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Abstract

Single-cell genomic sequencing is a rapidly developing field that will
play a vital role in human biology and science in the future. As of now,
next-generation sequencing is accelerating in speed and decreasing in cost
more quickly than Moore’s law. Studies have shown that all cells in the
human body have with very high probability a unique genomic signature,
due to the somatic evolution which have accumulated mutations starting
from the zygotic state. The possible reconstruction of phylogenetic lin-
eage trees would be of vital importance to several fields in medicine, such
as the stem cell research field. However, state-of-the-art methods for am-
plification such as WGA currently su↵ers from extensive allelic dropout
which is troublesome when reconstructing phylogenetic trees. We have
constructed a statistical model that can be used to predict site specific
allelic dropout. Our results suggests that logistic regression is a suitable
method for modelling allelic dropout, and that there is a non-linear rela-
tionship between the read depth and distance.
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Sammanfattning

Fylogenetisk fatemapping: sannolikhetsestimering av allelisk

dropout i single-cell sekvensering

Single-cell sekvensering är ett snabbt utvecklande fält som kommer att
spela en vital roll för mänsklig biologi och vetenskap i framtiden. Nästa
generationens sekvenseringteknik ökar i hastighet och sjunker i kostnad
snabbare än Moore’s law. Studier har visat att alla celler i människokroppen
med väldigt hög sannolikhet har ett unikt genom, d̊a den somatiska evolu-
tionen har ackumulerat mutationer sedan det zygotiska stadiet. En möjlig
rekonstruktion av det fylogenetiska trädet skulle vara oerhört användbart
inom ett flertal fält inom medicin, bland annat inom stamcellsforskning.
De mest utvecklade metoderna för att amplifiera genomet s̊asom WGA
lider för tillfället av omfattande allelisk dropout, vilket är problematiskt
vid rekonstruktionen av fylogenetiska träd. Vi har konstruerat en sta-
tistisk modell för att estimera sannolikheten för positionsspecifik allelisk
dropout. V̊ara resultat tyder p̊a att logistisk regression är en lämplig me-
tod för att modellera dropout, samt att det är ett icke-linjärt förh̊allande
mellan läsdjup och distans.
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1 Introduction

1.1 Introduction

Bioinformatics and computational biology are the progressive composites of
computer and information sciences unified with life sciences. These interdis-
ciplinar fields of research involves many subdisciplines such as mathematics, bi-
ology, physics, computer science etc. Computational biology uses mathematical
and computational approaches to address theoretical and experimental ques-
tions in biology, whereas bioinformatics applies the principles of information
science and technology to make the diverse and vast data from life science use-
ful and understandable. Bioinformatics and computational biology often overlap
to realize the full potential of this accelerating field. [1]

One of the greatest feats of exploration in history was the full discovery and
mapping of the entire human genome, famously known as the Human Genome
Project. This impressive international collaboration has transformed science in
many ways, and was entirely dependent upon the modern technology of bioin-
formatics. This extensive project alone was accountable for the placement of
350 biotechnology-based products in clinical trials, as well as the discovery of
over 1,800 new disease genes, along with many other advances. Although its
major advances, the total cost for this mapping alone was 2.7 billion dollars. [2]

DNA sequencing has undergone constant improvement since its inception
in the 1970s. As of now, next-generation sequencing is accelerating in speed
and decreasing in cost more quickly than Moore’s law. Single-cell analysis has
the potential to fundamentally change our view of how multicellular organisms
work and generate new research questions. It has been found that during nor-
mal mitotic cell division the genome is replicated with high though not perfect
precision, which results in the incorporation of somatic mutations. Also, re-
cent discoveries suggest that all somatic cells with very high probability have
a unique genomic pattern that singles them out from all other cells. Somatic
mutations in single cell genomics could uncover the lineage relationship between
cells, possibly reconstructing the cell lineage trees of higher organisms. Central
unresolved problems in human biology and medicine are in fact matters of the
human cell lineage tree, and could thus be of great importance. [3, 4]

Current amplification methods such as WGA often produces biased sequenc-
ing results, which may lead to uneven sequencing coverage and missing loci,
namely allelic dropout and locus dropout. The data will therefore have dispro-
portionately represented alleles and numerous loci exhibiting allelic dropout.
This will naturally be an issue when reconstructing the cell lineage tree. [3, 5]

This thesis explores how logistic regression performs on estimating the prob-
ability of allelic dropout, given the distance for the nearest heterozygout position
and the read depth for a position in mind. An estimation of this issue would be
of great use in subsequent attempts to reconstruct the cell lineage tree, as in-
formation regarding dropout would be informative when comparing the genome
across cells.
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1.2 Problem statement

• How does logistic regression perform to estimate the probability of allelic
dropout in single cell data with respect to the distance to the nearest
heterozygote position and read depth for a given position?

1.3 Scope

This paper will investigate how logistic regression performs on estimating allelic
dropout for three di↵erent datasets. We will take the read depth and distance
into account, and have two variants of the model (linear and non-linear expo-
nents respectively). There could possibly be other variables to consider in the
future.

The study is limited by the amount of data, as we only have three T-cells,
thirteen fibroblasts and three neurons. Furthermore, certain assumptions have
been made, such as treating the alternative and reference allelic dropout as
interchangeable and presuming that SNV positions will not be the subject of
mutation.

1.4 Purpose

The possible reconstruction of the cell lineage tree would have tremendous clin-
ical importance, and could possibly address a wide range of unanswered ques-
tions in medicine. This includes identification and characterization of stem cells,
which are essential to human physiology.

1.5 Thesis outline

This thesis will begin by introducing necessary concepts in order to fully under-
stand our problem statement and method of choice. This will be followed by
a thourough explanation of the methology, and subsequently the results. The
report is finalized with our thoughts and comments on the results and method
in the discussion.
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2 Background

This chapter will introduce necessary concepts and notions that form the ba-
sis for this project. Essential concepts are hetero- and homozygousity, SNVs,
somatic evolution and di↵erent aspects of single cell genomic sequencing.

2.1 The human genome

The human genome consists of roughly 3 billion base pairs organized in 23 chro-
mosome pairs, together forming the code for human life. The genome carries
the instructions used for all biological purposes, such as development, repro-
duction and functioning of the human body. The DNA molecule consists of
two strands that together form the double helix. The strands are composed
of nucleotides, where a nucleotide is one of the four bases cytosine, guanine,
adenine and thymine connected to a deoxyribose and a phosphate group. [8,
pp. 195-205 ]

2.1.1 Genes, alleles and locus

The human genome is composed of both coding and non-coding regions consist-
ing of sequences of base pairs of varying length. Approximately 98.5 percent of
the human genome is non-coding, and does not provide a pattern of bases that
can be translated for protein synthesis. A coding sequence, however, will hold
the base-pattern for a specific protein sequence. A gene is a specific segment
of DNA at a specific genetic locus (position) that has influence over some spe-
cific characteristic in an organism, where the alleles are the various forms of a
specific gene. An allele may account for an entire region - e.g. an entire gene,
or may only refer to one single nucleotide, which will be the subject of study in
this report. [8, pp. 30-31, 314-315 ]

2.1.2 Heterozygosity and homozygosity

In a chromosome pair, one chromosome accounts for the maternal genes and
the other for the paternal. That is, at a given locus all individuals have one
maternal allele and one paternal allele. Alleles may be homozygous, which is the
case when the alleles of a pair share the same genomic material, or heterozygous
when they di↵er, see fig. 1. As this study will focus on alleles composed of solely
one nucleotide, a heterozygous pair of alleles denotes that they have di↵erent
bases, and homozygous that the alleles have the same base. [8, pp. 553-555 ]
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Figure 1: Heterozygous and homozygous pair

2.1.3 Single Nucleotide Variants

Single-nucleotide variants (SNVs) are defined as short sequences that di↵er by
one nucleotide pair among individuals in a population. Thus, an SNV is the
result of a variation of a single base at a specific locus in the genome. SNVs are
mutations that have accumulated during the evolution. As they are inherited
and part of an individual’s genomic signature, they will be present in all cells.
Moreover, SNVs are highly abundant in the genome (see fig. 2), and heterozy-
gous SNVs could therefore be used as a reference when analysing data at these
positions or data in close proximity to these positions. [8, pp. 258-260 ]
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Figure 2: Distribution of distance between heterozygous SNV’s across the
genome
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2.2 Somatic evolution

2.2.1 Mutations

The total number of cells ranges between 1012 � 1016 [9] and millions of cell
divisions occurs every second. Mutations appearing in either of the coding
or noncoding part of the genome might not have any discernable e↵ect, while
other mutations might have fatal consequences. Mutations come in many forms,
ranging from point-mutations where a single nucleotide is changed, to whole
segments of DNA being inserted or deleted. Mutations may happen for various
reasons, e.g. due to damage caused by mutagens, during DNA repair or repli-
cation or during mitotic cell division, along with several other causes. If the
error is not detected by the cell’s own DNA repair system and has given rise to
a mutation, this will be a permanent alteration of the genome that will be seen
in future daughter cells. [8, pp. 263-304 ]

During normal cell division the DNA will be replicated with high, yet not
perfect precision, which will result in somatic mutations seen in future daugh-
ter cells. The accumulation of mutations during an individual’s life is usually
referred to as somatic evolution. [3]

2.2.2 Cell lineage trees

The fact that somatic mutations are shared between closely related cells has
sparked the initiative to develop methodologies to reconstruct cell lineage trees.
A cell lineage tree, or a phylogenetic tree, is the representation of genetic rela-
tionships between species or other entities (such as cells), which is calculated by
measuring distances between their genomic material. The lineage relationship
between cells illustrates their ancestry. For instance, two cells that have evolved
from many cell divisions may have greater dissimilar genetic material than two
cells that derived from the same cell division, see fig. 3. [3, 6, 10]

set of mutations

Figure 3: Example of somatic evolution in cells
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The possibility to identify cells from a given population would be of great
importance in medicine, especially in the stem cell research field and areas
where specific subpopulations of cells play a significant role. In the specific case
of cancer, where patients usually die from the metastases rather than from the
actual tumour, it is of importance to determine the origin of the metastases.
There are various possibilities, e.g. they could originate from a subpopulation (a
clone) of cancer cells within the tumour, a random set of cancer cells, a fusion of
the tumour and a mobile cell, as well as other possible theories. The answer lies
in the cancer cell lineage tree of a patient, as this would further the knowledge
of driver mutations in clones within tumours. This would undoubtedly be of
great importance. [3]

2.3 Single cell genome sequencing

2.3.1 Overview

Bulk data (the mixed genome from thousands of cells of a specific tissue) is
not precise enough to distinguish variances within cells and thus can not inform
whether mutations appeared in one cell or several. [3] As an example, in the case
of repeated insertion mutations in one single cell, bulk data could not determine
whether one insertion mutation occurred in several cells or several mutations
occurred in one single cell.

A major drawback of single-cell sequencing is the complications associated
with the necessary amplification process. Whole genome amplification (WGA)
is an advanced state-of-the-art amplification technique. There are several varia-
tions of the technique such as Multiple Displacement Amplification (MDA) and
Mulpliple Annealing and Looping Based Amplification Cycles (MALBAC). The
technique involves primers which will bind to sites at the DNA strand, follwed
by a polymerase that will bind to the primer and then amplify the DNA, see
fig. 4. The lengths of the fragments are normally distributed, with the expected
fragment length for MDA being roughly 10 000 base pairs (bp) and for MAL-
BAC around 1000 bp. [5] The amplification is followed by library preparation
and the actual sequencing. The number of times a fragment is read during the
sequencing is defined as the read depth.

    maternal 
chromosome 1

     paternal 
chromosome 1

primer

     
WGA fra

gment

Figure 4: Simplified picture of WGA
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2.3.2 Problems associated with WGA

One of the main sources of errors during WGA is locus or allelic dropout, see
fig. 7. Allelic dropout is when one of the two alleles were lost, so either the
maternal or the paternal allele was detected, but not both see fig. 5. Locus
dropout occurs when neither of the alleles were covered, so no data for a specific
locus was obtained, see fig. 6. There is no way of knowing whether the maternal
or the paternal allele was detected in the case of allelic dropout. [7]
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Figure 5: Allelic dropout during amplification
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Figure 6: Locus dropout during amplification
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Figure 7: Alternative types of dropout during WGA

The amplification process also su↵ers from amplification bias, where one
segment could be highly amplified and others less amplified, see fig. 8. [5] This
will be present in the data and cause confusion. In the case of allelic dropout of
the paternal allele and amplification bias such that the maternal allele was highly
amplified, we might not be able to conclude whether there was two homozygous
sites from both alleles or dropout plus high amplification bias at the other site
(see fig. 8). Read depth plays a vital role when analyzing the data, as high read
depth implies higher certainty to some degree. However, even with reasonable
read depth one could not be certain that homozygous reads at a position surely
covered both the maternal and the paternal allele - or if the result was due
to amplification bias and allelic dropout. Moreover, the uneven coverage from
single cell genomic sequencing is an additional issue when analyzing the data,
see fig. 9.
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Figure 8: Amplification bias during amplification
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Figure 9: Cirkos plot displaying coverage of chromosomes for three cells (blue,
purple, orange) compared to bulk (green).

2.3.3 Rational behind the model

De novo mutations are homozygous sites that have been mutated to heterozy-
gous and present in all daughter cells. If two alleles show mutation at the
de novo mutation sites in two seperate single cells, we may conclude that the
single cells are closely related. However, allelic dropout would cause the
heterozygous sites to appear homozygous, which is perhaps one of the
greatest issues when analyzing the data and reconstructing the cell lineage tree.
[11]

The previously mentioned concepts may be used to infer whether allelic
dropout or a de novo mutation has occurred. The heterozygous SNVs may be
used as reference positions where one would expect to see heterozygous alleles.
If this is not the case in one sample for this given position, we would be able
to infer that dropout has occurred in this position. This data may be used
for estimating allelic dropout versus de novo mutation. For a given sample at a
random position, the distance to the nearest heterozygous SNV, the status of the
SNV (dropout or not) and the read depth for the given position in question could
present a likelihood for whether dropout or a de novo mutation has occurred.
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3 Algorithms

This chapter will introduce the technical aspects of this study, the main algo-
rithms being logistic regression and maximum-likelihood estimation.

3.1 Supervised learning

A supervised learning algorithm makes predictions based on a known dataset
(labelled the training data). The training data includes examples of input data
along with their corresponding response values. The learning algorithm analyzes
the training data and procedures a model that can make predictions of the
response values from a new dataset. If the aim of the model is to predict a
discrete response variable, then the task is called a classification problem. If the
response value is continuous, then the task is called a regression problem. [12,
pp. 3-4 ]

3.1.1 Regression

A regression model describes the relationship between a response variable (also
called the dependent variable) and one or more input variables (independent
variables). It is used in a wide range of areas, such as stock prediction and
weather forecasting. The basic type of regression model is linear regression,
which assumes that there is approximately a linear relationship between a
continuous dependent variable y and a vector of independent variables ~x =
x

1

, x

2

, ..., x

n

. Thus, the linear regression model takes the form

y = f(~x) = ↵+ �

1

x

1

+ ...+ �

n

x

n

(1)

= ↵+ ~x · ~� (2)

where f(·) is a linear function and ↵ and ~

� = �

1

, ..,�

n

represents parameters
(coe�cients) of the function. The unknown coe�cients are often estimated by
using the least squares approach. The least squares method yields the values of
the coe�cients that will minimize the sum of the squares of the residuals of the
points from the linear function (1). [13, pp. 59-68 ]

3.2 Logistic regression

Logistic regression di↵ers from linear regression in the sense that the dependent
variable is binary. The dependent variable can be either success or failure,
usually encoded as 1 or 0. Logistic regression estimates the probability of success
given the vector of independent variables. [13, pp. 129-138 ] Since the estimated
probabilities must be between 0 and 1, the linear equation (1) cannot be used.
Instead, logistic regression can be achieved using the sigmoid function

�(t) =
e

t

e

t + 1
=

1

1 + e

�t

(3)

to link the linear function to a probability function. The sigmoid function
transforms the range (�1, 1 ) of linear regression (1) to [0, 1]. The logistic
regression model can then be expressed as

p(~x;↵, ~�) = �(↵+ ~x · ~�) = 1

1 + e

�(↵+~x·~�)
. (4)

10



In logistic regression, the binary dependent variable is sampled from a Bernoulli
probability distribution. The Bernoulli distribution is a discrete probability
distribution with a parameter p and binary possible outcomes. The conditional
probability of the dependent variable can be expressed as

P (Y = y

i

|~x
i

) = (p
i

)yi(1� p

i

)1�yi
, (5)

where p

i

is short for p(~x
i

;↵, ~�). [14] If the dependent variable is coded as 0 or
1, the equation (4) can be denoted as a conditional probability P (Y = 1|~x

i

).
Moreover, it follows that P (Y = 0|~x

i

) = p� 1.

3.2.1 Parameter estimation in logistic regression

There are di↵erent methods that can estimate the coe�cients, the most popular
method being maximum likelihood estimation (MLE). The method obtains the
optimal coe�cients which will maximize the probability of the realized obser-
vations (likelihood function). The likelihood function is the joint density of n
independent observations given the parameters. Thus,

L(↵, ~�) = P (Y = y

1

, Y = y

2

, ..., Y = y

n

| ~x
1

, ~x

2

, ..., ~x

2

) (6)

=
nY

i=1

P (Y = y

i

|~x
i

) =
nY

i=1

(p
i

)yi(1� p

i

)1�yi
. (7)

Since the logarithm is a monotonically increasing function, the values of the
coe�cients that maximizes logL will also maximize L. The log-likelihood func-
tions is as follows:

` = logL =
nX

i=1

y

i

log p
i

+ (1� y

i

) log 1� p

i

(8)

=
nX

i=1

log 1� p

i

+
nX

i=1

y

i

log
p

i

1� p

i

(9)

=
nX

i=1

log 1� 1

1 + e

�(↵+ ~xi·~�)
+

nX

i=1

y

i

(↵+ ~x

i

· ~�) (10)

=
nX

i=1

� log 1 + e

↵+ ~xi·~� +
nX

i=1

y

i

(↵+ ~x

i

· ~�) (11)

A common method to maximize the log-likelihood function, is to solve it by
setting the first derivative with respect to each parameter equal to zero. The
derivative with respect to one component of ~� can take the form:

@`

@�

j

= �
nX

i=1

e

↵+ ~xi·~�

e

↵+ ~xi·~� + 1
x

ij

+
nX

i=1

y

i

x

ij

(12)

=
nX

i=1

(y
i

� p

i

)x
ij

. (13)

The equation above (13) is a transcendental equation. Transcendental equa-
tions are non-algebraic equations, since they contain logarithmic, exponential
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or trigonometric functions. Therefore, the solution must be numerical, which
can be achieved by using an iterative method. Newton’s method is a common
iterative approach to approximate the roots of a real-valued function. The idea
of the method is to begin with an initial guess for the solution, and then to
calculate a better approximation of the function’s root. This process continues
until it converges to the real solution. [12, pp. 204-2010 ] [15]
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4 Method

This chapter will describe the method used to produce our prediction model.

4.1 Hypothesis

We hypothesize that one can utilize the relationship between the distance to the
nearest heterozygote position (SNV) and read depth of a position in question
to predict the probability of allelic dropout at this position (see fig. 10).

g q1

d1 (distance)

(given) g2(given)(question)

d2 (distance)

dp

Figure 10: Hypothesis

The argument behind our hypothesis is based on initial explorations of the
data. Our observations (see Appendix A) suggests that the most likely obser-
vation for the question is the same as the observation for the given. As an
example, if we observe a homozygous given the most likely question will also be
homozygous. This is true within certain distances, which we believe is depen-
dent on the amplification technique. (As presented in Appendix A, the distance
is  10000 for MDA and  1000 for MALBAC.)

The model for future use cases would ideally include the nearest heterozy-
gous positions in both directions, see fig. 10. This requires a model that will
take two givens into account to estimate the combined probability p, namely
p(q|d

1

, d

2

, dp). This is however not part of the scope of this report, as this report
will focus on estimating the probability solely given one heterozygous positon,
p(q|d

1

, dp), (g
1

in fig. 10, assuming that d

1

 d

2

). The probability given an
additional position in the other direction will possibly be the subject of future
research.

We will not consider the case when the latter in a status pair (introduced
in 4.3.1 and Appendix A) is locus dropout. This is simply due to the fact
that this will not be useful to determine in a real use case. Moreover, we
have chosen to treat the homozygous variants (reference and alternative) as
interchangable. This is because our question of interest is whether dropout has
occurred, regardless of the variant. It is also important to mention that we
assume that all SNV positions in single cells that are not heterozygous have
su↵ered from allelic or locus dropout, hence they are not subject to mutation.
This is due to the considerably low probability of that occurrence (data not
shown).
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4.2 Datasets

This section will introduce the data that has been the work material for this
study. We will briefly describe the origin of the di↵erent datasets, followed by
the structure of the data and how it has been parsed to select the data that has
been used to build the model. The datasets are not publically available.

4.2.1 Cell variants

T-cells Jonas Frisén’s group at Karolinska Institue has generated Whole
Genome Sequencing (WGS) data from three in vitro expanded human T-cells
belonging to one distinct clone. The used WGA-method is MDA. The bulk con-
sists of whole blood bulk DNA that has been isolated from the same individual
as the analyzed single cells.

Fibroblasts The second dataset generated by Jonas Frisén’s group con-
sists of WGS data from 13 single fibroblasts, using MALBAC. The cells have
been separated by a small number of divisions that belongs to two separate but
known lineage trees, which has been determined by a time-lapse video record-
ning of the cells as they divided. The bulk is high coverage WGS bulk DNA
that has been isolated from the fibroblasts related to the analyzed single cells.

Neurons Harvard based professor Christopher Walsh’s group has pro-
duced our third dataset consisting of high coverage WGS data of three sin-
gle neurons. The WGA-method used is MDA. The bulk is isolated brain cells
from the same indivual. It is worth noting that this data has considerably low
dropout rates compared to the other datasets, which is practical in terms of
comparisons.

4.2.2 Format and selection

The collection consists of three separate datasets, each with a di↵erent num-
ber of samples (single cells) with corresponding bulk. The positions are num-
bered, with the detected genotype at each position for all cells - along with the
detected read depth for each genotype. The various detected genotypes may
be heterozygous (labelled 0/1), homozygous (labelled 0/0 or 1/1) or locus
dropout (labelled ./.) (see fig. 11). Variant Call Format (VCF) only stores the
variations for a genome along with the reference genome. A reference genome
typically contains a haploip mosaic of DNA sequences from di↵erent donors,
and is thus not from a single person. We have parsed the raw .vcf-files with the
following conditions. For all single cells and all chromosomes select data where:

• the bulk is heterozygous and has a read depth of at least 10

• at least one of the following requirements must hold:

– at least one single cell has detected a heterozygous genotype

– at least one single cell has a homozygous reference (0/0) and another
single cell has a homozygous alternative (1/1)

• all samples and bulk has to have a genotype quality score (GQ) of at least
30.
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chrom          distance      bulk    dp    gq    sample_1   dp   gq   sample_2   dp   gq     . . .    sample_n    dp    gq

1             1001200         0/1     15    40   0/1       10    30        1/1    2     30    . . .         0/1           5      35

1             1001265         0/1     15    40   0/0        2     30        0/1   10    30    . . .         1/1           5      35

1             1001450         0/1     15    40   1/1        5     30        0/0    2     30    . . .         0/1          15     35

1             1001530         0/1     15    40   1/1        2     30        ./.   10    30    . . .         1/1           5      35

. . .

. . .

. . .

. . .

. . .

Figure 11: Structure of parsed data

4.3 Modelling

We have chosen to have three di↵erent models for the various datasets, the fore-
most reason being the di↵erent amplification techniques (MDA and MALBAC).
Futhermore, we suspect variances between the celltypes. This is thought to af-
fect our results even further, which the reason for keeping each set seperate.
Therefore, in this specific case where the data is scarce and we expect cellular
and amplification-related di↵ereces, we believe it is wise to have three individual
models - one for each set of cells.

4.3.1 Training data

A status pair consists of two consecutive genotypes for a given sample, one
referred to as the given (g) and the other referred to as the question (q) (see
g

1

and q in fig. 10). A status pair will therefore be associated with a distance,
read depth and variants for the genotypes. Let us denote a status pair as:

s = (g, q, d, dp)

where g 2 0, 1, 2 and q 2 1, 2. g and q represent the number of detected alleles.
Thus, 0 = locusdropout, 1 = homozygous, 2 = heterozygous. As previously
stated, data where q is locus dropout has been omitted. d is the distance be-
tween g and q, and dp represents the read depth for q. The distribution of the
status pairs can be viewed in Appendix A.

The data has then been divided in three sets for the various givens, D
0

, D

1

, D

2

:

D

g

= {( ~x
1

, y

1

), ( ~x
2

, y

2

), ..., ( ~x
n

, y

n

)}

~x

i

= d

i

, dp

i

y

i

=

(
1 if q = 1

0 if q = 2

As we expect a heterozygous read at all positions, detecting a homozygous will
be labelled as allelic dropout. Thus, y

i

is either allelic dropout (1) or not (0).
We have included all data where the read depth is  300 and where the distance
is at the maximum ten times the amplicon length, resulting in 100 000 bp for
MDA data and 10 000 bp for MALBAC. The limits are arbitrary in the sense
that over 99.5% of the data exists within these limits for all datasets.
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4.3.2 Logistic regression: model fitting

Logistic regression is commonly used in biostatistics when an outcome between
0 and 1 is desired. It is also useful for modelling the relationship between
several independent variables and one dependent variable, which is similar to
our problem at hand. This is the pure motivation for our method of choice. [16]

We have constructed two variations of the model, due to the uncertainty
regarding the relationship between the distance and read depth. Our initial
guess is however that the relationship might not be linear, due to contradictory
observations of both high and low read depths for allelic dropout (see Appendix
B). With both a linear and non-linear exponent we will be able to compare
the two models and conclude which predicts better. Initially we constructed a
model with a linear exponent where

p(d, dp) = �(↵+ �

1

d+ �

2

dp) =
1

1 + e

�(↵+�1⇤d+�2⇤dp)
, (14)

where d is the distance and dp is the read depth. The model with the non-linear
exponent di↵ers in the sense that we have taken the logarithm of the read depth.
Thus, it takes the form

p(d, dp) = �(↵+ �

1

d+ �

2

log dp) =
1

1 + e

�(↵+�1⇤d+�2⇤log dp)

(15)

The three di↵erent models will consequently have a linear and non-linear
version, resulting in a total of six di↵erent models. We will refer to the model
with a linear exponent as the linear model, and the model with a non-linear
exponent as the non-linear model for simplicity. They have all been trained
using maximum likelihood estimation to find their corresponding coe�cients
↵,�

1

,�

2

.

4.3.3 Testing the model

To perform the testing we have divided our data of status pair in three equally
large parts, where two thirds will be used as training data in order to construct
the model and the remaining third will constitute the test data. The accuracy
rates have been calculated as the ratio of dropout or non-dropout predictions to
the number of total predictions. If we have p > 0.5 we will label this as dropout,
otherwise not.
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5 Results

This chapter will present our results for the di↵erent datasets. We will begin
to present the results from the linear model, followed by the results of non-
linear model. There are three plots for each dataset for each model, where the
plots are for di↵erent givens. Furthermore, we will present tables displaying the
performance (accuracy) for the di↵erent models. The results are followed by an
interpretation in section 5.4.

5.1 Results of linear model

Figure 12: Probability distribution of allelic dropout for T-cells where given is
top) heterozygous, bottom left) locus dropout and bottom right) homozygous
alternative/reference
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Figure 13: Probability distribution of allelic dropout for neurons where given is
top) heterozygous, bottom left) locus dropout and bottom right) homozygous
alternative/reference
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Figure 14: Probability distribution of allelic dropout for fibroblasts where given
is top) heterozygous, bottom left) locus dropout and bottom right) homozygous
alternative/reference
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5.2 Results of non-linear model

Figure 15: Probability distribution of allelic dropout for T-cells where given is
top) heterozygous, bottom left) locus dropout and bottom right) homozygous
alternative/reference
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Figure 16: Probability distribution of allelic dropout for neurons where given is
top) heterozygous, bottom left) locus dropout and bottom right) homozygous
alternative/reference
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Figure 17: Probability distribution of allelic dropout for fibroblasts where given
is top) heterozygous, bottom left) locus dropout and bottom right) homozygous
alternative/reference
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5.3 Prediction accuracy

    given           total accuracy        dropout accuracy        non-dropout accuracy    

      ./.                    70.5 %                       94.2 %                           17.8 %                  

0/0 or 1/1              85.0 %                       99.9 %                             0.0 %

      0/1                  68.7 %                         4.5 %                           99.0 %

T-cells: linear model accuracy 

Figure 18: Table presenting prediction accuracy for T-cells using linear model

    given           total accuracy        dropout accuracy        non-dropout accuracy    

      ./.                    70.2 %                       87.2 %                           32.6 %                  

0/0 or 1/1              85.0 %                       99.9 %                             0.0 %

      0/1                  75.8 %                       43.7 %                           91.0 %

T-cells: non-linear model accuracy 

Figure 19: Table presenting prediction accuracy for T-cell using non-linear
model

    given           total accuracy        dropout accuracy        non-dropout accuracy    

      ./.                    70.9 %                       83.4 %                            56.7 %                  

0/0 or 1/1              67.6 %                       99.3 %                             2.5 %

      0/1                  91.2 %                         0.5 %                           99.9 %

Neurons: linear model accuracy 

Figure 20: Table presenting prediction accuracy for neurons using linear model
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    given           total accuracy        dropout accuracy        non-dropout accuracy    

      ./.                    74.7 %                       76.8 %                            72.3 %                  

0/0 or 1/1              67.7 %                       99.3 %                             2.7 %

      0/1                  92.2 %                        12.9 %                           99.8 %

Neurons: non-linear model accuracy 

Figure 21: Table presenting prediction accuracy for neurons using non-linear
model

    given           total accuracy        dropout accuracy        non-dropout accuracy    

      ./.                    80.1 %                       98.4 %                             4.2 %                  

0/0 or 1/1              87.4 %                       99.9 %                             0.6 %

      0/1                  73.2 %                        60.5 %                           84.2 %

Fibroblasts: linear model accuracy 

Figure 22: Table presenting prediction accuracy for fibroblasts using linear
model

    given           total accuracy        dropout accuracy        non-dropout accuracy    

      ./.                    80.4 %                       99.7 %                             0.7 %                  

0/0 or 1/1              87.3 %                       99.8 %                             0.6 %

      0/1                  71.2 %                        59.6 %                           81.2 %

Fibroblasts: non-linear model accuracy 

Figure 23: Table presenting prediction accuracy for fibroblasts using non-linear
model
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5.4 Interpretation

5.4.1 Graphical model

In the linear models we are presented with similar results among the datasets.
The colorscale represents the probability of allelic dropout given a distance
and read depth. A value of 1 (yellow) refers to a probability of 100% that
allelic dropout has occurred, whereas a value of 0 (dark blue) represents 0%
probability of allelic dropout. All datasets show similar results where given
is heterozygous (0/1), e.g. in fig. 14 one may infer that the probability of
allelic dropout increases with greater distances given a fixed read depth. As an
example, if we wish to examine a position in the fibroblast data where the given
is heterozygous (0/1) and the query is 5000 base pairs away with read depth
150, we are presented with a likelihood of 60% that allelic dropout has occurred
in this position. Furthermore, when given is locus dropout (./.) the probability
only depends on the read depth. In the non-linear models we see similar results
amongst the three datasets. The non-linear models do however di↵er from the
linear ones, which will be further explored in the discussion.

5.4.2 Prediction accuracy

The tables are quite straightforward, and display the prediction rate accuracies
for the di↵erent datasets using the linear and non-linear model. For each table
the total accuracy, dropout accuracy and non-dropout accuracy are displayed
for all the various givens. As an example, the dropout accuracy where given is
heterozygous in the T-cell data is 4.5% using the linear model and 43.7% using
the non-linear model, i.e. approximately a tenfold improvement.
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6 Discussion

In this chapter we will share our thoughts on the results along with the possible
reasons behind them. We will also present our conclusion and mention further
research.

6.1 Result analysis

The results have been as expected and have overall confirmed our initial ex-
pectations. The coherent anticipation has been that when a heterozygous is
given, we expect that greater distances will increase the probability of allelic
dropout. Likewise, we expect a lower read depth to increase the probability of
allelic dropout, regardless of the given genotype. Our results clearly a�rm this
expectation of ours. The distribution of status pairs (see Appendix A) suggests
that the most likely consecutive genotype is the same as the given genotype
within certain distances. Thus, if we observe 0/0 as given, we would most likely
observe 0/0 as the consecutive SNV as well. This has been largely confirmed
for short distances in our results where a homozygous is given.

Furthermore, when our given observation is locus dropout the overall ten-
dancy is that the probability only depends on the read depth. This is presumably
due to the relatively uniform distribution and low density of data, see Appendix
B. We will now present our further analysis regarding the results.

6.1.1 MDA

The datasets where MDA has been used for amplification are T-cells and neu-
rons.

Heterozygous given The results where a heterozygous is given supports
our initial expectation that shorter distances should decrease the probability
of allelic dropout. This phenomenom can be observed in both the linear and
non-linear model. This also supports the fact that the MDA amplicons have
the length of 10kb, as our graphs suggest that no allelic dropout has occured
within the distance of 10 000 bp.

However, at great distances the linear model proposes that allelic dropout
would never occur if the read depth is over 100 or 50 for T-cells and neurons
respectively. This is false, as we have observed homozygous genotypes at read
depths greater than 100 (see Appendix B). However, the non-linear model dis-
plays almost 100% probability of allelic dropout regardless of the distance when
the read depth is one. This is obviously very satisfying, as one could never
detect both alleles with only one read as that would require at least two reads.

Homozygous given The initial plots displaying the distribution of status
pairs (see Appendix A) lead us to expect a homozygous SNV when a homozygous
is given for distances less than 10 000 base pairs. To our satisfaction, our results
have confirmed this. Also, both the linear and non-linear models have decent
probability prediction for great distances when a homozygous is given. This
is due to the fact that we have observed an even ratio of dropout versus non-
dropout given a read depth of at least 20 (see Appendix B).
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Locus dropout given Both the linear and non-linear show a dependence
solely of the read depth, which was expected. As this case is not our primary
subject of interest, we will not dwell on these results. It is worth mentioning
that the locus dropout data has a relatively even distribution of distance, which
explains the independence of the distance.

Accuracy of prediction The non-linear model has an overall better pre-
diction rate compared to the linear version. Although the total accuracy is
insignificantly improved, the model performs better on the individual cases
(dropout and non-dropout). We propose that this is due to the supposedly
non-linear relationship between the distance and read depth. However, the
non-linear model does not display a improvement when a homozygous is given
and the results are more or less unaltered. Another notable fact is that ho-
mozygous as given predicts extremely poorly for non-dropout for all datasets
(MALBAC included).

6.1.2 MALBAC

Heterozygous given The results are immensely similar to the datasets
where MDA was the amplification technique. As previously mentioned, MAL-
BAC produces shorter amplicons (of length 1000 bp). This is present in both
the linear and non-linear model, where the probability of dropout clearly in-
creases with distances greater than 1000 bp. However, if we choose a random
position in the genome with read depth greater than 100 there would be a higher
probabilty of detecting a heterozygous than homozygous (data omitted). This
is unfortunately not the case in our model at great distances. All other aspects
of the models are similar to those which amplification technique were MDA.

Homozygous given The linear and non-linear models are both very simi-
lar to those where MDA has been the amplification technique. We have included
all data within 10kb for the fibroblast dataset, which is not the case for MDA
where we have included everything within 100kb. The models show great simi-
larities however, which we believe is due to the adjustment of data in relation to
the amplicon length (inclusion of data within distances of ten times the ampli-
con length). The non-linear version is also improved in the sense of predicting
a close-to 100% probability of allelic dropout when the read depth is less than
two.

Locus dropout given The fibroblasts appears more sophisticated than
the MDA results, although the probability still exclusively depends on the read
depth. This is because at high read depths the MALBAC data still displays
some uncertainty whether allelic dropout has occurred or not, as opposed to the
MDA data which predicts a circa zero probability of allelic dropout. One line
of thought is that the fibroblast data has extremely high read depths compared
to the T-cells and neurons.

Accuracy of prediction It is worth noting that the fibroblast data has
exceedingly impressive accuracy results when heterozygous is given in the linear
model. However, the total accuracy rates are almost identical when using either
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of the models. This may be because the fibroblasts do not depend on the non-
linearity and actually display a linear relationship within the presented distance.

6.2 Conclusion

Our conclusion is that logistic regression is a suitable method for modelling
allelic dropout. However, the true relationship between the distance and read
depth has not been fully established and needs to be explored further.

The results suggests that there might be another way to model the MALBAC
dataset, as it shows no improvement of accuracy when using a non-linear model
compared to a linear, as opposed to the MDA dataset. We believe that this
might depend upon the known di↵erences of amplicon length. For optimal
prediction for all the datasets, one could possibly investigate the addition of
more variables and/or adjusting the current ones in other ways.

We have unfortunately not reached a conclusion regarding the low prediction
rates of non-dropout when given is homozygous. We suspect that this may be
caused by the fact that our data is poorly distributed. Furthermore, we have
conflicting data as we have observed high density in the same regions for both
dropout and not dropout, see Appendix B. As a solution, we propose to include
all observations in the nearby regions.

6.3 Future research

The first addition in an extended study would be to include the nearest het-
erozygote position in the opposite direction (g

2

), as previously mentioned in 4.1.
Also, future research could benefit from taking more observations into account,
such as including all SNVs within a certain distance. Furthermore, one could
possibly benefit from utilizing certain traits that we have observed in the data.
As an example, the data itself and the distribution of status pairs slightly sug-
gest that the data contains ”blocks” of one particular genotype, which might
tell us something about the way amplification works. As a suggestion, one could
perhaps model the the probability with additional regards to whether the ob-
servation was within a block or not. Finally, there might be alternative ways to
model the relationship between the read depth and distance besides the model
that we have proposed. Due to the limited amount of research that has been
done in this particular field, this remains to be further explored.
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Appendices

A Status pairs

In the following figure(fig. A.1), we present an example of how status pairs for
all samples at positions 1001265 and 1001450 is extracted. For sample 1, the
status pair will be 0/0-1/1, with distance 185 and read depth 2 for genotype 0/0
and read depth 5 for genotype 1/1. For sample 2, we are obviously presented
with the same distance, but the status pair is 1/0-0/0 with corresponding read
depths. In the next iteration, we will calculate the following row of data, where
the distances are 1001450 and 1001530, thus a distance of 80 for all samples in
that row.

chrom          distance       bulk    dp    gq    sample_1   dp   gq   sample_2   dp   gq     . . .    sample_n    dp    gq

1             1001200         0/1     15    40   0/1       10    30        1/1    2     30    . . .         0/1           5      35

1             1001265         0/1     15    40   0/0        2     30        0/1   10    30    . . .         1/1           5      35

1             1001450         0/1     15    40   1/1        5     30        0/0    2     30    . . .         0/1          15     35

1             1001530         0/1     15    40   1/1        2     30        ./.    10    30    . . .         1/1           5      35

. . .

. . .

. . .

. . .

. . .

{ { { {

. . .

. . .

. . .

. . .

Figure A.1: Example of status pairs

Figure A.2: Tcell data: the frequency of status pairs at di↵erent distances.
Plotted without and with locus dropout status pairs (left and right respectively).
Read depth � 10
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Figure A.3: Fibroblast data: the frequency of status pairs at di↵erent distances.
Plotted without and with locus dropout status pairs (left and right respectively).
Read depth � 10

Figure A.4: Nerve cell data: the frequency of status pairs at di↵erent distances.
Plotted without and with locus dropout status pairs (left and right respectively).
Read depth � 10
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B Distribution of data

B.1 T-cells

Figure B.1: T-cell: the density of data for T-cells when given is heterozygous.
The left plot displays the distribution of data labelled dropout and the right
displays the distribution of data labelled not dropout.

Figure B.2: T-cell: the density of data for T-cells when given is homozygous.
The left plot displays the distribution of data labelled dropout and the right
displays the distribution of data labelled not dropout.
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Figure B.3: T-cell: the density of data for T-cells when given is locus dropout.
The left plot displays the distribution of data labelled dropout and the right
displays the distribution of data labelled not dropout.

B.2 Fibroblasts

Figure B.4: Fibroblasts: the density of data for fibroblasts when given is
heterozygous. The left plot displays the distribution of data labelled dropout
and the right displays the distribution of data labelled not dropout.
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Figure B.5: Fibroblasts: the density of data for fibroblasts when given is
homozygous. The left plot displays the distribution of data labelled dropout
and the right displays the distribution of data labelled not dropout.

Figure B.6: Fibroblasts: the density of data for fibroblasts when given is locus
dropout. The left plot displays the distribution of data labelled dropout and
the right displays the distribution of data labelled not dropout.
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B.3 Neurons

Figure B.7: Neurons: the density of data for neurons when given is heterozy-
gous. The left plot displays the distribution of data labelled dropout and the
right displays the distribution of data labelled not dropout.

Figure B.8: Neurons: the density of data for neurons when given is homozy-
gous. The left plot displays the distribution of data labelled dropout and the
right displays the distribution of data labelled not dropout.
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Figure B.9: Neurons: the density of data for neurons when given is locus
dropout. The left plot displays the distribution of data labelled dropout and
the right displays the distribution of data labelled not dropout.
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