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Machine Learning for Genetic Studies
Hedvig Sundelin
Department of Electrical Engineering
Chalmers University of Technology

Abstract
Preterm delivery (PTD) is a significant contributor to infant mortality and morbid-
ity worldwide, influenced by environmental and genetic factors. Although previous
studies have identified genetic variants associated with PTD and gestational du-
ration, their effect sizes remain relatively small, leaving a substantial portion of
the hereditary variation unexplained. This thesis explores the potential of machine
learning (ML) techniques to uncover additional insights into PTD and gestational
duration using genetic data.

The background section underscores the global impact of preterm birth on child
mortality and long-term health outcomes, emphasising the role of genetics with an
estimated heritability of around 30%. This project aims to apply ML techniques
to improve the prediction of gestational duration and PTD based on genetic data.
Research questions address ML model selection, the impact of variables on predic-
tion performance, and a comparison to previous studies. The study is based on the
Norwegian Mother, Father and Child Cohort Study (MoBa) and uses data from the
Medical Birth Registry of Norway (MBRN). The scope includes the use of genetic
data and a focus on the 23 loci previously identified in a related study.

The theory chapter provides an overview of genetics and its application in studying
complex conditions like preterm delivery. It also introduces ML and explains the
theoretical foundations of different ML models. Subsequently, the methods and ma-
terials chapter describes the data acquisition process, preprocessing steps, employed
ML classifiers, and model evaluation methods. The chapter highlights the use of
neural networks, classic ML algorithms, and libraries for implementation.

Results reveal varying AUC scores among classic models, with logistic regression
(LR) performing the best. The choice of variables had a significant impact, with the
maternal genome and the Top 23 set, offering the best conditions. Network models
achieved comparative scores for binary classification. Additional analyses on the
predicted probabilities demonstrated higher AUC scores compared to binary classi-
fications, identifying RMSprop as the best-performing network model. The study
reveals a slight improvement in results compared to Polygenic Risk Scores (PRS)
but a modest predictive ability overall. The findings in this study suggest that more
extensive research is needed to unveil the potential of ML models in improving pre-
dictions based on genetic data.

Keywords: MoBa, MBRN, machine learning, SNP, classification, preterm delivery,
gestational duration, genetics, prediction, neural network
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Special terms

Adaptive Gradient
abbreviated AdaGrad, an optimisation algorithm that adapts the learning rate
for each weight based on the historical sum of squared gradients [1]. A common
issue with AdaGrad is diminishing learning rates.

allele
An allele is one of two or more versions of DNA sequence (a single base or
a segment of bases) at a given genomic location. An individual inherits two
alleles, one from each parent, for any given genomic location where such vari-
ation exists. If the two alleles are the same, the individual is homozygous for
that allele. If the alleles are di�erent, the individual is heterozygous1.

APGAR
Appearance Pulse Grimace Activity Respiration (APGAR), is an evaluation
score (0-10), used by doctors to asses the health of a newborn after 1, 5 and
10 minutes. Higher scores are associated with a healthier baby.

chromosome
Chromosomes are threadlike structures made of protein and a single molecule
of DNA that serve to carry the genomic information from cell to cell. In
plants and animals (including humans), chromosomes reside in the nucleus of
cells. Humans have 22 pairs of numbered chromosomes (autosomes) and one
pair of sex chromosomes (XX or XY), for a total of 46. Each pair contains
two chromosomes, one coming from each parent, which means that children
inherit half of their chromosomes from their mother and half from their father.
Chromosomes can be seen through a microscope when the nucleus dissolves
during cell division.1

cohort study
A research study that compares a particular outcome (such as lung cancer)
in groups of individuals who are alike in many ways but di�er by a certain
characteristic (for example, female nurses who smoke compared with those
who do not smoke).2

complex condition
A complex disease (or condition), when discussed in the context of genetics,
re�ects a disorder that results from the contributions of multiple genomic
variants and genes in conjunction with signi�cant in�uences of the physical
and social environment. For this reason, complex diseases are also called
multifactorial diseases. This stands in contrast to a �simple� genetic disease
that is more directly caused by mutations in a single gene. Common examples
of complex genetic diseases include heart disease, diabetes, and cancer.1

deoxyribonucleic acid
Deoxyribonucleic acid (abbreviated DNA) is the molecule that carries genetic
information for the development and functioning of an organism. DNA is
made of two linked strands that wind around each other to resemble a twisted

1According to �Talking Glossary of Genomic and Genetic Terms� by leading scientists and
professionals at the National Human Genome Research Institute [2]

2According to NCI �Dictionary of Cancer Terms� [3].
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ladder � a shape known as a double helix. Each strand has a backbone made
of alternating sugar (deoxyribose) and phosphate groups. Attached to each
sugar is one of four bases: adenine (A), cytosine (C), guanine (G) or thymine
(T). The two strands are connected by chemical bonds between the bases:
adenine bonds with thymine, and cytosine bonds with guanine. The sequence
of the bases along DNA's backbone encodes biological information, such as
the instructions for making a protein or RNA molecule.1

gene
The gene is considered the basic unit of inheritance. Genes are passed from
parents to o�spring and contain the information needed to specify physical and
biological traits. Most genes code for speci�c proteins, or segments of proteins,
which have di�ering functions within the body. Humans have approximately
20,000 protein-coding genes.1

genetic marker
A sequence of DNA with a known physical location on a chromosome. Genetic
markers and genes that are close to each other on a chromosome tend to be
inherited together. Genetic markers vary between individuals to the extent
that they can be used to help �nd a nearby gene causing a certain disease or
trait within a family. Examples of genetic markers are single polymorphism
nucleotides (SNPs), restriction fragment length polymorphisms (RFLPs), vari-
able number of tandem repeats (VNTRs), microsatellites, and copy number
variants (CNVs). Genetic markers may or may not have a known function.3

genetics
Genetics is the branch of biology concerned with the study of inheritance,
including the interplay of genes, DNA variation and their interactions with
environmental factors.1

genome
The genome is the entire set of DNA instructions found in a cell. In humans,
the genome consists of 23 pairs of chromosomes located in the cell's nucleus,
as well as a small chromosome in the cell's mitochondria. A genome contains
all the information needed for an individual to develop and function.1

genome-wide association study
A genome-wide association study (abbreviated GWAS) is a research approach
used to identify genomic variants that are statistically associated with a risk
for a disease or a particular trait. The method involves surveying the genomes
of many people, looking for genomic variants that occur more frequently in
those with a speci�c disease or trait compared to those without the disease
or trait. Once such genomic variants are identi�ed, they are typically used to
search for nearby variants that contribute directly to the disease or trait.1

genomic variation
Genomic variation refers to DNA sequence di�erences among individuals or
populations. Some variants in�uence biological function (such as a mutation
that causes a genetic disease), while others have no biological e�ects.1

3According to NCI �Dictionary of Genetics Terms� developed by the PDQ Cancer Genetics
Editorial Board [4].
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genotype
A genotype is a scoring of the type of variant present at a given location
(i.e., a locus) in the genome. It can be represented by symbols. For example,
BB, Bb, bb could be used to represent a given variant in a gene. Genotypes
can also be represented by the actual DNA sequence at a speci�c location,
such as CC, CT, TT. DNA sequencing and other methods can be used to
determine the genotypes at millions of locations in a genome in a single exper-
iment. Some genotypes contribute to an individual's observable traits, called
the phenotype.1

genotyping
A laboratory process in which an individual's germline DNA is analyzed for
speci�c nucleotides or bases to determine whether certain variants are present.
Genotyping di�ers from sequencing in which all of the nucleotides comprising
a speci�c length of DNA are assessed (e.g., within a gene, exome, or genome).3

heritability
The proportion of variation in a population trait that can be attributed to
inherited genetic factors. Heritability estimates range from 0 to 1 and are
often expressed as a percentage. A number close to 1 may be indicative of a
highly heritable trait within a population. It should not be used to estimate
risk on an individual basis.3

HUNT Cloud
HUNT Cloud was established in 2013 to elevate the collection, accessibility
and exploration of large scale information. HUNT Cloud is owned by NTNU
and operated by HUNT Research Centre at the Department of Public Health
and Nursing at the Faculty of Medicine and Health Sciences.

kilobase
A kilobase (abbreviated kb) is a unit of measurement used to help designate
the length of DNA or RNA. One kilobase is equal to 1,000 bases.1

locus
A locus, as related to genomics, is a physical site or location within a genome
(such as a gene or another DNA segment of interest), somewhat like a street
address. The plural of locus is loci.1

nucleotide
A nucleotide is the basic building block of nucleic acids (RNA and DNA). A
nucleotide consists of a sugar molecule (either ribose in RNA or deoxyribose
in DNA) attached to a phosphate group and a nitrogen-containing base. The
bases used in DNA are adenine (A), cytosine (C), guanine (G) and thymine
(T). In RNA, the base uracil (U) takes the place of thymine. DNA and RNA
molecules are polymers made up of long chains of nucleotides.1

pedigree
A pedigree, as related to genetics, is a chart that diagrams the inheritance
of a trait or health condition through generations of a family. The pedigree
particularly shows the relationships among family members and, when the
information is available, indicates which individuals have a trait(s) of interest.1
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phenotype
Phenotype refers to an individual's observable traits, such as height, eye color
and blood type. A person's phenotype is determined by both their genomic
makeup (genotype) and environmental factors.1

polygenic score
See Polygenic risk score

polygenic risk score
A polygenic risk score (abbreviated PRS) uses genomic information alone to
assess a person's chances of having or developing a particular medical con-
dition. A person's PRS is a statistical calculation based on the presence or
absence of multiple genomic variants, without taking environmental or other
factors into account.1

single nucleotide variant
A DNA sequence variation that occurs when a single nucleotide (adenine,
thymine, cytosine, or guanine) in the genome sequence is altered. Single nu-
cleotide variants may be rare or common in a population. Sometimes single
nucleotide variants are referred to as single nucleotide polymorphisms if they
are present in at least 1% of the population. Also called SNV.3

single nucleotide polymorphism
A single nucleotide polymorphism (abbreviated SNP, pronounced snip) is a
genomic variant at a single base position in the DNA. Scientists study if and
how SNPs in a genome in�uence health, disease, drug response and other
traits. 1

trait
A trait, as related to genetics, is a speci�c characteristic of an individual.
Traits can be determined by genes, environmental factors or by a combination
of both. Traits can be qualitative (such as eye color) or quantitative (such
as height or blood pressure). A given trait is part of an individual's overall
phenotype.1

variant
An alteration in the most common DNA nucleotide sequence3. The term
genomic- or genetic variant can be used to describe e.g. a single nucleotide
variant, single nucleotide polymorphism and a mutation [5].

Machine Learning Libraries and Frameworks

BayesianOptimization A constrained global optimization package built upon
bayesian inference and gaussian process, that attempts to �nd the maximum
value of an unknown function in as few iterations as possible. This technique
is particularly suited for optimization of high cost functions, situations where
the balance between exploration and exploitation is important.©

Imbalanced-learn Imbalanced-learn (imported as imblearn) is an open source,
MIT-licensed library relying onscikit-learn and provides tools when dealing
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with classi�cation with imbalanced classes.€ ©
Keras A high-level application programming interface (API) written in Python

with the purpose of enabling fast experimentation. Keras can be run on top
of other toolkits such as TensorFlow, Theano, and CNTK4 € ©

OAS Oracle Approximating Shrinkage (OAS) estimator of the covariance is a for-
mula aimed at choosing a shrinkage coe�cient that yields a smaller Mean
Squared Error [7]. The OAS estimator of the covariance matrix can be com-
puted on a sample with the oas function of thesklearn.covariance package,
or it can be otherwise obtained by �tting an OAS object to the same sample.€

PLINK PLINK is a free, open-source whole genome association analysis toolset,
designed to perform a range of basic, large-scale analyses in a computationally
e�cient manner. €

Python Python is an interpreted, interactive, object-oriented programming lan-
guage. It incorporates modules, exceptions, dynamic typing, very high level
dynamic data types, and classes. It supports multiple programming paradigms
beyond object-oriented programming, such as procedural and functional pro-
gramming [8]. €

scikit-learn Scikit-learn is an increasingly popular machine learning library. Writ-
ten in Python, it is designed to be simple and e�cient, accessible to non-
experts, and reusable in various contexts5 € ©

TensorFlow TensorFlow: An end-to-end, open-source platform written in Python,
C ++ that provides a comprehensive �exible ecosystem of tools and libraries to
help developers easily build and deploy machine learning- and deep learning-
powered applications4.€ ©

4According to Principles and Labs for Deep Learning [6].
5According to [9]
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1
Introduction

Preterm delivery (PTD) refers to delivery before 37 completed weeks of pregnancy.
It is one of the main contributors to infant mortality and morbidity worldwide [10].
Although various environmental factors, such as maternal stress and infection, can
contribute to PTD, genetics play a signi�cant role in its occurrence [11]�[14]. Un-
derstanding the genetic basis of PTD is essential for developing e�ective preventive
and therapeutic strategies to improve health outcomes for both mothers and babies.

The genetic factors involved in pregnancy duration have not been fully mapped out
yet. A recent study identi�ed 25 variants in the mother's genome associated with
either PTD, gestational duration or both [15]. However, the e�ect sizes associated
with these variants are relatively small and do not explain the total hereditary pro-
portion of variation in the gestational duration.

This thesis explores the possibility of revealing additional information about PTD
and gestational duration using ML on genetic data. Several di�erent methods for
classi�cation are trained and tested on individual-level genetic data from the Nor-
wegian Mother, Father and Child Cohort Study (MoBa).

1.1 Background

Every year a large number of children under the age of 5 years die. 2020 this number
was estimated to be 5 million [16]. One of the leading causes of these deaths is com-
plications due to being born preterm (before 37 weeks of pregnancy). While most
causes of child mortality are rapidly declining, death due to preterm complications
only has an estimated reduction rate of 2.1%1, one of the lowest among the top 17
causes of mortality [10].

The estimated number of PTDs per year is 15 million, and studies show that the
global rate is increasing [17]. Additionally, surviving children risk having their long-
term health a�ected in several ways, from respiratory problems to cerebral palsy
(CP), bronchopulmonary dysplasia, epilepsy and hyperbilirubinemia [18]�[21]. The
risks associated with PTD can be minimised through close monitoring and appro-
priate medical care but would require better strati�cation of women at risk.

1Annually in 2000�2013.
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Despite knowledge of several factors that increase the risk of PTD, including high
blood pressure, diabetes, stress, or infections [22], the cause of most PTD remains
unknown [23]. However, epidemiological studies using pedigrees have shown that
genetic factors play a role, with heritability estimates of around 30% [11]�[13]. While
some studies suggest that the maternal genome has the greatest in�uence on the
timing of parturition [24], [25], others propose contributions from fetal genetics that
exceed those of the maternal genome [24]. Twin studies and research on heritability
suggest that gestational duration has both maternal and fetal genetic components
[13]. The most signi�cant known risk factor for PTD is a history of previous PTD,
and women who were born preterm or have had sisters who delivered prematurely
also have an increased risk of giving birth prematurely [13].

1.1.1 Prior work

Previous work on the genetic e�ects on gestational duration and PTD has mainly
been done using Genome-wide association studies (GWASs). GWAS is a tool for
identifying genetic factors contributing to complex conditions, as explained in Sec-
tion 2.2.

A recent GWAS identi�ed 24 independent variants at 22 loci associated with gesta-
tional duration [15]. Apart from this, seven loci associated with PTD were found,
six of which were also associated with gestational duration, and one which appeared
as only related to PTD, resulting in 23 di�erent loci identi�ed. Only �ve identi�ed
loci have been reported in previous studies, while 18 can be considered new �ndings.

To explore the potential utility of these �ndings, polygenic scores for gestational
duration and PTD were built using the corresponding GWAS. The polygenic score
for the gestational duration accounted for 2.2% of its variance. The e�ect estimate
for the PTD polygenic score was comparable to that of gestational duration, high-
lighting the genetic similarity between these traits.

Overall, these results suggest that the polygenic scores may be useful in predicting
both gestational duration and PTD and shed light on the genetic factors underlying
these complex conditions. While the e�ect sizes of the newly identi�ed variants were
limited, ML models could potentially leverage multiple variants to improve predic-
tions further.

A study that utilises ML models for predicting PTD has been conducted on geno-
typed data from 1 527 mothers of African or Haitian descent [26]. All mothers
delivered at the Boston Medical Centre and around 40%, 632, had preterm deliver-
ies.

The study conducted an initial GWAS to determine what genetic variants to use.
The variants were divided into six groups, based on di�erent thresholds for the ob-
tained p-values. Thresholds ranged from 5e-3 to 5e-8, resulting in groups containing
4 666 to 3 variants each.
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A neural network model, further explained in Section 2.3.8, was created with four
hidden layers. Each layer consisted of ten nodes with Recti�ed Linear Unit (ReLU)-
activation functions. One output node is used, while the number of input nodes
varies for the di�erent variant groups. Stochastic Gradient Descent (SGD) is used
as the optimiser algorithm for training the model on 80% of the data, through back-
propagation. The remaining 20% is split equally into a validation set and a testing
set. The model is trained for 100 epochs, with early stopping, and performance is
evaluated by Sensitivity, Speci�city, Gini, AUC, LogLoss and MSE.

In addition to the neural network, a few classic models were tested to provide a
comparative measure. The presented results, Table 1.1 suggest that the group con-
taining 4 666 variants can provide an (almost) certain prediction when used to train
the network model. While the classic models show slightly lower scores, the results
are, in general, incredibly high and revolutionary if reproducible on a more extensive
set of data.

Table 1.1: Metrics reported in a previous study on predicting Preterm Delivery
(PTD) with di�erent Machine Learning (ML) models [26].

Model Sens Spec Gini LogLoss AUC MSE

Neural Net 1.0 0.99 0.9996 0.0960 0.9998 0.0128

SVM 0.9761 0.9720 NA NA 0.9741 NA

RF 0.9944 0.4603 NA NA 0.7274 NA

LDA 0.8826 0.8174 NA NA 0.8501 NA

1.2 Aim and Purpose

This project aims to apply ML techniques to investigate the genetics of preterm
birth. It is possible that intricate interactions, including con�icts between the
maternal- and fetal genomes, contribute to pregnancy outcomes and may account
for the relatively small genetic e�ects observed thus far. By employing several dif-
ferent ML models, an attempt to �nd and quantify the impact of these interactions
will be made.

Additionally, which selection of variables o�ers the most signi�cant improvement in
prediction accuracy will be evaluated. The outcome of this research will provide
insights for future genetic and experimental investigations of preterm birth and
enhance our knowledge of pregnancy control in humans.
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Research questions

1. Can ML models improve the ability to predict gestational duration and PTD
based on genetic data?

ˆ What ML model(s) provides the best predictability?
ˆ How do the results compare to previous studies on the genetic e�ects on

gestational duration and PTD?
2. What impact do the di�erent variable choices have on prediction performance?

ˆ How does the number of SNPs a�ect the predictability?
ˆ What impact does using di�erent genomes (maternal, fetal, or both) have

on the prediction accuracy?
ˆ How does the selection of training samples a�ect the prediction perfor-

mance?

1.3 Scope and limitations

ML is a fast-growing area of research, and the number of possible algorithms, pro-
grams, and methods is increasing daily. Not all of these can be evaluated with the
limited time frame available. The ones chosen, logistic regression, k-nearest neigh-
bours, support vector machine, decision tree, random forest, naive Bayes, linear
discriminant analysis and feed-forward neural network, are well-known and com-
monly used methods for the speci�c problem aimed to solve. However, it is still
possible that other methods would achieve better results.

This project will use genetic data from the Norwegian Mother and Child Study
(MoBa [27]). Data acquisition and veri�cation will hence not be part of this study.
Furthermore, the project will primarily focus on the 23 loci identi�ed previously in
a related study [15].

The programming language used for constructing ML models will bePython. This
is an e�ect of prior knowledge and time restrictions. While directly compiled lan-
guages, like C or C++ , run faster, code development is typically faster inPython
[28]. Python also has an active community with an extensive list of libraries for
di�erent purposes.

1.4 Ethics

When conducting research involving medical data, it is essential to consider several
ethical principles and guidelines to ensure that the privacy and con�dentiality of the
individuals involved are protected and that the research is conducted in a responsible
and trustworthy manner. For this project, all analyses will be done according to the
principles of the Helsinki Declaration [29]. Some of the key ethical considerations
relevant for this project include the following:

ˆ Informed consent: MoBa is a population-based pregnancy cohort study
conducted by the Norwegian Institute of Public Health [27]. Participants were
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recruited from all over Norway from 1999�2008. The women consented to
participation in 41% of the pregnancies.

ˆ Data privacy and security: Any medical data is stored on secure servers
designed for biomedical data purposes. Only authorised users can access the
data remotely through strict access control and multi-layer encryption. The
servers are provided by Norwegian Services for sensitive data (TSD) [30] and
HUNT Cloud at the Norwegian University of Science and Technology [31].
Data protection impact assessment is available in Norwegian at DPIA for
MoBa [32].

ˆ Con�dentiality and anonymity: All data is anonymised 2 by MoBa to
assure patient con�dentiality.

ˆ Justice: Participants are selected to provide a relatively homogeneous data
set. Therefore, the participants lack diversity, and results may not apply to
people genetically di�erent from those with Norwegian ancestry.

ˆ Transparency and accountability: Method and results are provided in
their respective chapter of this report. All code is available on GitHub, and
any questions regarding the project may be directed towards the author of this
paper.

ˆ Ethical oversight: The establishment of MoBa and initial data collection was
based on a licence from the Norwegian Data Protection Agency and approval
from The Regional Committees for Medical and Health Research Ethics. The
MoBa cohort is currently regulated by the Norwegian Health Registry Act.
The current study was approved by Swedish and Norwegian institutional re-
view boards3 4.

ˆ Bene�ciary: This research aims to increase the understanding of how genetics
can in�uence the risk of giving birth preterm.

2�All the data made available to researchers (internal and external) will be stripped of personal
identi�ers; that is identi�cation will be possible using the code number, but not directly to the person
who has provided that information.� [33]

3Etikprövningsmyndigheten decision Dnr 2022-03248-01
4Regionale komiteer for medisinsk og helsefaglig forskningsetikk sør-øst project 2015/2425
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2
Theory

The following chapter provides an overview of essential concepts and theories rele-
vant to this project. To provide the reader with the necessary background knowledge,
the chapter begins with an introduction to genetics and the application of genetic
data in investigating complex conditions or diseases, such as PTD. This is followed
by a brief introduction to ML and an explanation of the theories behind each model
used for classi�cation in this project. Finally, the chapter elucidates the approaches
employed for data management and model evaluation, ensuring that the reader has
a comprehensive understanding of the methods utilised in this study.

2.1 Genetics

The genome refers to the complete set of genetic material present in an organism,
including all the nucleotide sequences of deoxyribonucleic acid (DNA), both coding
DNA (genes) and non-coding regions [34]. The part of the genetic information that
determines inherited traits is referred to as the genotype. An individual's genotype
consists of all genetic variants, such as Single nucleotide variant (SNV), insertions,
deletions, and other mutations, that can be found in the genome[35].

An Single nucleotide polymorphism (SNP) is a type of genomic variant that occurs
when a single nucleotide (adenine (A), thymine (T), cytosine (C) or guanine (G))
in the genome di�ers between individuals [35], as illustrated in Fig. 2.1. This single
change can result in di�erences in an organism's physical characteristics, or increase
the risk of developing certain diseases, among others.

An allele is a variant of a single nucleotide or gene at a speci�c locus on a chromo-
some. For each SNP, there are typically two alleles, one from each parent. Each
allele pair can be either identical(homozygous) or di�erent (heterozygous).
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2. Theory

Figure 2.1: Illustration of a Single Nucleotide Polymorphism (SNP)

2.2 Association Studies

Association studies, including GWASs, are powerful tools in genetics research used
to investigate the relationship between genetic variants and complex conditions or
diseases [36]. These studies are conducted by comparing the frequency of speci�c
genetic variants in individuals with and without the condition or disease of interest.
The associated genetic variants identi�ed through these studies can help identify
genetic risk factors for diseases, as well as provide insights into the underlying bio-
logical mechanisms of complex conditions.

2.2.1 GWAS

In a GWAS, millions of genetic markers are scanned across the genome to �nd spe-
ci�c variations that are more common in individuals with the condition or disease of
interest compared to those without it [37]. The goal of GWASs is to identify genetic
loci or regions associated with a particular condition or disease, which can then be
studied to better understand the underlying biological mechanisms.

One limitation is that GWAS typically test genetic variants one-by-one for associ-
ation with a disease, using an additive model (testing the linear additive e�ect of
alleles), and only variants that pass a certain statistical signi�cance threshold are
selected for further analysis. This method can overlook speci�c combinations of
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variants or other more complex associations, i.e. gene-gene interactions, that may
be important for disease risk.

Moreover, GWAS usually focus on common genetic variants present in a large pro-
portion of the population. Rare genetic variants, which may have a more substantial
e�ect on disease risk but are present in fewer individuals, are often missed by GWAS.

2.2.2 Polygenic Risk Score

Polygenic risk score (PRS), or polygenic score, is a numerical score derived from
a combination of genetic variants associated with a condition or disease [38]. The
score can be based on any combination of genetic variants, including those with pro-
tective e�ects or those that contribute to the risk. However, interactions between
di�erent variants are generally not modelled when creating a PRS.

The data used to generate PRS comes from large-scale GWASs that compare groups
with and without the condition or disease to identify genomic variations, meaning
only a relative risk can be explained by the score. PRS allow for comparisons of
an individual's risk to that of others with di�erent genetic makeup. However, they
do not provide a baseline or time frame for disease progression. For example, two
individuals with the same PRS may still have lifetime risks that di�er if they are of
di�erent ages.

2.3 Machine Learning

ML is a sub�eld of arti�cial intelligence that involves the development of algorithms
and statistical models that can learn patterns and make predictions from data [39].
In recent years, ML has become increasingly popular and applied to various �elds,
including healthcare, �nance, and natural language processing.

Common ML tasks are classi�cation, clustering and regression [40]. In a classi�ca-
tion task, the goal is to predict the class label of a given instance based on its features
or attributes. ML algorithms and models can be trained on a labelled dataset con-
sisting of a set of instances with known class labels to learn the underlying patterns
in the data and make accurate predictions on new, unseen data.

The models and algorithms discussed in this section employ di�erent approaches
to classi�cation, ranging from linear models, such as logistic regression, to non-
parametric models, such as K-Nearest Neighbours and Decision Trees, to ensemble
models, such as Random Forest. Each algorithm has its strengths and weaknesses,
and the choice of algorithm depends on the speci�c problem and data available.

It is worth noting that the performance of a ML model depends not only on the
choice of algorithm but also on the quality and quantity of the data used for training
and testing [41]. In addition, hyperparameters, which are set before training and
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control the model's behaviour, can signi�cantly impact its performance[42]. There-
fore, hyperparameter tuning and resampling techniques, such as those discussed in
Section 2.4, are often used to improve the performance of ML models.

2.3.1 Logistic Regression

Logistic regression is a statistical method used for binary classi�cation [40]. It uses
an equation that models the relationship between a set of independent variables
and a dependent binary variable. The equation output (purple dot in Fig. 2.2) is a
probability that the binary outcome is true. The probabilities are then transformed
into estimated classes using a threshold value, usually 0.5. If the probability exceeds
the threshold, the outcome is predicted to be true. Otherwise, the outcome is
predicted to be false. The logistic regression equation is �tted during the training
process so that the predicted probabilities are as close as possible to the actual
binary outcomes in the training data. The �tted equation can then be used to make
predictions on new, unseen data.

Figure 2.2: Logistic regression

2.3.2 k-Nearest Neighbours

The k-Nearest Neighbours algorithm is an instance-based method used for classi�-
cation and regression. In classi�cation, the algorithm is used to predict the class
of a new data point (purple dot in Fig. 2.3) based on the most common class label
among its k-nearest neighbours (marked in blue in Fig. 2.3). The choice of k, the
number of nearest neighbours to consider, is an important parameter that a�ects
the performance of the algorithm. Larger values of k tend to smooth out the predic-
tion, while smaller values of k can lead to over�tting and make the prediction more
sensitive to individual data points.
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Figure 2.3: k-Nearest neighbour

2.3.3 Support Vector Machines

Support Vector Machine (SVM) is a linear classi�er that separates data into di�erent
classes by �nding the best hyperplane in the feature space[40]. The hyperplane (blue
line in Fig. 2.4) is chosen to maximise the margin between the closest data points
of di�erent classes, called support vectors.

Figure 2.4: Support Vector Machine

2.3.4 Decision Tree

Decision tree classi�ers, Fig. 2.5, work by recursively partitioning the data into
smaller subsets based on the values of input features, ultimately leading to a set of
decision rules or predictions for new data [40]. Each tree node represents a decision
point based on a feature, the branches represent the options, and each leaf node
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represents a class label. The goal is to create a tree that accurately predicts the
target variable while minimising complexity and over�tting.

Figure 2.5: Decision Tree

2.3.5 Random Forest

Random Forest, Fig. 2.6, is an ensemble learning method for classi�cation and re-
gression that combines multiple decision trees to make a �nal prediction. In Random
Forest, each tree is trained independently on a random subset of the training data,
using a random subset of the features at each split. The �nal prediction is made by
averaging the predictions of all trees, either by a majority vote for classi�cation or
by taking the mean for regression.

Random Forest is a �exible and robust method that can handle non-linear relation-
ships in the data, missing values, and irrelevant features. Combining multiple trees
also reduces the variance and over�tting of individual trees, leading to improved
generalisation performance. However, Random Forests can be slow to make predic-
tions and memory-intensive for large data sets. The number of trees and the size of
the random subsets of the data and features are hyperparameters that can be tuned
to achieve good performance on the given data.
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Figure 2.6: Random Forest Classi�er

2.3.6 Naive Bayes

Naive Bayes is a probabilistic classi�er based on Bayes' theorem, which states that
the probability of a class given a set of features is proportional to the probability of
the features given the class multiplied by the prior probability of the class. Bayes'
theorem:

P(AjB) = P (B jA)P (A)
P (B )

8
>>>>><

>>>>>:

P(A|B) = Probability that A happens given B.

P(B|A) = Probability of B, given A.

P(A) = Probability of A, regardless of B.

P(B) = Probability of B, regardless of A.

In Naive Bayes, the assumption is made that the features are conditionally indepen-
dent given the class, which is why it is called �naive�. Based on this assumption,
the joint probability of the features and the class can be factored into the product
of the individual probabilities of the features given the class.

There are several variants of Naive Bayes, including Gaussian Naive Bayes, Multi-
nomial Naive Bayes, and Bernoulli Naive Bayes, depending on the distributional
assumption and the type of features.

The basic idea of Naive Bayes is to estimate the probabilities of the features given
the class using training data and then use Bayes' theorem to compute the posterior
probability of each class given a new set of features. The class with the highest
posterior probability is then chosen as the prediction.

Naive Bayes is simple, fast, and often works well with high-dimensional data. How-
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ever, the assumption of feature independence is often not true in real-world data,
which can lead to reduced performance compared to other classi�ers.

2.3.7 Linear Discriminant Analysis

Linear discriminant analysis, Fig. 2.7, is a dimensionality reduction and classi�cation
technique that �nds a linear combination of features that maximises the separation
between di�erent classes while minimising the separation within classes [43]. It
works by modelling the distribution of the features in each class and calculating
the posterior probability of belonging to each class. The method is robust against
unbalanced data and can provide useful information about the feature distribution
of di�erent classes.

Figure 2.7: Linear Discriminant Analysis

2.3.8 Forward Neural Network

A forward neural network, also known as a feed-forward neural network, is a type of
arti�cial neural network that processes input data in a single direction, from input
layer to output layer, without looping back. Forward neural networks are used for
both classi�cation and regression tasks, and their architecture can be tailored to
the speci�c problem at hand. They can learn complex non-linear relationships in
the data and model complex functions, but can also be prone to over-�tting if the
network is too complex for the given data.

A forward neural network consists of an input layer, one or more hidden layers,
and an output layer. Each hidden layer consists of interconnected arti�cial neu-
rons. Each neuron receives input from the previous layer, performs a mathematical
operation, and passes its output to the next layer, as visualised in Fig. 2.8. The
mathematical operation performed by each neuron is a summation of the product
of inputs and weights together with a bias term, typically followed by a non-linear
activation function, such as sigmoid (2.1), hyperbolic tangent (2.2), or ReLU (2.3).
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Figure 2.8: A typical setup of the components associated with arti�cial neurons.

f (x) =
1

1 + e� x
(2.1)

f (x) =
sinhx
coshx

=
1 � e� 2x

1 + e� 2x
(2.2)

f (x) = max(0 ; x) (2.3)

The prediction is determined by the output from the last layer. To determine the
performance of the network, this prediction is compared to the true target values
by a loss function. There are di�erent loss functions that can be used. For binary
classi�cation, the most common loss function is binary cross-entropy (2.4), wherey
is the observed class and̂y is the network's predicted value.

L(� ) = �
1
n

nX

i =1

[yi log(ŷi ) + (1 � yi ) log(1 � ŷi )] (2.4)

Training is done by iteratively adjusting the network parameters according to an
optimiser. Optimisers are algorithms used to minimise output error. The error,
calculated by the loss function, is derived and divided with the derivative of each
weight to create a gradient. Part of the gradient is used to update the corresponding
weight. The size of this part can range from 0�1 and is called the learning rate. The
learning rate, or step size, is what de�nes how fast the model is changing and can be
either �xed or variable according to a learning rate schedule. The choice of learning
rate depends highly on the choice of optimisation algorithm. Some commonly used
optimisers for feed-forward neural networks are listed in Table 2.1.
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Table 2.1: Di�erent optimisers used for feed-forward neural networks.

SGD : SGD is an iterative optimisation technique that uses randomly se-
lected mini-batches of data to form an expectation of the gradient,
rather than the full gradient. Parameters are then adjusted in the
direction of the steepest descent. Often employed with momentum.
The momentum term accumulates a weighted average of past gra-
dients to determine the direction and magnitude of updates [44].
This helps to smooth out oscillations, accelerate convergence, and
improve the ability to escape local optima.

RMSprop : Root Mean Square propagation (RMSprop) is a variant of SGD
that seeks to address the issue of the learning rate not adapting
properly to the landscape of the loss function [45]. The basic idea
behind RMSprop is to scale the learning rate for each weight based
on the estimated variance of the gradient [46]. This is done by
keeping a moving average of the squared gradients and dividing the
current gradient by the square root of this average. This has the
e�ect of decreasing the learning rate for weights with high variance
gradients and increasing it for weights with low variance gradients,
allowing the algorithm to take larger steps in �atter directions and
smaller steps in steeper directions.

AdaDelta : AdaDelta is an extension of AdaGrad that addresses the problem
of diminishing learning rates by using a rolling average of the past
gradients instead of their sum [47]. In AdaDelta, the learning rate
is calculated based on the root mean square of the past gradients.

Adam : Adam is a variant of the SGD algorithm [45]. Adam combines the
bene�ts of momentum and RMSprop. It adapts the learning rate
for each weight based on the estimated �rst and second moments
of the gradients.

AdamW : AdamW is an extension of the Adam optimiser that introduces
weight decay directly into the optimisation process [48]. Weight
decay is a regularisation technique that encourages the model to
have smaller weights by adding a penalty term to the loss function
that is proportional to the L2 norm of the weights.

AdaMax : AdaMax is a variant of the Adam optimiser that replaces the L2
norm of the gradients with the L-in�nity norm [45]. Instead of
computing the running average of the gradients and its squares as
in Adam, AdaMax computes the running average of the gradients
and its exponential weighted in�nity norm.
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2.4 Data management

Two key components of ML, that can greatly impact the performance of a model are
resampling and hyperparameters. Resampling is used to balance the distribution
of data, while hyperparameters control the behaviour of the model. This section
explains the concepts of resampling and hyperparameters, their importance in ML,
and techniques for hyperparameter tuning.

2.4.1 Resampling

Resampling is a method used to achieve a more balanced distribution of data. There
are several di�erent methods for resampling data, but the main idea is to even out
the classes. This is done either by increasing the minority class samples, oversam-
pling, or decreasing the majority class samples, undersampling. Random over- and
undersampling are the most basic forms of resampling and are portrayed in Fig. 2.9.
Another oversampling method is SMOTE-oversampling, Fig. 2.10, where synthetic
minority class samples are created in between the real ones.

Figure 2.9: Random undersampling and random oversampling [49]

Figure 2.10: SMOTE oversampling [49]

2.4.2 Hyperparameters

Hyperparameters are parameters in ML models that are set before training, as
opposed to model parameters, which are learned from the training data. Hyperpa-
rameters control the behaviour of the model and the learning process, and include
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values such as the learning rate and number of hidden layers in a neural network,
the number of trees in a random forest, and the expected distribution in Naive Bayes.

Di�erent hyperparameter values can result in signi�cantly di�erent model behaviour
and performance [42]. It is common to perform a hyperparameter tuning process
to �nd the best set of hyperparameters for a given problem. This can involve tech-
niques such as grid search, random search, or Bayesian optimisation, and may involve
training multiple models with di�erent hyperparameters and evaluating their per-
formance on a validation set.

Bayesian optimisation involves creating a probability distribution of functions, typ-
ically a Gaussian process, to identify the optimal function to be optimised [50]. As
more data is collected, the distribution becomes more accurate, enabling the algo-
rithm to determine which areas of parameter space are promising and which are not
[51]. This process is repeated, with the algorithm balancing its exploration and ex-
ploitation needs based on its understanding of the target function. The known data
is used to �t a Gaussian process at each step, and the posterior distribution, in con-
junction with an exploration approach such as Upper Con�dence Bound (UCB) or
Expected Improvement (EI), is used to determine the next point for exploration [50].

Di�erent ML models have di�erent hyperparameters that need to be tuned. In
the context of a forward neural network, some key hyperparameters include the
batch size, which determines the number of samples used in each iteration, and the
choice of optimisation algorithm. Depending on the choice of optimisation algorithm,
additional hyperparameters can have an impact on the model performance. Below
is an example using the Adam algorithm (2.5) for updating weights[45]. Available
hyperparameters here are�; �; � 1 and � 2.

wt = wt � 1 � �
m̂tp
�̂ t + �

(2.5)

Where � refer to the initial step size, � is a small constant which prevents zero-
division, while m̂t and �̂ t are iteratively updated according to (2.6).

8
<

:

m̂t = m t
1� � t

1

�̂ t = � t
1� � t

2

(2.6)

Where mt is the moving average of the gradient,gt , according to (2.7) and� t is the
squared gradient (2.8).

mt = � 1mt � 1 + gt (1 � � 1) (2.7)

� t = � 2� t � 1 + g2
t (1 � � 2) (2.8)

� 1 and � 2 controls the exponential decay rate ofmt and � t respectively. An addi-
tional hyperparameter is o�ered with the Keras implementation, clipnorm , which
clips each weight gradient to keep the norm below the clipnorm-value.

In summary, hyperparameters are the knobs and dials that control the behaviour
of an ML model and can greatly impact its performance, so it is important to tune
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them carefully to get the best results for a given problem.

2.5 Evaluation Methods

Evaluation methods are essential for assessing the performance of ML models and
for comparing di�erent models. The choice of evaluation method and performance
metrics depends on the speci�c problem and data available. In the following sub-
sections, we will discuss K-fold cross-validation and a series of performance metrics
in more detail.

2.5.1 K-fold Cross-validation

K-fold cross-validation is a technique for evaluating and comparing ML models. It
is commonly used in the development and tuning of models, as well as in model
selection.

The data set is divided into k equally sized �folds�, where k is a user-speci�ed num-
ber, typically ranging from 5 to 10. The model is then trained k times, each time
using a di�erent fold as the validation data set while using the remaining k-1 folds as
the training data set [52]. The performance of the model is evaluated by averaging
the performance metrics, such as accuracy or F1 score, computed on each of the k
validation data sets.

The advantage of k-fold cross-validation is that it provides a more robust estimate
of the model performance, compared to a single train-test split. By training the
model k times, with each fold used once as the validation set, the technique ensures
that the model has seen all the data points in the data set, and provides an estimate
of how well the model generalises to new, unseen data.

The choice of k can a�ect the performance estimate, with higher values of k providing
a more robust estimate but also increasing the computational cost of the evaluation
[52]. A common choice for k is 10, which provides a good balance between bias and
variance in the performance estimate.

2.5.2 Performance Metrics

Performance metrics are used to measure the performance of a ML model. These
metrics provide a quantitative assessment of the model's ability to correctly classify
instances into their respective classes. It is important to choose the appropriate
performance metrics for a given problem, as di�erent metrics may be more relevant
depending on the speci�c task and data [41]. Below are some of the most common
metrics for binary classi�cation explained.
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Table 2.2: A selection of di�erent performance metrics, often used for binary
classi�cation problems.

Accuracy: Accuracy refers to the ratio of correct predictions to the total num-
ber of predictions. It is a simple and intuitive metric but can be
misleading if the class distribution is imbalanced.

Accuracy = TP + TN
TP + FP + TN + FN

Speci�city: Speci�city, or True Negative Rate, refers to the ratio of true neg-
ative predictions to the total number of actual negative examples.
It measures the proportion of actual negative examples that are
correctly identi�ed.

Specif icity = TN
TN + FP

Precision: Precision refers to the ratio of true positive predictions to the to-
tal number of positive predictions. It measures the proportion of
positive predictions that are actually true.

P recision = TP
TP + FP

Recall: Recall, Sensitivity, or True Positive Rate, refers to the ratio between
true positive predictions and the total number of actual positive
examples. It measures the proportion of actual positive examples
that are correctly identi�ed.

Recall = TP
TP + FN

ROC: Receiver Operating Characteristic (ROC) refers to the combination
of Recall or True Positive Rate (TPR) and False Positive Rate
(FPR). The two metrics are plotted against each other with the
FPR on the x-axis and the TPR on the y-axis.

TPR = T P
T P + F N , FPR = F P

F P + T N

AUC: Area Under the Curve (AUC) is a metric that summarises the in-
formation in the ROC plot to a numeric value. AUC include perfor-
mance across all possible classi�cation thresholds. It measures the
ability of the classi�er to distinguish between the positive and neg-
ative classes. The score can range between 0�1. however, a score
of 0.5 suggests that the classi�er can not distinguish one category
from the other better than a random guess.
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Gini: Gini index is based on AUC but provides a more intuitive score.
The score ranges from -1�1, where a perfect model gets 1, a score of
0 suggests that the model can not classify any better than �ipping
a coin, and a score of -1 suggests that the classi�er predicts all
positive samples as negative and vice versa.

Gini = 2 � AUC � 1
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3
Methods and Materials

The following chapter presents the approach taken to acquire and pre-process data,
the ML classi�ers used for prediction, and the evaluation methods employed to as-
sess the performance of the models. The chapter is divided into four sections, with
subsections providing details on the various processes involved.

Section 3.1 covers the data acquisition process, which involves gathering genetic
data. Section 3.2 focuses on the pre-processing of data, which includes feature
reduction, the reading of genetic data, cross-validation, and resampling. Section 3.3
introduces the ML classi�ers employed for prediction, including classic models and
network models. Finally, Section 3.4 discusses the model evaluation methods used
to assess the performance of the ML classi�ers. An overview of the di�erent steps
in the method is illustrated in Fig. 3.1.
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Figure 3.1: Steps for implementing and testing the ML models. Orange arrows
show the order of steps for the network models while the red arrows show the path
for classic models. `Set up data' is further explained in Section 3.2, Section 3.4.2
explain the `Strati�ed k-fold' step, Section 3.4.1 go through `Re-sample training

data', `Tune hyperparameters' is covered in Section 3.3.3 and Section 3.4.3 discuss
the �nal steps.
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3.1 Data Acquisition

Norwegian Mother, Father and Child Cohort Study (MoBa) is a population-based
pregnancy cohort study conducted by the Norwegian Institute of Public Health [27].
Participants were recruited from all over Norway from 1999�2008. The cohort in-
cludes approximately 114 500 children, 95 200 mothers, and 75 200 fathers. The
data used in this study is version 12 of the quality-assured data �les released by
MoBa. It includes genotype data, questionnaires �lled out by the parents, and
linked records from Medical Birth Registry of Norway (MBRN), a national health
registry containing information about all births in Norway.

The present study uses a subset of this cohort: pregnancy outcomes, maternal
and fetal genotypes from� 31 000 parent-o�spring trios that were genotyped over
2012�2018.

To ensure the quality of the genotyping data and that the study sample was rep-
resentative of a healthy, non-IVF population, various criteria were used to exclude
variants and samples. Genotyping was restricted to singleton, live-birth pregnan-
cies with complete birth registry data, at least one answered MoBa questionnaire,
and individuals alive at the time of genotyping. Additionally, pregnancies involving
IVF, maternal diabetes, extreme outlier gestational duration, and children with an
APGAR score of 0 at both 1 and 5 minutes were excluded. Finally, for mothers with
repeated pregnancies in the cohort, one random pregnancy was retained, and genet-
ically non-European populations were excluded. By implementing these exclusion
criteria, the study can minimise potential confounding (i.e. when ethnicity a�ects
both genetics and the outcome) and ensure that any associations found between
genotypes and outcomes are less likely to be in�uenced by external factors. These
steps are standard in genotyping data acquisition1.

3.2 Pre-processing of Data

When working with genetic data, it is common to have more features than samples.
This makes the data both hard and computationally very heavy to work with. To
get around this, the data needs to be �ltered. Not all features are relevant for every
task. Unfortunately, it is not known in advance which are. To determine which fea-
tures to include in the model, for classifying whether or not delivery will be preterm,
di�erent feature reduction methods can be implemented [54].

3.2.1 Feature reduction

A feature reduction method commonly used in genetic research is GWAS. As ex-
plained in Section 2.2, GWAS is a speci�c kind of association study that involves

1Full details speci�c for this data set can be found in the paper [53].
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analysing the entire genome of a large group of individuals to identify genetic vari-
ations associated with a particular trait or disease.

Prior to this study, a GWAS was performed, resulting in identifying 23 loci with
signi�cant association to PTD or gestational duration [15]. From these regions, two
sets of data were constructed. One containing only the 23 top hits in [15], henceforth
referred to as the `Top 23'. One set comprising a subset of 6690 SNPs extracted from
regions within 50 kilobase of the top hits and �ltered for highly correlated SNPs2,
henceforth referred to as the `Extended set'.

3.2.2 Reading Genetic Data

The genetic data used in this project is comprised of a phenotype �le and a set of
genotype �les. The genotype �les include a list of genetic variants, SNPs, along
with information on their genomic location, reference and alternate alleles, a list of
individual identi�ers, Sentrix ids, and a matrix of numeric values, 0, 1 or 2, cor-
responding to an individual's genotype at that SNP (either 0, 1 or 2 counts of a
particular non-reference allele).

The phenotype �le includes a list of pregnancy identi�ers, along with information on
the individual's phenotypic characteristics, gestational duration in days and whether
the birth in question was classi�ed as preterm. In addition to the pregnancy iden-
ti�ers, �Sentrix ids�, used in the genotyping facility as labels on the genotyping
devices, are available. These IDs were used to link an individual's trait with their
genotypes.

Each pregnancy id is typically linked to one maternal and one fetal sample. How-
ever, due to prior �ltering of samples, some pregnancy ids were only present in the
list of maternal samples and some were only present in the list of fetal samples.
Only pregnancies containing both samples were considered, allowing for an accurate
comparison of their respective predictability. The presence of both samples was con-
�rmed in 16 301 pregnancies in total, of which 15 882 were controls and 419 were
cases.

3.3 Machine Learning Classi�ers

In Section 2.3 eight di�erent ML methods are explained. For this project, the
models created can be divided into Classic models and Network models. Seven
di�erent `Classic models' were created, each with one of the methods described in
Sections 2.3.1 to 2.3.7. Seven di�erent `Network models' were also created, all with
the method `Forward Neural Network', Section 2.3.8, and one of the optimisers listed
in Table 2.1.

2Using PLINK's --indep-pairwise 100 5 0.3 command.
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3.3.1 Classic models

All classic models were implemented using the sklearn ML library [55]. A total of
seven di�erent models were created, listed in Table 3.1.

Table 3.1: List of implemented classic models, including references to the
corresponding section in Chapter 2 and sklearn website.

Method Sec. Classi�cation model

Logistic regression 2:3:1 LogisticRegression (LR) 2

k-Nearest neighbours 2:3:2 KNeighborsClassifier (k-NC) 2

Support vector machine 2:3:3 SVC(SVC) 2

Decision tree 2:3:4 DecisionTreeClassifier (DTC) 2

Random forest 2:3:5 RandomForestClassifier (RFC) 2

Naive Bayes 2:3:6 BernoulliNB (BNB) 2

Linear discriminant analysis 2:3:7 LinearDiscriminantAnalysis (LDA) 2

Two hyperparameters were changed for the LDA model. The covariance estimator
was selected asOAS, as proposed in [56]. Additionally, the solver was exchanged
to accommodate the choice of covariance estimator. For the LR model, one hyper-
parameter was altered. The maximum number of iterations run by the model was
increased from 100 to1e9 to allow for convergence. The BNB was selected as the
Naive Bayes model since the data is binary and thus have two, mutually exclusive,
outcomes [57]. Sklearns default hyperparameters were used without alterations for
k-NC, SVC, DTC and RFC. The exact settings are available at the sklearn website
for each model, linked in Table 3.1.

3.3.2 Network

The neural network, with the fully-connected setup shown in Fig. 3.2, was created
with TensorFlow and Keras. The sequential model, inspired by the study [26]
mentioned in Section 1.1.1, has four hidden layers, each with 10 nodes. Each hidden
node is followed by a ReLU activation function (2.3), and the output node is followed
by a sigmoid function (2.1). Binary cross-entropy (2.4) was used as the loss function
and each optimiser in Table 2.1 was implemented to set up the seven network models.
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Figure 3.2: Feed Forward Neural Network

To avoid over�tting the model and limit the time needed for training, two di�erent
callbacks are implemented. `Early stopping' will terminate the training if the moni-
tored value does not improve for the number of epochs set in `Patience'. `Checkpoint'
saves the model from the epoch that provided the best performance according to
the monitored metric values. The monitored metric value was selected as the AUC
for the validation set.

The saved models are thereafter used to predict the outcome for the samples in the
test set. The predicted values are compared to the true target values to provide a
set of evaluation metrics for each model.

3.3.3 Hyperparameter Selection

Seven di�erent optimisers, Table 2.1, were tested in this study. Each optimiser
has an individual set of hyperparameters that need tuning to suit the problem at
hand. The tuning was done by implementing the hyperparameter optimisation tool
BayesianOptimization [51]. As the name suggests, the tool uses a Bayesian opti-
misation algorithm, Section 2.4.2, which is run a number of times for each optimiser
to provide 2�4 tuned sets of hyperparameter values respectively. Before tuning,
boundary values for the hyperparameters of each optimiser were set. The bounds,
Table A.2, were selected by taking values from both sides of the default options
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provided by Keras. Due to time restrictions, hyperparameter tuning was only per-
formed with the oversampled Top 23 SNPs from the maternal genome.

3.4 Evaluation

The unbalanced distribution of cases and controls in�uences the selection of metrics,
appropriate to evaluate the models. Sensitivity and speci�city on their own can be
very misleading. Predicting that all samples are positive, for example, would yield
a perfect sensitivity score but the model would not be very helpful. AUC provides
a more balanced score where all classi�cations, both correct and incorrect ones, are
taken into consideration. The AUC is therefore used as the initial evaluation metric
for all models.

3.4.1 Resampling

As previously mentioned, the distribution between case and control samples is un-
even. Around 2.6% of the samples are cases and 97.4% are controls. Most ML
classi�ers respond quite poorly to very unbalanced data. Classifying all samples as
the majority class would be both easy to learn and actually correct 97% of the time,
however, it would not achieve the goals of this work. By resampling the data in
a more balanced matter, the model is forced to distinguish between the classes in
order to classify the samples correctly 97% of the time.

Three di�erent methods for resampling were tested, random oversampling, random
undersampling (Fig. 2.9) and SMOTE (Fig. 2.10). Implementation of the resam-
pling methods was done withImbalanced-learn .

3.4.2 Cross-validation

To provide a robust estimate of each ML model, k-fold cross-validation was used.
The selection of k is based on two things, the relatively small number of cases avail-
able and the computational cost. To ensure an adequate number of cases in each
test set and limit the computational cost, k was set to 5 and a strati�ed folding was
implemented.

To be able to divide the samples into �ve folds of equal size, one control pregnancy
was removed. Each fold contains a test set of 3260 pregnancies with 83�84 cases
and 3176�3177 controls. The gestational duration for samples classi�ed as controls
span from 259�307 days, with an average of 282 days. For cases, the span goes from
182�258 days with an average of 248 days. Some distributional properties for the
test sets in each fold are available in Table A.1.
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As visualised in Fig. 3.3, each iteration comprises one fold of test data and four
folds of training data. When used for the classic models, all training data with
their corresponding true target values, were resampled and used to �t each model.
After �tting the models, they were given the test fold and responded with a set
of predicted target values. The predicted target values were then compared to the
true values and the AUC for that iteration were calculated. After �ve iterations the
average AUC was calculated and used for comparing di�erent models.

Figure 3.3: K-fold cross-validation with k=5. Each iteration k-1 folds are used
for training while the remaining fold is used for testing. An AUC is calculated after
each iteration, contributing to the average AUC used to compare di�erent models.

Training the network models requires an additional division of the training data
to create a validation set. This set is used during training of the network to keep
track of performance progression on unseen data. The validation data was extracted
before resampling to keep a distribution similar to that of the test set.

3.4.3 Model Assessment

Classi�cation of samples is, in the models used for this project, based on calculating
the probabilities of belonging to class 0 or 1. The class is then either determined
as the class with the highest probability score, if probabilities for both classes are
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provided, or compared to a threshold value to determine their class if only one prob-
ability score is provided. Initially, all models provide the predicted probabilities for
each class. When classifying the samples, a threshold is used to determine which
class the sample belongs to. Note that any sample on the `wrong' side of the thresh-
old will be considered an error, regardless of the distance to the threshold. Thus, a
model providing the prediction [0.50, 0.51, 0.52] for samples with target values [1, 1,
1] would get perfect performance metrics while a model predicting [0.49, 0.45, 0.48]
would get terrible ones, even though their predictions are quite similar. Nonetheless,
using the binary classi�cation is faster and provides a good �rst �lter for selecting
models to analyse further.

Each model was �t and tested on the di�erent SNP sets and conditions to provide
an indicative AUC. The set(s) which provided the highest AUCs for classic models
were thereafter used again to calculate metrics from the classic models' predicted
probabilities. Likewise, the set(s) that provided the highest AUCs for network mod-
els were used to obtain metrics from the network models' predicted probabilities.

As mentioned in Section 1.1.1, a previous study [15] built PRSs to explore the po-
tential utility of their identi�ed SNPs. The score is continuous and reversed with
regard to the risk of delivering preterm, meaning negative scores indicate higher risk.
A threshold for classifying samples as preterm, based on their PRS, was determined
based on the obtained AUCs after iteratively testing di�erent values.

Di�erent models may detect di�erent patterns in the data. Hoping to further im-
prove predictions multiple models were combined. Predicted probabilities from two
or more models, either di�erent models or the same model �t on di�erent genomes,
were added together and divided by the number of models.
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4
Results

The following chapter will present the results obtained while testing the di�erent
models described in Chapter 3. Each model was tested on a set of di�erent variables,
listed in Table 4.1.

Table 4.1: The variable categories including the di�erent options used for
training and testing the ML models.

Feature (SNP) set
Top 23

Extended set

Resampling method
Random undersampling

Random oversampling

SMOTE oversampling

No resampling

Genome
Maternal

Fetal

4.1 Classic Models

Classic models were �tted and tested on di�erent sets of data. The AUC for these
can be seen in Table 4.2. (The AUCs calculated here are based on the binary clas-
si�cations made by each model.) The highest AUCs were obtained with the use of
LR and LDA, both scoring 0.56 when �tted on either the under- or oversampled
Top 23-set. Most classic models responded best to the undersampled data and all
obtained higher results when run on the maternal genome compared to the fetal
genome.

The set of conditions which provided the highest AUC scores was selected for fur-
ther testing. For the classic models, the selected conditions were: `Top 23' features,
`Random undersampling' and `Maternal genome'. Using these variables, additional
metrics and a new AUC were calculated on the predicted probabilities from each
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Table 4.2: AUC for classic models trained in di�erent conditions. Divided �rstly
by the number of SNPs, the top 23 hits versus the Extended set. Further divided
by method for sampling, random undersampling, random oversampling, SMOTE

oversampling or no sampling. Lastly divided by genome, either fetal (F) or
maternal (M). The highest AUC(s) for each model are marked in bold. All related

plots are available in Appendix B.

Top 23 Extended Set

Under Over SMOTE No Under Over

Model M F M F M F M F M M

LR 0.56 0.51 0.56 0.53 0.54 0.52 0.50 0.50 0.53 0.51

k-NC 0.49 0.49 0.50 0.50 0.52 0.50 0.50 0.50 0.49 0.49

SVC 0.54 0.51 0.50 0.50 0.51 0.49 0.50 0.50 0.54 0.50

DTC 0.50 0.51 0.51 0.50 0.50 0.49 0.52 0.50 0.53 0.51

RFC 0.54 0.51 0.50 0.50 0.50 0.50 0.50 0.50 0.54 0.50

BNB 0.51 0.51 0.52 0.51 0.49 0.51 0.50 0.50 0.51 0.52

LDA 0.56 0.51 0.56 0.53 0.54 0.51 0.50 0.50 0.55 0.50
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model. As seen in Table 4.3, the AUCs calculated on predicted probabilities are in
general higher than those calculated on binary classi�cations.

Table 4.3: Additional metrics for the predicted probabilities by classic models,
�tted on the maternal, undersampled, Top 23-set. Highest obtained AUC is

marked in bold.

Model AUC Sens. Spec. Gini

LR 0.58 0.57 0.58 0.15

k-NC 0.51 0.34 0.67 0.014

SVC 0.56 0.56 0.56 0.11

DTC 0.53 0.52 0.50 0.064

RFC 0.53 0.51 0.52 0.063

BNB 0.53 0.51 0.51 0.067

LDA 0.57 0.57 0.57 0.14

After evaluating the predicted probabilities provided by the classic models, the LR
model was still producing the highest AUC. The mean ROC curve for the proba-
bilities predicted by the LR model is presented next to the highest scoring network
model in Fig. 4.1.

4.2 Network Models

Before training the network models, the hyperparameters for each optimiser were
tuned. The tuning resulted in the values presented in Table A.3. Training and test-
ing were thereafter done on the same data sets as the classic models. The resulting
AUCs for the binary classi�cations made by each network model are available in
Table 4.4.

The table shows that SGD2, with an AUC of 0.55, provided the highest score among
the network models. The score was obtained with the maternal, oversampled, Top
23-set. Most network models, with the exception of AdamW, responded best to
this set and it was hence selected for further analysis on the predicted probabilities.
Table 4.5 presents similar metrics for all network models and like the classic models,
higher AUC scores compared to the ones obtained with binary classi�cations.
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Table 4.4: AUC for network models trained with di�erent optimisers on di�erent
feature sets. Divided �rstly by the set of SNPs, the Top 23-set versus the

Extended set. Further divided by method for sampling, random undersampling,
random oversampling, SMOTE oversampling and no sampling. Lastly divided by
genome, either maternal (M) or fetal (F). The highest AUC(s) for each model are

marked in bold. All related plots are available in Appendix C.

Top 23 Extended Set

Under Over SMOTE No Under Over

Model M F M F M F M F M M

SGD 0.53 0.51 0.53 0.50 0.52 0.51 0.50 0.50 0.50 0.50

SGD2 0.53 0.51 0.55 0.50 0.52 0.48 0.50 0.50 0.53 0.51

AdaMax 0.53 0.51 0.53 0.52 0.51 0.50 0.50 0.50 0.52 0.53

AdaDelta 0.52 0.50 0.54 0.49 0.52 0.50 0.50 0.50 0.51 0.53

Adam 0.53 0.51 0.53 0.50 0.52 0.51 0.52 0.50 0.51 0.51

AdamW 0.53 0.51 0.52 0.53 0.53 0.50 0.50 0.50 0.51 0.53

RMSprop 0.52 0.49 0.54 0.50 0.52 0.50 0.50 0.50 0.51 0.50
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Table 4.5: Metrics for the predicted probabilities by network models trained on
the maternal, oversampled, Top 23-set. Highest obtained AUC(s) are marked in

bold.

Model AUC Sens. Spec. Gini

SGD 0.55 0.55 0.55 0.099

SGD2 0.56 0.56 0.56 0.12

AdaMax 0.56 0.56 0.56 0.12

AdaDelta 0.56 0.56 0.56 0.12

Adam 0.54 0.51 0.56 0.082

AdamW 0.53 0.52 0.52 0.05

RMSprop 0.56 0.55 0.57 0.13

While four of the models provided equal AUC scores for predicted probabilities, RM-
Sprop obtained a higher Gini index and was hence considered the best-performing
network model. Presented in Fig. 4.1, is thus, the mean ROC curve for the RMSprop
model to the right of the corresponding plot for the LR model.
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(a) Best classic model: LR (b) Best network model: RMSprop

Figure 4.1: Mean ROC for probability predictions by best performing classic-
and network model respectively.

4.3 Folds

The average results from classic models are quite consistent. They tend to di�eren-
tiate at most � 0.01 between di�erent runs. The di�erence between folds, however,
is, in general, larger. Since folds are divided and numbered beforehand, fold 1 al-
ways contains the same samples etc. Most classic models perform particularly well
on fold one, with AUCs up to 0.61 Fig. 4.2a. This is not true for two models, k-NC,
and DTC, which both instead perform particularly badly on this fold (Fig. 4.2b).
K-NC and DTC provide their highest AUCs on fold four, which for LDA, BNB, and
LR is the fold with the lowest AUCs.

Network models did not show the same pattern as the classic models. AdaDelta for
instance, presented in Fig. 4.3, obtained its highest AUC on fold four. Overall, the
performance between folds is much more even among the network models. Among
the folds providing the best performance, all but fold three are represented and each
fold provides the worst performance for at least one model.
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(a) AUC by fold for LR (b) AUC by fold for k-NC

Figure 4.2: AUC by fold for two di�erent classic models, plots of the remaining
models are available in Fig. B.6.

(a) AUC by fold for AdaDelta (b) AUC by fold for SGD2

Figure 4.3: AUC by fold for di�erent network models, plots of the remaining
models are available in Fig. C.6.
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4.4 PRS

Classifying samples with a PRS< 2:2 as preterm provided the highest AUC. This
threshold for PRS provided an average AUC equal to the LR model. The compari-
son, along with the PRS results by fold, are presented in Fig. 4.4.

(a) AUC for PRS by fold
(b) AUC for PRS compared to

LR

Figure 4.4: Predictions made with the PRS from [15], by fold and in comparison
with the LR model.

4.5 Combined Predictions

As presented in Table 4.6, combining the models for maternal and fetal genomes
did not improve predictions overall. Only one model, BNB, obtained a higher AUC
with the combined prediction compared to the individual ones.

Combining the predictions of di�erent models, including combining PRS with model
predictions, did in some cases improve results, as presented in Table 4.7 and Fig. 4.5.
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Table 4.6: AUC for classi�cations based on combining the predicted probabilities
from a model �t on the maternal and fetal genome separately. Trained and tested

on the undersampled and oversampled Top 23-set. Corresponding AUC for
classi�cations on the maternal genome alone showed in parenthesis. Models

(including the corresponding AUC) that o�ered an improved AUC by combining
predictions are marked in bold.

Under Over

Model C(M) C(M)

LR 0.55 (0.56) 0.55 (0.56)

k-NC 0.49 (0.49) 0.50 (0.50)

SVC 0.53 (0.54) 0.50 (0.50)

DTC 0.51 (0.51) 0.50 (0.51)

RFC 0.51 (0.54) 0.50 (0.50)

BNB 0.51 (0.51) 0.53 (0.52)

LDA 0.55 (0.56) 0.55 (0.56)

SGD 0.53 (0.53) 0.52 (0.53)

SGD2 0.52 (0.53) 0.53 (0.55)

AdaMax 0.52 (0.53) 0.52 (0.53)

AdaDelta 0.52 (0.52) 0.51 (0.54)

Adam 0.53 (0.53) 0.51 (0.53)

AdamW 0.52 (0.53) 0.52 (0.52)

RMSprop 0.50 (0.52) 0.53 (0.54)
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Figure 4.5: Combined probability prediction with PRS and LR
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Table 4.7: Metrics for predictions made with the PRS and the combined, PRS +
model, predictions with the highest AUC.

Model(s) AUC Sens. Spec. Gini

PRS 0.56 0.56 0.55 0.13

PRS + LR 0.59 0.58 0.59 0.17

PRS + SGD 0.59 0.59 0.59 0.18

PRS + RMSprop 0.59 0.59 0.59 0.18

PRS + AdaDelta 0.59 0.58 0.59 0.17

PRS + SGD2 0.59 0.59 0.59 0.18

LR + RMSprop 0.58 0.58 0.57 0.15
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5
Discussion

This chapter delves into key aspects of the study, starting with variable selection-
Section 5.1. This section explores the impact of di�erent variables on prediction
performance, including the signi�cance of the maternal genome and the selected
Top 23 set. Additionally, model selection is discussed (Section 5.4), highlighting
the varying performance of classic ML algorithms and network models. Section 5.2
examines the in�uence of folds on model performance, showcasing consistency and
variations across di�erent folds. Furthermore, the chapter explores the potential
of combining models, Section 5.3, to further enhance prediction accuracy. A short
review of previous work is included, comparing �ndings and methodologies with an-
other study in the �eld, Section 5.4.1. Lastly, the challenges encountered throughout
this study and outlined avenues for future work are presented in Section 5.5, suggest-
ing areas for improvement and exploration, such as incorporating additional genetic
markers and considering other environmental factors in the prediction models.

5.1 Variable Selection

What impact do the di�erent variable choices have on prediction performance?

In a majority of tests, the Top 23 set provided better results than the Extended set,
which uses more SNPs from the same genetic locations. This could mean that no
new information is obtained from the additional SNPs. It is, however, also possible
that some SNPs hold additional information but that a large number of uninforma-
tive SNPs makes it di�cult to derive any bene�t from these.

Tables 4.2 and 4.4 both show that the selection of genome has a big impact. The
maternal genome seems to provide more useful information than the fetal, which
is in line with previous research [25], [58]. One instance where the fetal genome
provides better results than the maternal is seen for AdamW on the oversampled
Top 23 set. The di�erence is however quite small, and considering the variance in
results obtained for the network models, this is most likely not a consequence of the
genome choice.

The network models in general respond better to the oversampled data compared
to the undersampled. This has two possible explanations. Either information is lost
when disregarding several control samples, or this is a result of the hyperparameters
being tuned on oversampled data. The classic models have the opposite behaviour
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and provide higher scores when comparing the top results from both categories. In-
formation is thus most likely not lost in the undersampling process, even though it
disregards a large part of the control samples, suggesting that this group is rather
homogeneous.

5.2 Folds

As mentioned earlier, the control samples seem relatively homogeneous and should
not be the cause for di�erences between folds. Table A.1 shows that the di�erence
in average gestational duration for cases does not vary much between the di�er-
ent folds. While the minimum value for the cases in fold one (which provided the
highest AUC) is only 182 days (which is the shortest duration), the minimum value
in fold four (which provided the lowest AUC) is the second shortest duration with
193 days. Fold zero, for instance, has a minimum value of 219 days, a much larger
di�erence, but still performs almost as well as fold one. Thus, the di�erences do not
seem to be caused by di�erences in gestational age within the cases; the folds may,
however, di�er in some other properties of the cases that are not directly observed
and recorded in the medical data, but a�ect the performance.

5.3 Combined Predictions

Since the models work in di�erent ways, they are expected to interpret the data
di�erently and detect di�erent kinds of patterns. This could, in theory, be quite
bene�cial since models can be combined to produce ensemble predictions.

5.3.1 Maternal and Fetal

No improvement was seen by combining the predictions made on the maternal and
fetal genomes. Due to time restrictions, only additive e�ects could be explored in this
study. Including both genomes as input data would allow detection of interactions
between di�erent SNPs from the maternal and fetal genomes.

5.3.2 Combining Models

Combining classic models with each other did not provide any higher AUCs than
the value provided by LR alone. Unfortunately, the lowest score obtained with the
LR model, the score for fold four, is still higher than the score obtained by k-NC
and DTC, which had their best results on fold four. Combining either k-NC or DTC
with LR does not improve the outcome.

Combining the LR model with the PRSs presented in [15], Fig. 4.5, did slightly
improve results. However, the di�erence in average over the folds is only 0.01, which
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lies within the standard deviation.

5.4 Predictive ability

Can ML models improve the ability to predict gestational duration and PTD based
on genetic data?

The model that performed best in this study, as seen in Fig. 5.1, was also one of the
most simple ones, LR. This model is quite similar to linear regression (in that e�ects
of SNPs are additive in both), the model used for �nding the 23 loci selected for the
project. Whether this has a�ected the outcome is hard to say since no comparison
to other methods for feature reduction has been possible to conduct during the
time of this project. The simplicity of the LR model does, however, contribute to
the conclusion that no complex, nonlinear e�ects with high signi�cance are present
within the feature sets used in this study.

Figure 5.1: Box plot over AUCs calculated on the predicted probabilities for each
model. The range for each box represents the variability between di�erent folds.

5.4.1 Previous Work

As mentioned in Section 1.1.1, two previous studies have been examined in this
project. Fig. 5.1 shows how the models in this project compare to the previously
created PRS. Two models, LR and LDA, provide a higher average AUC. The im-
provements are, however, not very big.
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The di�erence compared to the previous ML study [26] is signi�cantly larger, as
seen in Table 1.1. They present an AUC of 0.9998 based solely on the mothers'
genetic data. A literally, unbelievable result. Since PTD is a complex condition it
relies on more than genetics. Hence, the base for their predictions does not include
everything needed for such distinction.

One possibility for their incredible results could be that there are other genetically
distinct di�erences between cases and controls, for instance, that all cases are of
Haitian descent while the controls have African descent.

5.5 Challenges and Future Work

The previously mentioned paper used data based on the p-value of each SNP. While
their results are unbelievable, it would be interesting to use their selection criteria
on our data to see if that would have any impact on the results.

SNPs located near each other on the genome are often a�ecting the same gene. If
gestational duration or PTD were, genetically, solely driven by the 23 genes found in
[15], most information to be found in the genome would be included in the Extended
set. However, if we believe that there are more genes involved in this complex condi-
tion, including SNPs from additional areas would be an appropriate way to extend
this research.

Hyperparameter selection for di�erent optimisers had a large impact on the network
models. A challenge has been to determine what conditions to use for the tuning,
since di�erent conditions produce di�erent results. Tuning hyperparameters are a
quite computationally heavy process and to tune each optimiser for each condition is
a very time consuming process and hence not a viable option. To include all options
(both general conditions and hyperparameters for the optimiser) in the tuning is
not an option either since the working memory required for such operation extends
the working memory available on the server. The solution to this issue has been to
try a few di�erent conditions when tuning one of the optimisers and simply use the
best performing selection for tuning the remaining optimiser. It is hence possible
that better results could have been obtained by tuning with di�erent conditions.

The initial hypothesis was that network models would be able to extract more infor-
mation than the PRS and the classic models. This assumption led to a dispropor-
tionate amount of time spent on tuning and testing these models. As a drawback, no
tuning was done for the classic models. Knowing the outcome, this time might have
been better spent on grid search for the classic models hyperparameter selection.
Another time consuming part of this study was the number of models explored.
In hindsight, it would have been better to focus on a smaller number of models.
However, the limited number of previous studies within the area made the decision
of selecting models hard to validate without testing several options.
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The de�ning rule for a sample being considered a case is a gestational duration of
less than 259 days. However, an individual delivering after 258 respectively 259 days
of gestation will most likely not have distinct genetic di�erence. One way to handle
this di�culty is to make continuous predictions on the gestational duration instead
of binary classi�cations on PTD. While the limited time for this study did not allow
for this, it is a strong suggestion for continued research.
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6
Conclusion

Multiple factors contribute to the risk of delivering preterm, both genetic and envi-
ronmental. The associated genetic variants explored in this study only show minor
e�ects individually, and no indications of complex interactions have been revealed.

Furthermore, the maternal genome has shown the best predictability based on the
examined SNPs. However, it is possible that interactions between SNPs in the ma-
ternal and fetal genomes have been missed since only additive e�ects were examined.

It is clear that resampling of the training data is needed, but whether it is done by
random under or random oversampling seems to be less important.

The areas around each of the `Top 23' SNPs have not shown any indication of
harbouring essential information for PTD prediction. And overall, no signi�cant
improvements in predictability have been shown.

Genetic testing does, however, provide some information about an individual's risk.
And I believe that further research, including more areas of the genome and maybe
focusing on gestational duration instead of PTD, may enhance genetic predictabil-
ity. Possibly even enough to, in the future, be used as a reliable method for early
detection of at-risk pregnancies. A measure that would be bene�cial for determining
possible preventive interactions and the need for close monitoring.
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A
Data

A.1 Folds

Table A.1: Distribution of gestational duration within the different batches.

Fold Class Samples Min (days) Max (days) Average (days)

0 Case 83 219 258 249

Control 3177 259 304 282

1 Case 84 182 258 248

Control 3176 259 306 282

2 Case 84 211 258 247

Control 3176 259 307 282

3 Case 84 213 258 249

Control 3176 259 306 282

4 Case 84 193 258 248

Control 3176 259 307 282

All Case 419 182 258 248

Control 15881 259 307 282

A.2 Hyperparameter values

I



A. Data

Table A.2: Boundaries for hyperparameter tuning

SGD
Batch size (10, 80) Nesterov (0/1)
Momentum (0.0, 0.99) Use Ema (0/1)
Initial learning rate (1e−12, 0.1)
SGD2
Initial learning rate (0.0, 0.1) (Learning rate schedule)
Momentum (0.0, 0.9) Decay steps (1e3, 1e5)
Decay rate (0.5, 0.9) Batch size (30, 100)
Clipnorm (0.5, 2)
AdaMax
Initial learning rate (1e−07, 1) Use Ema (0/1)
b1 (0.1, 0.99) b2 (0.5, 0.99)
Eps (1e−07, 0.1) Clipnorm (1, 4)
Batch size (10, 60) Ema momentum (0, 0.9)
AdaDelta
Batch size (30, 50) Use Ema (0/1)
Clipnorm (1.5, 3) Decay rate (0.2, 0.9)
Eps (1e−04, 0.8) Initial learning rate (1e−07, 1)
Adam
Initial learning rate (1e−07, 0.1) b1 (0.8, 1.0)
b2 (0.8, 1.0) Eps (1e−10, 0.01)
Clipnorm (0.3, 5) Batch size (20, 50)
AdamW
Initial learning rate (1e−07, 0.5) Use Ema (0/1)
b1 (0.8, 0.99) b2 (0.9, 1.0)
Eps (1e−07, 0.05) Clipnorm (1, 2.5)
Batch size (30, 60) Ema momentum (0, 0.9)
Decay rate (0, 0.8)
RMSprop
Initial learning rate (1e−06, 0.1) Use Ema (0/1)
Eps (1e−08, 0.01) Clipnorm (1, 3)
Batch size (10, 50) Ema momentum (0, 0.9)
Decay rate (0.1, 0.99)
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A. Data

Table A.3: Tuned hyperparameter values

SGD
Batch size 24 Nesterov Y es

Momentum 0.0271 Use Ema Y es

Initial learning rate 0.0878
SGD2
Batch size 32
Initial learning rate 0.0140 (Learning rate schedule)
Momentum 0.1783 Decay steps 56310
Decay rate 0.6669 Clipnorm 1.5057
AdaMax
Initial learning rate 0.0011 Use Ema No

b1 0.6990 b2 0.8730
Eps 0.0902 Clipnorm 3.9935
Batch size 50 Ema momentum NA

AdaDelta
Batch size 34 Use Ema Y es

Clipnorm 1.6343 Decay rate 0.3598
Eps 0.4983 Initial learning rate 0.0068
Adam
Initial learning rate 0.0204 b1 0.8691
b2 0.8794 Eps 0.0069
Clipnorm 0.8794 Batch size 36
AdamW
Initial learning rate 0.0021 Use Ema No

b1 0.8724 b2 0.9954
Eps 0.0068 Clipnorm 1.2878
Batch size 36 Ema momentum NA

Decay rate 0.0260
RMSprop
Initial learning rate 0.0042 Use Ema Y es

Eps 0.0029 Clipnorm 1.5942
Batch size 47 Ema momentum 0.6049
Decay rate 0.8054
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B
Classic Models

ROC-AUC plots of the fold average for classic models with different selection of
SNPs, sampling methods and origin of genome.

B.1 Top 23

Undersampled

(a) Maternal genome (b) Fetal genome

Figure B.1: AUC for different classic models trained and tested on the top 23
SNPs, with basic undersampling of training data
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B. Classic Models

Oversampled

(a) Maternal genome (b) Fetal genome

Figure B.2: AUC for different classic models trained and tested on the top 23
SNPs, with basic oversampling of training data

SMOTE

(a) Maternal genome (b) Fetal genome

Figure B.3: AUC for different classic models trained and tested on the top 23
SNPs, with SMOTE oversampling of training data

VI



B. Classic Models

Unsampled

(a) Maternal genome (b) Fetal genome

Figure B.4: AUC for different classic models trained and tested on the top 23
SNPs, without re-sampling of training data

B.2 Extended Set

(a) Random undersampling (b) Random oversampling

Figure B.5: AUC for different classic models trained and tested on the extended
selection of SNPs from the maternal genome

B.3 Folds: Top 23, Maternal, Undersampled

VII



B. Classic Models

(a) SVC (b) DT

(c) RF (d) BNB

(e) LDA

Figure B.6: AUC for classic models by fold.

VIII



C
Network Models

ROC-AUC plots of batch averages for network models with different selection of
SNPs, sampling methods and origin of genome.

C.1 Top 23: Maternal / Fetal

Undersampled

(a) Maternal genome (b) Fetal genome

Figure C.1: AUC for different network models trained and tested on the top 23
SNPs, with basic undersampling of training data
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C. Network Models

Oversampled

(a) Maternal genome (b) Fetal genome

Figure C.2: AUC for different network models trained and tested on the top 23
SNPs, with basic oversampling of training data

SMOTE

(a) Maternal genome (b) Fetal genome

Figure C.3: AUC for different network models trained and tested on the top 23
SNPs, with SMOTE oversampling of training data
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C. Network Models

Unsampled

(a) Maternal genome (b) Fetal genome

Figure C.4: AUC for different network models trained and tested on the top 23
SNPs, without re-sampling of training data

C.2 Extended Set: Maternal

(a) Random undersampling (b) Random oversampling

Figure C.5: AUC for different classic models trained and tested on the extended
selection of SNPs from the maternal genome

C.3 Folds: Top 23, Maternal, Oversampled
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C. Network Models

(a) SGD (b) Adamax

(c) Adam (d) AdamW

(e) RMSprop

Figure C.6: AUC for network models by fold.
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