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Abstract

Copy number variations, prevalent in cancers, are genomic alterations that result in
losses or gains of entire genomic regions. Such alterations can be evaluated using cheap
low-pass whole genome sequencing using liquid biopsies. These methods are promising
for tracking the evolution of the cancer in real-time, due to their low cost and non-
invasive nature which enable frequent sampling. The DNA sequenced from liquid biop-
sies is a mixture of cancer-specific DNA and DNA from healthy cells, the latter without
these alterations. Therefore liquid biopsies can, for example, help monitor the propor-
tion of an emerging cancer subtype in the tumor. Lakatos et al. [10] introduced methods
for estimating the cancer proportion and the proportion of the most dominant cancer
subtype in the sample, termed purity estimation and subclonal tracking. However, our
ability to track the cancer evolution is hindered by the low signal in such samples, due
to the contamination of healthy DNA, and measurement noise. We thus aim to develop
methods for denoising and deconvolution of the underlying copy number profile of the
tumor, to enhance the signal in liquid biopsy sequencing measurements.

In this work, we evaluate two frameworks for deconvoluting such samples: a denoising
autoencoder and Bayesian change point detection. We compare these methods to rolling
median-based segmentation, using the mean squared error of the reconstructed copy
number profile and the F1-score. We demonstrate that both deconvolution methods
work better than the rolling median in low-purity and noisy regions. We then implement
our methods for purity estimation and subclonal tracking, based on the methods by
Lakatos et al. and using the denoised data obtained from the previous step. In general,
we find that Bayesian change point detection outperforms the other methods, is suitable
for denoising liquid biopsy samples, and can be used for subclonal tracking. Using our
full updated pipeline, we can improve the estimation of purity and subclonal ratio values,
especially in low-purity and low-quality samples.

Keywords: Denoising autoencoder, Bayesian change point detection, cumulative seg-
mented regression, genomics, copy-number variations, liquid biopsy sequencing
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1 | Introduction

Cancer is a class of human pathologies, that claims millions of lives across the globe
every year. Hence, it is of great interest to make identification, and tracking of cancer
progression, more accessible and accurate. Sequencing of cell-free DNA (cfDNA) from
liquid biopsies, in particular blood samples, is a promising tool for cancer detection and
monitoring, as they are cheap, and less invasive than traditional tissue-based methods.

The driving force behind cancer is somatic mutations. One somatic mutation is structural
variations that affect large genomic regions. Copy number variations (CNVs) are a type
of structural variation that results in gains or losses of entire genomic regions [24]. CNVs
are prevalent in cancer and are often exclusive to the tumor cell. Tumor cells frequently
undergo necrosis and then release tumor-specific cell-free DNA (ctDNA) in the process,
i.e. degraded DNA fragments, into bodily fluids. Therefore, CNVs can be evaluated using
cheap low-pass whole genome sequencing (IpWGS) using liquid biopsies, which makes
them a promising tool for tracking cancer progression due to their non-invasive nature.

A challenge when treating cancer is resistance. Some cells are resistant at the start of the
treatment or become resistant after starting treatment through further mutations. We
refer to an emerging, putatively resistant, cancer population as an emerging subclone.
We are interested in studying the progression of such a subclone, as an increasing pro-
portion of the subclone might indicate that the current treatment is insufficient. Lakatos
et. al. developed methods for tracking the most pervasive subclone, using longitudinal
IpWGS measurements of somatic CNVs [10].

Our ability to track the tumor progression is today hindered by the low signal in liquid
biopsy sequencing data. Often, only a small proportion of the total cfDNA sequenced
comes from the tumor. If the tumor consists of different types, such as the ancestral
tumor and a resistant subclone, it will contribute to an even smaller proportion of the
total DNA pool. The DNA reduces the signal from healthy cells, as they do not con-
tain CNVs. Furthermore, [pWGS measurements from liquid biopsies are contaminated
by measurement noise. Current methods for tracking cancer proportions from cfDNA
samples require at least 5-10% of the sequenced cfDNA to originate from the tumor,
which is often not the case [10]. It is difficult to distinguish true variations from random
noise in the sequencing process at lower cancer proportions, see Figure 1.1. Hence, it
is of interest to denoise liquid biopsy sequencing samples to be able to distinguish true
CNVs at even lower cancer proportions than what is currently possible.
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Figure 1.1: An example of a whole genome DNA copy number profile. The blue part in
chromosomes 18 and 19 is not clearly distinguished; it could be either CNV or noise.

1.1 Aims and objective

Due to the high noise levels and generally low quality of liquid biopsy samples, this
thesis aims to develop methods for noise removal, thereby increasing the quality of such
samples. Using the denoised data, we aim to deconvolve the copy number profile of the
genome, i.e. divide the genome into segments of equal copy number. Furthermore, we
aim to use the processed data to achieve a higher level of accuracy in estimating the
sample purity and subclonal proportion over time, especially when dealing with lower
cancer proportions.

For this purpose, we employ two methods for noise reduction of liquid biopsy mea-
surements; a neural network trained to identify and remove measurement noise, and
a Bayesian change point detection to discern different segments, i.e., copy numbers,
within the data. Following noise reduction, segmentation methods based on statistical
modeling are applied to partition the genome into contiguous segments of homologous
copy number state. We evaluate the method’s suitability using the reconstruction error
of the copy number profile and the segmentation quality using the F;-score. We further
assess the quality of the purity and the subclonal ratio estimation using both simulated
and experimental data.
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In this section, we begin by briefly presenting the background of copy number varia-
tions, and how to detect them using liquid biopsy sequencing and their current limita-
tions. Furthermore, we present current methods for estimating the cancer proportion
and subclonal ratio in the tumor. The background of the denoising methods is then pre-
sented: a denoising autoencoder, a type of neural network trained to remove noise, as
well as a Bayesian model for dividing the genome into segments of equal copy number.

2.1 Next generation sequencing

DNA sequencing is a laboratory technique for determining the sequence of nucleotides
in a DNA molecule. So-called next-generation sequencing (NGS) has improved our abil-
ity to detect genomic variations [4]. NGS techniques sequence large amounts of DNA
strands, so-called reads, that come from randomly fragmented copies of the genome. The
reads are assumed to be random representations of the genome or a targeted genomic
region [12]. The reads do not come with a genomic position, and must therefore be
mapped to a reference genome to assign its position. The coverage refers to the num-
ber of reads that cover a nucleotide. We often consider the average coverage over the
genome.

2.1.1 Liquid biopsies

Via apoptosis and necrosis of the cell, DNA fragments are shed into the bloodstream,
called cell-free DNA (cfDNA) since the fragments are freely circulating. The same pro-
cess occurs for tumor cells, resulting in cell-free circulating tumor DNA (ctDNA), which
is detectable in patients for several different types of cancer and correlated to the stage of
the disease [18]. The ctDNA contains tumor-specific abnormalities that are not present
in the healthy DNA. A liquid biopsy is a test done on a sample taken from blood or
other bodily fluid; in the field of cancer research, this is done to search for tumor con-
tent or other biomarkers [5]. NGS techniques can be used to sequence the cfDNA in
liquid biopsies, referred to as liquid biopsy sequencing. Classical methods for cancer
detection include tissue-based biopsies, which are often invasive and time-consuming.
Liquid biopsies are more suited for frequent sampling, due to their non-invasive nature
and easy procedure [11], making them a great alternative for tracking the development
of cancer in patients, especially during treatment where this sort of information is desir-
able. We will subsequently by liquid biopsy refer only to testing done on blood samples.
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2.2 Copy number variations

The copy number state of a genome is the number of copies of each region of the genome.
The copy number state of a healthy human should be 2 throughout the genome since
the chromosomes come in pairs. A copy number variation (CNV) is the deviation from
this diploid copy number state, which is caused by duplications or deletions of genomic
regions, see Figure 2.1a. Such genomic variations are prevalent in cancer, with some
variations ranging over entire chromosomes. CNVs are a good tool for tracking cancer,
as these variations are generally exclusive to the tumor.

In liquid biopsies, the DNA found in the sample is a mixture of cancer DNA and DNA
from healthy cells, where the proportion of cancer DNA is thought to correspond to the
amount of cancer in the body. The proportion of cancer DNA in a sample is referred to as
the sample purity. The copy number profile produced from liquid biopsy sequencing will
not show the copy number profile of the tumor, but instead the average copy number
profile of the cancer and healthy cells. We refer to the contribution of the healthy DNA
as normal contamination. In practice, since the copy number of healthy cells is 2 across
the genome, the resulting copy number profile is the one of the cancer DNA, with an
amplitude decrease proportional to the purity, see Figure 2.1b.
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Figure 2.1: Copy number profiles with and without normal contamination

2.2.1 Detecting copy number variations

In the analysis of CNVs, we often use NGS to perform so-called whole genome sequenc-
ing (WGS), where the entire genome is sequenced. A subset of WGS is low-pass whole
genome sequencing (IpWGS), where the average coverage is 0.001-1x We assume that
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the coverage of a genomic region is linearly correlated with its copy number state, after
correction of systematic biases. Instead of considering each nucleotide, we often divide
the genome into discrete and non-overlapping genomic bins of fixed length, e.g. 50 or
500 kilobases (kb), and aggregate the reads mapped to each genomic region. Hence,
we consider the copy number state of each genomic bin. After processing the data, by
removing systematic biases, we perform segmentation to group genomic bins of equal
copy number states into longer segments, and divide regions of unequal copy number
states [12]. In this work, the processing of the raw sequencing data is done through
the R package QDNAseq [20, 21], a method that can handle data down to 0.1x genomic
coverage.

2.2.2 ENCODE blacklist

Apart from systematic biases in NGS data, there exists a set of regions with unstruc-
tured or high signals, independently of the experiment or cell line, called the ENCODE
blacklist. To use NGS for reading out the genomic signal of an individual, we require
high-accuracy mapping of the DNA to the reference genome, in our case the human
genome, and accurate annotation of the reference. Some regions in the genome con-
tain inconsistencies in the annotation, due to difficulty in the genome assembly, such
as repetitive regions. Including such regions in the analysis can lead to inaccurate and
biased results. Hence, the ENCODE blacklist was created to flag regions that appeared
to have artifact signals [1].

2.2.3 Copy number profiles from liquid biopsies

The mathematical formulation of the copy number profile in this section follows the
formulation in [10]. We assume that a tumor consists of two types of cells, both ancestral
(A) and an emerging, putatively resistant, subclone (S). In addition, normal cells (V)
contribute to the DNA pool. The different cells continuously shed cfDNA into the blood,
with a proportion that varies over time. The purity of a sample at timepoint 7 is denoted
p; and the proportion of the DNA coming from the subclone is called the subclonal ratio,
denoted r;. The proportions of the cell types at a time point ¢ are given by

N; =1—p;, Ai:pi'(l_ri)a Si = pi - T (2.1)

The copy number profile can be divided into distinct segments, i.e. genomic regions with
homologous copy number states, with the majority of segments in a population remain-
ing constant over time. The j’th segment of the copy number profile therefore consists
of three time-independent copy number states C'(A)?, C'(S)’ and C'(N)7, correspond-
ing to the copy number state of the ancestral, subclonal, and normal cells respectively.
Hence, the measured copy number of a segment C? in a sample i is a combination of
these absolute copy number states, weighted by their respective proportion (N;, A;, S;).
We know that C'(N)? = 2, due to normal cells being in a diploid state. Using Equa-
tion (2.1) the measured copy number state of a segment j is

Cl=2+4p; - [(1 — 1) C(A) +r,C(S) — 2} + 0ij, (2.2)
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where 0;; is the measurement noise in sample ¢ at segment j. We note that the un-
derlying absolute copy number states C'(A)?, C'(S)’, and C'(IN)? are integers, while the
measurements are continuous.

2.3 Analyzing copy number variations

In this section, we describe the liquidCNA-algorithm introduced by Lakatos et. al. [10]:
an algorithm for estimating the purity of a sample and one for estimating the subclonal
ratios of a set of samples, obtained from the same patient at different times points.

2.3.1 Purity estimation

The purity estimation relies on the fact that copy numbers are always integers. Hence,
the observed copy number distribution should have distinct peaks with a distance of
pi, see Figure 2.2. The noise broadens the set of copy numbers from a discrete set to a
continuous scale. The modes are identified using a peak-finding algorithm.
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Figure 2.2: Smoothed distribution of the copy numbers in a sample of 50% purity. The
distance between consecutive peaks is the sample purity.

To make the estimation robust, density smoothing is performed for a range of smooth-
ing parameters. For each smoothing parameter s the distribution is adjusted so that the
largest peak is centered at a copy number of 2. The observed modes of the distribu-
tion are compared to the expected modes {2 — p;,2,2 + p;, ... } for a range of purities
pi € [0.03,1]. The purity p; that best describes the purity of the sample is the one that
minimizes the summed squared distance between each mode and the closest observed
mode

Y = min S min((2 + p(C(A) — 2)) — modes)?), (2.3)
pi€l0.03,1) 57
where C'(A) are the theoretically possible integer copy number states. The purity esti-

mate p; is taken as the mean or median of the best purities {;555)} across the smoothing
parameters. The copy number profile can then be purity-corrected to remove normal
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contaminations according to

=2 [

- —
M max

)

_ 1} s (2.4)

where Ceor is the corrected profile, Cq is the segmented profile and M, is the maxi-
mum mode of the copy number distribution of Cy.,. A simpler version would be to use
the median instead of M., but for some samples, the median will be centered around
a copy number level of 3 instead of 2, which will offset the correction.

2.3.2 Subclonal ratio estimation

The estimation of the subclonal ratio uses longitudinal data, where several samples are
taken from the same patient at regular intervals during treatment. The idea behind the
subclonal tracking is that the cancer subclone, resistant to the treatment, has subclone-
specific variations that change over time in the subclone. The first step is to estimate the
purity and remove normal contamination for each sample, as described in Section 2.3.1.
The effect of an emerging subclone is visualized in Figure 2.3.
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Figure 2.3: Progression of a cancer copy number profile over time. The red areas mark
the variations of the subclone, which increase in relative size as the treatment progresses.

Ideally, we have a series of purity-corrected samples as in Figure 2.3. However, the
segments do not align perfectly in real-world data, and we, therefore, calculate the union
of all breakpoints and discard too short segments. In the next step, we categorize the
segments into three types: clonal segments, which do not change over time given a
purity correction; subclonal segments, which are segments where the subclone differs
from the original cancer type; and unstable segments, which change over time, but are
not related to the subclone. Unstable segments are a consequence of random mutations
or measurement noise. Lakatos et. al. identify subclonal segments by first computing
the difference to the baseline sample, often chosen as the sample retrieved at the start of
treatment, as

AC(T)] = C(T)] = C(T); = ri(C(SY — C(A)), (2.5)

)

where C(T)! is the tumor specific segment j in sample i. The subclonal segments are
selected as a set of segments with a monotone pattern across an ordering of samples that
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clonal - subclonal -® unstable
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Sample

Figure 2.4: Differences between the samples 1-4 and the baseline sample 1. Each line
represents a segment and the color represents the segment’s classification. The samples
are simulated to have a subclonal ratio of 0, 0.125, 0.25, and 0.5, respectively.

maximizes the number of subclonal segments, see Figure 2.4. For further reference, see
the original paper. The subclonal ratio r; is derived using Equation (2.5) where

AC(TY € {...,=2r;,—rsr, 215, ...}, Vj€ES, (2.6)

where S is the set of subclonal segments. The values are fitted using a mixture of Gaus-
sian distributions, with the mean of the Gaussians following Equation (2.6). The sub-
clonal ratio is taken as the constrained mean parameter r; of the Gaussian mixture that
optimizes the fit. This procedure is performed to account for the measurement noise.

2.4 Denoising autoencoders

Autoencoders are algorithms that aim to learn an informative representation of the in-
put data, by learning to reconstruct a set of input observations. Autoencoders are often
used for unsupervised learning tasks such as dimensionality reduction and denoising.
The typical autoencoder architecture consists of three parts: an encoder, a latent fea-
ture representation, and a decoder. The autoencoder should reconstruct the input suf-
ficiently well, and at the same time, create a latent representation of the input that is
meaningful and useful. The encoder and decoder parts of the structure are often neural
networks [14]. The encoder acts as a feature extractor, and the decoder reconstructs the
original signal from the latent feature representation. The dimension of the latent fea-
ture representation is often much lower than the input dimension, called a bottleneck. A
denoising autoencoder is a special type of autoencoder that learns to remove noise from
input observations from noisy data by learning to reconstruct the underlying signal from
its noisy counterpart.
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— - Latent feature representation i

Encoder Decoder

Figure 2.5: Schematic overview of the autoencoder architecture.

2.4.1 Autoencoders

In our setting, we have a training dataset consisting of M unlabeled observations =¥ €
RY for i = 1,2,..., M where N is the number of genomic bins. The latent feature
representation h; € R? is the output of the encoder part of the network

hi = g(z), 2.7)

where g : RY — RY is a function dependent on some set of parameters. The output of
the decoder ¥ € R" is a function of the latent feature representation

2 = f(hi) = f(g(x")). (2.8)
The autoencoder aims to find the functions f, g that minimize the average discrepancy
between the input signals 2" and its reconstruction W fori=1,2,..., M.

2.4.2 Loss function

During training, the loss function is the metric aimed to be minimized. The loss function
is a measure of the difference in the output and input signal:

E[A(z", %)) = E[A(=", f(g(z))],

where A(-,-) is a function describing the difference between its inputs. We aim to find
the weights in the network that minimize the difference between (¥ and (¥ according
to this metric [14]. The most common loss function is the mean squared error (MSE).

2.4.3 Convolutional neural networks

Convolutional neural networks (CNNs) are a class of artificial neural networks designed
to adaptively learn spatial hierarchies in the data. In this section, we present the major
building blocks of CNNs. This section follows the presentation in [26].

The core building blocks of a CNN are convolutional layers, which perform feature ex-
traction of the data and typically consist of both linear and non-linear components. The
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linear components are convolution operations, that extract features by applying a ker-
nel, i.e. an array of weights, across the data. Element-wise multiplication is performed
between the kernel and each position in the data and is then summed up, to obtain the
output value of the corresponding position in the output, called a feature map, see Fig-
ure 2.6. In general, this procedure is repeated multiple times to produce multiple feature
maps, each representing different characteristics of the input vector. Hence, we can see
the kernels as a form of feature extractors. The distance between two consecutive ker-
nel positions is referred to as the stride and is usually set to 1, even though larger strides
can be used to achieve down-sampling of the data. The kernels are shared across all
sequence positions, referred to as weight sharing. One advantage of weight sharing is
that local features are translation invariant as the kernel will move across the sequences
and detect learned local patterns [19]. The kernel weights, vital for feature extraction,
undergo learning throughout the network’s training process.

kernel | W1 | W2 | W3 >

input X1 | Ty | XT3 | Ty |-or | oo | | TN

€1 = W1T1 + Waka + W3T3

feature map 1

Figure 2.6: Schematic overview of convolution operation in a CNN. The kernel slides
over the input and performs convolutions, to obtain the values in the feature map.

It is possible to use convolutional layers in an autoencoder-like architecture. Then, con-
volutional layers are used in the encoder, and so-called transposed convolutional layers
are used in the decoder. Such layers perform up-sampling of the feature maps, by em-
ploying convolution-like operations. The deconvolution process contains trainable pa-
rameters, that are learned during the training of the network [27].

2.4.4 Activation function

Non-linearities can be introduced to neural networks through an appropriate choice of
activation function, which allows the network to learn more complex and non-linear
mappings between input and output. Let {z;}}_, be the input received by a neuron
in the neural network, coming from the system of connected neurons. Let {w;}’_; be
the weights that modify the received information, by either amplifying or reducing the
values. The bias b modifies the weights of the connections between the neurons. The
received values are, in turn, modified by the weights, and are summed to produce the
net-input, which is passed on to the activation function, which determines if the neuron is
activated or not [13], see Figure 2.7. A commonly used activation function is the ReLU-
function, which is more computationally effective than other commonly used activation
functions [19], where

ReLU(x) = max(z, 0). (2.9)

10
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Figure 2.7: Schematic overview of a simple neural network.

2.4.5 Pooling layers

Another common method for achieving downsampling of the data, apart from using a
larger stride, is to use pooling layers. Pooling layers are used to reduce the dimensionality
of the feature maps to reduce the effect of small distortions and to decrease the number
of parameters. The most common pooling method is max pooling, which extracts the
largest value in a patch. Another commonly used pooling method is average pooling
which instead extracts the mean of each patch.

2.4.6 Convolutional denoising autoencoders

In a convolutional denoising autoencoder, the encoder consists of convolutional layers
that perform feature extraction, and pooling layers that downsample the input signal.
The decoder requires upsampling to transform the downsampled signal into its original
dimension. The so-called transposed convolutional layer generates an output feature map
with a dimension larger than the input feature map. In between the transposed convolu-
tional layers, we have upsampling layers for upsampling the dimension. The upsampling
factor must be compatible with the downsampling performed in the pooling layers in
the encoder part of the network.

2.5 Change point detection

Change points are points in a time series or other contiguous data where the underlying
model or parameters change. The problem of detecting change points has applications
in bioinformatics and genomics. An important application is multiple breakpoints de-
tection, used to find the positions of CNVs in the genome. In this section, we present
two statistical methods for detecting the number and positions of multiple breakpoints:
Bayesian change point detection, a method based on Bayesian inference, which assumes
i.i.d. Gaussian noise; and cumulative segmented regression, which is useful when the dis-
tribution of the noise is not necessarily i.i.d. Gaussian.
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Figure 2.8: Normally distributed data with a change point in = 6, where the mean
changes from y =5topu = 7.

2.5.1 Bayesian change point detection

Bayesian change point detection was developed by Barry and Hartigan [2] and later im-
plemented as an R-package by Erdman and Emerson [7]. The method combines Bayesian
inference with the so-called product partition model (PPM) [3], which assumes a dataset
can be partitioned into different blocks separated by the change points. Each partition
is described by a multivariate probability distribution, whose parameters can be found
by Bayesian analysis, see [2, 22] for further reference.

The Bayesian change point (BCP) model [2] is specified for the mean x of a normal dis-
tribution, where it is assumed that the variance o2 is constant over time. The prior of the
mean is N (po, 02), where 119 and o7 are unknown hyperparameters. The base assump-
tions are that (i) the probability of a change point at a position i is p, independently at
each i, that (ii) the observations are N (j1;, o) and that (iii) given the partition and the
parameters, observations in different segments are mutually independent. The prior dis-
tribution of 1;; (the segment beginning at 7 + 1 and ending at j) is N (1o, 05 /(7 — 1)),
chosen such that long segments are favored, only including short segments given that
there is sufficient data to estimate them. In the original algorithm, the calculations are
O(N?), and while an exact implementation is possible, it would be too slow for big
datasets, thus the implementation is a Markov chain Monte Carlo (MCMC) approxima-
tion that is O(N?) instead, where N is the number of genomic bins.

The partition of the data is denoted by p = (Uy,Us,...,Uy), where U; € {0,1} and
U; = lindicates a change point at position 741. Random partition samples are generated
through a Markov chain. The partition is initialized as U; = O foralli < N and Uy = 1.
We generate a new partition by iterating through the old partition and at each position
© we assign U; with the conditional probability p; where

Di _ P(Ui = 1‘X, Ujaj i Z)
1—p;  PU;=0[X,Uj,j #1)

(2.10)

whose exact analytical form can be found in the article by Barry and Hartigan [2]. This
form contains integrands which are numerically unstable for long sequences, and they
are thus simplified by Erdman and Emerson [7] as incomplete beta integrals. After each
iteration, the posterior means are updated conditional on the current partition.

This MCMC implementation of the algorithm in Barry and Hartigan [2] estimates the
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posterior distribution of the change points and the means ;5. It thus not only produces
a segmentation but also indicates the uncertainty of the segmentation. Furthermore, it
is possible to perform change point detection with multiple samples simultaneously, to
detect change points that are present in all samples, subsequently referred to as multi-
sample BCP.

2.5.2 Cumulative segmented regression

Let {(z;,v;) Y, be the observed data at hand, which represents the genomic bin and
corresponding measured copy number. The observed copy number profile is a piecewise
constant function with K + 1 segments

K
yi =Bo+ > Bul{zi > 1.} + e, (2.11)
P

where ¢; is the noise and {7;}X, C {z;}¥, are the breakpoints. Many methods for
segmentation assume i.i.d. Gaussian errors, but the following method does not require
independent and homoscedastic errors, only E[e;] = 0. The associated statistical prob-
lem is to identify the number of breakpoints K in the sequence, and their positions [17].

The cumulative segmented algorithm is based on transforming the piecewise constant
function in Equation (2.11) into a piecewise linear function. We transform Equation (2.11)
by taking the cumulative sum on both sides to obtain

K
zi=Bo+ Y Belwi — )+ + iy (2.12)
k=1

where for each 7 and k&

1

=y, wi=i=y 1, m= & (ri-—7m)r=y Hr;>n} (213
j=1 j=1 j=1 j=1

Note that Equation (2.13) has the same parameters as Equation (2.11), but different errors,
covariates, and responses. Most importantly, Equation (2.13) has a piecewise linear re-
lationship, and a computationally efficient change points detection algorithm that does
not work for the piecewise constant models can be employed, see [15, 16] for further
reference. Such algorithms are based on, given a set of starting values for the change
points, iteratively fitting a linear model, and updating the proposed changepoints until
convergence. As the number of starting points is unknown in practice, the algorithm is
initiated by overestimating the number of starting points K *. Estimations of such mod-
els are performed using least squares, to ensure unbiased estimates, by requiring only
zero mean errors. If the original data fulfills this assumption, so does the transformed
data [17].

2.5.3 Model selection

The number of breakpoints selected using the method briefly presented in Section 2.5.2
is likely larger than the true number of breakpoints, so the next step is to select the
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2. Theory

number of breakpoints, which is a model selection problem. The LARS algorithm, see
[6] for reference, will return the entire path, from the null model to the model with K*
breakpoints included, at the cost of a single least-squares computation. The best model,
having K < K* breakpoints, can be selected using a suitable model selection criterion.
A commonly used model selection criterion is the Bayesian Information Criterion (BIC)
which penalizes too large models. We use the modified BIC value

log(NV)
N

BICc, =log(6) + k - Oy (2.14)
where ¢ is the residual variance estimate, k = 1 + 2 - #change points is the number of
model parameters, and Cy is a known constant [17]. We use model selection to reduce
the risk of overfitting, which in this case corresponds to introducing too many segments.

2.5.4 Diagnostics of segmentation

Assigning a position in the genome as a breakpoint can be seen as a binary classification
problem. To measure the performance of the segmentation method, we can therefore use
the metrics precision and recall. Precision measures the percentage of relevant instances
among all retrieved instances, i.e. the proportion of correct positive classifications. Re-
call is the percentage of identified instances among the relevant instances, i.e. what
proportions of positives were identified correctly. Let TP, FP, and FN denote true posi-
tives, false positives, and false negatives, respectively. Then

TP TP
Precision = ———— (2.15)

Recall = 35 Fp- TP LEN'

For a perfect classification, precision and recall will both be 1, as there are no false pos-
itives or false negatives. Usually, that is not the case, and instead, there is a trade-off
between precision and recall, where a decrease in false positives implies an increase in
false negatives and vice versa. A relevant measure that accounts for both the precision
and recall is the F -score, given by

Precision - Recall

F1—score = 2 - (2.16)

Precision + Recall
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3 | Implementation

In this section, we present our implementation of the methods developed for the denois-
ing and deconvolution of copy number variations in liquid biopsy data. We first present
the implementation of the two pipelines used; a denoising autoencoder followed by cu-
mulative segmented regression and BCP and how to validate the model performance.
Then, we describe an improved implementation of liquidCNA used for purity- and sub-
clonal ratio estimation. For details on the code, see our GitHub repository [8].

3.1 Datasets

We have four types of experimental data at hand, each with the genome divided into
500kb bins, with unknown noise distribution:

1. ovarian cell line data;

2. an in silico subsampled version of the dataset (1), based on {5, 10, 20, 50} million
reads;

3. lung cancer data, collected as part of the FIGARO study [23];
4. blood samples from healthy individuals, used as a negative control.

We refer to [10] for further details on collecting and processing the experimental data.
The samples in dataset (1) were created by mixing cancer DNA and DNA from healthy
blood, at proportions (weights) corresponding to the purity. We are expected to under-
estimate the purity due to the definition of theoretical purity of mixed samples made
by the authors; a highly duplicated genome will have a larger weight than a diploid
genome. Hence, when mixing the different samples, we will have a larger proportion of
the healthy genome than expected. See the original paper for further reference.

3.1.1 Extension of the ENCODE-blacklist

We perform outlier detection using the experimental data. Problematic regions were
detected using the negative control data, where a bin was considered an outlier if it
deviated more than 3 standard deviations from the mean. Such data should in theory
have no outliers, and the outliers were therefore blacklisted and removed. In our case, we
found extreme outliers resulting from a read count close to zero. We further validated
these outliers by analyzing cell line and FIGARO data, where they were also present.
With this evidence, we extended the ENCODE blacklist to include these newly found
problematic regions.
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3. Implementation

3.1.2 Simulation of synthetic data

To train the autoencoder, and evaluate the methods, we simulate representative data of
highly mutated genomes. We note that experimental data is preferred, but not available.
We simulate a genome of N = 4320 genomic bins, which roughly corresponds to di-
viding the genome into 500kb bins, after removing the extended ENCODE blacklist, see
Section 3.1. We simulate segments with copy numbers between 1 and 5, with 2 being the
most probable state, and duplications being more probable than deletions. The segment
length is drawn uniformly between 12 and 130. The simulation parameters are chosen
to be comparable with the original liquidCNA algorithm. We focus our simulation on
purities of 5-50%, as current methods generally work well for high-purity samples. After
simulating the underlying copy-number profile, we contaminate it with Gaussian noise
to make the learning more robust.

The noise is assumed to be dependent on the copy number. The noise function is created
so that our noise levels are directly comparable to those used in Lakatos et al. [10]. For
a segment j with copy number C” the noise standard deviation o is defined as

o=0.1-00(1+0.075-C%), (3.1)

where
oo = max(0.01,X), X ~ N(0mean, afd), (3.2)

and Oyean and oy is the pre-defined mean and standard deviation at a specific noise
level. In this work, we use oyean € {1,2,4, 8}. Noise level 1 approximately reflects the
expected noise in practice, noise level 2 twice the expected noise, and so on, hence the
scaling factor 0.1 in Equation (3.1). We are using a 10 times larger bin size than in [10],
and therefore perform an extra downsampling step: for each position in the segment, 10
values are simulated with noise A/(0, 0%), and the value of the downsampled observation
is their mean.

3.1.3 Simulation of longitudinal data

The simulation is done similarly as described in Section 3.1.2. We simulate a baseline
copy number profile, which will be used as the first sample and as the basis for the other
sample profiles. The baseline can be seen as the profile of the ancestral tumor. For each
segment in the baseline profile, we sample a variation {—1,0, 1,2}, with a probability
of 0.75 to draw a zero. For the remaining variations, we assign the single duplication
the highest probability, followed by a single deletion with the next highest probability
(values 1 and -1 respectively), and assign the smallest probability to a value of 2. The
total profile in sample 7 is computed as the weighted mean of the ancestral and subclonal
profile, with weights (1 — ;) and r; respectively. The procedure is performed for each
timepoint ¢ = 2,3, ..., n where n is the number of longitudinal samples (including the
baseline).

Furthermore, there is randomness in the assigned purity p;, and subclonal ratio r; of a
sample 7. In practice, we do not use baseline samples of purity less than 15%. There-
fore, we only simulate baseline samples of at least 15% purity. In our simulations, the
subclonal ratio of the baseline sample is always zero. The purities and subclonal ratios
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of the remaining samples are sampled uniformly from [0.12, 0.46] and [0.05, 0.8] respec-
tively. However, samples with an estimated purity of 10% or less are disregarded in the
subclonal ratio estimation algorithm to ensure sufficient sample quality.

3.2 Convolutional denoising autoencoder

The first method used to denoise liquid biopsy samples is a convolutional denoising au-
toencoder. The autoencoder is implemented in Tensorflow v2.16.1 [25]. The encoder
part of the autoencoder consists of convolutional layers, followed by pooling layers, to
perform feature extraction and down-sampling of the input sequence. The decoder in-
stead uses transpose convolutional layers and upsampling to reconstruct the underlying
signal from the latent feature representation. The architecture is symmetric around the
bottleneck. The number of layers, the feature size, the pooling method, and the kernel
size are all tuning parameters. To select an optimal model for our task, we implement a
tuning scheme where we tune said parameters, see Section 3.2.3.

3.2.1 Activation function

As an activation function, we use the ReLU function, shown in Equation (2.9). While
commonly used, it suffers from the dying ReLU problem, which refers to neurons becom-
ing inactive, and only outputting zero, independently of the input. This is considered as
a dead state of the neuron, and results in no weights being updated, due to the deriva-
tive being zero, causing the gradient to fail in the backpropagation. An alternative to
the ReLU function is

LeakyReLU(z) = max(z, ax) (3.3)

that does not assign zero to negative input values which solves the problem, at the ex-
pense of reduced performance. We explored using Equation (3.3) with o = 0.02 to avoid
the dying ReLU problem, but noticed a performance decrease. Another approach to
avoiding this problem is to reduce the learning rate. We found that reducing the learn-
ing rate from 1073 to 10~ helped in avoiding the problem, which was then used in the
final implementation of the model instead of LeakyReLU.

3.2.2 Loss function

As a training objective to be minimized, we use the sum of the mean squared error (MSE)
and the total variation loss. Let y = (y;)~., and § = (§;)X, be the true and predicted
values respectively. Then we define the loss function as

. 1 N o A N-1 A A
L(y,y) = N > (v — i) + N_1 > 91 — Bl (3.4)
i=1 i=1

where A\ € [0, 00) is a regularization parameter, that needs to be tuned. The second
term is used to preserve sharp edges in the underlying signal. This is suitable since the
function we want to reconstruct is piecewise constant.
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3.2.3 Parameter tuning

To obtain the best model, given our simulated copy number data, we tune the number
of layers to use, the pooling method, the initial feature size, and the kernel size. The
values used for each of the parameters are presented in Table 3.1. Here, the number of
layers refers to the number of hidden layers in the network. After each added hidden
layer, we add a pooling layer, that will down-sample the feature maps by a factor of 2.
Furthermore, the feature size refers to the number of feature maps used in the first layer.
The feature size is divided by 2 for each added hidden layer. For each added layer in the
encoder, an up-sampling layer followed by a transposed convolutional layer is added in
the decoder.

In earlier trials of the tuning, two pooling methods were used: max pooling and average
pooling. As the results of the two were quite similar, with max pooling performing
slightly better, and as the tuning is very time-consuming, we decided to only include
max pooling in the tuning. Moreover, we also included up to 4 layers in the initial stage
of tuning, but we found that the performance was reduced, likely due to overfitting.
Moreover, it is time-consuming to train such a complex model, and we decided to exclude
it in the final tuning to reduce the time spent on tuning,.

Table 3.1: Range of values used in tuning of autoencoder

Parameter # layers feature size kernel size

Values 2,3 32, 64, 128 5,7,9

The autoencoder was tuned using 2000 samples simulated according to Section 3.1.2,
with 0yean = 0.1 and 0q = 0.01. All training data is normalized into [0, 1] using min-
max normalization to help with convergence. The tuning itself was done exhaustively,
with a 10-fold cross-validation for each set of parameters. Finally, the model was trained
for at most 10 epochs. To avoid overfitting of the model, we implemented early stopping,
which stops the training early, if the validation loss is non-decreasing in two consecutive
epochs. During training, we used an 80/20 split of the training data to monitor the
validation loss for this purpose.

The tuning was repeated for a sequence of penalty values A € {0,0.025,...,0.1}. This
range of relatively low penalty values was used as we found that they outperformed large
penalty values in earlier stages of the tuning. The downside to using Equation (3.4) as
the loss function, is that models trained using different )\ are not directly comparable.
We would likely favor the smallest ), as the total variation term is automatically smaller.
We select the best model for each ) and refit the models on the dataset. To select the best
A, we want to find the model that performs best, in terms of purity-corrected reconstruc-
tions of the copy number profiles. We measure this by the MSE between the original and
the reconstructed profile, as described in Section 2.5.4. The final model chosen from the
tuning process uses an initial feature size of 128, kernel size of 7, 2 hidden layers, and
a penalty value of 0.025. We note that the model performance was not sensitive to the
hyperparameters used.
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After additional evaluation, we decided to retrain the model on more data and with vary-
ing noise levels, as overall performance increased with more diverse training data. The
model was retrained on trice as much data, and Gaussian noise with varying means
{0.05,0.1,0.15} and standard deviations {0.005,0.01, 0.015}, with 200 samples per pu-
rity.

3.2.4 Segmentation of denoised signals

To retrieve the underlying piecewise constant function from the denoised data, we used
the cumulative segmentation algorithm described in Section 2.5.2. The method will likely
overestimate the number of breakpoints, so we perform model selection using the pro-
posed Equation (2.14) in [16] with constant C,, = log(log(n)) as selection criteria. The
idea is then to identify an “elbow” in the BIC-curve plot, which is often a subjective
procedure. We use an automatic cutoff rule based on the percentage decrease in the
BIC between consecutive values. We select the smallest number of segments where the
percental decrease between two consecutive values is 1%. It is generally better to over-
estimate the number of breakpoints. However, too short segments need to be merged
into longer segments, or filtered away before downstream analyses. We therefore merge
segments shorter than 12 bins into the closest surrounding segment, and the value of the
segment is recomputed as the weighted mean of the two merged segments, where the
weight is the length of the segment. Segments are merged iteratively until no segments
are shorter than 12 bins long.

3.3 Bayesian change point detection

As an alternative to the denoising autoencoder, we use the Bayesian approach for signal
denoising, as described in Section 2.5.1. We use the MCMC implementation described in
[7] for the Bayesian change point detection (BCP). Contrary to the previous section, we
do not use any denoising of the data before segmentation, as we found BCP to work well
even with noisy measurements and low purities. Conversely, as BCP assumes Gaussian
distributed noise, pre-processing of the noisy data might worsen the performance of the
BCP segmentation.

The output of the Bayesian change point detection is not only the posterior means
and variances over the segments but also the posterior probability of a position ¢ €
{1,2,..., N} in the binned genome being a change point. The posterior probability is
used to segment the data. We remove changepoints with a low posterior probability of
being a change point and merge short segments as described in Section 3.2.4. We use a
cutoff of ¢ = 0.1 for the posterior probabilities, as this worked well in practice in combi-
nation with merging or filtering of short segments. Finally, the means of the segments
are recomputed, as the mean of the observations in each segment, to produce more reli-
able segment levels.
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3.4 Purity estimation

The purity in the samples is estimated following the same principle as described in Sec-
tion 2.3.1. We implemented a peak-finding algorithm that identifies local maxima by
analyzing the second derivative of the smoothed density function, instead of employing
the peak-finding algorithm used in liquidCNA. Peaks identified further away than 2.5
standard deviations from the mean were discarded, as these often were unreliable. The
density smoothing was performed for s € {0.6,0.8, ...,1.8}, and p; taken as the median
across the smoothing parameters. For each s, we use a purity interval of [0.01, 1] with
200 equidistant values.

3.5 Estimation of subclonal ratio

To track emerging subclones, we implement an alternative version of the liquidCNA
approach to subclonal ratio estimation presented in Section 2.3.2. Firstly, the purity is
evaluated as in Section 3.4, using multi-sample Bayesian change point detection, and
the profiles of the original data are corrected according to Equation (2.4). We then use
the BCP segmentation to find the common breakpoints in the samples, where for each
sample a breakpoint is identified if the posterior probability is below the cutoftf ¢ = 0.1.
We take the union of the breakpoints and then discard segments shorter than 12 bins,
i.e. no merging of segments is performed. For each sample, we compute the segment
values as the mean of the purity-corrected original data. In the following part, only one
value per sample and segment is used, i.e., segment length is no longer considered.

We choose the first sample, taken at the beginning of the treatment, as the baseline
sample and compute the differences AC(T')] to the baseline. The baseline sample is
assumed to contain a negligible amount of subclonal cancer. A segment is classified as
clonal if

|AC(T)]| <6, (3.5)
for all samples, where 0 is a threshold parameter. The non-clonal segments are classified

as either subclonal or unstable, based on whether they follow a monotone pattern after
a sample reordering as in Section 2.3.2. A segment j is classified as unstable if

AC(T)! = AC(T)., > =6 or AC(T), — AC(T),, < 9,

where 0 is a threshold parameter for the monotonicity. Finally, the estimation of the sub-
clonal ratio is based on peak distances, inspired by the purity estimation. The modes are
identified as in Section 3.4, and the optimal ratio minimizes the squared difference. Anil-
lustration of the results can be seen in Figure 3.1 for a sample with subclonal ratio 12.5%.
To make the estimation more robust we use a range s € {0.5,0.75,...,2.5} of different
smoothing factors, and select the optimal ratio 7; as the median of the estimations {ﬁ(s)}
across the different smoothing parameters. This is repeated for all non-baseline samples.

3.5.1 Choice of threshold ¢

In manual analysis, where only one patient is examined, the threshold 6 should be chosen
such that it separates the clonal from the subclonal segments, often visible by ocular
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Figure 3.1: Smoothed distribution of subclonal segments with subclonal ratio 12.5%.

inspection. However, in the automated process, we found that the choice of threshold
can be tricky. Inspired by liquidCNA [10], we choose the threshold in the following way:
Foreach § € O, where O is a set of possible threshold values, and for each permutation of
the samples, we classify the segments into clonal, subclonal, and unstable as above. We
then choose the permutation with the highest ratio of subclonal to unstable segments.
Out of these # with a given ordering, we choose the § with the highest subclonal to
unstable ratio, given that at least 5 and at most 20 subclonal segments are above the

threshold.

A naive choice of © would be © = [0, 1], including all possible ratios, however, as pre-
viously stated, in the case of manual analysis, the optimal threshold is usually clearly
visible to the human eye. In theory, the optimal choice of threshold, following Equa-
tion (3.5), is the maximal true ratio of the samples in a set, .. To both simulate the
range of human error and save computational time, we use © = [rpa. — 0.2, rpay + 0.1].
This will in some cases improve the results and in many cases provide the same results
but faster, and the improvement in results could easily be done by manual tuning ac-
cording to the diagnostics plots.

3.6 Model evaluation

In this section, we describe the workflow used for evaluating the denoising methods.
We use the rolling median as a base model for comparison. We also describe the exper-
imental data at hand, and how the models are evaluated on the experimental data.

3.6.1 Rolling median denoising

A baseline denoising method is the rolling median. The size of the sliding window k&
was tuned on simulated data with different noise levels o € {1,2,4, 8} and purities in
[0.05,0.5]. We tried arange k € {11,21,...,51} and selected k = 21. We note that the
optimal choice of sliding window is heavily dependent on the noise level in the sample,
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and the purity. We selected & = 21 as this performed well, in terms of purity-corrected
segmented signals, in the most realistic cases, and for purities high enough for use in
downstream analyses.

3.6.2 Evaluation metrics

The models are compared using two metrics: purity-corrected copy-number profiles,
and the Fl-score. The corrected profiles indicate how well we are reconstructing the
magnitude of the copy numbers, while the F1-score measures segmentation quality. The
denoised signal is evaluated by first applying the denoising method, then estimating the
purity of the sample, performing the segmentation, and finally correcting the segmented
profile according to Equation (2.4). Then, the MSE of the purity-corrected profile is com-
puted. This metric is suitable since we need an accurate and detailed reconstruction to
estimate the subclonal ratio 7; in further analyses. We also compute the predicted change
points from the segmented profiles and the F1-score, according to Equation (2.16). We
define the predicted change point as a true positive if it is +/— 5 bins from the true
breakpoint.
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This section outlines three main findings: model evaluation, purity estimation, and
subclonal ratio estimation. We begin by comparing the performance of our denoising
methods against the baseline method, rolling median denoising, in what we term model
evaluation. Following this, we analyze purity estimation across synthetic and in silico
datasets, each with varying noise levels and numbers of reads, for all three methods. Fi-
nally, we present the results of subclonal ratio estimation using the BCP method across
synthetic and in silico datasets.

4.1 Deconvolution

The method comparison between the denoising methods, in terms of the absolute error
of the purity-corrected CNVs and the F;-score, is presented in Figure 4.1 and Figure 4.2
respectively. Recall that the performance is evaluated at purities {0.05,0.1,...,0.5}.
For ease of visualization, we group the purities into intervals of range 0.1; each purity
interval contains two distinct purity values. In terms of reconstruction error, the denois-
ing autoencoder performs better than the base model, i.e. the rolling median denoiser,
in the low purity and high noise scenarios. Nevertheless, both denoising methods are
outperformed by BCP at noise levels {2,4}. We note the lack of significant increase
in performance at noise level 1 and purities above 30% using the developed methods
compared to the rolling median. However, the rolling median is not sufficient in noisier
scenarios.

When instead considering the F;-score, BCP consistently outperforms the other denois-
ing methods, see Figure 4.2. This is even though the cutoff was not optimized for each
purity level, something which does not affect the reconstruction error much but might
affect the F;-score since e.g. setting a too-high cutoff will underestimate the number
of segments and produce a suboptimal segmentation and consequently reduce the F;-
score. A suboptimal cutoff can explain the BCP results in Figure 4.2 where the F1-score
tends to be higher at noise level 2 or 4 than at noise level 1 for some purity intervals,
e.g. (0.3,0.4] and (0.4, 0.5]. This indicates that we need another cutoff € when working
with low-noise samples.

As mentioned, the base model excels at high purity and low noise; to explain this, an
example of the method prediction and the ground truth in this scenario is presented
in Figure 4.3. The change points are identifiable by the eye, and no advanced models
are needed. The predictions in this case are close to indistinguishable. Furthermore,
the purity estimation in this scenario is reliable, and the difference in performance is

23



4. Results

method bep 1 autoencoder [ rolling median

0.0

%%% it P

T A

T
ko

pin
-
o .
v
B -
g

log,((error)
o =
(83} o
1 1

-

* -

-
*
B

= Lo
DMl il

(0,0.1] (0.1,0.2] 0.2,0.3] (0.3.0.4] (0.4,0.5]
Purity interval

Figure 4.1: Error of purity estimated copy number profiles, for each method at different

purity intervals and noise levels, indicated by the gray panels. The error refers to the
absolute error between the ground truth and the model prediction.

24



4. Results

method - bep ~ autoencoder rolling median

1.00

0.75 7

0.50 1

0.25

0.00 1

T T TP T

1.00

0.75

0.50

0.25

0.00 1

E %5%%%@%%%%

1.00

Fq-score

0.75 7

0.50

0.25

0.00

1.00

0.75 1

0.50

0.25 1

0.00

0,0.1] 0.1,0.2]

0.2,03] (0.3.0.4] (0.4,0.5]

Purity interval
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caused by randomness in the segmentation methods, such as the selection procedure of
the number of segments, which in our case has been more thoroughly optimized for the
autoencoder and rolling median than for BCP.
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Figure 4.3: Simulated copy number profile and prediction, after purity correction. The
original profile was of 50% purity at noise level 1. Note how the copy number levels are
now at integer values, corresponding to the ground truth.

4.2 Purity estimation

In this section, we study how well we can estimate the sample purity, using both syn-
thetic and in silico datasets. The synthetic data consists of 20 samples per purity in
{0.05,0.075,...,0.5} at four different noise levels {1, 2,4, 8}. The synthetic dataset is
used to study how sensitive the estimation is to the noise levels, while the in silico data is
used to validate that the methods generalize and apply to real-world data with unknown
noise distribution. The in silico data is the subsampled dataset described in Section 3.1.

4.2.1 Synthetic dataset

We naturally find that increasing the noise will increase the error and variance of the
purity estimation. Furthermore, the purity estimation is more reliable at larger purities.
The results are aligned with Figure 4.4 where BCP in general performs the best, and the
denoising autoencoder comes second. All methods perform well on noise level 1, even
at low purities. At noise level 2, we find that the denoising autoencoder starts breaking
down at around 5%, and the rolling median at around 12.5% purity. At noise level 4 BCP
tends to underestimate the purity below 20%. Also, the denoising autoencoder starts
breaking down below 20% with increased variance in the estimates. Furthermore, the
rolling median stops producing reliable estimates around 25% purity. At noise level 8,
we are no longer able to produce low variance and reliable purity estimates. We note
that we have a smaller variance and fewer outliers when using BCP at this noise level,
but instead, we observe a trend of underestimating the purity.

26



4. Results

Estimated purity

0.6

0.49

I
o
|

=4
=
|

4
o
|

o
IS
L

0.24

0.01

noise level 1 2 4 8 noise level 1 2 4 8
1 2 1 2
<t 11 0.6-
0 o 0.4- ¢ L
W § 0.2- 27 el
I > “ P
4 & . "
3 o » i
5 r's ) 5
o
=1
4 8 £ 4 8
<
£
g=|
1 1 A 06
Y M i L] : |
4 0.4- L
i1 0.2- o
02 03 04 05 01 02 03 04 05 01 02 03 04 05 01 02 03 04 05
True purity True purity
(a) BCP (b) Denoising autoencoder
noise level 1 2 4 8
1 2
1.00
0754
0.50 o e
0251 s & <t Rt
o o s .o
2 1 ‘3
7 e 82
2. 0.001 B
]
8 4 8
<
£ 1.00
8
%
€3]
0754
0501 o L $IT1]
g0 ] P g8
0.25 o Ce8o"
s o § gegid, y &
el [T ef LA
0.00 i i i i i ] i i i i i
01 02 03 04 05 01 02 03 04 05
True purity
(c) Rolling median

Figure 4.4: Purity estimation for four different noise levels {1, 2, 4, 8}, using the different
methods. The results are based on 20 samples per purity in {0.05,0.075,...,0.5}. The
dashed gray line is the y = x line.
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4.2.2 1In silico dataset

We further evaluate how well our method can predict the purity of in silico samples, us-
ing the subsampled data described in Section 3.1. The results are presented in Figure 4.5.
Note the underestimation of the purity, caused by the mixing procedure. Reducing the
number of reads is expected to increase the level of noise and hence make it harder to
accurately estimate the purity. We find that all methods, especially the denoising au-
toencoder and BCP, produced low variance estimates. We find only two samples whose
purity has been overestimated, both at 5 million reads at purity below 10%. We find a
smaller error in the estimates from the denoising autoencoder on these observations.
For the rolling median, however, we find several incorrect estimates. Four of them have
5 million reads and a purity below 10% and are expected to be difficult. Interestingly,
we have an outlier at a purity of 12.5% and 10 million reads. The other two outliers have
a purity above 10% but only 5 million reads.
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Figure 4.5: Purity estimation of in silico data. The data is subsampled to contain a varying
number of reads. A lower number of reads represents a higher noise level. The dashed
gray line is the y = z line.

4.3 Subclonal ratio estimation

In this section, we evaluate how well we can estimate the subclonal ratio. We limit
the analysis to BCP as the denoising method, as previous results have shown that this
method is suitable for this task since it provides the most reliable estimates of the copy
numbers and the best segmentation results. Additionally, BCP allows for multi-sample
breakpoint detection, where common breakpoints are detected. For the synthetic data,
this is done on all samples in a set, while for the in silico data, the multi-sample BCP
was done on pairs of samples, since not enough breakpoints were detected if three or
more samples were included simultaneously. However, we noticed an improvement
from single-sample to paired BCP, thus pairs were deemed appropriate.
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4.3.1 Synthetic dataset

To estimate the subclonal ratio, we simulate M/ = 200 datasets with N = 5 samples
each, corresponding to samples taken at different time points. Except for the first sample
in each set, the purities and ratios are sampled uniformly from {0.12,0.14,...,0.46}
and {0.05,0.1,...,0.8}, respectively. The subclonal ratio of the first sample, i.e., the
baseline sample, is set to zero, as the estimated subclonal ratio of the other samples
would otherwise be underestimated. Furthermore, the purity of the first sample is at
least 15%. For this study, we discard the highest noise level, i.e. noise level 8, as the
results in Section 3.4 were worse than for the other noise levels, and we do not expect
the subclonal tracking to be more accurate than the purity estimation. Furthermore, this
noise level is very high and in real patient samples is expected to contain noise similar
to noise level 1 or 2.

The results are presented in Figure 4.6, for noise levels {1,2,4}. The results for noise
levels 1 and 2 are good, but the algorithm seems to break down for noise level 4, where
we find a trend of overestimating the subclonal ratio. This is expected, as at this level of
noise the noise outweighs any subtle subclone-associated fluctuations in copy number.
As for the purity estimation, the ratios are estimated automatically, and some of the
outliers would have been estimated more correctly had it been possible to choose the
parameters based on the diagnostics plots.

noise level 1 2 4

1.00

Estimated subclonal ratio
Z
(=]

; ; ; ; — ; ; ; — ; ; ; ;
0.0 0.2 0.4 0.6 08 0.0 0.2 0.4 0.6 0.8 0.0 0.2 0.4 0.6 0.8
True subclonal ratio

Figure 4.6: Estimated subclonal-ratio compared to the true subclonal-ratio in synthetic
samples with varying noise levels. The dashed gray line is the y = z line.

4.3.2 In silico data

The subsampled data described in Section 3.1 was also used to validate how well we
can estimate the subclonal ratio in the non-baseline samples. The validation procedure
is the same as the liquidCNA. The estimation is performed with {50, 20, 10,5} as the
minimal read number of the sample. The estimation is based on M = 200 datasets of
N = 5 uniformly sampled longitudinal samples, and a baseline sample. A sample is
discarded if its estimated purity is below 10%, and an entire dataset is discarded if four
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or fewer samples, including the baseline, remain after discarding low-purity samples.
This is done to introduce some randomness in the number of samples included in the
estimation. Note that this brings some differences to the synthetic data, where only five
samples, including baseline, are used, but no samples are discarded due to low purity.

The results are similar to those for the synthetic datasets but with more robustness
against noise and fewer outliers. The former may be explained by the fact that, for the
highest noise level in the synthetic data, all samples have the same noise, while for the
highest noise level in the in silico data, lower-noise samples are also included. Another
notable difference from the synthetic data is that the baseline sample is always the same,
18.5% purity sample, using our estimate, while the synthetic data baseline samples vary
between 15% and 46%.

The impact of adding the data with 5 million reads seems almost negligible, with almost
no difference between the two lower plots in Figure 4.7. This is promising, as a low-reads
sample can be included in the analysis given that there are enough high-reads samples
to compensate. The reduced number of outliers is explained by all samples being of the
same cell lines and having alterations in the same segments, meaning the automated
process can be fine-tuned more easily. The synthetic data had more variance over the
sets and was subsequently more prone to outliers.

In Figure 4.8 we present the comparison of our subclonal estimation algorithm and the
original implementation of liquidCNA, using samples of at least 50 million reads, using
the same segments and segment values as input. To make the comparison fairer, we
discard results where any of the methods returned NA, e.g. due to the smoothing of
distributions failing. No optimal cutoff interval is used in this comparison. We find that
the original implementation works better at the lowest subclonal ratio, but our method
produces slightly more consistent estimations at larger subclonal ratios, especially for
r; = 0.7. The differences are expected to be minor since the data is processed the same,
so the differences boil down to the different segment classification methods, and the
density smoothing instead of the Gaussian mixture fitting step.
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Figure 4.7: Estimated subclonal-ratio compared to the true subclonal-ratio in silico sam-
ples with varying read numbers. The dashed gray line is the y = z line.
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5 | Discussion

In this section, we extend the discussion regarding the results in Chapter 4. We dis-
cuss the general performance of the denoising models and their ability to generalize to
unseen observations, mainly in terms of different cancer types or noise distributions.
Furthermore, we address some potential issues in the developed evaluation framework
and the denoising models. We then discuss the purity and subclonal ratio estimations,
their limitations and their performance. Finally, we discuss how our methods can be
used in further studies.

5.1 Deconvolution models

In general, we found that BCP worked best for denoising the samples. One aspect of our
methods that has not been brought up in the previous sections is the computational cost,
which is an important consideration when working with genomes of higher resolutions,
such as a bin size of 50kb. The rolling median denoising is almost instantaneous and
the time spent on denoising is negligible compared to the purity and subclonal ratio
estimations. On the other hand, BCP has a time complexity of O(N?), making processing
a large number of high-resolution samples infeasible. While the denoising autoencoder
is reasonably fast for predictions, there is an initial cost of training the network.

Another disadvantage of the denoising autoencoder, which is not present for BCP or
rolling median denoising, is that it only works for fixed-size inputs. To denoise data of
50kb bins we would therefore have to construct a new model and retrain it, potentially
with the added effort of re-finetuning the hyperparameters, which is heavily computa-
tionally demanding. It is important to note that while using smaller bin sizes is possible,
we recommend using larger bin sizes, such as our choice of 500kb. As we are more
interested in the big picture, rather than finding each small genomic region, such high
resolution is often unnecessary. Furthermore, binning into larger bin sizes also works
as an initial denoising step.

Furthermore, a critical aspect of the model is its ability to generalize to new observa-
tions, particularly considering diverse distributions of varying lengths across different
types of cancer. In this regard, the BCP model is advantageous as it does not assume any-
thing about the segment lengths. On the other hand, the effectiveness of both the rolling
median and the denoising autoencoder is dependent on the size of the sliding window
or kernel size respectively, which must be tailored to the expected distribution of the
segment lengths. While smaller windows can potentially handle longer segments, they
may yield noisier reconstructions. Conversely, larger windows risk overlooking smaller
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genomic variations. Therefore, when working with cancer datasets beyond ovarian can-
cer that this particular model is based on, it’s advisable to assess the suitability of the
denoiser for the specific context.

We further note that the estimates obtained from automatic segmentation are less ac-
curate than those where the segments are determined by studying the diagnostic plot.
In practice, we are often only studying a handful of clinical samples at a time, making
the manual examination of diagnostic plots feasible. This allows for the detection and
correction of suboptimal parameter choices, such as a too-high cutoff for the posterior
probability using BCP, or underestimating the number of breakpoints using the cumu-
lative segmented regression. However, when testing hundreds of samples, we must rely
on the automatic cutoffs and parameters, likely resulting in suboptimal method perfor-
mance. The same discussion applies to the estimation of the sample purity and subclonal
ratio, where we rely on multiple parameters and automatic selections. In practice, it is
quite easy to determine whether the smoothed density obtained seems reasonable or not.
Sadly, we cannot detect and remove such faulty smoothings in the automated process.
Therefore, in a real setting, the pipeline is expected to provide more accurate deconvo-
lution and subclonal tracking.

5.2 Estimation of purity and subclonal ratio

During this work, we have aimed to improve the accuracy of the purity and subclonal
ratio estimation. We want to highlight that this has been done in two steps: firstly,
we developed deconvolution methods to denoise the data to improve sample quality and
secondly, we slightly improved the existing methods in [10]. As we can see in Figure 4.8,
where the input to both methods is the same segment values, our implementation of
the subclonal ratio estimation is slightly better. We want to emphasize that the biggest
improvement in this work lies in the sample denoising. Using the developed methods,
we have been able to accurately estimate the purity and subclonal ratio in both synthetic
datasets and more importantly experimental data. The purity was estimated well up to
noise level 4, at sufficiently high purities. The subclonal estimation on the other hand
suffers more from the added noise in our simulations and it is advisable to use more
reads if the purpose of the collection of the sample is to perform subclonal tracking.

Even though the results of the subclonal tracking are promising, it still has the potential
to improve. The emphasis of future work should be on developing an alternative selec-
tion rule for selecting the subclonal segments since this is a step that is hard to automate.
Another suggestion that might increase method performance is tuning the model param-
eters to select more appropriate default values. In general, the current purity estimation
algorithm provides satisfactory results, but we suggest researching methods for estimat-
ing the number of modes of the distribution and optimal smoothing parameters. This is
applicable also in the subclonal estimation where it is important to accurately determine
the number of modes.
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5.3 Future research

We have thus far shown that BCP works very well for denoising liquid biopsy measure-
ments of copy number profiles and, to improve the performance further, we suggest
additional extensions to the method. A notable limitation regarding the evaluation pro-
cesses is that we have focused this work on data with Gaussian noise, even though this
may not be true in practice. This is important to note, as one of the assumptions of BCP
is that the noise is Gaussian. The method may therefore not work as well with data with
more complex noise distributions. However, we found that the method still worked
well on the insilico datasets, indicating that the model is generalizable to more com-
plex noise distribution. Hence, an interesting extension to the BCP model would be to
include other continuous noise distributions, such as Laplace-distributed measurement
noise. Furthermore, it would be interesting to study not only the posterior means over
the segment but also the variance, as this can give us further knowledge regarding the
noise distribution of the liquid biopsy sequencing. For example, it could provide insight
into whether the noise is multiplicative or additive. Another interesting extension is to
compare the noise distribution of liquid biopsies to regular tissue-based biopsies and see
how well our methods generalize.

Due to data availability, our work is focused on ovarian cancer, however, cancer is not
a monotone disease and there are different ways that cancer will be expressed in the
genome. A study on copy number alterations in different cancer types [9] shows that
ovarian cancer has one of the highest copy number variation rates of all 32 cancer types
in the study. Additionally, the copy number variations in ovarian cancer are on average
longer than in other cancers. Altogether this means that the methods we have developed
for ovarian cancer might not be directly transferable to other cancers, thus a possible
future expansion would be to research other cancer types and see which changes, if any,
are needed to adapt, if possible, to the different characteristics of those cancers.

Lastly, it would have been informative to perform the method evaluation and compari-
son on experimental data, to see how well the segmentation generalizes. Unfortunately,
the underlying copy number profiles of the available clinical samples are unknown, mak-
ing it impossible to do the same model evaluation as for the synthetic data. Hence, we
relied a lot on simulated data, which is not optimal since we are making assumptions
about e.g. variation lengths and noise distributions that might differ from real data. An
alternative would be to use copy number simulators to generate data. As these simu-
lators are computationally demanding, we deemed it infeasible to produce a dataset of
the size we required within the time constraints of the thesis. However, in future work,
such methods could be employed to create improved training and evaluation data for
the models.
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Copy number variations serve as relevant biomarkers for cancer detection, as these ge-
nomic variations are often exclusive to the tumor cells. Furthermore, it is possible to cap-
ture such variations using low-pass whole genome sequencing of liquid biopsies, which
are promising for tracking cancer evolution since they are cheap and non-invasive, en-
abling frequent sampling. Due to the noisy nature and the general low cancer proportion
in such samples, we evaluate denoising and deconvolution methods, to remove healthy
contamination and obtain the underlying copy number state of the genome. We show
that it is possible to do this accurately, even in noisy scenarios.

In this work, the emphasis has been on implementing a denoising autoencoder for noise
removal, as well as employing a Bayesian model for change point detection. Both models
performed better than a baseline denoising model, rolling median denoising, in low pu-
rity and high noise scenarios. Furthermore, we conclude that the Bayesian change point
detection is a more suitable model for copy number quantification in liquid biopsy se-
quencing, as the method provides better segmentation results, reliable purity estimates,
and more resistance to noise. This method is also more generalizable to other types of
cancer, as no assumptions are made on the segment length distributions.

Considering the thesis aims, we believe that the work is successful, since both denoising
methods performed better than the baseline, in reconstructing the tumor copy number
profile and detecting change points. Furthermore, we can more accurately estimate the
sample purity compared to the baseline, at lower purities and higher noise. Using BCP as
the most promising denoising method, we were able to estimate the subclonal ratio well
in experimental data. This is promising for future application on existing clinical data,
and on additional clinical data that has previously been of too poor quality for providing
reliable estimates.
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