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ABSTRACT

KEYWORDS: Sequence neighborhoods; Driver and passenger mutations;

Machine Learning; Cancer.

Identifying cancer-causing mutations from sequenced cancer genomes hold much

promise for targeted therapy and precision medicine. “Driver” mutations are pri-

marily responsible for cancer progression, while “passengers” are functionally

neutral. Although several computational approaches have been developed for

distinguishing between driver and passenger mutations, very few have actually

concentrated on utilizing the raw nucleotide sequences surrounding a partic-

ular mutation as potential features for building predictive models. Using ex-

perimentally validated cancer mutation data in this study, we explored various

string-based feature representation techniques to incorporate information on the

neighborhood bases immediately 5’ and 3’ from each mutated position. Den-

sity estimation methods showed significant distributional differences between

the neighborhood bases surrounding driver and passenger mutations. Binary

classification models derived using repeated cross-validation experiments gave

comparable performances across all window sizes. Integrating sequence fea-

tures derived from raw nucleotide sequences with other genomic, structural and

evolutionary features improved the model’s overall predictive power in identify-

ing pathogenic variants from five independent validation datasets. An ensemble

predictor obtained by combining the predictions from two other commonly used

driver prediction tools (CONDEL and Mutation Taster) outperformed existing

pan-cancer models in prioritizing a literature-curated list of driver and passenger

mutations. Using the list of true positive mutation predictions derived from our

model, we identified a list of 138 known driver genes with functional evidence

from various sources. Overall, our study underscores the efficacy of utilizing raw

nucleotide sequences as features to distinguish between pathogenic and neutral

variants from sequenced cancer genomes.
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CHAPTER 1

Introduction

Cancer is caused due to accumulation of somatic mutations during the lifetime

of an individual (Stratton et al., 2009). These mutations can be due to both

endogenous factors such as mistakes during DNA replication or exogenous fac-

tors such as substantial exposure to mutagens (tobacco smoking, UV light, etc)

(Samet, 1989; Drake, 1969; Zhu et al., 2017a). These somatic mutations can be

of different types ranging from single-nucleotide variants (SNVs) to insertions

and deletions (INDELs), copy-number aberrations (CNAs), and large genomic

alterations known as structural variants (SVs) (Raphael et al., 2014). Due to the

advent of high-throughput sequencing, the identification of somatic mutations

from sequenced cancer genomes has become easier. Whole-genome sequenc-

ing can comprehensively reveal all types of somatic mutations in the genome. In

contrast, whole-exome sequencing concentrates only on the coding region of the

genome and is cost-effective. Identifying cancer-causing mutations from large

sequencing data is usually considered the first step towards precision oncology,

where a cancer treatment can be adjusted based on the patient’s mutational

landscape (Garraway, 2013).

1.1 Somatic mutations in cancer

The clonal theory of cancer (Nowell, 1976) states that all cancerous cells start

from a single cell where the first driver mutation had occurred. This is followed

by subsequent cell divisions and positive selection, leading to a tumor containing

a majority of cancer cells containing driver mutations (Figure 1.1). But not all

somatic mutations are equally responsible for the development of cancer. Each

somatic mutation in the cancer cell can be classified according to its contribu-

tion to the disease’s overall progression. Driver mutations are the ones that are

positively selected and confer a growth advantage on the cancer cells (Stratton



et al., 2009). On the other hand, passenger mutations neither offer any growth

advantage nor contribute to overall cancer development. They are the “biologi-

cally inert” group of mutations that are present in the final tumor (Stratton et al.,

2009).

Figure 1.1: Contribution of both endogenous and exogenous factors to the over-
all mutational burden.

A cancer gene, by definition, carries a mixture of both driver and passenger

mutations. A central aim in cancer genomics research is to distinguish between

the two. With the advent of whole-genome sequencing studies, it has become

increasingly easier to screen tens of thousands of samples and search for func-

tional elements in the protein-coding genes, intergenic and intronic regions, etc.

This task is challenging because of the substantially higher number of passenger

mutations as compared to drivers.

1.2 Detection of somatic mutations in a cancer genome

Large-scale cancer genome sequencing projects led by consortia such as the In-

ternational Cancer Genome Consortium (ICGC) (Zhang et al., 2011) and The

Cancer Genome Atlas (TCGA) (Weinstein et al., 2013) employ whole-genome

2



and whole-exome sequencing thousands of samples. Whole-exome sequencing

provides a more targeted approach and provides more in-depth coverage of the

individual genomes but at the cost of ignoring the non-protein-coding regions.

Despite dramatic advances, DNA sequencing technologies still face significant

limitations in identifying and prioritizing somatic mutations from a heteroge-

neous collection of cancer and normal cells. Tumor purity is defined as the pro-

portion of cancer cells in the given tumor. An accurate estimation of the tumor

purity is, therefore, essential in the detection of somatic mutations.

1.2.1 Tumor purity estimation

Most of the major DNA-sequencing technologies produced by Illumina, Ion Tor-

rent, 454, Pacific Biosciences, and others produce millions of short sequences

known as reads mostly 50-100 bp in length. Detection of somatic mutations

involves aligning the reads to the reference genome and identifying the differ-

ences. A matched normal sample from the same individual is also aligned with

the reference genome to differentiate between somatic and germline mutations.

Sequencing artifacts are the most common source of noise that is introduced

in the experiments described above. These include GC-bias, strand bias, PCR

duplicates, skipped bases resulting in apparent insertions and deletions among

others (Ding et al. (2012)). This results in many false-positives (incorrectly iden-

tified variants) and false-negatives (missing variants). Bulk tumor-sequencing

studies contain a mixture of both normal and cancer cells. Contamination of

normal cells results in a reduced signal (low sensitivity and specificity) for de-

tecting high-confidence somatic mutations. This phenomenon is also referred

to as intra-tumor heterogeneity. Some of the most commonly used tools for

somatic mutation detection and tumor purity estimation of sequenced whole-

genomes/exomes are shown in Table 1.1.

1.2.2 Computational prioritization of somatic mutations

Once we have determined the set of somatic mutations in a sequenced cancer

genome, the next step is to identify driver mutations responsible for the disease

3



Commonly used tools for somatic mutation detection
Data Tool name Description Reference
SNV MuTect Works for both whole genome and

whole exome sequencing data and can
detect low-frequency variants

Cibulskis
et al. (2013)

SNV VarScan 2 A platform-independent tool that
works for both whole-genome and
whole-exome sequencing data and
only calls variants that passes a prede-
fined threshold for base quality, read
depth and allele frequency.

Koboldt et al.
(2012)

SNV Strelka A Bayesian approach for identifying
somatic variants not requiring purity
estimates beforehand. Maintains a
high frequency even for impure sam-
ples.

Saunders
et al. (2012)

CNA BreakDancer Detects structural variants by cluster-
ing paired-end reads.

Chen et al.
(2009)

Commonly used tools for tumor purity estimation
SNV ABSOLUTE Uses an outlier detection method to

detect subclonal heteregenity.
Carter et al.
(2012)

CNA THetA Able to detect multiple tumor subpop-
ulations if they differ by copy number
aberrations.

Oesper et al.
(2013)

Table 1.1: Commonly used tools for somatic mutation detection and tumor pu-
rity estimation

progression. Distinguishing between the deleterious driver mutations and the

neutral passengers solely based on the type of mutation (C>A, T>G, CTG>CGA,

and others) is very difficult since the effect of most mutations is not well under-

stood, (Raphael et al., 2014) and this holds even in the simplest case of single

nucleotide variants present in the coding regions of well-studied protein-coding

genes. There are primarily three approaches for in silico prioritization of driver

mutations from sequenced cancer genomes; recurrence, functional impact, and

commonly affected pathways (Figure 1.2).

1.2.3 Recurrent single point mutations

One common approach to prioritize driver mutations is to identify recurrent

mutations. By definition, recurrent mutations are those variations in the cancer

genome (at the level of a single nucleotide, a codon, a single gene, or a pathway)

4



Figure 1.2: The three main approaches for identifying driver mutations

that occur more than what is expected by chance, according to a Background

Mutation Rate (BMR) (Vogelstein et al., 2013). The calculation of the BMR is

central to exploring the recurrence concept. It is also defined as the probability

of observing a passenger mutation at a particular genomic location. The BMR

calculation is non-trivial and is often complicated by a variety of factors, some

of which are listed below:

• The BMR is not constant across samples, (Cancer Genome Atlas Research
Network et al., 2008) and calculation are often difficult for hypermutated
samples.

• Certain genomic regions are more prone to localized hypermutation, also
known as kataegis (Nik-Zainal et al., 2012).

• The BMR varies across the genome and depends on the nucleotide con-
text (Sjöblom et al., 2006) and the mutation type (Cancer Genome Atlas
Research Network et al., 2011).

Inaccurate estimation of the BMR eventually leads to a large number of false

positives and false negatives. This issue is somewhat non-existent for well-

known cancer genes such as TP53, which are recurrently mutated in many sam-

ples and are easily identified by most driver gene detection algorithms. However,

the real challenge lies in identifying rarely mutated genes that do contribute to

cancer progression. Hence, either an accurate estimation of the BMR or the large

sample size is often necessary to identify rare driver genes.

1.2.4 Functional impact prediction

In addition to the recurrence approach, another method of distinguishing be-

tween driver and passenger mutations involves predicting the functional impact

of a mutation using additional information about the sequence context, protein

5



structures, etc. These methods are applied mainly on non-synonymous SNVs

that affect the corresponding amino acid and consequently the final protein

product. Tools that predict germline mutations’ functional impact include SIFT

(Kumar et al., 2009), PROVEAN (Choi et al., 2012) and Polyphen-2, (Adzhubei

et al., 2010). Some of recent methods such as CHASM (Carter et al., 2009),

Oncodrive-FM (Gonzalez-Perez and Lopez-Bigas, 2012) and MutationAssesor

(Reva et al., 2011) also focuses on somatic mutations. Clustering of known mis-

sense mutations in particular genomic positions, such as the V600E mutation in

BRAF, (Davies et al., 2002) can also be used to predict the functional impact of

cancer variants.

1.2.5 Identification of altered pathways

Interaction between genes and proteins in the form of signaling networks are

often affected by somatic mutations (Hanahan and Weinberg, 2011). Identifica-

tion of patterns of mutational recurrence from these complex networks is often

not straightforward. Some genes might be mutated with very low frequency

than others to show any statistical significance. One popular method known

as the Gene Set Enrichment Analysis (GSEA) (Subramanian et al., 2005) mea-

sures whether the given set of genes has more high-ranking genes than random.

More sophisticated methods such as PathScan (Wendl et al., 2011) evaluates

the patient-wise mutational enrichment in a given gene set. Examining muta-

tions in known gene sets across large-scale protein-protein interaction network

databases is also a popular method to prioritize driver mutations. The STRING

database (Franceschini et al., 2012) is one such database that is often used for

this purpose. HotNet (Vandin et al., 2011) identifies subnetworks from large

interaction networks with significantly more mutations than random. A list of

some of the most commonly used driver prioritization tools and their respective

categories (recurrence, functional impact, and pathways) is shown in Table 1.2.
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Figure 1.3: TCGA database containing list of cancer-causing mutations from
large-scale sequencing studies (https://portal.gdc.cancer.
gov/)

1.3 Cancer mutation databases

To build our predictive models, we use two of the most commonly used cancer

mutation databases to build our training set. A summary explaining the structure

and content of both the databases is given below.

1.3.1 The Cancer Genome Atlas (TCGA)

The Cancer Genome Atlas is a publicly available database containing normal-

tumor matched sequencing data from over 84,000 patients spanning 68 differ-

ent cancer types. For our study, we are mainly interested in single nucleotide

variants (SNVs). It is fairly straightforward to find SNVs for a particular tissue

type in TCGA. The list of SNVs has annotations obtained using tools like the

Polyphen-2, SIFT, and VEP. This database also contains information regarding

the consequence type, such as “missense variant”, “upstream gene variant” etc.

The variant files are available mainly in the “vcf” or “maf” format. The VCF or

the “Variant Calling Format” is used to store the variation in the gene sequence

in text-based format. The MAF or the “Mutation Annotation Format” is similar

to the VCF format but also contains the mutation annotation information.

8

https://portal.gdc.cancer.gov/
https://portal.gdc.cancer.gov/


1.3.2 Catalog of Somatic Mutations In Cancer (COSMIC)

The Catalogue of Somatic Mutations in Cancer (COSMIC) is the single largest

curated source of somatic mutations belonging to different cancer types. Data

in COSMIC are regularly collected from peer-reviewed large scale sequencing

studies, other databases such as the TCGA (Weinstein et al., 2013) and the ICGC,

(Zhang et al., 2011) and the Cell Lines Project, based at the Wellcome Sanger In-

stitute (Iorio et al., 2016). This list is regularly updated, and newer cancer genes

and their associated variants are added. Some of the most commonly used dedi-

cated tools such as the Genome Browser (https://cancer.sanger.ac.uk/

cosmic/browse/genome), Cancer Browser (https://cancer.sanger.ac.

uk/cosmic/browse/tissue), Hallmarks of Cancer

(https://cancer.sanger.ac.uk/cosmic/census-page/pten), Cancer

Gene Census (https://cancer.sanger.ac.uk/census), COSMIC-3D

(https://cancer.sanger.ac.uk/cosmic3d), and Mutational Signatures

(https://cancer.sanger.ac.uk/cosmic/signatures) help us explore

the database. For our purposes, however, we focused on the dataset titled

“COSMIC Mutation Data” that contain a tab-separated list of coding variants

for >30 different cancer types. Mutations are available for both the GRCh37

and GRCh38 genome build. Figure 1.4 above summarizes the data curation pro-

cess for COSMIC from different sources and the various available tools for users.

1.4 Commonly used features for distinguishing be-

tween driver and passenger mutations

Efficient feature representation is central to building any predictive models. In

the following section, we discuss some of the commonly used features to distin-

guish between driver and passenger mutations from large-scale cancer sequenc-

ing studies.
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Figure 1.4: COSMIC data curation process and the available tools for exploring
the database

1.4.1 Genomic and conservation features

The following gene-based features have been used to understand the effect of

missense variants on cancer progression.

• Gene size: The size of the coding region of a gene and the mutation rate of-
ten co-vary, which can be estimated from the NCBI Consensus CDS project.
Theoretically, a gene with a larger coding region will be more susceptible
to mutations, but other factors such as location and GC content also influ-
ence the mutation rate.

• Potential sites for mutations: The number of possible sites for a single
nucleotide substitution (C>T) to occur can be used to study the impact of
mutations. There are three point substitutions possible for each nucleotide
position.

• Nucleotide composition: The proportion of the four nucleotides in the cod-
ing region of a gene.

• CpG dinucleotides: Genes having a higher proportion of CpGs have a
higher mutation rate and consequently a higher proportion of missense
mutations (Millar et al., 2002).

• Evolutionary conservation: Some studies have indicated a direct corre-
lation between mutation rate and evolutionary conservation of a gene
(Michaelson et al., 2012). Conservation scores such as the phyloP scores
(Pollard et al., 2010) are derived from multiple sequence alignments of
vertebrate genomes. Mutations at conserved sites lead to more deleterious
outcomes than in non-conserved regions.
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• Gene expression levels: Mutation density is defined as the proportion of
the total number of mutations in the coding region of a gene. Some studies
have shown a negative correlation between the gene expression level and
mutation density (Hodis et al., 2012; Park et al., 2012a).

• Chromatin accessibility: Some studies have established the relationship
between mutability of a region in the genome and chromatin accessibility
(Thurman et al., 2012). Formaldehyde-Assisted Isolation of Regulatory
Elements sequencing (FAIRE-seq) data uses a peak-calling algorithm to
analyze open chromatin regions in the genome.

1.4.2 Consequence-based features (for coding regions only)

The ENSEMBLE Variant Effect Predictor (VEP) can be used to extract character-

istic features for specific genomic locations. These include transcript features,

changes in amino acid, allele frequencies, and scores from variant pathogenicity

prediction tools such as SIFT and PolyPhen-2.

1.4.3 Sequence-based features

Several studies have indicated a relationship between the local DNA-sequence

context and the mutation rate (Rogozin et al., 2018; Hodgkinson and Eyre-

Walker, 2011; Stratton et al., 2009). The maximum variation in mutation rate

has been shown to be dependent on the sequence context (Michaelson et al.,

2012). A similar observation has been made for germline mutations as well

(Carlson et al., 2018). To sum up, mutation rate can be affected by the local

DNA context, histone modifications, GC content, CpG dinucleotides etc. In the

later chapters, we will explore how to utilize the adjacent nucleotide context to

predict the pathogenicity of cancer-causing mutations.

1.5 Objectives

In this study, we aim to utilize the neighborhood sequence context to predict

the pathogenicity of cancer-causing mutations. Broadly, our objectives were as

follows:

11



• To explore different nucleotide sequence-based feature representations and
use the same to study the underlying distributional differences between
driver and passenger mutations.

• To develop a novel machine learning-based driver mutation prediction al-
gorithm, NBDriver, that utilizes the sequence context and other structural,
genomic and evolutionary features to differentiate between drivers and
passengers.

• To study the effect of the combination of various mutation effect predictors
on the overall predictive power of the model in differentiating between
driver and passenger mutations.

1.6 Organization of the thesis

The rest of the thesis is organized as follows: Chapter two provides a review

of the literature and a brief background of the current work. Chapter three

discusses our approach for studying sequence-based features for identification

of driver mutations and integration of the same with other genomic features to

build a robust machine learning model. Finally, chapter four concludes the thesis

and discusses some possible future directions.
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CHAPTER 2

Background and Related Work

This chapter serves as a brief introduction to the different machine learning

(ML) models used in Chapter 3 and a broad overview of a few recently published

sequence-context-based driver prioritization models.

2.1 Machine Learning methodology

ML is a branch of computer science that deals with developing algorithms that

have the ability to learn and improve from experience. The input data for ML

algorithms is usually of the form (X, y), where X denotes the set of variables

or features and y denotes the output. The output can be either discrete (for

classification problems) or continuous (for regression problems). The main goal

of machine learning algorithms is to find a mapping/function that best maps the

input features (X) to the output variables y. Broadly, ML can be divided into

two categories: supervised and unsupervised learning.

2.1.1 Supervised learning

Supervised learning refers to a subtype of ML algorithms that require labeled

training data to derive a mapping function from a set of training examples. The

inferred function can be used to map new test instances. These algorithms are

judged based on the average squared error (for regression) or fraction of mis-

classified instances (for classification). In this scenario, a possible supervised

learning approach will derive a function that uses a set of mutational features

to predict whether a given mutation is driver/passenger. This approach can be

implemented for tissue-specific (e.g., lung, breast, kidney, etc.) cancer samples

or a pan-cancer framework.



2.1.2 Unsupervised learning

Unsupervised learning does not require labeled training data for learning pur-

poses. They are mainly used to find patterns in the training data (such as clus-

ters) and reduce redundant features in a high-dimensional training set. Some

studies have explored the concept of clustering of driver mutations in specific

regions of cancer genomes using unsupervised learning techniques (Tamborero

et al., 2013; Arnedo-Pac et al., 2019).

2.2 Feature representation

ML algorithms cannot take raw sequence-based data directly as input. We have

to map them to some numerical format using different feature transformation

techniques. Since we are dealing with raw sequence data consisting of four let-

ters (A, T, G, and C), we used three of the most commonly used feature mappings

for string variables.

2.2.1 One-hot encoding

In one-hot encoding, we represent each categorical variable as a binary vector.

The number of levels (or types) of the categorical variable is used to decide the

length of the vector. For instance, a single DNA nucleotide can be represented

as a binary vector of size 4 containing all zero values except the index of that

nucleotide, which can be marked as 1. Thus “A” can be encoded as [1, 0, 0, 0],

“G” as [0, 1, 0, 0], “C” as [0, 0, 1, 0] and “T” as [0, 0, 0, 1]. So, the nucleotide

sequence “ATT” can be represented as the binary vector (100000010001). It

must be noted that if there exists an ordinal relationship between the categories,

then one-hot encoding must be avoided and integer encoding must be adopted.

14



2.2.2 Bag-of-Words model

As discussed in the previous section, we cannot feed text as input directly to

ML algorithms. A simple yet effective model to represent text-based features in

machine learning is called the Bag-of-Words model, or BoW. In this model, the

order of words in a given document is not considered at all, and instead the

focus is placed on the occurrences of words. A word matrix is then constructed,

where sentences are represented as rows and all possible words in the document

(or vocabulary) are represented as columns. Each entry in the matrix is then

populated with the count or frequency of words in the document. The two most

popular ways to calculate each word’s count or frequency in the word matrix are

discussed below.

2.2.3 Bag-of-Words for DNA nucleotide sequences: Overlap-

ping k-mers

A sequence of k consecutive nucleotides composed of DNA nucleotides or amino

acids is called a k-mer. The frequency of a set of k-mers of a given size in a

particular species’ genome can be used as a signature of the underlying genomic

sequence. There are different factors affecting the frequency of a k-mer of a

given size and some of them are listed below.

k=1

In its most basic form, when k=1, there are four nucleotides - A, T, G and C.

Due to the extra hydrogen bond between G and C, GC bonds are more thermally

stable than the AT bonds. As a result, there is a higher proportion of G and C

bases as compared to A and T (GC content) in a mammalian genome.

k=2

Unlike GC content, which displays a significant variation, dinucleotide biases

are more or less constant throughout the genome. CpG sites are regions in the
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genome where a cytosine is followed by a guanine in the 5’-3’ direction. CpG

islands have a high concentration of CpG sites. Methylation of CpG dinucleotides

can cause a change in the gene expression. Studies have shown that the loss

in expression of cancer genes is sometimes due to methylation of CpG islands

(Illingworth et al., 2010).

k=3

There are 64 distinct 3-mers that represents each amino acid. These are also

known as codons. A particular amino acid can be represented by multiple codons.

The differences in the frequency of codons in the coding DNA is also known as

the Codon Usage Bias (or CUB) (Hershberg and Petrov, 2008). Proper distinc-

tion must be made between the frequency of 3-mers and the codon usage bias.

k=4

It has been shown that phylogenetically similar organisms share similar tetranu-

cleotide frequencies to maintain genomic stability (Perry and Beiko, 2010).

Overlapping k-mers

The overlapping list of k-mers from a DNA sequence is obtained by extracting

the first k characters followed by shifting one nucleotide at a time before the

start of the next k-mer. Any sequence of length n will contain n−k+1 k-mers. A

diagram showing all possible k-mers (k=1, 2, 3, 4) from an arbitrary sequence

of length eight is shown in Figure 2.1.

2.2.4 Count vectorizer

The simplest way to tokenize a set of documents, construct a vocabulary and

encode a new document is through a vectorization technique called Count vec-

torizer. The encoded vector output is of the same size as the vocabulary and

contains the integer frequency of each word in the document. Figure 2.2 shows

16



Figure 2.1: All possible overlapping 1-mers, 2-mers, 3-mers and 4-mers from the
given sequence

Figure 2.2: Construction of a word matrix using a Count vectorizer

the construction of a word matrix using the Count vectorizer.

2.2.5 TF-IDF vectorizer

The TF-IDF vectorizer stands for Term Frequency- Inverse Document Frequency

Vectorizer. This algorithm is mostly used to represent how important a particular

word is for the entire corpus. It has two essential parts.

• Term Frequency (TF): It is essentially the raw count of a particular word
in a document.

• Inverse Document Frequency (IDF): This quantity measures whether a par-
ticular word is common/rare in the given corpus. It is the logarithmic ratio
between the total number of documents in the corpus and the number of
documents containing the given term. Thus, rarer words are given a higher
IDF score as compared to common words.

Finally, the TF-IDF score of a particular term is the product of the Term Fre-

quency (TF) and the Inverse Document Frequency (IDF). Figure 2.3 shows the

construction of a word matrix using the TF-IDF vectorizer.

17



Figure 2.3: Construction of a word matrix using TF-IDF vectorizer

2.3 Density estimation

Density Estimation is a technique to construct an unknown underlying probabil-

ity distribution from a given data set (Figure 2.4). Before going into the details

of how the estimation of an unknown probability distribution is derived, let us

look at a few basic underlying concepts.

2.3.1 Probability density

Probability density is the relationship that exists between the outcome of a ran-

dom variable X and its probability. For a continuous random variable X, the

shape of the density function across the entire domain of X is known as its

probability distribution. We can calculate the mean and variance of a random

variable from the probability distribution. However, the underlying distribution

is often not available to us since we don’t have access to all possible outcomes of

a random variable X. Only a sample of observations is given to us. Hence, we

need to estimate the density function from the sample of observations available.

Figure 2.4: A density estimator inputs a D-dimensional data set and outputs the
estimated D-dimensional probability distribution

18



2.3.2 Histograms

In the simplest case, for 1-D data, we use a 1-D density estimator or a histogram.

The data are divided into discrete bins and the frequency of the data points

in each bin is calculated. An intuitive visualization process is also adopted to

interpret the results. Figure 2.5 shows a histogram representing data drawn

from two Gaussians, N(µ1, σ1) and N(µ2, σ2).
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Figure 2.5: A histogram representing data drawn from two Gaussians (Vander-
Plas, 2016)

One of the major issues with histograms is that if we choose a different size

of bins then we will get qualitatively different representations of the data. For

instance, with just 20 points from the same data set and with a different choice of

binning can lead to a different interpretation of the data as shown in Figure 2.6.

On the left, we can see that the histogram represents a bimodal distribution but

on the right we observe an unimodal distribution. The surprising fact is that

these two histograms were built on the same data.

2.3.3 Parametric density estimation

Certain standard distributions repeat across domains, and the shape of the his-

tograms will often match a well-known probability distribution. If we can iden-

tify the distribution from its shape, we can estimate the distribution parameters
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Figure 2.6: Choice of binning may lead to an entirely different qualitative repre-
sentation of the same data (VanderPlas, 2016)

from the given sample of data points. This process is also known as parametric

density estimation. Figure 2.7 displays an example of the parametric density es-

timation where histogram of the original data sample is plotted along with the

estimated PDF.

2.3.4 Non-parametric density estimation

In some cases, we might not be able to represent our data sample with com-

mon probability distributions. Pre-defined distributions are often absent in such

cases, and alternative methods also referred to as non-parametric methods are

required to estimate the PDF. The most common non-parametric approach is

known as kernel density estimation. One important point to note is that non-

parametric methods do not mean an absence of parameters but that the number

of parameters is not fixed a priori. A kernel density estimator has two parame-

ters: the kernel, which is used to specify the shape of the PDF, and the bandwidth,

which acts as a smoothing parameter controlling the kernel size at each point.

Figure 2.8 shows an example of a kernel density estimation plot for a bimodal

data sample.
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Figure 2.7: Parametric density estimation where histogram of the original data
sample is plotted along with the estimated PDF (represented by the
line plot)

2.4 Brief overview of the binary classifiers used in

this study

2.4.1 KDE-based classifier

Generative classifiers model the joint probability distribution P (X, Y ) for a given

set of features X and the observed variable Y . The main steps for generative

classification are given as follows:

1. Split the data set into train and test.

2. For the training set, split the data by the two-class labels (for binary classi-
fication).

3. For each of the split, derive a generative model by fitting a density estima-
tion algorithm like KDE. Thus, for any observation x and label y, calculate
the likelihood P (x|y).
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Figure 2.8: Kernel density estimation for a bimodal data sample displaying both
the histogram and the estimated density function plot

4. Now calculate the class prior P (y) which denotes the fraction of samples
of each class in the training set.

5. Take an unknown point x from the test set and calculate the posterior
probability of each class P (y|x) ∝ P (x|y)P (y). Now assign that class as
the label which maximizes this posterior.

It is also important to note that the Kernel Density Estimator’s best parame-

ters, i.e. bandwidth and kernel are selected through a cross-validation based grid

search technique using the training data only.

2.4.2 Balanced random forest classifier

Random Forests (Breiman, 2001) are one of the most powerful ensemble tech-

niques in machine learning. Bagging or Bootstrap Aggregating works by com-

bining the predictions from different models fitted on randomly sampled subsets

of the training data. Random Forests apply the bagging technique on the feature
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space to introduce randomness (Figure 2.9). This random sampling of features,

also known as feature bagging, from the feature space reduces the overall vari-

ance of the model. An extension of the random forest algorithm for imbalanced

data sets involves a scenario where a balanced bootstrap sample is provided to

each tree of the forest. This is also known as the Balanced Random Forest Classi-

fier (Chen et al., 2004).

Dataset

Decision Tree-1

Result-1

Decision Tree-2

Result-2

Decision Tree-N

Result-N

...........

Majority Voting / Averaging

Final Result

Figure 2.9: A Random forest classifier made up of an ensemble of decision trees

2.4.3 Extremely randomized trees classifier

As mentioned above, random forests use bootstrap subsets of both training data

and feature space to introduce randomness. Extremely Randomized Trees (or

Extra-Trees) goes a step further by randomly picking the thresholds for splitting

the different features in addition to considering random features. Although it

introduces more variance at the cost of a higher bias, it does not look for an

optimum like “traditional” random forests, and is therefore faster to train.
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2.4.4 Support vector machine

An SVM is a separating hyperplane based classification technique that tries to

maximize the distance between the nearest data points (from either class) by

solving an optimization function (Figure 2.10). The data samples that are closest

to the separating hyperplane or the decision boundary are known as support

vectors. The distance between the support vectors and the separating hyperplane

is also known as the margin and increasing the margin results in lower variance

and higher generalizability. Parameters such as the slack variable C controls the

width of the margin and must be tuned properly to avoid overfitting.

Support 
Vector

Support 
Vector

Support 
Vector

Figure 2.10: A Support vector machine selects the hyperplane that maximizes
the margin

24



2.5 Evaluation metrics

To evaluate the performance of binary classifiers, we first construct a confusion

matrix and use that to calculate the performance metrics. Accuracy is one such

metric that tells us the fraction of correctly classified examples from our data.

However, for an imbalanced classification problem, higher accuracy can be due

to a model predicting all samples from the test set as belonging to the majority

class. Hence, even a classification accuracy of 99% for a highly skewed data

set is often misleading. To surmount this problem, we use a variety of other

performance metrics that are immune to class imbalance. One such metric is

the Mathews Correlation Coefficient (or MCC), which takes into account all the

four confusion matrix (Figure 2.11) categories and is usually a preferred way to

judge a classifier’s performance that has been trained on imbalanced data.

Positive Negative

Positive True 
Positive 
(TP)

False
Negative
(FN)

Negative False
Positive
(FP)

True 
Negative
(TN)

Predicted Class

Actual Class

Figure 2.11: Confusion matrix (or error matrix) used to judge the performance
of a classifier

Metric Formula
Sensitivity (or Recall) TP/(TP + FN)

Specificity (or True Negative Rate) TN/(TN + FP )
Positive Predictive Value (or PPV) TP/(TP + FP )

Negative Predictive Value (or NPV) TN/(TN + FN)
Mathews Correlation Coefficient (or MCC) TP×TN−FP×FN√

(TP+FP )(TP+FN)(TN+FP )(TN+FN)

Composite Score (or CS) Sensitivity + Specificity + PPV +NPV

Table 2.1: Commonly used classification metrics and their formulation

We evaluated the performance of our classifiers by calculating each of the
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above mentioned metrics in Table 2.1. In addition, we also reported the Area

under the Curve (AUC) values which is derived by calculating the area under

the plot of True Positive Rate (TPR) vs False Positive Rate (FPR) under different

classification thresholds. AUC ranges from 0 to 1 and a higher AUC indicates

better classification performance. To compare our models’ performances with

that of other mutation effect predictors, we used a metric known as Composite

Score as shown in Table 2.1. The value of this metric ranged between 0 and 4

and provided a robust estimate of the classifier’s performance in distinguishing

between the two classes of mutations.

2.6 Voting ensembles

An ensemble classifier is a very powerful technique that is used to increase the

performance of ML models. A meta-classifier that is obtained by combining mul-

tiple ML models often produces a model that is better than each of the individual

models (Figure 2.12) (Dietterich (2000)).

C1 C2 C3 ..... Cm

P1 P2 P3 Pm.....

Voting Ensemble

Pf

Classification Models

Predictions

Final Prediction

Training data

Figure 2.12: Figure depicting the workings of an Ensemble classifier

A voting ensemble forms the simplest case of an ensemble classifier. Hard
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voting involves predicting the output ŷ based on a majority voting rule for each

classifier Ci, i.e., ŷ = mode{C1(x), C2(x), ..., Cm(x)}. In case a classifier outputs

the predicted probabilities in addition to the class labels, we can use soft voting

to obtain ensemble predictions. ŷ = argmaxi
∑m

j=1wjpij, where wj is the weight

assigned to the jth classifier and p are predicted probabilities. We can weigh the

predictions by 1
error

such that a model with a large error is given a lower weight

and vice versa. The resulting ensemble is more diverse because each learner

doesn’t contribute equally to the final predictions.

2.7 Related work

The effect of the neighborhood context of mutations within a cancer genome

on the overall progression of the disease is a relatively new concept and in this

section we discuss some of the recently published studies that have explored

this area of research. Cancer is caused due to the accumulation of somatic mu-

tations due to multiple mutational processes that are active during the course

of the disease (Stratton et al., 2009). But except for a few mutagens such as

tobacco in lung cancer, UV light in skin cancer or certain DNA mismatch repair

defects (MMR) in Hereditary Non-Polyposis Colon Cancer (HNPCC), the exact

cause of their occurrence is unknown. These mutational processes are said to

leave an imprint or a signature on the genome of a cancer patient. Identifying

these mutational signatures are of special interest in developing a personalized

approach to treat cancer.

Alexandrov et al. (2013) analyzed ∼4 million mutations from 7000 cancer

types and extracted more than 20 different mutational signatures. To under-

stand the concept behind mutational signatures, let us consider the mutations

in the TP53 gene for skin cancer. If we catalog all TP53 mutations across pa-

tients suffering from skin cancer, we will find that the majority of the mutations

in the TP53 gene are C>T which closely matches the observations from the ex-

periments carried out to study the effect of ultraviolet light on the rate of C>T

substitutions. The authors made a similar observation for smoking-related lung

cancer abnormalities and C>A substitutions. Basically, the TP53 gene bears the
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Figure 2.13: A typical mutational signature from the COSMIC database showing
the relative abundances of each of the 96 possible mutation types

mark or signature of the changes that first occurred in the human genome due

to exposure to specific mutagens.

In this study, the authors first explored the concept of mutational signatures

in the context of single base substitutions. There are primarily six classes of base

substitutions - C>A, C>T, C>G, T>A, T>C, T>G. Since it is not possible to dif-

ferentiate on which strand the mutation first occurred, complementary substitu-

tions such as G>T and C>A is indistinguishable from one another. For each of

the six classes, information regarding the 5’ and 3’ adjacent bases was extracted.

This resulted in a total of 96 distinct mutation types (A[C>A]A, T[C>A]A, etc.).

The total number of times a particular mutation type is observed constitutes

the mutational catalog. Statistical methods such as non-negative matrix factor-

ization were then used to extract 21 distinct mutational signatures. There was

an overall diverse representation of each of the 96 mutation types. However,

some signatures displayed a relatively high specificity of mutations type and nu-

cleotide context. Signature 10, for instance, contained only two out of the 96

possible substitutions. Signature 3, by contrast, exhibited a more or less equal

representation of most of the 96 mutation types. The signatures also displayed

a tissue-type specificity. Signatures 1A and 1B were present in 25 out of the

30 cancer types included on this study. Both were primarily made up of C>T

substitutions centered on an NpCpG mutational context. The phenomenon of lo-

calized hypermutation or clusters of C>T/C>G mutations at specific nucleotide

contexts is known as “kataegis”. Although the underlying mechanisms for most

mutational signatures is unknown, Nik-Zainal et al. (2012) postulated that the

enzymatic activity of the APOBEC enzyme family can be a possible reason for

the predominantly C>T and C>G substitutions for Signatures 2 and 13.

Considerable evidence suggests that the neighborhood nucleotide sequences
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have an effect on point mutations. Early studies by Cooper et al. (1995) based on

germline mutations have supported the hypermutability of CpG dinucleotides as

the primary reason for C>T substitutions. Subsequent work by Krawczak et al.

(1998) identified similar patterns for the remaining 11 types of point substitu-

tions. Zhao et al. (2002) investigated the substitution patterns and neighboring

nucleotide effects of ∼ 2 million SNPs publicly available through the National

Center for Biotechnology Information (NCBI). This study also enumerated the

effects of neighboring nucleotide sequences on various mutational and evolu-

tionary processes.

Krawczak et al. (1998) and Zhao et al. (2002) both observed a direct asso-

ciation between the influence of neighbors and the number of the flanking nu-

cleotide sequences used for the analysis (or distance from the mutated position).

Alexandrov et al. (2013), however, focused on the immediate flanking bases to

extract the mutational signatures. Recent work by Aggarwala and Voight (2016)

showed that a 7-mer sequence context accounted for a high proportion of the

variation in the mutation rate across samples. These results indicated that an

expanded sequence context could identify higher-order interactions leading to

an increase in the predictive power of model. Zhu et al. (2017b) used log-linear

modelling to identify specific sequence motifs affecting point mutations and con-

cluded that major effects of the neighborhood sequences on germline mutations

is concentrated around ±2 bp from the mutation position.

Recent studies have also focused on the effect of neighborhood nucleotide

sequences on the deleteriousness of cancer-causing mutations. Dietlein et al.

(2020) used whole-exome sequencing data from ∼ 11, 000 tumor-normal pairs

and extracted 460 driver genes using probabilistic models. They observed that

passenger mutations cluster in particular nucleotide contexts and mutations that

deviate from these contexts usually provide a signal in favor of driver mutations.

Using a 20-bp window size around the cancer-causing mutation, they identified

tumor-specific driver genes implicated in known oncogenic pathways. Agajanian

et al. (2019) integrated traditional machine learning models with deep convolu-

tional neural networks (CNN) for prediction of cancer driver mutations. First, a

CNN was trained using the neighborhood sequence features extracted using var-

ious string-based feature representation methods. Then the DNA-based scores
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generated by the CNN were integrated with other genomic features to derive the

final driver prediction model.

30



CHAPTER 3

Neighborhood features enable prediction of driver

and passenger mutations from sequenced cancer

genomes

In this chapter, we focus on identifying neighborhood-based features for predict-

ing driver mutations using machine learning approaches. First, we discuss the

techniques adopted for extracting raw nucleotide sequences from the neighbor-

hood of cancer-causing mutations. Then we use commonly used text vectoriza-

tion techniques to map the string-based features to a numerical format. After

generating the processed feature matrix, we build density models to understand

the differences in the distributions between driver and passenger mutations. Fi-

nally, we train binary classification models and validate them using independent

test sets.

3.1 Methods

3.1.1 Mutation datasets for building and evaluating the mod-

els

Our training data consisted of the list of missense mutations whose effects were

determined from experimental assays and were compiled in the study conducted

by Brown et al. (2019). In this study, missense mutations from 58 genes that

were pan-cancer based were combined from five different datasets (Table 3.1).

These mutations were presented as amino acid substitutions based on their

protein coordinates (eg. F595L, L597Q, etc). Since we were interested in study-

ing the effects of neighboring DNA nucleotide sequences, we had to map them

to their corresponding genomic coordinates (gDNA) for further analysis. We



Study Description
Olivier et al. (2002) Experimentally determined missense mutations

based on the functional transactivation activities.
“Functional” and “partially functional” mutations
were treated as “neutral” and “non functional”
mutations were treated as “non neutral”

Martelotto et al. (2014) Curated list of mutations based on experimen-
tal evidence collected from literature. Muta-
tions with documented evidence of deleterious-
ness were classified as “damaging” and those
without were considered “neutral”

Starita et al. (2015) Mahmood
et al. (2017)

Experimentally verified BRCA1 mutations and
their ability to participate in homology-directed
repair

Campbell et al. (2017) Drivers of hypermutation in DNA polymerase ep-
silon and polymerase delta genes (POLE/POLD1)

Ng et al. (2018) Annotated missense mutations based on their im-
pact on cell viability in Ba/FC and MCF10A mod-
els. Whenever the cell viability was higher than
the wild-type, the mutation was labelled “activat-
ing” or “non-neutral” and when it was similar to
the wild-type, it was labelled as “neutral”

Table 3.1: Combination of mutations from five separate studies into a single
dataset of missense mutations for training purposes

used the publicly available TransVar web-interface (Zhou et al. (2015)) for this

purpose. The final training set was made up of 5265 single nucleotide variants

(4131 neutral and 1134 non-neutral).

For external validation, we considered somatic mutation data from five dif-

ferent sources. First, we considered a literature curated list of 140 neutral and

849 non-neutral single nucleotide variants that were categorized on the basis of

functional evidence published by Martelotto et al. (2014) as part of the bench-

marking study to rank various mutation effect prediction algorithms.

Second, we used a subset of mutations published by the recently released

Cancer Mutation Census (CMC). The CMC (Tate et al., 2019) is a database that

integrates all coding somatic mutation data from the COSMIC database in an ef-

fort to prioritize variants driving different forms of cancer. It contains functional

evidence obtained using both manual curation and computational predictions

from multiple sources. For our validation experiments, we chose only single
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nucleotide variants that were classified as missense and were derived from the

CGC-classified list of tumor suppressor genes and oncogenes. Based on the var-

ious evidence criteria set forth by the database, we considered only mutations

categorized as tier 1, 2, and 3 for our study. From this list, we further removed

all overlapping mutations with our training set and derived a final set of 277

mutations for further analysis.

The Catalog of Validated Oncogenic Mutations from the Cancer Genome In-

terpreter (Tamborero et al., 2018) database contains a high confidence list of

pathogenic alterations compiled from several sources such as the DoCM (Ain-

scough et al., 2016), ClinVar (Landrum et al., 2016), OncoKB (Chakravarty et al.,

2017) and the Cancer Biomarkers Database (Tamborero et al., 2018). Only mis-

sense somatic mutations flagged as “cancer” were extracted for our validation

experiments. After removing all overlapping mutations with our training set, we

obtained a final list of 1628 driver mutations. This constituted our third vali-

dation set. The fourth validation dataset consisted of the list of top 50 hotspot

mutations reported in the comprehensive study done by Rheinbay et al. (2017).

In this study, mutation data was accumulated from the Pan-Cancer Analysis of

Whole Genomes (PCAWG) consortium and involved analyzing more than 2700

cancer genomes derived from more than 2500 patients. A total of 33 coding

missense mutations from five well known cancer genes: TP53, PIK3CA, NRAS,

KRAS, IDH1 were extracted from this study. Mao et al. (2013) published muta-

tion datasets to compute the ability of their driver prediction tool (CanDrA) to

predict rare driver mutations. These datasets were constructed using the follow-

ing criteria:

• GBM and OVC mutations that were reported in the COSMIC database only
once.

• The reported mutations had no other mutations within 3bp of their posi-
tion and were not part of either the training or test datasets for building
the machine learning model (CanDrA).

This final validation set was used to judge our model’s ability to predict rare

driver mutations based solely on the neighborhood sequences. After removing

all overlapping mutations with the training set, we obtained a total of 34 GBM

mutations and 38 OVC mutations. A summary of all the mutational datasets used
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Figure 3.1: Intersection between the five mutation datasets used for validation

in our study is available in Table 3.2. Except the rare driver mutation dataset

published by Mao et al. (2013), there is considerable overlap between the set of

mutations used to train/validate our model and COSMIC (v91) (Futreal et al.

(2004)). Figure 3.1 shows the intersection between the various mutational

datasets used to validate our machine learning model. As evident from this

figure, each dataset contributed a considerable amount of unique mutations for

testing the generalizability of the final model. All our predictions are derived

using the forward strand and were based on the GRCh37 (ENSEMBL release 87)

build of the human genome.

3.1.2 Feature extraction

Sequence-based features

We used the raw nucleotide sequences surrounding a mutation as features for

our analysis. Each unique mutation was represented as a triplet (Chromosome,
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Position, Type) where “Type” refers to one of the 12 types of point substitution

(A>T, A>G, A>C, T>A, T<G, T>C, G>A, G>C, G>T, C>T, C>A, C>G). We

then extracted the surrounding raw nucleotide sequences from the reference

genome for a given mutation position using the bedtools getfasta (5) command.

Window size for a particular mutation is defined as the number of nucleotides

upstream and downstream from the mutated position. Hence, considering all

possible window sizes between 1 and 10 and including the wild-type nucleotide

at the mutated position, we obtained nucleotide strings of length 3, 5, 7, 9,

11, 13, 15, 17, 19, and 21, respectively. We also considered the chromosome

number and the type of point substitution as features for our analysis. Now, for

particular window size, in order to map the nucleotide strings to a numerical for-

mat, we used the following two widely used feature transformation approaches

(Figure 3.2):

• One-hot encoding: Each neighboring nucleotide was represented as a
binary vector of size 4 containing all zero values except the index of that
nucleotide, which was marked as 1. Thus “A” was encoded as [1, 0, 0,
0], “G” as [0, 1, 0, 0] and so on. This particular feature representation
resulted in a feature space of size 8n +2, where n=1, 2, 3 ... 10. We used
the pandas function get_dummies() to perform this task.

• Overlapping k-mers: In this type of feature representation, the neighbor-
ing nucleotide string sequences for a given window size were represented
as overlapping k-mers of length 2, 3, and 4. For instance, an arbitrary se-
quence of window size 3 {ATTTGGA}, where ‘T’ is the wild type base at
the mutated position, can be decomposed into overlapping k-mers of size
2 {AT, TT, TT, TG, GG, GA}, 3 {ATT, TTT, TTG, TGG, GGA} and 4 {ATTT,
TTTG, TTGG, TGGA} respectively. To map these overlapping k-mers to
a numerical format, we applied two commonly used encoding techniques
known as CountVectorizer and TfidfVectorizer. The CountVectorizer re-
turns a vector encoding whose length is equal to that of the vocabulary
(total number of unique k-mers in the data set) and contains an integer
count for the number of times a given k-mer has appeared in our dataset.
A Term Frequency – Inverse Document Frequency (TF-IDF) vectorizer as-
signs scores to each k-mer based on

– how often the given k-mer appears in the dataset

– how much information the given k-mer provides, i.e., whether it is
common or rare in our dataset.

The derivation of both the TFIDF and The Count vectorizer scores were im-

plemented in Python using the feature_extraction module from Scikit-

learn. The final processed training set used to build the machine learning models
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Window Number of Number of k-mers possible for a given k-mer size
size one-hot

encoded
features

k=2
(|
∑
|=16)

k=3
(|
∑
|=64)

k=4
(|
∑
|=256)

w=1 8 2 1 0
w=2 16 4 3 2
w=3 24 6 5 4
w=4 32 8 7 6
w=5 40 10 9 8
w=6 48 12 11 10
w=7 56 14 13 12
w=8 64 16 15 14
w=9 72 18 17 16

w=10 80 20 19 18

Table 3.3: Number of one-hot encoded features and possible k-mers for a given
window size. The size of the vocabulary is given in brackets

was represented as a matrix of size mn, where m = total number of coding point

mutations and n = size of the vocabulary. The matrix entries were basically the

TF-IDF or the CountVectorizer scores. The number of one-hot encoded features,

k-mers, and the size of the vocabulary possible for each window size is shown in

Table 3.3.

Descriptive genomic features

In addition to the neighborhood features, a set of 29 features (Table 3.4) previ-

ously used to train the cancer-specific driver missense mutation annotation tool,

CanDrA (Mao et al., 2013) were extracted from the following three data portals:

CHASM’s SNVBox (Carter et al., 2009), Mutation Assessor (Reva et al., 2011)

and ANNOVAR (Wang et al., 2010). Among them were conservation scores,

amino acid substitution features, exon features, and functional impact scores

computed by algorithms such as VEST (Carter et al., 2013) and CHASM (Carter

et al., 2009). A tiny fraction (0.1%) of the UniProtKB annotations were not avail-

able from the SNVBox database for our training data. We used the k-nearest

neighbors based imputation technique to substitute the missing features with

those of the nearest mutations within the same gene. Our external validation

datasets were free from any missing information.
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Figure 3.2: A diagram representing the features derived from the neighborhood
nucleotide sequences of the point mutations for an arbitrary window
size of 4

Table 3.4: List of the descriptive genomic features used to train our machine
learning models (* denotes the features that were among the top 50
features used to derive NBDriver)

Features Source Significance

UniprotDOM_PostModEnz* SNVBox Site in an enzymatic domain respon-

sible for any kind of post-translational

modification

ExonSnpDensity* SNVBox The number of SNPs in the exon

where the mutation is located divided

by the length of the exon.

HMMPHC* SNVBox Calculated based on the degree of con-

servation of the residue, the mutation

and the most probable amino acid in a

match state of a hidden Markov model

built with SAM–T2K software.

(continued on next page)
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Table 3.4 – continued from previous page

Features Source Significance

MGARelEntropy* SNVBox Kullback–Leibler divergence calcu-

lated for the column of Multiz–46-way

alignment (corresponding to the lo-

cation of the mutation) and that

of a background distribution of

amino acid residues computed from

a large sample of multiple sequence

alignments.

HMMRelEntropy* SNVBox Kullback–Leibler Divergence calcu-

lated for the column of the SAM–T2K

multiple sequence alignment (corre-

sponding to the location of the mu-

tation) and that of a background dis-

tribution of amino acid residues com-

puted from a large sample of multiple

sequence alignments.

Gerp++* ANNOVAR Evolutionary conservativeness score

using a top to bottom based species

distance calculation

AAPAM250 SNVBox Amino acid substitution score from

the PAM250 matrix.

PredBFactorM* SNVBox These features consist of the probabil-

ity that the wild type residue backbone

is intermediate.

PredRSAE* SNVBox These features consist of the prob-

ability of the wild type accessibility

residue being exposed.

PredBFactorS* SNVBox These features consist of the probabil-

ity that the wild type residue backbone

is stiff.

(continued on next page)
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Table 3.4 – continued from previous page

Features Source Significance

AABLOSUM* SNVBox Amino acid substitution score from

the BLOSUM 62 matrix

AAGrantham* SNVBox The Grantham distance from refer-

ence to mutation amino acid residue.

AAEx* SNVBox Amino acid substitution score from

the EX matrix.

ExonHapMapSnpDensity SNVBox The number of HapMap verified SNPs

(dbSNP build 131) in the exon where

the mutation is located divided by the

length of the exon.

HMMEntropy* SNVBox The Shannon entropy calculated for

the column of the SAM–T2K multiple

sequence alignment, corresponding to

the location of the mutation.

MGAEntropy* SNVBox The Shannon entropy calculated for

the column of the Multiz–46-way

alignment, corresponding to the loca-

tion of the mutation.

UniprotREGIONS* SNVBox Region of interest in the protein se-

quence, which are defined experi-

mentally, could be related to protein-

protein interaction and biological pro-

cess regulation etc.

(continued on next page)
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Table 3.4 – continued from previous page

Features Source Significance

ExonConservation* SNVBox The conservation score for the entire

exon calculated from a 46-species phy-

logenetic alignment using the UCSC

Genome Browser (hg19). Scores are

given for windows of nucleotides. We

retrieve the scores for each region that

overlaps the exon in which the base

substitution occurred and calculated a

weighted average of the conservation

scores where the weight is the number

of bases with a particular score.

PredRSAB* SNVBox These features consist of the prob-

ability of the wild type accessibility

residue being buried.

PredStabilityL* SNVBox These features consist of the probabil-

ity that the wild stability type residue

contributes to overall protein stability

in a manner that is highly destabiliz-

ing, Stability estimates for the neural

network training data were calculated

using the FoldX force field.

PredStabilityH* SNVBox These features consist of the probabil-

ity that the wild stability type residue

contributes to overall protein stability

in a manner that is highly stabilizing,

Stability estimates for the neural net-

work training data were calculated us-

ing the FoldX force field.

(continued on next page)
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Table 3.4 – continued from previous page

Features Source Significance

AAMJ* SNVBox Amino acid substitution score from

the Miyazawa-Jernigan contact en-

ergy matrix

Variant Conservation Score Mutation As-

sessor

Entropy-based evolutionary conserva-

tiveness score.

Variant Specificity Score Mutation As-

sessor

Species subgrouping based evolution-

ary conservativeness score.

Functional Impact Score Mutation As-

sessor

Additive combination of variant con-

servation score and variant specificity

score.

VEST* SNVBox VEST pathogenicity score for missense

variants

Cancer Driver Score* SNVBox 1 − CHASM cancer driver score.

A quantity closer to 1 means that

the mutation is more likely a cancer

driver.

Chromosome* Genomic Fea-

ture

Denotes location of the mutation in

the genome

Substitution Type* Genomic Fea-

ture

Denotes the type of base substitution

Steps taken to extract descriptive genomic features

• SNVBox (Wong et al., 2011) is a MySQL database containing pre-computed
structural, amino acid, functional, sequence alignment features for all codons
in the human genome. The CRAVAT or the Cancer-Related Analysis of VAri-
ants Toolkit (Masica et al., 2017; VanderPlas, 2016) web server (v.4.3) was
used to extract these features for training purposes. The default analysis
programs, VEST 3.0, CHASM 3.0 and Snvget were selected. The following
input format was used:

UID Chromosome Position Strand Reference Alternate
TR1 chr14 233343 + A T
TR2 chr3 56776 + T C

All the features tagged as SNVBox in Table 3.4, were downloaded and
stored as a seperate .csv file.
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• ANNOVAR (Wang et al., 2010) is an efficient software tool to perform
functional annotation of a group of variants. Only one feature, namely, the
GERP++ score was extracted from ANNOVAR. The following input format
was used:
Chromosome Start End Reference Alternate ID

chr14 233343 233343 A T TR1
chr3 56776 56776 T C TR2

The GERP++ scores were stored as a separate .csv file.

• Mutation Assessor (Reva et al., 2011) is a functional impact prediction
tool for missense mutations. We annotated our list of variants using the
web API. To submit a new variant, the following url was called:

http://mutationassessor.org/r3/?cm=var&var=<substitution>

The “genomic substitution” field contained the genomic coordinates in the follow-
ing format “Chromosome,Position,Reference,Alternate”. Thus, an example query
to the Mutation Assessor server looked like:

http://mutationassessor.org/r3/?cm=var&var=7,55211080,G,A

Three functional scores, namely, Functional Impact Score, Variant Specificity Score
and Variant Conservation Score were extracted from Mutation Assessor. Succes-
sive API calls were made using the requests module in Python.

3.2 Density estimation

A kernel density estimator (or KDE) takes an n-dimensional dataset as an input

and outputs an estimate of the underlying n-dimensional probability distribu-

tion. A Gaussian KDE tries to center one gaussian component per data point,

essentially resulting in a non-parametric estimation of the density. One of the

hyperparameters for a kernel density estimator is the bandwidth, which controls

the kernel’s size at each data point, thereby affecting the “smoothness.” We es-

timated the underlying probability distributions for the neutral and non-neutral

neighborhoods using a Gaussian kernel density estimator.

We randomly selected an equal number (n) of neutral and non-neutral mu-

tations from our training data with replacement for a single run of the kernel

density estimation algorithm and particular window size. We tuned the band-

width hyperparameter for each class of mutations using a 5-fold cross-validation

approach and used the best set of hyper parameters to derive the kernel den-

sity estimates. Finally, we used the Jensen–Shannon (JS) distance metric to
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calculate the similarity between the two class-wise density estimates. The JS

distance between two probability distributions is based on the Kullback–Leibler

(KL) divergence, but unlike KL divergence, it is bounded and symmetric. For

two probability vectors, p and q, it is given by,

JS =
1

2

√
(D(p||m) +D(q||m), (3.1)

where m = 1
2
(p+ q) and D is the KL divergence.

The significance of the estimated distances between the probability estimates

was calculated using a randomized bootstrapping approach. Specifically, we

randomly sampled with replacement twice the number (2n) of mutations from

the same training set irrespective of the labels. We then split the dataset in half,

randomly assigning each half to neutral and non-neutral mutations, respectively.

This was followed by a similar process of tuning the hyperparameters, deriving

the density estimates, and calculating the distances between them. We had a

total of seven different neighborhood-based feature representations: One-hot

encoding, Count vectorizer (k-mer sizes of 2, 3, and 4), and TF-IDF vectorizer (k-

mer sizes of 2, 3, and 4). Each KDE estimation experiment was repeated 30 times

for all window sizes between 1 and 10 and all seven feature representations.

Next, the best median JS distance estimate from the original experiments was

reported for the given window size. The percentage of runs of the randomized

experiments for which the estimated distance was greater than this estimate

was considered the p-value. A schematic workflow of the entire process for a

single run of the kernel density estimation experiment is shown in Figure 3.3.

Figure 3.3(A) depicts the original experiment to calculate the distance between

the driver and passenger neighborhoods’ kernel density estimates. An equal

number of driver and passenger mutations were sampled with replacement, fol-

lowed by tuning the “bandwidth” parameter and subsequent estimation of the

densities. The reported metric is the JS distance, and it is used to quantify how

“distinguishable” two probability distributions are from each other. It is bounded

between 0 and 1, where 0 represents the case where the two probability distri-

butions are equal and vice versa.

Figure 3.3(B) shows the bootstrapping approach adopted to compute the
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significance of the density estimates calculated in Figure 3.3(A). This involved

random sampling of twice the number of the driver or passenger mutations from

Figure 3.3(A) irrespective of the labels, followed by randomly splitting the data

into driver and passenger labels and then repeating the entire tuning and den-

sity estimation process similar to Figure 3.3(A). Both Figure 3.3(A) and Fig-

ure 3.3(B) were repeated 30 times for all possible window sizes between 1 and

10. The significance of the difference between the medians of the original and

the bootstrapped JS distances was then reported.

The KernelDensity() from the scikit-learn “neighbors” module was used

to derive the density estimates, and jensenshannon() from the scipy “spa-

tial.distance” submodule was used to calculate the distance metric.

3.3 Classification models

To build our binary classification models, we implemented three classifiers: the

Random Forest classifier, the Extra Trees classifier (also known as Extreme Ran-

dom Forests), and the generative KDE classifier (Section 2.4.1). Both the tree-

based classifiers are discriminative and composed of a large collection of decision

trees where the final output is derived by combining every tree’s predictions us-

ing a majority voting scheme. The main difference between the two lies in the

selection of splits or cut points in order to split the individual nodes. Random

Forest chooses an optimal split for each feature under consideration, whereas

Extra Trees chooses it randomly. All the classification models were written us-

ing the predefined functions available in the scikit-learn (v. 0.22) module (Pe-

dregosa et al., 2011).

3.4 Model selection and tuning

3.4.1 Repeated cross-validation experiments

Owing to the relatively smaller sample size (5265 mutations) of the training set

of mutations, we adopted a repeated 10-fold cross-validation approach to build-
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Figure 3.4: Diagram depicting the different classification models constructed as
part of the repeated cross-validation experiments.

ing our model. First, the dataset was split into ten equal subsets in a stratified

fashion. Nine of the ten subsets were combined into one training set. In each

training phase, we performed feature selection using the extra trees classifier,

cross-validated grid search-based parameter tuning, training the classifier using

the best parameters, and obtaining the corresponding prediction scores on the

hold-out test set. This process was repeated three times, thereby resulting in

30 unique train and test splits, and the median performance metrics were re-

ported. For a given window size, we experimented with a total of seven feature

representations (One-hot encoding, Count vectorizer (k-mer size=2, 3 and 4),

TF-IDF vectorizer (k-mer size=2, 3 and 4) and three binary classifiers (Random

Forests, Extra Trees and Kernel Density Estimation). So overall, we had 21 dis-

tinct feature–classifier pairs (Figure 3.4). For each such pair, we obtained 30

values each of sensitivity, specificity, AUC, and MCC. We reported the results

from that pair, which had the best overall median value.
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3.4.2 Derivation of the binary classification model to distin-

guish between driver and passenger mutations

To derive the final machine learning model, all overlapping mutations between

the training set (Brown et al., 2019) and the validation set (Martelotto et al.,

2014) were discarded, and the classifier was retrained on the reduced train

set (4549 mutations: 544 drivers and 4005 passengers). The set of 989 mu-

tations published by Martelotto et al. (2014) formed our independent test set.

Due to the inherent imbalance in the dataset, we implemented an undersam-

pling technique known as Repeated Edited Nearest Neighbors (Wilson (1972))

to downsize the majority class and consequently obtain a balanced dataset for

subsequent training. Predictions were obtained using two separate feature sets:

1) only neighborhood features based on the raw nucleotide sequences (or the

neighborhood-only-model) and 2) neighborhood features plus the descriptive

genomic features (or NBDriver). In addition to Random Forests, Extra trees,

and the KDE classifier, we also experimented with a fourth classifier: a linear

kernel SVM to obtain these predictions. Various combinations of these classi-

fiers were implemented as ensemble models using the VotingClassifier()

of the ensemble module in scikit-learn.

3.4.3 Feature selection

We adopted an impurity-based feature selection technique for feature selection

using the extra trees classifier to derive a ranked list of the top predictive features

for our analysis. For the repeated cross-validation experiments, the features that

were within the top 30 percentile of the most important features were selected

and subsequently used to train our models. However, for deriving NBDriver,

we built several classification models based on the top n (n=20, 30, 40, 50,

60) features and chose the one that gave the best overall classification perfor-

mance. The TF-IDF and the Countvectorizer scores were used as features for

our analysis and were implemented using the feature_extraction module

in scikit-learn. In both cases, a new vocabulary dictionary of all the k-mers was

learned from the training data using the fit_transform() and the corre-
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sponding term-document matrix was returned. Using the same vocabulary, the

scores of the k-mers from the test data were obtained using the transform()

and were subsequently used in our analysis.

3.4.4 Hyperparameter tuning and classifier threshold selec-

tion

Hyperparameter tuning was done using a cross-validation based grid search

technique over a parameter grid. To perform the cross-validation based tuning

procedure we used the GridSearchCV() from the model_selection mod-

ule in scikit-learn. To further fine-tune the classifiers, we experimented with

various classification thresholds from 0 to 1 with step sizes 0.001 and chose the

one that gave the best AUROC. For an imbalanced classification problem, using

the default threshold of 0.5 is not a viable option and often results in incorrect

prediction of the minority class examples.

3.4.5 Comparison with other pan-cancer mutation effect pre-

dictors

Similar to the benchmarking study conducted by Martelotto et al. (2014), we

compared the generated binary classifiers with nine pan-cancer mutation effect

prediction tools: Mutation Taster (Schwarz et al., 2010), FATHMM (-cancer)

(Shihab et al., 2013), Condel (Gonzalez-Perez et al., 2012), FATHMM (missense)

(Shihab et al., 2013), PROVEAN (v1.1.3) (Choi et al., 2012), SIFT (Ensemble

66) (Sim et al., 2012), Polyphen2 (Adzhubei et al., 2010), Mutation Assessor

(Reva et al., 2011) and VEST (Carter et al., 2009) using the set of 989 literature-

curated mutations. For each of these predictors, we used the prediction labels

based on predefined score cutoffs published as part of this study. We added two

new prediction algorithms (CHASMplus (pan-cancer) (Tokheim and Karchin,

2019) and CanDrA+ (Cancer-in general) (Mao et al., 2013) to the list, and the

score cutoffs were decided in the following manner: For CHASMplus, due to the

absence of a default threshold, all possible thresholds between 0 and 1 with step

49



sizes of 0.01 were tested, and the one that gave the highest composite score was

reported. All mutations with predicted scores greater than this optimal thresh-

old were labeled as drivers and vice versa. For CanDrA+, we used the default

prediction categories. Predictions for CHASMplus and CanDrA+ were obtained

from the OpenCRAVAT web server (Pagel et al., 2020) and executable package

published by Mao et al. (2013) respectively. Different mutation effect predic-

tors were combined using the majority voting rule to obtain better predictive

power, and ensemble models were created. While comparing two algorithms, in

order to derive the significance of the difference between any two classification

metrics, we adopted the same strategy as Martelotto et al. (2014). Briefly, we

derived the 95% CI for each of these classification metrics by repeated sampling

with replacement with 1000 iterations. If the generated CI’s touch or there was

no overlap, the difference was considered significant (P < 0.05) based on the

results of the analysis done by Ng et al. (2018).

3.5 Results

3.5.1 Distributional differences between driver and passen-

ger neighborhoods

We estimated the underlying probability distributions of the driver and passen-

ger neighborhood sequences using kernel density estimation. We computed the

Jensen-Shannon distance metric to understand how “distinguishable” they are

from one another. The JS metric is bounded between 0 and 1, with 0 signify-

ing perfectly similar distributions and vice versa. For the Brown et al. (2019)

dataset, the maximum median JS distance between neutral and non-neutral

neighborhood distributions, calculated across 30 runs of bootstrapping exper-

iments, was 0.275 (for a window size of 2). The minimum was 0.211 (for

window sizes 7-10). Except for window size 1, all other window sizes had a sig-

nificant JS distance value (P < 0.05). The complete list of KDE results obtained

using the training set of 5265 mutations is attached in Table 3.5. Figure 3.5

shows the variation in the JS distances between the class-wise density estimates.
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Window
Size

Feature
Type

Median JS distance
(original)

Median JS distance
(randomized)

p-
value

1 TF (k=2) 0.345 0.34 NS
2 OHE 0.275 0.221 < 0.05
3 CV (k=2) 0.219 0.170 < 0.05
4 TF (k=3) 0.214 0.167 < 0.05
5 CV (k=3) 0.211 0.166 < 0.05
6 TF (k=4) 0.210 0.166 < 0.05
7 CV (k=2) 0.211 0.165 < 0.05
8 TF (k=3) 0.211 0.164 < 0.05
9 TF (k=3) 0.211 0.166 < 0.05
10 TF (k=4) 0.211 0.166 < 0.05

Table 3.5: KDE analysis: Median JS distances for both the original and random-
ized experiments for different window sizes (OHE=One-hot encod-
ing; TF=TF-IDF vectorizer; CV=Count vectorizer)

Two types of boxplots, one for the original and another for the randomized ex-

periments, have been shown here along with the p-values, which approximates

the probability that the original median distance can be obtained by chance.

Except for window 1, all other window sizes had a significant (** P < 0.05)

difference between the original and the randomized JS distances.

3.5.2 Classification results

Repeated cross-validation using neighborhood features generated robust

classification models

The best median sensitivity of 0.938 was obtained using features derived from

a Count vectorizer and subsequent training using a random forest classifier for

window sizes 1, 5, 6, and 9, respectively. However, the best median specificity

of 0.807, AUC of 0.832, and MCC of 0.584 were obtained using a TF-IDF based

feature representation trained using a KDE classifier for a window size of 10.

The variation in the sensitivity, specificity, AUC, and MCC with different win-

dow sizes obtained during the repeated cross-validation experiments using the

initial training set of 5265 mutations is shown in Figure 3.6, Figure 3.7, Fig-

ure 3.8 and Figure 3.9 respectively. For each window size, feature representa-

tions among CV (CountVectorizer), TF (TF-IDF vectorizer), and OHE (One-hot

encoding) that gave the best performances in terms of I) Sensitivity II) Speci-
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ficity III) AUC and (IV) MCC is displayed. In the case of specificity, AUC and

MCC, the addition of more nucleotides (or increase in the window size) resulted

mostly in a significant increase (P < 0.05; Wilcoxon signed-rank test) in the cor-

responding metric. However, for sensitivity, a significant increase was observed

only when the window size was increased from 4 to 9 and 7 to 9, respectively.

The repeated cross-validation results and the statistical tests to determine the

increase in the performance metrics with the increase in window size are shown

in Appendix A.1 and Appendix A.2 respectively.

Figure 3.6: Variation in the sensitivity (for the neighborhood-only-model) with
different window sizes obtained during the repeated cross-validation
experiments using the initial training set of 5265 mutations.
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Figure 3.7: Variation in the specificity (for the neighborhood-only-model) with
different window sizes obtained during the repeated cross-validation
experiments using the initial training set of 5265 mutations.
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Figure 3.8: Variation in the AUC (for the neighborhood-only-model) with dif-
ferent window sizes obtained during the repeated cross-validation
experiments using the initial training set of 5265 mutations.
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Figure 3.9: Variation in the MCC (for the neighborhood-only-model) with dif-
ferent window sizes obtained during the repeated cross-validation
experiments using the initial training set of 5265 mutations.

External Validation using literature-curated list of mutations

Using only the neighborhood nucleotide sequences as features, a composite

score of 2.7954 (Table 3.6) on the independent test set (Martelotto et al., 2014),

was obtained using an Extra Trees classifier. This neighborhood-only model was

trained on features extracted using the Count vectorizer technique on a window

size of 10. NBDriver was trained by combining the neighborhood features and

the descriptive genomic features. Out of the various classifiers implemented, an

ensemble model consisting of a linear kernel SVM and a KDE classifier gave the

best results. Compared to the neighborhood-only model, there was a significant

increase (P < 0.05) in accuracy (=0.891), sensitivity (=0.93), NPV (=0.608),

Composite Score (=3.123) and MCC (=0.561). However, this was accompanied

by a significant (P < 0.05) drop in specificity (=0.643). There was no significant

change in PPV though. A ranked list of the 50 features used to train NBDriver is

shown in Appendix A.3. Out of those 50 features, 26 were neighborhood-based

features or the TF-IDF scores of the overlapping 4-mers extracted from a window
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size of 10. The plot displaying the variation in the AUROC with various classifi-

cation thresholds is shown in Figure 3.10. The best results were obtained using

a threshold of 0.119. Consequently, all mutations with the prediction scores

above this threshold were classified as drivers and vice versa. Overall, on this

benchmarking dataset, NBDriver ranked fourth in terms of the composite score,

fifth in terms of specificity and second in terms of NPV, PPV, Sensitivity and

Accuracy. By contrast, although neighborhood-only-model was the top-ranking

tool in terms of Specificity and PPV, it didn’t perform well in terms of the other

metrics. Owing to the superior performance of NBDriver, all subsequent external

validation was performed using this model only.

0.0 0.2 0.4 0.6 0.8 1.0
Classification Thresholds

0.50

0.55

0.60

0.65

0.70

0.75

0.80
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Figure 3.10: Plot showing the variation in AUROC with the different classifica-
tion thresholds obtained while deriving NBDriver.
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Voting ensemble of prediction algorithms

We also assessed the effect of combining multiple top-ranked single predictors

into an ensemble model. The contribution of NBDriver to the overall ensem-

ble was evaluated by obtaining predictions with and without the tool. The top

performing ensemble consisting of NBDriver, CHASMplus, FATHMM (cancer),

Mutation Taster and Condel resulted in a composite score of 3.504, accuracy of

0.942 and an NPV of 0.88, significantly higher (P < 0.05) than every single pre-

dictor evaluated in the study. Removing NBDriver from the ensemble resulted

in a significant decrease (P < 0.05) in the composite score, NPV, MCC, Accuracy

and Sensitivity. However, it was accompanied by a significant increase in speci-

ficity and no significant PPV change for the reduced ensemble (Table 3.6). An-

other ensemble model consisting of NBDriver, Mutation Taster and Condel gave

similar results (Composite score=3.504) as the previous one. Though there was

no significant difference in terms of MCC, Composite Score, PPV, Sensitivity and

Accuracy, there was a significant increase in the NPV and a significant decrease

in the specificity for this ensemble (Table 3.7). A complete set of all the differ-

ent combinations of the single predictors evaluated in this study is present in

Appendix A.4.

Evaluation using mutations derived from the Cancer Mutation Census

Based on the various evidence criteria set forth by the Cancer Mutation Census

database, a particular mutation can be classified into tier 1, 2 or 3 with tier

∼ 1 mutations having the highest level of evidence of being a driver and so on.

From the list of missense mutations in the CMC not present in our training data,

NBDriver could accurately predict all 19 tier 1, 25 out of 28 tier 2 and 179 out of

230 tier 3 mutations, achieving an overall accuracy of 81%. On the other hand,

the ensemble model consisting of NBDriver, Condel and Mutation Taster could

accurately predict all 19 tier 1, 27 out of 28 tier 2 and 214 out of 230 tier 3

mutations achieving an overall accuracy of 94%.
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Algorithm Accuracy Sensitivity Specificity PPV NPV Composite
Score

MCC

NBDriver +
CHASMplus+
FATHMM (can-
cer) + Muta-
tion Taster +
Condel

0.945 0.985 0.689 0.95 0.88 3.504 0.746

CHASMplus+
FATHMM (can-
cer) + Muta-
tion Taster +
Condel

0.921 0.942 0.771 0.96 0.71 3.384 0.691

NBDriver
+ Mutation
Taster + Con-
del

0.942 0.99 0.65 0.945 0.919 3.504 0.745

Table 3.7: Evaluating the contribution of NBDriver to the top performing ensem-
ble

Evaluation using mutations derived from the Cancer Genome Interpreter

Database

Using pathogenic mutations compiled from various sources, we found that our

model NBDriver could accurately identify 1274 out of 1628 non-overlapping

missense driver mutations achieving an overall accuracy of 78%. The model

correctly identified all three mutations from the Cancer Biomarkers Database,

39 out of 47 mutations from the DoCM database, 23 out of 31 mutations from

the Martelotto et al. (2014) and 1209 out of 1547 mutations from the Oncokb

database. On the other hand, the ensemble model made up of the NBDriver,

Condel and Mutation Taster could accurately predict 1519 out of 1628 mutations

achieving an overall accuracy of 93%.

Evaluation using recurrent single point driver mutations reported by Rhein-

bay et al. (2017)

Out of the top 33 hotspot mutations identified in the study (Rheinbay et al.,

2017) as recurrently mutated, NBDriver correctly identified 27 mutations as

drivers. However, Mutation Taster displayed superior performance by correctly
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identifying all 33 mutations. Except for the KRAS oncogene, NBDriver correctly

identified all mutations from the other four genes (NRAS, TP53, PIK3CA and

IDH1) as cancer drivers.

Evaluation using rare driver mutations found in Glioblastoma and Ovarian

Cancer

Using the list of rare drivers reported by the developers of the driver prediction

tool CanDrA (Mao et al., 2013), we evaluated NBDriver’s ability to identify less

frequent alterations in the cancer genome. Overall, NBDriver alone could iden-

tify 29 out of 34 (85%) glioblastoma mutations and 20 out of 38 (53%) ovarian

cancer mutations. All these mutations belonged to eight known OVC-related

genes (ARID1A, CDK12, ERBB2, MLH1, MSH2, MSH6, PIK3R1, PMS2) and seven

known GBM-related genes (ATM, EGFR, MDM2, NF1, PDGFRA, PIK3CA, ROS1).

The ensemble model made up of NBDriver, Condel and Mutation Taster per-

formed better than the single predictor by identifying 32 out of 34 (94%) glioblas-

toma mutations and 24 out of 38 (63%) ovarian cancer mutations.

Stratification of the predicted driver genes based on literature

We combined the list of genes with at least one missense driver mutation pre-

diction from NBDriver into a catalog of 138 putative driver genes. From this list,

we calculated the fraction of mutations correctly predicted by NBDriver (Ap-

pendix A.6) and also compared our gene set against those already published

in six landmark pan-cancer studies for driver gene identification. Bailey et al.

(2018) identified 299 driver genes from 9423 tumor exomes by combining the

predictions from 26 different computational tools. Martincorena et al. (2017)

used the normalized ratio of non-synonymous to synonymous mutations (dN/dS

model) to identify driver genes from 7664 tumors. They reported a total of 180

putatively positively-selected driver genes and 369 known cancer genes from

three main sources:

1) 174 cancer genes from the version 73 of the COSMIC database (Tate et al.,

2019) 2) 214 significantly mutated genes across 4742 tumor patients identified
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by Lawrence et al. (2014) using the MutSigCV tool and 3) 204 genes iden-

tified through a literature search. Two marker papers from TCGA (Hoadley

et al., 2018; Cancer Genome Atlas Research Network et al., 2014) identified

132 significantly mutated genes using the MutSigCV tool. Tamborero et al.

(2018) identified a list of 291 high-confidence drivers from 3205 tumor sam-

ples using a rule-based approach. Dietlein et al. (2020) modelled the nucleotide

context around driver mutations and identified 460 driver genes based on nu-

cleotide context. Apart from the aforementioned studies, the overlap between

our list of genes and two well-established cancer gene repositories: the Cancer

Gene Census (Futreal et al., 2004; Forbes et al., 2015) and the Intogen database

(Martínez-Jiménez et al., 2020) was also reported. We identified 124 (=89%) of

our predicted driver genes as canonical cancer genes present in the Cancer Gene

Census. Among the remaining genes, six were cataloged as drivers in at least

two of the pan-cancer studies or mutation databases as mentioned above (Ap-

pendix A.5). A total of eight genes (CTLA4, IGF1R, PIK3CD, TGFBR1, RAD54L,

SHOC2, CDKN2B and XRCC2) remained were not identifiable from any of the

landmark studies or databases and required further validation.

We further investigated the prediction results obtained from NBDriver for each of

the 138 cancer genes separately. Appendix A.6 shows the actual and the fraction

of mutations correctly predicted by NBDriver for each of the five independent

validation datasets. Figure 3.11 displays the list of 25 genes where NBDriver

correctly predicted less than 70% of the mutations across the five independent

validation datasets. From this figure we observed that in case of KRAS and

MYOD1, NBDriver couldn’t predict a single mutation correctly. NBDriver also

displayed consistently poor gene-wise prediction results across multiple valida-

tion datasets. In case of the ARAF gene, for instance, NBDriver could accurately

predict only 57% and 20% of the mutations from the Cancer Mutation Cen-

sus and the Cancer Genome Interpreter, respectively. Similar observations were

made for DICER1, SMAD4 and NF1 genes. The reason behind NBDriver’s selec-

tive under-performance for this particular group of genes was not clear from our

study and might warrant further investigation.
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Figure 3.11: Plot showing the list genes where NBDriver correctly predicted
less than 70% of the mutations (CMC=Cancer Mutation Census;
CGI=Cancer Genome Interpreter).

3.6 Discussion

Our investigation aimed to compare the raw neighborhood sequences of driver

and passenger mutations and exploiting any observed distributional differences

to build robust classification models. We showed that except for one window

size, a significant difference in the distributions between the neighborhoods of

driver and passenger mutations was present in our cohort. Next, using TF-IDF

and Count vectorizer scores derived from the overlapping k-mers, we trained a

KDE-based generative classifier and two other tree-based classifiers. One im-

portant distinction between NBDriver and other methods is the inclusion of

overlapping k-mers extracted from the neighborhood of mutations as features

for further analysis. NBDriver was trained using a small set (=50) of highly

discriminative features, 52% of which were neighborhood scores. Using this

model, we could accurately predict 89% of all the literature-curated mutations

outlined in the Martelotto et al. (2014) study, 81% of the high confidence list
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of mutations recently published by the Cancer Mutation Census, 78% of all the

actionable alterations reported in the Cancer Genome Interpreter, 82% of all the

hotspot mutations reported from pan-cancer genome analysis, 85% and 53% of

rare driver mutations found in GBM and OVC respectively. Ensemble models ob-

tained by combining the predictions from other commonly used mutation effect

predictors with NBDriver performed significantly better than the individual pre-

dictors in all five validation datasets. These results underscore the importance of

including neighborhood features to build mutation effect prediction algorithms.

Our feature selection results illustrate the differences in the underlying bi-

ological processes governing driver and passenger mutations similar to the ob-

servations made by Mao et al. (2013). Using the training data, we observed

that a mutation is more likely to be a driver if it occurs in genomic regions that

were evolutionarily conserved. The mean GERP score for driver mutations was

significantly higher (Wilcoxon test; P < 2.2E − 16) than that of passengers (Fig-

ure 3.12(C)). Similarly, driver mutations were more common in genomic sites

that had a significantly higher (Wilcoxon test; P < 2.2E − 16) Positional Hid-

den Markov Model (HMM) conservation score (or HMMPHC) as compared to

passengers (Figure 3.12(D)).

Among the other features, we found that driver mutations tend to occur

on amino acid residues that have stiff backbones and have less solvent acces-

sibility as denoted by the significantly higher (Wilcoxon test; P = 2.1E − 09)

“PredBFactorS” probability measure (Figure 3.12(B)) and the significantly lower

(Wilcoxon test; P = 5.4E−10) “PREDRSAE” probability measure (Figure 3.12(A))

respectively. We observed similar class-wise distributional differences among

features that were indicative of protein domain knowledge.

“UniprotDOM_PostModEnz” denotes the presence or absence of a mutation in a

site within an enzymatic domain responsible for post-translational modification

(or PTM). PTM-related mutations are often responsible for changes in protein

functions and alterations of regulatory pathways eventually leading to carcino-

genesis. “UniprotREGIONS” is another binary feature that tells us whether a

mutation occurred in an experimentally defined region of interest in the protein

sequence such as those associated with protein-protein interactions and regu-

lation of biological processes. In our analysis, we observed that a considerable
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portion (31%) of driver mutations clustered around PTM sites, contrasted by

around 0.4% of passengers (Figure 3.12(E)). Similarly, around 37% of driver

mutations were located in protein domains that were experimentally defined as

regions of interest as compared to around 11% of passengers (Figure 3.12F). The

TF-IDF algorithm is used to weigh a word (or k-mer in our case) and assign im-

portance to the word in the given set of documents (or neighborhood sequences

in our case). Hence, the higher the TF-IDF score, the more relevant/important

that word is in that particular document. Our feature selection results indicated

that for the 26 neighborhood sequence-based features, the mean TF-IDF scores

for drivers were significantly higher (Wilcoxon test; P < 0.05) than that of pas-

sengers. This result suggests that top neighborhood features chosen by NBDriver

are more specific to the driver neighborhoods than the passengers. Figure 3.13

shows the class-wise variation in the mean TF-IDF scores among the 26 neigh-

borhood features used to train NBDriver.

We validated the true positive mutations that were identified by NBDriver

with existing literature. The predicted driver mutations from the CMC have

been implicated in many different types of cancers. For instance, mutations such

as Y1248C and M1268I occur in the proto-oncogene MET and are associated

with poor prognosis in renal cell carcinoma (Jeffers et al., 1997). Similarly, the

W515L mutations in the MPL oncogene have been shown to be helpful in identi-

fying patients with Chronic Myeloproliferative Neoplasms (Akpınar et al., 2013).

Hotspot mutations occurring in the codon 835 of the FLT3 oncogene have been

implicated in the majority of AML and ALL patients (Liang et al., 2003). Recur-

rent aberrations such as D816X and V560D found in the KIT oncogene have been

associated with patients suffering from AML and gastric cancer respectively (Yui

et al., 2017; VanderPlas, 2016). Identifying recurrent alterations at the same

genomic site across multiple samples (or hotspots) within the cancer genome

is of special interest because of the universal evidence of these regions being

responsible for positive selection driving tumorigenesis. Hotspot mutations in

the genes reported by (Rheinbay et al., 2017), correctly identified as drivers by

NBDriver have been implicated in many different cancers. The NRAS gene, for

instance, is part of the Ras family of oncogenes and plays an important role in

cell division, differentiation and apoptosis. Pathogenic alterations in this gene
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Figure 3.13: Class-wise variation in the mean TF-IDF scores among the 26 neigh-
borhood features used to train NBDriver.

have been implicated in many different forms of cancers (Bos, 1989). Missense

mutations in the well-known tumor suppressor gene, TP53 mostly responsible

for DNA repair and cell division is frequently altered in different cancer types

(Olivier et al., 2010). PIK3CA is one of the most commonly mutated oncogenes

and activating mutations within this gene has been implicated in a wide vari-

ety of cancers (Samuels and Waldman, 2010). Finally, the IDH1 oncogene is

frequently mutated in glioma and acute myeloid leukemia (Yang et al., 2012).

Identifying rare driver mutations, especially those with low prevalence in non-

hotspot regions, can be of particular interest in cancer genomics.

Although NBDriver didn’t display a high predictive performance in identi-

fying rare driver mutations in ovarian cancer (accuracy=53%), it performed

reasonably well with respect to glioblastoma (accuracy=85%). Also, all eight

OVC-related genes with at least one predicted driver missense mutation from

NBDriver have been implicated in ovarian cancer. The ARID1A gene, for in-

stance, has been found to be mutated in over 50% of ovarian clear cell car-

cinomas (Wiegand et al., 2010). Similarly, the downregulation of recurrently
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mutated tumor suppressor gene CDK12, has been associated with genome insta-

bility in serious ovarian carcinoma (Popova et al., 2016). Recent studies have

indicated that the expression of the human epidermal growth factor receptor 2

(HER2) gene has been associated with poor prognosis in ovarian cancer patients

(Luo et al., 2018). Four DNA mismatch repair genes (MLH1, MSH2, MSH6,

PMS2) which are responsible for maintaining genomic stability have been iden-

tified as prognostic biomarkers associated with improved survival among ovar-

ian cancer patients (Zhao et al., 2018). Finally, PIK3R1 has been identified as an

oncogene in human ovarian and colon tumors (Philp et al., 2001).

Although our method’s focus was to identify missense driver mutations from

sequenced cancer genomes, most of the genes (130 out of 138) containing at

least one predicted mutation belonged to the CGC or other large-scale driver

gene discovery studies. The protein products of the eight remaining genes not

flagged as drivers by any of the databases/studies had known functional roles in

maintaining the stability of the cancer genome and promoting tumor develop-

ment. The CTLA4 gene modulates immune response by serving as checkpoints

for T-cell activation, essentially decreasing the ability of the T cells from attack-

ing cancer cells. Immune checkpoint inhibitors which are designed to “block”

these checkpoints have drastically changed the treatment outcomes for several

cancers (Rotte, 2019). Transcriptomic profiling of blood samples drawn from

cervical cancer patients identified IGF1R as a biomarker for increased risk of

treatment failure (Moreno-Acosta et al., 2012). Overexpression of the PIK3CD

gene has been associated with cell proliferation in colon cancer and is responsi-

ble for poor prognosis among patients (Chen et al., 2019). Multiple studies have

indicated an association with polymorphisms observed in TGFBR1 and cancer

susceptibility (Pasche et al., 2014; VanderPlas, 2016). Similarly, polymorphisms

detected in the RAD54L is a genetic marker associated with the development of

meningeal tumors (Leone et al., 2003). SHOC2 has been reported to be a regu-

lator of the Ras signalling pathway and is associated with poor prognosis among

breast cancer patients (Geng et al., 2020). Inactivation of the CDKN2B gene is

responsible for the progression of pancreatic cancer (Tu et al., 2018). With the

help of massively parallel sequencing studies, rare mutations in the XRCC2 gene

have been linked to increased breast cancer susceptibility among patients (Park
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et al., 2012b).

3.7 Limitations

Our study does have some imitations. First, we used a representative dataset of

driver and passenger mutations whose labels were not in silico predictions from

other mutation effect prediction algorithms but derived from experimentally val-

idated functional and transforming impacts from various sources. This resulted

in a relatively small sample size for supervised classification. However, this ap-

proach also minimized the chances of inadvertently introducing false-positive

mutations into the training set used to derive the class-wise density estimates

for the driver and passenger neighborhoods or the machine learning models.

There is also evidence (Chen et al., 2017) suggesting that a sizeable proportion

of mutations present in large mutational databases are mostly false positives,

reflecting sequencing errors due to DNA damage. Moreover, NBDriver derived

using this high confidence list of mutations performed reasonably well across

all five independent validation sets and produced 138 driver genes with suffi-

cient literature evidence suggesting that our initial choice of the training dataset

was overall beneficial. Second, since missense mutations are the most abundant

form of somatic alterations (Vogelstein et al., 2013), our machine learning mod-

els were all trained using missense mutations only. However, in principle, our

approach could be extended to other types of mutations as well. Additionally,

during the external validation analysis, although NBDriver performed very well

in terms of PPV (=0.941), the NPV (=0.608) was relatively low (Table 3.6).

To identify biologically relevant mutations for further functional validation, NPV

is often overlooked as a classification metric. A high NPV allows us to exclude

passenger mutations with greater confidence and reduces the number of driver

mutations incorrectly labeled as passengers (false negatives). However, we ob-

served that adding different combinations of multiple single predictors into en-

semble models resulted in a significant improvement in the NPV (Table 3.7).

This is very similar to the observations made in an earlier study by Martelotto

et al. (2014). Last, we trained our machine learning models using the com-

bined dataset (Brown et al., 2019) containing mutational effects determined
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from experimental assays not specific to any cancer type. Hence, all our models

were pan-cancer based. Consequently, a cancer-type specific analysis in the fu-

ture would require known pathogenic and neutral mutations from specific tumor

types.
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CHAPTER 4

Conclusion and Future Work

Building robust machine learning models to distinguish between driver and pas-

senger mutations from sequenced cancer genomes is an evolving research area.

Many previous studies have tackled this problem by extracting different fea-

tures, such as genomic, structural, conservation, and others. However, pri-

oritizing mutations based on the context of the neighborhood is a relatively

new concept. Using publicly available cancer mutation data in this study, we

first analyzed the underlying distributional differences between driver and pas-

senger neighborhoods. Our results indicated that except for one window size

(n=1), there is a significant difference in the driver and passenger neighbor-

hoods’ distributions. Next, we built binary classification models to differentiate

between the two types of mutations using various text-based feature represen-

tation techniques. We integrated genomic, structural, and conservation features

into our initial neighborhood-only model to improve the overall classification

performances. We observed that out of the 50 features used to derive NBDriver,

26 were neighborhood sequence-based features. This model gave classification

performances comparable with other state-of-the-art mutation effect predictors

across five separate validation sets. The predicted true positive mutations were

part of genes with experimental support of being functionally relevant from mul-

tiple sources.

Our study can be used as a starting point for investigating several interesting

research problems in the future. Some of them are listed below.

First, a user-friendly tool to differentiate between driver and passenger muta-

tions based on the top 50 features obtained from our analysis can be developed.

Although extracting the neighborhood sequence features is relatively straight-

forward, extracting the genomic, conservation, and structural features from dif-

ferent sources is complicated. Like the different mutation effect predictors, the

proposed tool should generate all these features on the go and return the pro-

cessed feature matrix for a given set of mutations. Next, it should run NBDriver



and the ensemble models and generate predictions in the form of probability

scores returned by the classifiers instead of crisp class labels. The users will

then choose to define their thresholds while deriving the driver and passenger

mutations’ final list. Second, more efficient feature representations of the se-

quence neighborhoods can be derived to train the machine learning models.

Popular deep learning approaches, such as Recurrent Neural Networks can be

used for this purpose. Using these feature representations, unsupervised tech-

niques, such as clustering, can group different mutations into biologically rel-

evant clusters. Further, it would be interesting to observe whether there are

certain sequence motifs in the genome’s non-coding portion that are more prone

to developing driver mutations than others. Fredriksson et al. (2017) showed

that recurrent promoter mutations in melanoma occur almost exclusively at cy-

tosines, surrounded by a distinct nucleotide context (“TTCCG”). Finally, future

experiments using a much larger sample size need to be performed to derive

neighborhood-sequence-based classification scores for all possible missense mu-

tations in the genome across several cancer types. This would be possible if

future large-scale sequencing studies such as MSK-IMPACT (Cheng et al., 2017),

PCAWG (Rheinbay et al., 2017), ICGC (Zhang et al., 2011) and GENIE (AACR

Project GENIE Consortium, 2017) produce a more complete catalog of missense

driver mutations with functional evidence in a cancer-type specific manner.

Annotating missense mutations from sequenced cancer genomes hold much

promise for precision medicine. Recently, many databases have been developed

to deposit cancer-causing mutations. The CGC (Futreal et al. (2004); Forbes

et al. (2015)) project which is part of the COSMIC database, aims to catalog

all cancer driver genes (TSGs or OGs). OncoKB (Chakravarty et al. (2017)) is

a comprehensive database containing evidence-based information regarding so-

matic alterations. MutPanning (Dietlein et al. (2020)) provides a comprehensive

resource for driver genes identified from 28 cancer types based on mutations ob-

served in unusual nucleotide contexts. Sleeping Beauty Cancer Driver Database

(SBCDDB) contains a list of driver genes identified by the Sleeping Beauty inser-

tional mutagenesis (Newberg et al. (2018)). Databases such as DriverDB3 (Liu

et al. (2020)) and Intogen (Martínez-Jiménez et al. (2020)) integrate cancer

driver genes and provides essential visualizations of large-scale omics datasets.
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However, these platforms are not suited to annotate and prioritize thousands

of samples at once. The complexity of any ML algorithm depends directly on

the number of features used to train the models. Complex driver mutation pri-

oritization tools use lots of features to effectively characterize cancer-causing

variants. NBDriver, on the other hand, uses a small set (50) of highly discrim-

inative features that is easily obtainable from online databases. 26 out of the

50 features are based on neighborhood sequences and can be extracted from

the corresponding genome build. The remaining features are all present in the

SNVBOX database and can be accessed via the command line interface. This rel-

atively less complicated feature representation makes the underlying ML model

fast and easy to obtain predictions using thousands of variants at a time.

Overall, this thesis has shown that we can utilize the local sequence context

surrounding a particular mutation to predict its deleteriousness. This relatively

novel strategy of utilizing the sequence neighborhoods for driver mutation iden-

tification can dramatically improve the annotation process’s efficiency for un-

known mutations.
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APPENDIX A

Online Appendices

This appendix provides links to the excel files containing additional results for

the analyses presented in this thesis. These files are available online at the fol-

lowing Github repository. The necessary codes required to reproduce the results

presented in this study is available at the following link (https://github.

com/RamanLab/NBDriver).

A.1 Repeated cross-validation results using the neigh-

borhood sequences as features

This excel file titled RepeatedCV_Results contains the repeated cross-validation

results using just the neighborhood sequences as features. We report the classifi-

cation performances on the basis of four metrics: Sensitivity, Specificity, AUROC

and MCC.

A.2 Variation in the classification performances with

increase in the window size

This excel file titled Variation_in_ClassificationResults lists the re-

sults of the Wilcoxon signed-rank test which was designed to test the significance

of the increase in the classification performances with the increase in the size of

the neighborhood. Each entry (x,y) in this table signifies that if we increase

our window size from x to y, we get an overall increase in the corresponding

classification metric, and the increase is significant (WRS test; P < 0.05).

https://github.com/banerjeeshayantan/Thesis_Supplementary
https://github.com/RamanLab/NBDriver
https://github.com/RamanLab/NBDriver


A.3 Ranked list of the 50 features used the train

NBDriver

This excel file titled RankedFeatures contain the list of 50 features used to

train the machine learning model. Here, all 26 neighborhood features have

been shaded in red.

A.4 Ensemble model performances

This excel file titled EnsembleModels contain the results of combining various

mutation effect predictors on the Martelotto et al. (2014) dataset.

A.5 Stratification of driver genes based on litera-

ture evidence

This excel file titled IdentifiedDriverGenes contain the list of 138 driver

genes identified while validating our model on the five independent validation

sets. The overlap of these genes with several published landmark studies, the

CGC and their classification into TSG/OG is also displayed in this table. Novel

driver genes that had no overlap with any of the above sources are also high-

lighted.

A.6 Gene-wise prediction results obtained using NBDriver

This excel file titled GenewisePredictionResults contain the fraction of

mutations belonging to the 138 genes correctly predicted by NBDriver along with

the total number of mutations.
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