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Abstract 

 

An integrated clinical and genomic 

information system for cancer 

precision medicine 

 

 

Yeongjun Jang 

Interdisciplinary Program in Bioinformatics 

The Graduate School 

Seoul National University 

 

 

The increasing affordability of next-generation sequencing (NGS) has enabled the 

implementation of genomically-informed personalized cancer therapy as a path to 

precision oncology. However, the complex nature of genomic information renders 

it challenging for clinicians to interpret the patient's genomic alterations and select 

the optimum approved or investigational therapy. Thus, an elaborate and practical 

information system is urgently needed to support clinical decision and to rapidly 

test clinical hypotheses. 



 

 ２ 

Molecular alterations in a set of genes, including somatic mutations, copy 

number variations, and gene expression levels, represent a novel signature in 

targeted cancer therapy; such alterations provide opportunities for patient 

stratification, which can be developed for targeted therapeutic strategies. Numerous 

groups have proposed tools and databases to discover potentially prognostic and/or 

predictive biomarkers that can be used for such purpose. However, the cancer 

genome, and transcriptome alterations in such putative biomarker genes, linked to 

patient outcome in large patients cohorts (e.g. The Cancer Genome Atlas), need to 

be assessed to identify genetically defined tumor subtypes and optimize them for 

biologically informed patient stratification. 

As a first step in cancer precision medicine, we built a web application 

(CaPSSA) for molecular classification of cancer patients based on candidate 

biomarker genes. CaPSSA evaluates the prognostic roles of genes using survival 

analysis and possesses a rich and highly interactive visualization scheme, which 

can facilitate the implementation of targeted cancer therapy. 

Subsequently, we developed an integrated clinical and genomic information 

system (CGIS) based on NGS data analyses tightly coupled with molecular-profile-

based patient stratification using various biomarkers. Major components of the 

system include modules for handling clinical data, NGS data processing, variant 

annotation and prioritization, targeted therapies, pathway analysis, patient 

stratification and a population cohort explorer backed up by a comprehensive 

knowledgebase of genes, variants, and drugs that have been collected from public 

and in-house resources. As a result, structured reports of molecular pathology for a 

given cancer patient are generated in various highly interactive visualization 
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schemes in order to help clinicians interpret genomic variants and utilize them for 

targeted cancer therapy. 

Our CGIS system can be used to provide useful information for both clinicians 

and scientists who need genomic information for precision oncology and 

development of prognostic and/or predictive markers from gene mutation, copy-

number, and gene expression data. 

CGIS and CaPSSA run on a web browser and are freely available without 

restrictions at http://203.255.191.21 and http://203.255.191.21:8080, respectively. 

 

Keywords: cancer genomics, precision medicine, biomarker, patient stratification, 

survival analysis 

Student Number: 2016-30126 
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Chapter 1 

 

 

 

Introduction 

 

 

The development and progression of cancers, the recurrence of metastasis, and 

resistance to therapy are associated with critical genetic alterations involved in 

various biological mechanisms. Next-generation sequencing (NGS) is a powerful 

method to screen the entire genomic and transcriptomic alteration profiles to 

identify novel therapeutic and prognostic biomarkers. Aided by NGS analysis, 

numerous genes have been identified as oncogenic or tumor suppressive 

biomarkers regulating various molecular functions involved in tumor development 

and progression. 

Many studies have offered tools and databases for the discovery of prognostic 

and/or predictive biomarkers based on mutual exclusivity or co-occurrence of 

somatic mutations, copy number variation (Babur et al, 2015; Ciriello et al., 2012; 

Skoulidis et al., 2015; Kim et al., 2016; Mina et al., 2017), and differentially 

expressed potential prognostic genes that impact overall survival (Uhlen et al., 

2017). However, such candidate genes should be validated in large, independent 

patient cohorts. Because of large, open-access, knowledge-based efforts, such as 
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The Cancer Genome Atlas (TCGA), it is now possible to explore genome-wide 

mutations, CNVs, and expression of individual genes in different tissues and 

cancers. Furthermore, much of patient information, included in the TCGA database, 

is accompanied by clinical metadata, allowing clinical outcomes to be associated 

with alteration patterns in candidate genes. This provides an opportunity to validate 

candidate biomarker genes associated with clinical outcome based on patient 

stratification and survival analysis. In addition, once patient stratification schemes 

for validation of putative biomarkers are established, they can also be used for the 

stratification of patients and prediction of patient outcome based on well-

established biomarkers. 

Additionally, deep sequencing of established biomarkers (e.g. cancer panel 

sequencing) is becoming a part of clinical tests. However, the probabilistic and 

complex nature of the results makes it vastly different from conventional clinical 

tests that are deterministic and simple to use without sophisticated informatics 

analysis. Systematic interpretation of genomic alterations obtained from NGS data 

remains challenging especially when intended for clinical application. In particular, 

determining clinical and biological significance of each variant, in terms of the 

diagnostic, therapeutic, and prognostic implications for individual patients, is 

difficult because of inconsistency in biological annotations of the human genome, 

as well as variations, and therapeutics obtained from various parties (Ghazani et al., 

2017). Furthermore, the complexity of NGS data analysis renders it unrealistic for 

practicing oncologists, who need to easily grasp the meaning and uncertainties of 

the results without undergoing, continuing education in genomics and 

bioinformatics. Thus, a systematic and easy-to-understand interpretation system 
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with readily accessible knowledgebase is urgently needed to identify specific 

genomic alterations and genotype-matched therapeutic options with clinical 

relevance. This is the most critical step in implementing precision oncology. 
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1.1. Background 

 

 

1.1.1. Cancer precision medicine 

 

Fundamentally, cancers are diseases of the genome and understanding cancer 

begins by identifying the abnormal genes and proteins that confer the risk of 

developing cancer. Most cancers harbor numerous mutated (or otherwise altered) 

oncogenes and tumor suppressors that work in concert to specify the molecular 

pathways that lead to their genesis, maintenance, and progression. Identifying and 

analyzing these abnormalities will define how we diagnose cancer, develop and use 

targeted therapies to treat cancer, and generate strategies to prevent cancer. Cancer 

precision medicine is a form of medical practice in which detailed genetic and 

other molecular information about a patient's cancer is routinely used to stratify 

patients, predict prognosis, and deploy effective, patient-specific remedies to treat 

cancer. More specifically, the term precision medicine is used to describe targeting 

tumor molecular abnormalities with drugs known to inhibit the function of a 

molecular alteration. The identification of pathways involved in the tumorigenesis, 

metastasis, and drug resistance, and the emergence of next generation sequencing 

(NGS) technologies, have enabled tumor molecular analysis and discovery of 

targeted therapies, These approaches spur research focusing on optimal use of 

targeted agents in the era of precision medicine. 

In traditional cancer therapies, patients receive the same treatment as others who 
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have same type and stage of cancer. However, patients may respond differently due 

to a variety of tumor-causing molecular changes. For instance, the changes that 

occur in one cancer patient may not occur in others who have the same type of 

cancer. Moreover, the same cancer-causing changes may be found in different types 

of cancer. Conversely, precision medicine uses tumor molecular profiling to treat 

patients with matched targeted therapy, encouraging the rates of response, 

progression-free survival, and overall survival compared with those achieved by 

non-matched therapy. Furthermore, precision medicine integrates tumor molecular 

data into clinical decision making in medical practice. Genomic information-based 

disease diagnosis using biomarkers and selective use of therapy targeting specific 

genotype, combined with other therapeutic strategies based on tumor biology of 

each individual patient, can improve clinical outcomes and patient care (Li et al., 

2017). 

The sequencing of human DNA for the human genome project has led to the 

emergence of next generation sequencing (NGS) technologies, which identify 

genomic, transcriptional, proteomic, and epigenetic alterations in tumors. Advances 

in NGS technology and analysis and extensive worldwide efforts to characterize 

the genomes of thousands of cases spanning nearly all major cancer types, have 

generated a comprehensive catalog of cancer genes for advanced clinical 

diagnostics. Together with the expanding compendium of targeted anticancer 

agents in clinical development or active use, precision oncology has served as a 

proving ground for genomics-driven framework (Garraway et al., 2013). 

The discipline of genomics-driven cancer precision medicine is illustrated in 

Figure 1. Conceptually, the implementation of genomics-driven cancer precision 
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medicine may seem straightforward. First, characterize the genomes of tumors 

using state-of-the-art NGS technologies. Second, stratify patients using various 

predictive bio-markers. Finally, match genomic variants to existing and emerging 

anticancer drugs and present the annotated list to the treating oncologist, who can 

incorporate it into clinical decision making. 

 

 

Figure 1. The discipline of cancer precision medicine (Personalized Cancer 

Therapy, MD Anderson Cancer Center). 

 

 

1.1.2. Bio-markers 

 

Cancer biomarkers mainly refer to proteins or genes the abnormalities of which 

affect how cancer cells grow, proliferate, die, and respond to other compounds in 

the body. In recent years, researchers have studied patterns of gene expression and 

changes in DNA sequence as cancer biomarkers. A biomarker can also be a 
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collection of alterations such as gene expression, and proteomic and metabolomic 

signatures. These alterations are caused by a number of factors, including germline 

or somatic mutations, transcriptional changes, and post-translational modifications. 

These cancer biomarkers can be used for patient assessment in multiple clinical 

settings, including estimating risk of disease, distinguishing abnormalities that are 

benign from those that are malignant, predicting prognosis for patients diagnosed 

with cancer, and monitoring the status of the disease, detecting recurrence, and 

determining response and progression of therapy (Henry and Hayes, 2012). 

In general, cancer biomarkers are classified by their different functions: 1) 

Biomarkers that trigger cells to grow and multiply abnormally; an example of this 

type of biomarker is the HER2 protein, which helps to control cell growth. If HER2 

is over-expressed in cancer cells, the cells are considered HER2-positive meaning 

they produce more of the protein than is normal. This condition can cause the cells 

to grow more quickly and increase their chances of metastasizing (spreading) to 

other parts of the body. It also means that treatments known to disrupt the HER2 

signaling pathway are likely to help stop the growth of cancer (Bang et al., 2010). 

2) Favorable biomarkers that suppress tumorigenesis and proliferation. Examples 

of such tumor suppressor proteins are CDK inhibitor proteins (CKIs), such as 

INK4 proteins, which act as tumor suppressors; their deficiency increase 

susceptibility to tumorigenesis (Otto and Sicinski, 2017). 

Recent advances in NGS analysis and increase in new knowledge about tumors 

have enabled us to identify a vast number of molecular alterations. These 

alterations contribute to the complexity of carcinogenesis, including tumor growth 

and metastasis. A variant is considered a biomarker affecting clinical outcome if it 
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alters the function of a gene, can be targeted by approved or investigational drugs, 

influences disease prognosis and patient outcome, and assists in establishing the 

diagnosis of a cancer. Identifying molecular biomarkers that predict cancer drug 

efficacy and prognosis is crucial for the advancement of precision medicine. 

Biomarker identification is frequently performed using techniques such as high-

throughput sequencing, gene expression arrays, and mass spectroscopy. These 

techniques quickly identify individual, or groups of, biomarkers that differ between 

cohorts. 

Not surprisingly, an increasingly common application of cancer precision 

medicine is the selection of therapies based on a predictive biomarker measuring a 

biological feature of a patient's tumor, such as the expression of a particular protein 

or the presence of a specific gene mutation directly related to treatment outcome. 

Indeed, molecular signatures generated by bio-marker genes, can inform diagnostic 

classification, guide therapeutic decisions, and/or provide prognostic insights for a 

particular tumor. For these potential benefits to be realized, it is necessary to 

develop an appropriate framework for identification and evaluation of the 

predictive power of bio-markers. This needs to be conducted in order to assess the 

effect of a particular tumor signature on prognosis. Identified putative bio-markers 

should be analyzed in an independent sample cohort to validate the predictive role 

useful for clinical decision-making. These validations may only be feasible when a 

sufficient number of patients have been stratified using the bio-marker, and when 

the treatment outcomes for these patients have been determined (Salgado et al., 

2018). 

In summary, cancer biomarkers have many potential applications in oncology, 
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including risk assessment, screening, differential diagnosis, determination of 

prognosis, prediction of response to treatment, and monitoring of progression of 

disease. Because of the critical role that biomarkers play at all stages of disease, it 

is important that they undergo evaluation, including analytical validation, and 

assessment of predictive role and clinical utility, prior to incorporation into routine 

clinical practice (Henry and Hayes, 2012). 

 

 

1.1.3. Patient stratification 

 

Stratifying or grouping cancer patients into genomically-defined subsets based on 

the specific molecular characteristics of their cancer type, and treating each subset 

with differently targeted drugs, is an important step toward cancer precision 

medicine. Molecular characterization includes many different data types. Aberrant 

DNAs in the tumor cells, such as mutations or amplification/deletion of large 

pieces of chromosomes, as well as changes in genes expression, need to be 

analyzed. These data analyses enable us to distinguish cancer subtypes and to 

predict survival or the likelihood of a successful response to a therapy. 

In patients who have been diagnosed with cancer, biomarker-based patient 

stratification can help determine prognosis, or likelihood of disease recurrence 

independent of treatment. Traditionally, histopathology of tumor tissue has been 

used to determine prognosis. Recently, cancer medicine based on molecular 

stratification of the tumor is being utilized to assess prognosis for individual tumors. 
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For instance, in breast cancer, there are a number of gene expression signatures that 

can be used to estimate prognosis for an individual patient based on molecular 

signature of the tumor (Paik et al., 2004). A good example of successful molecular 

stratification is trastuzumab (Herceptin), an antibody that targets the extracellular 

domain of HER2 receptor protein. Breast cancer patients with amplified HER2 

genes receive strong clinical benefits from treatment with trastuzumab (Bang et al., 

2010). Similarly, over-expression of the estrogen receptor (ER-positive) in breast 

cancer predicts the response to anti-endocrine therapies such as tamoxifen (Fisher 

et al., 1989). 

Molecular profiles of tumor DNA and RNA can provide diagnostic and 

prognostic information, which can be used to determine a patient’s risk of 

developing a malignancy and predict survival outcome. Various biomarkers can be 

used to determine an individual’s risk of developing cancer. Molecular 

stratification of cancer patients can also be used to link their genomic findings to 

other clinical information, such as tobacco use and obesity, environmental 

mutagens, and viral infections. This is a resource to support further discovery and 

identify new strategies for cancer treatment. 

Stratification of cancer patients based on molecular data is far from trivial. It 

requires the collection of extensive quantities of tumor data from multiple cancer 

types, and needs sophisticated computational approaches to identify relevant 

sample groups and biomarkers that enable detection of these groups. For this, it is 

necessary to integrate vast amounts of cancer omics data for the global analyses of 

tumors from different cancer types. These data then need to be visualized in order 

to stratify cancer with distinct aberrant genomic and/or transcriptomic profiles, 
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thereby associating tumorigenic properties with patient outcome. 

In summary, a better understanding of cancer subgroups and their molecular 

characteristics, thereby integrating genomic and transcriptomic information such as 

somatic mutations, copy number variations, and gene expression, will lead to 

clinically useful molecular stratification of patients with cancer. 

 

 

1.1.4. Clinical decision support system 

 

Next generation sequencing (NGS) identifies numerous variations in tumor DNA, 

RNA, and protein, which are crucial for optimal patient care. Treatment guidelines 

are developed based on specific molecular findings. Therefore, it is imperative to 

unify the interpretation and reporting of molecular results among laboratories 

performing these tests. Although it is becoming easier and more affordable for 

individual laboratories to generate NGS data, the major hurdle in utilizing these 

data lies in how to interpret the genotype-phenotype relationships, especially for 

clinical application. NGS results are complex. This increase in decision-making 

complexity requires decision support systems to fully facilitate NGS techniques in 

identifying subsets of patients categorized by molecular signatures and relevant 

type of treatment. 

Clinical decision support system is a system that allows clinicians to select 

treatments that are most likely to help cancer patients based on a genetic 

understanding of their disease. The information system incorporates: sample 
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acquisition; DNA/RNA sequencing; NGS data processing pipeline; molecular 

profiling of tumors; clinical data from patients; large knowledge-base of 

information on genes, variants, drugs, and population data to define molecular 

subtypes of patients and approaches to cancer treatment that will improve patient 

outcomes; and lastly, monitoring and management of all the above processes. 

Recently, several groups have implemented this clinical decision support system, 

which addresses the computational and clinical issues, such as variant filtering, 

curation, reporting (Doig et al., 2017), and identification of variant druggability 

(Mock et al., 2017). However, these systems are focused on fragmentary issues 

rather than presenting a comprehensive and complete system, lacking either 

variant-level recommendation of targeted drugs or support for analysis of cancer 

cohort population. Detailed comparison with existing systems is provided in “3.4. 

Comparison with existing tools for clinical decision support”. 

System architecture and data flow of our complete clinical decision support 

system (CDSS) implemented for the integrated clinical and genomic information 

system for cancer precision medicine (CGIS), is fully described in Chapter 3. All 

components required for precision oncology are illustrated in Figure 2. 
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Figure 2. An example of system architecture of the clinical decision support 

system (CDSS) implemented for our integrated clinical and genomic 

information system for cancer precision medicine (CGIS). 

 



 

 24 

1.2. Requirements for implementation of cancer 

precision medicine 

 

To implement genomically-informed personalized cancer therapy as a path to 

precision oncology, multiple requirements must be addressed, especially in clinical 

application. Such a system should provide comprehensive knowledge-base for bio-

resources, NGS analysis pipeline, evidence-based variant annotation and 

druggability, identification/validation of bio-markers, patient stratification and 

survival analysis, analysis of aberrant pathways, and reports for oncologists. This 

would aid in interpretation of molecular profiles and clinical decision making, all 

with rich and highly interactive visualization. 

The existing tools can achieve: (1) integrative visualization of cancer multi-

omics datasets (Gao et al., 2013; Goldman et al., 2018; Zhang et al., 2011), (2) 

evaluation of biomarker genes based on patient stratification and survival analysis 

(Ding et al., 2014; Chandrashekar et al., 2017; Aguirre-Gamboa et al., 2013), and 

(3) integrating clinical and genomic data for clinical decision support (Doig et al., 

2017; Mock et al., 2017). Our system addresses these listed requirements with its 

ability to: (1) stratify patients based on molecular signatures of prognostic or 

predictive biomarker genes, which allows the examination of survival associations 

across different cancer subsets with distinct molecular changes and associations 

with clinical pathologic features; (2) incorporate somatic mutations and copy 

number variation data, as well as gene expression data, with a highly interactive 

visualization scheme for evaluation of putative biomarker genes using patient 
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stratification and survival analysis; (3) provide a complete software solution from 

acquisition of patient samples to a genomically-informed clinical report, backed up 

by a comprehensive knowledge-base and several novel analyses, required for 

cancer precision medicine. Further information about the limitations of existing 

tools and strengths of our system is summarized in “2.5. Comparison with existing 

tools” and “3.4. Comparison with existing tools for clinical decision support”. 

 

Comprehensive knowledge-base of bio-resources 

Determining the pathogenicity or clinical impact of variants in cancer requires 

collecting a vast amount of information, proper data modeling, and manual 

curation and integration to build a comprehensive knowledge-base. Large-scale 

genome sequencing projects on a variety of tumor types have enabled the 

generation and consolidation of a vast number of cancer mutations into public 

databases available globally, such as the Catalogue of Somatic Mutations in Cancer 

(COSMIC; Futreal et al., 2004) and The Cancer Genome Atlas (TCGA; 

summarized in GDC Portal; https://portal.gdc.cancer.gov). These databases provide 

information that is necessary for accurate annotation and prioritization of variants. 

Curated information on targeted drugs in clinical use or in clinical trials also needs 

to be amassed from various reliable variant-drug related databases, such as 

MyCancerGenome (Taylor et al., 2016) and the Clinical Interpretation of Variants 

in Cancer (CIViC) (Griffith et al., 2017). In addition, text mining of mutation-gene-

drug relations from scientific literature can be a valuable resource for precision 

medicine research. 

 

https://portal.gdc.cancer.gov/
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NGS data processing pipeline 

Next-generation sequencing instrumentation is an essential and straightforward part 

of cancer precision medicine. NGS is used for the molecular characterization of 

patients via variant calling from whole exome sequencing (WES) data and 

quantification of expression from whole transcriptome sequencing (WTS, a.k.a. 

RNA-seq) data. The NGS data analysis pipeline, from genome assembly to read 

mapping to bioinformatics analysis of sequencing data for each sequencing 

platform, should be implemented in a well-established workflow-management 

framework, such as Galaxy (Afgan et al., 2016). This allows pipelines to be 

constructed and tested in a modular fashion, and allows new technology and 

bioinformatics tools to be adapted for clinical application. 

 

Evaluation of biomarkers and patient stratification 

Cancer precision medicine is the tailoring of medical treatment to the 

characteristics of an individual patient. This moves beyond the current approach of 

stratifying patients into treatment groups based on prognostic or predictive 

biomarkers. Therefore, the incorporation of precision medicine into cancer 

treatment depends on appropriate framework for the identification and validation of 

biomarkers. This allows relevant patient stratification and reliable monitoring of 

patient outcome. The framework for the evaluation of biomarkers and patient 

stratification needs to integrate vast amounts of cancer omics data. These data are 

used for the global analyses of tumors from many different cancer types. These 

data also provide an interactive UI to help stratify cancer with distinct molecular 

signatures via sophisticated computational approaches. Such approaches include 
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mutual exclusivity or co-occurrence of alterations (Babur et al, 2015; Skoulidis et 

al., 2015), Cox regression analysis (Collett 2015), nearest centroid classification 

(Guo et al., 2008), and hierarchical clustering. These techniques are used to 

identify relevant groups of samples and feature a novel visualization scheme. 

Furthermore, combining biomarker information with clinical phenotypes (e.g., 

pathological stages and tumor grade) at individual or sub-population levels may be 

critical for the identification of successful targeted therapeutics. 

 

Variant annotation and druggability 

The molecular alterations relevant to each cancer must be identified with high 

accuracy and must be clinically actionable. The so-called driver events must be 

distinguished from the much larger set of passenger alterations that are present in 

tumor DNA. All detected genetic alterations should be annotated and reported as 

designated by the HUGO Gene Nomenclature Committee (Yates et al., 2017; 

http://www.genenames.org). SNVs and indels should be reported using p. and c. 

notation (e.g. BRAF p.V600E, c.1799T>A) according to HGVS Sequence Variant 

Nomenclature (den Dunnen et al., 2016; https://varnomen.hgvs.org). It is also 

essential to use correct mRNA transcript accession and version information when 

multiple alternative transcripts exist. This ensures consistent representation of 

variants and accurate interpretation. 

The results of variant calling are typically represented in the clinical variant call 

format (VCF). However, for further clinical interpretation, additional metadata that 

add meaningful and readily identifiable information to variants, such as gene 

symbol, variant location, variant type, cDNA sequence changes, protein domain 

http://www.genenames.org/
https://varnomen.hgvs.org/
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information, and protein sequence alterations, should be included. Certain metrics 

for called variants, such as supporting reads (depth of coverage) and variant allele 

frequency (VAF), are critical for variant interpretation and should be included in 

variant evaluation. Additional resources, such as cross-references to external 

cancer-specific and general genomic databases, are also required. 

The system should also incorporate variant-filtering utilities to select variants of 

known importance in cancer, as well as variants based on minimum variant depth, 

minimum read depth, minimum variant allele frequency, minimum patient 

frequency and minor allele frequency in a cohort with same cancer type, and 

minimum functional impact. 

Researchers often wish to examine the details of listed variants. To address this 

user requirement, UIs for efficient variant exploration need to show mutation 

location on the protein structure with functional domain information, mutation 

frequency among patients within a cancer cohort, and read-alignment for checking 

the validity of mutation calls and variant allele frequencies. 

In cases where targeted drugs are available clinically, recommended targeted 

drugs with clinical relevance for sequence variants should be provided on the basis 

of evidence, such as literature review, curated public databases, and machine-

learning based text mining of all PubMed abstracts. 

Lastly, variants in a specific patient should be readily compared with the 

landscape of somatic mutations and CNVs in a large cohort population, such as that 

described in the TCGA database. 

 

Analysis of aberrant biological pathways 
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While targeted therapies present new opportunities to extend and improve the 

quality of patients’ lives, acquired resistance to these therapies remains a concern 

and requires clinicians to find alternative treatments. To address this scenario, we 

need to define altered key pathways for each cancer type. This will demonstrate 

how multiple signaling pathways interact via cross-talk and feedback. In turn, such 

knowledge will help us use available drugs or drug combinations to target the 

biochemical and signaling bottleneck up- or downstream of altered key pathways. 

 

Clinical report 

The report is an essential part of cancer precision medicine and should contain all 

the above information required for the clinical interpretation of the results in an 

easy-to-use GUI format. Graphs, charts, and tables should be included to increase 

the overall clarity of the report. 
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1.3. System overview 

 

 

 

Figure 3. System overview of CGIS (Clinical and Genomic Information 

System) for cancer precision medicine and CaPSSA (Cancer Patient 

Stratification and Survival Analysis) for evaluation of putative biomarkers. 

(1) CGIS is a system for performing evidence-based clinical interpretation 

and reporting of genetic variants, relevant therapies, and novel analyses such 

as pathway aberration, patient stratification, and survival analysis. Our CGIS 

platform is a complete software solution that can be used for patient samples 

to clinical report. Our system uses diverse components, including sample 

acquisition, NGS sequencing, NGS data analysis pipeline, integration of 

clinical information, variant annotation and prioritizing, mining of targeted 

drugs, analysis of aberrant biological pathways, patient stratification and 
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survival analysis, and easy-to-understand and interactive report UIs. (2) 

CaPSSA was created as part of our CGIS platform to allow researchers to 

visually explore associations of patient outcome with molecular signatures. 

This system provides a way to stratify a patient based on signatures of well-

established biomarkers and features interactive visualizations for multiple 

data types and cancers. It also allows researchers to upload a set of genes as 

putative biomarkers, to assess the usability of these genes in stratifying 

patients into different risk groups, and to compare and contrast risk groups 

with previously-known clinical or molecular subtypes. 
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1.4. Outline of the thesis 

 

 

Chapters 2 and 3 cover two tightly coupled web-based systems for realizing the 

paradigm of cancer precision medicine. Chapter 2 describes CaPSSA (Cancer 

Patient Stratification and Survival Analysis), which is a web-based platform to 

evaluate putative biomarker genes based on patient stratification and survival 

analysis, all with a rich and interactive visualization. Chapter 3 describes our CGIS 

(Clinical and Genomic Information System) for cancer precision medicine. It is an 

easy-to-understand interpretation system with a readily accessible knowledge base 

for identifying specific genomic alterations, genotype-matched and clinically 

relevant therapeutic options, pathway aberrations, stratified patient groups with 

similar molecular signatures, and information on their clinical subtype. The 

conclusion section (chapter 4) summarizes both applications with remarks on their 

valuable functions, useful in cancer research and clinical application. This thesis 

concludes with an appendix, bibliography of the cited references, and an abstract 

written in Korean. 
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Chapter 2 

 

 

 

Visual evaluation of bio-markers using omics 

data based on patient stratification and survival 

analysis (CaPSSA) 

 

 

2.1. Background 

 

 

Patient stratification and predictive biomarkers are essential components for 

realizing the paradigm of precision medicine. Molecular characteristics, such as 

somatic mutations and expression signatures, are often used to identify putative 

biomarker genes for patient stratification. There is an immediate requirement for 

interactive tools to evaluate such candidate biomarkers using the vast public omics 

data. 

Because of NGS technologies and publicly available omics datasets, such as The 

Cancer Genome Atlas (TCGA), it is now possible to validate putative biomarkers 

in large cancer cohorts based on patient stratification and survival analysis. Indeed, 



 

 34 

cBioPortal (Gao et al., 2013) can handle basic queries on multiple TCGA studies 

and allows users to submit sets of genes; however, it shows limitations when 

identifying patient sub-groups specific to candidate biomarkers with distinct 

molecular changes and performing survival analysis based on such patient 

stratification. Therefore, there is a need for a new, comprehensive, easy-to-use tool 

in order to determine whether DNA mutation, copy number, and RNA expression 

are informative in stratifying cancer patients and validating genes as biomarkers 

per their prognostic role in patient survival. SurvExpress (Aguirre-Gamboa et al., 

2013) was developed for a similar purpose but only encompasses gene expression 

data; all outputs are static plot images, lacking in interactive user experience. 

Here, we present an interactive open-access web-based application called 

CaPSSA (Cancer Patient Stratification and Survival Analysis) for evaluation of 

putative biomarkers; this application has a novel visualization scheme to allow an 

integrative in-depth analysis incorporating mutation, copy-number, and 

transcription data from TCGA cohorts. This can be used to evaluate the predictive 

role of putative biomarkers. CaPSSA dynamically and interactively distributes 

patients from a large cohort (e.g., TCGA) into two groups according to the 

molecular signature of query genes (putative biomarkers). CaPSSA allows users to 

examine the prognostic value of resulting patient groups based on survival analysis 

and associate this information with clinical features and previously annotated 

molecular subtypes. Finally, CaPSSA possesses a rich and interactive visualization. 

A schematic overview of CaPSSA is provided in Figure 4. 
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Figure 4. A schematic overview of CaPSSA. (A) Users upload a set of genes 

as putative biomarkers to be used in further analyses. (B) CaPSSA provides 

three approaches to stratify a patient. The approaches are based on molecular 

signatures of the given putative gene set and use somatic mutations, copy 

number variations, and gene expression data. Patient stratification schemes 

include mutual exclusivity and co-occurrence of mutations (upper), risk 

estimation based on gene-expression profiles (lower left), and hierarchical 

clustering based on gene-expression data (lower right). (C) Evaluation of 

survival differences between patient groups. (D) Differential gene expression 

in groups of patients, defined by molecular signature or clinical subtype. (E) 

Concordance with previously established tumor subtypes. 
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2.2. Methods 

 

 

2.2.1. Cancer omics and clinical data 

 

We retrieved somatic mutations, copy number variations, and gene expression data, 

as well as clinical metadata corresponding to various human cancers available in 

TCGA, via the Firehose Broad Genome Data Analysis Center 

(https://gdac.broadinstitute.org) on June 8th, 2016, and the Genomic Data 

Commons (GDC) Data Portal (Grossman et al., 2016; https://gdc-

portal.nci.nih.gov) on Apr 20th, 2018. Although data collection will continue, to 

date we have collected approximately 10,701 patients out of 26 cancer cohorts 

(Table 1). 

Somatic mutations were called and annotated by Oncotator (Ramos et al., 2015). 

RNA-Seq counts were estimated by RSEM (Li and Dewey 2011) and log2 

transformed. CNVs harboring high-level copy number amplifications and 

homozygous deletions only were estimated by gene level using GISTIC 2.0 

(Mermel et al., 2011). Additional patient data, absent in TCGA, included genetic 

and clinically relevant subtypes (i.e. Luminal A, Luminal B, Triple Negative/Basal-

like, and HER2-type in breast cancer) and were obtained for all cancers from 

UCSC Xena (Goldman et al., 2018; http://xena.ucsc.edu) platform. 

 

Table 1. TCGA cancer cohorts 

https://gdac.broadinstitute.org/
https://gdc-portal.nci.nih.gov/
https://gdc-portal.nci.nih.gov/
http://xena.ucsc.edu/
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Cancer type Cases 

Bladder Urothelial Carcinoma (BLCA) 412 

Breast invasive carcinoma (BRCA) 1,097 

Cervical Cancer (CESC) 308 

Colon Adenocarcinoma (COAD) 462 

Esophageal Carcinoma (ESCA) 185 

Glioblastoma multiforme (GBM) 595 

Head and Neck Squamous Cell Carcinoma (HNSC) 528 

Kidney Renal Clear Cell Carcinoma (KIRC) 537 

Kidney Renal Papillary Cell Carcinoma (KIRP) 291 

Acute Myeloid Leukemia (LAML) 200 

Brain Lower Grade Glioma (LGG) 516 

Liver Hepatocellular Carcinoma (LIHC) 377 

Lung adenocarcinoma (LUAD) 522 

Lung Squamous Cell Carcinoma (LUSC) 506 

Ovarian Serous Cystadenocarcinoma (OV) 595 

Pancreatic Adenocarcinoma (PAAD) 185 

Pheochromocytoma and Paraganglioma (PCPG) 179 

Prostate Adenocarcinoma (PRAD) 498 

Rectum Adenocarcinoma (READ) 169 
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Sarcoma (SARC) 261 

Skin Cutaneous Melanoma (SKCM) 471 

Stomach Adenocarcinoma (STAD) 478 

Testicular Germ Cell Tumors (TGCT) 150 

Thyroid Carcinoma (THCA) 507 

Thymoma (THYM) 124 

Uterine Corpus Endometrial Carcinoma (UCEC) 548 

Total 10,701 

 

 

 

2.2.2. Patient stratification 

 

We provide three approaches for performing on-the-fly interactive patient 

stratification with survival outcome difference; these approaches are based on 

somatic mutations, copy number variations, and gene expression data. In all 

methods, Kaplan-Meier was used to estimate survival curves, and the log-rank test 

was used to evaluate differences between different patient groups. 

 

2.2.2.1. Patterns of genomic alterations 

 

Cancer evolution is driven by interdependent alterations determining functions 
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together, rather than individually, in the machinery of a cancer cell. Indeed, 

functionally redundant alterations rarely occur together and are instead likely to 

occur exclusively of each other (Kim et al., 2016; Babur et al., 2015; Ciriello et al., 

2012). Synergistic mutations frequently co-occur, and affect disease progression 

and survival rate (Oricchio et al., 2014). Studying patient groups with patterns of 

interdependent oncogenic mutations will provide insights into functional 

interactions among these mutations and will propose putative mutational prognosis 

markers (Mina et al., 2017). For this purpose, we employed a visualization scheme 

similar to CBioPortal OncoPrint (Gao et al., 2013), but with improved ability to 

stratify patients by co-occurring genetic alterations, mutual exclusivity, or a 

combination of these factors (see the section on "2.4. Case Studies"). 

 

2.2.2.2. Risk estimation based on gene expression 

 

A recent study has shown that the majority of predictable differential dependencies 

among genes in cancer cell lines is best predicted by RNA expression levels rather 

than by DNA mutations or copy number (Tsherniak et al., 2017). Using the TCGA 

transcriptome and clinical data, CaPSSA enables users to examine how a set of 

genes of interest can separate patients into low- and high-risk groups, and whether 

these groups show a difference in survival outcomes. 

By default, we split patients in the cohort of interest into two risk groups (high 

and low risk) of the same size, determined by ordered Prognostic Indexes (PI, 

higher value for higher risk). The Prognostic Index (PI) indicates a linear 

combination of expression levels in a set of genes. PI uses the Cox proportional 
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hazards model for multivariate analysis, computed using the gene expression value 

multiplied by the regression coefficient of each gene estimated via Cox fitting 

(Collett 2015). It can be formularized as following: PI (Prognostic Index) = β1x1 + 

β2x2 + ... + βpxp, where xi is the expression value of ith gene, and βi (regression 

coefficeint) is obtained from Cox fitting (Aguirre-Gamboa et al., 2013). The fitting 

was performed using the JavaStat library (http://www2.thu.edu.tw/~wenwei). 

We also employed an alternative approach, called nearest centroid classification 

(Guo et al., 2008), for expression-based patient classification. For this, we 

calculated the correlation coefficients of expression-level distributions for given 

potentially prognostic genes using a centroid (average expression for each gene) of 

patients with good prognosis (patients in upper 10th percentile calculated by days 

of survival or patients who have survived over 5 years). Then, we divided patients 

into two equal groups (median), where each group was determined by ordered 

Pearson correlation coefficients from positive correlation (lower risk) to negative 

correlation (higher risk). Simple average and mean of expression levels in a given 

set of genes can also be used as risk scores by which patients are divided. 

 

2.2.2.3. Gene expression-based hierarchical clustering 

 

We also incorporated gene-expression-based hierarchical clustering. This approach 

divides the patient population into subgroups sharing similar expression patterns. 

This method has been widely and successfully used for molecular stratification of 

human tumors. We employed Ward’s linkage hierarchical clustering with Euclidean 

distance measure using fastclust Python library (http://danifold.net/fastcluster.html). 

http://www2.thu.edu.tw/~wenwei
http://danifold.net/fastcluster.html
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This library allows users to run clustering on a cancer cohort of interest using a 

given set of genes. Furthermore, interactive zoom-in-out and cluster selection 

enables the user to focus on particular sub-clusters, and refine the choice of a sub-

group, with a more significant association with survival outcome. 
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2.3. Results 

 

 

2.3.1. Exclusivity and co-occurrence of simple nucleotide 

alterations (SNV) and copy number variations (CNV) 

 

Distinct genomic alterations, including somatic mutations and copy number 

alterations, in patients of a given cancer cohort are visualized by a heatmap. 

Individual genes are represented as rows, and individual patients are represented as 

columns. Each bar above an alteration heatmap shows representative color-coded 

clinical features (i.e., expression subtype) used for sorting patients. Similar to 

CBioPortal (Gao et al., 2013) OncoPrint, this type of plot is useful for visually 

identifying alteration patterns in mutual exclusivity or co-occurrence between 

genes in a gene set across all patients. 

The most distinctive feature of CaPSSA is that patients can be stratified into two 

groups by co-occurrence, mutual exclusivity, or a combination of these. For 

example, patients can be separated by KRAS mutations that possess CDKN2A/B 

inactivation by homozygous deletion versus patients with KRAS mutations having 

wildtype CDKN2A/B locus (see section "2.4. Case Studies"). 

The significance of prognostic genes in a given cancer type is highlighted with 

Kaplan-Meier plots, which are based on overall survival difference between two 

groups, as illustrated in Figure 5. In addition to survival analysis, CaPSSA provides 

a plot showing how concordant the stratification results are with known molecular 
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or clinical sub-groups, such as PAM50 subtype in breast cancer or the expression 

subtype in lung and brain cancer (Figure 6). 

 

 

Figure 5. Patient stratification and survival analysis based on mutational 

patterns. (A) A heatmap in the center depicts distinct color-coded genetic 

alterations, including somatic mutations or copy number alterations across 

patients. Individual genes and patients are represented as rows and columns, 

respectively. The order of genes can be changed by dragging a gene name 

into the desired position. The user can interactively define patient groups, 

based on combinations of alteration patterns between genes, via checkbox 

UIs beside the gene symbol labels. Check-boxes in the first column, tagged 

by ‘G’ (Grouping), are for choosing whether to designate patients with 

alterations in a given gene into an alteration group. Checkboxes tagged by 

‘F’ (Filtering) are for choosing whether to display patients having alterations 

in a given gene only, or all the patients. Each alteration group is visually 

divided by a vertical dashed line. (B) Each bar above the alteration heatmap 
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shows a representative clinical feature (i.e., Expression Subtype). The user 

can sort patients by their clinical values by clicking the feature’s name. (C) 

and (D) Horizontally and vertically stacked bars on the left and top of the 

heatmap indicate the number of alterations and their color-coded types 

across patients and genes. (E) A Kaplan-Meier plot highlighting the 

significance of prognostic genes in a given cancer type (in this case, TCGA 

Lung Adenocarcinoma) based on overall survival. Log-rank p-values are 

shown in the upper right corner of the Kaplan-Meier plot. The red and blue 

colors of the lines indicate altered and unaltered patient groups in selected 

genes, respectively. 

 

 

Figure 6. Coherence of differentially altered groups to other subtypes. 

Patients are sub-grouped by selected clinical feature (in this case, by clicking 

“Expression Subtype”), then ordered again based on mutational patterns in 

each sub-group. In the right panel, a Sankey plot shows how concordant the 

stratification results are with known molecular or clinical subtypes. In each 

stacked box on each side, a subgroup is encoded by a box whose height is 
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proportional to the number of patients within that subgroup. Colors of the 

boxes indicate corresponding subgroups. On the left side, the red/light-

blue/grey bars represent patients with alterations, patients without alterations 

initially loaded, and patients without alterations not initially loaded, 

respectively. On the right side, the blue/yellow/purple bars indicate three 

groups of expression subtypes (Bronchoid, Magnoid, and Squamoid) in 

TCGA Lung Adenocarcinoma, which is consistent with the color of the sub-

group shown in the bars for clinical features on the main panel. The bands 

connecting boxes represent matched patients in different groups. The width 

of the bands is proportional to the number of patients. The main goal of this 

plot is to show how consistent are the results of patient stratification with 

other molecular or clinical subtypes. 

 

 

2.3.2. Risk groups stratified using gene expression data 

 

The outputs of gene-expression-based risk estimation consist of eight plots, as 

shown in Figure 7. 1) A Kaplan-Meier plot shows the prognosis of each patient 

group, together with log-rank test p-values. 2) A heatmap on the bottom depicts 

normalized and log2 transformed TPM (transcripts per million), estimated by 

RSEM (Li and Dewey 2011). 3) A scatter plot shows vitality status and survival 

day of each patient. 4) A waterfall plot of risk scores, calculated using prognostic 

index by Cox regression (Collett 2015; Figure 7) or nearest centroid classification 
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(Guo et al., 2008; Figure 8). Bar colors in the waterfall plot represent color-coded 

values of the relevant clinical information. The user can manually choose an 

arbitrary PI cut-off point to separate patients in which survival difference is more 

significant, and group size can be adjusted by sliding the division line while seeing 

changes interactively. 5) A box plot shows differential expression levels of the 

genes in low and high risk groups. The user can correlate the expression direction 

of each gene with patient survival. 6) A box plot represents relative expression of 

genes in each clinical sub-group of low and high risk groups. 7) A Sankey plot 

shows the coherence of stratified patients with other clinical subtypes such as 

expression subtype, race, or smoking status, where applicable. 8) Cox regression 

outputs in tabular form. Negative regression coefficients indicate favorable 

prognostic genes for which higher expression of a given gene is correlated with 

longer patient survival outcome. Positive regression coefficients indicate 

unfavorable prognostic genes for which higher expression of a given gene is 

correlated with poor patient survival outcome. 
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Figure 7. Gene expression-based risk estimation using Cox regression. Red 

and green colors in the following plots represent patient groups with high 

and low risk scores, respectively. Sample names and associated values can 

be visualized by placing the cursor over any part of the plot. (1) Prognosis of 

each risk group of patients was examined by Kaplan-Meier survival 

estimators, and the survival outcomes of different groups were compared by 

log-rank tests; (2) Lower heatmap depicts normalized and log2 transformed 

TPM (transcripts per million) of putative bio-marker genes, estimated by 

RSEM (Li and Dewey 2011) from low to high expression (green to red) 

across patients with TCGA Lung Adenocarcinoma. (3) A scatter plot shows 

the vitality status and survival days of patients. (4) A waterfall plot 

represents ordered risk scores calculated using prognostic index by Cox 

regression. Bar colors in the waterfall plot represent clinical values of a 
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chosen feature, in this case “Expression Subtype”. To choose a group with 

significant risk, patients with risk score in upper 10th percentiles are 

classified into the high-risk group and the remaining patients into the low-

risk group. This is accomplished by dragging arrows on both ends of the 

vertical division line. (5) Expression levels of a chosen gene (upper plot; 

NKX2-1) and all genes (lower plot) across all patients are each shown as a 

box plot for low- and high-risk groups. (6) A box plot shows the relative 

expression of a chosen gene (NKX2-1) in Bronchoid, Magnoid, and 

Squamoid LUAD patients of low- and high-risk groups. (7) A Sankey plot 

shows the coherence of risk groups with other subtypes (see Figure 6 for 

details). (8) Cox regression outputs in tabular form (see “Results”). 

 

 

Figure 8. Another risk-score based stratification approach (“Farthest 

Centroid” menu in the upper drop-down menu, on the right of the waterfall 

plot) uses correlation coefficients of gene expression in each patient and 

centroids of patients with good prognosis. Positive correlation implies lower 
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risk, whereas negative correlation implies higher risk. Although patients are 

divided into equal groups (median) by default, we adjusted the division for 

more significant results by manually moving the vertical division line. 

 

 

2.3.3. Hierarchical clustering using gene expression data 

 

The results of hierarchical clustering are shown as a tree structure called a 

dendrogram. The dendrogram shows the arrangement of individual clusters, a 

heatmap that is used for visualizing gene expression patterns in a grid panel (rows 

and columns represent genes and patients, respectively), and upper bars showing 

color-coded clinical features (Figure 9). 

Our cluster heatmap visualization and exploration is highly interactive. It 

facilitates patient stratification and comparison of survival outcomes between 

groups by enabling the user to select clustered patients or gene groups, and zoom in 

and out of clusters. Once a patient cluster is selected, various plots, similar to 

“2.3.2. risk groups stratified using gene expression data”, are available on the right 

panel. These include a Kaplan-Meier plot, two box plots of gene expression values 

across risk groups for each gene and clinical sub-group, and a Sankey plot showing 

visual coherence of available clinical information with clustered groups. 
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Figure 9. Hierarchical clustering using gene expression data. (A) 

Hierarchical clustering analysis of the expression patterns of NKX2-1, KRAS, 

and CDKN2A/B genes in a TCGA Lung Adenocarcinoma cohort. Interactive 

zoom-in-out of a cluster enables choosing particular sub-clusters. Clicking 

the magnifier icon in the upper right corner of the heatmap panel allows the  

user to choose a sub-group with a more significant association with survival 

outcome. (B) When a patient (column) cluster (dendrogram) is selected, a 

KM-plot displays survival difference between patients (red color) in the 

cluster and other patients (grey color) in the cohort. (C) The expression level 

of NKX2-1 (left most) is substantially decreased across patients in the 

selected cluster (red). (D) A Sankey plot shows visual coherence of available 

clinical information with clustered groups. Patients in the selected cluster 

(light red) tend to match with Magnoid (red) and Squamoid (blue), rather 

than with Bronchoid (yellow), expression subtypes in TCGA Lung 

Adenocarcinoma. 
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2.4. Case studies 

 

 

CaPSSA enables users to conduct multiple types of analyses for the validation of 

putative biomarkers. Examples of analyses, provided below, illustrate the utility of 

CaPSSA. 

 

 

2.4.1. KRAS-mutant lung adenocarcinoma dominated by co-

occurring genetic events of CDKN2A/B deletions 

coupled with low expression of NKX2-1 transcription 

factor 

 

KRAS, an oncogene found on the short arm of chromosome 12 (12p), shows 

mutations in approximately 20% of non–small cell lung cancers, and gene 

amplification in a smaller set of cancers. Activating KRAS mutations are present in 

a variety of tumors. KRAS mutations activate the phosphorylation of mitogen-

activated protein kinase (MAPK), inducing downstream signals of cellular 

proliferation and tumor progression via cell-cycle progression (Figure 10). KRAS-

mutant lung adenocarcinomas have greater molecular diversity and therapeutic 

responsiveness, and possess subgroups with biologically and therapeutically 

relevant differences (Skoulidis et al., 2015). One of these subsets is KRAS-mutant 
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lung adenocarcinoma, harboring either CDKN2A or CDKN2B deletions, coupled 

with low expression of the NKX2-1 gene. 

 

 

Figure 10. The biology of KRAS mutation-induced signaling that triggers 

cell-cycle progression, leading to uncontrolled cellular proliferation. Entry 

into the cell cycle is typically induced in response to mitogenic signals that 

activate signaling pathways such as RAS, MAP kinase, and PI3K. These 

pathways eventually impinge on transcription factors such as MYC, 

activator protein 1 (AP1), or β-catenin, and lead to induction of several cell 

cycle proteins, including D-type cyclins. Formation of active complexes of 

D-type cyclins with cyclin-dependent kinase 4 (CDK4) or CDK6 is 

antagonized by the INK4 family (p16
INK4A

 and p15
INK4B

, encoded by 

CDKN2A and CDKN2B, respectively) in response to senescence-inducing or 
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growth-inhibitory signals, such as transforming growth factor-β (TGFβ) 

(Otto and Sicinski, 2017). Oncogenes and tumor suppressor genes are 

represented by pink and cyan nodes, respectively. Red and blue edges depict 

activating and inhibitory relationships, respectively. Genes with somatic 

mutations or copy number loss are indicated using a thick orange border 

(KRAS, CDKN2A, and CDKN2B). This network was generated and 

visualized using MONGKIE (Jang et al., 2016). 

 

 

Two-hit inactivation of CDKN2A and CDKN2B occurs frequently in patients 

with mutant KRAS lung adenocarcinoma. The complete loss of CDKN2A/B 

accelerates mutant KRAS–driven lung tumorigenesis and progression, leading to 

loss of differentiation, increased metastatic disease, and decreased overall survival 

(Schuster et al., 2014). Cell proliferation depends on progression through four 

distinct phases of the cell cycle — G0/G1, S, G2, and M —regulated by several 

cyclin-dependent kinases (CDKs) that act in complex with their cyclin partners. 

Aberrant activity of CDKs, involved in cell cycle regulation and leading to 

uncontrolled proliferation, is commonly observed in human cancers. The inhibition 

of CDK activity in cancer not only leads to cell-cycle arrest, but also triggers 

senescence or apoptosis of tumor cells. As negative regulators of the cell cycle, 

CDK inhibitor proteins (CKIs) act as tumor suppressors. A deficiency in CKIs 

increases susceptibility to tumorigenesis (Otto and Sicinski, 2017; Figure 10). 

Examples of such tumor suppressor proteins, inactivated in cancer, are the INK4 

proteins, particularly p16
INK4A

 and p15
INK4B

 (encoded by CDKN2A and CDKN2B, 
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respectively); these are located within the chromosomal region 9p21, which is 

frequently deleted in human cancers (Zhao et al., 2016). CDKN2A/B inactivation is 

common in lung cancer and occurs via homozygous deletion; its expression is also 

commonly silenced by promoter methylation (Tam et al., 2013). 

As shown in Figure 5, our results are in agreement with those of a separate study 

(Schuster et al., 2014); our results confirm that the overall median survival of 

patients, incorporating both somatic mutations in KRAS and homozygous deletions 

of CDKN2A/B, is significantly decreased compared with that of KRAS-mutants 

with wild type CDKN2A/B locus. These results suggest that mutant KRAS lung 

cancers with two-hit inactivation of CDKN2A/B identify a subset of patients with 

high-risk disease. 

Thyroid Transcription Factor 1 (TTF1; also known as NKX2-1), a lineage-

specific, homeobox-containing transcription factor, is almost uniformly suppressed 

among tumors in KRAS-mutant lung adenocarcinoma with loss of CDKN2A/B. 

TTF1 represents a clinical biomarker that facilitates the identification of these 

tumors (Skoulidis et al., 2015). In lung tumorigenesis, NKX2-1 functions in a 

context-dependent manner and inhibits KRAS-driven lung adenocarcinoma (Maeda 

et al., 2012; Winslow et al., 2011). NKX2-1 is a master regulator of lung 

differentiation and is expressed in a majority of human lung adenocarcinomas 

(Barletta et al., 2009). Human lung tumors, downregulated for NKX2-1, are poorly 

differentiated, show increased metastatic ability, and display high-grade 

histological features and aggressive behavior (Schuster et al., 2014). NKX2-1 

restrains lung-cancer progression by enforcing a lung epithelial differentiation 

program by repressing the chromatin regulator HMGA2, which controls the 
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metastatic potential of lung adenocarcinoma (Winslow et al., 2011). 

As shown in Figure 7, Cox regression-based risk estimation shows that lower 

expression of NKX2-1 is associated with significantly reduced survival (log-rank 

test p = 3.83e-7 and regression coefficient p = 0.001). This means that NKX2-1 is a 

favorable prognostic factor for survival in patients with lung adenocarcinoma. A 

study by Winslow et al., (2011) has shown the molecular and cellular basis for the 

association of NKX2-1 expression with good patient outcome and that of HMGA2 

with poor patient outcome. We obtained concordant results with that study using 

our expression-based risk estimation. 

Copy-number loss of CDKN2A/B is associated with higher stage, higher 

incidence of metastasis, and decreased overall survival in mutant KRAS lung cancer 

patients. Interestingly, a survival curve analysis obtained in another study indicated 

that patients with lung adenocarcinoma and high expression of CDKN2A show 

poor survival rates (Hsu et al., 2017), which agrees with our results (Figure 7.5). 

Although the exact biological function needs to be explored further, higher gene 

expression level of CDKN2A/B may potentially affect tumor proliferation and 

functions of tumor suppressors in the specific molecular environment of lung 

adenocarcinoma. 

Our hierarchical clustering analysis indicates that overall survival time was 

significantly longer (log-rank p = 1.02e-7) for patients in cluster with higher TTF‐1 

expression (median 77.8 months) than for patients in cluster with lower TTF‐1 

expression (Figure 9). Patients with high and low levels of CDKN2A/B expression 

coexisted in the identified cluster; interestingly, these patients were also divided 

into sub-clusters with distinct low and high expression levels of CDKN2A/B. 



 

 56 

Finally, we confirmed that high-risk patients designated using a mutation-based 

analysis, and those designated using two expression-based analyses, significantly 

overlapped (p = 4.56e-5; Figure 11). This suggests that KRAS mutation in lung 

cancers with both CDKN2A/B deletions and low NKX2-1 expression is a prognostic 

marker to identify a subset of patients at high-risk. 

 

 

Figure 11. Overlaps between high-risk groups. A Venn diagram showing 

overlaps between high-risk patient groups obtained using mutation-based 

analysis and those obtained using two expression-based analyses. Each circle 

is labeled by the method used for the identification of each risk group. 

Overlaps are statistically significant, with p = 4.56e-5 calculated using 

hypergeometric distribution 

(http://nemates.org/MA/progs/overlap_stats.html). 

 

http://nemates.org/MA/progs/overlap_stats.html
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2.4.2. Co-occurrence and mutual exclusiveness of TP53 

alterations with amplifications of CCNE1 and SKP2 

oncogenes 

 

 

Figure 12. Functional interactions between TP53, CCNE1, and SKP2 in the 

senescence and cell -cycle pathways. Oncogenes and tumor suppressors are 

represented by pink and cyan nodes, respectively. Red and blue edges depict 

activating and inhibitory relations, respectively. This signaling network was 

generated and visualized using MONGKIE (Jang et al., 2016). 

 

 

SKP2 is an oncogenic protein that targets tumor suppressor proteins for 

degradation. Cyclin-dependent kinase (CDK) inhibitor p27, a positive regulator of 

cell-cycle progression, is a major target of SKP2, which has been shown in vivo 

and in vitro. Increased levels of SKP2 and reduced levels of p27 are observed in 

many types of cancer. In several cases, these levels are used as independent 
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prognostic markers (Frescas and Pagano, 2008). Cyclin E, coded by the genes 

CCNE1 and CCNE2, is the main regulator of transition from the G1 phase to the S 

phase of the cell cycle (Figure 12). CCNE1 in particular has frequently been 

reported as a putative oncogene because it is amplified in various types of cancer. 

SKP2 and CCNE1 are oncogenic and overexpressed in human cancers (Gstaiger et 

al., 2001); their expression is an independent and significant prognostic factor for 

overall survival (Pils et al., 2014), as confirmed by our analyses of gene-expression 

data using Cox regression (Figure 13) and hierarchical clustering (Figure 14). 

 

 

Figure 13. Expression of SKP2 and CCNE1 oncogenes in risk groups. Risk 

estimation of patients using expression levels of SKP2 and CCNE1. (A) 

High (red color) and low (green color) risk groups are stratified using Cox 

regression. K-M plot shows significant survival difference between groups, 

with log-rank p = 3.524e-4. (B) Patients at higher risk scores (red color) 

show higher expression levels of SKP2 and CCNE, whereas patients at lower 

risk (green color) show lower expression levels. (C) Higher-risk group (red) 
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tends to match with Magnoid (light yellow) and Squamoid (purple), rather 

than Bronchoid (blue), expression subtypes in TCGA Lung 

Adenocarcinoma; the opposite applies in the low-risk group. 

 

 

 

Figure 14. Hierarchical clustering analysis of the expression levels of 

CCNE1 and SKP2. (A) Selection of a cluster with lower expression of 

CCNE1 and SKP2. (B) K-M plot depicting significantly longer survival 

outcome for patients (red color) in the selected cluster (log-rank p = 0.018). 

(C) A box plot showing lower expression of the two oncogenes CCNE1 and 

SKP2 across patients in the selected cluster (light red). (D) Patients in the 

selected cluster (red) tend to match with Bronchoid (yellow), rather than 

with Magnoid (red) or Squamoid (blue), expression subtypes in TCGA Lung 

Adenocarcinoma. 
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The activities of CCNE1 and SKP2 proteins are associated with the status of 

TP53 in the cell cycle, suggesting functional dependency (Loeb et al., 2005; Lin et 

al., 2010; Figure 12). CCNE1 and SKP2 show amplification-dependent 

overexpression in lung cancer (Ohshima et al., 2017). A recent study reported that 

increased expression of CCNE1 and SKP2 co-occur with high frequency in human 

samples (Mina et al., 2017); however, the exact biological function and difference 

in clinical outcomes remain undetermined. 

Generally positive correlations with other genetic events may indicate functional 

synergies, whereas anti-correlations may indicate functional redundancies, because 

redundant events would not be required by the same cancer. Amplifications of 

CCNE1 and SKP2 are expected to be mutually exclusive. This is because either 

change provides a path to tumor development via uncontrolled cell-cycle 

progression (Figure 12), with no selective advantage to having both mutations. This 

is confirmed in our results, as shown in Figure 15. Similarly, co-occurrence of 

TP53 alterations with amplifications of CCNE1 and SKP2 is expected to be 

synergistic with tumor progression. However, our results show no difference 

between each event with respect to the risk of death in patients with TCGA lung 

adenocarcinoma (Figure 15). Instead, patients with wild-type TP53 and 

amplification of CCNE1 and SKP2 show better overall survival rates (Figure 16). 

Co-occurring alterations in the regulators of cell-cycle and apoptosis are 

consistently associated with significantly increased mRNA expression of 

proliferation-associated genes (Gatza et al., 2014) in multiple types of tumors 

(Mina et al., 2017). This generates disease vulnerabilities, thereby increasing tumor 
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sensitivity to specific drugs (Dey et al., 2017). TP53-deficient patients, 

concurrently exhibiting amplification of both CCNE1 and SKP2, show higher cell-

cycle progression and proliferation of cancer cells. These events may occur at the 

cost of exposing therapeutically-actionable disease vulnerabilities, resulting in 

moderately increased survival rates. 

  

 

Figure 15. Co-occurrence of TP53 alterations with amplifications of CCNE1 

and SKP2. The co-occurrence of TP53 alterations with amplifications of 

CCNE1 and SKP2 is expected to be synergistic with tumor progression in 

lung adenocarcinoma. However, our results show no difference in survival 

rates (log-rank p = 0.0972) between patients having both TP53 mutations 

and CCNE1/SKP2 amplification (left of dashed division line) versus TP53-

mutants only (right of dashed division line). Additionally, the occurrences of 

amplification events in SKP2 and CCNE1 genes are almost mutually 

exclusive across tumors. 
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Figure 16. Amplification of CCNE1 and SKP2 without TP53 mutations. 

Patients with wild-type TP53 and amplified CCNE1 and SKP2 (on right of 

the guide line) show better overall survival rates than patients with TP53 

mutations (log-rank p = 0.0495). 
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2.5. Comparison with existing tools 

 

 

Existing tools having capability similar to that of CaPSSA can be divided into two 

categories according to their specific application and strengths: 1) Integrative 

visualization tools for cancer multi-omics datasets; these include cBioPortal (Gao 

et al., 2013), UCSC Xena (Goldman et al., 2018), and ICGC Portal (Zhang et al., 

2011). 2) Tools for patient stratification and survival analysis that use a biomarker 

gene list as input; these include iGPSe (Ding et al., 2014), UALCAN 

(Chandrashekar et al., 2017), and SurvExpress (Aguirre-Gamboa et al., 2013). 

Integrative visualization tools for cancer multi-omics datasets provide basic and 

exploratory analyses of cancer genomics data. These tools feature an intuitive web 

interface, biologically relevant abstraction of genetic alterations at the gene level, 

integrative analysis of genomic data sets and clinical attributes, interactive network 

analysis, and a list of co-expressed and mutually expressed genes. These tools are 

useful for exploring gene-level associations across different cancers involving 

mutation frequency or gene expression. However, there remains a need for tools 

that would allow the user to examine survival associations across different cancer 

subsets as defined by prognostic or predictive biomarker genes with distinct 

molecular changes. Such tools should also allow the user to examine survival 

associations across different cancer subsets as defined by clinical pathologic 

features (e.g., pathological stages, tumor grade, and patient drinking and/or 

smoking history). 
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Compared with these omics-level large cohort visualization tools, CaPSSA 

extends and complements available functionality with its ability to stratify patients 

based on molecular patterns of putative biomarker genes. This allows for 

performance comparisons and validations of prognostic and predictive biomarkers 

using survival analysis and risk assessment across tumors. More specifically, it 

allows the users to identify and assess genomic signatures in cancer subtypes, 

assess the role of these signatures in stratifying patients into different risk groups, 

and compare and contrast with previously established clinical or molecular 

subtypes. 

Several tools have been proposed to facilitate the evaluation of putative 

biomarkers and stratify patients based on risk assessment (i.e., survival analysis) 

(Aguirre-Gamboa et al., 2013; Ding et al., 2014; Chandrashekar et al., 2017). 

However, these tools encompass only gene-expression data, and all outputs are 

static images lacking in interactive user experience. CaPSSA incorporates data on 

somatic mutations and copy number variations, as well as gene-expression data. 

Therefore, CaPSSA provides various ways to interactively define and select sub-

populations and clusters. This allows the user to focus on details of interest and to 

compare patient outcomes across sub-populations dynamically, based on molecular 

characteristics of the user-supplied gene list. 

The comparison of CaPSSA with existing tools is summarized in Table 2 and 

Table 3, which focus on visualization of cancer multi-omics data and patient 

stratification, respectively. 

 

Table 2. Comparison of integrative visualization tools for multi-omics datasets. 
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Tool Gene set 

management 

* 

Patient 

stratification 

based on 

molecular 

signature 

Survival 

analysis 

Comparison 

of risk groups 

with clinical 

subtype 

CaPSSA O Various ** O O 

cBioPortal X Altered vs. 

not altered 

patients 

O X 

UCSC Xena X According to 

previously-

defined 

subtypes 

O O 

ICGC Portal X X X X 

 

* Management of a list of gene sets allowing users to add, modify, and delete a 

gene set. 

** See stratification methods in Table 3. 

 

 

Table 3. Comparison of patient stratification and survival analysis tools. 

Tool Stratification 

methods 

Interactive 

sub-grouping 

Concordance 

to other 

subtypes 

Data types 

CaPSSA Mutual O O Somatic 
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exclusivity of 

mutations 

Co-

occurrence of 

mutations 

CoxPH 

regression 

Nearest 

centroid 

classification 

Hierarchical 

clustering 

mutations 

Copy number 

alterations 

Gene 

expression 

SurvExpress Cox fitting 

User-specified 

weights 

X O * Gene 

expression 

iGPSe K-means 

clustering 

Spectral 

clustering 

Community 

detection 

X X Gene 

expression 

UALCAN High vs. low 

expression 

X X Gene 

expression 

 

* Static graphics lacking interactive user experiences 
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Chapter 3 

 

 

 

An integrated clinical and genomic information 

system for cancer precision medicine 

 

 

3.1. Background 

 

 

Precision oncology needs a systematic and easy-to-understand interpretation 

system with a readily accessible knowledge base for identification of specific 

genomic alterations and genotype-matched therapeutic options with clinical 

relevance. Such a system needs to also encompass analyses of aberrant pathways, 

patient stratification using prognostic biomarkers, and comparison with patients in 

large cancer cohorts. 

Although generating NGS data from a patient sample is becoming easier and 

more affordable, interpreting the genotype-phenotype relationships for clinical 

application remains difficult. NGS results are very complex; this increases 

complexity in decision-making and requires decision-support systems to fully 
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facilitate these molecular techniques in order to identify genomic aberrations, 

subsets of patients categorized by molecular signatures, and clinically relevant 

types of treatment. 

Thus, it would be desirable to develop a comprehensive information system 

possessing diverse features helpful not only for clinical service providers, but also 

for medical scientists. Here, we describe CGIS (Clinical and Genomic Information 

System) for cancer precision medicine and implementation of such features. We 

also discuss key bioinformatics challenges in software development. 
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3.2. Implementation 

 

 

3.2.1. Overview of system and features 

 

The aims of our CGIS software are: (1) to provide a clinical report of 

recommended therapies with full variant-level annotation based on NGS data 

analysis; (2) to support medical scientists in exploring patient cohort data to test 

hypotheses for developing patient stratification schemes, molecular biomarkers, 

and alternative treatment options. Representative features are listed as follows, in 

order of information processing, as summarized in Figure 17: 

A) NGS data processing, which includes variant calling from whole exome 

sequencing (WES) data and expression quantification from whole 

transcriptome sequencing (WTS, a.k.a. RNA-seq) data. We calculate 

somatic simple nucleotide variants (SNVs), insertions and deletions 

(INDELs), and copy number variations (CNVs) using Mutect (Cibulskis 

et al., 2013), Strelka (Saunders et al., 2012), and EXCAVATOR (Magi et 

al., 2013), respectively. The MapSplice-RSEM (Wang et al., 2010; Li et 

al., 2011) pipeline was used for RNA-seq quantification to warrant 

accuracy in spite of long computation time. Galaxy (Afgan et al., 2016) 

pipelines for WES and WTS data processing are shown in Figure 18 and 

Figure 19, respectively. 

B) Import of clinical information from patient medical records, which 
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includes de-identification and encryption using a standard data model of 

the NCI Clinical Data Elements (https://gdc.cancer.gov/clinical-data-

elements). 

C) Variant annotation and prioritization to identify driver alterations or 

targeted drugs. Genomic alterations were curated at both gene and variant 

levels to identify function-affecting variants in cancer genes of the 

COSMIC database (Forbes et al., 2017). 

D) Targeted therapy with clinical relevance to obtain “actionable” targets of 

different significance. Many curated resources were amassed to establish a 

list of actionable target genes and variants (i.e., cases where the targeted 

drugs are available clinically). 

E) A pathway view of genomic alterations and available targets. Key 

pathway genes are manually curated for several cancer types to enhance 

mechanistic understanding that might lead to alternative therapies. 

F) Patient stratification and survival analysis to aid medical scientists in 

testing clinical hypotheses for developing diagnostic or prognostic 

molecular markers. We support patient classification by mutual 

exclusivity of somatic mutations and by gene-expression signatures. 

G) A clinical report system to help with clinical decision in an easy-to-use 

GUI format. 

 

https://gdc.cancer.gov/clinical-data-elements
https://gdc.cancer.gov/clinical-data-elements
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Figure 17. System architecture of our CGIS software. Information flow 

among various components is indicated with arrows. BioDataBank is the 

central knowledgebase of information for genes, variants, drugs, curated 

records, and cohort population data. 

 

 

Figure 18. Galaxy workflow for whole exome sequencing (WES) data 
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processing. 

 

 

Figure 19. Galaxy workflow for whole transcriptome sequencing (WTS) 

data processing. 

 

 

3.2.2. BioDataBank 

 

High-quality interpretation of individual genomic variants inevitably requires a 

vast amount of collected information, data modeling, curation of raw data, and 

integration to build a comprehensive knowledgebase. BioDataBank is our 

knowledgebase, which encompasses genes, proteins, gene variants in cancer, 

population (cohort) data, and drugs for clinical therapy. These factors are 

categorized into several types of data source repositories, as follows: 
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Reference sequence repositories 

Reference sequence databases provide information on the versions of human 

genome assembly and related information, such as genomic coordinates for 

unambiguous representation of sequence variants. Variant location mapping 

(coding, noncoding, UTR, and splice sites) and strand representation (positive vs. 

negative) for a gene can be computed from these databases. Some of the commonly 

used resources include RefSeq (National Center for Biotechnology Information 

Reference Sequence Database; O’Leary et al., 2016) and Ensembl (Zerbino et al., 

2018). 

 

Gene and protein models 

UnitProtKB/Swiss-Prot (Bateman et al., 2017) and Pfam (Finn et al., 2016) 

databases are used as sources for both variation (amino acid changes) and protein 

domain annotation data. All variants in the merged dataset are then mapped to the 

corresponding UniProtKB sequences. All genes are annotated and reported as 

designated by the HUGO symbol (Yates et al., 2017). 

 

Population databases 

These databases provide comprehensive information about the frequencies of 

alternative (minor) alleles at a given locus in a large cohort of individuals who 

represent an array of geographically distinct populations. Examples of such 

databases include the 1000 Genomes Project (Gibbs et al., 2015), Exome 

Aggregation Consortium (ExAC; Lek et al., 2016), and Exome Variant Server 

(EVS; http://evs.gs.washington.edu/EVS). These databases are frequently used to 

http://evs.gs.washington.edu/EVS
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filter out variants that are deemed polymorphic/benign based on an arbitrary cutoff 

of minor allele frequency (MAF). In the absence of paired normal tissue, we used 

1% (0.01) MAF as a primary cutoff, which is also commonly used in many clinical 

laboratories. 

 

Cancer omics data 

The numerous large-scale genome-sequencing projects for a variety of tumor types 

have provided a wealth of genomic information. Once generated, this information 

is consolidated into public databases worldwide. Cancer omics data from Genome 

Data Commons of the National Cancer Institute (Grossman et al., 2016) contains 

the largest and most comprehensive genomic data sets on cancer and includes the 

Cancer Genome Atlas. 

  

Cancer-specific variant databases 

These databases provide information on the incidence and prevalence of sequence 

variants in different cancers and subtypes, cross-reference with other genomic 

databases, cite published literature with and without systematic review, and provide 

data on cellular pathways, targeted therapies, and clinical trials and outcomes. A 

popular public somatic variant database is the Catalog of Somatic Mutations in 

Cancer (Forbes et al., 2017), which lists millions of somatic alterations across 

various tumor types, and provides information necessary for accurate annotation 

and prioritization of somatic variants. 

 

Drug and clinical trials 
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These databases provide information on FDA approved drugs and clinical trials for 

cancer-associated variations. The information is gathered from various public 

resources and manual literature reviews. Curated information on targeted drugs in 

clinical use or in clinical trials are amassed from various databases such as 

OncoKB (Chakravarty et al., 2017), MyCancerGenome (Taylor et al., 2016), and 

the Personalized Cancer Medicine Knowledge Base (Johnson et al., 2015). 

 

Table 4 shows the full list of resources used to build the BioDataBank. 

 

Table 4. Public cancer omics, variants, clinical, and drug resources 

Category Resource Comments 

Reference 

sequence 

RefSeq 

( https://www.ncbi.nlm.nih.gov/refseq)  

National Center for 

Biotechnology 

Information 

Reference Sequence 

Database 

Ensembl 

(http://www.ensembl.org/index.html) 

 

Gene Hugo symbol 

(http://www.genenames.org) 

Gene symbol 

mapping 

Entrez genes 

(https://www.ncbi.nlm.nih.gov/gene) 

Gene model 

Protein Uniprot (http://www.uniprot.org) Protein model 

Pfam (http://pfam.xfam.org) Protein domains 

Population 

database 

1000 Genomes Project 

(http://www.1000genomes.org) 

 

https://www.ncbi.nlm.nih.gov/refseq
http://www.ensembl.org/index.html
http://www.genenames.org/
https://www.ncbi.nlm.nih.gov/gene
http://www.uniprot.org/
http://pfam.xfam.org/
http://www.1000genomes.org/
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ExAC (http://exac.broadinstitute.org) Exome Aggregation 

Consortium 

Exome Variant Server 

(http://evs.gs.washington.edu/EVS) 

 

Cancer gene 

variants 

COSMIC cancer gene census (Futreal et 

al., 2004) 

Catalogue of Somatic 

Mutations in Cancer 

Personalized Cancer Medicine 

Knowledge Base (Johnson et al., 2015) 

MD Anderson 

Cancer Center 

Cancer 

omics data 

The Cancer Genome Atlas (TCGA; 

http://cancergenome.nih.gov) 

Somatic mutations 

RNA expressions 

Copy Number 

Variations 

Clinical information 

Drug and 

clinical trials 

MyCancerGenome (Taylor et al., 2016) Vanderbilt-Ingram 

Cancer Center 

OncoKB (Chakravarty et al., 2017) Memorial Sloan 

Kettering Cancer 

Center 

VarDrugPub (Lee et al., 2018; 

http://vardrugpub.korea.ac.kr) 

In-house database for 

mutation-gene-drug 

relations mined from 

all the PubMed 

articles 

IntOGen (Rubio-Perez et al., 2015) Anticancer drugs 

database 

http://exac.broadinstitute.org/
http://evs.gs.washington.edu/EVS
http://cancergenome.nih.gov/
http://vardrugpub.korea.ac.kr/
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Handbook of targeted cancer therapy 

(Karp and Falchook, 2015) 

More than 120 

targeted therapy 

agents for which 

clinical trial data are 

available 

The New England Journal of Medicine Manual search 

 Key words: breast | 

lung | glio & cancer 

& survival & genetic 

profile 

 Searching option: 

past 10 years 

 

 

3.2.3. Cohort database and selection of background patients 

 

Patient grouping and management are essential parts of CGIS, used to identify 

other patients with similar mutations or gene expression patterns. This can be used 

to predict disease progress and to identify appropriate therapies. For example, 

identifying patients with similar molecular characteristics makes it possible to pose 

clinical questions on how the cancer is progressing, and what would be effective or 

non-effective treatments. Cancer omics data at the population scale is also 

important for patient stratification and to identify subtypes on molecular basis. Our 

cohort database contains TCGA multi-omics data with clinical information on each 

patient. It currently includes SNVs, CNVs, and RNA expression data on 1,845 

tumor types and 1,929 normal samples across three focused cancer types (breast 
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invasive carcinoma, glioblastoma multiforme, and lung adenocarcinoma). 

To aid researchers in finding patient cohorts that meet their study goals, we 

implemented a filtering scheme to select a patient cohort based on clinical or 

molecular features; these include histological subtypes, risk factors, mutational 

features, diagnosis, therapeutic actions, and treatment outcome at individual patient 

level. For example, EGFR is the most frequently mutated gene among female and 

lifelong never-smoker patients, whereas TP53 mutation is prevalent in other 

patients. This can be readily confirmed using our cohort explorer for the TGCA 

Lung Adenocarcinoma (LUAD) cohort (shown in Figure 23 and 24). 
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3.3. Results 

 

 

3.3.1. Variant annotation and druggability 

 

The process of variant calling, conducted using WES Galaxy pipeline, produces 

VCF (variant calling format containing details of variants) and BAM (binary 

alignment map for aligned reads) files, which are imported to the variant 

annotation and prioritization module of CGIS. We used Oncotator as the main tool 

for annotating genomic point mutations and short indels (Ramos et al., 2015). 

Because many transcripts can be generated from the same gene, transcript selection 

is an important issue in variant annotation. For example, the EGFR 

chr7:55259515T>G mutation can be annotated as p.L858R only by choosing the 

correct transcript among many different EGFR transcripts. To resolve this issue, we 

used the UniProt canonical sequence as reference to collect all transcripts that 

produce the canonical protein sequence in translation. We further added transcripts 

concordant with all clinically actionable variants in MyCancerGenome (Taylor et 

al., 2016). The resulting list of transcripts was provided to Oncotator (Ramos et al., 

2015), where command line option (-c) is used to make these transcripts primary 

annotation targets. An example of variant annotation results is shown in Figure 20. 
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Figure 20. Variant annotation and prioritizing with available drugs (BRAF 

p.V600E). The variant report includes mutation position, variant allele 

frequency (VAF), patient frequencies, and drugs. The drug table shows 

mutation-relevant drugs recommended from various resources, such as 

authentic drugs in clinical usage, OncoKB drugs classified in 4 levels, and 

drugs reported in PubMed abstracts. Filters to show variants of specified 

properties only are located on the left side. 

 

 

Drugs targeting variants specific to the patient are of prime interest. As listed in 

Table 2, we compiled various resources on cancer drugs for targeted therapies both 

in clinical usage and in preclinical development. Specifically, we categorized drugs 

into three groups: 1) in-house curated drugs for actionable targets, including FDA-

approved drugs; 2) drugs reported in PubMed abstracts, obtained from systematic 

text mining and manual curation; and 3) OncoKB (Chakravarty, et al., 2017) drugs 

classified via four levels of reliability according to clinical applicability. We 
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carefully characterized (potential) clinically relevant alterations and assigned 

available drugs to somatic mutations at the variant and gene levels. For the in-

house curated drugs for actionable targets, we included FDA-approved drugs and 

drugs in clinical trials referenced by highly reliable sources, such as 

MyCancerGenome (Taylor et al., 2016), IntOGen (Rubio-Perez et al., 2015), 

Handbook of Targeted Cancer Therapy (Karp and Falchook, 2015), and manual 

searches in the New England Journal of Medicine. VarDrugPub was used to obtain 

drug information by text mining (Lee et al., 2018; http://vardrugpub.korea.ac.kr). 

VarDrugPub identifies variant-gene-drug relations in all PubMed abstracts using a 

machine learning method. 

We further provide a filtering utility to select genes of known importance in 

cancer ,as well as variants, based on patient frequency and functional impact 

(Figure 20). The list of known cancer genes was obtained from the Cancer Gene 

Census of COSMIC (616 genes) (Forbes et al., 2017). Users may also select cancer 

drug targets in clinical practice (26 genes); these targets were curated by the MD 

Anderson personalized cancer medicine knowledgebase (Johnson et al., 2015). 

These two sets of cancer genes may be the prime targets of personalized treatment 

and can be selected by checkbox filtering, as shown in Figure 20. 

Users often wish to examine the details of specific mutations. We provide three 

interactive plots for efficient exploration of variants. The mutation distribution plot 

(Figure 21) shows location of the mutation in the structure of a gene with 

functional domains. Mutation frequency among TCGA patients with the same 

cancer type is shown in a needle plot format. We also show the read alignment plot 

(Figure 22), which enables users to check the validity of mutation calls and allele 

http://vardrugpub.korea.ac.kr/
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frequencies. To implement this feature without needing a large BAM file, our NGS 

pipeline creates a reduced BAM file that contains read alignments near the 

mutation points only. 

  

 

Figure 21. Needle plot of annotated mutations in the BRAF gene. Both 

height and circle sizes represent the frequency of mutation at each location in 

the TCGA patient cohort (Lung Adenocarcinoma in this example). The 

location and type of mutations found in the patient are indicated by up-

triangle icons under the protein sequence bar, which contains protein 

domains. The bottom part is for zooming in on a specific area. 
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Figure 22. Read alignment plot. A read alignment plot around a mutation 

point (±100 bp range of BRAF p.V600E) is shown in web browser using the 

IGV JavaScript version. 

 

 

Lastly, this system supports a co-mutation plot to examine the landscape of 

somatic mutations and CNVs (Figure 23). Mutations in a specific patient can be 

readily compared with the cohort population, such as that obtained from the TCGA 

data. 

 

 

Figure 23. Cohort explorer for the whole TCGA Lung Adenocarcinoma 

(LUAD) cohort and the given patient. (1) Significant driver genes identified 

by MutSigCV (Lawrence et al., 2013). Each horizontal bar represents the 

total count of mutations on the corresponding gene within the cohort. The 

color scheme indicates coding properties of mutations. (2) The gray bar 
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represents –log10(p-values) of each driver gene. (3) Sample-wise count of 

mutations with color-coded coding properties. (4) Clinical features of 

samples. (5) Mutations found in the patient are plotted on the left side (i.e., 

the first column). 

 

 

Figure 24. An example of filtering process to select a patient cohort based 
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on clinical information or properties. (A) Selection of female and lifelong 

never-smoker patients in the TCGA Lung Adenocarcinoma (LUAD) cohort. 

(“Cohort Selection” menu is located on the left-top side of the page) (B) 

Driver genes can be sorted by mutation frequency by clicking the “# 

Mutations” label at the bottom. The sorting result confirmed that EGFR is 

the most frequently mutated gene in these patients, whereas the TP53 

mutation is prevalent in other patients (Figure 23). 

  

 

In summary, our variant annotation and prioritization scheme, based on 

knowledge of cancer genes and targeted drugs, provides an efficient way of 

scrutinizing the clinical relevance of somatic variants in a given cancer type. 

 

 

3.3.2. Patient stratification and survival analysis 

 

Proper stratification of patients is the most fundamental concept of targeted 

precision medicine. We implemented two most commonly used methods of patient 

grouping based on mutation and gene expression data. Survival analysis of 

resulting patient groups can be conducted interactively to aid clinicians in 

hypothesis testing of survival benefits. 

 

3.3.2.1. Mutual exclusivity among alterations driving signaling 



 

 86 

networks 

 

In tumors, several driver alterations in different genes can lead to similar events 

downstream. When a member of a substitutive gene set is altered, the selection 

pressure on the other members is diminished or even nullified. As a result, the 

mutation pattern of alternative driver genes appears almost mutually exclusive 

among different patients. 

We used the Mutex program (Babur et al., 2015) to identify mutually exclusive 

sets of genes with a common downstream effect on the signaling network. We also 

implemented a survival analysis for patients with alterations vs. patients without 

alterations. An example of a TP53 signaling module targeting the HIF1A gene is 

shown in Figure 25, using TCGA Lung Adenocarcinoma (LUAD) as patient cohort. 

Here, the gene alteration includes both somatic mutations and CNVs. 

 

 

Figure 25. Patient grouping by mutual exclusivity in a set of gene alterations. 

(1) A group of mutually exclusively altered genes (RORC, MDM2, and 
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TP53) having a common downstream target (HIF1A), identified by Mutex 

(Babur et al., 2015). The color intensity of each gene is proportional to the 

alteration ratio. Green and blue edges represent transcriptional relations and 

post-translational relations, respectively. Patient frequency of alteration in 

exclusive genes is indicated above the box (i.e., 57%). (2) Distribution of 

mutations and copy number changes show a mutually exclusive pattern. (3) 

Division of patients into altered and unaltered groups, and survival plot of 

the two groups. 

 

 

3.3.2.2. Patient classification by gene expression signatures 

 

DNA sequencing is not sufficient to optimally select patients for all classes of 

targeted therapy. Indeed, other types of high-throughput technologies, including 

RNA sequencing, DNA methylation profiling, and small RNA profiling, are being 

extensively used to identify cancer subtypes and to further improve our 

understanding of their biological mechanisms. RNA sequencing is the closest to 

being used in clinical application (Hyman et al., 2017). For example, OncotypeDX, 

which is based on the expression profiles of 21 genes, accurately predicts the 

recurrence of early-stage ER-positive breast cancer, demonstrating the possibility 

of molecular prognosis (Paik et al., 2004). 

We implemented a scheme to sort patients according to risk score, which is 

based on the expression value of pre-defined biomarker genes (Figure 26). The 

score was derived from the average expression value of 103 genes that defined the 
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metastatic subgroup in our in-house study. Patients in the TCGA Lung 

Adenocarcinoma (LUAD) cohort were ranked by the risk score in a waterfall plot. 

We defined the highest-scoring and lowest-scoring 60 patients as high and low 

score groups, respectively. The difference in the overall survival rate between the 

two groups indicates that the corresponding signature genes may have prognostic 

value in lung adenocarcinoma. Notably, the list of gene scores and threshold for 

defining patient groups are interactively provided by users. Thus, the system is 

sufficiently flexible to test diverse clinical hypotheses. 

 

 

Figure 26. Patient grouping by gene expression signature. (1) Select the 

expression signature genes pre-defined for each cancer type (e.g., PAM50 for 

breast cancer; Parker et al., 2009). (2) Choose the mathematical function to 

calculate the risk score from expression values of signature genes. Samples 

are sorted according to risk score, as shown in the waterfall plot. (3) Select 
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high-risk and low-risk groups by moving the dotted vertical lines. The 

survival plot shows the difference in survival rates between the two groups. 

(4) Clinical or molecular features of the patients are mapped onto the 

waterfall plot. (5) Expression profile of signature genes in a TCGA patient 

cohort (Lung Adenocarcinoma in this example). The position of the patient, 

used in this example, is indicated with arrows. 

 

 

3.3.3. Altered key pathways 

 

Development of acquired resistance is nearly universal in targeted cancer therapy. 

In patient samples showing acquired resistance, alterations often converge in 

specific gene modules or pathways. This suggests that these events can be managed 

with drugs or drug combinations targeting this biochemical and signaling 

bottleneck (Hyman et al., 2017). To address this scenario, we defined and unified 

altered key pathways for each cancer type; these key pathways demonstrate how 

multiple signaling pathways interact via cross-talk and feedback. 

An example of altered key pathways is shown in Figure 27A for lung 

adenocarcinoma. Note that genes are colored according to the abundance of 

activating or suppressing aberrations (mutations and CNAs). Drugs, targeting each 

gene in the pathway, are also listed to help users search available drugs targeting 

genes up- or downstream of the pathway (Figure 27B). 
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Figure 27. Aberrant key pathways for TCGA Lung Adenocarcinoma 

(LUAD). (A) Mutated genes (BRAF, SETD2, and ARD2) in this example are 

indicated within thick red borders. Background color is determined by CNAs 

(gain is indicated in red and loss in blue), with color depth reflecting the 

frequency of patients affected by mutation or CNAs. (B) Clicking the pill 

icon opens a window that shows available drugs targeting the gene of 

interest (BRAF in this example). Drugs are color-coded according to their 

approval status. 
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3.4. Comparison with existing tools for clinical 

decision support 

 

 

Recently, several groups have implemented CGISs, which can be limited by 

computational and clinical issues. PathOS is a web-based CGIS incorporating 

variant filtering, curation, and reporting; however, it is mostly geared for targeted 

(amplicon) gene sequencing and does not include variant-level recommendation of 

targeted drugs (Doig et al., 2017). CVE was developed as an R package to identify 

drivers and resistance mechanisms, and to assess druggability; however, it lacks 

support for analysis of cancer cohort population (Mock et al., 2017). Most systems 

are not comprehensive and complete systems, focusing instead on fragmentary 

issues, such as NGS data processing and variant annotation, or mining drugs 

relevant to clinical applications.  

Our CGIS platform is a complete software solution that starts at patient sample 

and progresses to clinical report. This system features diverse components 

including sample acquisition, NGS sequencing, NGS data analysis pipeline, 

integration of clinical information (e.g., Electronic Medical Record; EMR), variant 

annotation and prioritizing, mining of targeted drugs, analysis of aberrant 

biological pathways, patient stratification and survival analysis, easy-to-understand 

and interactive report UIs, and a unified monitoring and management system for 

whole analysis processes. 

Table 5 summarizes a comparison of tools for integrating clinical and genomic 
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data in precision oncology. 

 

Table 5. Comparison of tools incorporating clinical and genomic data in precision 

oncology. 

Tool Variant 

annotation 

Targeted 

drugs 

Pathway 

analysis 

Population analysis 

CGIS Oncotator 

(Ramos et al., 

2015) 

O Aberrant 

pathways and 

targeting 

drugs 

Patient stratification 

and survival 

analysis 

PathOS VEP (McLaren 

et al., 2016) 

Manual curation 

X X X 

CVE Oncotator O Co-expression 

network 

X 
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Chapter 4 

 

 

 

Conclusion 

 

 

In this thesis, we have presented two web-based applications: CaPSSA (Cancer 

Patient Stratification and Survival Analysis) for evaluation of putative biomarkers 

and CGIS (Clinical and Genomic Information System) for cancer precision 

medicine. These applications can be used for evaluating biomarker genes based on 

patient stratification and survival analysis, performing evidence-based clinical 

interpretation, reporting genetic variants and relevant therapies, and conducting 

novel analyses such as those of pathway aberration and patient 

stratification/survival. 

CaPSSA was created as part of our integrated clinical and genomic information 

system (CGIS). CaPSSA allows researchers to visually explore how patient 

outcome is associated with molecular signatures. CaPSSA provides a way to 

stratify a patient based on signatures of putative biomarkers, using interactive 

visualizations for multiple data types and cancers. To demonstrate the utility of 

CaPSSA, we applied it in two case studies of patients with TCGA Lung 

Adenocarcinoma. We used CaPSSA to validate the use of prognostic and predictive 
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biomarkers to predict survival outcome, and to assess the agreement of the results 

with previously known tumor biology. CaPSSA can be used throughout the 

duration of a research project, allowing not only a quick survey of markers 

previously reported in major studies, but also hypotheses testing for developing 

patient stratification schemes and molecular biomarkers. 

Our CGIS software was designed for clinicians, seeking an easy-to-understand 

report of genomic analyses of cancer patients. CGIS was also designed for medical 

scientists wishing to explore genomic information to test clinical hypotheses for 

biomarker development and patient stratification. We integrated ample genomic 

information from diverse public resources with manual curation, if necessary. We 

also devised and implemented several novel ideas and tools for investigating the 

roles of variants, exploring population cohorts, patient stratification based on 

genomic data, and drugs targeting particular pathways. 

Both systems can be used in complementary studies, and represent valuable tools 

for cancer research and clinical application. 
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4.1. Availability 

 

 

CGIS and CaPSSA run on web browsers and are freely available without 

restrictions at http://203.255.191.21 and http://203.255.191.21:8080, respectively. 

Although our web applications work in all major web browsers (Internet Explorer, 

Mozilla Firefox, Google Chrome, Safari, Opera), we recommend Google Chrome 

for the most effortless user experience. 

 

http://203.255.191.21/
http://203.255.191.21:8080/
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국문초록 

 

차세대 시퀀싱 (NGS) 기술의 진보 및 가용성 증대는 암 환자의 유전체, 

전사체 및 단백체 변이정보를 활용한 암 정밀의료를 실현하는 데 큰 기

회를 제공한다. 하지만 NGS 데이터 분석결과의 복잡성으로 인해 임상의

사들이 의료 현장에서 환자의 유전체 정보로부터 유전적 변이를 발견 및 

해석하고 그에 상응하는 FDA 승인되었거나 임상시험 중인 약물을 포함

한 적절한 치료법을 제시하는 것은 크나큰 도전이다. 따라서 환자의 유

전체 변이정보를 임상 현장에서 정확하고 실질적으로 활용할 수 있게 의

사결정을 도와주고 여러 가설 테스트를 가능하게 하는 통합 정보 시스템

의 개발이 시급하다. 

무엇보다도, 유전자, Copy number 변이 및 유전자 발현 등 환자의 유전

체 및 전사체에서 일어나는 분자적 변화들은 질병을 진단하고 질병의 예

후를 예측하거나 약물 반응성 및 환자 분류를 위한 중요한 기준이 되는 

분자 표지자 (signature 또는 biomarker)의 역할을 하며, 잘 개발되고 대규

모 환자 군에서 충분하게 검증된 바이오마커를 정립하는 것은 정밀의료

를 구현하는데 필수적인 요소이다. 

많은 연구 그룹에서 환자들의 예후, 생존 및 약물 반응성을 예측하기 

위한 바이오마커를 발굴하기 위한 도구 및 데이터베이스를 개발하였다. 

하지만, 이러한 바이오마커 후보들은 환자들의 유전체 및 전사체에서의 
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시그너처가 환자들의 예후 및 생존 비율을 얼마나 잘 설명할 수 있는 지 

The Cancer Genome Atlas (TCGA)와 같은 여러 암종의 대규모 환자 군에서 

그 가치를 평가할 필요가 있다. 

따라서 우리는 암 정밀의료를 구현의 첫 번째 순서로 바이오마커 후보 

유전자들이 암 환자들을 유전체 및 전사체 변이정보에 기반해 예후 및 

생존의 차이를 보이는 환자 그룹으로 잘 나누는 데 얼마나 적합한지 평

가할 수 있도록 매우 interactive한 가시화 및 분석 도구를 제공하는 웹 

어플리케이션을 개발하였다 (CaPSSA: Cancer Patient Stratification and 

Survival Analysis for evaluation of putative biomarkers). 

이어서, 우리는 차세대시퀀싱 데이터 분석 기반의 유전자 변이정보와 

임상정보를 통합한 임상 의사결정 지원 시스템을 개발하였다. 앞서 개발

한 유전자 변이 프로파일 기반의 환자 분류 도구가 시스템의 일부로 포

함되었으며, 그 외에 환자 임상정보 처리 시스템, 차세대 시퀀싱 데이터 

분석 파이프라인, 유전자 변이 발견 및 annotation 시스템, 생물학적 패스

웨이 분석 시스템, 대규모 환자 cohort 비교 분석 시스템, 유전자-변이-약

물 공개 데이터베이스 및 in-house curation을 통합한 knowledge-base로 구

성되어 있다 (CGIS: Clinical and Genomic Information System for cancer 

precision medicine). 환자의 유전체 변이정보 분석을 통해 나온 분자적 

pathology와 거기에 상응하는 treatment 추천 목록 (FDA 승인 약물, 임상

시험 중에 있는 약물, PubMed 문서검색을 통한 참조)뿐만 아니라, 유전자 

변이가 영향을 주는 생물학적 패스웨이, 환자 분류 및 생존 분석 결과 
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등을 매우 다양하고 interactive한 가시화 화면으로 제공함으로써 임상 의

사들이 환자의 유전적 변이를 정확히 해석하고, 환자의 표적 치료, 즉 정

밀 의료에 환자의 유전적 변이 분석 정보를 최대한 활용할수록 있도록 

도와준다. 

우리의 바이오마커 평가 시스템 (CaPSSA) 및 임상-유전체 통합 의사결

정 지원 시스템 (CGIS)은 환자의 유전적 변이를 기반으로 정밀 (표적) 

치료를 목적으로 하는 임상 의사들뿐만 아니라 유전자, copy number 변이, 

유전자 발현 데이터 기반의 바이오마커 발굴 및 환자 분류를 위한 가설 

테스트를 원하는 의료 과학자들에게도 매우 유용한 시스템이다. 

CGIS (http://203.255.191.21) 및 CaPSSA (http://203.255.191.21:8080)는 웹 

브라우저 상에서 실행되는 웹 어플리케이션이며, 각각의 URL을 통해 아

무런 제한 없이 무료로 제공된다 

 

주요어: 암유전체, 정밀의료, 바이오마커, 환자분류, 생존분석 

학   번: 2016-30126 

http://203.255.191.21/
http://203.255.191.21:8080/
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