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Abstract 

Cancer is a relatively common disease. This study investigated the hypothesis that 

mutation rates are higher in genes that can influence the onset of cancer when mutated 

than in genes that do not, rather than the prevailing assumption that risk genes mutate at 

relatively comparable rates as other genes. It is understood that cancer cells have more 

mutations, partly because they divide more often and confer cellular fitness, which 

introduces more opportunities for replication errors. However, what remained unknown 

was that there is a difference between oncogenes (or cancer “risk genes”) and non-risk 

genes. The assumption is that people generally have an age-related rate of mutation 

across the genome. It may differ according to a number of variables but not according to 

these gene groups. In this study, mutations in white United States populations, generated 

from pre-harvested health records data, were examined according to grouping: cancer-

related genes or control genes. Four different cancer types were studied, forming a total 

of 600 patients. The cancers were from breast, uterine, prostate and ovarian sites. A total 

of 28 genes chosen at random were explored. The results revealed that risk genes 

averaged more mutations per nucleotide than control genes, that is: more genes bore at 

least one mutation, and more mutations were borne per gene, when it came to risk genes. 

Risk genes were between 2.07 and 2.41 times more likely to mutate than the control 

genes. Uterine cancer was associated with more volatile genomes than other cancers in 

this study, but the trends were consistent in uterine cancer as well. The results suggest 

that there is at least one pre-aetiology: one that favors mutations in risk genes to account 



for the apparent “carcino-specificity.” Where it once was thought of as “mutation(s)” lead 

to “cancer,” for cancers deemed to be a result of replication errors, it is more likely “pre-

aetiology” leads to “mutation(s)” which lead to “cancer,” as a minimum of steps that lead 

to these genetic cancers. Perhaps the “pre-aetiology,” whether exogenous or intrinsic, of 

physical mechanism or abstract reality, once identified, could be medically or 

metaphysically manipulated to mimic the fewer mutations of the non-cancer-risk genes as 

a solution to high cancer rates in the population.
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Chapter 1. 

Introduction 

Background 

“Where did the apple come from?” asked the wise grandpa to his young 

granddaughter.  

“It fell from that tree in our backyard,” answered the girl.  

“No,” said Grandpa. “I planted the tree, then the tree grew, then the apple grew, 

then the apple fell from that tree in your backyard. In fact, a lot happened before I planted 

the tree.”  

“Oh,” said the girl now apprised of this golden nugget of information. For the first 

time she was embarking upon the notion that everything starts from somewhere. Some 

causes are more aptly described as co-causes or “co-aetiologies.” 

I seldom find there is anything without cause outside of “the alpha” itself. In this 

vein, even causes have causes. In nature, many phenomena seem to consist within a chain 

of causes and effects rather than result from one cause. So too, more than we have 

previously acknowledged, it looks like somatic cancer does.  

Genes are made up of DNA nucleotide molecules strung together. These 

nucleotides have letter abbreviations. A mutation changes a gene sequence. So when a 

sequence within a gene of -CGATCCGTA- becomes  -CGATCTGTA- a mutation has 

occurred. This mutation can contribute to the development of tumors. All cancers are 

believed to involve mutations. One way of introducing mutations into the genome is 
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when DNA is copied (or replicated), but not done so correctly, and when this is not fixed 

by DNA repair enzymes.  

The development of tumors is, in many cases, supported by a collection of tumor-

feeding mutations. Thus, all cancers may be said to be at least partially genetic in nature. 

However, people tend to refer to the cancers caused by known extrinsic factors as 

“environmental” and the rest as “genetic.” The prevailing understanding of cancer’s 

aetiology is that it is one of two things. Either it is chiefly a result of an interplay between 

environmental factors, abstract entities and genes. Or, it is chiefly a result of DNA 

replication errors in those genes, considered to be a natural process of aging. One tends to 

classify most cancers as the latter. The majority of cancers are believed to largely 

originate from replication errors that occur at random. In fact, Tomasetti and Vogelstein 

reported that variation in cancer risk between tissues was mostly due to replication errors, 

in the ratio of two thirds replication errors to one third environmental or abstract 

(Tomasetti & Vogelstein, 2015). 

This study attempts to illustrate that cancers must result from an interplay 

between environmental factors, physical factors, abstract entities (like stress, energy and 

emotions), and genes significantly more often than one third of the time, because of their 

patterns of mutations between gene groups. There are patterns other than age and they are 

not random. This study propels the notion that many of the mutations we think of as 

random errors are to be considered consequences among multiple co-aetiologies. The 

mutations are not the first event of causality—some pre-aetiology exists, a mutational 

pressure exists that distinguishes “gene role or gene group,” is a better determinant of 

mutation than age, and precedes  or pre-determines the mutational event. 
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By using health records data to compute mutation frequencies, this study shows 

that mutation rates of risk genes are different than those of non-risk genes that I referred 

to as "control" genes. The mutation process is selective. This cannot be attributed to 

random replication errors.  

It seems there was a time when cancer prevalence was not as high as it is today. 

However, cancer has very quickly become relatively high. Cancer was the second leading 

cause of deaths after heart disease in the United States in 2019 (Richardson, et al., 2021). 

1 in 3 men and 1 in 2 women are expected to be diagnosed with cancer at some point in 

their lives (Whiteman, 2015). Interestingly still, there is debate over whether the 

incidence of cancer has really risen at any point or whether its incidence is steady. The 

belief that cancer is steady is due to the notion this study attempts to dispel. The notion 

that cancer increases with age and not with anything else suggests that there are no 

patterns to be found outside of age. However, this research shows that there are patterns 

outside of age in how often risk gene mutations occur.  

The popular opinion is that somatic, genetic cancer happens as a malfunction of 

genetic machinery and any appearance of significant increase is said to be due to rising 

life expectancies that increase the likelihood for these malfunctions (such as prostate 

cancer). The notion behind this is that the longer a person lives, the greater the chances of 

acquiring mutations, including cancer-relevant mutations. Due to a lack of 

comprehensive, non-patient, and older data, there is a gap in research that would tell us 

whether cancer was increasing by more than genetic machinery malfunctions. At the 

same time, whether it is the case makes a big difference to further elucidating cancer 

aetiologies. 
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To date, researchers have identified many molecular and biochemical mechanisms 

behind genetic cancer but the question as to whether the mechanisms go awry for some 

other reason has yet to be answered. Do they just go awry by themselves or does 

something trigger this? We know mutations are part of the aetiology picture, but could 

the mutations arise from a form of stress, a microbe or other factor that gets the best of 

the immune system? There is a body of research investigating whether viruses are 

causing tumor-associated mutations. This study presents the numbers that support the 

idea that a cause triggers the mutations. It will show that cancer can increase in the way 

popular opinion dispels. 

The study attempts to use pre-harvested health records data from a database of 

genomics data. A careful analysis of genomics data should prove to be efficient at 

revealing even slight trends because the large datasets can strengthen results by their 

breadth while key features allow for strengthening the data drawn. Tsui et al. (2019) 

published an extensive analysis of the use of pre-harvested public health records data 

such as that used for this study and they stressed the conclusion that a number of the 

anticipated weaknesses of using such pre-harvested data are, in execution, minimally 

problematic (Tsui et al., 2019). For example, simple filters on coverage or allelic fraction 

should be sufficient to control for the problem of inconsistency between the different 

alignment tools that are used to generate the data (Tsui, 2019). This study used such 

filters: filters on age, race and gender were used. Overall, Tsui et al. mentioned that, 

“Estimates of allelic fraction should be fairly consistent regardless of the specific 

alignment tool” (Tsui, 2019).   
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Building a Hypothesis 

 

There is some evidence of cancer existing in the earliest societies we can study, 

but some researchers have suggested it was very rare until recently. A very small fraction 

of mummies from Ancient Egypt show evidence of cancer (David & Zimmerman, 2010). 

There has been at least the appearance of increase in cancer over short periods (Bodelon 

et al., 2009; Chen, et al,, 2009; Huyghe, et al., 2003). The apparent increase is said to be a 

result of a few things not related to the environment. One is, it “is due to calculation 

methods” (Jones, 2015). As already stated, another reason is there are better methods of 

diagnosis now, resulting in less false negatives and more true positives. Another is 

because “most of us are living longer” (Jones, 2015). The popular Science Blog at Cancer 

Search UK says, “More than three-quarters of all people diagnosed with cancer in the UK 

are over the age of 60” (Jones, 2015). The access to largescale genomic databases such as 

TCGA and others opens the door for more hypotheses to be tested. They can interrogate 

the cell with great depth and at various levels of genomic information from DNA to 

mRNA, and from proteins to pathways. Important data can be computed cost-efficiently 

and in a timely manner, while the databases can be canvassed for very specific data. 

Previous Study 

While references to “pre-aetiologies” are recent, we have acknowledged them in 

some form before. Interestingly, back in 1911, a researcher by the name of Peyton Rous 

discovered that viruses were responsible for a sarcoma in chickens (Rous, 1911). After 

dissecting chicken muscle tissue from chickens with cancer, and filtering for only virus-

sized particles, Rous found that those particles were using an enzyme they encoded to 
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insert risk alleles into chicken genomes and the risk alleles were causing uncontrolled cell 

divisions (Weinberg, 2013). The viruses were inserting the mutations. Thus, the viruses 

were a pre-aetiology and the cancer, though genetic, was not purely genetic. The cancer 

could spread just by introducing virus-infected matter into a healthy organism (Weinberg, 

2013). Rous proved that microbes in the environment could cause cancer, and not just by 

the means accepted today for environmental cancers, which are typically via affecting the 

immune system, inducing higher replications or via interacting with already translated 

gene products, but by introducing specific mutations into the sufferer’s genome. 

Twentieth century population genetics brought along single site analyses that 

predicted the incidence of mutations at one independent site (Kimura 1962; Kimura & 

Ohta, 1969a,b; Crow & Kimura, 1970). Thus, the idea formed that mutation rates were 

not global, but differed per site. In 1996, a study by Tomlinson et al. confirmed that a 

higher mutation rate was often an initiating event in tumorigenesis (Tomlinson et al., 

1996).  

In the new millennium, research began to show that mutation rates changed with 

many variables. In the year 2000, Sneigowski et al. found that mutation rates are 

generally low due to evolution and its tendency to avoid the problem of deleterious 

mutations that comes with high mutation rates (Sneigowski et al., 2000). The researchers, 

however, discussed special cases where the mutation rate is higher, showing that 

mutation rates are not at all to be considered a global (or system-wide), internal 

phenomenon (Sneigowski et al., 2000). Some significant studies in somatic mutations 

followed. In the same year, an attempt to estimate a mutation rate per nucleotide in 

humans revealed that there were different rates for different types of mutations (Nachman 
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& Crowell, 2000).  For instance, rates of mutation for transitions and transversions at 

CpG dinucleotides were found to be greater than mutation rates at other sites (Nachman 

& Crowell, 2000). Similarly, also in the year 2000, a germline mutation study by Crow 

found that base substitutions, insertions, deletions and repeat expansions each had 

different rules governing their rates of deleterious mutation (Crow, 2000).  

The complexity of predicting and comparing mutation rates only increased over 

time as the research community found that some types of changes occur more frequently 

than others. For example, some changes happened more under certain conditions. For 

instance, Cytosine to Thymine mutations happen more frequently than other types of 

nucleotide substitutions when mutations were induced by UV radiation (Seidl et al., 

2001). Furthermore, in many species there are far more transitions than transversions 

(Rosenberg et al., 2003). There are other complexities researchers learned of such as the 

fact that predictability of a gene sequence weakens when a locus is located near a 

boundary (Loewe 2006). 

In 2007, it was shown that when cells become cancerous, they become much 

more likely to mutate than regular cells (University of Washington, 2007). However, this 

suggested that the genome would replicate more, and errors all across the genome 

compounded, not that risk genes specifically were mutating more. 

As researchers began to look closer at mutation rates, which were now starting to 

be understood as heterogenous, there were some important discoveries pertaining to 

disease. A study on Schizophrenia found that 4 out of 15 identified dominant negative 

mutants had nonsense mutations, which was more than what was expected by chance, 

associating increased mutation in certain select parts of the genome as a cause (Girard et 
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al., 2011). The following year, Sharp and Agarwall found that poor-quality genotypes 

that bear deleterious alleles caused a significant increase in spontaneous mutation rates, 

essentially, that poor mutations led to more mutations (Sharp and Agarwall, 2012). This 

supports the hypothesis that to say that any mutation rate has stayed the same outside of 

increased life expectancy is overly simplified.  

In 2013, Alexandrov et al., advanced the idea of “mutational signatures” which 

comprise the biological processes that lead to mutations. The group found that mutations 

that caused cancer could be classified into certain signatures and these differed for each 

cancer (Alexandrov et al., 2013). For each cancer, only certain mutations tended to 

happen (Alexandrov et al., 2013). So mutation types, which in turn influenced mutation 

rates, were different by the cancer type. Researchers Thomas and Hahn then found that 

mutation rates seem to be increasing in humans though slowing down (Thomas & Hahn, 

2014). To be more specific, Thomas and Hahn found that the per-generation mutation 

rate was increasing even as the per-cell-division rate was decreasing (Thomas & Hahn, 

2014). Meanwhile, ample research into the aetiology of cancer continued.  

One typical but telling study showed that the incidence of breast cancer in Asian 

women living in Asia was different from that of Asian-American women (Deapen, et al., 

2002). Deapen et al. (2002) found higher breast cancer rates in those women of Asian 

descent who were living in the United States than those living in Asia. Another study 

showed that the increased breast cancer rates in Asian women was associated with 

specific kinds of BRCA2 mutations (Kim & Choi, 2013). Not only do such studies show 

that risk-allele-associated cancers can increase in the space of one lifetime, ruling out 
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adaptive causes, furthermore, like "environmental cancers” or “extrinsic cancers,” they 

can increase by a change in the environment. 

Another interesting study looked at two generations of people in families where 

some members had breast cancer. It found that the subsequent generation of a person 

afflicted with breast cancer had a significant earlier onset of breast cancer than in the 

generation before (Litton et al., 2012). “The age of onset in the second generation was 7.9 

years earlier on average (P < 0.0001)” (Litton et al., 2012). These results may suggest 

that the familial disease may be only partly genetic. No reason was proposed for the 

outcome but [environmental] “exposures” was listed as a possible factor (Litton et al., 

2012). 

Further complexities of mutation rates surfaced with the passage of time. In 2015, 

it was determined by Tomasetti and Vogelstein that tissues which divide more in their 

stem cells have increased cancer risk (Tomasetti & Vogelstein, 2015). This confirmed the 

finding that mutation rates leading to cancer were different by the tissue or cell type. 

Alexandrov et al., in the same year found that although some mutational processes were 

clocklike and proportional to the chronological age of a person, even these rates were 

different for different tissues (Alexandrov et al., 2015). 

By 2016, it was becoming more widely accepted that the causes of cancer 

included aetiologies like viruses and other influences (Blackadar, 2016). Mutation rates 

were now known not to be a constant (Alexander & Mayer, 2016). In 2016, researchers 

changed the widespread notion that mutation rates are mostly age-dependent and caused 

mainly by replication errors, and addressed the limitations of an age-dependent model 

(Gao et al., 2016). Gao et al. implicated not only age and replicative sources in increasing 
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mutations, but other endogenous and also exogenous sources which play a greater role of 

significance (Gao et al., 2016). They confirmed that mutation rates also varied with 

gender and cell division rate (Gao et al., 2016). In 2017, Rifkin et al., also did research 

which would add an integral element to the current understanding. They investigated 

infection and oncogenesis in light of human evolution and deduced that “cancer” has 

many sources and the [contributing] factors are mostly extrinsic (Rifkin, 2017). This idea 

represents progress in understanding towards the direction of my study but whether gene 

role/gene grouping was a factor needed to be explored. 

Narasimhan et al., did a study in 2017 and found through an analysis of 

autozygous segments that mutation rates differ by race and other population differences 

(Narasimhan et al., 2017). Alexander et al. found around the same time a possible 

explanation for population variations in mutation rates. They suggested that mutation rate 

heterogeneity was achieved by clustering deleterious mutations into fewer individuals 

resulting in a higher population mean fitness (Alexander et al., 2017). The next year, Sun 

et al. (2018) found that it was the initial mutation rate that had a larger value of 

correlation with cancer patient survival time, not the average rate of mutation (Sun et al., 

2018). This would make it difficult for some studies aiming to predict patient survival 

post onset of the disease. The finding would not impede the findings of this study 

because, nevertheless, it was understood that more mutations correlate with poorer 

outcomes (Cawthon, et al., 2019). Also in 2019, a study in Escherichia coli found that 

different “stresses” resulted in altered mutational spectra with some types of stressors 

increasing transpositions and others increasing indel formation, for example (Ferenci, 

2019). So, there were different types of mutations [and thus, rates] among certain 
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classifications of aetiologies to add to the complexity. Different classes of external 

influences had different rates of mutation. In the same year of Ferenci’s publication 

(2019), Supek and Lehner reflected the same, earlier notions about the global versus non-

global nature of mutation rates (Supek & Lehner, 2019).  

In 2020, Young et al. added to the evolution of mutation rates the notion that 

mutational rates are influenced by chromatin state and spatial genome organization 

(Young et al., 2020). In their study, there were differing regional mutation densities that 

correlated with chromatin features and mutation rates differed by genomic regions 

(Young et al., 2020). Thus, though studies have shown a correlation between mutation 

rate and species; mutation rate and age; mutation rate and gender; mutation rate and race; 

mutation rate and stress; mutation rate and stressor class;  mutation rate and genomic 

region; mutation rate and chromatin state; mutation rate and cell type; mutation rate and 

stem cell activity; mutation rate and mutation type; mutation rate and mutation site; 

mutation rate and tissue type; and mutation rate and cancer type; among other variables; 

it was this study that found a relationship between mutation rate and gene role or 

“oncogenicity.”  

This Study 

This study was based on research in cancer patients. It was difficult to obtain 

health records data and genomic datasets on normal or healthy populations in the array of 

genes of interest. The strength of this study is based on the principle that multiple cancers 

develop independently of one another, and multiple malignancies are very rare (Jena et 

al., 2016). A patient for one cancer is not necessarily a patient for other cancers for 

others. Therefore, a cancer patient mimics any person in the general population when it 
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comes to the cancers that patient does not have. Unless a pre-aetiology is present, there is 

no reason to expect that there are more mutations in risk genes than non-risk genes for 

people who were not selected on the basis of having a class of cancer associated with 

mutations in those risk genes. The research question this study asks is, pertaining to 

human somatic mutations, is it relatively more likely, less likely or equally likely for 

cancer risk genes to mutate compared to control genes? The five supporting aims of the 

study ask: 1) do breast, uterine, prostate and ovarian cancer patients have lower, higher or 

relatively as high numbers of mutated genes for non-implicated risk genes compared to 

control genes; 2) do breast, uterine, prostate and ovarian cancer patients have 

significantly lower, significantly higher or relatively as high numbers of mutations and 

mutation rates in risk genes compared with control genes? (whereas Aim 1 looks for the 

numbers of mutated genes, Aim 2 looks for the sum of mutations in those genes); 3) how 

do the number of mutated genes and the sums of mutations compare within an 

individual?; and 4) are the rates of Cytosine to Thymine substitution mutations relatively 

lower, higher or the same in risk gens as in control genes?  

The nature of cancer and the research leading up to this study make it reasonable 

to hypothesize that gene type (or gene role) is another variable that influences mutation 

rates and risk genes have more mutative activity. The hypothesis for this study was that 

the data would show that, on average, risk genes have higher mutative activity than 

control genes for each of the cancers studied, which requires a pre-aetiology.  

The hypothesis was tested by comparing risk genes and control genes in the same 

people, and applying statistical analysis with species, age, gender, race, stress, chromatin 

state, cell type, stem cell activity, mutation type (Aim 4), tissue type, and cancer type in 
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common. The genomic region and mutation site were known covariates in this study but 

the fact a trend would be found despite these differences was all-the-more telling.  

Importance of the Research 

This research could show that contrary to what is believed, where previously, we 

distinguished environmental cancers and genetic ones, some cancers we consider 

“genetic” are both genetic and environmental. This would suggest that cancer could have 

increased over time. We would understand the problem of cancer more in terms of a 

compound aetiology rather than a purely genetic aetiology for a greater fraction of cases. 

Other than the possible paradigm shifts, this research may open up the door for more 

avenues of exploration for prevention and for cures, targeted at its pre-aetiology rather 

than its downstream consequences. If there are microbes, other environmental mutagens 

or emotional triggers of some sort somehow introducing risk alleles into the population, 

there is hope. For, perhaps such pre-aetiologies once identified can be avoided, countered 

or eliminated and the cancer will not spread or progress to the same degree.  It also raises 

the question of what markers or mechanisms distinguish risk genes and whether they can 

be manipulated to circumvent disease. It is emerging as an increasingly important 

consideration, and most likely will be an important “puzzle piece,” in the fight against 

cancer. Whatever the promising outcomes, it starts by this first step of recognizing the 

patterns in the data that justify a belief that there is something more going on than has 

been suspected. 

 



 

 

Chapter 2. 

Materials and Methods 

The main approach for the research for this study involved searching the 

“Exploration” feature of The Cancer Genome Atlas (TCGA). It is an online database 

portal. The portal consists of mutational data for patients of various cancers taken in the 

past, alongside clinical details such as participant race, gender and age. Thus, this study 

used pre-harvested, online genomics and health records data to generate somatic mutation 

frequencies in cancer populations. 

The Database Qualification Process 

Twelve potential genomics databases were shortlisted in the beginning of the 

study. In the end, after a process of getting to know each database’s strengths and 

weaknesses, TCGA was the only one used. TCGA was picked for a number of reasons. 

One very focused potential database was eliminated because it was limited in the breadth 

of its data. Some databases drew upon data that were already included in TCGA. Some 

databases only studied a few family lineages also lacking breadth. They were better 

suited to a germline or inheritance study. Some databases that looked at allele frequencies 

only included alleles deemed of interest, excluding some others that would have been of 

interest. Others only included alleles with more than a certain percentage frequency. One 

of them only focused on a handful of genes and the genes were all implicated in cancer 

which would have left the study with nothing to compare the risk alleles against. Many 
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lacked the ability to filter for different traits or select particular parameters like the age 

and gender of the participants. Some were designed for comparing genetics between 

species. Out of respect for the database providers, I have left their identities aside, but 

databases like ENCODE whose focus was on genome mapping, Epigenomic Roadmap 

whose focus was on mutation sequences, and GTFx whose focus was on expression 

levels, were helpful tools. It was just that the applications they featured were the wrong 

applications for this study. Some of them were good for other steps of the study but not 

for gathering the data that was gathered. 

Establishing Parameters 

Those described as “white” patients, living in the United States, were chosen for 

this study mainly because there were more patients in this category, which would allow 

for 4 test populations of 150 individuals each. This would enable sizeable populations for 

stronger data. The other race groups did not have as many patients for most cancers. 

Choosing white populations was also done because there was a need to have at least 10 

patients each for 15 ages for a given race and cancer; or at least 15 patients each for 10 

ages for a given race and cancer to make 150 participants for each population, and this 

was made easy using patients from the larger, white category. This was based on sample 

size estimations consistent with p-values below .05 with power set at 80%. 

A smaller number of participants of other races could have been chosen but the 

smaller coverage would have weakened the data and the racial data was not broken down 

very specifically in the database. For instance, for some diverse groups, such as “African 

Americans,” the grouping of the participants together was deemed too much of an over-
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simplification. This is because the African American populations would most likely have 

included a majority of people who had varying degrees of white admixture. 

There were not enough participants per cancer type to try to get more than 150 

white patients of 1 gender in 4 cancer populations with enough people per age in the 

population. There were also not enough cancers that had as many as 150 eligible 

participants considering the age criteria for the study. For instance, pancreas and colon 

cancers didn’t have as many as 150 eligible people across the appropriate age spectrum. 

Thus, 150 was chosen as the number of participants for each iteration of the study and the 

study was limited to 4 cancers. 

“Age” of the patient was considered age when the tissue samples were taken and 

not the age at diagnosis. Patients of younger ages (anyone below 50) were excluded. In 

the end, 53 was the youngest age used and 74 was the oldest age used. The older patients 

were chosen mainly because the mutational counts would be relatively small numbers 

otherwise, because mutations happen so rarely compared to the number of nucleotides in 

a genome. It is true that older people have more mutations because they have had more 

time to accumulate mutations, their replication and repair machinery are fewer and 

malfunction more, and all the mutations they had before stay with them, plus new ones 

accumulate every year. To be able to work with more sizeable numbers that would reveal 

larger numbers that would, in turn, reveal the trends better, older patients were selected. 

Older patients would magnify the statistics. Other than these considerations, patients 

were selected at random. 

Breast cancer, cancer of the corpus uteri (referred to as “uterine cancer” for this 

research), prostate cancer, and ovarian cancer were chosen for this study. They were 
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chosen because they had some of the most eligible participants. They were also chosen 

because they were each well-studied enough to enable the production of reliable lists of 

risk genes, and genes excluded as risk genes. Even still, the number of genes studied per 

cancer was limited to 14 to 20 because there were so many genes for which the gene roles 

were yet to be studied further, or there was evidence for and evidence against a decisive 

classification.  

To hone in the data, copy number variation mutations were excluded. Only 

“Simple Somatic Mutations” (“SSMs”), such as insertions, deletions and substitutions, 

were counted for the purposes of this study. This was also helpful in keeping changes 

relative to the number of nucleotides in a gene, for which CNV mutations make it rather 

ambiguous and difficult to quantify. 

Gene List 

“Risk genes” are not the causal genes that I termed “implicated genes” in the 

following, that is genes that have been implicated with sufficient biological evidence in a 

specific cancer. In selecting the risk genes for this study, it was important to make sure 

they were not causal genes. This process was especially important because certain genes 

are implicated in multiple cancers, like BRCA1 and BRCA2 which are risk genes for both 

breast and prostate cancer (among others); P53 which is a risk gene for various cancers, 

HER2 and RAS, which are the same. For each patient population, the object was to select 

cancer risk genes, but not ones that were risk genes for the cancer of that specific 

population. This was possible because there are a number of genes that, when mutated, 

increase the risk of specific cancers but do not increase the risk of other cancers and there 

is ample literature surrounding them (Lu et al., 2019; Li et al., 2019; & Krivokuca, 2019). 
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“Control genes” were also selected for the study—genes that are not oncogenes—

and this stage presented as a challenge. It seems that so many well-studied genes were 

found to be linked to cancer when mutated. However, there were enough well-studied 

genes that were excluded as risk genes in rigorous, peer-reviewed papers to gather 10 of 

them. For risk genes, there were 18.  

A recent paper suggests that, while relatively rare, second primary cancers tend to 

be genetically independent (Foumani et al., 2020). It is not entirely true since cancers like 

breast and ovarian cancer may share the same risk genes and tend to occur together. A 

cancer patient may get another type of cancer because their cells are rapidly dividing and 

this may introduce more mutations which are a risk factor for many cancers. A cancer 

patient may also get mutations introduced through treatments such as radiation that 

introduce new mutations. However, in each case, the idea is that any type of gene can 

mutate and these processes are not differently selective towards cancer mutations. This 

supports the assumption that a person with one type of cancer does not necessarily have 

mutations for other types of cancers any differently than in non-risk genes (except if the 

causal genes are the same). This is a major assumption of the proposed study.  

Each gene used for this study was carefully examined to find out which cancers, if 

any, it can increase the risk for when mutated. The risk genes included had protein 

products which tended to have a regulatory role or that played a role in growth, cell 

division, DNA replication and repair. Thus, there was a clear connection to how these 

genes could result in increased cellular division or metastasis (cancer-relevant processes) 

based on their roles and there was evidence of a correlation between them and particular 

cancers. Genes for the control group were the opposite. They had various other roles and 
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not ones that would directly relate to cancer. For these genes, evidence was consulted to 

show that mutations are not correlated with cancer and a causative relationship has been 

ruled out. Table 1 lists the main genes studied and their roles. 

 

Table 1. Roles for the Gene Products of the Primary Genes Used in This Study. 

Risk Genes Protein Role 

MLH1 helps fix errors that are made when DNA is copied 

PMS2 plays an essential role in repairing DNA 

MSH2 plays an essential role in repairing DNA 

MSH6 plays an essential role in repairing DNA 

SMAD4 mediates between extracellular growth factors and 
genes in the nucleus 

CDK4 regulates cell-cycle progression, regulates a tumor 
suppressor 

APC acts as a tumor suppressor 

BRCA1 acts as a tumor suppressor 

BRCA2 acts as a tumor suppressor 

CDH1 prevents cancer metastasis 
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BMPR1A binds ligands in a growth factor pathway 

PALB2 acts as a partner and localizer of BRCA2 and is vital 
for double-stand break repairs  

ATM regulates cell cycle delay after DNA damage such 
as double-strand breaks 

BARD1 forms a complex with BRCA1 that acts as a tumor 
suppressor 

CDKN2A makes several proteins including tumor suppressors 

PTEN governs mutational stability, cell survival, and cell 
migration (relevant to metastasis) 

STK11 suppresses tumors by regulating cell polarity, 
motility, differentiation and metastasis 

CHEK2 plays a role in DNA repair 

  

Control Genes Protein Role 

NPB regulates feeding behavior, energy homeostasis, 
inflammatory pain and neuroendocrine function 

A3GALT2 synthesizes a structural molecule that acts as a self-
antigen 

NCR3 encodes a natural cytotoxicity receptor and plays a 
role in dendritic cell crosstalk 
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ALX3 specifies regular development of the head and the 
face and particularly the nose 

STRIP1 controls cellular shape 

GLRA1 acts as the alpha subunit of a glycine receptor 
protein in the membrane of nerve cells 

PSMA8 component of the spermatoproteasome that 
promotes degradation of histone molecules 

WIPF2 plays a role in forming cell surface protrusions  

A1CF binds and protects APOB mRNA from nonsense-
mediated decay and edits a codon when bound 

B3GALT2 synthesizes structural molecules 

A list of genes used in this study, their roles and their effects pertaining to cancer. 

The important stage of making sure the genes had been accurately categorized 

required a number of tools and the work involved going far beyond finding listed genes 

on websites to investigating the literature about each of them. Genes with evidence 

suggesting they may play a role in causing cancer were excluded as candidates. Genes 

also had to be amply studied in the appropriate fields of cancer research. 

A number of genes were excluded as the data were being processed for various 

important reasons. For instance, HTT was found to have a protective gene product that 

was toxic to cancer when mutated certain ways (Murmann et al., 2018). Our patients 

could have had less such mutations in this gene than in the general population based on 
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their diagnosis of cancer. HLA genes were excluded because somatic mutation of HLA 

genes was revealed to be a significantly frequent process in some tumor types (Shukla et 

al., 2015). Similarly, once the process began, some outliers in the control gene category 

were later found to be risk genes. For example, APOB was found to be linked to ovarian 

cancer, EYA4 was found to be linked to lung cancer, and OTX1 was found to be linked to 

various cancers (Avall-Lundqvist et al., 1996; Li et al., 2016; Luo et al., 2018). Genes 

like BANF1 and TIRAP were excluded for similar reasons. After all screening processes, 

the resultant list of 28 genes represented chromosomes across more than two-thirds of the 

genome (Figure 1). 

 

Figure 1. Breadth of Chromosomes Represented by the Genes in This Study. 

All the chromosomes that are represented by the array of genes in this study. A total of 16 
chromosomes out of 23. Seven chromosomes were not represented in this study: 
chromosomes 4, 8, 14, 15, 20, 21, and 23. 
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Population Characteristics 

4 main populations were investigated for the purposes of this study. A focal 

population was investigated for each type of cancer that was shortlisted. Another 2 

populations were briefly explored. 

Breast cancer population 

2100 statistics were taken from a group of 150 white females with breast cancer. 

The comparison was made between risk genes for breast cancer and the control genes. 

The number of genes studied from each of the 2 classes of genes was 7. 

The population was made up of 15 women with breast cancer per age, having the 

following ages: 55, 56, 58, 59, 60, 61, 62, 63, 64 and 65. The risk genes that were studied 

were: MLH1, PMS2, MSH2, MSH6, SMAD4, CDK4 and APC. The control genes were: 

NPB, A3GALT2, NCR3, ALX3, STRIP1, GLRA1 and B3GALT2. A separate breast cancer 

population is described in the section Negative and Positive Controls. Furthermore, the 

positive control experiment was conducted in 454, white, female breast cancer patients 

between the ages of 50 and 75. 

Uterine cancer populations 

3000 statistics were taken from a group of 150 white, females with uterine cancer 

for Aims 1 to 3. The number of genes studied for each gene group was 10.  

The uterine cancer population was made up of 10 women per age having the 

following ages: 53, 54, 55, 56, 57, 58, 60, 61, 63, 64, 65, 67, 68, 69 and 70. The risk 

genes that were studied were: BRCA1, BRCA2, APC, CDK4, CDH1, BMPR1A, SMAD4, 
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PALB2, ATM and BARD1. The control gene group consisted of the following genes: 

NPB, A3GALT2, NCR3, ALX3, STRIP1, GLRA1, PSMA8, WIPF2, B3GALT2 and A1CF.  

Another experiment used a uterine cancer patient population. The C to T 

substitution experiment in Aim 4 used 365 female uterine cancer patients. A total of 12 

genes were examined, 6 from each group: BMPR1A, CDH1, BRCA1, PALB2, BRCA2, 

APC (risk genes), and NPB, A3GALT2, PSMA8, ALX3, STRIP1, NCR3 (control genes).  

Prostate cancer population 

2400 statistics taken from a group of 150 males with prostate cancer were 

examined. The number of genes studied for each gene group was 8. 

The population was made up of 15 white men per age having the following ages: 

55, 56, 57, 58, 59, 60, 61, 62, 63 and 64. The risk genes studied were: APC, CDKN2A, 

CDK4, PTEN, STK11, CDH1, PALB2 and CHEK2. The non-risk genes used for 

comparison were: NPB, A3GALT2, NCR3, ALX3, STRIP1, GLRA1, PSMA8 and WIPF2. 

Ovarian cancer population 

For ovarian cancer, a group of 150 females were examined. The number of genes 

studied for each gene group was 9. A total of 2700 statistics were tabulated. 

The population was made up of 10 white women per age having the following 

ages: 55, 56, 57, 59, 60, 61, 62, 63, 65, 66, 67, 68, 71, 73, 74. Nine genes were studied 

for each group. The risk genes studied were: APC, CDK4, PTEN, CDH1, BMPR1A, 

SMAD4, CHEK2, ATM and BARD1. The genes used for comparison were: NPB, 

A3GALT2, NCR3, ALX3, STRIP1, GLRA1, PSMA8, WIPF2 and B3GALT2. Table 2 

shows which genes were categorized as risk and control genes for each population.  
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Table 2. Gene Summary Table. 

 Breast Uterine Prostate Ovarian 

Uterine,  
C to T 
Substitution 
Experiment 

A1CF  C    
A3GALT2 C C C C C 
ALX3 C C C C C 
APC R R R R R 
ATM  R  R  
B3GALT2 C C  C  
BARD1  R  R  
BMPR1A  R  R R 
BRCA1  R   R 
BRCA2  R   R 
CDH1  R R R R 
CDK4 R R R R  
CDKN2A   R   
CHEK2   R R  
GLRA1 C C C C  
MLH1 R     
MSH2 R     
MSH6 R     
NCR3 C C C C C 
NPB C C C C C 
PALB2  R R  R 
PMS2 R     
PSMA8  C C C C 
PTEN   R R  
SMAD4 R R  R  
STK11   R   
STRIP1 C C C C C 
WIPF2  C C C  

Summary of the main genes used in this study for each cancer type. The letter R indicates 
a risk gene. The letter C indicates a control gene.  
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Collecting the Data 

The patient ID number and the corresponding number of mutations per gene was 

recorded. This formulated the bulk of the data for Aims 1 to 4. Gene lengths in base pair 

units (bp) for all the genes in the study were recorded as well. For Aim 4, the number of 

Cytosine to Thymine mutations and the total number of Cs in the unmutated, “model” 

strand were recorded for 12 genes. 

Processing the Data 

The data were mainly processed arithmetically. Main operations performed were 

the computation of rates, averages and differences. The data were further processed 

statistically for significance test values. One-sided t-tests were used. The standard of 

significance was set at was p<0.05. 

Aim 1: Comparing number of mutated genes 

Aim 1 used the mutation data in 150 patients for each of the 4 cancers. The 

number of instances there was a mutated gene was converted from the raw number of 

mutations per gene, assigning the number 1 to any gene with 1 or more mutations. The 

number of genes bearing 1 or 1+x number of mutations was counted for each cancer and 

for the risk and control genes. The average number of mutated genes over sum of genes 

was computed from these numbers. 

Aim 2: Comparing mutation rates by population 

The approach to mutation rate in this study was supported by a number of other 

studies. Though Nachman and Crowell found different variables that affected mutation 
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rate and came up with different rates for different scenarios, they still did estimate and 

refer to a single global rate that was an average of the number of mutations for specific 

human (and chimpanzee) pseudogenes over their number of nucleotides (Nachman & 

Crowell, 2000). Crow also referred to an overall average rate of deleterious mutation 

despite finding that mutations like substitutions and insertions had different rules and 

rates (Crow, 2000). Furthermore, a recent study has found it useful to compute species-

specific “genome-wide mutation rates” (Kucukyildirim, et al., 2020). Other researchers 

like Milholland et al., who identified a somatic mutation rate in humans for the first time, 

found it suitable to average the rate of mutations in multiple cells (Milholland et al., 

2017). Therefore, in Aim 2, where mutations rates were calculated as an average of the 

number of mutations per nucleotide, was backed up by other studies. This had more of 

the variables controlled between the compared groups due to the fact that the study 

compared the same genome in the same individuals. 

Mutation rate (r) was defined as the number of mutations (n) over gene length (l). 

The following equation was used where gene length was measured in base pairs (bp):  

              r     = 

N 

  

L 

Aim 3: Comparing mutations within individuals 

For Aim 3, the subtractive differences between the mutation rates for risk genes 

minus the mutation rates for the control genes were calculated and the differences were 

plotted. Individuals’ patient ID numbers were plotted along the x-axis. Lines above the x-

axis (y = 0) represented more mutative activity in risk alleles and lines below the x-axis 
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represented less mutative activity. The longer the lines, the more mutative activity as 

well. 

Aim 4: Comparing a specific substitution mutation 

For Aim 4, the number of C to T changes per every available C in the model 

strand for each gene was computed and compared between the risk genes vs. control 

genes. 

Tools Used 

The Google Search Engine was used to investigate appropriate definitions, gene 

roles and gene associations with cancer. Google.com, as well as PubMed, were used to 

find papers detailing the roles and associations for the genes used and for the genes 

excluded. A Gene Table at myriadmyrisk.com was used to identify which oncogenes 

were not associated with the study patients’ cancers, and which ones were associated, 

alongside Google, PubMed and its equivalents.  

The Ensembl resource at Ensembl.org was consulted to find out chromosome 

numbers, gene lengths, gene sequences and the number of cytosine nucleotides in uterine 

cancer genes. To find the number of cytosine nucleotides, the Replace feature of 

Microsoft Word was used after extracting and pasting the genetic code from Ensembl. To 

find gene lengths the Review feature of Microsoft Word was used to count characters 

copied and pasted from the Ensembl-derived model gene sequences. 

The Protein Atlas at ProteinAtlas.org was consulted to confirm whether a given 

gene was not implicated in cancer, after screening the gene for associated disorders 

through GeneCards.org. The Protein Atlas was also used to create a list of possible genes 
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to study. GeneCards.org was also helpful in identifying new genes to investigate.  At 

times, sites with articles like “Facial Genetics: A Brief Overview” would generate leads 

for possible genes that were then screened using the other tools (Richmond et al., 2018). 

They were helpful in identifying some control genes, coding for protein products with 

less regulatory roles and more structural or aesthetic ones. Nevertheless, many were still 

implicated in cancers, underscoring the importance of the screening processes and the 

intricacy of cancer. Some of the genes that were risk genes for other diseases but not 

cancer, and that would possibly qualify under the control gene category, were found on 

sites like Eupedia.com.  

Some data were transferred directly into Excel spreadsheets but other data and 

brainstorming were recorded in a lab book. Data were then transferred and processed, 

often in the Microsoft Excel. Retrospectively, a computer, the Cancer Genome Atlas, the 

Internet and Microsoft Excel were the greatest tools that would be used. 



 

 

Chapter 3. 

Results 

The trends were consistent in each of the 4 aims of this study concerning the 

hypothesis. The hypothesis was supported by the data. The results showed both a pattern 

of increased mutative activity in risk genes and the variability of mutative activity. 

Risk Genes Mutated More 

In Aim 1, all populations shared the same overall trends. They formed a strong 

basis for subsequent aims. Mutative activity between risk and control genes was distinct. 

Number of mutated genes 

The data taken from a population of breast cancer patients in Aim 1support the 

null hypothesis which supposes they mutate at comparable rates. The risk genes almost 

unanimously mutated more. The 150 women had more mutated risk genes than mutated 

control genes.  The average number of mutated genes over the number of genes studied 

was 2.2857, with a range of 0 to 5. This number in control genes was 0.0000 as there 

were no mutations in any woman. The trend is evident from the histogram in Figure 2A 

where all the genes have 0 mutation in the control genes group and exhibited several 

mutations in the risk genes group. A second “mutation statistic” was defined as the 

number of mutated genes in the group of 150 individuals over the number of individuals. 

This was 0.0152 for oncogenes and 0.0000 for control genes. 
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The findings for the other 3 cancers consistently shared the same trends as the 

breast cancer data, which showed that risk genes mutated more often (Table 3). The range 

along the x-axis of the histogram plots of number of mutations is wider in the risk genes 

for each of the 4 cancers, indicating more mutative activity in risk genes (Figure 2). 

Uterine cancer had more mutative activity than the other cancers. The difference 

between the number of mutated risk genes in uterine cancer and breast cancer; uterine 

cancer and prostate cancer; and uterine cancer and ovarian cancer, were each statistically 

significant. The statistical test values were: t(6) = 3.56, p < .001; t(7) = 3.59, p <.001; and 

t(8) = 3.79, p < .001, respectively. 

There were less instances of a mutation in control genes in breast and prostate 

cancer patients. Raw prostate cancer mutated risk gene counts were lower than for all 

other populations but not significantly at p < 0.05: prostate to uterine: t(7) = -4.04, p = , 

.001; prostate to breast: t(6) = -0.23, p = , .41; prostate to ovarian: t(8) = 1.66, p = , .059. 

This is indicated by the shorter bars in the graphs which show mutated genes in 

ascending order (Figure 3). However, where there were mutations, they were in risk 

genes. When arranged in ascending order, the data show that the risk gene mutative 

activity was generally higher (Figure 3). The following table summarizes the results 

which showed that there were more mutated genes for risk genes than for controls for all 

4 cancers (Table 3). 

When comparing the average number of instances of a mutated gene in all risk 

genes studied and the average number of mutations in all control genes studied (Figure 

4), there was not an instance where mutated gene averages were higher in control genes 

than risk genes.  
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Table 3. Summary of Mutated Genes in 4 Cancers. 
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Breast 2.29 0.00 t(6)=3.77 .001 0.0152 0.0000 t(149)=3.54 <.001 5 0 
Uterine 20.70 5.40 t(9)=5.14 <.001 0.1380 0.0360 t(149)=6.07 <.001 42 14 
Prostate 2.00 0.00 t(7)=1.93 .03 0.0133 0.0000 t(149)=4.22 <.001 8 0 
Ovarian 2.00 0.33 t(8)=3.99 <.0017 0.0133 0.0022 t(149)=3.45 <.001 4 2 

A summary of the data corresponding to how many mutated genes were counted in each 
group of 150 individuals. Data were harvested from the TCGA data portal.  
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Figure 2. Histograms of the Number of Mutated Risk and Control Genes by Number of 

Mutations per Gene.  

Number of mutated genes in risk and control groups for 4 cancers. There were less 
mutated genes in control groups. Data were harvested from the TCGA data portal.  
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Figure 3. Number of Mutated Genes According to Rank in Ascending Order. 

Mutated genes in 4 cancer populations of 150 individuals each. Data were harvested 
from the TCGA data portal.  
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Figure 4. Average Instances of a Mutated Gene Over Sum of Genes Studied. 

Average number of instances of a mutated gene in 4 cancer populations 150 individuals 
each. Data were harvested from the TCGA data portal.  
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Risk Genes Had Greater Mutation Rates 

Looking at the number of mutations rather than the instances of a mutated gene 

revealed more important information. When computed over gene length, it became clear 

that mutations were happening more often in risk genes when compared to control genes. 

In addition to characterizing the mutation rates, some other factors were considered in 

light of the mutation rates at this stage of the study: gender and age seemed to exhibit 

some trends concerning cancer and mutation rates but these trends were relatively weak. 

Gene lengths between risk genes and control genes, on the other hand, seemed to bear 

significance in their trend. 

Mutation rates 

In Aim 2, the number of mutations per gene was examined, taking into account 

gene length (i.e., the mutation rate, which is the average number of mutations per base 

pair (bp)). The hypothesized trend was still evident when the mutation rate was defined in 

this way. The data, taken from each of the 4 populations from Aim 1, showed risk genes 

had more mutations per base pair than control genes in each case (Figure 5, Table 4). 

There was a similar factor of difference for uterine and ovarian cancer.  

Uterine and ovarian cancers were the cancers with data that would allow for non-

zero denominators when computing the ratio of difference between the rates: r risk gene / r 

control gene. The risk gene rate was 2.07 times greater for uterine cancer and 2.41 greater for 

ovarian cancer with statistical significance. The t-test statistic and corresponding p-values 

were: t(9) = 3.78, p < , .001 and t(7) = 2.85, p = .006, respectively. Thus, risk genes were 

more than 2 times more likely to mutate. 
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Figure 5. Mutation Rates. 

Mutations rates per nucleotide magnified 1,000,000 times for the same populations as 
Aim 1. See Table 4 for corresponding data from TCGA data portal. 

Table 4. Mutations Per Nucleotide (×1,000,000). 

 Risk Gene 
Control 
Gene 

t-test p-value 

Breast Cancer 0.17 0.00 t(6)=3.38 .003 

Uterine Cancer 2.51 1.21 t(9)=3.78 <.001 

Prostate Cancer 0.26 0.00 t(7)=1.93 .037 

Ovarian Cancer 0.15 0.06 t(8)=2.85 .006 

Corresponding data for Figure 5. Average “mutation rate” in 4 cancers. Data were 
harvested from the TCGA data portal.  
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Gender differences 

There appeared to be a higher number of mutations per mutated gene for the 

cancers that only females are subject to. Uterine and ovarian cancer patients had more 

mutations per mutated gene in both their risk and control genes than the other cancers 

(Table 5). Since males can have breast cancer, breast cancer was not included as a female 

cancer. When the total numbers of mutations were divided over the number of genes, 

breast cancer fell in between female cancer patients and male cancer patients. The value 

for prostate cancer was 1.00; breast cancer was. 1.14; ovarian cancer was 1.16 and uterine 

cancer was 26.10. Thus, both female cancer patients and female cancers appeared to be 

associated with more mutations. However, the differences between ovarian and breast 

cancer, and ovarian and prostate cancer were not significant. Their statistical test values 

were: t(8) = 0.10, p = , .46 and t(7) = 0.41, p = , .34, respectively. The only gender 

difference that yielded significant results were between uterine cancer (which was 

evidently far greater) and the two non-female cancers. The significance of the differences 

between uterine and breast cancer had values: t(6) = 2.83, p = , .004. For uterine cancer 

and prostate cancer the values were: t(7) = 3.06, p = , .002. 

Gene length 

Risk genes studied, chosen at random within their grouping, were significantly 

longer on average than control genes. Risk genes had an average length of 93,935 bp (18 

genes). Control genes had an average gene length of 40,728 bp (10 genes). The data was 

significant: t(9) = 2.47, p = .01. The longer length of risk genes was not enough to 

account for the higher mutation rates in risk genes. The individual gene lengths are 

shown in Table 6.  
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Table 5. Mutations Per Mutated Gene. 

 Risk Gene Other Gene 

Breast Cancer           1.06  
               

0.00    

Uterine Cancer           1.76            1.23  

Prostate Cancer           1.00             0.00        

Ovarian Cancer           1.11            1.00  

Average number of mutations per mutated gene in 4 cancers show slightly higher 
numbers for uterine and ovarian cancer in both risk and control genes compared to those 
groupings in breast and prostate cancer. Data were harvested from the TCGA data 
portal. 
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Table 6. Lengths of the Primary Genes Used for This Study. 

A1CF 87467 
A3GALT2 15533 
ALX3 11943 
APC 139942 
ATM 147259 
B3GALT2 9084 
BARD1 85238 
BMPR1A 177425 
BRCA1 127151 
BRCA2 86383 
CDH1 99446 
CDK4 9487 
CDKN2A 28750 
CHEK2 55880 
GLRA1 103539 
MLH1 58697 
MSH2 261280 
MSH6 115734 
NCR3 5312 
NPB 3361 
PALB2 39351 
PMS2 39382 
PSMA8 60704 
PTEN 109506 
SMAD4 57852 
STK11 52074 
STRIP1 44307 
WIPF2 66033 

Lengths of the primary genes studied measured in base pair units (bp). The measure is 
equivalent to the number of nucleotides. The numbers include the entire coding and non-
coding sequence. The color red indicates it is a control gene. 
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Mutation rates and age 

The mutation rates were plotted against age for the population of uterine cancer 

patients. There appeared to be a negative association between mutation and age for 

patients 53 to 70 years of age (Figures 6 and 7). The mutation rate was not higher for 

older ages. There was a weak but negative correlation between age and mutation rate in 

this population The negative correlation coefficient is -0.34 for risk genes and -0.25 for 

control genes. The statistical tests performed (Pearson’s correlations) were not significant 

at r(13) = -0.25, p = .368 and r(13) = -0.34, p = .215). 

 

Figure 6. Average Mutation Rate by Age for Risk Genes: Uterine Cancer. 

Mutation rate per age. Data from TCGA data portal. 

 

Figure 7. Average Mutation Rate by Age for Control Genes: Uterine Cancer. 

Mutation rate per age. Data from TCGA data portal. 
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Individual Patients Rarely Had More Mutations in their Control Genes Than in Their 

Risk Genes 

The same 2 cancer patients that had some degree of mutation in their control 

genes showed results that further supported the hypothesis in Aim 3. (For this aim, breast 

cancer and prostate cancer patients were omitted because they had no mutations in their 

control genes.) In the quest to look for how mutation rates break down by individual, 

mutation rates per nucleotide were compared for uterine and ovarian cancers in each 

cancer patient. Our study found that there was rarely an instance where there were more 

mutations in the control genes than in risk genes. Figures 8 and 10 show that mutations 

were more often higher in an individual’s risk genes than that same individual’s control 

genes, indicated by the higher number of vertical bars above the x-axes than those below 

the x-axes. For uterine cancer patients, 14 out of 150 patients had a higher mutation rate 

in the control genes. The difference between the risk and control data had a t-test value of 

t(149) = 2.66 and a p-value of p = .004 at p<0.05). 

For ovarian cancer, only 3 out of 150 patients had a higher mutation rate in the 

control genes. The difference between the risk and control data had a t-test value of 

t(149) = 1.77 and a p-value of p = .039. For this aim, pie charts were also used to 

visualize how risk genes mutated compared to control genes within the same patient 

(Figures 9 and 11). It appears that while different people have slightly different mutation 

rates from each other, there is a clear trend showing a difference between risk genes and 

control genes consistent with the findings of the other aims in this study. Data came from 

2 populations, 300 persons, and 22 genes (same genes as for Aims 1 and 2 for uterine and 

ovarian cancer).  
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Figure 8. Risk Gene Minus Control Gene Mutation Rate: Uterine Cancer. 

Difference in mutation rates for 10 risk genes minus 10 control genes for the 150 women 
with uterine cancer from Aim 1. Vertical lines above the x-axis represent individuals with 
more mutations in risk genes. Lines below the x-axis represent individuals with more 
mutations in control genes. Data were harvested from the TCGA data portal. 

 

Figure 9. Equal or More Mutations in Risk Genes vs. Control Genes: Uterine Cancer 

The percentage of uterine cancer patients who had higher mutations in risk genes versus 
that of control genes. Data were harvested from the TCGA data portal. 
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Figure 10. Risk Gene Minus Control Gene Mutation Rate: Ovarian Cancer. 

Difference in mutation rates for 10 risk genes minus 10 control genes for the 150 women 
with ovarian cancer from Aim 1. Same interpretation as Figure 8. Data were harvested 
from the TCGA data portal. 

 

Figure 11. Equal or More Mutations in Risk Genes vs. Control Genes: Ovarian Cancer 

The percentage of ovarian cancer patients who had higher mutations in risk genes versus 
that of control genes. Data were harvested from the TCGA data portal.  
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C to T Substitutions Higher in Risk Genes 

The different nucleotides, C, G, A and T mutate at different rates based on which 

nucleotide type is substituted in. For instance, C to T (Cytosine to Thymine) substitutions 

happen at different rates than C to A substitutions. To better understand the difference 

between risk genes and control genes and to begin to address the specific genetic 

composition of genes in Aim 4, an analysis of all C to T substitutions in 12 genes in 

uterine cancer patients was conducted. Since uterine cancer had more mutative activity 

than other genes, it was selected for this study to get a good sense of the trend.  

C to T mutations have been found to occur more often than other substitution 

mutations in some instances. The goal of Aim 4 was to assess whether mutations were 

happening at greater rates in risk genes because of their genetic code, e.g., if the risk 

genes had more C nucleotides, for instance. This aim used a per C nucleotide rate so that 

gene length and composition would be taken into account when comparing risk genes to 

control genes for uterine cancer patients.  

The data show that C to T substitutions happened at a higher rate in risk genes 

than control genes (Figure 12, Table 7). More C to T substitutions per C’s happened in 

risk genes than in control genes in the same population. The average for risk genes was 

5.89 × 10-4 whilst the average for control genes was 2.59 × 10-4 (Figure 13). The 

difference was statistically significant: t(5)=2.13, p = .029).Thus, cytosines in risk genes 

were over 2.2732 times more likely to be substituted for Thymine nucleotides. This 

finding reiterates the validity of the hypothesis. Data were taken from 365 persons and 12 

genes: BMPR1A, CDH1, BRCA1, PALB2, BRCA2 and APC (risk genes); and NPB, 

A3GALT2, PSMA8, ALX3, STRIP1 and NCR3 (control genes).   
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Figure 12. Rate of “C to T” Substitutions According to Rank in Ascending Order: Uterine 

Cancer. 

A comparison of how many of the same kind of mutation happens in risk genes and 
control genes for 365 uterine cancer patients. See Table 7. Data from the TCGA data 
portal. 

 

Figure 13. Average “C to T” Substitution Rates.  

Data were harvested from the TCGA data portal.  

0
0.0002
0.0004
0.0006
0.0008

0.001
0.0012
0.0014
0.0016
0.0018

N
um

be
r o

f C
 to

 T
 M

ut
at

io
ns

 P
er

 
N

uc
le

ot
id

e

Genes According to Rank

Risk Genes Control Genes

0

0.0001

0.0002

0.0003

0.0004

0.0005

0.0006

Risk Genes Control Genes

Av
er

ag
e 

C 
to

 T
 M

ut
at

io
n 

Ra
te

Gene Grouping



 

47 

 

 

 

 

Table 7. Average Number of C to T Substitutions per C in Uterine Cancer Patients. 

Ascending 
Order 
Rank 

Risk 
Genes 

C to T 
Mutation 

Rate 

Control 
Genes 

C to T 
Mutation 

Rate 

1 BMPR1A 0.000056941 NPB 0.000000000 

2 CDH1 0.000300107 A3GALT2 0.000000000 

3 BRCA1 0.000473002 PSMA8 0.000265910 

4 PALB2 0.000473821 ALX3 0.000287604 

5 BRCA2 0.001643282 STRIP1 0.000539665 

6 APC 0.001647005 NCR3 0.000719424 

Corresponding genes and mutation rates for Figure 13. Data were harvested from the 
TCGA data portal.  
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Negative and Positive Controls 

The control gene group was used as a negative control in this study. Control genes 

were hypothesized to have negligible mutative activity. As a positive control, I perform a 

comparison experiment between causal genes (directly implicated in a specific cancer), 

risk genes and control genes. 

The implicated cancer risk genes, genes that are considered to be oncogenes for 

breast cancer, were hypothesized to have significantly higher mutative activity than risk 

genes in breast cancer patients. In turn, risk genes were hypothesized to have decisively 

higher mutative activity than control genes. Control gene mutations were shown in our 

previous analyses to have very low mutation rates. 

If the implicated breast cancer risk gene numbers were comparable with that of 

non-implicated risk genes, this would be evidence that some or all of the risk genes, 

which showed higher levels of mutative activity than control genes, were wrongly 

categorized and are truly oncogenes for the relevant cancers. In other words, if the results 

showed as high mutative activity for the implicated genes known for causing breast 

cancer, and the risk genes known for causing other cancers, the non-implicated risk genes 

were probably also risk genes for breast cancer. This would nullify the data and the 

premise on which the research was based. The number of mutations were compared. 

The control experiment supported the hypothesis. It was found that implicated 

genes had significantly more mutative activity than risk genes and the control genes had 

zero mutations (Figures 14 and 15). The data were taken from 12 genes: BRCA1, BRCA2, 

CDH1 and TP53 (implicated risk genes); MSH2, SMAD4, MLH1 and PMS2 (“risk 

genes”); NPB, NCR3, ALX3 and STRIP1 (control genes.) 



 

 

 

Figure 14. A Comparison of Mutations in 3 Gene Groupings Including Implicated Genes 

Comparison of mutations among gene groups including implicated genes, “risk genes,” 
and control genes. Population had 454 breast cancer patients. See Table 10. Data from 
TCGA data portal. 

 

Figure 15. Average Mutations for Implicated Genes, “Risk Genes,” and Control Genes. 

Average number of mutations in a positive control (breast cancer). Causal and risk genes 
compared with negative control genes. See Table 8. Data from the TCGA data portal.  
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Table 8. Number of Mutations in Positive Control Experiment. 

 BRCA1 BRCA2 CDH1 TP53 

Breast Cancer 
“Implicated” 
Risk Genes 

11 12 82 148 

 MSH2 SMAD4 MLH1 PMS2 

Non-
implicated 
Cancer "Risk 
Genes" 

3 4 5 6 

 NPB NCR3 ALX3 STRIP1 

Control Genes 0 0 0 0 

Number of mutations in causal genes, “risk genes” and control genes in a population of 
454 breast cancer patients. See Figure 14 and Figure 15. Data from TCGA data portal.  
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Chapter 4. 

Discussion 

Limitations 

The proposed research had its limitations. While some of them could be 

circumvented, others were inevitable. One limitation is each population could have been 

larger. This barrier was overcome by studying multiple populations since it is not likely 

they would consistently show a certain trend unless the trend was of significance even if 

of a smaller size.  

The complex nature of mutation rates is a hindrance because there is not enough 

previous research to create an equation with coefficients to equalize the different factors. 

A more accurate analysis would have at least deciphered specific mutation rates for 

specific loci, however, this does not greatly limit the validity of the research findings. No 

matter how variable the mutation rates are at different loci, rather than random noise 

there are distinct trends. 

Another limitation is that the research tested for a pre-aetiology only in an indirect 

way. It would have been more informative to test for the effects of specific microbes or 

carcinogens or emotional scenarios as a second part of the study, and connections 

between them and tumorigenesis, but this would have taken more time and resources than 

were available.  

Not harvesting the data anew means that the control over how much one could 

ensure it was indeed appropriately collected, randomly selected, and accurate to the 

description of the population is limited. Using multiple sources to create one database as 
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in the case of TCGA and using it to arrive at one conclusion is another limitation. Some 

sources would inevitably collect data in a more accurate manner than other sources.  

Another limitation is the fact that the body part a tissue sample was taken from 

may have been free of certain mutations, while the mutations may have been present in 

other parts of the body. This means the data may not be a true measure of the frequency 

of mutations. However, the research still gives us an informative average, especially 

since a sizeable enough number of people were tested across the 4 cancers.  

In this study, the 4 main groups of cancer patients could not be compared with 

each other, or their data averaged, because they had different age make-ups. However, 

that does not weaken the data it only presents a missed opportunity to summarize the 

trends collectively. 

It is worth mentioning that the scope of the study is limited by a lack of the 

accessibility of certain kinds of data in the database, for instance comparable data of 

healthy individuals to compare to that of patients. This forced the major assumption that 

cancer patients for one cancer were “normal” with regards to other cancers. A stronger 

approach would have also looked at normal tissues in patients, however, in TCGA, such 

samples are limited in number. The fact that the trends penetrated the results despite the 

limitations of this study is a strong testament to the reality of the trends found. 

Summary of the Findings 

The findings of the study suggest an underacknowledged difference between 

mutations in cancer risk genes and non-risk genes. The research supports the body of 

research that shows that mutation rates differ by different factors. If all previously 

identified mutation rate factors (such as tissue type, age, gender, etc.) are taken into 
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consideration, there is still reason to believe that there stands a difference in mutation 

rates between risk genes and control genes. 

None of the cancers studied in this set of experiments appears to gain mutations 

by the same random chance, nor a chance randomized, in effect, and perhaps not by the 

apparent randomness of the genetic code as Aim 5 suggests. There is another element to 

cancer aetiology that makes one more susceptible to cancers based on whatever factor(s) 

the risk genes have in common that propelled their disparate mutations.  

Explaining the cause for the increased mutations in risk alleles is beyond the 

scope of this study, however, a process like the alternative hypothesis in Figure 16 is 

suspected. The main idea is something, external or internal, or some aspect of their 

nature, triggers more mutations in risk genes than in non-risk genes and those mutations 

are directly correlated with the onset of cancer and tumorigenesis. The null hypothesis 

excludes this factor or pre-aetiology and denies the difference between risk gene and 

control gene mutation rates. 

The Strength of the Data and Important Findings 

It was not the object of this study to compute a predictable mutation rate equation, 

but to estimate rates from existing genomic data with an understanding that rates are 

applicable to specific scenarios. Having a number of factors in common between the risk 

and control groups (since they were in the same patients), such as age and exposures, 

helped the study since many variables did not have to be controlled for. The trends were 

consistent among the different cancer groups and could be accurately estimated from the 

available sample size and number of genes.  



 

54 

 

Figure 16. Diagram of an Alternative Hypothesis vs. Null Hypothesis for Cancer Origin. 

The alternative hypothesis (left) suggests a pre-aetiology for mutations skewed to risk 
genes. Bottom portion of diagram (cells) copyright Alia at 123RF.com. 
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Aim 1 was compelling and influential in our study. One deleterious mutation is 

sufficient to debilitate one gene product in spite of the size of its corresponding gene. 

This is why it was so important to look at the raw numbers before going on to compute 

the per nucleotide rate. Furthermore, if the preliminary data had not indicated more 

mutative activity in risk genes, it would have been futile to search anything further. 

The fact that the trends were still confirmed when the mutation rates were 

calculated as a per nucleotide rate was helpful to the purposes of the study. This Aim 2 

data formed key data for the study. It was also very telling that how large risk gene 

mutation rates were in comparison to control gene mutation rates were very similar in 

different populations: ~2 times greater in each instance. This gave further evidence for 

our tested hypothesis. Had the age make-up of the populations been exact rather than 

similar, perhaps the values would have been even closer. 

It was interesting that genes that had no mutations for other cancers had mutations 

for uterine cancer. It suggested that different cancers have different mutation profiles like 

different signatures. It begged inquiry into the commonly spread findings that females 

have somewhat higher rates of cancer than men (Whiteman, 2015). One thing of note 

about the gender-specific comparisons is that the increased mutative activity seemed to 

correlate with the “femaleness” of the cancer, so-to-speak, more-so than the femaleness 

of the patient. This is because females who had breast cancer, which is a cancer men can 

get and has more mutative activity than prostate cancer patients, had less mutative 

activity than uterine and ovarian cancer patients, though they were female. Perhaps there 

is a deeper hormonal quality to the disease processes than is currently known that would 

emerge with a larger data set. As it stands now, the gender differences were insignificant. 
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It was interesting but not surprising to learn that cancer genes generally had 

longer lengths. Perhaps it is due to the specified and complex roles of genes involved in 

complex protein-protein interaction processes related to cancer. Bigger molecules are 

more complex and less likely to be mimicked. Perhaps smaller molecules can be replaced 

by other molecules with similar regiospecificity. Big molecules with varying parts and 

large, bulky sub-units would most likely entail more specificity and arrest normal cell 

functions when abnormal, resulting in adverse effects such as cancer. 

For the mutation rate versus age comparison, the results were counter to the age-

dependent theory. The correlations were not strong so there may not have been a true 

negative trend there. The range of ages was also limited. This is interesting because 

cancer genes have to accumulate with age. Unless one can assume the mutations revert 

back to the wild-type via subsequent mutations, a highly unlikely scenario, mutations 

should generally increase with age. That is, unless something like a pre-aetiology was 

causing younger people to get them more frequently at the time of the study. 

The difference between the age correlation in risk genes versus control genes was 

significant. This may suggest a dynamic where age influences the cause of the greater 

mutation rates disproportionately. 

One unexpected finding was the three instances in ovarian cancer with more 

mutations in control genes than risk genes. That they were of considerable magnitude 

made it more unexpected. The result could be due to random replication errors, 

reminding that they are always there to some degree. Or, perhaps an analysis in more 

genes in those individuals would have revealed the hypothesized trend. One likely 
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interpretation is it suggests a large variability of mutation rates between genes among the 

same patient. 

Despite the inevitable limitations of this study, there were many convincing 

qualities to it. In addition to the aforementioned is the fact that the genes studied were, 

randomly selected within each main group (control, risk genes and implicated genes) and 

came from different loci and chromosomes, having gene products with different functions 

and effects on cancer. This suggests something abstract or additional to what is currently 

known about human anatomy might explain the difference between rates. 

The major assumption of the study was not as far-fetched as it might seem. 

Granted, the populations could have had people sick with other cancers they did not 

know they were sick with, however, the participants were not selected based on those 

other cancers so there is no reason why they, as a population, would have higher numbers 

of mutations for them. They mimic the general population who may also be undiagnosed 

but sick or otherwise harboring the mutation. 

Some studies suggest that treatments for cancer like radiation may introduce new 

cancers to a degree of 5% of cases over their lifetime. However, this doesn’t explain why 

the mutation rates are greater in the case of cancer risk genes. The radiation should 

induce mutations across the board unless there is a pre-aetiology behind more of the 

mutations. 

 Even if any of the control genes that were chosen for this study are later found to 

be cancerous, it is important to note that in studies they have been excluded given the 

current knowledge in cancer genetics. They would be less likely to be the stronger risk 

genes and so it stands, the more cancer risk tied to a gene, the more it mutates. 
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Possible Explanations 

This study did not delve into the nature of the aetiology. It may be an 

environmental pre-aetiology like a carcinogen or other mutagen. There is a broad range 

of factors in the environment that could possibly be mutagens. One could start by 

searching what exposures have increased or changed in concentration in the environment.  

The problem could be intrinsic, like an immunological mechanism. The pre-

aetiology (or pre-aetiologies) could be abstract or metaphysical; it could be spiritual, 

energetic or psychological, for example. It may be emotional. Researchers are beginning 

to find that certain emotions are not tolerated well by the body. They may trigger 

systemic self-destructive mutations that are carcino-specific. Then again, perhaps certain 

unknown tags or markers, more frequently mark risk genes than non-risk genes. It may be 

related to the physical nature of the gene or gene product. Perhaps there is something 

about larger genes that make them more prone to mutation. This study could also imply 

that there is an undiscovered level of classification in the anatomy of humans where 

genes are recognized and made distinct by their role or sizes and this is what gives 

leverage to the pre-aetiology although this involves some intelligence or design. 

Future Applications 

When gene editing becomes a reality, the concept of “back-mutating,” essentially 

re-introducing harmless or “wild-type” alleles into cells might prove itself useful in 

invoking the cessation of tumor progression and metastasis, but a molecular approach is 

not always going to be feasible. There being so many genes associated with cancer, there 

are so many ways one can succumb to it and so many mutations involved. A future 

solution that could stem from the conclusions of this research is identifying the pre-
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aetiology and then manipulating the dynamic in a way that mimics that of non-risk genes.  

Working with a pre-aetiology, coupled with some molecular or gene therapies, could 

prove to bring better results in patient and population outcomes. 

Possible Future Applications 

The major implications of this research are two-fold. First there is a major change 

in our understanding or paradigm of cancer. With this research cancer becomes a disease 

that starts far before the contributing mutations occur but when the condition that there 

will be more mutation in risk genes is created. The problem of cancer which was thought 

of as a problem of uncontrollable factors, namely, the unavoidable accumulation of 

unchecked replication errors, now becomes a problem of influence. This opens up 

avenues to discover what those influences are. Secondly, this research presents a new 

avenue to explore for solutions to the problem of cancer as discussed. Whatever could 

distinguish risk genes from non-risk genes despite their differences is something uncanny 

and that can possibly be manipulated to achieve earlier diagnoses and positive outcomes 

in the areas of prevention, disease management, cessation of tumor progression, and 

cures.  

Future Research 

Future research could rule out other possibilities that could explain the difference 

in rates. Such research could investigate the correlation between epigenetics, looking into 

the methylation profiles of the genes, for instance. The specific make up of nucleotides in 

the genetic code can be examined and genetic codes can be compared. Future research 

could also distinguish the specific activities of the gene products. Further studies could 
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look at harmful versus harmless alleles. Subsequent research could use cell lines to look 

into whether the difference in mutation rates exists at the beginning of life or it happens 

with exposure to the environment. Since cell lines don’t have emotions or abstract 

realities, they might be featured in a study to weigh in such factors, canvassing to see if 

one gets the same mutation rate differences outside of an intact organism. Furthermore, 

factors like histone positioning, the nature of adjacent genes, and replication hotspots 

could be explored through correlation analyses. The findings of the current study could 

also be expanded upon by looking into normal populations. Perhaps, longitudinal studies 

could be performed to conduct cause-and-effect analyses of abstract factors like those in 

the realm of emotion and spirituality. If participants are willing, this is one of the most 

cost-effective and harmless approaches that could prove to be promising. Or future 

research could simply look at the same questions asked, in more cancers, more people, 

more genes, and the factors omitted like CNVs, and germline mutations. 

Conclusion 

The data supported the hypothesis. While one cannot say yet what causes the 

different sets of mutation rates, this study establishes that there is one. There are two 

important kinds of mutation rates where it was once thought there was one. There is a set 

of mutation rates for cancer risk genes and a set of mutation rates for non-risk genes, and 

the two are distinct. Cancer risk genes mutate more suggesting more factor(s) that 

influence mutation rates. This justifies future exploration to discover the nature of the 

apparently carcino-specific differences. This study emphasizes that it cannot be ruled out 

that cancer is often a disease whereby something other than (or something in addition to) 

random errors mutates healthy cells into cancerous cells. 



 

 

Appendix 1. 

Key Terms 

Aetiology: cause [of a disease] (also “etiology”) 

Allele: one version of a gene found at a specific locus on a chromosome with a particular 

nucleotide sequence 

Carcino-specific: particularly selective towards cancer 

Carcinogen: a substance that can cause cancer 

Cellular fitness: the ability of a cell to exist and spur subsequent divisions 

Co-aetiology: another cause for the same effect or pathology that works synergistically, 

additively or in stepwise fashion 

Compound aetiology: when multiple, sequential causes lead to a singular pathology 

Corpus uteri: the main body of the uterus which excludes the cervix and the fallopian 

tubes 

Emotional: relating to attitudes, feelings, mindsets, stresses, anxieties, thoughts and 

sentiments 

Environment: external to the organism 

Environmental: causes related to external factors like: biological molecules, chemicals, 

light, other organisms or climate (also “exogenous” or “extrinsic”) 

Exogenous: (see environmental) 

Extrinsic: (see environmental) 
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Genomics data: genome and DNA data of an organism for characterization and 

quantification of all the organism’s genes and their effects 

Global mutations: a system-wide increase in susceptibility to mutation or system-wide 

mutation rates  

Health records data: health-related information associated with regular patient care or 

part of a clinical trial project; includes digital versions of a person's medical 

information 

Implicated gene: a risk gene for a type of cancer a particular cancer patient is diagnosed 

with 

Mutagen: an agent which causes genetic mutations; could be a carcinogen (e.g., benzene), 

a biogen (e.g., a virus), or other factor (e.g., UV light) 

Non-implicated risk gene: a risk gene for a type of cancer a particular cancer patient is 

not diagnosed with; important because each cancer is believed to develop 

independently so the assumption is that such gene mutations occur at the rates 

normal populations exhibit when other variables are factored in 

Oncogene: a gene that may confer a risk of developing cancer when mutated 

Pre-aetiology: any causative step in a compound aetiology except the last step 

Replication error: an accidental change in the genetic code that occurs when cells divide 

and genetic material is copied inaccurately 

Risk allele: a genetic sequence that confers risk of developing a disease 

Risk gene: a gene that may confer risk of developing a disease when mutated; in this 

study the term refers to cancer risk making it equivalent to “oncogene” 
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Appendix 2. 

Raw Data Summary Tables 

Table 9. Raw Data Summary for Mutations in TCGA: Breast Cancer. 

 MLH1 PMS2 MSH2 MSH6 SMAD4 CDK4 APC 
Risk 2 3 3 1 2 0 6 

 NPB A3GALT2 NCR3 ALX3 STRIP1 GLRA1 B3GALT2 
Control 0 0 0 0 0 0 0 

Total Number of mutations in each of 14 genes for Aims 1 to 4 in a population of 150 
women. Compares risk genes and “control” genes. Data taken from TCGA data portal. 

Table 10. Raw Data Summary for Mutations in TCGA: Uterine Cancer. 
 

BRCA1 BRCA2 APC CDK4 CDH1 BMPR1A SMAD4 
Risk 44 83 71 9 24 14 30 
 NPB A3GALT2 NCR3 ALX3 STRIP1 GRLA1 PSMA8 
Control 0 2 2 8 18 0 8 
      
 PALB2 ATM BARD1   
Risk 13 77 0   
 WIPF2 B3GALT2 AICF   
Control 19 0 17    

Total Number of mutations in each of 20 genes for Aims 1 to 4 in a population of 150 
women. Compares risk genes and “control” genes. Data taken from TCGA data portal. 

Table 11. Raw Data Summary for Mutations in TCGA: Prostate Cancer. 
 

APC CDKN2A CDK4 PTEN STK11 CDH1 PALB2 CHEK2 
Risk 5 1 0 8 0 1 0 1 
 NPB A3GALT2 NCR3 ALX3 STRIP1 GRLA1 PSMA8 WIPF2 
Control 0 0 0 0 0 0 0 0 

Total Number of mutations in each of 16 genes for Aims 1 to 4 in a population of 150 
men. Compares risk genes and “control” genes. Data taken from TCGA data portal. 

Table 12. Raw Data Summary for Mutations in TCGA: Ovarian Cancer. 
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APC CDK4 PTEN CDH1 BMPRIA SMAD4 CHEK2 ATM 

Risk 6 0 2 1 3 3 3 2 
 NPB A3GALT2 NCR3 ALX3 STRIP1 GRLA1 PSMA8 WIPF2 
Control 0 0 0 0 1 0 0 2 
         
 BARD1      
Risk 0        
 B3GALT2       
Control 0        

Total Number of mutations in each of 18 genes for Aims 1 to 4 in a population of 150 
women. Compares risk genes and “control” genes. Data taken from TCGA data portal. 

Table 13. Raw Data Summary of “C to T Base Pair Substitutions” per C in TCGA: 
Uterine Cancer. 

 
Number of C to T 
Substitutions Number of C's Mutations per C 

Risk Genes   
BRCA1 13 27484 0.000473002 
BRCA2 26 15822 0.001643282 
APC 43 26108 0.001647005 
CDH1 7 23325 0.000300107 
BMPR1A 2 35124 5.69411 x 10-5 
PALB2 4 8442 0.000473821 

 13 18266.14286 0.00058862 
Control Genes   
NPB 0 1085 0 
A3GALT2 0 4074 0 
NCR3 1 1390 0.000719424 
ALX3 1 3477 0.000287604 
STRIP1 6 11118 0.000539665 
PSMA8 3 11282 0.00026591 

 1.571428571 4632.285714 0.000258943 

Average Number of C to T Mutations 12 genes for Aim 4 in a population of 150 women. 
Compares risk genes and “control” genes. Data taken from TCGA data portal. 
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