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Abstract 

 

Over the course of this project, I demonstrate the utility of a 4-phase analysis pipeline in the 

context of cancer therapy and the associated search for antineoplastic drug candidates. I 

showcase a repeatable means for generating lists of potential targets which may be used in 

conjunction with methods like small molecule screening as part of a search for broadly effective 

antineoplastic agents.  

By using publicly available variant call format (VCF) data sourced from the 1000 genomes 

project, global human population-wide data for non-sex chromosomes was filtered and 

transformed in a 4-phase process to obtain high population frequency, heterozygotic, 

nonsynonymous single nucleotide variants (nsSNVs) residing in functional domains of proteins. 

Through manual filtration combined with software-assisted annotation, I obtained a ranked list of 

50 top scoring annotated variants across the human autosome, all residing in known protein 

domains. Additionally, a single top variant was selected for proof-of-concept structure prediction 

and visualization. 

When the methodology outlined herein is coupled to additional loss-of-heterozygosity (LOH) 

prevalence data across cancer genomes, it may be used to identify candidate variants which 

collectively represent potential loss-of-heterozygosity based collateral lethalities (CL) in the 

underlying cancer. Furthermore, under the assumption that subsequent methods like small 

molecule screening succeed in finding molecule(s) targeting a structural aspect of one of these 

variants, any subsequently developed therapeutic approaches may possess broader therapeutic 

utility dependent upon the strictness of the initial heterozygotic filtering threshold applied at the 

onset of the project pipeline. When combined with additional cancer data, the recreation of such 

gene lists at other degrees of heterozygotic thresholding can allow for the creation of lists of 

autosomal loss-of-heterozygosity gene candidates, representing potential collateral lethality 

targets with varied degrees of utility dependent upon the strictness of the initial filtration 

threshold.  
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Big Data in the World of Cancer: 

Novel Applications in Personalized Cancer Therapy using 

Collateral Lethality 

Popular Science Summary 

By Margus Veanes 

 

As the world continues to develop and further ease access to technology and resources, the data 

world is similarly undergoing a parallel revolution in scale and efficiency. With buzzwords like 

‘Big Data’ and ‘Machine Learning’ now commonplace, the world has become a place where a 

modern desktop computer of 2020 can easily perform the computational equivalent of a large 

server room of only a couple decades prior. In the context of oncogenomics and cancer therapy 

more specifically, this revolution has heralded unprecedented access to worldwide genome and 

cancer data. Coupling of this data creates the foundation for the potential discovery of broadly 

applicable chemotherapy treatments. 

Before we get into specifics, it would be useful to note that in the context of cancer research, a 

collateral lethality (CL) is defined as a targetable susceptibility in a cancer which arises as a 

product of deleted passenger genes. These so called ‘passenger genes’ are genes which are 

deleted simply due to their proximity to deletion events in tumor suppressor genes during cancer 

development.  

In oncogenomics, the targeting of a collateral lethality due to passenger gene deletion has several 

non-obvious advantages in the context of personalized cancer therapy. Firstly, since passenger 

genes do not play an active role in tumorigenesis, they can encompass a much wider variety of 

cellular functions than those specific to oncogenes/tumor suppressor genes. Secondly, since the 

passenger gene deletion and resulting collateral lethality are unique to the cancer cells, small 

molecule screening may be useful in identifying molecules for highly specific chemotherapy 

treatments. Thirdly, when coupling collateral lethality data with publicly available human 

genome data, it becomes possible to catalogue common population wide non-synonymous 

nucleotide variants with targetable effects in functional domains of the passenger genes 

identified through associated cancer data. Put simply, by identifying heterozygous, population 

wide, nonsynonymous single nucleotide variations (nsSNVs) residing in functional domains of 

proteins found to be passenger deleted in cancer data, we can effectively develop a repeatable 

pipeline which could lay the foundation for simplifying the subsequent discovery of potential 

targets for anticancer therapy development.  

Degree Project E in Bioinformatics (1MB830), 2020 

Examensarbete i Bioinformatik 30 hp till masterexamen, 2020  

Biology Education Centre and the Rudbeck Laboratory 

Supervisor: Tobias Sjöblom 
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Glossary 

Antineoplastic Used in reference to molecular agents with anticancer properties. 

Autosome/Autosomal Referring to all non sex chromosomes. In the context of this project, this 

refers to the 22 autosomal chromosomes in humans, specifically excluding the X and Y 

allosomes.  

Carcinogenesis Referring to the onset of cancer formation. 

Collateral Lethality (CL) A sub-case of synthetic lethality (death when gene lost), where lost 

passenger genes (not oncogenes or tumor suppressor genes) serve as molecular targets for 

therapeutic approaches in personalized cancer therapy. 

Loss of Heterozygosity (LOH) In the context of oncogenomics in a heterozygotic diploid 

genome, this refers to the loss of a functional variant in a tumor suppressor gene. The loss aspect 

is in reference to the fact the genome loses heterozygosity, becoming homozygous for non-

functional variants of the tumor suppressor gene in question.  

Oncogene Genes which cause cancer when activated by mutations to the proto-oncogene. 

Passenger genes These are genes which are deleted due to their proximity to deleted tumor 

suppressor genes. 

Tumor Suppressor Genes (TSGs) Genes which cause cancer when inactivated or deleted. 

Tumorigenesis Referring to the formation of tumorous tissues. This is the precursor to 

carcinogenesis. 
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Acronyms 

1000G  The 1000 Genomes Project 

CCDS  Consensus Coding Sequence  

CDS      Coding Sequence 

CL  Collateral Lethality 

CRC  Colorectal Cancer 

LOH  Loss of Heterozygosity  

NS  Non-Synonymous  

nsSNV  Non-Synonymous Single-Nucleotide Variant 

SMS   Small Molecule Screening 

SNV  Single-Nucleotide Variant 

TSG  Tumor Suppressor Gene 

VCF  Variant Call Format 
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1. Background and Introduction 

 
1.1 Background 

 

Alongside the chaotic deletions and rearrangements that occur during early 

carcinogenesis, an artifact related to tumorigenesis is the phenomenon of 

passenger-deleted genes. The ‘shotgun’ like approach with which cancer deletes 

tumor suppressor genes (TSGs) often means that innocent casualties in the form 

of passenger deleted genes are lost. Generally, the end result of this is that cancer 

cells are deficient in allelic variation when compared to normal cells. 

 

This comparative reduction in genetic diversity in cancer cells has several non-

obvious implications: Firstly, when passenger deleted genes are lost in a 

heterozygotic context the cancer is assumed to have deleted one of its two alleles. 

What this dynamic creates is a differential in protein production in cancer cells 

compared to normal cells. Namely, while normal heterozygotic cells are 

producing both allelic variants, the cancer will have deleted one variant through 

passenger deletion, meaning its expression profile will include only one of the 

allelic products. This process is collectively referred to as a loss of heterozygosity 

event (LOH) in cancer. 

 

To summarize, the deletion of tumor suppressor genes is one of the main drivers 

of carcinogenesis. When these deletion events take place across the affected 

genome, casualties in the form of passenger deleted genes often leave the 

potential for targetable vulnerabilities in that cancer. These vulnerabilities are 

collectively referred to as collateral lethalities and are one of many classes of 

targetable features in cancer which are central in the search for novel 

antineoplastic drug candidates and resultant chemotherapeutic approaches.  
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1.2 Introduction 

 
The appeal in identifying and targeting collateral lethalities identified through loss 

of heterozygosity events in cancer is multifaceted. Firstly, by focusing on LOH as 

a means of selectively targeting cancer cells, we ensure minimization of off target 

effects in non-cancerous cells. Secondly, passenger deleted genes are much more 

diverse in their roles compared to tumor suppressor genes, meaning these genes 

encompass a far greater range of potential functions, thereby also offering a 

greater potential for molecular targetability. Thirdly, the analysis pipeline has 

broad applications for drug discovery in cancers with few currently available 

therapies as the heterozygotic filtering performed herein serves to help ensure 

broader therapeutic applications. 
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Combining the dynamics explained above with population wide variation data 

leads to a clear justification for applying a heterozygosity threshold as an initial 

basis for data filtration. This is because in the context of any therapy developed 

upon an LOH based target, the degree of population-wide heterozygosity of that 

targeted variant will directly determine how widely applicable the developed 

treatments will be. Therefore, when working to identify LOH type collateral 

lethalities, their effectiveness as a basis for treating instances of cancer relates 

directly back to their population frequency. As such, although homozygotes are 

unable to benefit from any such treatments due to their lack of heterozygosity, the 

justification for pursuing LOH based treatments is also partially due to the novelty 

of the approach and its potential for use in cancers with few current treatment 

options.  

 

To this end a recent 2020 publication in Nature Communications by Rendo and 

colleagues has offered insight into the utility of LOH as a means of achieving 

collateral lethality in colorectal cancer. Their findings, which were based upon the 

phase 2 data release of the 1000 genomes project, showcase an LOH based 

approach to systematic target identification and small molecule discovery to 

achieve collateral lethality in colorectal cancer cells subject to LOH in the drug 

metabolizing enzyme N-acetyltransferase 2 (NAT2) at 8p22. Their publication 

was among the first to outline such an approach, with only one recent publication 

showcasing similar methodology.[23] Few prior publications exist for these 

approaches, with Rendo and colleagues focusing on a low molecular weight drug 

exploiting LOH in colorectal cancer specifically. [1] As these publications are 

first-in-class and given that collateral lethality strategies are now gaining traction, 

further exploration of the LOH-based approach is expected to be met with high 

interest from the scientific community. 

 

1.3 Aim 

 

The overarching aim of this project is to further demonstrate the utility of loss of 

heterozygosity (LOH) as a novel means for achieving collateral lethality (CL) in 

the context of cancer research. This will be achieved through the manual curation 

and annotation of a list of high population frequency, heterozygotic, nsSNVs 

which will serve as candidates suited for further evaluation as potential targets for 

achieving CL in various cancers. These candidate variants will be evaluated and 

ranked in terms of their likely effectiveness as potential targets for achieving 

collateral lethality through comparisons of their population frequency, scoring 

criteria, as well as structural features.    
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2. Materials and Methods  
1.1 Phase 0 – Data and Preparation 

Phase 0 was focused primarily on preparation, familiarization, and planning. This 

initial phase involved familiarization with the input data source, the associated file 

type(s), selection of an appropriate platform, and other such aspects of 

preliminary planning. Phase 0 established the foundation for the 4-phase pipeline 

which was subsequently used. For an overview of each of the 4 phases see figure 

2 below for a summary of key features across each individual phase. 

 

i. 1000 Genome Project data overview 

The 1000 Genomes project was started in 2008 with the goal of creating the world’s 

largest public database for features of global human genetic variation. The project lasted 
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from 2008 to 2015, encompassing three distinct phases of data releases referred to as 

phase 1, 2, and 3 respectively. The third and final dataset was released in 2015. These 

phases are not to be confused with the 4 phases described for the project pipeline. 

The analysis pipeline developed for this project utilizes the most recent phase 3 release as 

the initial input data. The data is binary encoded, containing genetic information in a 

standardized VCF format which is explained in further detail below. 

The main differences in the 1000G phased dataset releases is the number of individuals 

contained within the dataset. The phase 1 release included 1092 individuals, the phase 2 

release contained approximately 1700, and the final phase 3 release contains 2504. 

Additionally, features like coverage and quality increased from phase to phase, related 

directly to parallel advances in sequencing technology which occurred during the 1000 

genomes project.[2] Through familiarization with this dataset, a 4-phase pipeline was 

developed. 
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ii. VCF 4.1 file format specifications 

The Variant Call Format (VCF) is a text file format specification developed specifically 

for storing genetic variation information in Bioinformatics. The general structure of a 

VCF includes meta-information containing lines, a header line, and subsequent data lines 

which contain positional genome information. [3]  

iii. WSL: Ubuntu 20.04 
Windows subsystem for Linux was used as the primary platform to install and run all 

programmatic and software-oriented aspects of the project. All programmatic aspects of 

the project were executed directly in the terminal, either as standalone commands or as 

bash scripts. 

 

1.2 Phase 1 – Primary Filtration 

With preparatory aspects completed, the first phase of the analysis pipeline 

involved establishing a heterozygosity-based filtering threshold for the phase 0 

input data. After discussion, it was determined that an appropriate filtering 

threshold would be set at a minimum of 10% sample heterozygosity. This 

decision was based in the fact that the initial work performed by Rendo and 

colleagues [1] had already performed such filtering at 5%. This stricter threshold 

has the added benefit of ensuring final results with broader therapeutic potential 

due to their higher expected population frequencies.  

i. Python3 
Python was used as the primary means by which initial heterozygosity thresholding was 

applied to the raw 1000 genomes input data. Variants were analyzed line by line, with 

thresholding applied at a sample level. This was the most computationally intensive 

phase, with time on the order of weeks being required to finish the line-by-line analysis 

for all autosomal chromosomes. Programmatically, each line of the VCF was individually 

analyzed for degree of heterozygosity using the following basic approach: 

 

Deghet= nrHet/(nrHet+nrHom) 

 

Where Deghet represents the proportional heterozygosity of the sample population at that 

variant position. Since VCF variant encoding is binary, all haplotypes are encoded in 

binary format where 1/0 or 0/1 are taken to be heterozygotic, and 1/1 or 0/0 the 

homozygotic counterparts. [3] Since the data contains 2504 individuals, their variant state 

in one of these 4 states was collectively analyzed line by line, writing only to output the 

lines which exceed the set threshold of 0.1 or 10% sample heterozygosity. 

 

The equivalent of what was described above was achieved programmatically in python 

through the use of 3 existing packages: vcf, gzip, and io. Through functions included in 
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these packages, VCF manipulation was greatly simplified. These packages allowed 

gzipped input in the form of raw 1000 genomes data to be decoded line by line, allowing 

for the calculation of the degree of heterozygosity using functions built into the VCF 

package. A short overview of the core programmatic loop applied to achieve the desired 

filtration is seen here.  

 

1.3 Phase 2 – Annotation 

The second phase of the project focused on the annotation of the filtered output 

from phase 1. Annotation served the purpose of transitioning the data from 

filtered genomic level information, to annotated transcriptomic level information. 

The robust nature of the annotation software used meant that it included 

additional data from a wide range of clinical sources in addition to providing the 

desired annotations. Additionally, the use of and reliance on predictive methods 

like CADD scoring metrics has intrinsic disadvantages in that they are based in 

advanced theory and must therefore have their validity confirmed through wet-lab 

type laboratory experiments. 

i. SnpEff 
SnpEff is a command line utility developed for use in Linux as a variant annotation and 

effect prediction tool. As summarized in the documentation for the tool, SnpEff can range 

from providing simple empirical annotations from clinical databases (including 1000G), 

all the way to complex annotations like CADD scores which are calculated 

computationally via complex predictive methods. [7] The only parameter that needed to 

be specified for use with the input data was the reference genome, which in the case of 

the 1000G data is grch37.75, not the newest currently available version which at the time 

of writing is grch38. 
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ii. dbNSFP 

The dbNSFP is a databased specifically developed for annotation and functional 

prediction for all non-synonymous single nucleotide variants across the entire human 

genome. [5] This is one of the many databases that the SnpEff software provides 

annotations from.  

 

1.4 Phase 3 – Secondary Filtration 
The data from the prior phase was directly fed into additional filtration software, 

allowing for the transition from transcriptomic to proteomic level information. 

The primary purpose of this phase involved the secondary filtration of the 

heterozygotic-thresholded and annotated data from the prior phase. It was decided 

that by ensuring certain annotation features were present like domain level 

annotation in selected variants, it would help better ensure ligand accessible 

variants. The reality is that variants residing on a protein interior or other such 

obscured positions have severely limited utility as potential targets for 

antineoplastic agents. Furthermore, due to a surprising lack of domain level 

annotation for most variants, CADD scores were additionally employed as a 

means to rank variants in terms of utility in the absence of domain level 

information.  

 

i. SnpSift 

SnpSift is a utility developed to work in parallel with the annotations provided by SnpEff. 

While SnpEff provides the desired annotation, SnpSift allows for further data filtration 

based on limitless combinations of logical expressions which can be used to selectively 

filter for VCF variants fulfilling the specified annotation requirements. [8] Specifically, 

the filter function built into SnpSift was used after annotation to select variants with 

domain labeling and/or CADD score labeling.  

ii. CADD 
Developed at the University of Washington, Combined Annotation Dependent Depletion, 

also known as CADD refers to a tool which is used to predict the deleteriousness of 

variants. This prediction is achieved through the combination and integration of various 

annotations including conservational and functional information. The end result is a 

ranking score, with higher values corresponding to higher predicted deleteriousness. [12] 

Due to the complex and integrative nature by which CADD scores are calculated, it was 

selected as an effective means of ranking phase 2 variants.  
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iii.  GatK 

GatK was a software utility used to automate the tabularization of various data. In the 

context of this project, GatK was used as a convenient means of tabularizing a specific 

subset of otherwise overabundant variant annotations. [9] It was used to create a smaller 

tabularized subset of the annotations which remained following phase 3 filtration, seen as 

table 1 and 2 in the results section.  

1.5 Phase 4 – Analysis 
The final phase of the project focused on non-aggregate, individual variant level 

analysis. Comparative ranking of variants was achieved through the use of CADD 

scores. With ranking variant completed, phase 4 focused on structure visualization 

and analysis through the use of structure prediction software in addition to 

structure visualization software.  

 

i. NCBI 

The National Center for Biotechnology Information (NCBI) served as the primary source 

for all protein sequences in FASTA format. Gene names from the list of top CADD 

candidates with known domain level annotation were selected for their associated protein 

sequence. [4] 

ii. SWISS-MODEL 

SWISS-MODEL is a homology-based structure prediction method which uses known 

structures or high confidence modeled structures to generate best fit structures on the 

basis of shared sequence similarity. [10] Only proteins with domain level annotation were 

selected for structure visualization, with KCTD2 being one such top variant. 

iii. UCSF Chimera 
This tool developed at the University of California at San Francisco provided a means by 

which to visualize protein structures including nsSNV changes. Additionally, the 

software allowed for direct impact analysis of the Phase 4 nsSNVs through interactivity 

zone highlighting and rotameric visualization at the site of the variant. [11] 

 

iv. UniprotKB 

Uniprot is a database containing both manually curated and computationally analyzed 

protein data. [6] It was mainly used as a reference for features associated with variants, 

including information like whether individual genes had existing crystal structure data. 
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3. Results 
 

Each phase of the analysis pipeline had distinct results which fed directly into the 

subsequent phase, with figure 5 providing a visualized overview these outputs across 

each phase. Initial analysis of the input data showed that it contained 81,271,745 

SNVs spread across the autosome in 2504 individuals. The phase 1 heterozygosity 

thresholding process left ~9% remaining of the input SNVs. Phase 2 aggregate 

analysis showed that after software assisted annotation, approximately 0.7% of the 

SNVs were found to be transcriptomic via mapping to the respective consensus CDS. 

Aggregate analysis also indicated that these SNVs were spread across 11,650 unique 

genes. Phase 3 proteomic filtration further shrunk the annotated SNVs of phase 3 into 

a more manageable 19,699 nsSNVs which were known to be proteomic and 

nonsynonymous in nature. Finally, phase 4 isolation of variants with existing domain 

annotation left 4,728 variants across the autosome. Of these variants, top variants 

across each chromosome were selected on basis of existing domain annotation in 

addition to their CADD score, leaving 50 top scoring variants across 22 

chromosomes, one of which was selected for structure prediction and visualization. 

More specific information regarding the output of each individual phase can be found 

in their corresponding sections below. 
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2.1 Phase 1 
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Phase 1 involved the primary filtration of variants meeting a 10% sample 

heterozygosity threshold as described in more detail in the materials and methods 

section. Since phase 1 was the starting point for the pipeline, no critical analysis 

was performed beyond aggregate examination of basic features. As is to be 

expected, the largest of the chromosomes contain more variants compared to their 

shorter counterparts. Additionally, the output of phase 1 was analyzed in 

aggregate form for several summary statistics; Each chromosome had its initial 

variant counts compared to the number that remained after filtration. With 

reference to Figure 6 it should be noted that chromosomes 5, 21, and 22 had 

approximately half as many variants which met the filtering threshold. Since 

thresholding was performed on a variant by variant, or line by line basis in python 

as seen in figure 4, these differences are thought to be possible artifacts related to 

underlying biological factors.  

 

2.2 Phase 2 
The primary focus of phase 2 was the successful annotation of the phase 1 filtered 

variants. As such, an in-depth analysis at this stage was not the primary focus. 

Aggregate analysis was once again performed for basic features like 

transcriptomic SNV counts and unique gene ID counts. For a more detailed 

statistical overview of the results of phase 2 annotation please refer to the 

supplementary figures 1-6 in the appendix.  
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At this point we see largely the same trend that was identified in phase 1, namely that the larger 

chromosomes tend to have more genes thereby possessing more transcriptomic SNVs as well. It 

should be noted that chromosome 19 does not fit this trend, as it is second largest both in terms 

of transcriptomic SNVs as well as unique Gene IDs while being the one of the smallest in size. 

For a numerical overview of the transcriptomic SNV counts and unique Gene ID counts per 

chromosome please refer to figure 7A. For an overview of data retention from phase 1 to 2 in 

terms of percentage of SNVs retained relative to the starting total per chromosome please see 

figure 7B. Additionally, symmetry in the peaks and valleys of the retention landscape as seen in 

Figure 7B indicate a consistent rate of variant retention across phases. The differing landscape 

across chromosomes are likely attributable to various underlying biological mechanisms 

responsible for differentiating heterozygotic richness across the autosome, potentially including 

factors like differing degrees of conservation or strength of purifying selection across genomic 

regions. 

2.3 Phase 3 
The goal of phase 3 was the further filtration of the annotated phase 2 SNVs 

meeting a desired set of annotation criterium. Namely, the desired annotation 

criterium for these SNVs included being annotated as a missense variant 

(nsSNV), having CADD score estimates, and protein domain information. 

Exclusive focus on missense type mutations was performed in order to reduce 

data dimensionality and increase manageability. It should be noted that additional 

mutation classes like nonsense mutations are also of very high clinical value and 

should be included in related future research. [1] 

With reference to table 1, it turned out that annotation containing domain level 

information was relatively sparce, with only approximately 20% of annotated 

nsSNVs possessing corresponding domain labels. This does not mean variants 

lacking domain annotation were not in functional domains. The reality is that 

current knowledge of protein domains is limited and growing day by day, 

meaning future pipeline results may yield a higher degree of success. With this in 

mind and considering other factors, CADD scores were chosen to serve as the 

primary means of variant ranking. 
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With the desired annotations obtained through phase 3 filtration, top variants were selected for 

inclusion in phase 4 analysis. 50 top variants were selected across the autosome solely on the 

basis of domain annotation and their CADD score. Alongside their domain annotation and 

CADD scores, all top variants showcase a select subset of additional relevant annotations which 

can be viewed in more detail in table 2 below. Excluding domain annotation considerations, it 

should be noted that chromosomes 19, 17, 7, and 6 all possessed multiple variants with 

equivalent top scores, all other chromosomes had single variants with the highest CADD score 

value. 
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The retention of NAT2 variants across the analysis pipeline served as a data consistency check 

with reference to the prior findings discussed in the introduction. [1] As highlighted in green in 

table 3, the control variant with the highest predicted CADD score also coincidentally was the 

variant which served as the basis for drug discovery in the findings of Rendo and colleagues. [1] 

This served as validation for the effectiveness of CADD as a reliable scoring metric. 

Comparatively with reference to table 2 and 3, the highest CADD score in control variants was 

21.9, with the score in the top 50 variants being 33 at its highest and 27.8 at its lowest.  

Table 3 additionally included a column denoting the degree of vertebrate genomic conservation 

for the NAT2 control variants. This additional column was included solely for discussion 

purposes and to illustrate the comprehensiveness of annotation while also demonstrating the 

open-ended nature of data analysis. 
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2.4 Phase 4 
 

Phase 4 focused on software assisted structural analysis of the chosen top variant 

in the chromosome 17 gene KCTD2. Recent findings implicating this gene 

specifically in colorectal cancer served as the main basis for the selection of this 

variant for visualization. [14,15] 

 



31 
 

With variant ranking achieved via CADD score values, the top 50 variants were analyzed. It was 

determined that the chromosome 17 top variant in the KCTD2 had prevalent tissue localization 

[6] in addition to having publications associating it with CRC, but none which directly studied its 

structural implications. [14, 15] As such, structural analysis was performed for the Chr 17 top 

variant using SwissModel homology-based structure prediction as seen in greater detail in figure 

8. The reference protein sequence for KCTD2 was obtained directly from NCBI. [4] The rotamer 

tool built into the Chimera visualization software included the Dunbrak 2010 rotamer library was 

used to showcase rotamertic conformations of that variant with >5% probability. [11] 

 

With reference to figure 8B, the top variant itself is highlighted in green while the yellow 

highlights account for any neighboring amino acids with interactivity potential with the 

identified variant. Structural highlighting in yellow was performed for any residues within a 

standard 5 angstrom distance of the identified variant in order to account for potential 

interactions. Although residue interactions may occur at far greater distances, apriori knowledge 

about the side chain lengths of amino acids served as the basis for the 5-angstrom highlighting 

window. [24] 

 

In terms of structural consequences, it should be noted that a missense change from glycine to 

valine occurred at site 167 in the protein chain for KCTD2. The consequences of such a change 

include a replacing a simple side chain with a more sterically hindered one. Specifically, the gain 

of a propyl group on the side chain would have likely structural consequences for the alpha 

helical formation in which the variant resides. Furthermore, the position of the variant on an 

outer surface of the protein is beneficial in the context ligand binding and its potential in 

subsequent small molecule screening. Additionally, the pentameric quaternary structure of 

KCTD2 should be noted for its additional structural implications in this context. 
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4. Discussion 

 
Focusing on LOH based collateral lethality in cancer has several non-obvious 

advantages in the context of cancer therapy. Firstly, since passenger genes do not 

necessarily play an active role in tumorigenesis, they can encompass a much wider 

variety of cellular functions than those specific to oncogenes or tumor suppressor 

genes. Secondly, since passenger gene deletion and resulting collateral lethality are 

unique to the cancer genome, small molecule screening may be more likely to yield 

molecules for chemotherapy treatments with reduced off-target effects.  

 

Furthermore, while the inclusion of NAT2 variants in phase 4 analysis primarily 

served as an integrity check for the analysis pipeline itself, NAT2 variants were 

additionally coupled to vertebrate conservation data as a toy concept. While 

interspecies conservation may not seem like the most appropriate feature to consider, 

it was intended to demonstrate the potential for future iterations to find connections in 

as of yet undiscovered or nonobvious areas. Data science is open ended by nature 

meaning that it is often left entirely up to the discretion of the data scientist to curate 

and determine which aspects of the data are import for subsequent analysis. This fact 

combined with the robust nature of the utilized annotation software and related 

databases mean that potentially useful data was unintentionally disregarded due to 

scope and time limitations. Additionally, considering apriori knowledge about tissue 

localization and their implications in cancer, top variants in TOP3B, ILF3, ULK3 

were also considered to be of high interest, but were excluded from phase 4 structural 

analysis due to time constraints. [6]  

 

It should be noted that CADD scoring is a predictive computational method and 

therefore is entirely reliant upon subsequent wet-lab experiments in order to confirm 

the validity of its underling predictions. However, given that a recent publication has 

demonstrated this coupling through their identification of an antineoplastic agent 

based specifically on these NAT2 variants [1] and considering that all 50 top variants 

identified herein had higher comparative CADD scores, there may be similar clinical 

value in these top variants as well. All top 50 variants when compared to the NAT2 

variants were of higher comparative CADD scores, ranging from a minimum of 

~27% higher CADD scoring on the bottom end, to a maximum difference of ~50% 

higher CADD scoring on the top end of the top variants in table 2.  

 

An additional consideration revolves around the as of yet nonexistent ab-initio 

methods for protein structure modeling. While ongoing advances are promising in 

this regard, even leading projects like google DeepMind are still in their infancy. [25] 

Proteins are dynamic and complex structures that never actually rest in any single 

conformation or steady state. This is related to the thermodynamic nature of the 

cellular environment, where shifts in temperature and available energy are in constant 
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flux. What this means is that even the smallest of proteins will undergo bond 

rotations, stretching, and other such forces on a constant basis in the cellular 

environment. Therefore, until such a time that protein structures can be fully modeled 

in a simulated environment, analysis based upon crystal structures or similar structure 

prediction methods will be somewhat limited in utility. 

 

5. Conclusion 
 

The appeal in identifying and targeting collateral lethalities identified through loss of 

heterozygosity events in cancer is multifaceted. Firstly, by focusing on LOH as a 

means of selectively targeting cancer cells, we ensure minimization of off target 

effects in cells of normal genotype. Secondly, passenger deleted genes are much more 

diverse in their roles compared to tumor suppressor genes, meaning these genes 

encompass a far greater range of potential functions, thereby also offering a greater 

potential for molecular targetability. Thirdly, the analysis pipeline has broad 

applications for drug discovery in cancers with few currently available therapies as 

the primary heterozygotic filtration performed initially serves to help ensure broader 

therapeutic applications.   
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Appendix

Supplementary Figure 1. A select sample of aggregate statistics generated by SnpEff for chromosomes 

1-4, summarizing their respective phase 2 annotation. 
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Supplementary Figure 2. A select sample of aggregate statistics generated by SnpEff for chromosomes 

5-8, summarizing their respective phase 2 annotation. 
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Supplementary Figure 3. A select sample of aggregate statistics generated by SnpEff for chromosomes 

9-12, summarizing their respective phase 2 annotation. 
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Supplementary Figure 4. A select sample of aggregate statistics generated by SnpEff for chromosomes 

13-16, summarizing their respective phase 2 annotation. 
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Supplementary Figure 5. A select sample of aggregate statistics generated by SnpEff for chromosomes 

17-20, summarizing their respective phase 2 annotation. 
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Supplementary Figure 6. A select sample of aggregate statistics generated by SnpEff for chromosomes 

21-22, summarizing their respective phase 2 annotation. 


