

specifically designed to process data obtained from Ion Torrent, a sequencing platform 

frequently used in diagnostic settings but, compared to the other sequencing platforms, with 

few analysis tools. The novelty brought by PipeIT is its Singularity container nature, which 

ensures reproducibility of its analyses and enhances its ease of use. Two different PipeIT 

versions were developed. PipeIT was designed to perform variant calling on tumor-germline 

matched data. PipeIT2 was later developed to enable variant calling analysis of tumor only 

data, to broaden its use in the typical clinical setting. PipeIT2 takes advantage of publicly 

accessible databases and on panels of unmatched normals to account for the absence of a 

matched germline control. Both PipeIT pipelines were able to detect important driver genomic 

variants, proving to be a powerful tool for modern precision oncology. 

 

In Chapter II we investigated the role of gene expression data as an alternative to DNA 

biomarkers to detect the presence of oncogenic molecular processes in cancer patients. 

Based on the assumption that the activation of oncogenic pathways caused by driver 

mutations can produce a specific transcriptional profile, we designed a machine learning 

classifier able to extract said profile from patients with driver hotspot mutations and infer its 

presence in patients who do not have the same hotspot mutations. The classifier was first 
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tested on one of the most frequently mutated oncogenes, PIK3CA, using publicly accessible 

TCGA pan-cancer data. The classifier was able to detect the presence of PIK3CA hotspot 

driver mutations on a testing data obtaining a ROC score of 0.87. The approach was further 

tested on 15 different oncogenes, demonstrating good results for the more commonly mutated 

oncogenes and underperforming for more rarely mutated ones. Finally, the PIK3CA model 

was used on an external set of TCGA samples to determine whether the classifier was also 

able to infer the presence of additional PIK3CA oncogenic mutations. This project highlighted 

the importance of novel AI based approaches on cancer data and the potential applications of 

transcriptomic data as biomarker to further improve precision oncology. 
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I. Precision Medicine 

The unprecedented influx of data obtained in the first two decades of the new millennium is 

one of the most critical factors that is revolutionizing modern medicine.[1] The information 

provided by high-throughput and high resolution omic technologies such as DNA and RNA 

sequencing, proteomics, microarrays and epigenomics has aided the discovery of novel 

molecular mechanisms.  

While diversity such as lifestyle, environment factors and family health disorders history, has 

always been acknowledged in everyday clinical care to identify differences between patients, 

the new molecular data unveiled a whole new level of heterogeneity within diseases. This 

discovery demonstrates how a single disease can potentially be, on the molecular level, a 

collection of multiple diseases with a diverse range of molecular aberrations that converge on 

the phenotypic level. This highlights the reasons behind the different responses observed from 

standardized therapies in patients suffering, apparently, from the same disease. 

Precision Medicine moves the paradigm from this kind of standardized “one size fits all” 

treatments to “case by case” therapeutic scenarios (Figure 1).[2,3] The rationale behind it is 

that by gathering, understanding and profiling the information collected and processed from 

large cohorts of patients, it is possible to personalize, or “tailor”, aspects of treatments to better 

fit each individual’s needs and and to improve outcome. This paved the way to the 

development of new therapies, able to target the specific aberrations observed in 

patients.[1,4,5]  

 
Standardized Therapy Precision Medicine 
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Figure 1. Visual description of the Precision Medicine philosophy. A disease can be the result 

of a convergent phenotype caused by heterogeneous molecular mechanisms. This explains 

why standard treatments can lead to different outcomes. The aim of Precision Medicine is to 

tailor clinical decisions for individual patients. 

Many initiatives have been launched all around the world to promote Precision Medicine. In 

2013 the European Union funded the Personalized Medicine (PerMed) project, which laid the 

foundations for the following International Consortium of Personalized Medicine (ICPerMed), 

involving over 30 different members between countries and private organizations, even 

outside the European continent, bounded by the shared goal: to coordinate and fund research 

that will eventually have a real impact on the clinical level.[6] In 2015, the USA National 

Institute of Health (NIH) promoted the All-of-US project, whose aim is to collect and study 

health data from a wide range of patients.[7] In Asia, China funded the China Precision 

Medicine Initiative in 2017 with an investment of US$9.2 billions.[8] In the same year, 5 

Switzerland university hospitals and other public research institutions joined forces and 

created the Swiss Personalized Health Network (SPHN), under the leadership of the Swiss 

Academy of Medical Sciences and in collaboration with the Swiss Institute of 

Bioinformatics.[9,10] These are only a few examples of the massive projects launched 

worldwide, but they highlight the high hopes and anticipation that advances in precision 

medicine will have wide-ranging impact on clinical cancer care worldwide. 

The Role of Computational Science in Medicine 

The advent of the high-throughput big data made it clear how the idea of a manual curation of 

the novel information was inconceivable. The support of computational technologies became 

indispensable to provide a solid infrastructure to store, manage, distribute and, ultimately, 

analyze the huge influx of data produced. This is particularly true in a precision medicine 

context where a real time and easy way to obtain information can be critical for clinicians to 

strategize the decision making.[11] 

Bioinformatics stems from the utility informatics science brought and merges it with statistics, 

mathematics and, of course, medical and biological knowledge.[12,13] The goal behind this 

rise was to find a new way (the in silico one) to investigate the molecular mechanisms 

compared to the more classic experimental (in vitro or in vivo) and clinical studies.[14,15] It 

was easy to see how Bioinformatics was able to open the door to unprecedented scenarios. 

However, this field also faces a number of challenges. The first, and probably most obvious, 

lies in its multidisciplinary nature; the contribution Bioinformatics brings to each project or study 
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relies on a good comprehension of all the different fields it is based on. The others cover more 

technical aspects. It is mandatory for investigations based on computational analyses to 

ensure data traceability, sharing and reproducibility. The lack of said aspects can significantly 

undermine the credibility of the study. 

Translational bioinformatics research led to the development of new approaches able to 

leverage on the influx of novel omic data to dissect disease molecular networks, identify new 

treatment biomarkers and estimate changes between healthy and unhealthy cells to find 

correlations between convergent phenotypes, pathway aberrations and their activating key 

events.[14,16]  
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II. Cancer and Precision Oncology 

Oncology is at the forefront of Precision Medicine.[17,18] The reasons are easy to understand. 

The word “cancer” identifies a collection of extremely heterogeneous diseases whose common 

theme is the presence of abnormally proliferative and long-living cells. They can result in a 

mass of tumoral tissue able to take over the original tissue, in case of solid cancers, or in the 

loss of the normal tissue functions, for example when the disease involves the bone marrow, 

blood or lymph nodes and results in specific cancer types named lymphoma and leukemia. 

The incredible survival capacities of cancer cells can also allow them to escape the original 

tissue and, thanks to the bloodstream or the lymph system, travel through to different areas of 

the body, resulting in the development of metastasis. 

What are the causes behind the rise of such abnormal cells? Cancer is often defined as “a 

disease of the genome”. DNA alterations in strategic genes can disrupt cellular molecular 

pathways, altering the way the cells behave, grow and proliferate.[19,20] Said alterations can 

belong to the ‘germline’ and the ‘somatic’ groups. The former mutations are inherited from 

parents’ sperm and egg cells, which means they are present in every cell in the body. Only a 

small fraction of cancer types has been definitely associated with germline variants. The “triple 

negative” breast cancer subtype, for example, where frequencies of BRCA1 and BRCA2 

(BReast CAncer gene 1 and 2) germline mutations are higher compared to other breast cancer 

subtypes. The latter class accounts for the vast majority of the known oncogenic alterations 

(causing 80% - 95% of the cancers, worldwide) and are accumulated in the DNA over the 

lifetime of the patients.[21,22] There are a number of different factors behind the development 

of said mutations. Environmental factors in individual lifestyle have a huge impact. Exposure 

to tobacco, alcohol, radiations and other cancerous substances can induce genetic alterations 

in specific tissues and, possibly, affect the genes involved in oncogenesis. Somatic mutations 

can also be the result of processes unrelated to lifestyles, like base mismatches during cell 

replications.[23] 

DNA Alterations in Precision Oncology 

The impact that DNA alterations have on oncogenesis highlights how Precision Oncology is 

based on the assumption that the response to individual treatments is mostly derived by the 

genetic profile of the patients. Aberrations such as single nucleotide variants, insertions and 

deletions, copy number variations and gene fusions can act as biomarkers and their 

identification can tip the scale in favor of treatments specifically designed to counter well 

defined molecular processes.[17] Ultimately, patients with the same genetic biomarkers, the 
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same cancer type and a similar background (such as lifestyle and family diseases history) 

should have the same response to therapies.  

The Role of Next Generation Sequencing on Precision Oncology 

Precision Oncology makes intensive use of DNA sequencing techniques to investigate the 

genome. Nonetheless, there are a number of other sequencing options available for both the 

research and the clinical communities.[24] Messenger RNA (mRNA) sequencing is needed to 

measure changes in the transcriptome, Chromatin Immunoprecipitation (ChIP) sequencing is 

able to give insights on DNA-protein interactions, and methylome sequencing to profile the 

presence of methylation, just to cite some of the most prominent ones. [24–26] 

In the first two decades of the 21st century the Next Generation Sequencing (NGS) 

technologies underwent a considerable evolution. The increasing accuracy, higher resolution, 

decreasing costs and the faster outputs allowed sequencing to become one of the, if not the, 

main protagonist of routine oncology diagnostics practice. [27,28] 

DNA Mutations 

Genes whose aberrations are connected to cancer growth are either classified as “oncogenes” 

or “tumor suppressor”.[29] Mutations in the former class can lead to an oncogenic protein 

whose novel gain-of-function can activate pathways that culminate in the disease phenotype. 

Genes in the latter class are translated into proteins in charge of “housekeeping” tasks such 

as DNA repairing, apoptosis promotion or cell division control. Oncogenic mutations can lead 

to the loss of these functions and promote the unregulated growth quintessential for tumoral 

cells. [29,30] A few exceptions, can both act as tumor suppressors and oncogenes, TP53 

being the most famous example.[31] TP53 encodes the p53, a transcription factor able to 

regulate the cell cycle and to activate tumor suppressor processes such as DNA repair and 

apoptosis (Figure 2). Unlike what can be expected from classic tumor suppressor genes, gain-

of-function oncogenic mutations in the TP53 gene (such as R282W) have been observed in 

cancer patients, providing to this gene a dual nature. 
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Figure 2. Summary of the cell life cycle process. The p53 tumor suppressor protein plays a 

role in both G1/S (gap phase 1 and DNA synthesis phase) and G2/M (gap phase 2 and mitosis 

phase) checkpoints. Said checkpoints are triggered by DNA damage and are able to promote 

the programmed cell death pathway. Image obtained from MyCancerGenome.org. 

Obviously, not all the mutations found in these genes are directly tied to carcinogenesis. 

Cancer cells contain a mixture of mutations which lead to oncogenic events and mutations 

with no real impact on cancer growth. They are called “driver” and “passenger” mutations, 

respectively.[19] In order to assign a mutation to one of these groups it is important to first 

interpret their impact on oncogenic pathways, a significantly more challenging task than simply 

detecting them.  

Mutations are likely to have different repercussions depending on the tissue they are 

generated in, which means that the driver nature of a mutation is often tied to specific cancer 

types. Mutations in the PIK3CA (Phosphatidylinositol-4,5-Bisphosphate 3-Kinase Catalytic 

Subunit Alpha) gene, for example, are most frequently found in patients with breast, thyroid, 

endometrial and head and neck carcinomas. To a lesser, but still significant extent, PIK3CA 

is also frequently mutated in colon and lung carcinomas.[32,33] The gene encodes for the 

catalytic domain (p110α) of the phosphatidylinositol-3-kinase (PI3K), a receptor tyrosine 

kinase involved in processes such as cell growth, survivability and proliferation. The PI3K 
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catalytic domain is able to convert its phosphatidylinositol-4,5-bisphosphate substrate (PIP2) 

into a phosphatidylinositol-3,4,5-bisphosphate (PIP3) substrate and, ultimately, trigger several 

signaling cascades (Figure 3). The activation of the AKT/mTOR pathway is one of the most 

well known consequences. When the PI3K catalytic domain is mutated, the AKT/mTOR 

pathway is exacerbated and leads to an extraordinary cell survivability.[34] Nonetheless, it has 

been observed that not all the genetic mutations in PIK3CA promote tumorigenesis.[35,36] 

 

Figure 3. Schematic summary of the PI3K/AKT/mTOR pathway.  Tyrosine kinase receptor 

(RTK) is activated by the binding of growth factors and promotes the enzymatic activity of the 

PI3K p110α subunit allowing the transphosphorylation from phosphatidylinositol-4,5-

bisphosphate (PIP2) to phosphatidylinositol-3,4,5-bisphosphate (PIP3). PIP3, in turn, 

activates AKT1 and the downstream mTORC1 and mTORC2 (mammalian target of rapamycin 

complex 1 and 2) complexes, promoting cell growth and survival. Image obtained from 

MyCancerGenome.org. 
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DNA Sequencing  

Depending on the regions of interest, there are several options for DNA sequencing. Whole 

Genome Sequencing (WGS) or Whole Exome Sequencing (WES) analyses can be performed. 

The strength of WGS lies in the ability to investigate non-coding portions of DNA like introns, 

whose alterations can potentially impact the RNA transcription and produce aberrant proteins, 

or regulatory regions with potential alterations in the transcriptional levels.[37] WGS analyses 

enabled the researchers to perform Genome Wide Association Studies (GWAS), whose aim 

is to better investigate the role of genomic elements across complete genomes of several 

individuals and try to detect potential biomarkers associated with specific types of 

diseases.[38,39] While WGS offers the possibility of retrieval of every last genetic anomaly 

from the samples, normally unobtainable by other sequencing approaches, this option also 

comes with considerable drawbacks. First, WGS is still significantly more expensive and 

slower to obtain. Second, the enormous amount of bases studied comes at the expense of 

the coverage, relatively lower at individual loci, making it overall less accurate. Last, WGS 

sequencing can be much harder to review and study, even with computational approaches, 

due to the fact that the non-coding regions of the human genome are much less well 

characterised. In conclusion, while it offers a rich data source for specific, in depth studies, 

WGS is far from being optimal in a routine clinical setting. WES tries to overcome these limits 

by focusing on the protein-coding regions, which account for 2% of the whole human genome. 

Exomes have been intensively studied in the past years making it easier to interpret the role 

of variants found in the coding regions, compared to the ones in the remaining 98% of the 

genome. Moreover, the lower costs and easier to interpret results made WES more 

appropriate for clinical applications.[40] 

Sequencing panels have been developed to further aid the diagnostic and research 

laboratories. The idea behind said panels is to focus on a small subset of genes and other 

genetic regions with established oncogenic aberrations in order to further decrease the 

sequencing costs, increase the feasibility of targeted analyses and maximize the output’s 

sequencing depth and coverage compared to analyses based on both WGS and WES.[41] 

Many sequencing panels were clinically approved and made commercially available. Some of 

them, such as the Ion Torrent Oncomine Comprehensive Assay version 3 (Thermo Fisher 

Scientific, Waltham, MA)[42] and the capture-based Foundation Medicine FoundationOne 

assay, are commonly used to identify the genetic cause behind the disease and include a list 

of regions whose mutations are known to have oncogenic effects on a broad range of cancer 

types. While most of the genetic aberrations behave differently in diverse cancers, as 

previously explained, mutations in genes such as TP53, CTNNB1 and TERT promoter are 
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well known examples of driver events shared across many different cancer types.[43] Other 

panels, the Illumina breast cancer specific AmpliSeq panel or the Ion Torrent lung and colon 

AmpliSeq panel, for instance, are cancer type specific and include a list of biomarker mutations 

particularly important in the selected diseases.  

Panels are further divided into DNA targeted ones, whose role is to investigate the presence 

of mutations, copy number variations and indels, and RNA targeted ones, mainly used to 

investigate the presence of gene fusions. In 2018 we published our targeted sequencing panel 

for hepatocellular carcinoma (HCC). The panel includes many important biomarkers for HCC: 

all the exons of 33 genes, such as the HCC specific APOB, ALB, HNF1A and HNF4A, 2 long 

non-coding RNA genes, TERT promoter and 9 further genes for the detection of copy number 

alterations (Figure 4).[44] 

 

Figure 4. Design of our hepatocellular carcinoma (HCC) sequencing panel. Regions included 

in the panel are based on the frequencies of somatic mutations and copy number alterations 

observed in The Cancer Genome Atlas (TCGA) database or described in previously published 

studies. Image retrieved and adapted from “Diagnostic Targeted Sequencing Panel for 

Hepatocellular Carcinoma Genomic Screening”.[44] 
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Liquid Biopsies 

In recent years researchers tried to infer whether liquid biopsies, such as blood, could offer an 

alternative, less invasive source of genetic material for sequencing analysis. The identification 

of cell-free circulating DNA (cfDNA) derived from necrotic and apoptotic cancer cells in blood 

comes with pros and cons.[45] Despite providing a practical solution for the identification in 

the clinical setting for prognostic mutations or other genomic aberrations, the analysis of 

circulating genetic material is not necessarily straightforward, given that even driver alterations 

may only be present in small fractions of the cfDNA and are therefore inherently difficult to 

detect. Technological advancements in molecular barcoding and error correction have started 

making substantial improvements in our ability to accurate profiling of cfDNA.[46] 

Non-Coding variants 

The importance of hotspot mutations in the aforementioned TERT promoter highlights the 

potential oncogenic driver role of non-coding variants. TERT (gene symbol for the gene 

Telomerase Reverse Transcriptase) plays an important role in telomere maintenance; its 

aberrant production caused by a mutated promoter severely hampers telomere attrition and 

ultimately leads to replicative immortality (i.e. unlimited potential for cellular proliferation).[47] 

TERT promoter is only one of the many examples of driver events in non-coding regions found 

over the past few years. Other important oncogenic aberrations were found in long non-coding 

and microRNA molecules, promoters, enhancers and other regulatory elements, proving the 

limits of WES or exome specific targeted assays in cancer.  

On the 5th of February 2020, TCGA and the International Cancer Genome Consortium (ICGC) 

released the results of the Pan-Cancer Analysis of Whole Genomes (PCAWG) project with a 

collection of 21 articles where they tried to determine the role of said non-exonic regions by 

studying a total of over 2600 cancer samples across 38 different cancer types.[43] Some of 

the investigated topics were the impact of aberrations such as chromothripsis and kataegis, 

respectively the abnormal rearrangement of big sections of a chromosome and the presence 

of hypermutations in small genomic regions. 25% of the tumors in the PCAWG cohort 

(n=2583) had at least one putative non-coding driver mutation so non-coding driver mutations 

were found to be rarer than their coding counterparts, with the exception of TERT being found 

mutated in 9% of the samples included in the whole cohort, but still critical in the profiling of 

the driver mutation landscape.  
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Molecular Tumor Boards and Basket Trials 

Molecular Tumor Boards (MTB) and Basket Trials have been established to help the decision 

making and to define the treatment strategy that best suits the patient.[48] The classic 

workflow starts with the retrieval of biopsies from tumoral tissues and the sequencing of 

genetic material. Multiple biopsies can be obtained from different stages of the disease to 

better evaluate the progression. Sequencing data is then used to detect anomalies able to 

explain the reasons behind the disease. Patient data is then interpreted to discover 

pharmacologically actionable features and the therapy that better matches the profile obtained 

(Figure 5).[49,50] Computational approaches play an important role in all said phases, by 

being able to improve the resolution and the accuracy of the data retrieved from the patient 

and compelling methodologies to analyse it. 

 

Figure 5. Schematic summary of the standard MTB routine. Biopsies are first retrieved from 

cancer patients. Genetic material is then extracted, sequenced and computationally analyzed. 

Results from said analyses are used to define a clinical profile which, in turn, is used by the 

tumor board to find and define the therapy that will likely lead to good response.  

1 10 

T A A T G C C G 

T T A A T G C G 
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III. The Landscape of Biomarkers Outside DNA sequencing 

DNA alterations have a predominant importance in cancer.[19] However, the interplay with 

other factors must also be taken into account to properly profile a patient, especially in absence 

of easy to interpret genetic anomalies. One of the most interesting results shown in the 

aforementioned PCAWG study was that the average number of driver mutations identified 

across all the samples and both the coding and non-coding regions was between 4 and 5, 

while in around 5% of the 2583 samples (so approximately 130 samples) no known driver 

aberration was identified, suggesting that there are still several, although relatively rarer, driver 

mutations are yet to be identified (Figure 6).[43] The PCAWG results revealed that there is 

still a significant fraction of cancer patients without any known genetic therapeutic target. This 

is why the attention of clinicians and researchers cannot be exclusively focused on DNA.  

 

Figure 6. Left: quantification of different driver events observed in the PCAWG cohort (n = 

2,583). The horizontal bar plot shows the percentages, the dot plot shows the average number 

of each type of driver events across the whole cohort. Right: Heatmap with the frequencies of 

the most common driver alterations observed in the PCAWG cohort across different cancer 

types. Proportions of each event type are also reported as a barplot. Figure obtained and 

adapted from “Pan-cancer analysis of whole genomes”. 

Similar to DNA sequencing, RNA sequencing has a critical role in oncology diagnostics. Some 

of the most critical information provided by RNA sequencing in the diagnostic setting involve 

genomic rearrangements. It is known that chromosomal rearrangements can produce 
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chimeric gene fusions. Just like mutations, fusions can be driver events that vary largely 

between cancer types and can either promote oncogenic gain-of-functions or inactivate tumor 

suppressors. Their presence has initially been acknowledged in hematological cancers and 

soft tissue sarcomas, a rare and heterogeneous subgroup of cancers that originate from 

mesenchymal cells. From a therapeutic point of view, their detection in solid tumors is usually 

not clinically relevant. Lung and prostate cancers are among the most eminent exceptions. In 

lung cancer, specifically in the non-small Cell subtype, the clinical role of the fusion between 

the Echinoderm Microtubule-associated Protein-like 4 (EML4) and the Anaplastic Lymphoma 

Kinase (ALK) genes is able to provide to clinicians a clear understanding of the oncogenic 

process in patients. In the prostate cancer the fusion between the Transmembrane protease, 

serine 2 (TMPRSS2) and ETS-related gene (ERG) genes, found in 40%-78% of the prostate 

cancers studied to date, making it one, if not the, most important biomarkers in this cancer 

type.[51–53]  

Gene Expression as Clinical Biomarker 

RNA sequencing is starting to become embedded in precision oncology thanks to the ability 

to retrieve transcriptional rearrangements with potential oncogenic effects. Transcriptomic 

data can be further used to perform gene expression profiling in the inspected tissue. By 

observing the uneven coverage values, it is possible to deduct the transcriptional levels across 

all the observed genes, prior proper normalization based on different factors such as gene 

lengths. 

The general idea is that by comparing the different levels of expressions between healthy 

tissues and tumors, it is possible to obtain a better insight on the oncogenic molecular 

processes.[54] A well-known application of gene expression profiling can be seen in breast 

cancer subtype classification, where gene expression values are usually collected from gene 

expression microarrays or Reverse transcription polymerase chain reaction. Breast cancer 

has 4 molecular subtypes: luminal A, luminal B, HER2, and triple negative.[55] The expression 

levels of the estrogen receptor, progesterone receptor, human epidermal growth factor 

receptor 2 (HER2), and proliferation genes are major protagonists for this classification and, 

by crossing results with additional analyses such as immunohistochemistry, can help clinicians 

in their decisions. For example, a breast cancer showing an amplification of the HER2 gene 

can be treated with HER2 inhibitors.[56] 

Gene expression data has also been used in the past years to evaluate cell populations in 

tumor microenvironments. In particular, it is possible to infer the presence of tumor infiltrating 
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lymphocytes, which play a role in cancer growth and in determining response to therapy. The 

concept behind this idea is the following: the presence of tumor infiltrating lymphocytes has 

an expected impact on gene expression alterations; by profiling said impact to the gene 

expression values observed in a tumoral tissue, it is possible to infer proportions of cells in the 

tumor microenvironment. The computational approaches able to perform such analysis are 

based on deconvolutional algorithms (in this case, algorithms able to assume tumor infiltrating 

lymphocytes proportions by correlating their potential role in the gene expression values).[57–

59] 

In 2019 Rodon et al. published the results obtained from the WINTHER clinical trial.[60]  In 

this trial 107 cancer patients were enrolled. 69 were treated accordingly to the presence of 

actionable DNA driver alterations (DNA arm), the remaining 38 had not such genomic 

biomarkers and were selected for RNA driven therapies (RNA arm). Gene expression data 

was obtained from the patients in the RNA arm, processed by comparing gene expression 

differences between tumor and healthy biopsies, and computationally analysed to identify 

potential drugs able to provide a good response. For example, one patient with a refractory 

gastrointestinal neuroendocrine tumor showed a clear overexpression of AKT2 and AKT3 

genes, whose roles in the oncogenic phosphatidylinositol 3 kinase - AKT - mechanistic target 

of rapamycin (PI3K/AKT/MTOR) cell signaling pathway are well known. The patient was 

treated with an mTOR inhibitor and showed a good response. Median overall survival of 

patients treated using tailored therapies based on either a DNA actionable alteration or on a 

computationally designed RNA profile was significant better than overall survival of patients 

treated with non-precision medicine based therapies like adjuvant chemotherapy (25.8 months 

for the former, versus 4.5 months for the latter), suggesting that DNA and RNA sequencing 

data can both be used by clinicians to profile a patient's disease and better drive treatments. 
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IV. Bioinformatics in Precision Oncology 

The development of several open-access data sharing platforms able to provide an user 

friendly way to investigate cancer patients cohorts is critical in both the clinical and the 

research landscapes. cBio Cancer Genomics Portal[61] and XenaBrowser[62], for example, 

offer a way to visualize non-synonymous mutations, DNA copy-number data, gene expression 

data, protein-level and phosphoprotein level data, DNA methylation data and de-identified 

clinical cancer data, while also providing some user friendly features to perform quick pre-

defined analyses.  

Large-scale sequencing projects and Their Role in Precision Oncology 

Both cBio Cancer Genomics Portal and XenaBrowser rely on data provided by a number of 

public datasets. The Cancer Genome Atlas (TCGA) project, launched in 2005 under the 

supervision of the NIH, and the International Cancer Genome Consortium (ICGC) project, 

launched in 2008, are the two most important cancer specific and publicly accessible 

resources to date. The aim of these projects is to provide large sources of multi omics data 

obtained from different cancer type cohorts.  

They feature a collection of over 20,000 samples, including primary tumors, metastatic and 

germline samples, spanning over different cancer types (33 and 20, respectively for TCGA 

and ICGC). Offered information covers several data categories, including the most important 

omic sources. To cite a few of them, in TCGA we can retrieve clinical, DNA alterations, imaging 

and protein expression data. 

The utility brought by these resources can enable crowd-sourced analyses, making it possible 

for researchers with no access to novel patients data to validate their theories and for clinicians 

to perform quick analyses with the significant statistical power provided by the large number 

of patients (Figure 7). These are just some easy examples to prove how public available 

datasets can affect diagnostic, research, disease gene discovery and therapies development 

and, ultimately, have a real impact on the improvement of precision oncology. It is important 

to point out that said resources can be truly crowd-sourced once individual researchers and 

research groups actively submit the information gathered on their samples. The continuous 

influx of data can increase the depth and statistical power of these resources. 
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Figure 7. Example of a crowd-sourced clinical analysis. Omics data is collected from publicly 

accessible databases and used to identify biomarkers able to predict therapies response. 

Patients profiles are then produced by clinicians; if the same biomarkers are found it is possible 

to define the best way of action. Ideally, the data obtained from the patient can be de-identified 

and added to the public datasets, to provide further statistical power for future analyses. 

Variant Callers  

Bioinformatics has a key role in the identification of genomic variants from sequencing data. 

The number of bases covered from sequencing experiments, even for relatively small targeted 

panel based sequencing, is simply too large to expect a manual review, making computational 

methods the only realistic way to identify mutations. Said methods need not only to be able to 

process such a large amount of data, but they also need to be accurate at the base resolution, 

to identify single base mutations. Moreover, they also need to be reproducible and able to filter 

sequencing noise and artefacts, artificially induced mutations produced either during the 

preparation of the samples or during the sequencing.[63] 

The sequencing of a healthy tissue to act as a germline control for the data obtained from the 

tumoral tissue can be a meaningful addition for the analyses, able to remove germline 

mutations, when needed, and to remove potential sequencing artifacts.[37,64] Differentiating 

somatic and germline mutations can be a challenging task due to the fact that the latter class 

of variants vastly outnumber the former, making it easy to mistake a somatic mutation as a 

germline variant. Strelka[65,66] and Mutect[67] are two of the most frequently used somatic 
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variant callers today, both of which rely on matched tumor-normal data. Moreover, their 

performance on modern NGS sequencing data is well acknowledged, but their use on Ion 

Torrent data, one of the most frequently used platforms in the clinical setting, is not as 

reliable.[68] 

While the importance of the sequencing of a germline control is widely recognised, it is not 

always performed in the routine diagnostic to reduce costs and have faster results. Moreover, 

it is not unusual for researchers to analyse old samples, usually kept either as fresh frozen or 

stored in formalin-fixed paraffin-embedded (FFPE) blocks, making it impossible to retrieve a 

proper control healthy tissue processed in the same conditions as the tumor tissue. A 

combination of bioinformatics and big data can provide enough statistical power to offer a 

solution for this issue, while not as optimal as a proper control. Mutations frequently found in 

population databases are likely not to be driver events, but a further manual review of these 

mutations is needed in order not to improperly remove hotspot driver mutations. 

Machine Learning Applications in Precision Oncology 

Artificial intelligence approaches such as Machine Learning and Deep Learning can further 

revolutionize the study of omics data. Machine learning is able to take advantage of advanced 

mathematical functions to build prediction models based on the interplay of the complex 

associations identified computationally within the input data. In a precision medicine context 

this could mean, for example, expanding patient care by combining all the data recovered from 

patients to better profile their disease and help the strategization of the therapies. The novelty 

brought by machine learning based studies, over the classic statistics based ones, is the ability 

to detect new, unexpected connections between every bit of digitized healthcare information 

retrieved from huge cohorts of patients profiles at once, something cannot be easily obtained 

from the classic univariate statistical studies. 

There are many different types of machine learning models. One of the classic ways to classify 

said models is using the ‘unsupervised’ and ‘supervised’ classes.[69] The former class is 

based on the assumption that the model is able to automatically identify meaningful inferences 

from data that lacks a prior human-made classification, to perform an unrestrained 

prediction.[70] The aim of this kind of models is to gain unprecedented and novel insights from 

the data. However, these unsupervised approaches provide results that can be hard to 

interpret. This lack of understanding, a natural consequence of the ‘black box’ nature of this 

kind of methodologies, does not always translate well in a patient care setting.[69] The latter 

class includes all the approaches able to build a prediction model using previously obtained 
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information as a training dataset. In other words, the supervised model is able to learn how to 

perform the predictions from humans and, ideally, outperform them.[71,72] For example it is 

theoretically possible to predict an optimal therapy response by observing the responses to 

therapies previously decided by clinicians and processing the omics profiles of the involved 

patients (Figure 8). It is also possible to let a classifier define the stage, type and subtype from 

histopathology slides, and provide faster and more accurate results.[72,73] The general 

workflow of supervised methods starts from the selection of a training dataset, that has to be 

processed in order to make the information as polished as possible, by selecting the best 

possible subset of features and samples to be used in the next phases. The trained model will 

be tested and validated in order to obtain the most accurate results. Finally, the model is ready 

to be used on new data. 

 

Figure 8. Diverse and plentiful information can be efficiently integrated by machine learning 

to assist clinical decision making. a) Incorporation of integrated health data (histopathology 

images, omic datasets, and clinical tests, for example) can be used as inputs for network 

analysis or machine learning algorithms to identify relevant connections (grey lines) between 

the diverse information and help diagnosis. b) Pre-trained machine learning models allow 

feature extraction, data integration and inference to assist the clinical decisions. Data obtained 

from the patient will be integrated in the previously obtained one, to increase the information 

and, potentially, detect new connections. Image obtained from “Leveraging machine vision in 

cell-based diagnostics to do more with less”.  

Machine learning based approaches are also having a huge impact on many aspects of drug 

development. This starts from the very first step, the discovery of the molecule. Here these 

computational approaches can define novel potential molecules, and help the 

pharmacokinetics analyses, where models can predict aspects such as absorption, 
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distribution, metabolism, excretion and toxicology. This not only can help the drug 

development process as a whole, but it also makes it faster.[69] 

Despite the significant improvement artificial intelligence based approaches are bringing to 

precision medicine, they also come with significant shortcomings. First, they heavily rely on a 

large amount of data for both the training and evaluation of the models. A shortage of 

information might lead to ‘overfitted’ models, unable to properly process data from new 

patients. Second, a model will never be able to be 100% accurate in real world scenarios.[73] 

This means that even approaches able to perform excellently on population-scale can 

potentially fail on a single patient, making the supervision of properly trained experts still 

mandatory in the proper healthcare process. However, implementation of artificial intelligence 

is only in its early days and the continuous improvements, both on the methodologies and on 

the computational power at their disposal, are likely to redefine medicine itself in the upcoming 

years.
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2- Rationale and Aims of the Thesis 
 
The main objective of my project was to develop computational approaches to help expand 

precision oncology. 

 

Chapter I 

Modern precision oncology relies heavily on the detection of genomic variants. The Ion Torrent 

platform is frequently used in the diagnostic setting due to its low costs, fast execution and 

modest requirement in terms of genetic material, but lacks optimized analysis workflows for 

custom targeted sequencing panels. In the first section of this chapter we describe PipeIT, the 

tumor-germline matched pipeline we have developed to offer to Ion Torrent users a reliable 

variant caller that only needs minimal manual curation. The tool is based on the Singularity 

container technology, that ensures easy to perform and reproducible results. In the second 

part we describe PipeIT2, the tumor-only variant caller pipeline as an extension to PipeIT. 

Matched germline sequencing data is not always available to clinicians and researchers, 

PipeIT2 was developed to eliminate the need of this germline control and still provide 

trustworthy results. In both sections we discuss in depth about both the pipelines and their 

validation on different cohorts of cancer sequencing data. 

 

Chapter II 

We investigated the potential role of gene expression data to detect the presence of oncogenic 

pathways activation in patients. In order to do so, we developed and tested a machine learning 

classifier, based on logistic regression, to extract transcriptomic profiles associated with 

hotspot driver mutations in oncogenes using TCGA publicly available data for the training and 

testing. The first tests were done using the PIK3CA oncogene to determine the prediction 

performances of the approach. Next, the same methodology was tested on 15 additional 

oncogenes to investigate the results obtained from a diverse landscape of mutation 

frequencies and roles in different cancer types. Finally, the model trained on PIK3CA data was 

used to infer the same transcriptomic profiles of driver hotspot mutations in an external set of 

samples, to infer the presence of the same oncogenic pathways activation and to determine 

whether gene expression data can actually be used as an alternative to genomic data to 

determine the presence of distinct oncogenic molecular processes in patients. 
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Development of somatic variant 
calling pipelines for the detection of 
oncogenic mutations and to drive 

precision medicine
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The accurate identification of somatic mutations has become a pivotal component of tumor profiling
and precision medicine. In molecular diagnostics laboratories, somatic mutation analyses on the Ion
Torrent sequencing platform are typically performed on the Ion Reporter platform, which requires
extensive manual review of the results and lacks optimized analysis workflows for custom targeted
sequencing panels. Alternative solutions that involve custom bioinformatics pipelines involve the
sequential execution of software tools with numerous parameters, leading to poor reproducibility and
portability. We describe PipeIT, a stand-alone Singularity container of a somatic mutation calling and
filtering pipeline for matched tumor-normal Ion Torrent sequencing data. PipeIT is able to identify
pathogenic variants in BRAF, KRAS, PIK3CA, CTNNB1, TP53, and other cancer genes that the clinical-
grade Oncomine workflow identified. In addition, PipeIT analysis of tumor-normal paired data gener-
ated on a custom targeted sequencing panel achieved 100% positive predictive value and 99%
sensitivity compared with the 68% to 80% positive predictive value and 92% to 96% sensitivity using
the default tumor-normal paired Ion Reporter workflow, substantially reducing the need for manual
curation of the results. PipeIT can be rapidly deployed to and ensures reproducible results in any
laboratory and can be executed with a single command with minimal input files from the users.
(J Mol Diagn 2019, 21: 884e894; https://doi.org/10.1016/j.jmoldx.2019.05.001)

The significant breakthrough in next-generation sequencing
(NGS) of the last decade has provided an unprecedented
opportunity to investigate human genetic variation and its
role in health and disease. Spearheading these international,
large-scale efforts are The Cancer Genome Atlas and the
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International Cancer Genome Consortium. The efforts by
these two consortia have led to a comprehensive molecular
portrait of human cancers and their molecular pathogen-
esis.1,2 Among the major findings is the unbiased discovery
of genes mutated at rates significantly higher than the
expected background level,3 forming a significant group of
the so-called driver genes. The discovery of these driver
genes has provided the essential background knowledge for
the design of cost-effective genomic assays that form the
critical foundations of cancer diagnostics, therapeutics,
clinical trial design, and selection of rational combination
therapies. The accurate identification of somatic mutations
has become a pivotal component of tumor profiling and
precision medicine.

For tumor profiling in the research setting, the Illumina
sequencing technology is by far the most commonly used.
As a result, most of the research on error modeling, error
correction, and the accurate calling of somatic mutations has
been performed on the Illumina platform. There is a general
consensus on the best practices for Illumina sequencing data
analysis. In the diagnostic setting, however, the Ion Torrent
technology is often used because of its relatively low costs,
its fast turnaround time, and the availability of sequencing
panels that require little DNA or RNA input. Ion Torrent
sequencers are most frequently used for surveying cancer
mutation hotspots and/or a limited number of cancer genes
in molecular diagnostics laboratories. However, there is a
lack of consensus on how to perform somatic mutation
analysis for Ion Torrent data.4,5

A typical approach to perform somatic mutation calling
on the Ion Torrent platform is through the proprietary
browser-based Ion Reporter (IR) interface. The underlying
variant calling engine of the IR is the Torrent Variant Caller
(TVC), which generally achieves better specificity than
tools not designed to consider the Ion Torrentespecific flow
space.4 However, the IR has several notable shortcomings.
First, a recent comparison of variant calling methods re-
ported that although the IR was the preferred solution, it
suffered from an approximately 50% false-positive (FP)
rate.5 The high FP rate mandates lengthy and careful expert
manual review of the results, thus introducing human-
induced variability. Second, given the diversity in the
landscape of somatic alterations among tumor types,6 mo-
lecular diagnostics laboratories and researchers are
increasingly creating customized targeted sequencing panels
to address specific questions or tasks. However, IR analysis
support for assays (ie, targeted sequencing panels and
associated analysis procedures) other than the commercially
released Ion Torrent assays is limited.

The importance of properly developed and maintained
NGS bioinformatics pipelines in patient care cannot be
understated.7 NGS analysis pipelines typically involve the
consecutive execution of tools.8 Ensuring reproducible an-
alyses and validating analysis pipelines would require the
execution of multiple tools while locking down software
versions and configurations.7 In addition, many software

tools have complex prerequisites (eg, the stand-alone
version of TVC), adding time for software installation,
maintenance, and testing to ensure compatibility. To ensure
reproducibility and to ease software deployment, container
technologies are being adopted by the bioinformatics com-
munity as prebuilt packages in which the necessary software
is already installed, tested, and ready to be executed. In the
context of NGS analysis pipelines in the diagnostic setting,
container technology facilitates pipeline validation when
transferred from one laboratory to another because a
containerized pipeline gives the same results regardless of
the hardware configurations and operating systems. Docker,
firstly released in 2013, is the gold standard of container
technologies, and today one can find Docker containers for
many commonly used bioinformatics tools. For instance, the
Genome Analysis Toolkit (GATK; Broad Institute, Cam-
bridge, MA),9 one of the most well-maintained NGS anal-
ysis packages, has been releasing Docker images since
2016. However, Docker images usually require root privi-
leges to be executed, making them impractical for regular
users in shared high-performance computing clusters. To
overcome this limitation, Singularity10 was created as an
alternative for distributed environments.

We recently reported on a diagnostic targeted sequencing
assay designed for hepatocellular carcinoma (HCC) with
results benchmarked against whole-exome sequencing
(WES) on an orthogonal sequencing platform.11 We present
the analysis pipeline as PipeIT, a Singularity container
image that can be rapidly deployed and executed from end-
to-end using a single command, from aligned Binary
Alignment Map (BAM) files automatically generated by the
Torrent Server to the final list of somatic mutations with
high sensitivity and specificity.

Materials and Methods

Tissue Samples, Library Preparation, and Sequencing

Fifteen formalin-fixed, paraffin-embedded (FFPE) colon
adenomas were obtained from the archive at the Institute of
Pathology, University Hospital Basel, Basel, Switzerland.
The adenoma tissue and matched germline control were
microdissected separately from the same slide, and DNA
was extracted as previously described.12 DNA was quanti-
fied using the Qubit Fluorometer (Thermo Fisher Scientific,
Waltham, MA). Approval for the use of these samples has
been granted from the local ethics committee. Library
preparation for the colon adenomas and their matched
germline controls was performed using the Ion Torrent
DNA Oncomine Comprehensive Panel v3M (Thermo Fisher
Scientific) as previously described.11,13 Quantification was
performed using the Ion Library TaqMan Quantitation Kit
(Thermo Fisher Scientific), and sequencing was performed
on an Ion S5XL system (Thermo Fisher Scientific).

Sequencing data for 10 frozen samples of HCC with
matched germline sequenced using a custom AmpliSeq
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targeted sequencing panel (Thermo Fisher Scientific)
designed to focus on the most frequently altered genes in
HCC were obtained from our previously published
study.11 The custom HCC panel includes 33 complete
coding genes, two long noncoding RNA genes, four gene
promoter regions, and mutation hotspots in seven genes,
covering genomic regions of approximately 203 kb.11

Sequencing was performed on an Ion S5XL system
(Thermo Fisher Scientific). These samples had previously
been subjected to WES using the SureSelectXT Clinical
Research Exome (Agilent, Santa Clara, CA) platform and
sequenced on an Illumina HiSeq2500 (Illumina, San
Diego, CA).11

The PipeIT Workflow

As mandatory input files, BAM14
files for the tumor and the

matched germline samples, and a Browser Extensible Data
(BED)15 file specifying the target regions are required
(Figure 1). The BAM files consist of sequencing reads
aligned to the reference genome using the TMAP aligner
and are generated as part of the standard automated data
processing on the Torrent Server as sequencing data are
generated. The BED file specifies the design of the targeted
sequencing panel and comes with every panel design. A
second BED file of the unmerged detailed version of the
design BED file may be provided. If this file is not provided,
PipeIT will create it automatically. The PipeIT workflow
comprises the following steps: i) variant calling, ii) post-
processing variants, iii) variant filtering, and iv) variant
annotation (Figure 1).
The variant calling step (step 1) is performed using TVC

version 5.0.3 (Thermo Fisher Scientific) as the variant calling
engine, using a set of parameters modified from the set of
default somatic, low-stringency parameters for AmpliSeq
panels sequenced on the Personal GenomeMachine (Thermo
Fisher Scientific). Some of the most important modifications
include a quality threshold of 6.5, a minimum variant score of
10, a minimum coverage of 8 and 15 for somatic nucleotide
variants (SNVs) and small insertion/deletions (indels),
respectively, and a minimum variant count of 4 and variant
allele frequency (VAF) of 5% for long assembled indels. The
modifications were made on the basis of the values recom-
mended in IR. As with the original set of parameters for so-
matic analysis for AmpliSeq panels, SNVs, indels, and
multinucleotide variants are reported, whereas complex var-
iants are not reported. These parameters were used in a
benchmarking study11 and in another study in which variant
detection was performed in cell-free DNA in patients with
HCC.13 The JSON file containing the benchmarked parame-
ters is packaged within the container, but PipeIT also allows
user-specified TVC parameters provided as a JSON file.
The postprocessing step (step 2) is performed to facilitate

downstream filtering and annotation. This step is only
required for multiallelic variants and consists of two parts.
First, multiallelic variants are split into monoallelic variants
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Figure 1 Overview of the PipeIT container. Flowchart showing the
execution of PipeIT where the users need to provide only three files [Binary
Alignment Map (BAM) files for tumor and normal samples and the target
Browser Extensible Data (BED) file]. Variant calling is then performed using the
Torrent Variant Caller with the packaged parameters file. The filtered and an-
notated mutations are then returned as output Variant Call Format (VCF) files.
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using the BCFtools norm function. Second, each monoallelic
variant is then left-aligned using the GATK Left-
AlignAndTrimVariants tool. Multiallelic variants are there-
fore treated as individualmonoallelic variants for downstream
analysis and filtering. These postprocessing steps are partic-
ularly important for indels because TVC frequently reports
several indels at a given locus, including ones that are not
actually detected, within homopolymer or repeated regions.16

The variant filtering step (step 3) is implemented using
VariantFiltration in GATK. Variants outside the target re-
gions are removed. Hotspot variants17,18 are then white-
listed. Variants covered by fewer than the specified number
of reads (default to 10) in either the tumor or the matched
normal sample or supported by fewer than the specified
number of reads (default to 8) are removed. Furthermore,
variants not likely to be somatic based on the ratio of VAF
between tumor and normal (default to minimum 10:1) are
also removed. PipeIT also allows user-specified values for
the above filters. Given the clinical significance of many
hotspot mutations, hotspot mutations were whitelisted even
if they did not pass all read count and/or VAF filters.
Reviewing the whitelisted hotspot variants that did not pass
the above read count and/or VAF filters is recommended.
Finally, variants passing the filters are annotated using the
ann command of SnpEff19 (step 4) using the canonical
transcripts (defined as the longest protein coding transcript)
from the genome version GRCh37.75. The final output is a
Variant Call Format (VCF) file, with gene, transcript, and
amino acid annotations in the INFO field.

Building the PipeIT Singularity Container Image

The PipeIT somatic variant detection workflow described
abovewas implemented in a Singularity container10 in the form
of a compressed, read-only squashfs file system. Using a
CentOS7 Docker image as a base, the software and tools
required to execute the PipeIT workflow, including the stand-
alone version of TVC and its dependencies for variant calling
(step 1), BAMtools, SAMools, BCFtools, IGVtools, GATK,
Tabix, and SnpSift for VCF file manipulation (steps 2 and 3),
and SnpEff for variant annotation (step 4) (Figure 1 and
Table 1)were installed and configured. The installation process

defines the environment variables to ensure that the tools can be
executed seamlessly. The JSON parameters file for TVC and
the human hg19 reference genome compatiblewith the version
used by the Torrent Server for alignment were added to the
PipeIT container. Finally, a script that executes all the steps in
the workflow described above was included to streamline the
entire workflow into a single command.

Sequencing Data Analysis by the IR

Sequence reads were aligned to the human reference
genome hg19 using TMAP within the Torrent Suite Soft-
ware version 5.4 (Thermo Fisher Scientific) for the Ion
S5XL system. Aligned BAM files were uploaded to the IR
version 5.6 (Thermo Fisher Scientific) for analysis. For the
analysis of the Oncomine Comprehensive Panel, the anal-
ysis was performed using the recommended workflow for
the Oncomine Comprehensive Panel v3 (Oncomine
Comprehensive v3 - w3.1.1 - DNA - Single Sample work-
flow, hereafter IR-Oncomine). Specifically, this tumor-only
DNA analysis workflow uses the Oncomine Comprehen-
sive DNA v3 Regions v1.0 file and the Oncomine
Comprehensive DNA v3 Hotspots v1.0 file as target and
hotspot regions, respectively, and hg19 as the reference
genome. Default variant calling parameters, all annotation
sets, no report template, and the Oncomine Variants v5.6
filter chain were used. The analysis was also performed
using IR in a tumor-normal DNA analysis workflow
(IR-TN), using the Oncomine Comprehensive DNA v3
Regions v1.0 file and the Oncomine Comprehensive DNA
v3 Hotspots v1.1 file as target and hotspot regions,
respectively, and hg19 as the reference genome. Further-
more, the default variant calling parameters, all annotation
sets, the Default Variants View v5.6 filter chain, and no
report template were used.

For the analysis of the HCC-targeted sequencing panel,
two IR tumor-normal DNA analysis workflows were
generated using the design BED file as the target regions
and hg19 as the reference genome. In the first workflow
(IR-default), the default variant calling parameters were
used. In the second workflow (IR-custom), the set of custom
parameters included in PipeIT (see above) was used and a

Table 1 Software Installed within the PipeIT Container, Including the Main Tools Used by the PipeIT Pipeline and the Dependencies
Needed by the Main Tools

Main software TVC version 5.0.3 (Thermo Fisher Scientific, Waltham, MA)
BAMtools version 2.4.0 (https://github.com/pezmaster31/bamtools)
SAMtools version 1.3.1 (http://www.htslib.org)14

BCFtools version 1.5 (http://www.htslib.org)
IGVtools version 2.3.60 (https://software.broadinstitute.org/software/igv/igvtools)20

VCFtools version 0.1.14 (https://vcftools.github.io)21

GATK version 3.6 (https://software.broadinstitute.org/gatk)
SnpEff and SnpSift version 4.1l (http://snpeff.sourceforge.net)19

HTSlib version 1.3.1 (http://www.htslib.org)14

Additional dependencies armadillo, atlas, autoconf, automake, blas, boost, bzip2, cmake, epel, gcc, gcc-cþþ, git, igvtools,
java, kernel-debug, lapack, libbz2, libopenblas, make, ncurses, openblas, unzip, wget, xz, zlib
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BED file that covered the mutation hotspots17,18 within the
target regions was included as the hotspot regions. For both
workflows, all annotation sets, no report template, and the
Default Variants View v5.6 filter chain were used.

The analyses for the 15 colon adenomaenormal pairs
and the 10 HCC tumor-normal pairs were set up manually
and sequentially. The filtered results of each analysis were
downloaded as TSV files. For clarity, mutations not
marked as Non-confident by the IR in tumor-normal DNA

workflows (ie, IR-TN for the Comprehensive Cancer Panel
and IR-default and IR-custom for the HCC targeted
sequencing panel) were considered high confidence (HC)
in this study.

Sanger Sequencing

To validate selected discordant variants among the mutation
calling pipelines, Sanger sequencing was performed. Primer
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Figure 2 Comparison of mutation calls from PipeIT,
Ion Reporter (IR) Oncomine Comprehensive Panel work-
flow (IR-Oncomine), and IR in a tumor-normal DNA anal-
ysis workflow (IR-TN) in 15 colon adenomas sequenced
using the commercial Oncomine Comprehensive Panel v3.
A: Venn diagrams showing the overlap of the mutation
calls among PipeIT, IR-Oncomine, and IR-TN (left panel)
and among PipeIT, IR-Oncomine, and IR-TN (high confi-
dence; right panel). B: Scatterplots illustrating the
variant allele fractions against read depth of the putative
mutations identified by the three workflows. Mutations
that were confirmed to be present by Sanger sequencing
are colored in purple, and mutations that could not be
confirmed by Sanger sequencing are colored in red. Mu-
tations marked as non-confident by IR-TN analysis are
indicated with crosses. Mutations in IR (both IR-Oncomine
and IR-TN) appeared to have lower overall depth than
PipeIT because the downsampling of the reads during
variant calling.
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sets were designed as previously described12 and reported in
Table 2. PCR amplification of 5 ng of genomic DNA was
performed with the AmpliTaq 360 Master Mix Kit (Thermo
Fisher Scientific) on a Veriti Thermal Cycler (Thermo
Fisher Scientific) as previously described.12 PCR fragments
were purified with ExoSAP-IT (Thermo Fisher Scientific).
Sequencing reactions were performed on a 3500 Series
Genetic Analyzer instrument by using the ABI BigDye
Terminator chemistry version 3.1 (Thermo Fisher Scientific)
according to the manufacturer’s instructions. All analyses
were performed in duplicate. Sequences of the forward and
reverse strands were analyzed with SnapGene Viewer
software version 4.0.2 (GSL Biotech LLC, Chicago, IL).

Evaluation of PipeIT and IR Results against WES

The somatic mutations identified in the HCC samples by
PipeIT, IR-default, and IR-custom were compared with
those identified by WES.11 To account for the possibility
that variants identified by PipeIT, IR-default, and IR-custom

but not WES might have been detected but were not called
in the WES analysis, discordant variants were reevaluated
and interrogated for their presence in the WES data using
the GATK version 3.6 UnifiedGenotyper by using the
GENOTYPE_GIVEN_ALLELES mode. Mutations
concordant with WES were considered true-positive (TP)
results, mutations not found by WES were considered FP
results, and mutations called in the WES analysis but not by
PipeIT, IR-default, or IR-custom were considered false-
negative (FN) results. Evaluation of performance of
PipeIT and IR was then performed by computing positive
predictive value (PPV, also known as precision), defined as
TP/(TP þ FP), and sensitivity, defined as TP/(TP þ FN).

Software Availability

The PipeIT pipeline is freely available from Oncogenomics
Laboratory (Basel, Switzerland; http://oncogenomicslab.
org/software-downloads, last accessed December 12, 2018).

Figure 3 Validation of selected somatic mutations using Sanger sequencing. Sanger sequencing chromatograms of selected mutations being validated.
Red arrows indicate the specific nucleotide investigated for the presence or absence of a specific somatic mutation. Asterisks indicate BRAF V600E mutations
identified by PipeIT, Ion Reporter (IR) Oncomine Comprehensive Panel workflow (IR-Oncomine), and IR in a tumor-normal DNA analysis workflow (IR-TN).
Daggers indicate putative mutations identified by IR-TN.
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Results

To streamline the somatic mutation analysis for matched
tumor-germline DNA sequencing data generated on the
Ion Torrent platform, PipeIT was built, implementing the
workflow previously used in our diagnostic HCC assay
(Figure 1).11 This workflow has been benchmarked in
samples sequenced from approximately 200" to approx-
imately 1600" depth in both fresh-frozen and FFPE
samples against results from WES on an orthogonal
sequencing platform and were shown to be highly
concordant.11

PipeIT was built as a Singularity container image that can
be executed in a single command, eliminating the need for
the individual execution of variant calling, postprocessing
steps, filtering, and annotation (Figure 1). Importantly, as a
container image, PipeIT is easily portable to any laboratory
and always produces the same results. To execute the
complete somatic mutation calling workflow of PipeIT, the
single command singularity run PipeIT.img -t path/to/
tumor.bam -n path/to/normal.bam -e path/to/region.bed is
needed. Additional optional parameters, such as TVC pa-
rameters and thresholds for variant filtering, may also be
specified, allowing individual laboratories to customize their
own analyses. Since Singularity is high-performance
computing compatible, PipeIT can be used to execute
many analyses in parallel without cumbersome and labor-
intensive analysis setup.

PipeIT was tested on 15 colon adenomas and 10 HCCs.
The 15 colon adenomas consisted of adenoma-normal pairs
of FFPE colon adenoma sequenced using the Oncomine
Comprehensive Panel v3, covering approximately 349 kb
to a median depth of 569" (range, 301" to 834"),
whereas the 10 HCCs consisted of the previously pub-
lished 10 tumor-normal pairs of fresh-frozen HCCs
sequenced using a custom HCC targeted sequencing panel
covering approximately 203 kb to a median depth of
1495" (range, 1026" to 1855").11 On a machine with
Intel Xeon 2.6 Hz processor with four threads and 32 GB
of memory, the PipeIT analysis took a mean of approxi-
mately 15 minutes for each colon adenoma-normal pair
and a mean of approximately 45 minutes for each HCC
tumor-normal pair.

PipeIT Identifies Pathogenic Somatic Mutations on the
Commercial Oncomine Comprehensive Panel

To compare PipeIT to the IR, the routinely used interface for
mutation calling in clinical diagnostic laboratories, PipeIT
was first evaluated on the 15 colon adenomas sequenced on
the commercially available Oncomine Comprehensive Panel
v3. PipeIT was first compared to the IR out-of-the-box
tumor-only workflow optimized for the Oncomine
Comprehensive Panel v3 for diagnostic use (IR-Oncomine).
PipeIT and IR-Oncomine identified 48 and 33 mutations,
respectively (Figure 2A), with a median of 3 (range, 1 to 6
somatic mutations) and 2 (range, 0 to 5 somatic mutations)
per sample, respectively. Both PipeIT and IR-Oncomine
identified bona fide pathogenic variants, including BRAF
V600E mutation in 10 cases, all of which were confirmed by
Sanger sequencing (Figure 3, Table 2, and Supplemental
Figure S1A). Furthermore, PipeIT identified the additional
pathogenic variants that IR-Oncomine found, including
NRAS Q61K, KRAS G12C, and Q61K; PIK3CA C420R,
CTNNB1 T41A, and S45A; and TP53 C275Y, ARID1A
Y815fs, and CDKN1B R152fs mutations (Supplemental
Table S1). Of note, two of the BRAF V600E mutations
were flagged for review by PipeIT because of the presence
of small number of variant reads (ie, the presence of some
adenoma cells) in the matched germline samples (Table 2
and Supplemental Figure S1A).
On the other hand, 13 variants were found only by

IR-Oncomine but not PipeIT (Figure 2A). On inspection of
the variants and the sequence reads, two were found to be
germline heterozygous variants (BRCA2 K3326* and MET
R988C, both with minor allele frequency >0.1% in the
general population),22 nine were present at low VAF in
matched tumor and normal samples, and one was in a poorly
aligned region, highlighting the advantage of performing
matched tumor-normal analysis as opposed to tumor-only
analysis in removing germline variants and systematic arti-
facts. Lastly, an RNF43 large frameshift deletion found only
by IR-Oncomine but not PipeIT was shown to be FP by
Sanger sequencing (Table 2 and Supplemental Figure S1B).
However, the tumor-only IR-Oncomine workflow only
conservatively reports the subset of mutations cataloged in
its internal database as likely somatic, therefore likely

Table 2 Primer Sets Used to Perform Sanger Sequencing Validation of Selected Mutations

Gene Mutation Forward Reverse

BRAF p.Val600Glu 50-AGCCTCAATTCTTACCATCCACA-30 50-ACTGTTTTCCTTTACTTACTACACCT-30

RNF43 p.Thr20fs 50-GGTCCATTTTCAAGGGGATCAC-30 50-ATGGTTGAAGTGCATTGCTG-30

MYC p.Val421Gly 50-GTGACCAGATCCCGGAGTTG-30 50-CGCACAAGAGTTCCGTAGCT-30

CREBBP p.Ala346Thr 50-GCTTGCTCTCGTCTCTGACA-30 50-CTTGGAACTCTGAGAGGTTAAAGT-30

BRCA2 p.Thr226Ala 50-TGCATTCTAGTGATAATATACAATACACA-30 50-TGTAAGATAAATAATTTAACAAGGCATTCC-30

NOTCH1 p.Ala2425Asp 50-GCTCTCCTGGGGCAGAATAG-30 50-CAGCAAACATCCAGCAGCAG-30

NOTCH1 p.Pro498Arg 50-GCCAGGGTGCAGACGACC-30 50-CCCTCACTGTTGCCCCAC-30
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Figure 4 Comparison of mutation calls from PipeIT, IR analysis using the default parameters (IR-default), and IR analysis using the custom set of variant
calling parameters used in PipeIT (IR-custom) in 10 hepatocellular carcinomas sequenced using a custom AmpliSeq panel. A: Bar plot shows the number of
putative somatic mutations (including all protein-coding and noncoding mutations). B: The positive predictive values and the sensitivity are plotted for each
analysis pipelines. C: UpSet21 plots show the number of protein-coding and splice site mutations identified by each of PipeIT, IR-default, or IR-custom
compared with whole-exome sequencing (WES). Vertical bars represent, from the leftmost to the rightmost, the numbers of mutations at the intersection,
the ones called by PipeIT, IR-default or IR-custom only, and the ones called in the WES only. Horizontal bars represent the total number of mutations called by
PipeIT, IR-default, or IR-custom or in WES. For IR-default and IR-custom, two plots were made, one with all the variants called and one with the subset of
high-confidence (HC) mutations.
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omitting genuine but rare somatic variants, in particular
those in tumor suppressor genes. For instance, an RNF43
splice site mutation at 35% VAF was reported by PipeIT but
not IR-Oncomine.

Given that the tumor-only IR-Oncomine identified a
number of germline variants and false variants that could have
been removed using a tumor-normal approach, PipeIT was
further evaluated against an IR matched tumor-normal (IR-
TN) workflow. The IR-TN workflow identified 906 (of which
398 were HC) mutations, with a median of 52 (range, 36 to
114; or median, 18; range, 6 to 65 for HC mutations) muta-
tions per sample (Figure 2A and Supplemental Table S1). IR-
TN identified 861 putative variants (or 364 counting only HC
variants) that were not detected by PipeIT or IR-Oncomine
(Figure 2A). Five of these IR-TNespecific mutations with
VAF >5% were randomly selected for validation by Sanger
sequencing, including four mutations that were considered to
be HC. All five mutations in MYC, CREBBP, BRCA2, and
NOTCH1 were absent by Sanger sequencing (Figure 3 and
Table 2), indicating that these were not variants that were
missed by PipeIT. Compared with PipeIT and IR-Oncomine,
IR-TN identified many more mutations with low VAF and/or
low depth (Figure 2B). Many of the IR-TN variants were
flagged as non-confident, primarily because they were
detected at low VAF in both the tumor and the corresponding
normal samples. Among the 508 non-confident variants
called by IR-TN were three BRAF V600E mutations, high-
lighting the need for careful manual curation of the non-
confident IR-TN results. Taken together, these results indicate
that PipeIT was able to identify pathogenic variants that were
detected using the IR-Oncomine as would have been done in
the diagnostic setting.

PipeIT Accurately Identifies Somatic Mutations on a
Custom AmpliSeq Panel

For custom sequencing panels, IR does not provide opti-
mized analysis workflows. For the 10 HCCs sequenced on a
custom AmpliSeq panel, PipeIT was first evaluated against
an IR tumor-normal analysis workflow using default pa-
rameters and default variants filter chain (IR-default)
(Materials and Methods). In addition, a second workflow
that used the custom variant calling parameter set used in
PipeIT and hotspot regions17,18 curated from the literature
(IR-custom) was generated to mimic the setup of PipeIT.
Across the 10 HCCs, PipeIT, IR-default, and IR-custom
identified 139, 346 (of which 217 were HC), and 256 (of
which 137 were HC) somatic mutations, respectively, with
134 (128 counting only HC mutations from IR-default and
IR-custom) identified by all three analyses (Figure 4A,23

Supplemental Figure S2, and Supplemental Table S2).
PipeIT, IR-default, and IR-custom identified a median of 2.5
(range, 0 to 112), 25 (range, 16 to 137; or median, 11.5;
range, 6 to 117 for HC mutations), and 13.5 (range, 7 to
130; or median, 3; range, 0 to 109 for HC mutations) so-
matic mutations, respectively, per sample. As previously

reported,11 one of the cases displayed a hypermutator
phenotype with >50% of all mutations coming from this
single case (HPU207T). IR (IR-default and IR-custom) did
not appear to recognize the noncoding gene NEAT1
(Supplemental Table S2).
The exonic mutations (in protein coding genes, including

splice site mutations) calls obtained from PipeIT, IR-default,
and IR-customwere comparedwith those obtained fromWES
on the Illumina platform.11 All 68 exonic mutations identified
by PipeIT were confirmed to be present and somatic byWES,
giving a PPV of 100% (Figure 4, B andC), including twowith
<5% VAF and 14 with<10% VAF. Compared with PipeIT,
IR-default identified more putative exonic mutations
(nZ 108, of which 82 were HC) but with a far inferior PPV
(68%, or 80% counting only HC variants). On the other hand,
IR-custom identified 82 (of which 64wereHC) but had a PPV
more similar to PipeIT (84%, or 100% counting only HC
variants). Compared with the variability in PPV among the
variousworkflows, all workflows achieved>92% sensitivity,
with 99% sensitivity for PipeIT outperforming all other
workflows (93% to 96%) (Figure 4B).
Taken together, benchmarked against the mutations

identified from WES and compared with the IR, PipeIT
identified more known mutations while maintaining excel-
lent PPV, including mutations at low VAF. Of note,
customizing the variant calling parameters alone in the IR
(as in IR-custom) raised the PPV substantially compared
with the default tumor-normal DNA analysis parameters in
IR-default.

Discussion

Modern clinical molecular diagnostics are becoming
increasingly reliant on the identification of somatic genetic
alterations using NGS. Owing to its relative low costs and
fast turnaround, the Ion Torrent platform is one of the
main sequencing platforms used in the clinical setting.
Although the workflow for sample and library preparation,
as well as for sequencing, is well standardized and
streamlined, data analysis remains cumbersome, and it is
difficult to obtain consistent and reliable results. A prop-
erly developed analysis pipeline is critical to ensuring
adequate patient care.7 The most common approach to
analyzing Ion Torrent sequencing data is to use Thermo
Fisher Scientific’s proprietary IR software interface. The
IR is highly customizable but also suffers from a number
of drawbacks. Although optimized tumor-only analysis
parameters for clinical-grade Oncomine panels are avail-
able out of the box, the default solutions for custom panels
suffer from a high FP rate, requiring tuning of variant
calling parameters, defining optimized filters, and/or
extensive manual post-IR filtering.
To overcome these limits, PipeIT, a Singularity container

for diagnostic somatic variant calling on the Ion Torrent
platform, applicable for both Oncomine and custom targeted
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sequencing panels, was developed. The pipeline was
designed to account for the requirements of somatic variant
calling analysis in a diagnostic setting. First, sensitivity and
PPV are both important. In particular, a high PPV would
reduce the workload in curating the results and increase
reproducibility by minimizing variability associated with
manual review of the results. Second, the ability of high-
throughput analysis of many tumor-normal sample pairs by
executing a single shell command, either on a desktop
computer or in parallel in a high-performance computing
environment, is desirable. Third, although the PipeIT
workflow was designed to be run from start to finish, it is
also possible to execute individual components (Table 1)
instead of the complete PipeIT workflow. Fourth, repro-
ducibility and portability are enabled by the use of the
Singularity container technology, thus removing the hassle
of complex software setup and ensuring that results are
reproducible in any hardware and operating system config-
uration. This in turn facilitates the pipeline validation pro-
cess that is necessary when pipelines are deployed in a new
laboratory.7 The read-only nature of a Singularity container
also prevents unintentional alterations of the software setup
by the users.

The performance of PipeIT was demonstrated using two
data sets. In the first set of 15 FFPE colon adenomas
sequenced using the Oncomine Comprehensive Panel,
PipeIT was able to identify the bona fide pathogenic mu-
tations identified by IR-Oncomine, the optimized IR work-
flow for diagnostic use. PipeIT did not identify a number of
germline variants called by IR-Oncomine and the many IR-
TNespecific variants enriched for low VAF and/or low
depth, many of which are likely to have been fixation arti-
facts or are otherwise FP results, as shown by the enrich-
ment of C>T mutations at the low VAF range
(Supplemental Figure S3).24 In 10 fresh-frozen HCCs
sequenced using a custom AmpliSeq panel, PipeIT has
excellent PPV compared with IR solutions. Benchmarked
against the mutations identified by WES of the HCCs,
PipeIT identified the most known mutations while main-
taining excellent PPV compared with both IR-default and
IR-custom, including variants at low VAF. Interestingly,
although IR-default (HC) suffered from poor PPV of <80%,
IR-custom (HC) had 100% PPV, and its performance was
comparable to PipeIT. This observation underlines the ne-
cessity of molecular diagnostics laboratories to customize
their own analysis parameters and filters; PipeIT provides a
tested and easy-to-implement solution.

In conclusion, PipeIT offers a fully automated, self-
contained pipeline for somatic variant calling for Ion
Torrent sequencing, with minimal input requirements. The
excellent PPV of PipeIT significantly reduces the need for
extensive expert manual review. PipeIT is a useful addition
to molecular diagnostics laboratories, especially for custom
targeted sequencing panels, as well as for researchers
seeking a workflow to analyze somatic mutations from Ion
Torrent data.
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ABSTRACT  

Modern precision oncology relies on the identification of somatic mutations in cancer patients. 

While the sequencing of the tumoral tissue is frequently part of routine clinical care, the 

additional sequencing of healthy tissue from the same patient, needed to properly exclude 

germline mutations, is rarely performed. We previously published PipeIT, a somatic variant 

caller enclosed in a Singularity container, specific for Ion Torrent sequencing data. PipeIT 

combines an user friendly execution, easily reproducible analysis and sensible mutation 

identification ability, but relies on the presence of matched germline sequencing data. To 

expand the original PipeIT, we have developed and here we present PipeIT2, a variant caller 

pipeline able to identify somatic mutations in the absence of germline control data, taking 

advantage of publicly accessible population databases and panels of unmatched germline 

samples. We show that PipeIT2 detects driver mutations in oncogenes and filters out most of 

the germline mutations and sequencing artefacts. Similar to its predecessor, PipeIT2 ensures 

reproducibility and can be rapidly executed with a single command. 

 

Keywords: Ion Torrent, somatic mutations, next-generation sequencing, singularity, tumor-

only variant calling. 
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INTRODUCTION 

Detection of genomic alterations is becoming a critical component in the standard-of-care in 

modern oncology.[74,75] Typically, the detection of genomic alterations is performed using 

targeted sequencing panels to profile previously described cancer and actionable gene 

regions. The Ion Torrent sequencing platform is frequently used for targeted sequencing in 

the diagnostic setting due to its relatively low costs, ability to profile limited genetic material 

and rapid turnaround.[76]  

 

While Ion Torrent library preparation and sequencing are relatively straightforward, the 

methods for sequencing data analysis are not very well-developed. Due to the differences 

between Ion Torrent and other sequencing platforms, most of the variant calling tools 

previously tested, validated and extensively used by the community are not suited for Ion 

Torrent data.[77] However, Thermo fisher provided its own analysis platform, Ion Reporter. 

We previously benchmarked the variant calling analysis of Ion Reporter, using both standard 

parameters provided by the machine and a set of custom, previously tested parameters. In 

both cases, Ion Reporter was indeed able to detect real mutations (validated by analysing 

WES analysis and Sanger sequencing on two different matched tumor-germline cohorts), but 

it also showed the presence of several false positives, notably when the analysis was 

performed using the standard, non optimized parameters provided by the machine.[78] This 

not only highlighted the need of intensive manual review, but also the potential lack of 

standardized and reproducible results, critical in clinical care. 

 

We recently published PipeIT, a pipeline to detect somatic variants in matched tumor-germline 

samples from Ion Torrent sequencing data,[78] providing a reliable and automated workflow 

to perform variant calling analysis. To ensure reproducibility and ease of deployment, PipeIT 

was built as a Singularity container[79] image file that can be easily executed with a single 

command, without the need of additional software other than the Singularity platform. The 



39 
 

main drawback of PipeIT is the need for germline matched control data. When the goal is to 

identify somatic mutations, the sequencing of normal controls can be critical in order to remove 

germline mutations.[74,80,81] In routine clinical care, however, the sequencing of tumor-only 

tissue is often preferred, for time, costs and sample availability reasons. Moreover, 

researchers might want to analyse old, archived samples, for which matched germline controls 

may not be available. These scenarios significantly narrow down the contexts where PipeIT 

can be used and, ultimately, prevent the software from fully achieving its original aim.  

 

Here we present PipeIT2, an extension of PipeIT to enable variant calling analyses on tumor 

samples without matched germline controls with a single command. PipeIT2 identifies and  

filters likely germline mutations by leveraging their allele frequencies in population databases 

and by detecting their presence in unmatched Panel of Normal (PoN) samples. We 

demonstrate that PipeIT2 was able to detect clinically relevant somatic mutations, while 

correctly identifying and removing most of the germline genomic alterations. 

 

MATERIALS AND METHODS 

 

The PipeIT2 Tumor-Only Workflow 

PipeIT2 requires the following input files: a Binary Alignment Map (BAM)[82] file for the tumor 

sample, a Browser Extensible Data (BED)[83] file defining the target sequenced regions, 

Annovar[84] annotation files comprising of data collected in populations databases, and a 

Variant Call Format (VCF)[85] file with the description of the mutations found in the samples 

included in a PoN (Figure 1). The BAM format is a binary encoded version of alignment data 

obtained. The Ion Torrent Server automatically performs sequence alignment using the 

Torrent Mapping Alignment Program (TMAP) aligner against the hg19 genome and provides 

a BAM file as the final output. The BED format describes the regions covered by the targeted 
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sequencing panel. The Annovar annotation files are textual tables with the list of variants 

detected from the sequencing performed on large cohorts of individuals and stored in public 

accessible databases. Finally, the VCF file is a textual description of variants called. The 

PipeIT2 tumor-only default workflow comprises the following steps: 1) variant calling; 2) post-

processing variants; 3) variant annotation; 4) annotation-based variant filtering; and 5) optional 

PoN-based variant filtering (Figure 1). 

 

The variant calling step (step 1) is performed using the Torrent Variant Caller (TVC, v5.0.3, 

Thermo Fisher Scientific) using the same low stringency parameters used in the tumor-

germline workflow (i.e. the original PipeIT)[78], adapted from the standard parameters used in 

Ion Reporter analyses. Specifically, using a quality threshold of 6.5, a variant score equal or 

higher than 10, a minimum coverage of 8 reads for somatic nucleotide variants (SNVs) and 

15 reads for small insertion/deletions (indels), a variant count of at least 4 and, finally, a variant 

allele frequency (VAF) of 5% for long assembled indels. The parameters for TVC are stored 

within the Singularity container in a JSON file. Users can also submit different TVC parameters 

by providing a JSON file. 

 

The post-processing step (step 2) is performed to facilitate downstream filtering and 

annotation. It comprises the same operations described in PipeIT.[78] First, the ‘norm’ function 

in BCFtools is used to split multiallelic variants into monoallelic variants. The variants are then 

left-aligned using the Genome Analysis Toolkit (GATK) ‘LeftAlignAndTrimVariants’ tool.[82,86] 

 

The annotation step (step 3) is performed by Annovar and by GATK.[84,86] Annovar is used 

to annotate the allele frequencies of the variants in the population databases. PipeIT2 (version 

1.2.15) uses Annovar databases files from the 1000 Genomes Project[87], the Exome 

Aggregation Consortium[88], the NHLBI Exome Sequencing Project[89] and the Genome 

Aggregation Database[90]. The GATK ‘VariantAnnotator’ tool is then used to add information 
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regarding the presence and the length of homopolymer regions. These annotations are added 

to the INFO field of the post-processed (step 2) VCF files. 

 

The annotation-based variant filtering step (step 4) is implemented using the GATK 

‘VariantFiltration’ tool to flag the variants based on read counts and on the annotations from 

step 3. By default, PipeIT2 removes variants that do not meet all of the following requirements: 

a minimum depth of 20 total reads (corresponding to the INFO field FDP), a minimum 6 reads 

supporting the variant (FAO) and a VAF (FAO/FDP) of at least 0.1. Moreover, the variant allele 

must be observed in at least 3 forward (FSAF) and 3 reverse reads (FSAR), with a strand bias 

(FSAF/FSAR) smaller than 0.2, in either direction. Based on the information annotated in step 

3, a variant is removed whenever it is observed with a frequency equal to or higher than 0.5% 

in any of the four population-level databases (see step 3). A variant with a VAF between 0.4 

and 0.6, or greater than 0.9 is also removed if it is also found at any allele frequency in any of 

the four population-level datasets. By default, PipeIT2 also removes variants in homopolymer 

regions of length > 4. Finally, synonymous and non coding mutations are removed from the 

results, unless stated otherwise by the user. Hotspot variants are whitelisted and kept even 

when they do not meet the above filtering criteria, due to their likely role in cancer 

development.[91,92] 

 

The final step is the optional PoN-based variant filtering (step 5). As an additional way to 

remove likely false positive variants, which may include germline variants not removed in step 

4 and systematic sequencing artefacts, PipeIT2 can use a user-submitted VCF file obtained 

from a panel of (unmatched) germline samples (see below)Variants identified in the PoN VCF 

are filtered to obtain the final list of variants.  
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Generation of the Panel of Normals (PoN) VCF file 

The PoN VCF file is produced by steps 1 and 2 of PipeIT2 as described above from the BAM 

files of a panel of (un-matched) gemline samples. The VCF files are then merged using GATK 

‘CombineVariants’ function using the UNIQUIFY option and retaining the mutations found in 

at least 2 of the input germline samples. 

 

Building the PipeIT2 Singularity Container Image 

The original PipeIT Singularity container has been updated to include the PipeIT2 tumor-only 

workflow described above. The file is a read-only squashfs file system Singularity image built 

on a CentOS7 Docker image as a base, as previously described.[78] PipeIT2 provides the 

entry points to perform both the matched tumor-germline and the new tumor-only workflow. 

 

Evaluation of the PipeIT2 tumor-only workflow 

Sequencing data for 15 formalin-fixed paraffin-embedded colon adenocarcinomas[93] and for 

10 frozen samples of hepatocellular carcinoma (HCC)[94] were retrieved from our previous 

publication.[78] To evaluate the performance of PipeIT2 and the contribution of the PoN-based 

variant filtering step (step 5 above) 4 different analyses have been performed on HCC and 

colon adenocarcinoma samples using either PoN VCF files obtained from an increasing 

number of randomly chosen unmatched germline samples (2, 4 and 8) or without submitting 

any PoN file. 

 

Using the list of mutations from the PipeIT publication[78] as the benchmark, the mutations 

detected in PipeIT2 were evaluated as: true positive mutations (mutations called by both 

workflows), false positives (mutations called by the tumor-only workflow, but not by the tumor-

germline workflow), and false negatives (mutations detected by the tumor-germline workflow, 

but not by tumor-only workflow). The similarities observed between the number of mutations 
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called by the different analyses were quantified using the Jaccard Index, defined as the size 

of the intersection divided by the size of the union. 

 

Visualization of BAM files 

Integrative Genomics Viewer (IGV) [95] was used to visualize the BAM files and search for 

the presence of false positive mutations across the original tumor-germline matched pairs and 

the unmatched germline samples used to build the PoN files used to run the analyses. 

 

SOFTWARE AVAILABILITY: PipeIT2 is freely available at 

http://oncogenomicslab.org/software-downloads/ 

 

RESULTS 

Running the PipeIT2 tumor-only workflow 

To provide an effective somatic variant calling analysis on tumor data originated from Ion 

Torrent platform in the absence of a matched germline, we updated the original PipeIT 

functionality to allow the users to choose between the classic tumor-germline (PipeIT) and the 

new tumor-only (PipeIT2) analyses. Similar to the PipeIT, the new PipeIT2 Singularity image 

provides most of the data needed to perform the whole analysis, with the only exceptions of 

the public datasets data and the PoN VCF file. The PipeIT2 tumor-only workflow can be 

executed in a single command as follows: 

singularity run PipeIT.img -t path/to/tumor.bam -e path/to/region.bed -c 

path/to/annovar/humandb/folder (-d path/to/PoN/file.vcf) 

 

The new tumor-only PipeIT2 workflow takes advantage of two resources in order to remove 

likely germline and artefactual variants: population sequencing data and an unmatched PoN. 

PipeIT2 makes use of four publicly accessible population-level variant databases, namely,  the 
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1000 Genomes Project[87], the Exome Aggregation Consortium[88], the NHLBI Exome 

Sequencing Project[89] and the Genome Aggregation Database[90]. PipeIT2 can be used to 

retrieve the population data with the following commands: 

singularity exec PipeIT.img annotate_variation.pl -downdb -webfrom annovar 

-buildver hg19 esp6500siv2_all humandb/ 

singularity exec PipeIT.img annotate_variation.pl -downdb -webfrom annovar 

-buildver hg19 1000g2015aug humandb/ 

singularity exec PipeIT.img annotate_variation.pl -downdb -webfrom annovar 

-buildver hg19 exac03 humandb/ 

singularity exec PipeIT.img annotate_variation.pl -downdb -webfrom annovar 

-buildver hg19 gnomad_genome humandb/ 

 

The PoN VCF is generated from the BAM files sequenced on the same platform used for the 

tumor samples, the Ion S5XL system, and can be generated using the --pon-build parameter 

followed by a text file with the paths for each of the germline BAM files. The whole command 

shall be: 

singularity run PipeIT.img -t path/to/tumor.bam -e path/to/region.bed -c 

path/to/annovar/humandb/folder (--pon-build path/to/list.txt) 

 

Evaluation of the PipeIT2 tumor-only workflow 

We used the PipeIT2 tumor-only workflow, with standard parameters, to analyze the 15 colon 

adenocarcinomas and 10 HCCs previously published.[78] The 15 FFPE colon 

adenocarcinomas, together with their matched germline counterparts, were sequenced using 

the Oncomine Comprehensive Panel v3, while the 10 fresh frozen HCCs and their germline 

counterparts were sequenced using a previously published custom HCC targeted sequencing 

panel.[94] We compared the results from the PipeIT2 tumor-only workflow against the set of 

non-synonymous somatic mutations previously defined by the matched tumor-germline 

workflow of PipeIT.[78] In addition, we wanted to investigate whether the use of a larger PoN 
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VCF file could outperform the use of a PoN VCF file obtained from a smaller pool of germline 

samples or not using a PoN at all. For each of the 25 samples 3 PoN VCF were generated 

from, respectively, 2, 4 and 8 randomly chosen unmatched germline samples from other 

samples of the same cancer cohort (i.e. excluding the matched germline). We analyzed each 

of these 25 samples without a PoN and with each of the 3 PoN VCFs. PipeIT2 performance 

was evaluated in terms of true positive, false negative, and false positive mutations.  

 

Across the analyses performed on the colon adenocarcinoma samples using PoN generated 

from 0, 2, 4 and 8 unmatched germline samples (they will be called, respectively, PoN0, PoN2, 

PoN4, and PoN8), the number of true positives detected was almost identical (Figure 2 A). 

The first three analyses each identified the same 24 true positive mutations, while the PoN8 

analysis led to the discovery of 23 true positives (Jaccard index (JI) = 1 between PoN0 and 

PoN2, PoN2 and PoN4, JI = 0.958 between PoN4 and PoN8). The one missing mutation in 

the PoN8 analysis, a missense variant in the BRAF oncogene, was removed because it was 

also present in at least two of the randomly chosen germline samples used to generate the 

PoN. 

 

Next, the amount of detected false positives was investigated (Figure 2 A). Both PoN0 and 

PoN2 led to a total of 20 false positive mutations across the 15 samples, the PoN4 led to 18 

mutations and, finally, PoN8 led to 12 mutations (JI = 1 between the PoN0 and the PoN2, JI 

= 0.904 between the PoN2 and PoN4, JI = 0.631 between the PoN4 and PoN8, JI = 0.571 

between the PoN0 and PoN8). It should be noted that one mutation called in the SSA005 

sample, a mutation in the NOTCH2 [96], was also called by the PipeIT tumor-normal workflow 

but was manually reviewed due to the low allele fraction. Moreover, the same mutation, 

manually reviewed and removed due to its low AF as explained in the previous analysis,[78] 

was called by PipeIT the sample SSA014 but correctly filtered by PipeIT2 (Supplementary 

Figure S1). 
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Lastly, we investigated the amount of somatic mutations that were not called by PipeIT2 (i.e. 

false negative, Figure 2 B) and the reasons that led the pipeline to their removal as likely 

somatic variants (Figure 2 C). The amount of false negative mutations was coherent with our 

results on true positives: the numbers of false negatives was the same across the 4 different 

analyses (JI = 1 between PoN0, PoN2 and PoN4, JI = 0.928 between PoN4 and PoN8), with 

the aforementioned BRAF mutation being the only exception. The total numbers of false 

negative mutations across the colon adenocarcinoma samples were 13 for the PoN0, PoN2 

and PoN4 analyses. 14 false negative mutations were found in the PoN8 analysis. Looking at 

the results obtained from the PoN8 analysis, the principal reason for their removal was their 

low VAF, leading to the removal of 9 mutations. The 5 remaining mutations were filtered out 

because of the PoN filter step (1 mutation, BRAF), the low number of reads (1 mutation) or a 

combination of low allele fraction with either the insufficient number of reads (2 mutations) or 

the presence of the mutation in the population datasets (1 mutation). 

 

We then investigated the HCC samples. It is worth to mention that one of the HCC samples 

(HPU207) was previously identified as hypermutated compared to the average case 

sequenced with the help of a sequencing panel [94], offering us the opportunity to benchmark 

a more challenging sample. The size of the PoN had no effect on true positive mutations 

detection (JI = 1 for all the pairings). 47 mutations were detected across the 10 HCCs, 34 of 

them belonging to the HPU207 sample (Figure 2 D). When a PoN VCF was provided, its size 

did not alter the amount of false positive mutations (JI = 1 for all the pairings, excluding PoN0) 

(Figure 2 D). On the other hand, the lack of a PoN had a significant impact on the number of 

false positives detected. 9 of the 10 HCC samples (HPU202 being the only exception) had 

between 1 and 3 additional germline mutations wrongly detected as somatic, for a total of 23 

(JI = 0.238 between PoN0 and any of the other analyses) (Supplementary Figure S2). The 

absence and the size and of the PoN file did not impact the detection of false negative 

mutations (JI = 1 for all the pairings) (Figure 2 E). 12 mutations (9 from the HPU207 sample) 

previously identified by the PipeIT matched tumor-normal workflow were missed by PipeIT2. 
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Finally, we once more discerned the reasons behind the filtering of the false negative 

mutations, showing again the importance of allele fraction, which caused the removal of all 

mutations. All 12 mutations missed from the results returned by PipeIT2 were detected with 

an allele fraction lower than the 0.1 threshold value (Figure 2 F). 

 

The size of the PoN files had almost no impact on the amount of true positive and false 

negative mutations in both the cohorts. False positive mutations observed, however, were 

diminishing significantly as the size of the PoN files was increasing, with a difference of 8 false 

positive mutations between the PoN0 and PoN8 analyses in the colon adenocarcinoma cohort 

and 18 between the PoN0 and PoN8 analyses in the HCC cohort. 

 

Validation of false positive mutations 

We finally investigated whether the false positive mutations detected by PipeIT2 could be seen 

in the original germline matched control BAM file (Figure 3). We used IGV [95] to manually 

detect the presence of said false positive mutations in said matched tumor and germline BAM 

files and in the randomly chosen unmatched germline samples used to build the PoN VCF 

files used to perform the analysis. All the false positive mutations proved to be genuine 

germline variants. Figure 3 shows the rationale of this validation on 4 different, randomly 

chosen mutations detected by PipeIT2: a mutation found in the ARID1A gene from the 

HPU201 sample, a mutation in MYC from HPU202, a mutation in RICTOR from SSA004, and 

a mutation in ATRX from SSA011. All the aforementioned mutations were observed in both 

the tumor and germline matched BAM files, but were not present in any of the samples 

randomly detected to create the PoN files. 
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DISCUSSION 

Precision oncology care is increasingly reliant on the identification of somatic DNA alterations 

in cancer patients. DNA sequencing of tumor tissues with targeted genomic assays represent, 

up to date, the best means to retrieve this information.[97,98] Furthermore, the additional 

sequencing of a healthy tissue sample from the same cancer patient is the most definitive way 

to determine which of the genetic alterations found in the tumor tissue are likely to somatic.[81] 

 

Ion Torrent is one of the most popular sequencing platforms in the routine diagnostic setting 

due to its low costs and low sample input requirements, but it lacks a streamlined data 

analysis. In 2019 we developed and published PipeIT, a somatic variant caller specific for Ion 

Torrent sequencing data enclosed in a Singularity image file.[78] The strength of PipeIT lies 

in its ease of deployment and use, reproducible results, and demonstrated accuracy. On the 

other hand, the need for tumor-germline matched sequencing data limits the use of PipeIT in 

the clinical setting where germline samples are frequently not sequenced. The main reasons 

for the lack of sequencing data of a matched normal sample time and costs, as well as the 

availability of such samples. In order to address this shortcoming, we updated the original 

PipeIT to include an additional tumor-only pipeline as PipeIT2.  

 

To overcome the challenges associated with the lack of a matched gemline control, PipeIT2 

leverages three filtering steps. The first filter relies on more stringent filtering threshold values, 

compared to the ones used in PipeIT, including a threshold VAF of 10%, compared to the 

previous 5%. The second makes use of data obtained from the 1000 Genomes Project[87], 

the Exome Aggregation Consortium[88], the NHLBI Exome Sequencing Project[89] and the 

Genome Aggregation Database[90]. PipeIT2 removes from the final output the mutations 

detected in at least 0.5% (or any other user-submitted percentage) of the samples in any of 

these databases. The last filter needs a list of user-submitted mutations obtained from 

unmatched normal samples, in the shape of a Panel of Normals VCF file. This second step is 
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not mandatory, to make it possible for users to use PipeIT2 even in the absence of a proper 

PoN VCF. 

 

To evaluate the performances of PipeIT2 performances, all the mutations identified by PipeIT2 

from 15 colon adenocarcinoma and 10 hepatocellular carcinoma samples were compared to 

the ones identified, and previously validated, by running the original PipeIT on the same 

samples.[78] Using different panels of 8 randomly picked unmatched normals for each sample, 

a total of 70 coding mutations, some of whom important clinical biomarkers, were properly 

detected across the two cohorts. Nevertheless, 26 mutations were mistakenly removed from 

PipeIT2 output. The primary culprit of the removals (80.7% of the observed cases) was 

exclusively the low allele fraction detected in these mutations (which comprises a threshold 

allele fraction value of 10%, the standard value provided by PipeIT2). Moreover, 17 germline 

mutations were identified and incorrectly labeled as somatic across the 25 samples. 

 

While both the analyses performed on the colon adenocarcinoma and the HCC showed that, 

with only 1 BRAF mutation wrongly removed in a PoN8 across 25 samples, the size of the 

PoN files had little to no impact on the true positive and false negative detection capacities of 

PipeIT2. However, we observed different results with false positives across the two cohorts 

regarding the detection of false positive mutations. In the colon adenocarcinoma cohort the 

size of the PoN had a significant impact in the removal of germline mutations wrongly classified 

as somatic and, therefore, included in the final results. 

 

We also tried to determine whether the size and the presence of a PoN could significantly alter 

the output. We repeated the analyses for all the samples using either no PoN VCF or a PoN 

with 2, 4 or 8 randomly chosen unmatched germline samples (called, respectively, PoN0, 

PoN2, PoN4 and PoN8). Regarding the mutations detected by both the original PipeIT and 

new PipeIT2 workflows, the only difference observed across the analyses based on the 

different sized PoN files was a single BRAF mutation in the whole colon adenocarcinoma 
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cohort erroneously removed only in the PoN8, proving that it is possible, despite being rare, 

for PoNs to cause the removal of real somatic mutations. While the size of the PoN file had 

little to no impact on the number of false negative somatic mutations detected by the original 

PipeIT workflow, the amount of false positive mutations misclassified as somatic changed 

significantly. False positive mutations steadily decreased as the size of the submitted PoN file 

was increasing in the colon adenocarcinoma cohort. In the HCC cohort PoN2, PoN4 and PoN8 

analyses coherently removed the same mutations regardless of the amount of germline 

samples in the PoN. However, in the PoN0 analysis the amount of false positives increased 

dramatically. (Supplementary Figure S1 and Supplementary Figure S2). 

 

By providing a variant calling analysis able to detect somatic mutations in tumor samples 

lacking a proper matched germline control, PipeIT2 offers an important improvement over the 

original PipeIT. Thanks to filters based on population allele frequencies and on lists of variants 

found in panels of unmatched germline samples, PipeIT2 was able to detect and properly 

classify most of the somatic mutations previously identified in the tumor-germline matched 

analysis, including several important clinical biomarkers. In conclusion, PipeIT2 offers a 

powerful, user friendly and easily reproducible tool specific for Ion Torrent targeted sequencing 

analyses. 

 

ACKNOWLEDGMENTS 

Development of PipeIT was performed at sciCORE scientific computing center at University 

of Basel. 

 

AUTHOR CONTRIBUTION 

S.P. and C.K.Y.N. conceived and supervised the study. A.G. and C.K.Y.N. developed the 

methodology. G.R., L.M.T., G.R and M.A.R. provided critical review of the results. A.G., S.P. 



51 
 

and C.K.Y.N. interpreted the results and wrote the manuscript. All authors agreed to the final 

version of the manuscript.  



52 
 

 

 

FIGURES AND FIGURE LEGENDS 

 

 

Figure 1. Overview of the PipeIT2 workflow. Flowchart showing the different steps of the 

PipeIT2 workflow. The user needs to provide a BAM file for the tumor sample, the BED file for 

the target regions and the Annovar datasets for the 1000 Genomes Project, the Exome 



53 
 

Aggregation Consortium, the NHLBI Exome Sequencing Project and the Genome Aggregation 

Database. Variant calling is then performed using the Torrent Variant Caller with the packaged 

parameters file. Mutations are filtered using said Annovar datasets and, when provided, a 

Panel of Normals. Output is returned as a VCF file.  
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Figure 2. Mutations comparisons. A) and D) Comparison between True Positive and False 

Positive mutations identified by PipeIT2 using different sized PoN files on the HCC and the 

colon adenocarcinoma cohorts. PipeIT results were used as the golden standard. B) and E) 

Number of False Negative mutations identified by PipeIT2 on the HCC and colon 

adenocarcinoma cohorts using different sized PoN files. C) and F) Number of Somatic 

mutations removed for each filter type.  
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Figure 3. Germline mutations. False positive mutations were investigated by visualizing 

the BAM files of the original tumor-germline matched samples and unmatched germline 

samples used to build the PoN used to analyze the tumor samples (SSA004, SSA011, 

HPU201, and HPU202) using the Integrative Genomic Viewer. The heatmaps on the left 

show the presence of mutations identified by PipeIT2 (blue cells), using different sized PoN 

files, and PipeIT (yellow cells). The names of the investigated false positive mutations are 

highlighted in red. The corresponding IGV screens are shown on the right. Colored bars 

show the presence of mutated alleles, grey bars show the lack of genomic alterations.   
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SUPPLEMENTARY FIGURE AND LEGENDS 

 

Supplementary Figure S1. Mutations in the colon adenocarcinoma cohort. Mutations 

identified by PipeIT2 (dark blue cells), using different sized PoN files, and PipeIT (yellow 

cells) across the colon adenocarcinoma samples. Cyan cells identify mutations manually 

reviewed and removed.
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Supplementary Figure S2. Mutations in the HCC cohort. Mutations identified by PipeIT2 

(dark blue cells), using different sized PoN files, and PipeIT (yellow cells) across the different 

HCC samples.  
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3.2- Chapter II  

A machine learning approach to 
extract oncogenic transcriptional 
profiles and to expand precision 

oncology
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ABSTRACT  

The accurate identification of somatic mutations has become a pivotal component of tumor 

profiling and precision medicine. Yet, there is still a fraction of cancer patients without any 

known genomic biomarker, demonstrating the need for alternative biomarkers to help clinical 

decision making. We reasoned that driver mutations activating specific downstream signaling 

pathways are manifested as transcriptional signatures that can be leveraged to predict the 

potential pathogenicity and actionability of rare mutations. Therefore, we developed logistic 

regression classifiers to learn the transcriptomic profiles associated with hotspot driver 

mutations in 16 oncogenes using data obtained from The Cancer Genome Atlas (TCGA) and 

used the classifiers to infer pathway activation status in cancers without such hotspot driver 

mutations. In particular, our approach incorporated the Synthetic Minority Over-sampling 

Technique (SMOTE) to overcome the imbalance of the input classes, as a result of the general 

rarity of samples with hotspot driver mutations. Our approach was first tested on the PIK3CA 

oncogene and its E542, E545 and H1047 driver hotspot mutations leading to a mean area 

under receiver operator curve (ROC) score of 0.87 on a validation dataset. The same 

approach was then further applied to an additional 15 oncogenes, demonstrating a correlation 

between the sensitivity of the models and the fraction of samples with hotspot mutations in the 

training dataset. Finally, using the model on samples with PIK3CA non-hotspot mutations and 

PIK3CA known interactors, leading to the identification of the transcriptomic profile associated 

to the PIK3CA hotspot driver mutations in samples with other  known oncogenic mutations. 

Results obtained show that transcriptomic data can be used to infer the presence of oncogenic 

transcriptional profiles in patients and can potentially be leveraged to help expand precision 

medicine. 
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INTRODUCTION 

Modern precision medicine is based on the concept that clinical decisions must take into 

account the variability between individuals in order to optimize treatment.[2,99] Due to the 

heterogeneity between cancers, even within a given cancer type, precision medicine has the 

potential to dramatically improve oncology care. Cancer is known to be a disease of the 

genome[100], where intrinsically (e.g. the aging process) or extrinsically (e.g. environmental 

carcinogens) induced genomic alterations are known to play an important role in 

tumorigenesis and cancer progression.[101] Therefore the identification of anomalies in the 

genome has become one of the pillars of precision oncology.  

 

Modern Next Generation Sequencing (NGS) technologies have enabled large-scale 

sequencing projects such as those by The Cancer Genome Atlas (TCGA) or the International 

Cancer Genome Consortium (ICGC), that have characterized tens of  thousands of cancer 

genomes to the base-pair resolution.[102,103] The resulting efforts have uncovered the 

extensive inter-tumor genetic heterogeneity and have helped to identify hundreds of 

thousands of novel somatic mutations and other genetic alterations. However, detection of the 

genetic alterations is only the first step; the interpretation of their pathogenicity is not always 

obvious. Nowadays it is understood that even established oncogenes can contain both 

mutations that are likely to play a role in carcinogenesis (also known as ‘driver’ mutations) and 

mutations that are likely to be bystanders (‘passenger’ mutations).[74,104] Whilst the 

phenotypic manifestations of the major highly recurrent (or ‘hotspot’) somatic mutations in 

oncogenes and their effects on the major signaling pathways are reasonably well 

characterized, many of the non-hotspot mutations, even in cancer genes, are of unknown 

clinical and biological significance. Nonsense or frameshift mutations can generally be 

expected to significantly alter or abrogate protein function, but it is not always clear if missense 

mutations outside of hotspot residues in oncogenes are activating and/or can be targeted with 

the same agents used in tumors with well characterized, constitutively activating 
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mutations.[105] Understanding the role of these mutations across the different cancer types 

is one of the main focuses of modern cancer research, as it is crucial to understand these 

differences to effectively target such alterations. 

 

From the clinical perspective, the development of small molecule inhibitors has enabled the 

targeting of specific genetic alterations or signaling pathways (i.e. ‘actionability’) and forms the 

basis for the so-called genomics-guided oncology care, in which genomic characterization of 

the tumors is used to guide treatment decisions. Actionable genomic alterations are used to 

predict effectiveness to the molecule inhibitors, whose development goes through several 

preclinical and clinical phases and are potentially approved by agencies such as the US Food 

and Drug Administration (FDA) or the European Medicines Agency (EMA) for specific 

indications (i.e. for specific cancer types).[106] The use of these drugs in this manner is 

generally referred to as  “on-label” to demonstrate this recognition of effectiveness on specific 

cancer types and in the presence of specific biomarkers. Conversely, the use of these drugs 

outside of the specific indications is generally defined as “off-label” use. “Off-label” therapies 

are not automatically a sign of ineffectiveness or poor clinical care, nonetheless.[107,108] 

There is evidence of effectiveness of drugs administered to patients with a different cancer 

type than the original intended indications, but potential new uses have not been thoroughly 

investigated. For example, there are proofs of good responses from patients with thyroid 

cancer to dabrafenib (BRAF inhibitor) and trametinib (MEK inhibitor) drugs even before their 

official approval from the FDA, occurred in 2018 (clinical trial ID: NCT02034110).[109–111] 

 

Many cancers do not harbor any actionable genomic biomarker, limiting the benefits of 

precision oncology.[103] While the systematic functional characterization of every possible 

mutation is costly and labor-intensive, other omic data sources are being investigated as 

alternative biomarkers. Transciptomics is one of them. The use of gene expression data is 

based on the hypothesis that driver mutations activating a specific downstream signaling 

pathway are manifested as transcriptional signatures that can be leveraged to infer pathway 
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activation and hence actionability.[112,113] From a precision oncology perspective, this hints 

at the possibility that response may be observed in patients whose disease does not harbor 

the specific genomic biomarkers. WINTHER, a clinical trial completed in February 2019, tested 

this hypothesis on real cancer patients.[60] In WINTHER, the patients were split in 2 arms: 

arm A (DNA-guided), the subset of patients with known actionable driver mutations, identified 

through NGS, and arm B (RNA-guided), the subset of patients without recognized actionable 

genomic biomarkers, for whom microarray and gene expression values were obtained. While 

arm A patients were treated according to FDA-approved targeted therapies, a computational 

methodology was used to perform therapy response prediction for arm B. This method was 

based on the profiling and scoring of the differential expression between tumoral and normal 

biopsies of a literature-derived list of genes. Arm B patients were then treated with drugs based 

on these profiles and scores. The rate of stable disease ≥6 months and partial or complete 

response observed across the 107 patients enrolled in the study was 26.2% (arm A: 23.2%; 

arm B: 31.6% (P = 0.37)). The comparable response of arm A and B patients demonstrated 

that transcriptomic profiles can be used in adjunction to classic genomic profiles to tailor 

precision oncology treatments, particularly for patients without known actionable genetic 

alterations.[60] 

 

To expand the pool of actionable patients in precision oncology, we inferred the presence of 

molecular oncogenic processes in patients from their transcriptional data. To do so, we 

developed a machine learning approach, based on an elastic net regularized logistic 

regression classifier, able to detect gene expression profiles associated with the activation of 

specific oncogenic pathways by integrating data from the TCGA dataset. The approach was 

first tested on PIK3CA, then expanded to 15 other oncogenes to evaluate whether the 

classifier was able to retrieve the transcriptomic profiles associated with the hotspot cancer 
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driver mutations in these genes. Finally, the classifier was used on an external subset of 

cancer patients, devoid of hotspot mutations, to infer the presence of the same oncogenic 

pathways activation in patients lacking genomic biomarkers. 

 

MATERIALS AND METHODS 

 

Downloading of the TCGA data 
Open access molecular data were obtained from the TCGA database.[102] (Figure 1 A) Gene 

expression and mutation data were collected from Genome Data Commons (GDC) 

https://gdc.cancer.gov/about-data/publications/pancanatlas.[114] Cancer type and copy 

number alteration data were collected from the UCSC Xena 

https://xenabrowser.net/datapages/?cohort=TCGA%20Pan-Cancer%20(PANCAN).[62] The 

gene expression data comprise 8184 samples across 33 cancer types and gene expression 

values (MapSplice + RSEM, then normalised by setting the upper-quartile to 1,000) from 

20,502 genes. The mutation data comprise 3.6 million mutations across 10,295 samples. The 

copy number alteration data comprise copy number values (estimated using the GISTIC2 

threshold method[115]) for 24,776 genes across 10845 samples. Information regarding the 

cancer and the tissue types was available for 12804 samples. The 8,184 samples with the 

complete set of mutation, gene expression, copy number alteration and cancer type 

information were used for further analysis. 

 

Development of a logistic regression classifier 

The aim of the classifier is to identify the downstream effects of driver mutations in a given 

gene on the transcriptomic level that may be associated with the specific oncogenic pathway 

activation. The classifier is based on a logistic regression model, with an elastic net 

regularization.[116] To develop the classifier based on the presence of genetic alterations (i.e. 
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non-synonymous mutations and copy number alterations amplifications or deletions) in the 

gene and its neighboring genes, the TCGA samples were assigned to one of four mutually 

exclusive classes, in the following order (Figure 1 A): 1) ‘interactor-mutant’ samples: samples 

with any genetic alterations in any of the interactors of the selected oncogene (see section 

‘defining the gene interactors’ below); 2) ‘driver hotspot’ samples: samples with selected, 

known hotspot mutations in the selected oncogene; 3) ‘wild-type’ samples: samples without 

non-synonymous mutations in the selected oncogene; 4) ‘non-hotspot’ samples: samples with 

non hotspot mutations in the selected oncogene.  

 

The gene expression data of the samples in the ‘driver hotspot’ and the ‘wild-type’ classes 

were used as input data for the training of the model. These samples were first merged into a 

single gene expression matrix then randomly split in a 2:1 proportion in a stratified manner as 

the training and the testing subsets, respectively. In order to selective informative features and 

to avoid a potentially overfitted model, the most differentially expressed genes, based on the 

p-value obtained from t-tests performed on the gene expression data between the ‘driver 

hotspot’ and the ‘wild-type’ samples,[117] were selected for model training. (Figure 1 A) The 

expression data for the selected genes were z-score transformed prior to model training. 

Cancer type information for each sample was then added to the gene expression matrix as 

additional features (as a boolean matrix where each cancer type is a feature). This matrix was 

then used as input data for the training of the machine learning model, based on a logistic 

regression model with an elastic net regularization.[116] (Figure 1 B) The Logistic Regression 

model is trained to identify the transcriptomic profile that differentiates the ‘driver hotspot’ and 

the ‘wild-type’ classes by assigning  a weight score that minimizes the loss function: 

 

The alpha (α) and l1 ratio (ρ) values are hyperparameters that can be adjusted to optimise the 

accuracy of the model. In order to do so, a 5 fold cross validation was performed on the training 

data. Specifically, the training data was randomly split into 5 evenly split subsets of samples. 
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A model was then trained using only 4 of these subsets (i.e. 80% of the whole training dataset) 

and validated on the remaining subset to evaluate the performance of the classifier defined as 

the Area Under the Receiver Operating Characteristic Curve (ROC AUC) score. This step was 

iterated 5 times, so that every subset was used as the validation data exactly once. Moreover, 

the tuning of the hyperparameters was iterated using the Pipeline Sklearn function with 

different combinations of alpha and l1 ratio values. The combination of hyperparameters that 

led to the best 5-fold cross validation scores was then used to train the final classifier. 

 

The machine learning classifier was implemented using Python3 and the Pandas[118], 

SciPy[119] and scikit-learn (Sklearn)[120] Python libraries.  

 

Defining the gene interactors 
For each index gene, the lists of interactors were retrieved from the StringDB website. The 10 

interactors with the higher confidence score (derived by benchmarking the performance of the 

predictions against a common reference set of trusted, true associations) with experimental 

evidence retrieved were selected to define the potentially confounding genes.[121] 

 

Correcting for unbalanced classes 
Ideally, a multi-class classifier wants evenly distributed input data. Uneven proportions can 

potentially result in a model that completely ignores the less represented class or an overfitted 

model, depending on the actual proportions. In the context of the TCGA data, for the vast 

majority of genes, the ‘wild-type’ class would significantly outnumber the ‘driver hotspot’ class, 

leading to an unbalanced training dataset. To address this potential issue, we implemented 

the Synthetic Minority Over-sampling Technique (SMOTE)[122] before model training. In brief, 

SMOTE addresses the unbalanced classes issue as follows: a random sample in an 

underrepresented class is chosen and its five nearest neighbours within the same class, (i.e. 

the five samples with the most similar gene expression profiles), are picked. Artificial samples 
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are then introduced by averaging the gene expression values of the index sample and each 

of its five neighbours, resulting in five new artificial samples. This process is iterated until an 

even ratio between all the classes is reached. (Figure 1 C) 

 

Evaluation of classifier performance 
Classifier performance was evaluated using the following statistical measurements both on 

training and testing datasets: sensitivity (the ability to identify the samples with the mutations 

of interest), specificity (the ability to identify the samples without the mutations of interest), 

accuracy (the ability to correctly classify the samples based on their status of the mutations of 

interest), and the ROC AUC score (the probability that a classifier will rank a randomly chosen 

positive instance higher than a randomly chosen negative instance).  (Figure 1 D) 

 

Prediction on the Discovery Dataset 
A combination of the samples from the ‘non-hotspot’ and the ‘interactor-mutant’ classes were 

used as discovery datasets for the model trained with the pan-cancer and SMOTE adjusted 

data to predict the presence of the transcriptomic profile associated to the selected ‘driver 

hotspot’ mutations. (Figure 1 E)  

 

RESULTS 

Development of a logistic regression classifier 

We developed an in silico approach using a logistic regression classifier with an elastic net 

regularization to predict the presence of specific oncogenic pathway activation by extracting 

transcriptomic profiles from patients with driver hotspot mutations and detect the same profiles 

in patients devoid of the same genomic alterations. This approach was based on the 

assumption that the activation of oncogenic pathways is reflected on a transcriptomic level. 

Therefore, the identification of a specific gene expression profile can be leveraged to drive 
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treatments in patients without clear genomic biomarkers and, ultimately, expand modern 

precision oncology.  

 

A summary of the workflow is the following: for a given gene, we trained a logistic regression 

model using samples with known activating mutations in the gene and wild-type samples (i.e. 

without any genetic alteration in the gene). To avoid potential confounding effects from the 

inclusion of samples with genetic alterations in the interactors of our gene of interest, we 

excluded the samples with either non-synonymous mutations or copy number variations in 

any of the interactor genes. To select informative features and to avoid overfitting the model, 

the 1000 most differentially expressed genes between the two classes have been retained 

through a t-test correlation.[123,124] Finally, we use the trained model to predict pathway 

activation in all remaining samples that were not in the training data. (Figure 1) The workflow 

will be explained in greater detail with the illustrative example of PIK3CA. 

 

Training the PIK3CA classifier 

We first tested our approach by training and testing a classifier for PIK3CA. PIK3CA is the 

gene that encodes the catalytic subunit (p110α) of the Phosphatidylinositol-3-kinase (PI3K), a 

receptor tyrosine kinase. The stimulation of p110α causes a signaling cascade which starts 

with the conversion of the lipid substrate PIP2 (phosphatidylinositol-4,5-bisphosphate) into 

PIP3 (phosphatidylinositol-3,4,5-bisphosphate). One of the pathways activated by this process 

is the PI3K/mTOR/AKT pathway, which is involved in cell growth, cell cycle, survival, 

proliferation, and motility.[34] The helical domain of PIK3CA, translated from exon 9, harbors 

two hotspot sites, E542K and E545K (Figure 2 A). Another well known hotspot site is the 

H1047 (Figure 2 A), found within exon 20, in the kinase domain. This mutation often causes 

the substitution of the Histidine with an Arginine or, less frequently but still more commonly 

than most of the other PIK3CA mutations, in a Leucine. PIK3CA is one of the most commonly 

mutated genes in a broad range of cancer types, in particular in endometrial carcinoma 
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(UCEC, mutated in 51.1% of the samples in the TCGA cohort), uterine carcinosarcoma (UCS, 

35.1%), breast invasive carcinoma (BRCA, 34.4%), colon adenocarcinoma (COAD, 31.0%), 

cervical squamous cell carcinoma and endocervical adenocarcinoma (CESC, 29.4%) and 

others. (Figure 2 B) Other than being one of the cancer types with the highest frequencies of 

PIK3CA-mutated samples, BRCA is the only disease with FDA-approved drugs in the OncoKB 

database.[125–127] 

 

We used the TCGA cohort to train a classifier to detect the activation of the oncogenic pathway 

caused by the PIK3CA hotspot mutations E542K, E545K and H1047R/L (Table 1). The cohort 

consisted of 9234 samples with complete gene expression, mutation, copy number alteration 

and cancer type data from 33 cancer types. Here we used the samples with any of the PIK3CA 

driver hotspot mutations (i.e. ‘driver hotspot’) as the positive set and the PIK3CA-wild-type 

samples (‘wild-type’) as the negative set. To minimize the presence of mutations that may 

result in gene expression alterations potentially similar to the ones resulting from PIK3CA 

driver mutations, which can potentially confound the training of the machine learning model, 

we excluded samples with any genetic alteration (i.e. non-synonymous mutations, copy 

number amplifications or deletions) in the interactors of PIK3CA (‘interactor-mutant’). Here we 

considered the interactors as the top 10 protein-coding genes with experimentally proven 

interactions with PIK3CA according to the String database: PIK3R1, PIK3R3, HRAS, NRAS, 

MRAS, KRAS, PIK3R2, ERAS, RRAS2 and RRAS (Table 2). After the training of the classifier 

model, we used the model to infer pathway activation status for the samples in the ‘neighbor-

mutant’ class, as well as the samples with ‘non-hotspot’ PIK3CA mutations (variants of 

unknown significance). Across the TCGA cohort, the distribution of the samples across the 4 

classes is the following: 426 samples (5.2%) had ‘driver hotspot’ mutations, 5343 samples 

(65.3%) were ‘wild-type’ for PIK3CA, 290 samples (3.5%) had ‘non-hotspot’ PIK3CA mutations 

and 2125 samples (26%) were ‘interactor-mutant’. (Figure 2 C) 
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We investigated the distributions of the three hotspots across the 33 different cancer types 

defined in the TCGA database. The ‘driver hotspot’ class accounted for at least 10% of the 

samples in 3 cancer types: uterine carcinosarcoma (UCS, ~12%), breast invasive carcinoma 

(BRCA, ~21%), and cervical squamous cell carcinoma and endocervical adenocarcinoma 

(CESC, ~15%). In particular, the E545K and E542K mutations are more frequent in the CESC 

samples (respectively, ~9% and ~5.2%), while the H1047R mutation is found more frequently 

in BRCA samples (~11%). The H1047L mutation is rarer compared to the other hotspot 

mutations and has been found more frequently in cholangiocarcinoma (CHOL) samples 

(~2.8%) compared to any other cancer types. (Figure 2 D) Of note, the distribution of PIK3CA 

hotspot mutations is not the same across the cancer types. In particular, we note that PIK3CA 

mutations among UCEC samples are more diverse with less frequent E542K, E545K and 

H1047R/L mutations (5.9%) compared to BRCA (~21%).  

 

Samples in the ‘driver hotspot’ and ‘wild-type’ classes were randomly divided in the ‘training’ 

and the ‘testing’ subsets with a 2:1 ratio. The training data were used to train a logistic 

regression classifier, regularised with an elastic net normalization, to extract the transcriptional 

profile observed in cancers with at least one of the E545K, E542K, and H1047R/L hotspot 

mutations and to produce gene-specific weight scores used to predict oncogenic pathway 

activation in cancers from their transcriptomic profiles.  

 

Two comparative analyses were performed to assert 1) whether the significantly different 

proportions of samples in the ‘driver hotspot’ and in the ‘wild-type’ classes would hinder the 

performances of the classifier and, if that is the case, how to address this issue and 2) whether 

a model trained on a pan-cancer dataset could outperform a model built on BRCA data alone. 
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Using SMOTE to overcome class imbalance 
In an ideal scenario, a machine learning classifier would need input training elements equally 

distributed among the various classes. This was not the case for the PIK3CA training data. 

Here the two classes used as input for the training of the classifier were the samples that 

carried the known activating mutations in PIK3CA (i.e. ‘driver-hotspot’) and the samples that 

did not have genetic alterations at all in PIK3CA (i.e. ‘wild-type’). Given the overall rarity of 

samples with oncogenic mutations, the number of ‘wild-type’ samples vastly outnumbered the 

number of ‘driver-hotspot’ samples. This could be a problem in the training of the classifier 

since unbalanced proportions can potentially result in a model that completely ignores the 

underrepresented class or an overfitted model. A classic approach used to address this 

problem is the resampling of the input dataset. This means either the downsampling of the 

overrepresented classes, by removing samples until the sizes of the classes are equal, or the 

oversampling of the underrepresented classes, by cloning the samples, for example. Both 

these approaches come with noticeable shortcomings. The downsampling approach removes 

information, which might impact the performance of the model, while oversampling by cloning 

can lead to overfitting, due to the redundant information provided. Here we tested a more 

sophisticated oversampling approach, the Synthetic Minority Over-sampling Technique 

(SMOTE),[122] to overcome the problems associated in unbalanced classes. This is a brief 

summary of the SMOTE approach: a sample in the underrepresented class is randomly 

chosen and then its five nearest neighbours (i.e. the five samples with the most similar gene 

expression values in the same class) are identified. Five artificial samples are then added to 

the training cohort by averaging the gene expression values of the index sample and each of 

its five neighbours. This process is iterated until equal distribution between the classes is 

reached. 

 

We compared the performance of the PIK3CA classifier with and without the SMOTE 

adjustment to determine whether the use of SMOTE would affect the performance. For each 

of the two approaches, we first performed 5-fold cross validation, followed by a further 
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validation on the testing subset. Performance was quantified as sensitivity, specificity, 

accuracy and ROC scores. Due to the random nature of some of the steps (for example, the 

splitting of the training and the testing subsets), both analyses were iterated 100 times and 

the performance measures averaged. 

 

When we evaluated the classifier trained on the unbalanced training data, we observed a 

mean sensitivity of 0.94 (range: 0.83 - 0.99), a mean specificity of 0.97 (0.93 - 0.98) and a 

mean ROC score of 0.99 (0.97 - 0.99), from the training subset, and a mean sensitivity of 0.52 

(0.38 - 0.6), a mean specificity of 0.9 (0.87 - 0.94) and a mean ROC score of 0.81 (0.77 - 

0.83), from the testing subset. Conversely, when the SMOTE adjustment was performed, we 

observed a mean sensitivity of 0.9 (range: 0.88 - 0.91), a specificity of 0.88 (0.87 - 0.9) and a 

ROC score of 0.96 (0.95 - 0.96), from the training subset, and a mean sensitivity of 0.88 

(range: 0.84 - 0.91), a specificity of 0.7 (0.65 - 0.75) and a mean ROC score of 0.87 (0.86 - 

0.87), from the testing subset. The substantial difference observed in the training and testing 

sets of scores obtained from the use of unbalanced training data hints at an overfitted model, 

whereas the sets of scores obtained from the model trained on the SMOTE-adjusted data 

were much closer. These results demonstrate the benefits from the use of SMOTE.  

 

The benefits of pan-cancer data over cancer specific data 
The second question we tried to answer was whether the classifier would work better with a 

pan-cancer or with a cancer type-specific training dataset. For PIK3CA, the E542K, E545K 

and H1047L/R driver mutations are frequently found in some cancer types (e.g. breast cancer) 

but not others. In particular, the hotspot mutations were not found in any sample in 13 cancer 

types. This raised the question whether the inclusion of data from diseases in which none of 

the samples had any of the PIK3CA hotspot mutations could interfere with the training of the 

classifier. Based on this, we tested and compared the performance of the PIK3CA models 

trained using either the whole TCGA pan-cancer dataset or only the subset of BRCA samples. 
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Given that the pre-processing of the training data with SMOTE improved the performance, 

here we also used SMOTE to correct class imbalance in both analyses.  

 

The model built on BRCA specific training data led to a mean sensitivity of 0.83 (range: 0.56 - 

1), a specificity of 0.89 (0.7 - 1) and a ROC score of 0.91 (0.77 - 1), from the training subset, 

and a mean sensitivity of 0.67 (range: 0.35 - 0.77), a specificity of 0.59 (0.54 - 0.79) and a 

mean ROC score of 0.68 (0.63 - 0.7), from the testing subset. When the pan-cancer data was 

used, we observed a mean sensitivity of 0.9 (range: 0.88 - 0.91), a specificity of 0.88 (0.87 - 

0.9) and a ROC score of 0.96 (0.95 - 0.96), from the training subset, and a mean sensitivity of 

0.88 (range: 0.84 - 0.91), a specificity of 0.7 (0.65 - 0.75) and a mean ROC score of 0.87 (0.86 

- 0.87), from the testing subset, demonstrating that the larger pan-cancer cohort was a better 

training dataset than the BRCA-specific training dataset. The reduction in performance caused 

by the smaller number of samples used to train the BRCA-specific model (218 compared to 

the 426 used in the pan-cancer model) is comparable to the reduction observed in the classifier 

trained on unbalanced dataset (Figure 2 E) (Table 5) .  

 

Evaluating the PIK3CA classifier 
Lastly, we wanted to investigate more in deep samples classified by the model built to 

recognize PIK3CA driver hotspot mutations using the pan-cancer, SMOTE adjusted dataset. 

We first looked at the distributions of ‘driver hotspot’ and ‘wild-type’ inferred classifications 

observed using the whole samples assigned to these 2 classes. Out of 426 ‘driver hotspot’ 

samples, a mean of 374 (87.7%, range: 357 - 388) were properly classified, while a mean of 

52 (12.2%, range: 38 - 69) were misclassified as ‘wild-type’. In the ‘wild-type’ class, a mean of 

1603 (30%, range: 1336 - 1764) out of 5343 samples were misclassified as ‘driver hotspot’, 

but a mean of 3740 (70%, range: 3579 - 4007) samples were properly classified. Due to the 

role of E542K, E545K and H1047R/L mutations in the activation of the PI3K/mTOR/AKT 

pathway, we retrieved the list of mutations in the genes involved in this pathway from the 
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misclassified ‘wild type’ samples. Said mutations can potentially affect the pathway in a similar 

manner as the PIK3CA hotspot mutations and result in a comparable gene expression profile: 

AKT1, AKT2, AKT3, CRKL, IRS2, MTOR, PIK3CG, PIK3R1, PIK3R2, PTEN, RICTOR, 

RNF43, RPTOR, TSC1 and TSC2.[128] These genes have been found mutated in a mean of 

16.5% of the misclassified ‘wild type’ samples, PTEN being the most frequently mutated (AKT1 

(1%), AKT2 (0.3%), AKT3 (0.5%), CRKL (0.2%), IRS2 (0.3%), MTOR (2.1%), PIK3CG (1.8%), 

PTEN (4.5%), RICTOR (1.1%), RNF43 (0.9%), RPTOR (1%), TSC1 (1.2%) and TSC2 (1.4%)). 

PIK3R1 and PIK3R2 were previously selected as known PIK3CA iteractors and samples with 

alterations in these two genes were previously removed from this class of samples. 

Development and evaluation of classifiers for 15 additional oncogenes 

Next we proceeded to test the approach on 15 additional oncogenes to determine whether the 

same approach could be used to train classifiers to distinguish samples with and without 

known oncogenic mutations based on gene expression. In this analysis, we included 15 

oncogenes obtained from the Oncokb database[129] and comprises the following genes: 

SF3B1, BRAF, CTNNB1, EGFR, ERBB2, FGFR3, GNA11, GNAQ, HRAS, IDH1, KRAS, 

NFE2L2, NRAS, AKT1, MAP2K1. We chose these genes for different reasons. First, they all 

are acknowledged oncogenes, so they suit the scope of this study. Next, they offer a broad 

range of variety in terms of mutational frequencies and cancer types in which they are known 

to have a role in tumorigenesis. For each of them, we trained each classifier using the 'driver 

hotspot' and 'wild-type' samples across all cancer types (Table 1), excluding the samples with 

alterations in the interactors (Table 2), pre-processed the data with SMOTE, performed 

feature selection, trained the classifiers and evaluated the classifiers in the same way as was 

performed for PIK3CA.  

 

First we compared the distribution of the samples across the 4 different classes (i.e. ‘driver 

hotspot’, ‘wild-type’, ‘interactor-mutant’ and ‘non-hotspot’) (Figure 3 A). The general trend is 

roughly the same across all the oncogenes; the wild-type samples represent the largest 



75 
 

fraction, followed by the ‘interactor-mutant’ ones, while the samples with either hotspot or non-

hotspot mutations account for significantly smaller proportions in all 15 oncogenes. Moreover, 

in some of them (MAP2K1, HRAS and ERBB2, for example) the samples with driver hotspot 

mutations were so scarce that, even with the use of SMOTE, we did not expect to achieve 

good performance or even being able to reach the minimum amount of data needed for the 

training of the model. In addition to this, we have decided to investigate, for each oncogene, 

the distribution of the samples with the selected driver hotspot mutations across all the cancer 

types defined in TCGA (Figure 3 B). This highlighted whether said genes were predominant 

in specific cancer type (for example GNA11 and GNAQ found almost exclusively in uveal 

melanoma (UVM) samples) or were frequently found across different diseases (like KRAS, 

found in at least 10% of the samples in pancreatic adenocarcinoma (PAAD), colon 

adenocarcinoma (COAD), lung adenocarcinoma (LUAD) and rectum adenocarcinoma 

(READ)). 

 

Analogous to the comparison of using the PanCancer vs BRCA training sets for PIK3CA, we 

tested whether the models would perform better with the whole PanCancer dataset, or with 

more targeted datasets consisting of specific cancer types (Table 3). For most of the 

oncogenes, multiple cancer types, chosen based on both the literature and the observed 

mutation frequencies, have been selected. The models were then tested and compared over 

20 iterations.  

 

For 12 out of 16 oncogenes, we observed better ROC score for the models trained on the 

PanCancer data (Table 4 and Table 5). The only exceptions were SF3B1 (pan-cancer mean 

ROC= 0.97 (range: 0.96 - 0.97), cancer specific mean ROC= 0.98 (range: 0.98 - 0.98)), IDH1 

(pan-cancer mean ROC= 0.96 (range: 0.96 - 0.97), cancer specific mean ROC= 0.99 (range: 

0.98 - 0.99) and NFE2L2 (pan-cancer mean ROC= 0.95 (range: 0.94 - 0.95), cancer specific 

mean ROC= 0.95 (range: 0.95 - 0.95)), for which the cancer types specific models slightly 

outperformed compared to the pan-cancer models (Table 5). Nevertheless, ROC scores were 
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not always good metrics for the ‘driver hotspot’ detection performances of the models. As 

expected, this classification approach did not perform well for some of the oncogenes with 

very infrequent occurrences of driver hotspot mutations (Figure 3 C). For example, MAP2K1 

did not reach the minimal threshold of hotspot mutated samples (n=12) making it impossible 

to train a model. Moreover, ROC scores of models for rarely mutated oncogenes such as 

ERBB2 (mean ROC = 0.71 (range: 0.69 - 0.73)) and HRAS (mean ROC = 0.57 (range: 0.5 - 

0.63)) were below 80%, suggesting that either even SMOTE could not adequately account for 

the class imbalance or that these genes did not have strong transcriptional signatures. We 

then asked whether the fraction of the ‘driver hotspot’ class might account for the difference 

in the sensitivity of the models. The comparison of the different accuracy scores highlighted 

how while some accuracies scores were coherent for some oncogenes (i.e. BRAF with a mean 

ROC= 0.97, mean sensitivity= 0.9 and mean specificity= 0.95) some of the models with high 

ROC scores were biased toward the ‘wild-type’ class (i.e. SF3B1 with a mean ROC= 0.96, 

mean sensitivity= 0.08 and mean specificity= 0.99) (Figure 3 C) (Table 5). We observed a 

significant correlation between the fraction of the ‘driver hotspot’ class and the sensitivity 

scores for the respective models (R= 0.71, p.value= 0.0021, Spearman correlation test) 

(Figure 3 D). PIK3CA, KRAS, BRAF, IDH1, and NRAS were the only oncogenes where the 

percentage of driver hotspot samples was higher than 1% and were the ones that achieved 

significantly higher sensitivity scores (PIK3CA= 0.88 (range: 0.84 - 0.91), KRAS= 0.83 (0.68 - 

0.92), BRAF= 0.9 (0.88 - 0.9), IDH1= 0.92 (0.9 - 0.92), NRAS= 0.87 (0.8 - 0.91)) compared to 

the remaining oncogenes (mean= 0,31 (0 - 0.86), p=0.001, Mann-Whitney rank test). 

Interestingly, 3 of the oncogenes with fewer than 1% ‘driver hotspot’ samples, EGFR, FGFR3, 

and GNA11, reached sensitivity scores above the 70% (mean sensitivity for EGFR= 0.73 (0.58 

- 0.86), mean sensitivity for FGFR3= 0.72 (0.7 - 0.73) and mean sensitivity for GNA11= 0.72 

(0.6 - 0.85)), which may suggest that the activation of the respective oncogenic pathways 

leads to relatively easy-to-recognize transcriptional signatures, despite the small positive 

training dataset. 
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Inference of pathway activation status  
Lastly, we have applied the same model to infer the PI3K pathway activation status on the 

samples from the two classes of samples not used for model training: the samples with ‘non-

hotspot’ PIK3CA mutations and the ‘interactor-mutant’ samples. The aim of this step is to 

determine if the transcriptional profile identified by the model can be detected and, therefore, 

suggest pathway activation in these samples. Of the 2125 ‘interactor-mutant’ samples, a mean 

of 284 (13.4%, range: 276 - 295) samples were classified as having the ‘driver hotspot’ 

transcriptional profile, while a mean of 1841 (86.6%, range: 1830 - 1849) were classified as 

having the ‘wild-type’ profile. Among the 290 ‘non-hotspot’ samples, we observed a mean of 

186 samples (64.1%, range: 179 - 188) classified as ‘driver hotspot’ and 104 (35.9%, range: 

102 - 111) classified as ‘wild type’. Next, we extracted all the PIK3CA mutations found in these 

two classes and annotated their oncogenic status based on the OncoKB database (Figure 

4).[129] Of the 131 mutations in samples classified as 'driver hotspot', 106 (80.9%) were either 

'Oncogenic' or 'Likely oncogenic' according to OncoKB, compared to the 16 'Oncogenic' or 

'Likely oncogenic' mutations seen in samples classified as 'wild-type'. 25 (19.1%) mutations in 

samples classified as 'driver' hotspot' were either unannotated or were annotated as 

'Inconclusive’ according to OncoKB, compared to 7 (28%) mutations in samples classified as 

'wild-type'. 

 

Moreover, across the samples included in the ‘interactor mutant’ class, 31 PIK3CA hotspot 

mutations (6 E542K, 10 E545K, 13 H1047R and 2 H1047L) were found in patients classified 

as ‘driver hotspot’ by the model, while 6 mutations (1 E545K and 5 H1047R) were found in 

patients classified as ‘wild-type’. These results can potentially hint that the transcriptomic 

profile associated with the PIK3CA non hotspot oncogenic mutations was recognized by the 

classifier. 
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DISCUSSION 

It has been demonstrated that gene expression data can be used in adjunction to the more 

classic genomic sequencing to drive precision oncology therapies.[60] What is still needed is 

a technique able to methodologically leverage transcriptomic data to identify oncogenic 

molecular processes in patients. We developed a logistic regression machine learning 

approach able to detect and extract a transcriptomic signature from samples with cancer driver 

and driver hotspot mutations, to infer the pathway activation status in patients without the 

hotspot mutations. This is important as many cancers do not harbor known cancer 

drivers.[103] 

 

We initially tested the approach on the PIK3CA oncogene. As a proof of concept, we tried to 

train a classifier able to detect the oncogenic pathway activation caused by the most common 

PIK3CA hotspot driver mutations (E545K, E542K, and H1047R/L). After implementing a 

computational algorithm (SMOTE) to address the class imbalance of the training data and 

demonstrating that the use of a pan-cancer dataset leads to a better classifier than one based 

on a breast cancer specific dataset, the logistic regression model was able to predict the 

presence or the lack of these hotspot mutations with sensitivity and specificity scores of, 

respectively, 88% and 70% and a ROC AUC score of 87%. Performing comparative analyses 

showed how leaving class imbalance not addressed and using a cancer type-specific subset 

as the training data (as opposed to using pan-cancer training data) effectively lead to the 

removal of information which may ultimately have reduced model performance. 

 

The approach was applied to train additional classifiers for 15 other oncogenes. Including 

PIK3CA, 12 of these classifiers were able to achieve good prediction scores (ROC score 

higher than 85%), while 4 were not performing as well (ROC score lower than 85%). Our main 

hypothesis, supported by the different frequencies of actionable mutations in the TCGA cohort, 

was that some oncogenes did not reach the necessary numbers of actionable samples needed 
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to properly train the models. A correlation between these numbers and the sensitivity scores 

obtained from the respective classifiers showed a strong correlation (R= 0.71), suggesting that 

the better performing models were associated with having a higher percentage of samples 

with actionable mutations. This conclusion is coherent with the assumption that the power of 

machine learning lies in its ability to learn from large amounts of data. Underperforming models 

trained on the rarer oncogenes, compared to the other selected ones, can be further tested 

once more once additional data from cancer patients is obtained to improve their classification 

accuracies. 

 

Finally, we used the classifier trained with PIK3CA hotspot mutations to infer the presence of 

the same transcriptomic profile and the relative oncogenic pathway activation in a subset of 

TCGA samples with either non-hotspot mutations or with alterations in genes that are known 

PIK3CA interactors. This analysis was performed to achieve two aims. First, it was done to 

test whether the classifier was able or not to identify established non-hotspot oncogenic 

mutations. Second, it was used to infer the oncogenic and actionable nature of mutations with 

unknown role in cancer development. The model was able to infer the presence of the same 

transcriptional profile associated to the PIK3CA hotspot driver mutations in several samples 

with previously studied PIK3CA mutations, annotated as oncogenic or likely oncogenic in the 

OncoKB database (106 out of 122).[129] From a precision oncology perspective, cancer drugs 

used to treat patients with PIK3CA oncogenic mutations, such as the combination of Alpelisib 

and Fulvestrant [125], rely on the presence of a broad range of oncogenic mutations rather 

than a few selection like what is seen, for example, in BRAF inhibitors, specifically used on 

samples with a V600E mutations in the BRAF gene.[130] This hints at the fact that many 

oncogenic PIK3CA mutations lead to the same downstream oncogenic effect. The ability of 

the model to infer the same transcriptomic profile is coherent to this assumption, together with 

the assumption that gene expression profiling can be used as an alternative to genetic data to 

drive precision oncology[60], points to a possibility to use this approach to potentially reveal 

hidden responders in the cancer patients. A potential follow-up study can focus on a similar 
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methodology to train models able to detect transcriptomic profiles associated with clinically 

meaningful genetic biomarkers to further investigate and validate this theory. 

 

In conclusion, we developed a computational approach based on a logistic regression model 

able to predict oncogenic pathways activation using TCGA gene expression data. In the 

absence of clinically approved genomic biomarkers, our classifier can be used to find 

potentially novel responders to cancer therapies and expand modern precision oncology. One 

of the limits of our study is the dependence on a large training dataset, able to provide enough 

information to train even models specific to less frequently mutated oncogenes. As the number 

of cancer patient data increases, the detection of the approach will increase as well, expanding 

the range of oncogenes that could benefit from this methodology. 

 

FIGURES 

 

Figure 1. Development of a logistic regression classifier to infer pathway activation 

from oncogenic mutations. Flowchart showing the different steps of the workflow. A) Data 
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was retrieved from the publicly accessible TCGA database. Information obtained includes 

gene expression, mutation, copy number alteration and cancer type data. Samples were 

classified based on this information: samples with ‘interactor-mutant’ alterations; samples with 

‘driver hotspot’ mutations in the selected oncogene; the ‘non-hotspot’ samples with non-

hotspot mutations in the selected oncogene; samples ‘wild-type’ for the selected oncogene. 

The 1000 most differentially expressed genes between the ‘driver hotspot’ and the ‘wild-type’ 

classes were identified and used to generate a data matrix used for the training and the testing 

of the classifier. B) The classifier was trained using logistic regression, with an elastic net 

regularization, by assigning  a specific weight score to each gene. C) Brief description of the 

SMOTE algorithm: 1) samples in the ‘driver hotspot’ class were collected, 2) a sample was 

randomly chosen and the 5 neighbours samples in the same class with the closest gene 

expression values were selected, 3) artificial samples were generated by averaging the gene 

expression values of the initial sample and each of its neighbours, 4) the artificial samples 

were included in the ‘driver hotspot’ class. D) The accuracy of the trained classifier was 

evaluated. E) The classifier was used on the ‘non-hotspot’ class to infer the presence of the 

oncogenic pathway activation.  
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Figure 2. Training of the PIK3CA classifier. A) Distribution of PIK3CA mutations along the 

PIK3CA gene across the pan-cancer TCGA dataset. Each dot identifies a specific mutation. 

The height corresponds to the relative observed frequency, the color corresponds to the 

mutation type. B) Percentages of PIK3CA-mutated samples across the TCGA dataset. Only 

the 15 most frequently mutated cancer types are shown. C)Percentages of samples included 

in each of the 4 classes defined in the approach. D) Percentages of samples with PIK3CA 

‘driver hotspot’ mutations across the 33 cancer types included in TCGA. The first 4 columns 

show the percentages for each individual mutation, the last column show the percentage for 

all of them. Data for Acute Myeloid Leukemia (LAML) was removed due to the lack of gene 

expression data for samples included in this cancer type. E) Receiver Operating Characteristic 

(ROC) curves obtained from 3 differentially trained PIK3CA classifiers. Topmost ROC was 

obtained from a model trained on pan-cancer data, without SMOTE samples adjustment. 

Middle ROC was obtained from a model trained with pan-cancer data, adjusted with SMOTE. 

Bottommost ROC was obtained from a model trained with Breast invasive carcinoma (BRCA) 

data, adjusted with SMOTE.  
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Figure 3. Classifiers trained on 16 different oncogenes. 16 classifiers were trained to 

identify the transcriptional signatures for 16 oncogenes: PIK3CA, SF3B1, BRAF, CTNNB1, 

EGFR, ERBB2, FGFR3, GNA11, GNAQ, HRAS, IDH1, KRAS, NFE2L2, NRAS, AKT1, 

MAP2K1. A) Distributions of 4 classes of samples: samples with ‘driver hotspot’ mutated 

samples, ‘wild-type’ samples for the selected oncogene, samples with ‘interactor-mutant’ 

alterations and samples with ‘non-hotspot’ mutations in the selected oncogene. B) 

Percentages of ‘driver hotspot’ mutated samples for each oncogene across the 33 TCGA 

cancer types. C) ROC scores obtained from each classifier using either pan-cancer data or 

cancer specific data. D) Spearman correlation between sensitivity scores obtained from each 

classifier (using pan-cancer training data) and the respective percentage of ‘driver hotspot’ 

mutated samples used for the training of the models. 
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Figure 4. Oncogenicity prediction on PIK3CA mutations. PIK3CA mutations retrieved from 

‘non-hotspot’ and ‘interactor-mutant’ samples classified by the pan-cancer, SMOTE adjusted 

PIK3CA model. Top mutations were observed in patients classified as ‘hotspot mutated’, 

bottom mutations were observed in samples classified as ‘wild-type’. Mutations were colored 

based on the oncogenicity effects annotated on the OncoKB database.[129]  
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TABLES 

Oncogene Hotspot	mutations 

PIK3CA p.E545K,	p.H1047R,	p.E542K,	p.H1047L 

SF3B1 p.K700E,	p.R625H,	p.R625C 

BRAF p.V600E,	p.V600M 

CTNNB1 p.S37F,	p.T41A,	p.S45P,	p.S37C,	p.S33C,	p.S33F,	p.S45F,	p.G34R,	p.T41I 

EGFR p.E746_A750del,	p.A289V,	p.L858R,	p.G598V 

ERBB2 p.S310F,	p.V842I,	p.R678Q,	p.L755S,	p.V777L 

FGFR3 p.S249C,	p.Y375C 

GNA11 p.Q209L 

GNAQ p.Q209P,	p.Q209L 

HRAS p.Q61R,	p.G13V,	p.Q61K,	p.G13R 

IDH1 p.R132H,	p.R132C,	p.R132G 

KRAS p.G12D,p.G12V,p.G12C,p.G13D,p.G12A,p.G12R,p.G12S 

NFE2L2 p.R34G,	p.D29H,	p.E79Q,	p.E82D 

NRAS p.Q61R,	p.Q61K,	p.Q61L 

AKT1 p.E17K 

MAP2K1 p.P124S 

 

Table 1. Driver hotspots across 16 oncogenes. List of the selected hotspot mutations used 

to classified samples into the ‘driver hotspot’ class for each of the 16 selected oncogenes.  
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Oncogenes Interactors 

PIK3CA PIK3R1,	PIK3R3,	HRAS,	NRAS,	MRAS,	KRAS,	PIK3R2,	ERAS,	RRAS2,	RRAS 

SF3B1 SF3B5,		PHF5A,	SF3B3,	SF3B2,	SF3B4,	SF3A2,	CDC5L,	SNRPA1,	DDX42 

BRAF MAP2K1,	MAP2K2,	RPS6KB2,	PRKACA,	MAP3K1,	PRKCA,	PRKCE,	RAP1A,	HRAS 

CTNNB1 CDH1,	CTNNA1,	FYN,	FER,	CTNNBIP1,	APC,	BCL9,	BTRC,	LEF1,	RAPGEF2 

EGFR CBL,	EGF,	CBLB,	SHC1,	GRB2,	PIK3R1,	ERBB3,	TGFA,	EREG,	ERRFI1 

ERBB2 ERRFI1,	GABPB1,	GRB2,	SHC1,	PTPN11,	CBL,	PIK3R1,	PIK3R2,	PTK2,	SH3BGRL 

FGFR3 FGF8,	FGF2,	FGF9,	FGF1,	PLCG2,	PLCG1,	FGF16,	FGF20,	FGFR2,	C6orf47 

GNA11 GNB1,	GNB2,	GNB4,	GNG2,	RHOA,	RHOC,	RHOB,	GNB3,	RGS14,	RGS3 

GNAQ GNB1,	GNB2,	GNB4,	RHOA,	GNG2,	GNB3,	RHOC,	RHOB,	RGS13,	RGS4 

HRAS RAF1,	PIK3CG,	SOS1,	MLLT4,	NRAS,	KRAS,	RASA1,	PIK3CD,	PIK3CA,	RASSF5 

IDH1 IDH2,	IDH3B,	IDH3G,	FAM49B,	CEP57L1,	IDH3A,	MDH2,	DAZAP1,	PHB2,	LTA4H 

KRAS ARAF,	BRAF,	RAF1,	HRAS,	NRAS,	PIK3CG,	PIK3CA,	SOS1,	EGFR,	ERBB2 

NFE2L2 NFE2,	NFE2L3,	CREB3,	MAFG,	MAFF,	ENC1,	KEAP1,	MAFK,	MAF,	ATF4 

NRAS HRAS,	KRAS,	PIK3CG,	PIK3CA,	RAF1,	ARAF,	PIK3CD,	BRAF,	MLLT4,	PIK3CB 

AKT1 PDPK1,	GSK3B,	PPP2CA,	VHL,	EGLN1,	RPS6KB1,	MTOR,	PDK1,	AKT2,	MAP3K5 

MAP2K1 BRAF,	KSR2,	MAPK3,	MAPK1,	KSR1,	MAP2K2,	ARAF,	RAF1,	RNASE9,	MAPK14 

 
Table 2. Interactors of the 16 oncogenes. List of the top 10 interactors retrieved from 

StringDB for each of the 16 selected oncogenes. 
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Oncogenes Cancer	types 

PIK3CA BRCA 

SF3B1 UVM,	THYM,	BRCA 

BRAF SKCM,	THCA 

CTNNB1 ACC,	UCEC,	LIHC 

EGFR LUAD,	GBM 

ERBB2 BLCA 

FGFR3 BLCA 

GNA11 UVM,	SKCM 

GNAQ UVM,	SKCM 

HRAS PCPG,	THCA,	THYM 

IDH1 LGG,	CHOL 

KRAS COAD,	LUAD,	PAAD,	READ 

NFE2L2 UCEC,	HNSC,	BLCA,	CESC,	LUSC 

NRAS SKCM,	THCA 

AKT1 UCEC,	BRCA,	THCA,	COAD,	CESC 

MAP2K1 COAD,	SKCM 

 

Table 3. Cancer types for the cancer type-specific models for the 16 oncogenes. List of 

TCGA cancer types selected as training datasets for the cancer type-specific models. The 

cancer type for which the driver hotspot mutations in each of the 16 selected oncogenes (Table 

1) were the most frequently observed were selected. Multiple cancer types were selected if a 

single type did not provide enough samples to train the model. Breast invasive carcinoma 

(BRCA), Uveal Melanoma (UVM), Thymoma (THYM), Skin Cutaneous Melanoma (SKCM), 

Thyroid carcinoma (THCA), Adrenocortical carcinoma (ACC), Uterine Corpus Endometrial 
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Carcinoma (UCEC), Liver hepatocellular carcinoma (LIHC), Lung adenocarcinoma (LUAD), 

Glioblastoma multiforme (GBM), Bladder Urothelial Carcinoma (BLCA), Pheochromocytoma 

and Paraganglioma (PCPG), Brain Lower Grade Glioma (LGG), Cholangiocarcinoma (CHOL), 

Colon adenocarcinoma (COAD), Pancreatic adenocarcinoma (PAAD), Rectum 

adenocarcinoma (READ), Head and Neck squamous cell carcinoma (HNSC), Lung squamous 

cell carcinoma (LUSC) and Cervical squamous cell carcinoma and endocervical 

adenocarcinoma (CESC).  
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	 	 Sensitivity Specificity Accuracy ROC	score 

PIK3CA 

pan-cancer 0.9	(0.88	-	0.91) 0.88	(0.87	-	0.9) 0.88	(0.87	-	0.9) 0.96	(0.95	-	0.96) 

cancer-
specific 

0.83	(0.56	-	1) 0.89	(0.7	-	1) 0.86	(0.71	-	1) 0.91	(0.77	-	1) 

SF3B1 

pan-cancer 1	(1	-	1) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 0.99	(0.99	-	1) 

cancer-
specific 

1	(1	-	1) 0.98	(0.96	-	1) 0.98	(0.96	-	1) 0.99	(0.98	-	1) 

BRAF 

pan-cancer 0.96	(0.96	-	0.96) 0.98	(0.98	-	0.98) 0.98	(0.98	-	0.98) 0.99	(0.99	-	0.99) 

cancer-
specific 

0.99	(0.99	-	1) 1	(1	-	1) 0.99	(0.99	-	1) 1	(1	-	1) 

CTNNB1 

pan-cancer 1	(1	-	1) 0.99	(0.98	-	0.99) 0.99	(0.98	-	0.99) 0.99	(0.99	-	0.99) 

cancer-
specific 

0.99	(0.9	-	1) 0.98	(0.89	-	1) 0.98	(0.89	-	1) 0.99	(0.99	-	1) 

EGFR 

pan-cancer 1	(1	-	1) 0.99	(0.98	-	0.99) 0.99	(0.98	-	0.99) 0.99	(0.99	-	0.99) 

cancer-
specific 

0.98	(0.85	-	1) 1	(1	-	1) 0.99	(0.97	-	1) 1	(1	-	1) 

ERBB2 

pan-cancer 1	(1	-	1) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 0.99	(0.99	-	1) 

cancer-
specific 

1	(1	-	1) 1	(1	-	1) 1	(1	-	1) 1	(1	-	1) 

FGFR3 

pan-cancer 1	(1	-	1) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 0.99	(0.99	-	1) 

cancer-
specific 

1	(1	-	1) 0.99	(0.99	-	1) 0.99	(0.99	-	1) 1	(1	-	1) 

GNA11 
pan-cancer 1	(1	-	1) 0.99	(0.98	-	0.99) 0.99	(0.98	-	0.99) 0.99	(0.99	-	0.99) 

cancer- 1	(1	-	1) 1	(1	-	1) 1	(1	-	1) 1	(1	-	1) 
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specific 

GNAQ 

pan-cancer 1	(1	-	1) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 

cancer-
specific 

1	(1	-	1) 1	(1	-	1) 1	(1	-	1) 1	(1	-	1) 

HRAS 

pan-cancer 0.94	(0.94	-	0.94) 0.98	(0.98	-	0.99) 0.98	(0.98	-	0.98) 0.99	(0.99	-	0.99) 

cancer-
specific 

1	(1	-	1) 1	(1	-	1) 1	(1	-	1) 1	(1	-	1) 

IDH1 

pan-cancer 0.96	(0.95	-	0.97) 0.98	(0.98	-	0.99) 0.98	(0.98	-	0.98) 0.99	(0.99	-	0.99) 

cancer-
specific 

0.93	(0.91	-	0.94) 0.99	(0.98	-	1) 0.95	(0.94	-	0.96) 0.98	(0.97	-	0.99) 

KRAS 

pan-cancer 0.94	(0.92	-	0.97) 0.96	(0.95	-	0.97) 0.96	(0.95	-	0.97) 0.98	(0.98	-	0.98) 

cancer-
specific 

0.99	(0.97	-	1) 1	(1	-	1) 0.99	(0.98	-	1) 1	(1	-	1) 

NFE2L2 

pan-cancer 1	(1	-	1) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 1	(1	-	1) 

cancer-
specific 

1	(1	-	1) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 1	(1	-	1) 

NRAS 

pan-cancer 0.97	(0.97	-	0.97) 0.98	(0.98	-	0.98) 0.98	(0.98	-	0.98) 0.99	(0.99	-	0.99) 

cancer-
specific 

1	(1	-	1) 1	(1	-	1) 1	(1	-	1) 1	(1	-	1) 

AKT1 

pan-cancer 1	(1	-	1) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 

cancer-
specific 

1	(1	-	1) 0.99	(0.99	-	1) 0.99	(0.99	-	1) 1	(1	-	1) 

MAP2K1 

pan-cancer x x x x 

cancer-
specific 

x x x x 
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Table 4. Evaluation of classifier performance on the training subset. List of performance 

metrics (sensitivity, specificity, accuracy and ROC score) on the training subset for the 

classifiers trained on either the whole pan-cancer cohort or the cancer-specific cohorts.  
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	 	 Sensitivity Specificity Accuracy ROC	score 

PIK3CA 

pan-cancer 
0.88	(0.84	-	0.91) 0.7	(0.67	-	0.75) 0.72	(0.69	-	0.75) 0.87	(0.86	-	0.87) 

cancer-
specific 0.67	(0.35	-	0.77) 0.59	(0.54	-	0.79) 0.61	(0.59	-	0.67) 0.68	(0.63	-	0.7) 

SF3B1 

pan-cancer 
0.08	(0	-	0.12) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 0.97	(0.96	-	0.97) 

cancer-
specific 0.1	(0	-	0.2) 0.99	(0.99	-	0.99) 0.98	(0.98	-	0.98) 0.98	(0.98	-	0.98) 

BRAF 

pan-cancer 
0.9	(0.88	-	0.9) 0.95	(0.94	-	0.96) 0.95	(0.94	-	0.95) 0.97	(0.97	-	0.97) 

cancer-
specific 0.92	(0.91	-	0.93) 0.7	(0.66	-	0.75) 0.81	(0.79	-	0.83) 0.92	(0.91	-	0.92) 

CTNNB1 

pan-cancer 
0.43	(0.38	-	0.5) 0.98	(0.97	-	0.98) 0.97	(0.97	-	0.98) 0.92	(0.89	-	0.94) 

cancer-
specific 0.55	(0.38	-	0.66) 0.91	(0.85	-	0.95) 0.87	(0.8	-	0.9) 0.87	(0.79	-	0.92) 

EGFR 

pan-cancer 
0.73	(0.58	-	0.86) 0.96	(0.96	-	0.98) 0.96	(0.95	-	0.97) 0.96	(0.96	-	0.96) 

cancer-
specific 0.29	(0.19	-	0.47) 0.9	(0.75	-	0.95) 0.84	(0.72	-	0.88) 0.68	(0.62	-	0.71) 

ERBB2 

pan-cancer 
0.08	(0.08	-	0.08) 0.99	(0.99	-	0.99) 0.98	(0.98	-	0.99) 0.71	(0.69	-	0.73) 

cancer-
specific 0	(0	-	0) 0.96	(0.95	-	0.97) 0.91	(0.9	-	0.91) 0.41	(0.36	-	0.46) 

FGFR3 

pan-cancer 
0.72	(0.7	-	0.73) 0.99	(0.99	-	0.99) 0.99	(0.98	-	0.99) 0.97	(0.96	-	0.98) 

cancer-
specific 0.61	(0.43	-	0.73) 0.93	(0.9	-	0.94) 0.87	(0.83	-	0.9) 0.87	(0.84	-	0.89) 

GNA11 pan-cancer 
0.72	(0.6	-	0.85) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 
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cancer-
specific 0.21	(0.2	-	0.25) 0.99	(0.99	-	0.99) 0.94	(0.94	-	0.94) 0.7	(0.68	-	0.71) 

GNAQ 

pan-cancer 
0.69	(0.65	-	0.78) 0.99	(0.99	-	1) 0.99	(0.99	-	0.99) 0.99	(0.99	-	0.99) 

cancer-
specific 0.34	(0.3	-	0.39) 0.98	(0.98	-	0.98) 0.93	(0.93	-	0.94) 0.86	(0.85	-	0.86) 

HRAS 

pan-cancer 
0.06	(0.05	-	0.08) 0.99	(0.99	-	0.99) 0.98	(0.98	-	0.98) 0.57	(0.5	-	0.63) 

cancer-
specific 0.05	(0.05	-	0.05) 0.99	(0.99	-	1) 0.95	(0.95	-	0.95) 0.54	(0.49	-	0.57) 

IDH1 

pan-cancer 
0.92	(0.9	-	0.92) 0.99	(0.99	-	0.99) 0.98	(0.98	-	0.98) 0.96	(0.96	-	0.97) 

cancer-
specific 0.88	(0.86	-	0.92) 0.97	(0.95	-	0.97) 0.9	(0.88	-	0.93) 0.99	(0.98	-	0.99) 

KRAS 

pan-cancer 
0.83	(0.68	-	0.92) 0.9	(0.86	-	0.94) 0.89	(0.86	-	0.92) 0.94	(0.93	-	0.94) 

cancer-
specific 0.71	(0.68	-	0.75) 0.59	(0.55	-	0.62) 0.64	(0.61	-	0.65) 0.73	(0.73	-	0.74) 

NFE2L2 

pan-cancer 
0.45	(0.41	-	0.5) 0.97	(0.97	-	0.98) 0.96	(0.96	-	0.96) 0.95	(0.94	-	0.95) 

cancer-
specific 0.45	(0.41	-	0.5) 0.97	(0.97	-	0.98) 0.96	(0.96	-	0.96) 0.95	(0.95	-	0.95) 

NRAS 

pan-cancer 
0.87	(0.8	-	0.91) 0.93	(0.92	-	0.94) 0.93	(0.92	-	0.93) 0.96	(0.96	-	0.96) 

cancer-
specific 0.8	(0.74	-	0.87) 0.56	(0.51	-	0.62) 0.63	(0.61	-	0.67) 0.75	(0.71	-	0.78) 

AKT1 

pan-cancer 
0.23	(0.15	-	0.35) 0.96	(0.94	-	0.98) 0.96	(0.94	-	0.97) 0.8	(0.78	-	0.81) 

cancer-
specific 0.17	(0.17	-	0.17) 0.95	(0.94	-	0.96) 0.95	(0.93	-	0.95) 0.66	(0.63	-	0.68) 

MAP2K1 

pan-cancer 
x x x x 

cancer-
specific x x x x 
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Table 5. Evaluation of classifier performance on the testing subset. List of performance 

metrics (sensitivity, specificity, accuracy and ROC score) on the testing subset for the 

classifiers trained on either the whole pan-cancer cohort or the cancer-specific cohorts.
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4- Discussions and Outlook
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In the recent past we have witnessed the advent of precision medicine, which has made it 

possible to move from the “standardized treatment”-based clinical care to one that is more 

customized to the needs of each patient. One of the main protagonists that made it possible 

to have this paradigm shift is the rise of “Big Data” into the healthcare setting.[131] Information 

brought by big data was not only exceptional in size and in variety, but it was also novel in 

terms of new kinds of omic information we were able to generate and process to an 

unprecedented level of accuracy and detail. As the amount and the complexity of data 

increases, the need for computational approaches able to manage and investigate this data 

increases. This has laid the foundations for Bioinformatics to become more and more essential 

both in the research scene, promoting a complementary framework to the in vitro and in vivo 

experiments, and in the clinical setting, where computational approaches can offer clinicians 

new ways to use patient data to help strategize treatments decisions. Translational 

bioinformatics research has enabled the study of these novel omic data to characterize 

molecular networks tied to diseases and to identify new treatment biomarkers. 

 

The precision medicine philosophy easily translates to oncology. Cancer is an extremely 

heterogeneous spectrum of different diseases for which the common trait is the uncontrolled 

division of cells, resulting in the formation of tumors able to invade the original tissues.[19] Not 

only does cancer offer a rich landscape of diverse molecular processes whose deregulation 

leads to the same convergent disease phenotype, making the personalization of treatments 

essential, but it also presents a straightforward kind of clinically meaningful biomarkers: 

genomic mutations. In fact, precision oncology is, currently, driven by the use of treatments 

against specific mutations, called ‘driver’ mutations, able to promote carcinogenesis.  

 

The constant evolution of DNA and RNA sequencing technologies has enabled the detection 

of said driver mutations in patients and the profiling of their diseases, making sequencing one 

of the pillars of precision oncology.[27] While whole genome sequencing and whole exome 

sequencing have proved to be powerful tools in the research setting, targeted sequencing 

panels are being adopted as a cheaper and faster alternative in clinical care, able to focus on 

regions with potential biomarkers tied to specific diseases. Bioinformatics has proven to be 

indispensable in the identification of genomic variants from sequencing data, which are simply 

too large for a manual approach to the identification of mutations. The Ion Torrent sequencing 

platform is commonly used in the routine diagnostic setting due to its relatively low costs and 

fast execution.[76] On the other side, it lacks streamlined data analysis tools. In chapter I of 

the Results we discussed how we addressed this problem with the development of PipeIT, a 

somatic variant caller pipeline, enclosed in a Singularity image, specifically designed to 

analyze Ion Torrent data. The strength of PipeIT is not limited to the accuracy of its somatic 
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mutation detection but also on its ease of use and its ability to ensure perfect reproducibility 

of the results, both of which are the direct consequences of the containerized nature of 

Singularity. PipeIT was published in 2019 in The Journal of Molecular Diagnostics. The main 

drawback of PipeIT is the need of the sequencing of a germline sample matched to the tumor 

counterpart. It is a drawback because, despite the important role of the germline sample to 

definitely identify somatic variants, control healthy samples are not always sequenced, limiting 

the usage of PipeIT to relatively rare occasions in the clinical setting. We addressed this 

limitation with the development of PipeIT2. This new pipeline was specifically designed to work 

on tumor-only sequencing data, thanks to a combination of more stringent filters, annotations 

on population data and panel of unmatched normals. Population data and panels of normals 

can compensate for the lack of a matched normal control by providing statistical inferences of 

the non-somatic nature of mutations, based on the assumption that mutations found in 

significant proportions in large non-disease-specific datasets are likely to be germline 

mutations. Both PipeIT and PipeIT2 pipelines were tested and validated on two different 

cohorts of cancer samples, showing the ability to properly detect important biomarkers. For 

example, they were able to detect BRAF Val600Glu mutations in colon adenoma samples. 

This mutation is a well-known cancer driver genomic alteration, frequently found in a diverse 

range of cancer types such as melanomas and thyroid, lung, and colon carcinomas (present 

in ~10% metastatic colorectal cancer in The Cancer Genome Atlas dataset) and is associated 

with poor survival. The BRAF Val600Glu gain-of-function mutation alters serine/threonine 

kinase domain and ultimately deregulates the mitogen-activated protein kinase (MAPK) 

pathway, promoting cell proliferation and inhibiting apoptosis.[132] Vemurafenib, dabrafenib, 

and encorafenib are just a few of the commercially available BRAF inhibitors specifically used 

to target this mutation.[133–135] Therefore, by detecting this mutation, PipeIT would have 

been able to drive clinical care for these patients. This example highlights the potential role of 

PipeIT and variant detection in precision oncology. 

 

While the detection of genetic alterations is extremely important in oncology, there are other 

aspects of the disease that can be profiled to better understand the underlying molecular 

processes. The development of new evidence-based treatment predictors enabled by omic 

data is critical for precision medicine to evolve.[136] One of the main reasons is that there are 

still a substantial proportion of patients for whom genetic predictive biomarkers cannot be 

identified, suggesting it is likely that there are still genomic driver mutations yet to be 

discovered.[43] Gene expression data have been studied in the recent years as an additional 

profilable information that can either integrate the classic DNA sequencing profiling or offer an 

alternative to it, when driver mutations are not detected. The WINTHER clinical trial 

demonstrated that patients who were treated based on therapies designed on transcriptomic 
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data had good responses, comparable to patients who were treated according to more well 

established therapies based on DNA biomarkers.[60] This finding opens the door to a potential 

clinical revolution. In chapter II we discussed how we investigated this new landscape with the 

use of machine learning, which is showing promise in a diverse range of applications from 

image analysis in radiology and pathology to prognosis in oncology. Machine learning is one 

of the main branches of artificial intelligence. Its role is to dissect big and complex data that 

are impossible to be directly processed by humans to find underlying connections and 

patterns. It is easy to see how machine learning is perfectly suited to dissect the large variety 

of interconnected big data in healthcare to search for patterns.[73]  

 

In Chapter II of the Results, we investigated whether it was possible to detect the presence of 

oncogenic molecular processes directly from gene expression data. To do so, we developed 

a machine learning classifier to extract the transcriptomic profiles associated with specific 

hotspot driver mutations and to infer the presence of the same oncogenic pathway activation 

in patients from transcriptomic data. PIK3CA hotspot mutations were initially used as a first 

testing oncogene to define the approach and to validate the performance of the machine 

learning model. Information retrieved from the open access TCGA database was used as the 

training and testing datasets for this project, highlighting the impact the large-scale sequencing 

projects have in the modern research setting. With a ROC score of 87% and a sensitivity of 

88%, the model proved to be able to infer the presence of PIK3CA driver hotspot mutations in 

patients. Furthermore, by comparing the different tests performed on PIK3CA we observed 

the importance of computational methods to address class imbalance, thanks to the SMOTE 

algorithm, and how the training of the model using a more comprehensive pan-cancer input 

data led to better performance than model training on a more restrictive, cancer-specific data. 

Next, we applied the same methodology on 15 additional oncogenes to determine the 

performance of the models trained for genes that cover a diverse range of mutational 

frequencies and roles in carcinogenesis. Some models (in particular the ones for BRAF, IDH1, 

KRAS and NRAS) proved to be as good as or even better than the one trained for PIK3CA. 

On the other hand, the approach failed to achieve good performance on other less frequently 

mutated genes (for example, MAP2K1, ERBB2 and HRAS), indicating the correlation of 

performance and the fraction of mutated samples. This finding is coherent to what is known to 

be one of the limits of machine learning methodologies, the need of a large training dataset. 

Finally, we tested the model built on PIK3CA on an external pool of TCGA samples to assess 

whether the model was also able to infer the oncogenicity of non-hotspot PIK3CA mutations. 

80.9% of the known oncogenic and likely oncogenic, but non-hotspot, mutations were found 

in patients in which the model inferred the presence of the same pathway activation observed 

in the driver hotspot mutated samples. This could mean that these patients, along with the 
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samples with unannotated PIK3CA mutations also classified by the model in the same way, 

could benefit from the same therapies adopted for patients whose disease harbor the driver 

hotspot mutations. However, the apparently false classifications also demonstrate that 

although machine learning approaches are powerful tools, they are not 100% accurate. In a 

follow up study we could focus on drugs with specific genetic biomarkers. By studying the 

predictions made by these new classifiers, it may be possible to effectively expand modern 

precision medicine. 

 

The studies performed in this thesis showed how computational methodologies able to 

process data retrieved from patients are extremely important. These methodologies are not 

only able to provide answers to modern questions but can, for example thanks to artificial 

intelligence based approaches, generate brand new hypotheses and revolutionize healthcare 

in the near future. 
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Commercially available targeted panels miss genomic regions frequently altered in hepatocellular
carcinoma (HCC). We sought to design and benchmark a sequencing assay for genomic screening of HCC.
We designed an AmpliSeq custom panel targeting all exons of 33 protein-coding and two long non-
coding RNA genes frequently mutated in HCC, TERT promoter, and nine genes with frequent copy
number alterations. By using this panel, the profiling of DNA from fresh-frozen (nZ 10, 1495!) and/or
formalin-fixed, paraffin-embedded (FFPE) tumors with low-input DNA (n Z 36, 530!) from 39 HCCs
identified at least one somatic mutation in 90% of the cases. Median of 2.5 (range, 0 to 74) and 3
(range, 0 to 76) mutations were identified in fresh-frozen and FFPE tumors, respectively. Benchmarked
against the mutations identified from Illumina whole-exome sequencing (WES) of the corresponding
fresh-frozen tumors (105!), 98% (61 of 62) and 100% (104 of 104) of the mutations from WES were
detected in the 10 fresh-frozen tumors and the 36 FFPE tumors, respectively, using the HCC panel. In
addition, 18 and 70 somatic mutations in coding and noncoding genes, respectively, not found by WES
were identified by using our HCC panel. Copy number alterations between WES and our HCC panel
showed an overall concordance of 86%. In conclusion, we established a cost-effective assay for the
detection of genomic alterations in HCC. (J Mol Diagn 2018, 20: 836e848; https://doi.org/10.1016/
j.jmoldx.2018.07.003)

Sequencing technologies have allowed the discovery of
genetic alterations essential in the diagnosis and treatment of
human cancer or approval of new targeted therapies.1 In
addition, the presence of subclonal mutations has direct
implications in the development of drug resistance.2,3 In the
era of precision medicine, the development of rapid, accu-
rate, high-throughput, and cost-effective genomic assays to
accommodate the increasingly genotype-based therapeutic
approaches is required.4,5 Currently, the costs of whole-
genome and whole-exome sequencing (WES) are still
prohibitive in the clinical setting, especially for small
institutions. Furthermore, although DNA from fresh-frozen
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tissue is ideal for genomic screening, it is not part of routine
diagnostic practice at most hospitals and institutions.
Instead, DNA from formalin-fixed paraffin-embedded
(FFPE) material is frequently the only option. Moreover,
DNA from small tumors, after reserving materials for his-
topathologic analyses, may be extremely limited. For
research institutes, being able to exploit and revisit archival
materials associated with long-term follow-up but whose
DNA may potentially be degraded is also highly desirable.
Given these limitations, PCR-based sequencing panels may
be more broadly applicable than capture-based solutions.

Existing commercial sequencing panels, such as the
amplicon-based Ion Torrent Oncomine Comprehensive
Assay version 3 (Thermo Fisher Scientific, Waltham, MA)
and the capture-based Foundation Medicine FoundationOne
assay, are broadly applicable to common cancer types.
Compared with other common cancer types, however, he-
patocellular carcinoma (HCC) has a distinct mutational
profile. Although HCC driver genes TP53 and CTNNB1 are
also frequently mutated in cancers such as those of the
lungs, the breasts, and colon,6 genes such as APOB, ALB,
HNF1A, and HNF4A are significantly mutated only in
HCC.7e17 The distinct mutational landscape of HCC is
likely a result of the unique biology of hepatocyte differ-
entiation and liver functions. Of note, the frequently altered
APOB, ALB, and HNF4A are not targeted by most com-
mercial assays. In the noncoding regions, recent commer-
cially available panels include TERT promoter mutation
hotspot (c.-124C>T). However, long noncoding RNA
(lncRNA) genes frequently mutated in HCC, such as
MALAT1 and NEAT1,16 have yet to be included in
commercial panels or in exome capture panels. Recent

whole-genome studies have also uncovered mutation clus-
ters in promoter regions of genes such as MED16, WDR74,
and TFPI216,18 that are not covered in commercial panels.

In this study, we designed a high-throughput and cost-
effective amplicon-based sequencing panel specifically to
screen for somatic mutations and copy number alterations
(CNAs) in HCC. Our panel includes genes and regions
frequently altered in HCC, including those not currently
covered by commercial panels. We tested the sequencing
panel by using fresh-frozen and FFPE materials with
low-input DNA to evaluate the feasibility of this panel in
routine diagnostics.

Materials and Methods

Targeted Panel Design and Generation

A custom targeted sequencing panel that focused on the
most frequently altered genes in HCC7e18 was designed by
using Ion Ampliseq Designer (Thermo Fisher Scientific).
The panel (hereafter the HCC panel) covers all exons of 33
protein-coding genes; recurrently mutated lncRNA genes
MALAT1 and NEAT1; and the recurrently mutated promoter
regions of TERT, WDR74, MED16, and TFPI2 (Figure 1A
and Supplemental Table S1).7e18 Nine genes frequently
altered by CNAs and mutation hotspots in seven cancer
genes are also covered (Figure 1A and Supplemental Table
S1).7e18 The HCC panel was designed by using the FFPE
option for smaller amplicon size. The nine genes for CNA
profiling were designed to be covered by at least 10 non-
overlapping amplicons evenly distributed across the length
of the genes. The designed panel was further inspected by

Figure 1 Design of the hepatocellular carcinoma (HCC) sequencing panel and the
study. A: Frequencies of somatic mutations and copy number alterations in the genes
included on the HCC panel according to previously published studies.10,15e17 B: Outline of
the study with the number of samples for each analysis performed. CNA, copy number
alteration; FFPE, formalin-fixed, paraffin-embedded; prom, promoter; TCGA, The Cancer
Genome Atlas; WES, whole-exome sequencing.
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the white glove service (Thermo Fisher Scientific) for
primer specificity in a multiplex PCR reaction. The HCC
panel consists of 2120 amplicons split into two primer pools
and covers genomic regions of approximately 203 kb.

Tissue Samples

Human tissues were obtained from patients undergoing
diagnostic liver biopsy at the University Hospital Basel,
Basel, Switzerland. Written informed consent was obtained
from all included patients. Ultrasound-guided needle bi-
opsies were obtained from tumor lesion(s) and adjacent
nontumoral liver tissue (Figure 1B). The study was
approved by the ethics committee of the northwestern part
of Switzerland (protocol EKNZ 2014-099). For all patients
except cases 2, 6, 7, and 9, a single tumor biopsy was
included (Supplemental Table S2). For cases 6 and 7, two
tumor biopsies were included, and for cases 2 and 9, three
tumor biopsies were included. A portion of each biopsy was
FFPE for clinical purposes, and the remaining portion of
each biopsy was snap-frozen and stored at "80#C for
research purposes. For this study, 45 fresh-frozen tumor
biopsies and 39 fresh-frozen nontumor biopsies from 39
patients were included. FFPE tissue samples that remained
after diagnostic routine (36 tumor biopsies and 31 nontumor
biopsies from 36 patients) were included. Pathologic
assessment of tumor content was performed by two expert
hepatopathologists (M.S.M. and L.M.T.) with the use of
diagnostic hematoxylin and eosin slides.

DNA Extraction

DNA from fresh-frozen biopsies was extracted by using the
ZR-Duet DNA/RNA MiniPrep Plus kit (Zymo Research,
Irvine, CA) according to the manufacturer’s instructions.
Before extraction, tissue samples were crushed in liquid ni-
trogen to facilitate lysis. For DNA extraction from FFPE
samples, one 5-mmethick slide was cut directly in the tube,
and DNA was extracted with the DNeasy Blood and Tissue
Kit (Qiagen, Hilden, Germany) according to manufacturer’s
instructions as previously described.19,20 DNA was quantified
by using the Qubit Fluorometer (Thermo Fisher Scientific).

Library Preparation and Deep Sequencing Using the
HCC Panel

Library preparation for the HCC panel was performed by
using the Ion AmpliSeq library kit version 2.0 (Thermo
Fisher Scientific) according to the manufacturer’s guide-
lines. For cases 2, 6, 7, and 9, DNA extracted from multiple
fresh-frozen tumor biopsies was pooled equimolar before
library preparation (Supplemental Table S2). In total, 20
fresh-frozen samples (10 tumor samples and 10 nontumoral
counterparts) and 67 FFPE samples (36 tumor biopsies and
31 nontumoral counterparts) were sequenced by using the
HCC panel.

The HCC panel consists of two pools of amplification
primers. Ten nanograms of DNA per sample was used for
library preparation for each pool. Amplification was per-
formed according to the manufacturer’s guidelines. The
amplicons from the two pools were combined and treated to
digest the primers and to phosphorylate the amplicons. The
amplicons were then ligated to Ion Adapters (Thermo Fisher
Scientific) by using DNA ligase. Finally, cleaning and pu-
rification of the generated libraries were performed with
Agencourt AMPure XP (Beckman Coulter, Brea, CA)
according to the manufacturer’s guidelines. Quantification
and quality control were performed with the Ion Library
TaqMan Quantitation Kit (Thermo Fisher Scientific). Sam-
ples were diluted to reach the concentration of 40 pmol and
then were pooled for sequencing. Twenty-five mL of the
pooled libraries was loaded on Ion 530 Chip (Thermo Fisher
Scientific) and processed in Ion Chef Instrument (Thermo
Fisher Scientific). Sequencing was performed on Ion S5 XL
system (Thermo Fisher Scientific).

Sequence Data Analysis for the HCC Panel

Sequence reads were aligned to the human reference genome
hg19 by using TMAPwithin the Torrent Suite Software version
5.4 (ThermoFisher Scientific;https://github.com/iontorrent/TS)
for the Ion S5XL system. Coverage analysis was performed by
using Picard’s CollectTargetedPcrMetrics tool version 2.4.1
(http://broadinstitute.github.io/picard) (Supplemental Table
S3). Uniformity of sequencing was defined as the proportion
of target bases covered at >20% of mean amplicon coverage
for a given sample. Comparison of the coverage for the two
primer pools was performed by using paired Wilcoxon test.
Somatic mutations were identified with Torrent Variant

Caller version 5.0.3 (Thermo Fisher Scientific; https://github.
com/iontorrent/TS). For fresh-frozen samples, the corre-
sponding fresh-frozen nontumoral samples were used as the
germline control. For FFPE samples, FFPE nontumoral sam-
pleswere used as thematched germline sample when available.
When FFPE nontumoral samples were not available, the cor-
responding fresh-frozen nontumoral samples were used as
germline control. Mutations at hotspot residues were white-
listed.21,22 Mutations supported by <8 reads, and/or those
covered by<10 reads in the tumor or<10 reads in thematched
nontumoral counterpart were filtered out. Only those for which
the tumor variant allele fraction (VAF) was >10 times that of
the matched nontumoral VAF were retained to ensure the so-
matic nature of the variants. Because of the repetitive nature
and the high GC content of the TERT promoter region, TERT
mutation hotspots (chr5:1295228 and chr5:1295250) were
additionally screened. TERT promoter mutations were
considered present if supported by at least five reads or VAF of
at least 5%. All mutations were manually inspected by using
the Integrative Genomics Viewer version 2.3.69 (https://
software.broadinstitute.org/software/igv).23

CNAs were defined as follows. For each sample, end-to-
end sequence reads were extracted separately for the two
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amplicon pools. A copy number reference for each pool was
generated by using all nontumoral samples to estimate
overall read depth, log2 ratio, and variability by using the
reference function from CNVkit version 0.9.0 (https://
github.com/etal/cnvkit).24 Amplicons with <100 read
depth, absolute log2 ratio >1.5, or spread >1 were removed
from copy number analysis. Protein-coding genes for which
the complete coding region was included in the panel or for
which amplicons were specifically designed for copy num-
ber analysis were included. Samples with excessive residual
copy number log2 ratio (segment interquartile range >0.8)
were excluded, as previously described.25

For each tumor/nontumor pair, log2 ratio was computed for
each amplicon, separately for the two amplicon pools by using
Varscan2 version 2.4.3 (https://github.com/dkoboldt/
varscan).26 Log2 ratios for the two pools were separately
centered thenmerged for segmentation by using circular binary
segmentation.27 CNAs were determined, adopting a previously
described approach.20 In brief, SD of the log2 ratios of the 40%

of the central positions ordered by their log2 ratios was
computed. Copy number gains and amplifications/high gains
were defined as þ2 SDs and þ6 SDs, respectively. Copy
number losses and deepdeletionswere definedas"2.5 SDs and
"7 SDs, respectively. All gene amplifications and deep de-
letions were visually inspected by using log2 ratio plots.

To evaluate the impact of tumor purity on CNA analysis,
an in silico simulation was performed on 12 cases (six
frozen and six FFPE, selected on the basis of the presence of
gene amplification/high gain or deep deletion), by replacing
tumor reads with reads sampled from the normal samples to
simulate tumor content 5%, 10%, 20% up to the actual
tumor content for the samples. CNA analysis was performed
as described above.

WES

WES was performed for DNA extracted from the 45 tumor
biopsies and 39 nontumoral counterparts from the 39

× × × × ×

A

D E
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Figure 2 Coverage analyses and statistics of the hepatocellular carcinoma (HCC) panel. A: Distribution of the amplicon sizes on the HCC panel. B: Violin
plots of the mean amplicon coverage across fresh-frozen nontumor; fresh-frozen tumor; formalin-fixed, paraffin-embedded (FFPE) nontumor; and FFPE tumor
samples. C: Coverage uniformity, defined as the percentage of target bases covered at >20% of the mean coverage, in fresh-frozen and FFPE nontumor
samples. D: Percentages of target regions covered at various depths (1!, 2!, 10!, 20!, and 30!) across fresh-frozen nontumor, fresh-frozen tumor, FFPE
nontumor, and FFPE tumor samples. E: Scatter plot of GC content and mean normalized coverage for all amplicons in fresh-frozen and FFPE samples. Color of
the dots indicates the SD of mean normalized coverage within each group. Dashed red lines indicate the mean normalized coverage at 0.1 and 0.05.
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patients (Supplemental Table S2). Whole-exome capture
was performed by using the SureSelectXT Clinical Research
Exome (Agilent, Santa Clara, CA) platform according to the
manufacturer’s guidelines. Sequencing (2 ! 101 bp) was
performed at the Genomics Facility of ETH Zurich
Department of Biosystems Science and Engineering (Basel,
Switzerland) by using Illumina HiSeq 2500 (Illumina, San
Diego, CA) according to the manufacturer’s guidelines.
Sequence reads were aligned to the reference human
genome GRCh37 by using Burrows-Wheeler Aligner-MEM
version 0.7.12 (http://bio-bwa.sourceforge.net).28 Local
realignment, duplicate removal, and base quality adjustment
were performed by using the Genome Analysis Toolkit
version 3.6 (https://software.broadinstitute.org/gatk)29 and
Picard version 2.4.1 (http://broadinstitute.github.io/picard).

For WES samples, sequence reads overlapping with the
target regions of the HCC panel were extracted for further
comparative analyses. Sequencing statistics were evaluated for
the overlap of the target regions of the WES and the HCC
panel. For cases 2, 6, 7, and 9, for which DNA from multiple
fresh-frozen tumor biopsies was pooled before sequencing by
using the HCC panel, WES reads from the multiple biopsies
were merged to facilitate downstream comparisons. For all
four cases, the number of reads obtained from WES of indi-
vidual biopsies was comparable (Supplemental Table S3).

Somatic single nucleotide variants and small insertions and
deletions (indels) were detected by using MuTect version 1.1.4
(https://software.broadinstitute.org/cancer/cga/mutect)30 and
Strelka version 1.0.15 (https://github.com/Illumina/strelka),31

respectively. Single nucleotide variants and small indels
outside of the target regions, those with VAF of <1%, and/or
those supported by<3 reads were filtered out. Only variants for
which the tumor VAF was >5 times that of the matched
nontumoral VAF were retained. Further, variants identified in
at least two of a panel of 123 nontumoral liver tissue samples,
using the artifact detection mode of MuTect2 implemented in
Genome Analysis Toolkit version 3.6 were excluded,29 where
the panel of 123 nontumoral liver tissue samples included the
39 nontumoral samples in the present study and were captured
and sequenced with the same protocols. All indels were
manually inspected by using the Integrative Genomics
Viewer.23 Copy number analysis was performedwith FACETS
version 0.5.13 (https://github.com/mskcc/facets),32 and genes
targeted by amplifications or deep deletions were defined by
using the same thresholds as above.

Pairwise Comparisons between Mutations Identified by
WES, Fresh-Frozen and FFPE Tissues

Pairwise comparisons of the somatic mutations identified by
WES and by the HCC panel were performed, according to
the originating biopsies (Supplemental Table S2). Discor-
dant variants were reevaluated and interrogated for their
presence by supplying Torrent Variant Caller version 5.0.3
with their positions as the hotspot list (for Ion Torrent
sequencing) or by Genome Analysis Toolkit version 3.6

Unified Genotyper by using the GENOTYPE_GIVE-
N_ALLELES mode (for WES).

Sanger Sequencing

To validate the discordant variants, Sanger sequencing was
performed on both DNA from the fresh-frozen and the corre-
sponding FFPE tumor biopsies. PCR amplification of 5 ng of
genomic DNA was performed with the AmpliTaq 360
Master Mix Kit (Thermo Fisher Scientific) on a Veriti Thermal
Cycler (Thermo Fisher Scientific) as previously described
(Supplemental Table S4).20 PCR fragments were purified with
ExoSAP-IT (Thermo Fisher Scientific). Sequencing reactions
were performed on a 3500 Series Genetic Analyzer instrument
by using the ABI BigDye Terminator chemistry version 3.1
(Thermo Fisher Scientific) according to the manufacturer’s in-
structions. All analyseswere performed in duplicate. Sequences
of the forward and reverse strands were analyzed with Mac-
Vector software version 15.1.3 (MacVector, Inc., Apex, NC).20

Analysis of TCGA Data

To determine the frequencies of high-level copy number
gains/focal amplifications and deep deletions/focal homo-
zygous deletions in HCC, the GISTIC 2.0 copy number
calls for The Cancer Genome Atlas (TCGA) HCC cohort
from the cBioPortal were obtained.33 High-level gains and
deep deletions were defined as those with GISTIC copy
number state 2 and "2, respectively. Focal amplifications
and focal homozygous deletions were defined as high-level
gains and deep deletions that affected <25% of a given
chromosome arm. For the 37 genes included in the copy
number analysis, the frequencies of high-level gains/deep
deletions and of focal amplifications/focal homozygous
deletions were computed.

Statistical Analysis

Correlation analyses were performed with Pearson’s r and
r2. Statistical analyses were performed in R version 3.4.2
(The R Foundation, Vienna, Austria).

Results

HCC-Specific Custom Targeted Sequencing Panel
Design and Quality Assessment

An HCC sequencing panel was designed to specifically
target genes and genomic regions frequently altered in
HCC7e18 (Figure 1A and Supplemental Table S1). The
HCC panel consisted of complete coding regions of 33
genes involved in several pathways implicated in HCC
pathogenesis, including the WNT pathway (CTNNB1,
AXIN1), chromatin remodeling (ARID1A, ARID2, and
BAP1), cell cycle regulation (CDKN1A, CDKN2A,
CDKN2B, CCND1, RPS6KA3, RB1, and TP53),
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inflammatory response (IL6R, IL6ST ), and hepatocyte dif-
ferentiation (ALB, APOB, HNF1A, and HNF4A). In addi-
tion, the HCC panel also targeted recurrently mutated
lncRNA genes MALAT1 and NEAT1 and recurrently
mutated promoter regions of TERT, WDR74, MED16, and
TFPI2. Genes frequently altered by CNAs (eg, CCNE1,
VEGFA, TERT ) and mutation hotspots in BRAF, EEF1A1,
HRAS, IL6ST, KRAS, NRAS, and PIK3CA were also tar-
geted. To enable the efficient profiling of DNA samples
derived from potentially degraded FFPE materials, the panel
was designed by using the FFPE option for smaller ampli-
con size, with a mean amplicon size of 118 bp (range, 63 to
252 bp) (Figure 2A). The HCC panel was tested on the
DNA extracted from 20 fresh-frozen samples (10 from
tumor biopsies and 10 from nontumoral counterparts) and
67 FFPE samples (36 from tumor biopsies and 31 from
nontumoral counterparts) obtained from 39 patients
(Figure 1B and Supplemental Table S2).

A coverage analysis of the HCC panel was performed with
the 10 fresh-frozen and 31 FFPE nontumoral DNA samples. In
the fresh-frozen and FFPE nontumoral DNA samples, a mean
coverage of 1478! (range, 925! to 2420!) and 580! (range,
263! to 1300!), respectively, were achieved (Figure 2B and
Supplemental Table S3). No difference was found between the
depth of coverage of the two pools of amplicons (PZ 0.9879,
paired Wilcoxon test) (Supplemental Figure S1A). At least
96.8% and 91.1% of the amplicons were covered at>30! and
at least 98.7% and 95.6% of the amplicons were covered at
>10! in the fresh-frozen and FFPE nontumor samples,
respectively (Figure 2C and Supplemental Figure S1B). Me-
dian uniformity (defined as the proportion of target bases
covered at >20% of the mean amplicon coverage of a given
sample)was89.9% (range, 86.8% to91.5%) in the fresh-frozen
samples and 89.0% (range, 73.3% to 92.3%) in the FFPE
samples (Figure 2D). As expected, depth of sequencing of the
ampliconswas associatedwithGCcontent, with reduced depth
at extreme GC content (Figure 2E).

HCC Panel Captures Somatic Mutations Concordant
with WES and Identifies Additional Mutations

Next, the somatic mutations identified in the 10 fresh-frozen
tumor/nontumoral pairs sequenced with the HCC panel
were evaluated. A median sequencing depth of 1495!
(range, 1026! to 1855!) in the tumor samples was ach-
ieved (Figure 2B and Supplemental Table S3). A median of
2.5 somatic mutations (range, 0 to 74 somatic mutations)
were identified, including a median of 2 mutations (range,
0 to 52 mutation) in protein-coding genes (Figure 3A and
Supplemental Table S4). No somatic mutations were iden-
tified for 2 of 10 cases (cases 3 and 12), although both cases
had %50% tumor cell content (Supplemental Table S2). One
case (case 9) exhibited a hypermutator phenotype with 74
somatic mutations identified.

To evaluate the somatic mutations defined with the HCC
panel, the somatic mutations derived fromWES, generated on

the orthogonal Illumina technology, of the sameDNA aliquots
from the fresh-frozen tumors and matched nontumor samples
were used as a benchmark (Figure 1B). By considering only
the coding regions covered by the HCC panel, the median
depths of WES were 114! (range, 92! to 345!) and 51!
(range, 45! to 84!) in the fresh-frozen tumors and matched
nontumor samples, respectively (Supplemental Table S3).
WES analysis confirmed that nomutations were present within
the targeted protein-coding regions in cases 3 and 12 and that
case 9 was hypermutated (Figure 3B). Of the 62 mutations in
the coding region identified from WES analysis, 61 (98%)
were also called by the HCC panel analysis (Figure 3B). One
NRAS Q61K hotspot mutation (case 6) was missed by using
the HCC panel analysis. Manual review of this position
revealed that themutation hadVAFof 2.5%byWES and 2.0%
by the HCC panel (Supplemental Figure S2 and Supplemental
Table S4). Note, however, that 2% is close to the detection
limit of the current sequencing technologies.

Compared with the WES analysis, the HCC panel anal-
ysis revealed an additional six mutations in the coding re-
gions, including five in case 9 and one in case 11
(Figure 3B). Manual review of the WES data showed that
all six mutations were in fact supported by at least one read
in WES, but those positions were covered at reduced depth,
with 4 of 6 covered by &40 reads (including three in
LRP1B) and 5 of 6 &80 reads (Supplemental Figure S2C
and Supplemental Table S4). This suggested that the
increased sensitivity in the HCC panel analysis was likely
due to the increased depth achieved.

Additional to the mutations in the protein-coding regions,
the HCC panel also targeted the lncRNA genes MALAT1
and NEAT1 and the promoter regions of TERT, WDR74,
MED16, and TFPI2 (Figure 1A). Within these noncoding
regions, an additional 32 mutations were identified across
the 10 cases, representing a 48% gain of information
compared with sequencing the protein-coding genes alone
(Figure 3B). TERT promoter mutations were found in 60%
(6 of 10) of cases and 16 somatic mutations in the lncRNA
gene NEAT1 were identified in 40% (4 of 10) of cases
(Figure 3B and Supplemental Table S4).

Taken together, for the protein-coding genes frequently
mutated in HCC, the HCC panel analysis produced highly
reliable results compared with WES. Given the increased
sequencing depth achieved by using the HCC panel, somatic
mutations that were missed by WES were identified. Of
importance, the HCC panel analysis enabled us to identify
somatic mutations in promoter regions and frequently
mutated lncRNA genes.

HCC Panel Analysis Identifies Somatic Mutations in
FFPE Diagnostic Biopsies with Low-Input DNA

Nucleic acids from diagnostic specimens are frequently
derived from small FFPE samples. Therefore, it would be
important to determine whether the HCC panel could also
be used for somatic mutational screening on low-input DNA

HCC Panel for Genomic Screening

The Journal of Molecular Diagnostics - jmd.amjpathol.org 841

http://jmd.amjpathol.org


Paradiso et al

842 jmd.amjpathol.org - The Journal of Molecular Diagnostics

http://jmd.amjpathol.org


(20 ng) extracted from FFPE samples. The DNA extracted
from 36 diagnostic FFPE tumor biopsies was subjected to
HCC panel sequencing to a median depth of 530! (range,
192! to 1257!) (Figures 1A and 2, B and C, and
Supplemental Table S3). The median tumor content for
these 36 cases was 90% (range, 5% to 100%) (Supplemental
Table S2), thus representative of the distribution of tumor
content in diagnostic samples in clinical practice. A median
of three mutations (range, 0 to 76 mutations) per sample,
including a median of two mutations (range, 0 to 53 mu-
tations) in the coding regions was identified (Figure 4,
Supplemental Figure S3, and Supplemental Table S4). No
somatic mutations were identified for 8% (3 of 36) of cases
(cases 7, 12, and 37), indicating that at least one somatic
mutation could be detected in 92% of HCC diagnostic
samples. Of note, although somatic mutations in the one
biopsy with 5% tumor content could not be detected, so-
matic alterations in samples with 30% to 40% tumor content
were detected.

The mutations identified in protein-coding genes from
these 36 FFPE diagnostic biopsies were compared with
those identified by WES of the DNA from the corre-
sponding fresh-frozen biopsies. All 104 mutations identified
from WES analysis were also called based on the HCC
panel analysis (Figure 4 and Supplemental Figure S3), with
21 of 36 cases (58%) harboring CTNNB1 mutations, a
higher proportion than the TCGA and other HCC cohorts
that was likely due to the higher percentage of alcohol-
associated HCC (Supplemental Tables S1 and S2).15 In
addition, analysis of the HCC panel identified 18 mutations
in the coding regions that were not found in the WES
analysis in 11 cases. Of these 18 mutations, 13 were evident
in WES but were not identified as mutations in the WES
analysis, predominantly because of low sequencing depth
(Supplemental Figures S2D and S3). The remaining five
mutations were verified to be present in the corresponding
FFPE samples but absent in the fresh-frozen samples by
Sanger sequencing (Supplemental Figure S4 and
Supplemental Table S4), indicating that they were genuine
discordances between the fresh-frozen and FFPE DNA and
not false positive calls from the HCC panel assay. Of note,
two of five mutations validated to be absent from the fresh-
frozen DNA affected mutation hotspots in CTNNB1 (D32N
and S45A) (Figure 4 and Supplemental Figure S4). The
increased number of detected mutations by the HCC panel
analysis was likely due to a combination of intratumor
heterogeneity and the higher sequencing depth achieved.

Considering the 36 FFPE diagnostic biopsies, the HCC
panel identified 70 somatic mutations in lncRNA genes and

promoter regions, including 22 TERT promoter mutations
(Figure 4 and Supplemental Table S4). Somatic mutations in
lncRNA genes and promoter regions accounted for 37% of
the total number of somatic mutations identified in the FFPE
samples.

Compared with the high correlation of VAF between the
sequencing platforms used in the fresh-frozen samples
(r Z 0.89, r2 Z 0.79, Pearson correlation), the correlation
between WES from fresh-frozen samples and HCC panel by
using FFPE samples was more modest (r Z 0.67,
r2 Z 0.45, Pearson correlation) (Supplemental Figure S2, A
and B). Mutations with large deviations in VAFs between
the sequencing platforms used in the fresh-frozen samples
tended to be covered at reduced depths on either platform
(Supplemental Figure S2C). Similar observations could be
made between VAFs of exome (fresh-frozen) and HCC
panel (FFPE) (Supplemental Figure S2D). The deviations in
the latter may be more noticeable by the overall lower depth
achieved in the FFPE samples than in the HCC panel
sequencing of the fresh-frozen samples. Intratumor hetero-
geneity between the fresh-frozen and FFPE aliquots likely
contributed to the reduced correlation.

Taken together these results suggested that the HCC
panel analysis has high specificity and sensitivity in somatic
mutation detection. Furthermore, somatic mutations in
promoter regions (TERT promoter) and lncRNA genes
(MALAT1 and NEAT1) highly mutated in HCC could also
be detected.

Copy Number Analysis of the HCC Panel Reveals High
Concordance with WES

To determine whether the HCC panel could also be used to
detect CNAs, 42 genes whose coding regions were entirely
covered or were tiled across the lengths of the genes for
CNA detection were evaluated (Figure 1A and
Supplemental Table S1). Using the 41 nontumoral samples,
the variability of the depth of coverage in the amplicons
targeting the 42 genes was assessed (Materials and
Methods). After removing amplicons with low depth of
coverage or high variability, 1483 amplicons were used for
CNA profiling. To assess the ability to detect per-gene
CNA, each nontumoral sample was further paired with
two other randomly selected, sex-matched nontumoral
samples. The copy number log2 ratio of five genes, namely
LRP1B, ALB, BRD7, ACVR2A, and IRF2, was variable
(SD > 0.3); therefore, these genes were excluded from
further CNA analyses. Thirty-seven genes were included in
the CNA analysis.

Figure 3 Comparison of somatic mutations defined by whole-exome sequencing (WES) and hepatocellular carcinoma (HCC) panel in fresh-frozen tissues.
A: Number of coding and noncoding mutations per case identified in 10 fresh-frozen biopsies by using the HCC panel. B: Comparison of somatic coding and
noncoding mutations found by WES and the HCC panel in the fresh-frozen samples. Heatmaps indicate the variant allele fractions of the somatic mutations
(blue, see color key) or their absence (gray) in the eight cases in which at least one somatic mutation was identified. Mutation types are indicated as colored
dots according to the color key. Mutations that were not called by mutation caller but were supported by at least one sequencing read are indicated by
asterisks.
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The copy number profiles of matched fresh-frozen tumor/
nontumor pairs and those derived fromWESwere compared.
Of the 10 fresh-frozen pairs sequenced by using the HCC
panel, one was excluded for excessive residual copy number
log2 ratio (segment interquartile range, >0.8).25 For the nine
evaluable samples, a correlation of rZ 0.80 (r2Z 0.64) was
found between the copy number log2 ratio of the two plat-
forms (Figure 5A). When the copy number profiles of the 34
evaluable FFPE tumors were compared with the matched
profiles fromWES, a correlation of rZ 0.73 (r2Z 0.54) was
observed between the copy number log2 ratios (Figure 5A).
Overall, 86% of the evaluable genes had concordant copy
number states (Figure 5B).

It has previously been reported that tumor purity had an
impact on the ability to make CNA calls.25,34 The impact of
tumor purity on CNA analysis was therefore evaluated by
using an in silico simulation on 12 cases (six fresh-frozen
and six FFPE, selected on the basis of the presence of
gene amplification/high gain or deep deletion), by replacing
tumor reads with reads sampled from the normal samples to
simulate tumor content 5%, 10%, 20% up to the actual
tumor content for the samples. It was observed that ampli-
fications/high gains were readily detected at 5% tumor
content in many cases and at 20% in all cases (Supplemental
Figure S5). In this cohort, deep deletions could not be
detected at tumor content <40%.

Taken together, these results demonstrated that, despite
profiling only a small number of genes, the HCC panel was
able to detect CNAs in genes frequently gained or lost in
HCC in both fresh-frozen and FFPE tumor samples with
low-input DNA.

Discussion

HCC has a distinct mutational landscape compared with the
major tumor entities. Numerous genes have been found to be
mutated frequently in HCC but rarely in other tumors, such as
those important for hepatocyte differentiation (ALB, APOB,
HNF1A, HNF4A) and inflammatory response (IL6R, IL6ST ).
Given the relative rarity of HCC, these genes are currently not
targeted or are only partially targeted in commercial panels
[eg, Oncomine Comprehensive Panel version 3 (Thermo
Fisher Scientific)] and in panels used by sequencing services
[eg, FoundationOne assay (Foundation Medicine, Cam-
bridge, MA)] (Supplemental Table S1). Thus, the currently
available commercial assays for genomic profiling have
suboptimal utility for HCC, and a targeted sequencing panel
specifically designed for HCC is warranted.
In this study, we designed a custom Ion Torrent Ampli-

Seq sequencing panel, targeting all exons of 33 protein-
coding genes, two lncRNA genes, promoter regions of four

Figure 4 Comparison of somatic mutations defined by whole-exome sequencing (WES) and hepatocellular carcinoma (HCC) panel in formalin-fixed paraffin-
embedded (FFPE) tissue. Barplot illustrates the number of somatic coding and noncoding mutations found in 36 FFPE tumor biopsies by using the HCC panel.
In the main panel, each row represents a gene on the HCC panel and each column represents a sample. The mutations identified by WES in the fresh-frozen
biopsies and those defined by sequencing the corresponding FFPE samples by using the HCC panel are placed next to each other. Mutation types are color
coded according to the color key. The presence of multiple mutations in the same gene is illustrated by asterisks. Noncoding regions below the dashed line
were not covered by WES.
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genes previously found to be recurrently mutated in HCC,
nine genes frequently affected by CNAs, and mutation
hotspots in seven cancer genes.7e17 Of importance, a
number of the genes targeted by using the HCC panel are
not currently on these two commercial panels. Of the 39
cases profiled with the HCC panel (including both fresh-
frozen and FFPE samples), at least one somatic mutation
was detected in 90% (35 of 39) of the cases. Of the muta-
tions in coding genes found using this panel, 22% (42 of
189) would have been missed by both Oncomine Compre-
hensive Panel version 3 and the FoundationOne assay. In
addition, recent whole-genome studies of HCC have
revealed frequent mutations in lncRNA genes NEAT1 and
MALAT1, both of which are not currently targeted by
commercial panels. In fact, it was found that approximately
one-third of the mutations on the HCC panel were within the
promoter and lncRNA regions.

Mutation screening and copy number profiling results
from the HCC panel were benchmarked against those ob-
tained from WES by the orthogonal Illumina sequencing
technology. All but one mutation identified from WES were
detected by using the HCC panel. An additional 10% to
15% of mutations within the coding regions were identified.
Most of these additional mutations were in fact supported
by few reads by WES; thus, the increased sensitivity was
likely a direct result of the increased sequencing depth of
both the tumor and the matched normal samples achieved.
Crucially, however, evidence of intratumor genetic hetero-
geneity between adjacent fresh-frozen and FFPE biopsies,
including two CTNNB1 mutations, was found, suggesting
that in these cases the CTNNB1 mutations were not trunk
mutations.

Although CNA detection using capture-based methods
has been successful for targeted sequencing panel of several
hundred genes,35 CNA detection using amplicon-based
targeted sequencing has proven more difficult. A recent
study investigated the use of an amplicon-based sequencing
strategy that targeted all exons of 113 genes related to DNA
repair.25 The researchers demonstrated that, with an appro-
priate analysis strategy and quality control, amplicon-based
sequencing strategy is feasible and cost-effective for CNA
profiling in FFPE samples.25 In the present study, the
strategy of computing and centering the log2 ratios for the
primer two pools separately, before merging and segmen-
tation proved to be an effective strategy in resolving issues
associated with variable amplification efficiencies, with 86%
of the genes showing concordant copy number states.
Considering few studies have investigated the use of small
targeted sequencing panel for CNA profiling, further
benchmarking studies comparing analysis strategies and
including larger sample size will likely improve the
accuracies.

In the clinical setting, the quality, type, and amount of
input materials for genomic profiling are crucial consider-
ations, particularly in light of the smaller tumors being
detected in screening programs. Here, we demonstrated that
the HCC panel could be used for genomic screening with
high sensitivity and specificity with low-input DNA (20 ng)
derived from FFPE samples without compromising the re-
sults. Although based on an analysis of the TCGA HCC
cases, 92% and 85% of the cases would have exhibited at
least one nonsynonymous mutation by using the Founda-
tionOne and the Oncomine assays, respectively, the HCC
panel holds the advantage of much lower input requirement
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than that required for commercial panels (eg, >40-mm tissue
samples for the FoundationOne assay) and for capture-based
targeted sequencing strategies.35 In addition, somatic ge-
netic alterations (somatic mutations and amplifications)
could be detected from tumor samples with as low as 30%
tumor content. Considering that mutations in the one sample
with 5% tumor content could not be detected, 30% may be
the lower limit of successful genomic profiling. Although
lower limits (approximately 20%) have also been reported,36

samples were not available to verify this. The samples
included in this study are de facto samples obtained from
routine diagnostic practice, and it was demonstrated that the
low-input DNA requirement facilitates genomic profiling
from small biopsies.

Driver genetic alterations have not yet become a tangible
tool in clinical decision making for the treatment of HCC;
thus, the immediate clinical application of our panel may be
limited. However, recent studies have described the asso-
ciation of TERT promoter and CTNNB1 exon 3 mutations
with increased risk of malignant transformation of hepato-
cellular adenomas,37,38 more frequent HNF1A and IL6ST
mutations in hepatocellular adenomas than HCCs,37 as well
as TP53 mutation as a poor prognostic indicator in
HCC.39e41 These associations suggest a potential utility of
genomic profiling in prognostication for hepatocellular ad-
enomas and HCCs, in tissues or even in cell-free DNA.41,42

In terms of potential targetable alterations, three somatic
mutations identified in our cohort of HCC are molecular
targets in other cancer types according to OncoKB.43 These
include ATM loss of function mutation using olaparib in
prostate cancer (level 4; biological evidence), NRAS hotspot
mutation with binimetinib or in combination with ribociclib
in melanoma (level 3; clinical evidence), and TSC2 mutation
with everolimus in central nervous system cancer (level 2;
standard of care).43 Application of our panel in clinical
decision may become feasible in the future.

This study has several limitations. First, the targeted na-
ture of the HCC panel means that copy number profiling is
not genome-wide and is restricted to the genes included on
the panel. Clinically, focal amplifications, compared with
gains of chromosome arm, are more likely to be true driver
genetic event and may be considered drug targets. The
targeted nature of the HCC panel makes it difficult to
distinguish the two scenarios. However, a re-analysis of the
TCGA data suggests that high-level gains of chr11q13.3
(encompassing CCND1, FGF19, FGF3, FGF4) are almost
always focal amplifications (>93%), whereas 50% to 70%
of high-level gains of TERT and VEGFA are focal amplifi-
cations (Supplemental Table S5). By contrast, high-level
gains of chr1q (SETDB1 and IL6R) and chr8q (NCOA2,
MYC, and PTK2) are frequently nonfocal (<10%), consis-
tent with the frequent high-level gain of entire arms of chr1q
and chr8q.17 For deletions, most deep deletions are focal
deletions, including all deletions (100%) in ARID2, AXIN1,
CDKN2A/B, PTEN, and TSC1/2. These results suggest that
CNAs affecting some of the most promising drug targets on

the HCC panel are frequently true focal CNAs. Second,
given that a median of two to three mutations per tumor
were identified, tumor mutational burden, a putative
biomarker for response to immune therapy, may not be
accurately defined.44 Third, the HCC panel does not include
unique molecular identifiers, which would be useful to
assess library complexity, particularly for samples with
low-input DNA. We envisage that the addition of unique
molecular identifiers would be particularly beneficial for the
study of cell-free DNA from HCC patients.41,42 Fourth, we
designed the panel specific for HCC. Recent studies have
revealed that mixed HCC/cholangiocarcinoma and chol-
angiocarcinoma have recurrent mutations in genes such as
IDH1/2,45 whereas FRK mutations decrease in frequency
from hepatocellular adenoma to HCC.37 These genes are not
covered by the HCC panel. However, as an amplicon-based
sequencing panel, adding amplicons to include genes that
may assist in the differential diagnosis of HCC is
straightforward.

Conclusion

This study demonstrated that the HCC panel is a cost-
effective strategy for mutation screening and copy number
profiling for routine diagnostic HCC samples with low-input
DNA.
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