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Abstract

Since the discovery of imprin�ng, the search and op�miza�on of methods for the detec�on
of imprinted genes and the unraveling its regula�on has been ongoing. In this thesis, the pu-
ta�vely imprinted genes in breast �ssue that were iden�fied by a method that is solely based
on monoallelic expression in RNA-seq data (developed by Goovaerts et al. (2017)), were fur-
ther evaluated. Mainly the differen�al expression of the eight genes that demonstrated loss of
imprin�ng in breast cancer was observed. Addi�onally, the contribu�on of differen�al methy-
la�on of monoallelicly methylated CpG sites was evaluated.
Interes�ngly, detec�on of loss of imprin�ng rarely coincided with increased expression lev-
els. Differen�al methyla�on levels, on the other hand, corresponded with loss of imprin�ng in
about half of the cases.
Also, the RNA-seq based imprin�ng detec�on method was applied on whole blood RNA-seq
data and loss of imprin�ng as a func�on of aging was examined. Several well-known imprinted
geneswere discovered, alongwith new puta�vely imprinted genes. Complete imprin�ng, how-
ever, rarely occurred in whole blood. A correla�on between the observed loss of imprin�ng
and age was modeled. Promising results were obtained for HM13. Yet, further research is
required to validate correla�on.
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Samenva�ng

De zoektocht naar betere methoden voor het iden�ficeren van ingeprente genen en het on-
trafelen van de regula�e ervan is een proces dat al vele jaren aan de gang is. In deze the-
sis werden de vermoedelijke ingeprente genen in borstweefsel - die gevonden werden door
Goovaerts et al. (2017) op basis van RNA-seq data - verder onderzocht. Vooral de differen�ële
expressie van de acht genenwaarvoor verlies van imprin�ng geobserveerdwerd in borstkanker,
werd bekeken. Aanvullend werd de inbreng van differen�ële methyla�e van monoallelisch
gemethyleerde CpG loci op verlies van imprin�ng geëvalueerd.
Opvallend was de grote hoeveelheid verminderde expressie bij genen waarvoor verlies van im-
prin�ng geobserveerd was. Differen�ële methyla�e, daarentegen, kwam in de hel� van de
gevallen overeen met verminderde imprin�ng.
Naast de evalua�e van de ingeprente genen in borstweefsel, werd de imprin�ng detec�emeth-
ode ook toegepast op bloedstalen en werd de correla�e tussen verlies van imprin�ng en ver-
oudering onderzocht voor de gevonden genen. Verschillende gekende ingeprente genen wer-
den geïden�ficeerd, alsook alsnog ongekende genen. Volledige imprin�ng kwam echter weinig
voor in de bloedstalen. Dit maakte het modelleren van de correla�es tussen verminderde
imprin�ng en lee�ijd enkel interessanter. Veelbelovende resultaten werden gevonden voor
HM13. Verder onderzoek is echter nodig om dit effect te valideren.
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Part I

Literature study
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Chapter 1

(Epi)gene�cs and imprin�ng

1.1 Introduc�on

Even before the discovery of deoxyribonucleic acid (DNA) and genes, theories about inheri-
tance and evolu�on were already widespread. In the early nineteenth century, Jean Bap�ste
Lamarck postulated his Theory of Inheritance of Acquired Characteris�cs, which described the
ability of an organism to adapt to the environment and to pass those changes on to its off-
spring (Lamarck, 1809). In 1859, Charles Darwin refuted this theory in his book On the origin
of species by means of natural selec�on (Darwin, 1859). Here, he suggested that traits are not
acquired during life�me, but that they are a result of natural varia�on. This varia�on leads to
individuals that have an advantage in certain environments. Hence, theymay be able to survive
and have offspring, while individuals with a less favorable trait may die off without spreading
their characteris�cs, resul�ng in an enrichment of the favorable trait in the popula�on. This
theory later got known as survival of the fi�est, a term introduced by Herbert Spencer in 1864
(Spencer, 1864). For a long �me, Darwin’s theory was accepted as the right one. In fact, when
we look solely at the DNA sequence and the genes and alleles it contains, like the discrete
inheritable units that Gregor Mendel described, Darwin was right (Mendel, 1866). However,
ongoing discoveries since the introduc�on of gene�cs pointed out that pure DNA sequence
does not suffice to explain the opera�on and interac�ons of cells and genes and the environ-
ment. In 1942, the term epigene�cs was introduced as “a branch of biology which studies the
causal interac�ons between genes and their products which bring the phenotype into being”
by ConradWaddington (Waddington, 1942b). He described this phenomenon as a canaliza�on
of developmental interac�on, similar to a landscape in which a ball rolls in a valley (Wadding-
ton, 1942a). At a certain point environmental influences can persuade the ball to take a certain
direc�on, a�er which the ball will follow its chosen path and will not easily be persuaded to
turn back and take another road (see figure 1.1). Similarly, in a gene�c landscape, temporary
influences guide the forma�on of for example a neuron cell from the undifferen�ated stem cell.
This does not involve altera�ons in the DNA sequence. Yet, once the phenotype is chosen, it
is maintained throughout the following mito�c cell divisions. In 1956, Waddington also man-
aged to prove the meio�c heritability of epigene�c characteris�cs with fruit flies (Waddington,
1956), although this phenomenon is less common.
Since the first men�oning of the term epigene�cs, the defini�on has been altered repeatedly
and is now mostly accepted as “the study of heritable changes in gene func�on that do not
involve changes in the underlying DNA sequence” (Probst et al., 2009; Berger et al., 2008). In-
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CHAPTER 1. (EPI)GENETICS AND IMPRINTING

Figure 1.1: Visualiza�on of an epigene�c landscape as a ball (here the undifferen�ated cell) that rolls in
a valley. Momentary influences can promote a certain direc�on, but once its path has been chosen, the
ball will not easily be persuaded to change its course. Picture from Sandoval et al. (2014).

teres�ngly, these epigene�c occurrences are not uncondi�onally fixed in �me like muta�ons.
They can be altered under influence of the environment, they can vary among cell types and can
disappear between consecu�ve genera�ons. This variability inside an individual, that is in high
contrast to the rela�vely invariable DNA sequence, is what makes it possible for cells to adapt
to different situa�ons on a small �me scale (Feil and Fraga, 2012; Etchegaray andMostoslavsky,
2016).
But how do epigene�c modifica�ons change cellular iden�ty? The func�oning and phenotype
of cells is mostly dependent on their protein produc�on. Altera�on of the frequency in which
proteins are formed or changing which proteins are produced can have a major impact on the
cell. Epigene�c modifica�ons regulate this change by adjus�ng the rate of transcrip�on. Most
of the �me, they alter the ability of gene promoters to ini�ate or complete transcrip�on. This
can be done by changing the chroma�n structure, modifica�on of histones and methyla�on
of DNA. These modes of ac�on will be briefly discussed in the following sec�ons, but first the
process of transcrip�on is recapitulated.

1.2 Transcrip�on

To know how epigene�c modifica�ons can alter gene expression, it is important to understand
the process of gene transcrip�on. Genes are transcribed from DNA to ribonucleic acid (RNA).
Mostly, messenger RNA (mRNA) is produced with the objec�ve to form proteins through trans-
la�on. However, also other kinds of RNA, like transfer RNA (tRNA), ribosomal RNA (rRNA) and
non-coding RNA (ncRNA) can be produced. Although they are not translated to proteins, they
play an ac�ve role in the regula�on of the cell (Rich and RajBhandary, 1976; Ma�ck, 2003;
Alberts et al., 2015).
Transcrip�on is ini�ated with the binding of an RNA polymerase to the promoter on the tem-
plate DNA strand. Once the RNA polymerase is in posi�on, a local decoiling of the DNA occurs
and transcrip�on to RNA begins. RNA is further processed to mRNA and translated to pro-
teins by ribosomal ac�vity. Because of the specificity of the RNA polymerase binding process,
epigene�c changes to regula�ng parts of the DNA can enhance, diminish or completely block

4



CHAPTER 1. (EPI)GENETICS AND IMPRINTING

Figure 1.2: The collec�on and complexa�on of transcrip�on factors near promoter region and enhancer
sites is needed to bind the RNA polymerase to the DNA. Addi�onal reorganiza�on of the DNA structure
unites the necessary regula�ng parts. Illustra�on from Pearson Educa�on, Inc. (2014).

transcrip�on. This gives the binding of the RNA polymerase to the promoter a huge regula�ng
capacity in the protein produc�on chain. It is thus not surprising that it is a key regula�on point
to obtain flexible, yet stable gene expression (Butler and Kadonaga, 2002).
The binding of the RNA polymerase to the promoter region is a complex process. RNA poly-
merases require the presence of mul�ple assis�ng proteins, called transcrip�on factors (TFs),
to bind to the DNA. TFs are proteins that bind to a specific DNA sequence and o�en form com-
plexes with other proteins, like other TFs or the RNA polymerase. The efficiency of binding
of the TFs - and consequently the RNA polymerase - depends on the influence of proximal
regula�ng DNA sequences and further lying enhancer sequences. Depending on the cellular
circumstances, the regula�ng DNA regions are bound by ac�vators and can thus alter the rate
of transcrip�on. When changes in the chemical characteris�cs of promoter and enhancer re-
gions occur, these alter the binding affinity of their ac�vators and consequently disturb their
regula�ng abili�es. Addi�onally, the distance between individual regula�ng sequences and the
RNA polymerase binding site can be large, making bending and looping of the promoter region
necessary. An illustra�on of the organiza�on of the transcrip�on complex is given in figure 1.2.

1.3 Altera�on of the chroma�ne structure

In the previous sec�on, the binding of RNA polymerase to the DNA strand was discussed.
The complexity of this binding process is further enhanced by the structure of DNA. The total
amount of DNA in a human cell would be about 2m if it were stretched out en�rely (Ma�hews,
1997). To fit all of this in a cell, �ght packaging of the DNA strands is required. For this, the DNA
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CHAPTER 1. (EPI)GENETICS AND IMPRINTING

strands are wrapped around histones, to form so-called nucleosomes. A histone is an octamer
of four different protein subunits, e.g. H2A, H2B, H3 and H4, around which a 147 nucleo�de
(nt) long strand of DNA is curled. The small parts of DNA between subsequent nucleosomes
are called linker DNA and are associated with linker histone H1. The whole complex of DNA
and histone proteins is referred to as chroma�n. This chroma�n in turn is folded repeatedly to
form dense chromosomes (Andrews and Luger, 2011).
However, not all parts of the chromosome are as �ghtly packed as others. Dispersed regions,
the euchroma�n, can be found. These regions contain most of the transcrip�onally ac�ve
genes. Parts that stay condensed throughout the whole cell cycle are called heterochroma�n.
These are mostly situated in the neighbourhood of centromeres and telomeres and usually
consist of inac�ve genes. Euchroma�n and heterochroma�n regions are not fixed. Regions
that are heterochroma�n in some cell types and euchroma�n in others are called faculta�ve
heterochroma�n. An example of this is the Barr-body, the second genital chromosome in fe-
male mammals that is silenced by the chromosome-wide forma�on of heterochroma�n. The
mechanism of chroma�n compac�on into euchroma�n and heterochroma�n is not yet com-
pletely understood. However, several theories exist that mostly include the interac�on of the
post-transla�onally modified N-terminal tails of the histone proteins with each other or with
other proteins (Armstrong, 2014).
DNA that is wrapped around nucleosomes is not accessible for transcrip�on nor can it exert
regula�ng influence. Therefore, mechanisms for (par�al) unwrapping of the nucleosomes are
necessary. Two kinds of chroma�n adjustments are known to perform such conforma�onal
changes: chroma�n remodeling and chroma�n modifica�on.These processes can mediate the
rapid disassemblage and subsequent reassemblage of the nucleosomeswhen the transcrip�on
complex passes. The first involves non-covalent adjustment of the DNA-histone interac�on,
enabling the reposi�oning of the nucleosomes. Several chroma�n remodeling mechanisms
are known that are able to slide nucleosome structures along the DNA strand. This energy-
dependent process is regulated by nucleosome remodeling factors and in a large part deter-
mines the accessibility of transcrip�on factors to the DNA.
However, in order to have a consistent expression amore robust regula�on of the DNA-histone
interac�ons is needed. Epigene�c modifica�ons of DNA and histones are able to regulate the
binding affinity and mobility of nucleosomes and are frequently used to guide the transcrip-
�on processes. The modifica�on of the chroma�n structure is achieved by the introduc�on of
covalent modifica�ons on histone tails, the core proteins or on the DNA itself. Mainly changes
at the 5’ end of a transcrip�on unit are of importance for transcrip�onal regula�on. Addi�onal
epigene�c DNA modifica�ons regulate the interac�on of DNA and transcrip�on factors, which
further augments the control over transcrip�onal flow. Although researchers agree that the
main mode of ac�on of epigene�c modifica�ons is to alter the chroma�n structure, the effect
of an individual modifica�on is s�ll much under discussion. The series of epigene�c modifica-
�ons on a locus seems to act like a chain of words in a language that is not yet fully understood
(Berger, 2007). Like the specific effect of a word in a sentence does not only depend on the
defini�on of the word itself, but also on the context in which it is used, individual modifica�ons
that promote transcrip�on in one situa�on can cause repression in another.
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1.4 Methyla�on of DNA

Methyla�on of DNA is one of the most well-known epigene�c changes of the genome. DNA
is methylated when a methyl group is added to the base of a nucleo�de. It is a frequently
occurring phenomenon in the cell. In the human cell, methyla�on almost exclusively occurs
at cytosin residues and more specifically at symmetric CpG dinucleo�des (Pa�l et al., 2014).
Methyla�on of a DNA fragment this o�en corresponds to the repression of gene expression.
This may be caused by stereochemical altera�on of the DNA sequence by methyla�on, which
prevents the transcrip�on factors from binding to the DNA. In most cases, however, methyl-
CpG binding domain (MBD)-containing proteins, which preferen�ally bind to methylated CpG
sequences, cause inac�va�on of gene expression. Once established at the methylated site,
they a�ract histon deacetylases which remove the acetyl group from histon tails, resul�ng in
a more compact chroma�n structure and reduced expression (Jones et al., 1998). One would
hence expect that regula�ng parts of the genome contain lots of CG dinucleo�des. Indeed,
60% of all promoter and first exon regions contain high density patches of CG dinucleo�des,
called CpG islands (Gal-Yam et al., 2008). However, most promoters that have CpG-rich islands
are only sparsely methylated (almost 90% is unmethylated) throughout normal development,
even when expression levels fluctuate constantly (Eckhardt et al., 2006). These promoters are
mostly found in so-called housekeeping genes, which are always ac�ve. Only in extreme cases,
like in cancer development, de novo hypermethyla�on pa�erns can be added that strongly re-
duce expression. CpG-poor promoters, on the other hand, are o�en abundantly methylated;
only 20% of these are unmethylated (Eckhardt et al., 2006). This kind of promoter is found in
genes that have �ssue-specific expression and are therefore essen�al genes in differen�a�on
of cell types. In these genes methyla�on frequencies corresponds more highly to gene expres-
sion and thus is themainmechanism to regulated their spa�o-temporal expression. Apart from
promoters, also other regulatory genomic regions like enhancers, transcrip�on start sites and
repeat sequences are targeted by methyla�on (Jones, 2012).
The conversion of cytosine to methylcytosine in mammals is performed by three DNA methyl
transferase (DNMT) enzymes: DNMT1, DNMT3A and DNMT3B. DNMT1 is used in the mainte-
nance of methyla�on pa�erns in the DNA by recognizing hemimethyla�on, when a CpG din-
ucleo�de is only methylated on one of the two copies of the DNA strand. DNMT1 is very ef-
ficient, as both sense and an�-sense DNA strands are either methylated or unmethylated in
98% of the cases (Pa�l et al., 2014). This results in the stable maintenance and specific reg-
ula�on of methyla�on pa�erns. DNMT3A and DNMT3B, on the other hand, are involved in
de novomethyla�on. Demethyla�on of DNA is also possible and can occur either passively or
ac�vely. In passive demethyla�on, the methylated DNA copies are diluted out during following
cell divisions. Ac�ve demethyla�on is carried out by demethyla�on enzymes. The regula�on of
(de)methyla�on enzymes is a complex ma�er that is not yet fully uncovered and will therefore
not be further discussed in this thesis.
To follow up DNA methyla�on levels in this thesis, Infinium HumanMethyla�on BeadChip data
is used (Dedeurwaerder et al., 2011). This BeadChip is based on the chemical bisulfite conver-
sion reac�on, transforming unmethylated cytosines to uracil ( thymine) but leavingmethylated
cytosines intact. Upon conversion, methyla�on differences can be observed as gene�c differ-
ences. The 450k version of the BeadChip allows scien�sts to evaluate the methyla�on status
of over 485,000 CpGs, specifically selected to cover most genes, promoters and CpG islands,
but also other informa�ve regions.
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CHAPTER 1. (EPI)GENETICS AND IMPRINTING

1.5 Histone modifica�ons

In previous sec�ons, we discussed how chroma�n structure influences the ability of transcrip-
�on factors to access DNA and ini�ate transcrip�on. One of the ways in which the chroma�n
structure is regulated is by post-transla�onal covalentmodifica�on of histones. Mainly the pro-
truding N-terminal polypep�de tails of the histone proteins are relevant in epigene�c control
of the genome (Strahl and Allis, 2000). These tails are quite long and consist of about 25%
of the histone mass. A large frac�on of the tail’s amino acids are lysine and arginine residues,
which have a posi�ve charge under cellular condi�ons and have a high affinity for the nega�vely
charged DNA strand. Not surprisingly, these tails are o�en targeted for post-transla�onal mod-
ifica�ons, like methyla�on, phosphoryla�on, acetyla�on and ubiqi�na�on. Addi�on of these
chemical structures alters the electromagne�c charge of the tails and can thus directly influ-
ence DNA-histone interac�ons. Although a lot of histone modifica�ons regulate transcrip�on,
not all of them can be called epigene�c (Ptashne, 2007). Epigene�c modifica�ons, by defini-
�on, have the tendency to be (at least par�ally) heritable. The types of histone modifica�ons
that are passed on during mitosis are s�ll largely unknown. Among all histone modifica�ons,
histone methyla�ons - and especially H3K9 and H3K27 methyla�on - have the most support
to be epigene�c (Huang et al., 2012). Therefore, histone methyla�on and its closely related
modifica�on acetyla�on, will be further highlighted here as an example. Other histone modifi-
ca�ons can act differently, but the overall mechanisms of opera�on and regula�on are similar.

1.5.1 Histone ccetyla�on and methyla�on

Oneof the easiestways to alter histone tails is by acetyla�on andmethyla�on of lysine residues.
These modifica�ons are o�en interchangeable. Actyla�on of lysine is mostly associated with
ac�vated gene transcrip�on. By acetyla�on, the posi�ve charge of lysine is neutralized and
electrosta�c interac�ons with DNA and histone tails of other nearby units are reduced, leading
to a more open chroma�ne structure (Norton et al., 1990; Lee et al., 1993). On top of that,
acetylated lysines a�ract proteins with a so-called bromodomain, an acetyl-lysine-binding do-
main. These domains reinforce the open chroma�ne structure by associa�ng with chroma�n-
remodeling proteins. Interes�ngly, bromodomains are present in numerous transcrip�on fac-
tors, whichwould give them the capability to recognize open chroma�n structures (Jeanmougin
et al., 1997).
Methyla�on of lysine on the other hand can both ac�vate or reduce transcrip�on (Zhang and
Reinberg, 2001). Unlike acetyla�on, methyla�on occurs in three different forms: monomethyl,
dimethyl and trimethyl. Methyla�on does not alter the charge of the histone tail, yet it pro-
vides an increasing basicity and hydrophobicity when more methyl residues are added. Apart
from the extra regula�ng capacity of the three methyla�on states, also the loca�on of the
methylated lysines in the histone tail will determine whether transcrip�on is promoted or
inhibited (Zhang and Reinberg, 2001). For example, trimethyla�on of H3K9 is an important
marker for heterochroma�n forma�on (Stewart et al., 2005). Trimethyla�on of posi�on 4 on
H3 (H3K4Me3), on the other hand, is associated with strong promo�on of gene transcrip�on
(Barski et al., 2007; Lauberth et al., 2013). Much like with acetyla�on, methylated residues
are recognized by specific protein domains, like the chromodomain, the Tudor domain and the
WD40-repeat domain (Bannister et al., 2001; Huyen et al., 2004; Wysocka et al., 2005). Apart
from lysine, also arginine can bemethylated. Such residues o�en counteract the effect of other
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histone modifica�ons. For example, when the arginine at the second posi�on in the tail of H3
(H3R2) is methylated, the recogni�on site needed for H3K4 trimethyla�on is altered and vice
versa, making both modifica�ons mutually exclusive (Guccione et al., 2007).

1.6 Heritability of epigene�c modifica�ons

1.6.1 Mitosis

During mitosis, a cell division occurs in which the mother cell divides into two, typically iden-
�cal daughter cells. Before division, the genome is replicated. During DNA replica�on, the
original double stranded DNA parts as the replica�on fork passes and each strand is copied
by DNA polymerase to a new complemen�ng strand. This indicates that the chroma�n struc-
ture is disrupted and that every new DNA pair consists of one original parent strand and one
newly constructed sequence. Ini�ally, this last strand consists purely of the replicated DNA
sequence, without any epigene�c modifica�ons. If there would be no mechanism to main-
tain these pa�erns, epigene�c DNA modifica�ons would be diluted out exponen�ally. Loss
of modified regions could be catastrophic as these pa�erns are essen�al to control cellular
iden�ty and func�on (Berdasco and Esteller, 2010). Luckily, DNA polymerases are assisted
by DNA processivity factor prolifera�ng cell nuclear an�gen (PCNA) (Moldovan et al., 2007).
This an�gen does not only help in DNA replica�on, but is linked to epigene�c inheritance too
(Zhang et al., 2000). Addi�onally, interac�ons between PCNA and several chroma�n-assembly
and chroma�n-modifying factors, like histone chaperones, have been observed (Shibahara and
S�llman, 1999; Gerard et al., 2006).
Most DNA methyla�on pa�erns are easily reestablished because they occur on CpG dinu-
cleo�de pa�erns. Due to the symmetry of CpG dinucleo�des, both strand of the parent DNA
are methylated at the same spot. When these are separated for replica�on, all newly formed
dsDNA pairs are hemimethylated (e.g. have one methylated strand and one unmethylated
strand). This site is recognized en methylated by DNMT1, which is loaded onto the replica�on
fork via PCNA (Leonhardt et al., 1992; Chuang et al., 1997). Methyla�on at non-CpG sites are
asymmetrical in the majority of the cases and therefore rarely occur in differen�ated, dividing
cells (Ziller et al., 2011; Pa�l et al., 2014).
The heritability of histone modifica�ons during mitosis, on the other hand, is less straigh�or-
ward. In DNA replica�on, half of the histones that are deposited in the daughter strands orig-
inate from the parental strand, while the other half are newly synthesized, unmodified com-
plexes (Budhavarapu et al., 2013). Unlike DNA methyla�on, histone modifica�on enzymes do
not recognize the pa�erns on the old histones (Ptashne, 2007). Instead, the methylated CpG-
sites are found by MBD-containing proteins, which in turn a�ract other histone modifica�on
proteins (Budhavarapu et al., 2013). Histone modifiers can also be recruited by the replica�on
fork (Milu�novic et al., 2002). Although the reestablishment of some histonemodifica�ons has
been proven, the rate at which they are put in place again is not always replica�on-dependent
(Pesavento et al., 2008; Sweet et al., 2010; Xu et al., 2012). Instead, in the case of lysine methy-
la�on, new methyl groups are con�nuously added onto both old and new histones (Xu et al.,
2012).
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1.6.2 Meiosis and early development

As seen above, the epigene�c conserva�on mechanisms during mitosis are effec�ve enough
to maintain a stable transmission of the epigene�c informa�on during consecu�ve soma�c
cell genera�ons. When gametes need to be formed, however, reprogramming is necessary.
In mammals, a first wave of demethyla�on occurs in the primordial germ cells, reducing the
methyla�on levels to approximately 8-16% (Popp et al., 2010). The reprogramming in the
germ cells is suggested to be at least a par�ally ac�ve process guided by demethyla�on en-
zymes (Popp et al., 2010; Hajkova et al., 2010; Bhutani et al., 2010). Some sequences, however,
are more resistant to this overall demethyla�on and allow for transmission of par�cular DNA
methyla�on pa�erns to the next genera�on (Hajkova et al., 2002; Popp et al., 2010). Remethy-
la�on of the germ cells occurs before meiosis. Some of these established pa�erns are func-
�onally linked to the correct progression of the upcoming meiosis (Kota and Feil, 2010). Also
the imprin�ng pa�erns are installed at this stage. Imprinted genes are genes of which only
one of the two copies is expressed in a parent-of-origin specific manner. This will be further
discussed in sec�on 1.7. When fer�liza�on takes place and male and female gametes merge, a
second reprogrammingwave occurs. Here, mainly the paternal copy of the chromosomes is ac-
�vely demethylated even before the first cell division takes place (Oswald et al., 2000;Wossidlo
et al., 2010; Iqbal et al., 2011). Some specific paternal loci, like the paternally imprinted genes
and the near-centromere regions, are protected from this demethyla�on (Morgan et al., 2005;
Nakamura et al., 2006). Also the maternal copy is not affected, but it is passively demethylated
during the following cell divisions due to the exclusion of DMNT1 from the nucleus. However, a
variant of DNMT1 is present that specifically maintains the maternal imprin�ng pa�erns (How-
ell et al., 2001; Nakamura et al., 2006).

1.7 Imprin�ng

As was men�oned above, imprin�ng is a special case of epigene�c regula�on that is already
established early on in the reproduc�ve cycle. It is the phenomenon in which only one of the
two copies of a gene is expressed, e.g. monoallelic expression. When monoallelic expression
is regulated by parent-of-origin specific epigene�c changes, it is called imprin�ng. Most im-
printed genes are maternally imprinted and paternally expressed, only 35% are regulated the
other way around (Kota and Feil, 2010; Babak et al., 2015). The expression of imprinted genes
is also a func�on of the developmental stage of the organism and the �ssue type of the cell
(Babak et al., 2015). Imprin�ng is known to occur in only about 0.1 to 1% of all genes and
although this number seems rather small, mistakes in imprinted pa�erns have been linked to
several developmental diseases and even death.

1.7.1 Regula�on of imprin�ng pa�erns

Imprinted genes o�en occur in clusters, where two or more imprinted genes lie close together
on theDNA strand. These clusters are generally regulated by the same imprin�ng control region
(ICR) (Williamson et al., 2006). In addi�on, repe��ve sequences and unusually high numbers
of retrotransposable elements are o�en present.
The ICRs determine the imprin�ng status of closely located genes. They typically contain one or
several differen�ally methylated regions (DMRs), GC-rich regions which are influenced by DNA
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Figure 1.3: Regula�on of IGF2 and H19 by their ICR. In the maternal copy CTCF binds to the ICR. This
blocks the influence of the enhancer on IGF2. Consequently, IGF2 is silenced and H19 is transcribed.
The ICR of the paternal copy is methylated and cannot bind to CTCF, resul�ng in transcrip�on of IGF2
and silencing of H19 (Hark et al., 2000; Kuruku� et al., 2006).

methyla�on and hereby control the imprin�ng status (Lopes et al., 2003). Highly methylated
DMRs correspond with a silenced allele, while the allele is s�ll expressed when these regions
are less methylated. When methylated, these regions may a�ract different regula�ng proteins
such as MBD-containing proteins, which leads to repression of gene expression by changes in
the chroma�n structure. Not only DNA methyla�on is used to regulate the DMRs of imprinted
genes, also histone modifica�ons, like H3 and H4 acetyla�on in ac�ve alleles and H3K9, H3K27
methyla�on in inac�ve alleles, have been reported (Fournier et al., 2002; Regha et al., 2007;
Singh et al., 2011; Dong et al., 2017).
An example of clustered imprinted genes that are regulated by an ICR is H19 and IGF2. These
genes are universally expressed during embryonic development. Postnatally they are down-
regulated in most �ssues. Both genes are separated by an ICR. In normal circumstances this
ICR is paternally imprinted, resul�ng in a paternally silenced H19 and paternally expressed IGF2
(Bartolomei et al., 1991; DeChiara et al., 1991). This is regulated by an insulator protein CCCTC-
binding factor (CTCF) that binds to the unmethylated (e.g. the maternal) ICR and blocks the
IGF2 promoter from the influence of the enhancer located downstream of H19, as illustrated
in figure 1.3 (Hark et al., 2000; Kuruku� et al., 2006). This results in maternal expression of H19
and maternal silencing of IGF2.
An alterna�ve regula�onmechanism for imprinted genes is amechanism that involves ncRNAs.
An example of such a mechanism is KCNQ1, which can be found in very close neighborhood
to the H19/IGF2-cluster, but is regulated independently. It contains one paternally expressed
longncRNA (KCNQ1OT1) and several protein-coding genes (Thorvaldsen andBartolomei, 2007).
Most of these are maternally expressed in placenta or are completely biallelic. Only KCNQ1,
CDKN1C, SCL22A18 and PHLDA2 show addi�onal �ssue-specific maternal expression (Mar�ns-
Taylor and Chamberlain, 2013; Kanduri, 2016). Expression of these genes is controlled by an
ICRwhich resides in the promoter of the ncRNA. Due to hypermethyla�on of the ICR on thema-
ternal allele, the ncRNA is silenced and the other genes are expressed. Paternal transcrip�on
of the ncRNA, caused by ICR hypomethyla�on, leads to silencing of the protein-coding genes.
This is probably caused by repressive long-range intra-chromosomal interac�ons induced by
the ncRNA (Zhang et al., 2014; Kanduri, 2016).
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1.7.2 Aberrant imprin�ng

Epigene�cmodifica�ons are crucial for the regula�onof gene expression, but also for the stabil-
ity and organiza�on of the DNA itself (Pu�ri and Robertson, 2011). Mis-regula�on of epigene�c
informa�on is linked to a wide range of diseases like cancer, neurological disorders and autoim-
mune and cardiovascular diseases (Portela and Esteller, 2010). Imprin�ng, as a special case of
epigene�cs, affects only a limited range of genes but nevertheless it is cri�cal for the normal
development of an organism. Deregula�on in the imprin�ng pa�erns during early develop-
ment contributes to mul�ple disorders or can even be fatal. Examples of diseases caused by
irregulari�es in imprinted genes are: the Beckwith-Wiedemann and Russel-Silver syndromes,
the Prader-Willi and Angelman syndromes and even psychiatric disorders have been linked to
abnormali�es in imprin�ng (Crespi, 2008;Wilkins andUbeda, 2011). Apart frombeing involved
in congenital disorders, dysregula�on of imprinted pa�erns by loss of imprin�ng (LOI) in a later
stage of life has been linked to cancer development and even aging. When LOI occurs, either
the repressive influences on the silenced allele are (par�ally) lost, causing it to be expressed
again, or the previously expressed allele is silenced, too.

Cancer

Loss of imprin�ng has been observed is a mul�tude of cancer and tumor types, like leukemia,
colorectal cancer, esophageal cancer, lung carcinomas and ovarian tumors (Randhawa et al.,
1998; Cui et al., 2002; Hibi et al., 1996; Kohda et al., 2001; Kamikihara et al., 2005). This is
not surprising, as imprinted genes are highly involved in growth, development andmetabolism
(Smith et al., 2006; Fowden et al., 2006; Charalambous et al., 2007). As LOI is widely present
among tumor types, it is currently considered as one of the most common (epi)gene�c mod-
ifica�ons in cancer (Feinberg et al., 2006). Also, LOI has been observed as an early event in
several cancer types. This has lead to the hypothesis that LOI in normal cells may smooth
the path for tumor development and may be an important risk indicator (Ravenel et al., 2001;
Nakanishi et al., 2004; Kamikihara et al., 2005; Kaneda and Feinberg, 2005; Cui et al., 1998).
Mainly IGF2 has repeatedly been linked to cancer development and prolifera�on, but also LOI
in other imprinted genes, like H19, ZAC and MEST, has been found.

Aging

As LOI is linked to tumor forma�on and other diseases, poten�al loss of imprin�ng during ag-
ing could contribute to geriatric diseases. During aging, an overall hypomethyla�on of the
genome and hypermethya�on of specific gene promoters was observed (Esteller, 2008; Cal-
vanese et al., 2009). The global hypomethyla�on seems to be caused by a progressive decrease
in efficiency of the DNMT1 during aging. Hypermethyla�on of specific promoters on the other
hand, is linked to an upregula�on of the de novo methylator DNMT3b (Casillas et al., 2003;
Fraga and Esteller, 2007). In mice, loss of imprin�ng of the IGF2 gene with aging has been
observed (Benne�-Baker et al., 2003). This effect was confirmed in human prostate �ssue (Fu
et al., 2008). The biallelic expression of IGF2, however, wasmainly caused by a reduced expres-
sion of CTCF instead of loss of methyla�on in the ICR. In another research on colorectal �ssue,
LOI of IGF2 was observed in all age groups and no progressive LOI with aging could be found
(Cruz-Correa et al., 2009). This is probably due to different regula�on of imprin�ng pa�erns in
different �ssue types.
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Chapter 2

Imprin�ng detec�on

2.1 Introduc�on

Most epigene�c modifica�ons can be screened for and detected individually with various (cap-
turing) methods, like chroma�n immunoprecipita�on sequencing (ChIP-seq) and bisulfite se-
quencing (O’Geen et al., 2011; Li and Tollefsbol, 2011). However, the overall effect of epigenet-
ics is harder to measure. Detec�on of imprin�ng is even more difficult, because a dis�nc�on
between monoallelic and biallelic modifica�ons (modifica�ons on either one or both of the
gene copies, respec�vely) has to be made. Discrimina�ng gene copies has become easier with
the introduc�on of high-throughput sequencing. However, sequencing can only help in dis�n-
guishing alleles from each other when there is a genomic difference (like a single nucleo�de
polymorphism (SNP), a dele�on or an inser�on) between both copies (e.g. heterozygosity).
This s�ll limits the applicability and causes the need for efficient bioinforma�c tools andmodels.
In this chapter, the sequencing and data-analy�cal methodologies relevant for the remainder
of this work are discussed.

2.2 Next-genera�on sequencing

Sequencing is the process of determining the ordered iden�ty of the bases in a DNA strand. Af-
ter the development of the first sequencing protocols in the 1970s, the most popular sequenc-
ing method became the chain-termina�on method, commercialized by Sanger (Min Jou et al.,
1972; Sanger et al., 1977). With the introduc�on of sequencing methods, a whole new world
of informa�on and possibili�es became available for scien�fic research. As the first methods
were slow and very expensive, the amount of informa�on that could be generated was limited
(Liu et al., 2012). Since the development of next genera�on sequencing (NGS) (or second gen-
era�on sequencing) methods in the 1990s, DNA sequences have become a more mainstream
source of data. With the higher throughput of this applica�on, more and more samples have
been analyzed. This has led to many major breakthroughs in the gene�c and epidemiological
field, e.g. in cancer research (Meyerson et al., 2010). The major disadvantages of NGS are the
limited read length and the high amount of star�ngmaterial (DNA) that is necessary formassive
parallel sequencing (Schadt et al., 2010). Not only does this require an addi�onal amplifica-
�on step, it also leads to massive amounts of data and therefore demands high computa�onal
capaci�es, storage and educated personnel. In order to solve this problem, third genera�on
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sequencing (or single-molecule sequencing) has been introduced. The objec�ve of thesemeth-
ods is to obtain long qualita�ve genome sequence informa�on from a single molecule of DNA,
hereby reducing both sequencing �me and cost (Schadt et al., 2010). However, these methods
are s�ll in development and have rela�vely high error rates compared to NGS (Ari and Arikan,
2016). Hence, when applicable for the research ques�on, most data is s�ll generated using
next-genera�on sequencing.

2.2.1 Illumina

Although many high-throughput sequencing techniques are available, the main player in the
next-genera�on sequencing market certainly is Illumina (Greenleaf and Sidow, 2014; Thayer,
2014). Combining high speed, low cost and reliable results, Illumina has conquered most re-
search facili�es (Liu et al., 2012). The Illumina method depends on sequencing by synthesis
of target DNA strands which are immobilized on a flow cell surface. A DNA library is made by
randomly fragmen�ng the target DNA and liga�ng adapters to the blunt ends. These adapters
make it possible for the single stranded DNA fragments to bind to the surface of the flow cell.
Addi�onally, they contain the complement sequence of the primer that is used for replica�on.
As mul�ple samples can be sequenced on one lane of the flow cell, the adapters do not only
consist of a primer binding site, but may also include an index sequence linking each read to
the corresponding biological sample.
Once the target strands are bound to the flow cell surface, a few cycles of bridge-PCR are per-
formed, which create high density patches of the same strand on the flow cell surface. These
clusters can then be sequenced using a sequencing by synthesis approach. A�er addi�on of
the primer, which is needed as the start site for replica�on, the iden��es of subsequent nu-
cleo�des are determined in a cycle of nucleo�de addi�on and iden�fica�on of the built-in unit.
Fluorescent labeled deoxynucleoside triphosphates with a different emission color for the four
bases are used during sequencing. Laser excita�on makes it possible to iden�fy which base
has been built in. As a result, each cluster of iden�cal sequences (due to bridge PCR) will light
up in the color of the lastly added nucleo�de. Addi�onally, the presence of the fluorescent
label blocks the site for polymeriza�on, limi�ng the extension of synthesized strand to a single
nucleo�de per cycle. Once the base iden�ty has been determined, the fluorescent label is re-
moved and the cycle can be repeated un�l the whole target strand is sequenced. The process
of Illumina sequencing is illustrated in figure 2.1.

2.2.2 RNA-seq

As previously men�oned, sequencing of the whole genome can give great insight in the geno-
type and structure of DNA. Yet, all cells in an organisms have virtually the same DNA, while
their phenotypes differ significantly. We can therefore conclude that only so much informa-
�on can be gained from the DNA sequence itself. Another layer of informa�on can be found in
the expression of genes through transcrip�on and transla�on. Transcrip�on is the process in
which some parts of the genome are copied to RNA. The whole of transcripts of a cell is called
the transcriptome and can be used to derive the physiological state of the cell (Zhong et al.,
2009). The RNA transcripts are o�en spliced and translated to proteins, as was discussed in
the previous chapter. However, proteins are s�ll hard to purify, quan�fy, sequence and iden-
�fy (Hamdan and Righe�, 2002; Schwanhäusser et al., 2011), making RNA a more convenient
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Figure 2.1: Illumina sequencing process (Ill, 2010). A�er liga�on of the adapters, bridge PCR is per-
formed and the clusters are sequenced.
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target for expression research. Un�l recently, microarrays, a hybridiza�on-based approach to
iden�fy and quan�fy expression of RNA, were most frequently used in transcrip�onal profiling
research. Microarrays are quite cost-effec�ve and therefore s�ll o�en preferred over RNA-seq.
However, they are limited by their reliance on previous knowledge of the transcriptome and the
range of detec�on of the plates due to cross-hybridiza�on and satura�on (Zhao et al., 2014).
RNA sequencing (RNA-seq), the process of sequencing the transcripts of a genome, is not af-
fected by these disadvantages (Zhong et al., 2009). The transcriptome is sequenced, mapped
and quan�fied, resul�ng in reads with single base resolu�on, making it possible to dis�nguish
single nucleo�de varia�ons (SNVs) (Cloonan et al., 2008). Before sequencing can be applied,
however, the RNA transcripts are converted to cDNA using reverse transcriptases. A library
of cDNA fragments is constructed, with adapters ligated to one or both ends of the fragment.
The cDNA parts are then sequenced, in a similar way as genomic DNA. Sequencing can be per-
formed star�ng from one end (single end sequencing) or both ends (paired end sequencing)
of the fragment. A�er sequencing, the reads can be either mapped to a reference genome or
reference transcripts or a de novo transcrip�onmap assembly can be produced. Subsequently,
expression levels for every gene, fragment or even nucleo�de posi�on can be obtained (Zhong
et al., 2009).

2.3 Detec�on of monoallelic methyla�on

The main characteris�c of imprinted genes is monoallelic expression, which is o�en regulated
by monoallelic methyla�on. This trait can been used to iden�fy imprinted genes and moni-
tor loss of imprin�ng (Harris et al., 2010). In an ideal situa�on high quality methyla�on data
would be used. A high-throughput applica�on that can provide this data is bisulfite sequenc-
ing, a method that iden�fies methylated cytosine residues a�er bisulfate treatment followed
by whole genome sequencing (Li and Tollefsbol, 2011). However, the cost of whole genome
sequencing is s�ll quite high, resul�ng in the popularity of more cost-effec�ve alterna�ves, like
ChIP-seq, methyl-capture sequencing (MethylCap-seq) or methyla�on beadchips. Thesemeth-
ods o�en lack single base pair resolu�on. Addi�onally, they rely on an enrichment step which
singles out themethylated regions. Consequently, themain disadvantage of enrichmentmeth-
ods for the iden�fica�on of imprinted genes is their inability to quan�fy unmethylated alleles,
as these are not captured. The MonoAllelic Methyla�on or MAM-pipeline was developed to
solve this problem. It does not need quan�fied methyla�on frequencies and uses character-
is�cs of the whole popula�on of samples instead to circumvent this gap in the data (Steyaert
et al., 2014). The MAM-pipeline was originally designed based on MethylCap-seq data to de-
termine the imprin�ng status of a gene. However, also other types of enrichment-based se-
quencing data can be used. The method was later improved and applied on RNA-seq data
(Goovaerts, 2015). This will be discussed in the next sec�on.
The MAM-pipeline is based on a classical popula�on gene�cs theory, i.e. the Hardy-Weinberg
(HW) equilibrium (Hardy, 1908), instead of individual quan�fied values. According to the HW
equilibrium, the allele and genotype frequencies inside a popula�on stay constant when there
is no migra�on, selec�on or muta�on and random ma�ng occurs within the popula�on. For
every gene with two possible alleles A and B, the popula�on consists of homozygous individu-
als AA and BB (that have two copies of the same allele) and heterozygous individuals AB (that
have one copy of each allele). When p is the frequency of allele A in the popula�on and q that
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of allele B, the Hardy-Weinberg equilibrium states that AA occurs with a frequency of p2, BB
with a frequency of q2 and AB with a frequency of 2pq.

{
p2 + 2pq + q2 = 1
p+ q = 1

(2.1)

For a popula�on that meets the HW criteria, this equa�on holds for every SNP locus in the
genome. However, in case of sequencing methylated DNA, enrichment based sequencing will
not register unmethylated alleles. When methyla�on occurs equally on both copies of the
gene, the sequenced allele frequencies will s�ll be conform HW equilibrium. When methyla-
�on is monoallelic, on the other hand, the previously men�oned frequencies will deviate from
the expected values for heterozygous samples, as only one of the two alleles is methylated
and thus selected and sequenced. The amount of homozygotes will therefore seem to be in-
creased and heterozygotes will be detected less frequently than expected. This can be used
to iden�fy monoallelic methylated SNPs. In theMAM-pipeline, enrichedmethyla�on sequenc-
ing data is combined with SNP data. The sequencing data of the samples are mapped to the
NCBI SNP-archive (dbSNP (Sherry et al., 2001)) to obtain sequence reads for known single nu-
cleo�de varia�on (SNV) loci. As large quan��es of low quality data compromise the power to
detect monoallelically methylated loci, only SNP loci with a sufficient number of replicates and
adequately high minor allele frequencies ( number of heterozygous samples) are retained. Fil-
tering out SNPs that will not result in reliable conclusions also reduces the computa�onal load.
A�er determina�on of the allele frequencies (e.g. p and q), the observed homozygous and
heterozygous frequencies can be compared to the expected values and tested for devia�on
from the Hardy-Weinberg equilibrium. When the observed heterozygote frequencies are sig-
nificantly lower than the expected values, monoallelic methyla�on can be assumed.
Steyaert et al. (2014) iden�fied 80 loci with significant monoallelic methyla�on in their study
on 334 cancer samples. Of these loci, 49 were located in a genic region and 25 were already
linked to imprin�ng by previous research. Although the method is very effec�ve, its main dis-
advantage is the use of a (enriched) whole genome sequencing data, resul�ng in an abundance
of possible SNPs and a high computa�onal load. The use of specific parts of the genome is a
possible solu�on.

2.4 Detec�on of monoallelic expression

In the previous sec�on, theMAM-pipelinewas discussed, a pipeline for the detec�onofmonoal-
lelically methylated SNPs as an approxima�on of imprin�ng. However, imprin�ng is regulated
by more than just methyla�on. A more complete way to look for imprin�ng is to study the
end result of all epigene�c modifica�ons, namely monoallelic expression. Luckily, the MAM-
pipeline can easily be adjusted to expression data. This pipeline on RNA-seq data was devel-
oped by Goovaerts (2015). RNA-seq combines the advantages of exon sequencing and quan-
�fica�on of transcrip�on. As only the exome is sequenced, the number of possible SNV loci
reduces dras�cally, making the method less computa�onally intensive.
In a similar way to the MAM-pipeline, exome sequences are mapped to the dbSNP archive
and SNP base counts are obtained, which are used to construct a probability mass func�on
(PMF). Contras�ng the MAM-pipeline, imprin�ng is explicitly modeled rather than implicitly
(i.e. devia�on from HWE). A likelihood ra�o test (LRT) is performed on the models to screen
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for imprinted SNPs. The puta�vely imprinted genes were further tested for loss of imprin�ng
in the cancer subtypes.

2.4.1 Probability mass func�on

To perform an LRT, a PMF of the coverages for each SNP in the popula�on is required. Sup-
pose we have a SNP with two variants: allele A and allele B. For a specific subject, RNA-seq
data results in nA counts for allele A and nB counts for allele B, respec�vely. The chances of
observing nA reads of A and nB reads of B can be modeled as a bionomial distribu�on, with pA
the probability of encountering allele A and pB the probability of observing allele B.

P (nA, nB) = b pnA
A pnB

B , with b =
(nA + nB)!

nA!nB!
(2.2)

In an ideal situa�on, a homozygous sample AA will only yield reads of allele A (pA would thus
be equal to 1). However, due to sequencing errors, it is possible that a copy of A is misread as
B. Consequently, the probability of observing B is equal to the sequencing error rate SE and
pA is thus 1−SE. The probability of observing nA and nB reads for a homozygous sample AA,
with a sequencing error rate SE can thus be modeled as:

P (nA, nB) = b (1− SE)nA SEnB (2.3)

For a homozygous sample BB this is equivalent, but with pA = SE and pB = 1 − SE. For
a heterozygous sample on the other hand, we expect equal amounts of expression of both
alleles. With the inclusion of sequencing errors, pA = 0.5 · (1 − SEA→B + SEB→A) and
pB = 0.5 · (1− SEB→A + SEA→B). By assuming equal rates of sequencing errors from A to B
as from B to A, this reduces to pA = pB = 0.5.
The distribu�on or PMF of the coverages of A and B (x = (nA, nB)) for the whole popula�on
can be described as the sum of the individual PMFs of the occurrences of homozygous individ-
uals (either AA or BB) and heterozygous individuals (AB). This is mathema�cally described in
equa�on 2.4. Popula�on level allele frequencies (PA and PB) can be es�mated per locus. For
this, seqEM is used (which also yields the SE used in previous equa�ons) (Mar�n et al., 2010).
Using HWE, the allele frequencies easily convert to genotype frequencies, which are used as
weigh�ng factors in the PMF.
On a plot of the PMF of allele A, homozygous AA samples will be distributed near 1 (100% A),
homozygous BB samples are found near 0 (0% A) and heterozygous samples AB gather at 0.5
(50% A), as can be observed in figure 2.2a.

PMF (x) = P 2
AB(x; pA = 1− SE, pB = SE) + P 2

BB(x; pA = SE, pB = 1− SE)

+ 2PAPBB(x; pA =
1

2
, pB =

1

2
)

(2.4)

However, when imprin�ng occurs in the popula�on, one of both alleles is silenced. This will
alter the observed coverage of the imprinted allele. For homozygous samples this cannot be
observed, the probabili�es will hence remain equal to those in equa�on 2.4. Heterozygous
samples, on the other hand, will appear to be homozygous when imprin�ng is complete (see
figure 2.2c). When par�al imprin�ng occurs, the imprinted allele will s�ll be expressed, be it
at a lower rate. This will cause the distribu�on of the heterozygotes to shi� into two dis�nct
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Figure 2.2: Probability mass func�ons of simulated data, with PA = 0.75 and SE = 0.1. The subfigures
a, b and c show the effect of the imprin�ng level i and was set to 0, 0.5 and 1, respec�vely (Goovaerts,
2015).

distribu�ons, one where allele A is par�ally silenced and one where allele B is (figure 2.2b).
The probabili�es pA and pB can thus be described as a func�on of the sequencing error rate
SE and the level of imprin�ng i (∈ [0,1]). The imprin�ng level can adopt every possible value
between 0 (not imprinted) and 1 (fully imprinted) and is not restricted to solely the borders of
this interval. As was discussed before, i will not affect the distribu�on of the homozygotes. As
imprin�ng is parent-of-origin rather than allele specific, the allele frequencies of the popula�on
(PA and PB) can s�ll be es�mated independent of the imprin�ng status.
Equa�on 2.5 shows how imprin�ng influences the PMF of the popula�on. Equa�on 2.4 can be
easily extracted from this equa�on by se�ng the imprin�ng level i to 0.

PMF (x) = P 2
AB(x; pA = 1− SE, pB = SE) + P 2

BB(x; pA = SE, pB = 1− SE)

+PAPBB(x; pA =
0.5− i

2

1− i
2

(1− SE) +
0.5

1− i
2

SE, pB =
0.5

1− i
2

(1− SE) +
0.5− i

2

1− i
2

SE)

+PAPBB(x; pA =
0.5

1− i
2

(1− SE) +
0.5− i

2

1− i
2

SE, pB =
0.5− i

2

1− i
2

(1− SE) +
0.5

1− i
2

SE)

(2.5)

The imprin�ng level i of a SNP is determinedwithmaximum likelihood es�ma�on. The amount
of imprin�ng for which the log likelihood reaches a maximum is retained.

i = supi

n∑

a=1

log(PMF (xa)) (2.6)

2.4.2 Likelihood ra�o test

Once the probability mass func�ons and the imprin�ng levels have been defined, a likelihood
ra�o test can be applied to test for imprin�ng. The null and alterna�ve hypotheses are:

{
H0 : the locus is not imprinted, i = 0
H1 : the locus is imprinted, i > 0

(2.7)
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Consequently, the log likelihood ra�o Λ(X) is given by:

Λ(X) =
f(X|H0)

f(X|H1)
=

L(H0|X)

L(H1|X)

=
PMF (x1, i = 0)PMF (x2, i = 0)...PMF (xn, i = 0)

PMF (x1, i = î)PMF (x2, i = î)...PMF (xn, i = î)

=

n∏
a=1

PMF (xa, i = 0)

n∏
a=1

PMF (xa, i = î)

(2.8)

As the null hypothesis is a special case of the alterna�ve hypothesis, equa�on 2.8 is a nested
model and can thus be rewri�en as:

Λ(X) = −2ln

n∏
a=1

PMF (xa, i = 0)

n∏
a=1

PMF (xa, i = î)
(2.9)

The resul�ng test sta�s�c is χ2 distributed with degrees of freedom equal to the difference in
number of es�mated parameters inH1 andH0. Here, amixture of 50%χ2

0 and 50%χ2
1 was nec-

essary, as the testwas performed at the border of a constrained parameter space (Molenberghs
andVerbeke, 2007;Goovaerts, 2015). Thenull hypothesiswill be rejected if a value greater than
χ2
α is obtained. Finally, a locus is called imprinted when its Benjamini-Hochberg false discovery

rate corrected p-value was smaller than the p-value 0.05 (Benjamini and Hochberg, 1995).

2.4.3 Differen�al imprin�ng

In the research of Goovaerts (2015), apart from tes�ng SNP loci for poten�al imprin�ng over all
samples, differen�al imprin�ng between the (subclasses of) tumor samples and control sam-
ples was also considered. An updated method (Goovaerts et al., 2017) used the allelic ra�o
AR, which was calculated as:

AR =
coverage of least frequent allele

coverage of most frequent allele
(2.10)

This results in a value between 0 (homozygotes or monoallelic expression) and 1 (equal expres-
sion of both alleles). This value can be used to determine the puta�ve heterozygotes in the
popula�on. However, when imprin�ng occurs the AR-values for heterozygotes will be smaller
than expected. Differen�al imprin�ng can thus be found by comparing the mean AR of the
control and tumor heterozygotes. As no genotypes are known, the heterozygote values were
considered to be the 2pq ∗ number of samples highest AR-values. The mean differen�al im-
prin�ng can then be calculated as the difference between the mean AR of tumor and control
heterozygotes ARm,diff = ARm,tumor − ARm,control. The significance of the differen�al im-
prin�ngwas determined using a null distribu�on of these values constructed by permuta�on of
10,000ARm,diff -values created with random assignment of the control and tumor labels over
all samples. Differen�al imprin�ng was accepted when the false discovery rate (FDR) corrected
p-value of the SNP was smaller than 0.1.
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2.5 Relevant databases

2.5.1 TCGA

The Cancer Genome Atlas (TCGA) is a collabora�on between the Na�onal Cancer Ins�tute (NCI)
and the Na�onal Human Research Ins�tute (NHGRI) of the USA (TCGA, 2017). Its aim is to un-
derstand how genomic changes influence and drive cancer development. This can improve our
ability to prevent, detect and treat the disease. Huge amounts of data are necessary as there
are over 200 types of cancers and even more subtypes. The TCGA dataset therefore has over
2.5 petabytes of tumor �ssue and matched control data. More than 11,000 pa�ents are repre-
sented in the dataset. Thanks to the public availability of and controlled access to the data, it
has contributed to numerous cancer studies. TCGA is men�oned in 1,620 research ar�cles on
Web Of Science on the 30th of March 2017 (WoS, 2017).
In this thesis, TCGA data of breast cancer and control samples was used. These samples were
classified into breast cancer subtypes according to the PAM50method, a classifica�on method
based on the expression values of 50 indicator genes (Parker et al., 2009). Five classes of tumor
subtypes could be dis�nguished: basal-like, HER2-enriched, luminal A, luminal B and normal-
like. Apart from the classical tumor-control se�ng, addi�onal tes�ng in a subtype-control
framework was used in this thesis to further enhance our insight into tumor regula�on and
development.

2.5.2 GTEx

The Genotype-Tissue Expression (GTEx) project strives to be a resource database and �ssue
bank for research aimed at discovering the rela�onship between gene expression, gene regu-
la�on and genomic varia�on (The Broad Ins�tute of MIT and Harvard, 2017). The correla�on
between genotype and �ssue-specific gene expression can assist in the iden�fica�on of the
genomic regions that are responsible for gene regula�on. This will contribute to the under-
standing of heritable disease suscep�bility of common human diseases, such as heart disease,
cancer, diabetes and asthma. The GTEx data collec�on consists of both expression and geno-
type data. In total, 8555 �ssue samples, 53 different �ssue types and 544 unique donors can be
found. Among the researches conducted on GTEx data, a recent study determined imprinted
genes on several �ssue types (Baran et al., 2015). An overview of the imprinted genes found
in whole blood samples (this data will also be used in this thesis) is given in table 2.1.

Table 2.1: Imprinted genes in whole blood samples according to GTEx research (Baran et al., 2015)

Chromosome Gene Chromosome Gene
1 UTS2* 15 SNRPN*

PPIEL SNURF
4 NAP1L5 SNHG14
6 FAM50B 16 ZNF597
11 H19* 19 ZNF331*
14 MEG3* 20 L3MBTL1

* in a final overview of the results, only these genes were
iden�fied as imprinted in whole blood samples
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Chapter 3

Aims

3.1 The imprinted genome and its dysregula�on

Imprin�ng is a major aspect of normal development and metabolism in the cell. The causes
and consequences of dysregula�on of imprinted genes are not yet fully understood. However,
it is linked to several disorders and diseases. As the amount and pa�ern of imprin�ng differs
between�ssue types, previous research on dysregula�on of imprin�ng has been a combina�on
of the discovery of imprinted genes in the �ssue and the consequences of disease development
on their imprin�ng. Although new research s�ll offers novel puta�ve imprinted genes, the
amount of new discoveries is star�ng to decrease, indica�ng that most imprinted genes have
been found (Baran et al., 2015). S�ll, as more and more data becomes available, the valida�on
of known imprinted genes and hunt-down of remaining unknown ones are s�ll hot topics. On
top of that, also the search for improved methods to detect and monitor imprin�ng is s�ll
ongoing. In this thesis, imprin�ng in whole blood cells and its modifica�ons that occur with
aging will be explored. A second part of this research project focuses on the results and genes
that were already found to be imprinted in breast �ssue (Goovaerts, 2015). Using these genes,
the effect of cancer development on expression of imprinted genes will be monitored.

3.2 Breast cancer

The first part of this thesis con�nues on the results of a previous study by Goovaerts (2015).
In this research, imprinted genes in normal breast �ssue and LOI of these genes in breast can-
cer were discovered. In this thesis, we start off with these imprinted genes to uncover the
effect of the development of breast cancer on the expression of the imprinted genes. We in-
ves�gated the differen�al regula�on between different breast cancer subtypes and studied
expression dynamics on SNP level. Furthermore, the specific effect of LOI on the expression of
dysregulated imprinted genes was evaluated. At last, Infinium BeadChip methyla�on data was
included to observe the contribu�on of methyla�on on both differen�al expression (DE) and
loss of imprin�ng.
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3.3 Aging

A correla�on between aging and imprin�ng of IGF2 was already proven in prostate �ssue (Fu
et al., 2008). Yet, li�le else is known on the senescence of the imprintome. As both hyper- and
hypomethyla�on have been observed in the aging genome and the difference between physio-
logical age and epigene�c age is an indicator for cancer development, cardiovascular diseases
and overall mortality rate, it would be interes�ng to know how these phenomena influence
the imprinted genes (Issa, 2014; Perna et al., 2016). In this thesis, we will try to uncover the
effects of aging on the imprinted genome of whole blood. For this, the previously developed
and validated MAM-pipeline and mainly its adjusted expression pipeline will be further tested
on RNA-seq data of blood samples. When imprinted genes have been iden�fied, age-related
LOI will be further inves�gated.
Whole blood data was chosen as it is a valuable, yet neutral, source of data for the detec�on
of age-related modifica�ons in the imprintome. Moreover, the effect of aging on epigene�c
altera�ons in whole blood has already been proven (Hannum et al., 2013; Benton et al., 2017;
Vidaki et al., 2017).
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Results

4.1 Imprin�ng in breast cancer

To determine the differences between normal and diseased cell func�oning, TCGA data of 113
normal breast �ssue samples and 506 breast cancer samples were used. Differen�al expres-
sion was assessed for all genes, specifically for imprinted genes and imprinted SNPs and finally
between not-LOI control samples and LOI tumor samples. A possible methyla�on-regulated
cause for the differen�al expression of imprinted genes in breast cancer was tested using In-
finium BeadChip methyla�on data. Where necessary, the list of imprinted genes in breast �s-
sue as found by Goovaerts et al. (2017) was used. These genes are listed in table 4.1. Genes
featured by LOI in cancer (in this thesis o�en also referred to as differen�ally imprinted genes)
are shown in bold. An example of LOI between control and tumor samples is illustrated for
MEST in figure 4.1. The LOI genes will be the main focus of this research.

4.1.1 Differen�al expression in breast cancer

To observe the overall effect of cancer development on the cell, we looked for differen�al ex-
pression in all genes based on normalized gene counts (informa�ononprocedures can be found
in sec�on 6.2.1). Surprisingly, tumor development appears to cause major reorganiza�on of
the cellular metabolism. Of the 20,532 genes that were tested, 77.9% was significantly differ-
en�ally expressed - with a significance threshold of 0.05 a�er FDR-correc�on. This indicates
with sufficiently high power (because of the large set of samples), altera�on of expression of
most genes between normal en breast cancer cells can be observed. Biological relevance for
most genes, however, will of course be limited. The majority of the differen�ally expressed

Table 4.1: Overview of imprinted genes in breast �ssue as found by Goovaerts et al. (2017). Genes in
bold are differen�ally imprinted in tumor samples compared to control samples.

H19 MEST PWAR6 GLIPR1 GNAS-AS1 HOTAIRM1
BCR MEG3 PEG10 PLAGL1 ATP8A1 RP11-109L13.1
IGF2 PLIN1 TPSB2 ZNF331 USP32P2 LINC01139
PEG3 KRR1 SNRPN NAP1L5 ZNF300P1 MTRNR2L1
HM13 PTX3 ZDBF2 CPHL1P L3MBTL1 LOC100294145
GNAS DLK1 ZNF597 SNHG14 PAX8-AS1 MTCO1P12

27



CHAPTER 4. RESULTS

Figure 4.1: PMF of expressed allele frequencies in MEST. Control samples are almost completely im-
printed and in most of the samples only one allele is expressed (a). Loss of imprin�ng can be seen in
tumor samples, where heterozygous distribu�ons shi� frommonoallelic expression to almost complete
biallelic expression (b). Pictures adapted from Goovaerts et al. (2017).

Table 4.2: Differen�ally expressed genes and differen�ally expressed imprinted genes in breast cancer
versus control samples with an FDR-corrected p-value cut-off of 0.05.

Number of % of total Number of % of imprinted
genes imprinted genes

All 20,532 100.0 27 100.0
Differen�ally expressed 15,997 77.9 21 77.8
Upregulated 9,729 47.4 6 22.2
Downregulated 6,268 30.5 15 55.6

genes were upregulated. Interes�ngly, for the imprinted genes the opposite occurred (Table
4.2). This contrasts with what was ini�ally expected, knowing that LOI of imprinted genes was
observedwith tumor development. When LOI occurs the previously silenced allele is expressed
again. This is an�cipated to coincide with elevated expression. Of the 8 differen�ally imprinted
genes, only HM13 and PEG10 were upregulated in breast cancer samples, while the other 6
are downregulated. In the research of Goovaerts et al. (2017), differen�al imprin�ng was also
demonstrated to depend on tumor subtype. As the differen�al expression analysis here was
done based on a case-control se�ng, the upregula�on of a differen�ally imprinted gene in a
specific subtype could be masked by an overall downregula�on of that gene in other tumor
subtypes.

4.1.2 Differen�al expression of imprinted genes in breast cancer subtypes

The major downregula�on of imprinted genes that was observed between control samples
and tumor samples did not match the upregula�on that was expected in genes with loss of
imprin�ng. As the LOI status of a gene is different among different breast cancer subtypes, a
differen�al expression analysis of the imprinted genes between control �ssue and the individ-
ual subtypes was performed. The results for the individual SNPs of the imprinted genes with at
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least one LOI SNP for that subtype can be found in tables 4.3 to 4.5. As the normal-like subtype
consists of only 8 samples in TCGA, this subtype was eliminated from the analysis. The luminal
A subtype did not show significant differen�al imprin�ng in any gene. Table 4.6 contains the
differen�al expression of genes with significant differen�al imprin�ng in tumor versus control.
An overview of the differen�al expression analysis of all imprinted genes on SNP level can be
found in the Appendix (table A.2 - A.6). An overall analysis of differen�al expression in func�on
of the cancer subtypes per imprinted gene can be found in the Appendix (Table A.1), this largely
corresponds to the results found on SNP level.
The results confirm what we observed before: LOI does not always coincide with increased ex-
pression. Apart from HM13 and PEG10 which were already upregulated in the overall analysis,
only LOI of IGF2 in the Basal-like subtype seems to cause a slightly higher expression than was
observed in control �ssue. H19, ZDBF, MEST, ZNF331 and MEG3 retain their lower expression,
even when LOI was observed. We can conclude that masking of the effect of LOI by subtypes
without LOI does not suffice to explain the overall reduced expression of LOI genes.
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Table 4.3: Overview of differen�al expression of imprinted genes with at least one SNP where significant LOI was observed in the basal-like subtype. Bold
LOI p-values were considered significant a�er FDR-correc�on.

Gene Transcript SNP Posi�on Mean cpm log FC Kruskal-Wallis DE p-value LOI p-value
H19 53,148 −0,665 2,764 · 10−05 7,103 · 10−04

exon a rs3741219 2016619 3,546 −0,788 3,872 · 10−05 4,491 · 10−04 0,019
exon a rs2839704 2016659 8,890 −0,780 1,565 · 10−05 9,718 · 10−04 0,010
exon a rs2839703 2016662 9,590 −0,827 2,094 · 10−05 1,443 · 10−03 0,010
exon a rs10840159 2016924 7,724 −0,886 3,224 · 10−05 1,300 · 10−03 0,010
exon a rs2839702 2017017 6,862 −0,521 2,625 · 10−04 4,877 · 10−04 0,011
exon b rs2839701 2017110 6,808 −0,506 4,174 · 10−04 1,059 · 10−03 0,018
exon c rs2067051 2018168 2,864 −0,242 2,310 · 10−04 1,108 · 10−01 0,011
exon c rs2075745 2018336 2,687 −0,417 1,347 · 10−03 6,143 · 10−02 0,011
exon c rs2075744 2018449 1,009 −0,283 1,720 · 10−02 1,907 · 10−01 0,010
exon c rs2839698 2018853 3,168 −0,370 8,475 · 10−03 1,430 · 10−01 0,010

ZDBF2 0,354 −1,277 7,655 · 10−32 1,270 · 10−18

exon a rs7582864 207172627 0,043 −1,499 9,206 · 10−25 8,735 · 10−14 0,065
exon a rs3732084 207174316 0,058 −1,483 2,394 · 10−26 5,820 · 10−17 0,011
exon a rs1975597 207177327 0,067 −1,470 1,479 · 10−26 1,017 · 10−16 0,102
exon a rs1448902 207178422 0,102 −1,222 2,543 · 10−30 5,058 · 10−16 0,142
exon a rs4673350 207178872 0,083 −0,894 1,494 · 10−11 4,949 · 10−08 0,083

IGF2 11,166 0,137 1,393 · 10−44 3,976 · 10−36

exon a rs2585 2150444 5,012 0,210 3,216 · 10−44 1,306 · 10−35 0,049
exon a rs7873 2150697 6,154 0,077 4,327 · 10−44 5,477 · 10−36 0,018

HM13 0,828 0,594 3,256 · 10−05 2,437 · 10−05

exon a rs6058058 30127392 0,115 0,033 1,104 · 10−01 3,444 · 10−01 0,240
intron a rs6059869 30128553 0,116 0,214 3,531 · 10−02 4,006 · 10−01 0,083
intron a rs6059873 30129046 0,243 0,399 9,158 · 10−03 9,144 · 10−02 0,010
intron a rs6059874 30129099 0,151 0,560 1,901 · 10−03 4,011 · 10−04 0,173
intron b rs1115713 30135990 0,202 1,314 5,110 · 10−14 2,655 · 10−12 0,397

ZNF331 1,166 −1,019 8,535 · 10−26 4,490 · 10−183
0
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exon a rs113983639 54041442 0,050 −1,163 1,182 · 10−06 6,145 · 10−09 1,000
exon b rs8109631 54080144 0,419 −1,027 1,073 · 10−23 5,705 · 10−16 0,104
exon b rs8110538 54081898 0,345 −1,047 4,762 · 10−23 4,591 · 10−16 0,049
exon b rs8110350 54081915 0,351 −0,965 4,336 · 10−23 1,053 · 10−15 0,049

3
1



C
H
A
P
TER

4
.
R
ESU

LTS

Table 4.4: Overview of differen�al expression of imprinted genes with at least one SNP where significant LOI was observed in the HER2-enriched subtype.
Bold LOI p-values were considered significant a�er FDR-correc�on.

Gene Transcript SNP Posi�on Mean cpm log FC Kruskal-Wallis DE p-value LOI p-value
MEG3 4,780 −2,151 8,205 · 10−49 2,089 · 10−16

intron a rs35458454 101296662 0,131 −2,501 5,710 · 10−37 4,199 · 10−14 0,562
intron b rs35431412 101297454 0,141 −2,296 6,599 · 10−39 7,224 · 10−15 0,223
intron b rs10147988 101297515 0,140 −2,473 8,450 · 10−41 8,667 · 10−17 0,726
intron c rs3087918 101297963 0,204 −2,679 2,381 · 10−44 8,558 · 10−19 0,562
intron c rs3087917 101298031 0,180 −2,532 1,171 · 10−42 1,292 · 10−18 0,171
intron d rs3742390 101299000 0,132 −2,245 3,865 · 10−45 2,816 · 10−15 0,589
intron d rs3742391 101299065 0,109 −2,109 1,080 · 10−41 1,499 · 10−13 0,562
intron d rs12897172 101299959 0,215 −2,567 1,281 · 10−46 6,839 · 10−20 0,780
intron d rs78793760 101299960 0,216 −2,563 1,281 · 10−46 8,273 · 10−20 0,187
intron d rs1884540 101300273 0,256 −2,322 3,874 · 10−46 6,998 · 10−17 0,343
intron d rs2400941 101300567 0,159 −2,241 2,475 · 10−46 1,507 · 10−17 0,460
intron d rs77658190 101300843 0,247 −2,311 7,544 · 10−46 8,723 · 10−17 1,000
exon a rs10132552 101301012 0,292 −2,214 7,919 · 10−45 3,027 · 10−16 0,440
exon a rs3194464 101301038 0,260 −2,285 1,490 · 10−44 1,515 · 10−17 1,000

intron e rs11160606 101301261 0,160 −1,954 4,712 · 10−44 1,626 · 10−13 0,619
intron e rs1950628 101301438 0,111 −1,961 2,171 · 10−39 2,311 · 10−13 0,342
intron e rs1053900 101301866 0,252 −2,171 7,544 · 10−46 5,726 · 10−18 0,042
intron e rs1054000 101301982 0,217 −2,172 3,727 · 10−44 2,732 · 10−16 0,168
exon b rs4906022 101302086 0,356 −2,089 1,105 · 10−45 9,530 · 10−16 1,000
exon b rs8013873 101302090 0,396 −2,014 2,104 · 10−45 4,082 · 10−15 0,187
exon b rs11859 101302211 0,255 −1,983 3,020 · 10−44 8,140 · 10−16 0,343
intron f rs74080162 101302270 0,111 −0,972 4,549 · 10−32 8,107 · 10−09 0,151
intron f rs4378559 101302295 0,109 −1,013 3,565 · 10−31 2,017 · 10−08 0,028
intron f rs12890215 101302305 0,101 −1,049 8,921 · 10−33 5,834 · 10−09 0,064
intron g rs55996894 101302463 0,030 −2,291 8,012 · 10−34 2,855 · 10−17 0,460

MEST 2,079 −1,678 2,333 · 10−29 3,559 · 10−133
2
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exon a rs10863 130145589 2,079 −1,678 2,410 · 10−29 3,050 · 10−13 0,000
H19 53,148 −1,088 2,764 · 10−05 4,472 · 10−03

exon a rs3741219 2016619 3,546 −1,111 3,872 · 10−05 1,434 · 10−03 0,001
exon a rs2839704 2016659 8,890 −1,219 1,565 · 10−05 8,152 · 10−04 0,005
exon a rs2839703 2016662 9,590 −1,273 2,094 · 10−05 9,782 · 10−04 0,004
exon a rs10840159 2016924 7,724 −1,407 3,224 · 10−05 2,336 · 10−03 0,004
exon a rs2839702 2017017 6,862 −0,955 2,625 · 10−04 7,021 · 10−03 0,004
exon b rs2839701 2017110 6,808 −0,914 4,174 · 10−04 9,504 · 10−03 0,006
exon c rs2067051 2018168 2,864 −0,618 2,310 · 10−04 4,778 · 10−01 0,028
exon c rs2075745 2018336 2,687 −0,810 1,347 · 10−03 3,299 · 10−01 0,028
exon c rs2075744 2018449 1,009 −0,582 1,720 · 10−02 2,829 · 10−01 0,117
exon c rs2839698 2018853 3,168 −0,691 8,475 · 10−03 3,839 · 10−01 0,052

ZDBF2 0,354 −2,121 7,655 · 10−32 5,593 · 10−24

exon a rs7582864 207172627 0,043 −2,796 9,206 · 10−25 1,145 · 10−21 0,619
exon a rs3732084 207174316 0,058 −2,285 2,394 · 10−26 2,000 · 10−19 0,091
exon a rs1975597 207177327 0,067 −2,183 1,479 · 10−26 4,141 · 10−19 0,052
exon a rs1448902 207178422 0,102 −2,264 2,543 · 10−30 4,490 · 10−24 0,497
exon a rs4673350 207178872 0,083 −1,484 1,494 · 10−11 8,348 · 10−11 0,460

IGF2 11,166 −2,367 1,393 · 10−44 2,529 · 10−22

exon a rs2585 2150444 5,012 −2,345 3,216 · 10−44 3,125 · 10−22 0,007
exon a rs7873 2150697 6,154 −2,384 4,327 · 10−44 4,020 · 10−22 0,089

HM13 0,828 0,270 3,256 · 10−05 5,461 · 10−02

exon a rs6058058 30127392 0,115 −0,149 1,104 · 10−01 7,511 · 10−02 0,440
intron a rs6059869 30128553 0,116 0,042 3,531 · 10−02 3,749 · 10−01 0,064
intron a rs6059873 30129046 0,243 0,186 9,158 · 10−03 2,767 · 10−01 0,009
intron a rs6059874 30129099 0,151 0,283 1,901 · 10−03 8,818 · 10−02 0,168
intron b rs1115713 30135990 0,202 0,748 5,110 · 10−14 4,240 · 10−05 1,000

PEG10 7,155 0,850 6,115 · 10−06 5,563 · 10−02

exon a rs35237090 94295146 1,726 0,736 9,822 · 10−06 8,710 · 10−03 0,497
exon a rs13073 94296769 1,960 0,841 7,049 · 10−06 4,085 · 10−02 0,440
exon a rs7810469 94297814 3,470 0,928 3,529 · 10−06 1,210 · 10−01 0,0283
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Table 4.5: Overview of differen�al expression of imprinted genes with at least one SNP where significant LOI was observed in the luminal B subtype. Bold
LOI p-values were considered significant a�er FDR-correc�on.

Gene Transcript SNP Posi�on Mean cpm log FC Kruskal-Wallis DE p-value LOI p-value
MEST 2,079 −1,737 2,333 · 10−29 2,813 · 10−19

exon a rs10863 130145589 2,079 −1,737 2,410 · 10−29 2,819 · 10−19 0,000
H19 53,148 −1,073 2,764 · 10−05 2,190 · 10−03

exon a rs3741219 2016619 3,546 −1,280 3,872 · 10−05 7,805 · 10−04 0,322
exon a rs2839704 2016659 8,890 −1,239 1,565 · 10−05 8,264 · 10−04 0,046
exon a rs2839703 2016662 9,590 −1,271 2,094 · 10−05 9,782 · 10−04 0,046
exon a rs10840159 2016924 7,724 −1,301 3,224 · 10−05 1,310 · 10−03 0,255
exon a rs2839702 2017017 6,862 −0,994 2,625 · 10−04 4,193 · 10−03 0,180
exon b rs2839701 2017110 6,808 −0,950 4,174 · 10−04 8,710 · 10−03 0,235
exon c rs2067051 2018168 2,864 −0,569 2,310 · 10−04 1,907 · 10−01 0,222
exon c rs2075745 2018336 2,687 −0,656 1,347 · 10−03 1,404 · 10−01 0,180
exon c rs2075744 2018449 1,009 −0,445 1,720 · 10−02 3,641 · 10−01 0,470
exon c rs2839698 2018853 3,168 −0,521 8,475 · 10−03 3,659 · 10−01 0,321

HM13 0,828 0,641 3,256 · 10−05 1,071 · 10−06

exon a rs6058058 30127392 0,115 0,342 1,104 · 10−01 8,980 · 10−02 0,831
intron a rs6059869 30128553 0,116 0,591 3,531 · 10−02 7,205 · 10−03 0,046
intron a rs6059873 30129046 0,243 0,584 9,158 · 10−03 5,622 · 10−04 0,046
intron a rs6059874 30129099 0,151 0,628 1,901 · 10−03 1,909 · 10−04 0,255
intron b rs1115713 30135990 0,202 0,955 5,110 · 10−14 2,471 · 10−09 0,857
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Table 4.6: Overviewof differen�al expression of imprinted geneswith at least one SNPwhere significant LOIwas observed in a combina�on of all subtypes.
Bold LOI p-values were considered significant a�er FDR-correc�on.

Gene Transcript SNP Posi�on Mean cpm log FC Kruskal-Wallis DE p-value LOI p-value
MEST 2,079 −1,595 2,333 · 10−29 6,415 · 10−29

exon a rs10863 130145589 2,079 −1,595 2,410 · 10−29 6,846 · 10−29 0,013
H19 53,148 −0,755 2,764 · 10−05 3,509 · 10−05

exon a rs3741219 2016619 3,546 −0,899 3,872 · 10−05 4,441 · 10−05 0,177
exon a rs2839704 2016659 8,890 −0,901 1,565 · 10−05 1,846 · 10−05 0,073
exon a rs2839703 2016662 9,590 −0,941 2,094 · 10−05 2,446 · 10−05 0,108
exon a rs10840159 2016924 7,724 −0,984 3,224 · 10−05 3,732 · 10−05 0,177
exon a rs2839702 2017017 6,862 −0,657 2,625 · 10−04 2,903 · 10−04 0,171
exon b rs2839701 2017110 6,808 −0,626 4,174 · 10−04 4,537 · 10−04 0,177
exon c rs2067051 2018168 2,864 −0,251 2,310 · 10−04 2,578 · 10−04 0,192
exon c rs2075745 2018336 2,687 −0,392 1,347 · 10−03 1,452 · 10−03 0,177
exon c rs2075744 2018449 1,009 −0,219 1,720 · 10−02 1,748 · 10−02 0,279
exon c rs2839698 2018853 3,168 −0,320 8,475 · 10−03 8,755 · 10−03 0,237

HM13 0,828 0,472 3,256 · 10−05 3,980 · 10−05

exon a rs6058058 30127392 0,115 0,169 1,104 · 10−01 1,104 · 10−01 0,652
intron a rs6059869 30128553 0,116 0,338 3,531 · 10−02 3,560 · 10−02 0,177
intron a rs6059873 30129046 0,243 0,430 9,158 · 10−03 9,383 · 10−03 0,067
intron a rs6059874 30129099 0,151 0,510 1,901 · 10−03 2,031 · 10−03 0,380
intron b rs1115713 30135990 0,202 0,785 5,110 · 10−14 7,259 · 10−14 0,822
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CHAPTER 4. RESULTS

4.1.3 Comparison of RNA-seq to whole exome genotypes and reliability of
heterozygosity calling based on allelic ra�o

The analysis of imprin�ng solely based on RNA-seq data has some inherent limita�ons, as ho-
mozygous and heterozygous samples cannot be immediately discriminated. Par�cularly for the
analysis of the features of LOI samples, it would be useful to iden�fy not-LOI samples as con-
trol set. Yet, only heterozygous LOI samples can be clearly dis�nguished from the bulk of the
data, while not-LOI heterozygous samples and homozygous (not-)LOI samples are indiscernible.
Moreover, evalua�ng whether RNA-seq reads are reliable predictors for accurate genotyping
may serve as an extra valida�on of an RNA-seq only approach. As the detec�on of imprinted
genes and reliable iden�fica�on of LOI samples is the main goal of this research, we mainly
focus on the ability of RNA-seq to reliably call LOI heterozygotes, e.g. homozygotes with se-
quencing errors should not occur amongst the selected LOI samples.
We want to confidently iden�fy LOI samples based on an allelic ra�o of more than a threshold
value in the RNA-seq data. To find a good AR threshold for LOI detec�on, we need to see when
sequencing errors start to reduce and all puta�ve LOI samples are actually heterozygotes. To
test this we need to know which samples are actual heterozygotes. Therefore, we used SeqEM
to perform genotyping on both RNA-seq data and whole exome sequencing (WES) data. Only
control samples were used in this first part of the analysis, as we want to simulate a situa�on
with limited LOI.
The use of genotyping data to iden�fy heterozygotes, however, causes massive loss of data.
This is mainly due to too low coverage - mainly for intronic SNPs - in the whole exome sequenc-
ing data. As genotypes cannot be accurately assigned to SNPs with low coverage, a coverage
threshold is generally applied to obtain reliable genotypes. This o�en results in loss of large
parts of SNP-sample genotypes, reducing the remaining dataset to frac�ons of its original size
(as shown in figure 4.2). This is necessary evil when both LOI and not-LOI heterozygotes need
to be found, for example for DE analysis between both groups, as will be done in the following
sec�on. However, it is clear that more heterozygous LOI samples could be iden�fied if we could
rely solely on RNA-seq data. Moreover, this supports the strategy to only use RNA-seq data for
the detec�on of imprinted loci and differen�al imprin�ng in disease.
The reliability of RNA-seq data for the iden�fica�on of heterozygotes was tested by comparing
RNA-seq based genotypes with WES based genotypes. Results can be observed in figure 4.3
and table 4.7. As imprinted genes are studied here, not-LOI heterozygotes will be assigned
a homozygous genotype based on expression data. Evidently this was not regarded as a mis-
take during analysis as we have no way of knowing whether the samples were imprinted or
a wrong genotype was assigned. Discordant genotypes were thus defined as RNA-seq based
genotypes that contained an allele that did not occur in the WES based genotype. Similarly
to what we observed before, the number of heterozygotes that can be iden�fied decreases
rapidly when higher numbers of reads are demanded because of the overall low coverage of
WES reads. Rela�vely, however, the number of heterozygote genotypes as determined byWES
data increases by a factor of 1.5 for higher coverage cut-offs. This is due to wrongly assigned
homozygous genotypes of low coverage SNPs and illustrates why coverage thresholds are re-
quired to achieve reliable results. To retain maximal amounts of data while conserving reliable
results, a coverage threshold of 6 was chosen. Importantly, the genotypes largely matched
between WES and RNA-seq data, especially for higher coverages. Remaining discordant geno-
types with at least 6 reads for both datasets are given in table 4.8.
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Figure 4.2: Number of SNP-samples combina�ons in control �ssue with a minimal number of reads
in RNA-seq and WES data. A combina�on of both data types are needed to iden�fy heterozygote LOI
samples.
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Figure 4.3: Concordance between RNA-seq based andWES based genotypes of heterozygotes in control
�ssue based on a minimal reads threshold. The number of remaining heterozygous genotypes as de-
termined by WES decreases rapidly with increasing reads threshold. The percentage of heterozygotes
in the popula�on increases slightly as wrongly assigned homozygotes are filtered out with higher reads
thresholds.
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Table 4.7: Number of discordances between RNA-seq based genotypes and WES based genotypes of
control samples of imprinted SNPs. Only RNA-seq based genotypes containing an allele that was not
found in the WES based genotype were considered discordant.

Reads Discordant WES based Percentage
threshold genotypes genotypes discordance

1 592 6638 8.92
2 288 4578 6.29
3 147 3227 4.56
4 92 2512 3.66
5 54 2004 2.69
6 29 1648 1.76
7 23 1460 1.58
8 19 1297 1.46
9 15 1169 1.28
10 14 1073 1.30
11 9 986 0.91
12 8 920 0.87
13 8 859 0.93
14 6 803 0.75
15 5 753 0.66
16 4 702 0.57
17 4 680 0.59
18 4 641 0.62
19 3 606 0.50
20 3 580 0.52
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No clear enrichment of mistakes in certain samples or SNPs can be observed. However, when
evalua�ng possible causes for discrepancy, it appeared that regularly samples are assigned a
homozygous genotype for one allele based on the WES data and a homozygous genotype for
the other allele based on the RNA-seq data. As all coverages are sufficiently high to exclude the
chance that all observed SNP alleles are sequencing errors, these are most probably imprinted
heterozygotes. Most of the discordances thus s�ll seem to be caused by the assignment of a
homozygous genotype by lack of (enough) proof for heterozygosity in low coverage WES sam-
ples. This occurred in 18 of the 29 discordant cases. Other SNP-sample combina�ons have been
assigned a heterozygous genotype based on RNA-seq data, but were homozygous according to
WES. As coverages of theWES data are very high, this seems to be caused by sequencing errors
in the RNA-seq data (e.g. for rs1860565 and rs33931963).
Some samples exhibit high coverages in WES and some proof for heterozygosity, but the minor
allele frequency is too low to assign a heterozygous genotype (the three cases of rs201284359
and possibly the two cases of rs37824). As the coverages of the minor alleles are too high
to be sequencing errors, this too are most probably heterozygotes which haven been wrongly
assigned a homozygous genotype. One case (rs12497062) has reason for doubt as both cover-
ages of WES and RNA-seq are fairly low. The minor allele could have easily been missed in the
whole exome sequencing, but sequencing errors in the RNA-seq data are also probable. This
case illustrates that a higher reads threshold for the iden�fica�on of LOI heterozygotes based
RNA-seq data may be necessary to obtain more reliable results. However, for the illustra�on of
discordances between both dataset genotypes, a lower reads threshold was applied in order
to retain enough WES genotypes to make a valuable comparison. Three SNP-samples combi-
na�ons remain that exhibit inexplicable genotype calls. Two (rs11940243 and rs4578621) were
called heterozygous while their coverages are clearly monoallelic. One (rs2839704) was even
called homozygous for the other allele. For this locus, a systema�c miscalling occurred that
could not be traced back to a mix-up of files or genes. Therefore, we cannot but conclude that
a flaw in the genotype calling pipeline of SeqEM is the most likely explana�on. The other two
loci showed no systema�c calling errors.
We have now proven that most homozygote samples were correctly called based on RNA-seq
data and that in most cases the presence of sequencing errors did not result in a false assign-
ment of a heterozygous genotype. We can thus further inves�gate how LOI samples can be
correctly iden�fied based on RNA-seq data without the need for WES genotype calling. The
main objec�ve of the method is to make a valid separa�on of LOI samples from samples with
sequencing errors in the RNA-seq data. For this, we applied several allelic ra�o thresholds on
the RNA-seq data and observed how many of these are actual heterozygotes based on the
WES genotypes. As the number of expected LOI samples in control �ssue is small, this part was
tested on tumor samples. The results can be found in figure 4.4 and table 4.9.
The higher the reads threshold on both data types, the sooner the concordance reaches a

pla�orm. However, less WES data was available for higher coverage cut-offs. The maximal
concordance reached was 96.5% for a reads threshold of 15 reads and an AR of 0.35, though
less conserva�ve AR cut-offs yielded similar results (Figure 4.4). We already know that the
WES genotyping is not faultless and evaluated the remaining discordances to be�er validate
the AR threshold concordances. When we evaluate a coverage threshold of 10 and an AR of
0.2, 12 samples were appointed heterozygous by the AR method that were not genotyped as
heterozygotes by WES. Three of these had enough WES counts of the alterna�ve allele to sup-
pose wrong genotyping due to an unusual low coverage of the alterna�ve allele. Another three
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Table 4.8: Remaining discordances between RNA-seq based genotypes and WES based genotypes of
control samples of imprinted SNPs for a reads threshold of 6.

Ref. WES WES RNA-seq RNA-seq
SNP Sample alleles genotype coverages genotypes coverages
rs10147988 TCGA-BH-A1FM A/G A/A 9/1 G/G 0/40
rs10451029 TCGA-BH-A1F2 T/C T/T 7/0 C/C 0/30
rs1054000 TCGA-E2-A1BC A/C A/A 7/0 C/C 0/25
rs1056905 TCGA-BH-A1FC A/T T/T 0/6 A/T 19/14
rs10840159 TCGA-BH-A0H5 A/G G/G 1/14 A/A 179/0
rs11160606 TCGA-BH-A0BA T/C C/C 0/6 T/T 31/0
rs11940243 TCGA-BH-A1FJ T/C T/T 8/0 T/C 72/0
rs12497062 TCGA-BH-A1FE T/G G/G 0/8 T/G 2/6
rs1860565 TCGA-E2-A158 A/G A/A 275/1 A/G 10/4
rs1950628 TCGA-E2-A1LS T/C C/C 1/9 T/T 10/0
rs201284359 TCGA-BH-A0BM T/C C/C 18/163 T/T 26/1
rs201284359 TCGA-BH-A0BZ T/C C/C 47/336 T/T 32/2
rs201284359 TCGA-BH-A1EW T/C C/C 30/200 T/T 16/2
rs2554426 TCGA-BH-A0B3 T/G G/G 0/7 T/T 17/0
rs2839703 TCGA-BH-A0BA T/C T/T 11/0 C/C 3/365
rs2839704 TCGA-BH-A0BA T/C T/T 0/10 C/C 0/353
rs3087917 TCGA-BH-A1F2 A/G G/G 1/7 A/A 73/0
rs3087917 TCGA-BH-A1FM A/G A/A 7/1 G/G 0/66
rs3194464 TCGA-AC-A2FB C/G G/G 0/7 C/C 63/0
rs33931963 TCGA-E2-A158 A/G A/A 276/0 A/G 7/3
rs37824 TCGA-BH-A0E0 T/C T/T 30/5 C/C 0/10
rs37824 TCGA-BH-A1FG T/C T/T 25/2 C/C 0/34
rs3931649 TCGA-BH-A1FM A/G G/G 0/6 A/A 17/0
rs3931650 TCGA-BH-A0BV T/C C/C 0/6 T/T 20/0
rs3931650 TCGA-E2-A1LS T/C C/C 0/6 T/T 59/0
rs4578621 TCGA-E2-A1LS C/G G/G 0/13 C/G 0/219
rs6059873 TCGA-E2-A1LS A/G G/G 0/24 A/A 13/0
rs8013873 TCGA-E2-A1BC T/C C/C 0/9 T/T 33/0
rs8605 TCGA-BH-A0BJ A/G A/A 6/0 G/G 0/85
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Figure 4.4: Concordance between heterozygotes iden�fied using an allelic ra�o threshold in RNA-seq
data and heterozygotes iden�fied by genotype calling of WES data. Reads thresholds of 6, 10 and 15
reads were used.

Table 4.9: Number of heterozygotes iden�fied based on an allelic ra�o (AR) threshold on RNA-seq data
and how many of those were iden�fied as heterozygotes by WES based genotyping. This was executed
for a 6, 10 and 15 reads threshold on both data types.

Allelic ra�o 6 reads 10 reads 15 reads
threshold AR WES AR WES AR WES
0,00 5204 1517 3365 983 2311 723
0,05 486 365 350 274 261 217
0,10 344 281 227 199 169 155
0,15 269 230 181 166 142 132
0,20 216 190 152 140 120 113
0,25 192 171 139 128 109 102
0,30 169 153 123 115 96 91
0,35 151 138 114 108 88 85
0,40 137 127 102 97 78 75
0,45 116 108 86 81 69 66
0,50 110 102 81 76 65 62
0,55 91 84 69 65 55 53
0,60 87 81 66 63 54 52
0,65 77 72 58 55 47 45
0,70 69 64 51 48 41 39
0,75 62 57 46 43 36 34
0,80 48 44 36 34 29 27
0,85 34 32 27 26 22 21
0,90 23 21 17 16 15 14
0,95 11 10 9 8 7 6
1,00 6 5 4 3 2 1
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had high enough RNA-seq counts or AR-values and rather lowWES counts to suspect a too low
coverage for observa�on of both alleles. Half of the six remaining samples were probably iden-
�fied as heterozygotes due to sequencing errors in the RNA-seq data. The discordance of the
remaining three samples could not be confidently explained. This would already eliminate at
least half of the mistakes as they are most probably genotyping errors. The three probable
sequencing error mistakes, however, could be eliminated by taking a higher reads threshold of
15 reads. Using higher read thresholds is thus encouraged when possible. Nevertheless, we
can also conclude that the added value of using WES data in the case of imprin�ng detec�on
is limited due to too low coverage for many loci.

4.1.4 Differen�al expression of imprinted genes in LOI samples

The presence of subtypes with LOI among subtypes without LOI did not explain the downreg-
ula�on of LOI genes. Therefore, a more profound study of the LOI genes and specifically a
comparison between LOI and not-LOI samples is necessary. One key problem is that LOI in
homozygous samples cannot be observed. In other words, LOI can also be present but not de-
tected in homozygous samples. We therefore aim to only consider heterozygous samples - for
which LOI can be observed - in the analysis. However, imprinted heterozygous samples cannot
be discriminated from homozygous samples using solely RNA-seq data. For this sole purpose,
addi�onal genotyping data is thus required. WES data was used to iden�fy heterozygous sam-
ples. Of these, the LOI samples were selected based on RNA-seq data and the allelic ra�o as
was described in sec�on 2.4.3.
Because of extensive loss of data when mul�ple datasets are combined for each sample and
SNP, only 7 SNPs remained that had enough data to perform reliable tes�ng. A more detailed
illustra�on of how the use of genomic data limits imprin�ng analysis was given in sec�on 4.1.3.
Differen�al expression between LOI samples and not-LOI samples in both control and tumor
�ssue is calculated using a Kruskal-Wallis test. For FDR-corrected p-values below 0.1, it was de-
cided that enough evidence was present to further test between the subgroups using Dunn’s
test (Table 4.10). This showed that for ZNF331 a substan�al loss of expression occurred be-
tween not-LOI control samples and both LOI and not-LOI tumor samples, indica�ng that tumor
forma�on is indeed associated with a reduc�on of ZNF331 expression. Remarkably, LOI in
tumor samples resulted in an even lower expression of ZNF331 than was already associated
with the breast cancer itself. KRR1/GLIPR1 shows similar results, although reduced expression
associated with tumor development could not be significantly proven. For HM13, tumor devel-
opment did not result in reduced expression, as was already found in the overall DE analysis.
Instead LOI does seem to lead to upregula�on, as expected. Upregula�on of HM13 between
tumor and control samples is thus probably caused by LOI in this gene and not a consequence
of alterna�ve regula�on of the gene.
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Table 4.10: Differen�al expression analysis between LOI and not-LOI samples in control and tumor �ssue. Differen�al expression between the subgroups
was only tested when the FDR-adjusted p-value of the Kruskal-Wallis test was significant with a significance threshold of 0.1.

# not- # not-
Gene SNP # LOI LOI # LOI LOI cpm LOI cpm not-LOI cpm LOI cpm not-LOI

tumor tumor control control tumor tumor control control
ZNF331 rs8109631 46 126 3 30 0.23 [0.14-0.39] 0.32 [0.24-0.49] 0.31 [0.26-0.53] 0.70 [0.54-0.83]
HM13 rs1115713 17 63 3 13 0.38 [0.25-0.56] 0.17 [0.12-0.28] 0.29 [0.24-0.32] 0.17 [0.14-0.18]
KRR1/ rs1056905 12 6 0 83* 0.36 [0.28-0.43] 0.39 [0.25-0.79] NA 0.62 [0.39-0.82]
GLIPR1
USP32P2 rs141915702 9 6 5 0 0.12 [0.11-0.19] 0.18 [0.15-0.31] 0.38 [0.22-0.39] NA
ZDBF2 rs3732084 6 51 0 83* 0.15 [0.07-0.22] 0.09 [0.07-0.12] NA 0.12 [0.07-0.18]
H19 rs2839701 5 46 0 83* 2.72 [2.08-3.16] 5.15 [2.60-7.55] NA 4.31 [2.44-9.41]
TPSB2 rs77309587 36 24 9 5 1.39 [0.39-2.81] 1.50 [0.57-3.20] 1.70 [0.98-2.72] 1.59 [0.98-1.88]

p not-LOI
Gene SNP p Kruskal- p LOI tumor vs p LOI tumor vs p LOI control vs p LOI control control vs not-

Wallis not-LOI control not-LOI tumor not-LOI control vs LOI tumor LOI tumor
ZNF331 rs8109631 3,287 · 10−09 9,089 · 10−12 3,544 · 10−03 5,928 · 10−02 1,445 · 10−01 2,133 · 10−08

HM13 rs1115713 3,314 · 10−03 3,734 · 10−04 1,473 · 10−04 6,941 · 10−02 3,192 · 10−01 2,032 · 10−01

KRR1/ rs1056905 5,404 · 10−02 3,318 · 10−03 1,300 · 10−01 NA NA 2,575 · 10−01

GLIPR1
USP32P2 rs141915702 1,215 · 10−01 NA NA NA NA NA
ZDBF2 rs3732084 1,896 · 10−01 NA NA NA NA NA
H19 rs2839701 2,658 · 10−01 NA NA NA NA NA
TPSB2 rs77309587 9,239 · 10−01 NA NA NA NA NA
* when no heterozygote LOI-samples were observed, all control samples were considered to be not-LOI
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4.1.5 Differen�al methyla�on of LOI genes

In a next step of our study, we evaluated DNAmethyla�on as a possible cause for LOI by means
of the TCGA Infinium 450K BeadChip HumanMethyla�on data. These data consists of methyla-
�on frequencies of over 480,000 CpG sites. Methylated loci linkedwith imprinted genes should
bemonoallelicallymethylated and thus havemethyla�on frequencies of about 50%. Therefore,
all CpG loci which had a mean methyla�on level of 0.4 to 0.6 in control samples and that were
linked to known LOI genes, were retained for inves�ga�on. We refer to these loci as MonoAl-
lelically Methylated (MAM) CpG sites. Nevertheless, it should be noted that these sites...We
should note that these sites are not necessarily involved in imprin�ng regula�on, as 50%methy-
la�on of both alleles would also result in similar methyla�on levels.
Differen�al methyla�on of these sites was tested once for all tumor samples and once per sub-
type. Summarized results are given in Table 4.11. Full tables of methyla�on levels per CpG
island can be found in the Appendix (tables A.7 to A.11).
Impact on LOI would imply that differen�al methyla�on was observed in a substan�al part of
the MAM CpG sites. Overall, the methyla�onal changes for probes puta�vely associated with
imprin�ng, but were not immediately reflected by the an�cipated expression differences (i.e.
less methyla�on, more expression). H19, for instance, has an overall hypomethyla�on of the
MAM CpG sites, which corresponds to the LOI that was observed for this gene, but contradicts
its expression levels. The same occurs in the ZDBF2 MAM CpG site, although observed LOI
does not always coincide with decreased methyla�on (e.g for the basal-like subtype LOI was
observed, but no differen�al methyla�on was present). However, the significance of the con-
clusions that can be drawn from one site is disputable. Also IGF2 MAM CpGs were found to be
mainly hypomethylated (except for sites which are linked to IGF2AS aswell), which corresponds
with the LOI status. Here, methyla�on levels are slightly more linked to expression, as subtypes
with highest expression have most hypomethylated loci and nega�ve expression fold changes
occurred in subtypes with either less hypomethylated sites or more hypermethyla�on.
The methyla�on levels of ZNF331 and HM13 are more stable and changes are less consistent
between tumor subtypes. HM13 might just be the closest thing to a role model of correla�on
between imprin�ng and methyla�on in this dataset. For all subtypes except the basal-like sub-
type, one par�cular site (that was solely linked to HM13) was hypomethylated. The luminal
A subtype, that did not demonstrate proof of LOI, had addi�onal hypermethyla�on of the re-
maining MAM CpG sites, thus possibly blocking expected LOI for this subtype. In the basal-like
subtype, on the other hand, LOI did occur. Although the site that seemed to be correlated
to LOI in the other subtypes was not hypomethylated, all other MAM CpG sites were. This is
possibly a demonstra�on of how the same result can be obtained with different cellular orga-
niza�ons. Also expression levels were largely in concordance with LOI and methyla�on levels.
For other LOI genes, however, changes in methyla�on corresponded li�le to observed LOI sta-
tus. Here, we can suggest that the observed LOI might not be caused by loss of monoallelic
methyla�on, but rather by increased silencing of the previously ac�ve allele. Meg3, for exam-
ple, had least expression in the LOI subtype. Also no significant demethyla�onwas observed for
this subtype. Although overall hypermethyla�on in MEG3 corresponds well with observed de-
creased expression, specific amounts of hypermethylated sites did not offer an explana�on of
individual expression levels of the subtypes. Similar results were obtained for MEST. In MAM
CpG-sites which are solely linked to MEST, however, hypomethyla�on is observed in all sub-
types except for the basal-like subtype, where these sites are hypermethylated. This largely,
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Table 4.11: Overview of differen�al methyla�on analysis results of puta�ve MAM CpG islands linked to
genes with LOI. The total number of CpG sites linked to each gene are shown. Of these, only the islands
with monoallelic methyla�on (MAM) were considered and tested. The number (and percentage) of
these sites that have significantly decreased and increased methyla�on levels are given per tumor type.

Total CpG MAM- Tumor Basal HER2 LumA LumB
Gene sites sites (%) (%) (%) (%) (%)
H19 62 29
Increased 0 (0) 0 (0) 0 (0) 1 (3) 0 (0)
Decreased 24 (83) 17 (59) 22 (76) 23 (79) 25 (86)

IGF2 116 19
Increased 2 (11) 0 (0) 0 (0) 2 (11) 3 (16)
Decreased 15 (79) 15 (79) 11 (58) 15 (79) 12 (63)

HM13 29 6
Increased 0 (0) 0 (0) 0 (0) 5 (83) 0 (0)
Decreased 1 (17) 5 (83) 1 (17) 1 (17) 1 (17)

ZNF331 43 8
Increased 1 (13) 0 (0) 1 (13) 1 (13) 0 (0)
Decreased 2 (25) 2 (25) 0 (0) 2 (25) 0 (0)

PEG10 108 27
Increased 14 (52) 5 (19) 17 (63) 15 (56) 12 (44)
Decreased 4 (15) 3 (11) 1 (4) 4 (15) 5 (19)

MEG3 54 12
Increased 7 (58) 11 (92) 7 (58) 6 (50) 7 (58)
Decreased 0 (0) 0 (0) 0 (0) 1 (8) 0 (0)

MEST 92 37
Increased 26 (70) 29 (78) 27 (73) 24 (65) 28 (76)
Decreased 6 (16) 1 (3) 5 (14) 6 (16) 6 (16)

ZDBF2 15 1
Increased 0 (0) 0 (0) 0 (0) 0 (0) 0 (0)
Decreased 1 (100) 0 (0) 1 (100) 1 (100) 1 (100)

but definitely not en�rely, corresponds both to LOI and expression differences between sub-
types.
The most peculiar case in this set, however, is PEG10. Although upregula�on of its expression
matches LOI overall, specific methyla�on pa�erns in subtypes contradict both subtype-specific
LOI and expression.
In summary, it is clear that CpG sites which are possibly linked to imprin�ng regula�on ( 50%
methylated in controls) o�en show differen�al methyla�on in cancer. For most probes, this
may be linked to LOI, either in the classical interpreta�on of LOI (i.e. less methyla�on) or, pos-
sibly, by silencing of both copies, resul�ng in more equal allelic expression rates. However, the
interpreta�on of influences of methyla�on ofMAMCpG sites on both LOI and expression is not
always straigh�orward. Most likely, addi�onal regula�ng forces are involved in the regula�on
of imprinted genes.
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4.1.6 LOI during aging

The effect of aging on the LOI status of imprinted genes was also briefly explored on breast
data. Tumor samples and control samples were analyzed together. A Pearson correla�on test
between their AR values per SNP and their ages was performed, once on heterozygous sam-
ples (iden�fied using the WES genotypes) and once on all samples. However, no significant
correla�on could be found a�er FDR-correc�on. Analysis based solely on heterozygotes did
not yield be�er results. This is par�ally due to the limited amount of heterozygotes that could
be iden�fied using WES data and par�ally to the overall limited amount of LOI. When a linear
modelwas appliedwhich included a correc�on for tumor development, resultswere somewhat
more significant, but s�ll no significant effect of aging could be iden�fied. Though an improved
methodology (sec�on 6.2.3) may have led to a higher power to detect small differences, it is
clear that nomajor age effect was present. Results for the correla�on test and the linear model
with correc�on factor for cancer can be found in the Appendix (tables A.12 - A.15).

4.2 Imprin�ng in whole blood cells

Widespread epigene�c changes have been observed during aging. Physiological age predictors
have even been developed based on the methyla�on levels in a selected range of genes. The
link between aging and changes in imprin�ng, however, has been less extensively explored.
In this part of the disserta�on, we will evaluate LOI in func�on of aging based on GTEx whole
blood RNA-seq data, a dataset consis�ng of 338 samples with ages ranging from 20 to 70. The
goal is to evaluate whether the regula�on of imprin�ng starts to gradually slip with aging. If
this were true, imprin�ng may be involved in the development of geriatric diseases.

4.2.1 Iden�fica�on of imprinted genes in whole blood

As a first step, the imprinted genes in blood had to be iden�fied. The imprin�ng detec�on
method based on monoallelic expression as was described Goovaerts (2015) and Goovaerts
et al. (2017) was used. Some modifica�on of the filtering parameters was necessary, however,
due to the lower coverage in the GTEx RNA-seq data compared to the TCGA data. Details on
this can be found in sec�on 6.3.
In total, 101 SNPs, corresponding to 76 genes and addi�onal currently unknown genes, were
iden�fied as puta�vely imprinted loci. Of these, 15 are located in previously reported imprinted
genes. 30 SNPs occurred in known randommonoallelic expression (RME) regions (of which 28
in the HLA-region). Although the la�er are not of interest for our analysis, they confirm that
the detec�on method works, as random monoallelic expression cannot be discriminated from
imprin�ng without addi�onal parent-of-origin data. The list of all discovered SNPs is given in
table B.1. Prior evidence of puta�vely imprinted genes that are not known RME genes is given
in table 4.12.
Different amounts of imprin�ng and degrees of LOI were observed among the puta�vely im-
printed SNPs. Based on the allelic PMF plots, imprin�ng was rarely complete as depicted in
4.5a. For our research ques�on, however, this is not necessary, as our hypothesis of LOI as a
func�on of aging requires some relaxa�on in the imprin�ng regula�on. Some genes showed
widespread, but slight loss of imprin�ng as shown in figure 4.5b. Most, however, could not
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Figure 4.5: Different PMFs of puta�ve imprinted genes in whole blood samples. For some SNPs imprint-
ing is complete (a), others have a slight loss of imprin�ng (b), while for most SNPs loss of imprin�ng is
more variable (c).

be completely fi�ed in a par�al imprin�ng PMF and demonstrated more extensive LOI in vary-
ing degrees, as is illustrated in figure 4.5c. The last two types are the most interes�ng for our
research ques�on, although it is likely that they also include false posi�ve results.

Table 4.12: Prior knowledge of imprin�ng of puta�ve imprinted genes found using GTEx whole blood
RNA-seq data. SNPs that could not be linked to a gene ID and genes with prior knowledge about random
monoallelic expression were filtered out.

Gene SNPs Prior knowledge
NMNAT1 rs10779735
LOC105378645,TFAP2E rs6425948
BMP8A, PPIEL rs1727098 (Docherty et al., 2014), (Baran et al., 2015),

(Santoni et al., 2017)
FCGR3B rs143959334
LGALS8, LOC107985367 rs71642853 (Metsalu et al., 2014)
LOC105374466 rs232553
CYTOR, LOC101928152 rs200640242
PAX8, PAX8-AS1 rs13431315 (Jirtle et al., 2011), (Green et al., 2015),

rs7585510 (Babak et al., 2015), (Santoni et al., 2017)
CASP8 rs7578639
ARPC2 rs7600989
C3orf20 rs1574575
BTNL3 rs201319847 (Jirtle et al., 2011)
TRIM41 rs2546390
ATXN1 rs76654064
LOC105377884, LOC105377885 rs6931165
LOC105377885 rs9344779
LOC101926963, PRKAR1B rs28715444
LOC105375130 rs4236317
ZSCAN25 rs10282706

rs1859690
rs3735453

MGAM rs10271669
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PTPRN2 rs3189441 (Brideau et al., 2010), (Jirtle et al., 2011)
MYOM2 rs17854780 (Jirtle et al., 2011), (Baran et al., 2015)

rs2280903
rs2280904

DDX58, LOC105376014 rs10363
IDI1 rs67696450
TMEM138 rs1037448
LOC100130987,POLD4 rs2514258
SNRPN,SNURF rs2554426 (Babak et al., 2015), (Santoni et al., 2017)
SORD rs2229659
LOC107984756,SLC12A1 rs1531916
SLC12A1 rs74011991
ANP32A rs1551342
HEXA rs11629508
ARHGAP17 rs7199435
MAP1LC3B rs4843607
DNAH17 rs11649879
ANKRD27 rs10553
SIRT2 rs10405150
SIGLEC12 rs57043266
ZNF331 rs8109631 (Pollard et al., 2008), (Babak et al., 2015),

rs8110538 (Santoni et al., 2017)
KIR2DL2, KIR2DL3, rs2365234
KIR2DS3, KIR2DS5
HM13 rs6058058 (Babak et al., 2015)

rs6059870
rs6059873
rs6059874

GNAS rs5583010 (Babak et al., 2015)
NTSR1 rs2427443

rs2427444
GSTT1,GSTT1-AS1 rs4630
NUP50 rs226523

4.2.2 Loss of imprin�ng and aging

The detec�on of LOI as a func�on of agingwas combinedwith a differen�al expression analysis.
A linear model of the log counts in func�on of aging (log(expression + 0.5) age) and logis�c
regressionmodels of the allele counts were fit to the data and the significance of the age effect
evaluated (equa�on 4.1). No�ce that the P (nA, nB) here is the same one as was defined in
equa�on 2.2.

log

(
P (nA, nB)

1− P (nA, nB)

)
= β0 + βage · Age (4.1)

This approach contrasts to the AR-based correla�on analysis that was used in sec�on 4.1.6. The
new approach, however, accounts for the coverage of the data points, reducing the weight of
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Figure 4.6: Allelic ra�o as a func�on of age for SNP rs6059873 of the HM13 gene. Dot size corresponds
to coverage, while color intensity of the halos indicates the number of samples that support the obser-
va�on.

the AR-values with low coverage. More informa�on on this can be found in sec�on 6.3.2. Re-
sults can be found in table 4.13. SNPs of the HLA-region were not included in this analysis.
SNPs with low coverages or insufficient amounts of LOI are at the bo�om of the table. No val-
ues were calculated for these SNPs.
Equal amounts of up and downregula�on were linked to age. Also, imprin�ng was approxi-
mately equally up and downregulated (no�ce that upregula�on of imprin�ng with age corre-
sponds to nega�ve βage- values). As our goal is to discover genes that might be involved in
the development of geriatric diseases, we are mainly interested in genes with LOI in func�on
of aging in combina�on with increased expression levels. Two SNPs of HM13 and one SNP
of MYOM2 are found to be regulated this way. This are both known imprinted genes. How-
ever, two addi�onal SNPs of MYOM2 are significantly correlated to decreased LOI with aging,
although increased expression is more consistent among SNPs. The remaining SNPs of HM13,
however, are more compa�ble with what was observed for the significantly linked SNPs of this
gene. A plot demonstra�ng the correla�on between age and AR for the most significant SNP
of HM13 is given in figure 4.6. Its correla�on between age and expression is depicted in figure
4.7.

Table 4.13: Regression values and adjusted p-values for age in a linear regression model of
log(expression + 0.5) and a logis�c regression model of the AR. Blanks in the Gene-sec�on represent
SNPs that could not be linked to currently known genes.

Expression LOI based on AR
SNP Gene βage p.adj βage p.adj
rs10271669 MGAM −0,189 3,190 · 10−03 0,031 2,760 · 10−110

rs57043266 SIGLEC12 0,070 3,480 · 10−01 0,049 1,200 · 10−10

rs7585510 PAX8, PAX8-AS1 −0,030 6,920 · 10−01 −0,029 4,400 · 10−08

rs2280903 MYOM2 0,203 6,150 · 10−03 −0,027 4,230 · 10−07

rs3189441 PTPRN2 −0,090 2,250 · 10−01 0,047 5,530 · 10−07
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rs13431315 PAX8, PAX8-AS1 −0,147 2,810 · 10−02 −0,026 5,320 · 10−05

rs2427444 NTSR1 −0,119 9,100 · 10−02 −0,026 7,070 · 10−05

rs12461329 0,085 2,590 · 10−01 −0,019 4,550 · 10−04

rs11649879 DNAH17 −0,066 3,550 · 10−01 −0,025 1,420 · 10−03

rs1574575 C3orf20 −0,301 8,070 · 10−06 −0,021 1,680 · 10−03

rs60655294 −0,095 3,210 · 10−01 0,029 3,640 · 10−03

rs1859690 ZSCAN25 0,071 3,220 · 10−01 −0,033 4,350 · 10−03

rs232553 LOC105374466 −0,028 7,330 · 10−01 −0,016 4,480 · 10−03

rs17854780 MYOM2 0,178 6,710 · 10−03 −0,009 1,370 · 10−02

rs6059873 HM13 0,229 1,980 · 10−04 0,021 1,370 · 10−02

rs2280904 MYOM2 0,141 6,950 · 10−02 0,023 1,500 · 10−02

rs7769143 −0,060 4,870 · 10−01 0,025 2,590 · 10−02

rs1807733 −0,147 2,810 · 10−02 −0,016 2,590 · 10−02

rs7324049 <0,001 1,000 · 10+00 −0,021 2,780 · 10−02

rs61999678 0,071 3,480 · 10−01 −0,012 3,950 · 10−02

rs8109631 ZNF331 0,265 5,790 · 10−05 −0,019 3,980 · 10−02

rs6059874 HM13 0,234 1,360 · 10−04 0,015 5,100 · 10−02

rs12973147 0,117 1,070 · 10−01 −0,015 6,140 · 10−02

rs78712310 −0,030 6,970 · 10−01 0,016 7,410 · 10−02

rs201319847 BTNL3 −0,130 1,250 · 10−01 0,013 7,410 · 10−02

rs9897934 −0,123 1,690 · 10−01 0,014 7,510 · 10−02

rs4843607 MAP1LC3B 0,165 1,040 · 10−02 −0,012 7,510 · 10−02

rs6058058 HM13 0,188 3,240 · 10−03 0,016 1,010 · 10−01

rs1551342 ANP32A −0,183 6,030 · 10−03 −0,013 1,310 · 10−01

rs4714443 0,057 4,210 · 10−01 −0,009 1,360 · 10−01

rs6931165 LOC105377884, −0,104 2,590 · 10−01 0,019 1,360 · 10−01

LOC105377885
rs1727098 BMP8A, PPIEL 0,142 2,630 · 10−02 −0,009 1,550 · 10−01

rs7199435 ARHGAP17 0,234 4,790 · 10−04 0,015 2,450 · 10−01

rs2365234 KIR2DL2, KIR2DL3, 0,350 2,590 · 10−07 0,006 2,450 · 10−01

KIR2DS3, KIR2DS5
rs200640242 CYTOR, 0,071 3,210 · 10−01 −0,010 2,450 · 10−01

LOC101928152
rs2229659 SORD 0,010 8,800 · 10−01 −0,011 2,590 · 10−01

rs1037448 TMEM138 0,123 6,880 · 10−02 0,009 3,320 · 10−01

rs28715444 LOC101926963, −0,034 6,470 · 10−01 −0,012 3,370 · 10−01

PRKAR1B
rs6924693 −0,204 3,240 · 10−03 −0,007 3,580 · 10−01

rs7600989 ARPC2 −0,281 1,830 · 10−05 −0,009 4,510 · 10−01

rs7774773 −0,071 3,370 · 10−01 0,007 5,190 · 10−01

rs9344779 LOC105377885 −0,092 3,330 · 10−01 −0,008 5,390 · 10−01

rs12973337 0,067 3,550 · 10−01 0,005 6,470 · 10−01

rs4630 GSTT1, GSTT1-AS1 0,095 1,890 · 10−01 0,004 7,120 · 10−01

rs226523 NUP50 0,276 1,360 · 10−04 −0,005 7,120 · 10−01

rs114693598 −0,082 3,480 · 10−01 0,006 7,350 · 10−01

rs10363 DDX58, −0,106 1,250 · 10−01 −0,002 7,440 · 10−01
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LOC105376014
rs10779735 NMNAT1 −0,207 2,160 · 10−03 0,004 8,600 · 10−01

rs67696450 IDI1 0,056 4,340 · 10−01 −0,002 8,890 · 10−01

rs4236317 LOC105375130 0,241 7,790 · 10−04 0,002 8,890 · 10−01

rs2058429 KLRB1 0,204 3,240 · 10−03 0,002 8,890 · 10−01

rs76654064 ATXN1 0,015 8,270 · 10−01 −0,001 8,890 · 10−01

rs16998334 0,160 2,600 · 10−02 −0,003 8,890 · 10−01

rs6059870 HM13 0,174 6,020 · 10−03 −0,002 8,890 · 10−01

rs6425948 LOC105378645, 0,016 8,270 · 10−01 0,001 8,890 · 10−01

TFAP2E
rs2427443 NTSR1 −0,085 2,520 · 10−01 −0,002 8,890 · 10−01

rs11629508 HEXA 0,041 5,470 · 10−01 −0,002 8,890 · 10−01

rs10282706 ZSCAN25 −0,043 5,470 · 10−01 −0,003 8,890 · 10−01

rs3735453 ZSCAN25 −0,004 9,630 · 10−01 −0,002 8,890 · 10−01

rs4962044 −0,245 1,360 · 10−04 0,002 8,890 · 10−01

rs10405150 SIRT2 0,132 5,070 · 10−02 0,001 9,210 · 10−01

rs10553 ANKRD27 0,028 6,940 · 10−01 0,000 9,520 · 10−01

rs7578639 CASP8 −0,148 2,750 · 10−02 0,001 9,520 · 10−01

rs7187018 XYLT1 NA NA NA NA
rs2554426 SNRPN, SNURF NA NA NA NA
rs1531916 LOC107984756, NA NA NA NA

SLC12A1
rs74011991 SLC12A1 NA NA NA NA
rs8110538 ZNF331 NA NA NA NA
rs55830103 GNAS NA NA NA NA
rs2514258 LOC100130987, NA NA NA NA

POLD4
rs143959334 FCGR3B NA NA NA NA
rs2546390 TRIM41 NA NA NA NA
rs71642853 LGALS8, NA NA NA NA

LOC107985367
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Figure 4.7: Log expression as a func�on of age for SNP rs6059873 of theHM13 gene. Each dot represents
an observa�on.
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Chapter 5

Discussion

5.1 LOI-associated differen�al expression and methyla�on in

breast cancer

Table 4.2 demonstrates that the transi�on from normal cell to cancer cell is accompanied by
huge reorganiza�on of the cellular metabolism. Here, changes in about 80% of all genes were
observed for breast cancer. Most tes�ng procedures, however, are not fully equipped to han-
dle these amounts of differen�al expression. Yet, highly similar results were obtained when
this was validated with addi�onal methods (see sec�on 6.2.1), confirming our results. Sur-
prisingly, one and a half �mes more upregula�on than downregula�on of the genes occurred.
This also adds a difficulty to DE tes�ng. In a study conducted by Soneson and Delorenzi (2013),
however, performance of both EdgeR and DESeq2 suffered li�le under increased rate of differ-
en�ally expressed genes. A combina�on of more DE genes and DE occurring exclusively in one
direc�on, did increase the false discovery rate. This wasmainly due to a shi� in themean of the
expression values. Here, however, there is a modest imbalance between up and downregula-
�on, but no exclusive direc�on. Density plots of tumor and control pa�ents (figure A.1) show
no excessive difference in distribu�on of expression values and distribu�ons are not extremely
shi�ed a�er normaliza�on. We can therefore assume that the number of false discoveries in
this case is limited.
The degree of dysregula�on in breast cancer development, though, is too extensive to exam-
ine thoroughly within the context of this study. Nevertheless, when introducing the 25 most
significantly upregulated genes for biological process enrichment analysis in Lynx, top scoring
processes involved cellular division and cell cycle regula�on (Sulakhe et al., 2014). This is con-
form towhat is expected, as excessive growth is one of the key features of tumor development.
Alterna�vely, no significant biological processes could be linked to the top 25most significantly
downregulated genes, although signaling pathways hovered at the top.
As imprinted genes are very important players in the regula�on andmetabolism of the cell, it is
not surprising to see that they, too, are impacted by tumor development. Although no differ-
ence in differen�al expression frequency was observed, they did show a surprising amount of
downregula�on. Imprinted genes were two and a half �mes more frequently downregulated
than upregulated, which is in high contrast to the trend that was observed over all genes. It
also deviates from what was expected, as frequently tumor development is linked to loss of
imprin�ng. LOI was found in H19, IGF2, ZNF331, PEG10, MEG3, MEST and ZDBF2. Yet, up-
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regula�on was only observed for HM13 and PEG10. A possible explana�on for this is that LOI
is not uniform over all subtypes, as was observed in the LOI analysis conducted by Goovaerts
et al. (2017). When this occurs, elevated expression of LOI subtypes can be masked by sub-
types without LOI. This, however, was disproved with our differen�al expression analysis on
subtype level (tables 4.3 to 4.6 and table A.1). Although fold changes between different sub-
types some�mes varied considerably, direc�ons of DE of genes in which LOI was observed with
cancer development, were remarkably stable. Only IGF2 in the basal-like subtype differed from
what was observed in the other subtypes. This, however, was not completely conform to the
LOI that was observed in this gene, as upregula�on in the basal-like subtype was rather lim-
ited and substan�al downregula�on was observed in the HER2-enriched subtype, which also
showed LOI.
Further explana�ons for the unexpected differen�al expression of imprinted genes with LOI
were explored. One strategy was to observe LOI-specific expression changes. We had to focus
our research par�cularly on heterozygous samples, as LOI cannot be iden�fied for homozygous
samples. The subsequent differen�al expression analysis between LOI and not-LOI samples,
however, was greatly limited due to loss of data when whole exome sequencing-based geno-
types were included (see sec�on 4.1.3).
Informa�ve results for DE analysis between LOI and not-LOI samples could only be obtained for
ZNF331 and HM13 (table 4.10). The data for ZNF331 suggests that main differences in expres-
sion levels are linked to tumor development, which causes reduced expression of the gene.
However, significantly lower expression of LOI samples compared to not-LOI samples is ob-
tained, which contradicts our ini�al expecta�ons. Possibly, loss of imprin�ng and observed AR
values were derived from decreased expression levels. When both alleles are silenced instead
of just the imprinted copy, chances of observing either copy become more similar. This could
result in the detec�on of more heterozygous expression. In a previous study on IGF2 similar re-
sults were obtained, as decreased expression was observed in LOI cancer samples (Zhao et al.,
2009). Addi�onally, LOI in tumor samples was also linked to increased survival rates compared
to tumor samples without LOI without LOI. Yet, elucida�on of the exact mechanism underlying
our and earlier findings clearly requires addi�onal study.
For HM13, LOI can be linked to upregulated expression between tumor and control samples.
That being said, this does not prove that LOI of HM13 is beneficial for tumor development, as
it is not unlikely that changes in the metabolism of cancer cells allow imprin�ng regula�on of
HM13 to slip. Although no significant LOI was observed for KRR1/GLPR1 by Goovaerts et al.
(2017), LOI samples (iden�fied using an independent defini�on, see sec�on 6.2.1) were abun-
dantly present. The analysis did point out a significant difference in expression between control
samples and LOI tumor samples, though the rela�onship could not be confidently a�ributed
to tumor development nor to LOI. For ZDBF2, H19, USP3P2 and TPSB2 the Kruskal-Wallis test
indicated no significant changes between subgroups. This is most likely due to high varia�on
of expression levels accompanied by small subgroup size.
Subsequently, differen�al methyla�on of puta�ve imprin�ng regula�ng CpG sites was stud-
ied. We should first no�ce that mostly methyla�on levels in promoters are associated with
expression. Here, probes with 50% methyla�on were selected, rather than promoter probes.
As the occurrence of 50% methyla�on is very rare, however, we an�cipate that these probes
are linked to expression. S�ll, there is no guarantee that 50% methyla�on solely corresponds
to monoallelic methyla�on.
When looking at the results, extensive changes in methyla�on levels of MAM CpG sites of LOI
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genes occur with tumor development (table 4.11). However, overall expression levels did not
en�rely match with what was observed in the CpG sites, nor did differen�al methyla�on always
explain LOI. Overall, we can say that the interpreta�on of methyla�on levels of MAM CpG sites
remains a complex ma�er. In some cases, differen�al methyla�on levels reflect LOI, in others it
is more in concordance with expression levels. Some cases seem to correspond to both, while
others to neither. However, we should no�ce that possibly the ICRs of the imprinted genes
were not included in this analysis, as the loca�on of most of these are not yet known and thus
probably not assigned to its corresponding gene(s). For instance, we know that H19 and IGF2
are regulated by the same ICR. Yet, no CpG sites were linked to both H19 and IGF2. Possibly,
ICRs are the remaining piece of the puzzle that is needed to make sense of the data and formu-
late a clearer interpreta�on of the differen�al methyla�on levels. The differen�al methyla�on
levels that we observed, however, largely correspond to the differen�al methyla�on in breast
cancer observed by Kim et al. (2015). Only IGF2, which they found to be hypermethylated, has
decreased methyla�on levels in our analysis. This is probably due to the use of different CpG
sites, as they mainly focused on CpG sites in the promoter region and imputed ICRs based on
mouse data. Also, changes in HM13, ZNF331 and ZDBF2 were not studied in Kim et al. (2015).
Addi�onally, we should remark that the original Infinium methyla�on BeadChip dataset con-
sisted of over 800 samples, yet only 207 could be linked to our samples. As we know that no
new samples have been added, this is probably due to renaming of the samples when the TCGA
downloading so�ware was updated. Re-execu�ng this analysis on the whole dataset when all
samples have been iden�fied, may clarify this ma�er.

5.2 Imprin�ng detec�on

As was demonstrated in sec�on 4.1.3, the use of the AR based on RNA-seq data is a reliable
indicator for heterozygosity. Coverages of RNA-seq data are usually considerably higher than
whole exome sequencing data or whole genome sequencing data. This results in more reli-
able detec�on of heterozygotes. Consequently, absence of heterozygous expression is a valid
measure for homozygosity or monoallelic expression. Based on this, we can conclude that the
combined use of genotyping data and RNA-seq data - as is done in most imprin�ng detec�on
methods - is unnecessary for the predic�on of imprinted genes. Although genotyping data is an
extra valida�on step, low coverage both leads to less reliable genotyping data as well as a de-
crease in the available samples and SNP loci. On top of that, intronic SNPs as well as unknown
transcriptwill not be (sufficiently) covered byWES. Using an imprin�ng detec�onmethod solely
based solely on RNA-seq data will thus cover more loci and will usually have higher coverage,
which is very important for the correct iden�fica�on of heterozygotes.
Although we only proved that AR-values can be used to iden�fy heterozygotes, we did not
study the performance of heterozygote detec�on in a se�ng without imprin�ng. However,
both the study of Goovaerts (2015) as well as in this thesis, only a limited amount of SNPs out
of ten thousands of SNP loci were selected as puta�vely imprinted. This in itself is enough proof
that RNA-seq based methods perform well enough on a popula�on level to separate biallelicly
expressed genes from more unusual instances, like monoallelic expression.
In the results sec�on we described how we a�empted to detect imprin�ng in blood samples.
For many of the retrieved loci, there was already clear evidence in literature for imprin�ng
(e.g. HM13, GNAS, SNRPN/SNURF, etc.) or for random monoallelic methyla�on (e.g. the HLA-
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Figure 5.1: The distribu�on of allele frequencies for a SNP of H19. Although clearly no typical het-
erozygous expression distribu�on is present, loss of imprin�ng was too extensive to consider H19 as an
imprinted gene.

Figure 5.2: Illustra�onof a par�al imprinted gene (a) and a genewith a possiblemixturemodel (b). While
example (a) has two heterozygous peaks at about 0.25 and 0.75, example (b) has several heterozygous
distribu�ons at about 0.1, 0.3, 0.5, 0.7 and 0.9. Both examples had a median coverage of 10.

region). When comparing to the research of Baran et al. (2015), who used the same dataset,
only two of their final list of five imprinted genes were found (e.g. ZNF331 and SNRPN). In
this thesis, UTS2 did not survive the first selec�on rounds based on coverage, minor allele fre-
quency and sequencing error rate. H19 and MEG3 were filtered out based on too high rates
of LOI and inferior goodness of fit, an example of the PMF of a H19 SNP is given in figure 5.1.
On the other hand, other well-known imprinted genes, like HM13 and GNAS, were found here
that were not recovered by Baran et al. (2015).
The high degree of LOI in imprinted genes in whole blood, however, is striking. This is proba-
bly partly due to the different types of white blood cells that are present among whole blood
samples. Evidence for this can be found in the mixture model-like distribu�on of some genes
(figure 5.2b). The results, however, demonstrate that the method is able to detect imprinted
genes. Nevertheless, although the selec�on parameters were tuned to select genes that show
signs of imprin�ng whilst filtering out allele specific expressed genes, some ques�onable cases
managed to slip through. The most explicit of these is depicted in figure 5.3. Although it is
possible that very limited par�al imprin�ng is present, this is very unlikely. It was probably
kept due to unexpected low coverage of heterozygotes among the samples. The most promi-
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Figure 5.3: Example of puta�ve imprinted SNP that is most probably not imprinted, but selected due to
an unexpected low amount of heterozygotes or unusual broad distribu�on of the heterozygous frac�on.

nent reason for false discoveries here is the overall low sequencing depth for the GTEx blood
samples, which makes accurate detec�on of heterozygotes more difficult. Further fine tuning
of the parameters or incorpora�on of new filtering criteria should be considered in further re-
search to avoid selec�ng dubious SNPs like MGAM.
Addi�onally, we should no�ce that there is a large frac�on of SNPs that could not be linked
to a currently known genes. Although the discovery of these SNPs is an advantage of the used
method, it is hard to validate the results. Possibly, these SNPs are part of undiscovered protein-
coding genes or ac�ve RNAs, like lncRNA. However, it is also likely that false discoveries were
made due to mapping bias or sequencing errors.
As imprin�ng results in a peculiar distribu�on of the heterozygotes in the PMF, this trait was
used to detect imprinted genes. Yet, as different amounts of par�al imprin�ng need to be cov-
ered, this opens up the path for the detec�on of other allele biased phenomena. Here, we
adjusted the parameters specifically to limit the recovery of asymmetric allele expression. This
can be caused by numerous phenomena, like allele specific or preferen�al allele expression,
cis-regulatory variants and non-sense mediated decay. However, other non-imprin�ng regu-
lated genes with a similar expression pa�ern, like random monoallelic expression, can only be
discriminated from imprinted genes based on addi�onal data.

5.3 LOI with aging

When a correla�on test between LOI (based on AR) and age was computed on the TCGA breast
data, li�le correla�on could be found. Although tumor development could cover up some
effects of aging, the main limita�ons occurred due to high variability of AR in low coverage
samples. Addi�onally, power was restricted both in the heterozygote-based analysis as well as
when all samples were included. The first analysis experienced major loss of data and limited
number of tes�ng samples due to the incorpora�on of WES-based genotypes and filtering of
heterozygotes. Analysis on the la�er was greatly restricted by zero-infla�on.
Therefore, the approach for detec�on of LOI in func�on of aging needed to be altered dras�-
cally. The new approach is based on a logis�c regression model (more details on this can be
found in sec�on 6.3.2). It no longer needsWES data and is less sensi�ve to the AR variability of
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low coverage samples. An addi�onal expression analysis was included to make an easy com-
parison between observed LOI and expression in func�on of age.
A lot of SNPs showed a significant correla�on between LOI and age. The gene withmost signifi-
cant correla�on between LOI and aging isMGAM. This gene, however, was previously discussed
as most probably a false discovery. The detec�on of MGAM here was mainly due to some con-
founding factors that are present among the data. One of these is the fact that there are three
�mes as much samples of age 45 and older compared to younger samples. The probability of
observing a heterozygote sample (and also LOI sample) in the elder age group is thus much
higher. However, LOI was observed six �mes more frequently in the elder age group. A biolog-
ical effect is thus clearly present.
As was men�oned before, different types of white blood cells are present in whole blood
samples. Mostly neutrophils (50-70%) and lymphocytes (25-35%), but also monocytes (4-6%),
eosinophils (1-3%) and basophils (0.4%) are present among the white blood cell popula�on. If
these different cell types are featured by different imprin�ng pa�erns, the occurrence of mix-
ture models in our imprinted set could be explained. Addi�onally, changes in the distribu�on
of white blood cell types as a func�on of aging could explain the extensive amount of differ-
en�al LOI that was observed. It is known that blood cell type distribu�ons change with aging.
The white blood cell type composi�on of samples can be evaluated based on methyla�on data
(Jaffe and Irizarry, 2014). It is however unclear whether and how this may affect imprin�ng.
When interpre�ng the results, the possible occurrence of ar�ficial effects needs to be taken
into account. When expression decreases as a func�on of aging (based on equal silencing of
both alleles), the previously observed par�al imprin�ng can be affected if the imprinted gene
is no longer detectable, leading to a false conclusion of increased imprin�ng. Addi�onally, in-
creased expression of the ac�ve allele without altera�on of the imprinted allele, will lead to
higher expression levels and an ar�ficial increase of imprin�ng. When mainly the previously
ac�ve allele is silenced, however, this will results in more equal allele expression and thus both
increased LOI and decreased expression will be observed. Although these effects also alter the
perceived LOI, they are not of interest within the scope of this research.
In this study, however, we are mainly interested in genes of which the previously silenced allele
is re-expressed, thus resul�ng in upregula�on of expression levels with age. When selec�ng
only those SNPs with posi�ve and significant regressors for both expression and LOI, HM13 and
MYOM2 remain of interest. MYOM2 seemed to have a posi�ve correla�on with age, but this
could not be reproduced in the other SNPs. Contras�ngly, although only two of the four SNPs
of HM13 demonstrated significant values for both LOI and expression, the others two SNPs also
showed significantly higher expression with age. On top of that, the two SNPs that were not
associated with LOI as a func�on of age, exhibit lower coverages and minor allele frequencies
(and thus less heterozygotes). HM13 thus shows convincing evidence of a correla�on between
LOI and aging. Not surprisingly, HM13 was also found as an LOI gene in the breast cancer study
and was linked to tumor development in previous research (Nguyen et al., 2014; Wei et al.,
2017). However, it is also closely linked to the immune system and especially lymphocytes
(Weihofen et al., 2002). Possibly, changes are due to the previously men�oned redistribu�ons
of white blood cells with aging. Further research on the composi�on of whole blood in the
GTEx samples and the determina�on of imprin�ng levels of HM13 in the individual cell types
is required to evaluate its correla�on with aging.
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5.3.1 Conclusions

Wecan thus conclude that although imprin�ng is a crucial part of development andmetabolism
of the cell, detec�on of imprinted genes and evalua�on of its deregula�on is a complex mat-
ter. Tradi�onal imprin�ng detec�on methods include both genotyping and RNA-seq data. In
this thesis, we confirmed that the discovery of imprinted genes based on solely RNA-seq and
monoallelic expression gives valuable results with a broad range of detec�on. Efficiency of
imprin�ng discovery, however, is dependent on the size and characteris�cs of the individual
dataset. For the GTEx analyses, the original imprin�ng detec�on method of Goovaerts (2015)
and updated parameters of Goovaerts et al. (2017) needed to be adjusted and complemented
by addi�onal filtering criteria based on the needs of the available data.
Also allelic expression ra�os have proven to be useful indicators for the dysregula�on of im-
prin�ng. In this thesis, however, we have found a substan�al effect of expression levels on
the allelic ra�os. These effect have to be taken into account during the interpreta�on of the
results.
Of the LOI genes in breast cancer that were observed by Goovaerts et al. (2017), only PEG10
and HM13 showed clear evidence of increased expression with LOI. The used MAM CpG sites
of these genes, however, could not confirm loss of imprin�ng. Possibly, the main controlling
CpG islands (in the ICRs of these genes) were not included in the analysis. For H19, IGF2 and
ZDBF2, reduced expression in cancer samples was found. Methyla�on levels, however, were
decreased, conform with LOI. Also MEG3 and MEST were found to be downregulated in can-
cer �ssue. This reduced expression was supported by decreased methyla�on of the MAM CpG
sites of these genes. Although observed LOI of imprinted genes differed among cancer sub-
types, these conclusions were poorly reflected in expression nor methyla�on data.
In summary, these results suggest that loss of imprin�ng is relevant in tumor biology, yet is
not necessarily associated with increased expression. This conclusion is in line with Zhao et al.
(2009), who performed LOI analyses solely for IGF2. Addi�onal research is required to evaluate
whether this conclusion is indeed accurate, and to provide alterna�ve explana�ons.
Finally, in whole blood data, several known imprinted genes and random monoallelically ex-
pressed genes were discovered. Rela�vely large frac�ons of LOI and par�al imprin�ng were
found. When a correla�on between LOI and age was explored, convincing evidence was found
for HM13. Whether LOI in this gene is really linked to aging, however, will need to be validated.
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Chapter 6

Material and methods

6.1 Data

For the differen�al expression analysis of breast cancer �ssue, mul�ple data sources were com-
bined. For the SNP-based analysis, RNA-seq BAM-files of 113 control samples and 506 tumor
samples were downloaded from TCGA using the GDC Data Portal. Of this original sample set,
also whole exome sequencing BAM-files were available for 93 of the 113 control samples and
463 of the 506 tumor samples. Raw gene counts for breast �ssue samples were available on
the GDAC Firehose data portal (Firehose Broad GDAC, 2016). These contained gene counts for
100 of the 113 control samples and 467 of the 506 tumor samples. Addi�onally, in the TCGA
Infinium BeadChip methyla�on data 207 tumor samples and 84 control samples of our ini�al
sample set could be iden�fied. At last, breast cancer subtypes based on the PAM50 classifier
were obtained for all samples from the UCSC cancer genome browser (bron)
The iden�fica�on of imprinted SNPs in blood was performed on RNA-seq data of 338 whole
blood samples which were available from the GTEx consor�um. SAM-files were downloaded
from NCBI dbGaP using samdump from the SRA-toolkit. These contained 76 bp paired end
reads, mapped on the hg19 human reference genome. Annota�on files were downloaded us-
ing Aspera Connect.
Permission to use the raw sequencing data for the purpose of imprin�ng studies was granted
by TCGA resp. GETx to the research group of the promoter upon applica�on.
The code used for this thesis and the Appendix are available on https://github.ugent.be/
bw10master/2016_Vandenbussche_Chari.

6.2 TCGA breast �ssue

6.2.1 Differen�al expression analysis

A first explora�on of the differen�al expression between control samples and breast cancer
cells was executed using raw gene counts. They were loaded into R and normalized using the
EdgeR trimmedmeanM-values normaliza�on. Differen�al expression on gene level was tested
by the standard EdgeR tes�ngprocedure and FDR-correctedusing theBenjamini-Hochberg (BH)
procedure (Benjamini and Hochberg, 1995; Robinson et al., 2010). Corrected p-values of less
than 0.05 were considered significant. Density plots of before and a�er normaliza�on showed
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one outlier in the control samples (figure A.1). As the outlier was less pronounced a�er library
size correc�on and the effect of one outlier on 100 samples is minimal, the sample was not
removed from the dataset.
The results showed an unexpected amount of upregula�on of genes between cancer �ssue
and control samples compared to downregula�on. To make sure that this is a biological effect,
irregulari�es were evaluated using an MA-plot (figure A.2). The MA-plot showed no ar�facts,
indica�ng that large amounts of DE were not due to bad normaliza�on or processing proce-
dures. As EdgeR analysis assumes that most genes are not differen�ally expressed, the results
were also validated and confirmed by the DESeq2 analysis procedure DE analysis based on
RSEM values (results not shown) (Love et al., 2014). Differen�al expression of imprinted genes
as a func�on of cancer subtype was tested using a two-sided Wilcoxon rank sum test on the
EdgeR normalized counts per million (cpm) values. Obtained p-values were corrected for mul-
�ple tes�ng using Benjamini-Hochberg (table A.1).
For the analysis on SNP level BAM-files of RNA-seq data were downloaded and filtered by
Goovaerts et al. (2017) using a process very similar to what is described for the GTEx data in
sec�on 6.3. Uniquely mapped read counts of all dbSNP loci were used. Raw SNP counts were
rescaled and further normalized using the norm factors and library sizes which were obtained
at the gene level by EdgeR. Differen�al expression between control samples and individual sub-
types was tested on SNP level with aWilcoxon rank sum test. P-values were FDR-corrected over
all tests using BH. Overall cpm values per gene in tables 4.3-4.6 were derived from the sum of
SNPs per gene. Mean cpm values were calculated over all samples. LOI p-values per SNP were
predicted by and adopted from Goovaerts et al. (2017). Informa�on on the loca�on of SNPs in
different introns and exons was derived from NCBI GeneView (Thomas et al., 2012).
For differen�al expression analysis of LOI, the samples needed to be grouped in LOI and not-LOI
samples. Using expression data, LOI can only be iden�fied in heterozygote samples. We hence
focused on heterozygotes only. Whole exome sequencing BAM-files were downloaded and
processed by Goovaerts et al. (2017). Heterozygotes for the dbSNP loci were iden�fied by Se-
qEM. Also the genotypes of RNA-seq data, which were used for the comparison between both
data sets in sec�on 4.1.3, were called by Goovaerts et al. (2017) using SeqEM. LOI sampleswere
defined as samples with a heterozygous WES-based genotype and an AR of 0.2 or more. Not-
LOI heterozygotes, conversely, were samples with a heterozygous WES genotype and an AR of
0.2 or less. A raw count threshold of 6 per SNPwas used to limit loss of data, as was discussed in
sec�on 4.1.3. The combina�on of genotyping data and an AR-threshold was used to make the
iden�fica�on of LOI-samples less sensi�ve to sequencing errors. When no LOI heterozygotes
were found amongst the control samples, we assumed LOI did not occur in control�ssue and all
control samples were considered to be not-LOI. Though this assump�onmay not be completely
valid, we reasoned that the gain in power (cf. sec�on 4.1.3) largely outweighed poten�al noise
through the unlikely introduc�on of LOI samples Expression values were the same as the ones
that were used for the SNP subtype analysis. The groups were split into LOI tumor, not-LOI
tumor, LOI control and not-LOI control samples. Overall differen�al expression between all
subgroups was tested with a Kruskal-Wallis test. When FDR-corrected Kruskal-Wallis p-values
were smaller than 0.1, enough evidence for differen�al expression among subgroups was as-
sumed to further explore the changes between the subgroups with a Dunn’s test. Dunn’s test
p-values were not further FDR-corrected as the remaining number of tests performed was very
small.
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6.2.2 Differen�al methyla�on analysis

The differen�al methyla�on analysis was executed on InfiniumHumanMethyla�on 450K Bead-
Chip data. These data consist of rela�vemethyla�on levels (values between 0 and 1) of 486,428
CpG sites. No addi�onal normaliza�on was performed on the methyla�on levels, as they are
already implicitly normalized (given that methyla�on and non-methyla�on intensi�es aremea-
sured on the same array), and were only compared between samples and not between sites.
CpG sites with a methyla�on level between 0.4 and 0.6 were considered to be monoalleli-
cally methylated. Differen�al methyla�on of monoallelically methylated CpG sites linked to LOI
genes between control samples and tumor subtypes was evaluated using a two-sidedWilcoxon
rank sum test. P-values were FDR-corrected with BH over all subtypes.

6.2.3 LOI in func�on of aging

A correla�on test between LOI and age was executed on the imprinted genes. Tumor and
control samples were merged for this analysis, as we assume LOI in func�on of age does not
necessarily lead to tumor development. Ages in the TCGA dataset ranged from 27 to 90.
Allele counts based on the TCGA BAM-files were determined by Goovaerts et al. (2017) and
were filtered to only contain samples with a minimal coverage of 10 per SNP. For these, an
allelic ra�o was calculated according to formula 2.10. WES genotypes were used to iden�fy
heterozygous samples. A�erwards, a Pearson correla�on test between the AR-values of het-
erozygotes and age was executed for all SNPs of the imprinted genes which had at least 4 avail-
able AR-values and at least one AR-value of 0.2 or more. The same was done for all individuals,
without filtering on heterozygotes. Both setups were also tested once using a linear model
in func�on of age and once with a correc�on factor (dummy variable) for cancer samples. P-
values were FDR-corrected using BH within their test setups. Results are given in the Appendix
(tables A.12-A.15).

6.3 GTEx whole blood

6.3.1 Iden�fica�on of imprinted genes

RNA-seq data of 338 whole blood samples was downloaded as SAM-files. These were pro-
cessed according to the prac�ces applied in Goovaerts (2015). Theywill be shortly recapitalized
here. Only mapped fragments with a minimal quality of 1 were kept to avoid low confidence
mapping, this is in contrast with the use of uniquely mapped fragments in the original method.
Both SNPs and indels were called using samtoolsmpileup and bc�ools. Variant loci which never
had a coverage of 10 or more were filtered out. Finally, the dbSNP reference SNPs were used
as filtering criterion and coverages per allele were computed.
Once the nucleo�de reads per SNP locus were determined, only samples featuring one (ho-
mozygous) or both (heterozygous) reference alleles were kept. An empirical Bayes approach
was implemented to filter out puta�ve heterozygous samples (one standard allele and one non-
standard allele) yet keeping homozygous samples (one standard allele and sequencing errors).
Non-standard allele counts were removed and eventually the reference and alterna�ve allele
of the popula�on were determined based on the highest counts of the remaining nucleo�des.
SNPs with median coverages below 5 or with reads in less than 75 samples were removed. The

63



CHAPTER 6. MATERIAL AND METHODS

remaining SNPs were processed in the standard SeqEM pipeline to obtain es�mated sequence
error rates and allele frequencies of the popula�on. SNPs with an es�mated minor allele fre-
quency of less than 0.1 are filtered out, as they contain too li�le heterozygotes for imprin�ng
analysis. Addi�onally, SNPs with an actual p2 or q2 frequency of less than 0.05 were deleted,
to avoid SNPs with complete allele specific expression or other abnormali�es. Also SNPs with
a sequencing error of more than 0.035 were removed.
Two PMFs were calculated (once without imprin�ng (i = 0) and once with an es�mated im-
prin�ng level î) and compared as was discussed in sec�on 2.4. Computed p-values were only
FDR-corrected with BH a�er addi�onal filtering of unsuitable SNPs.
For filtering, addi�onal parameters were included to detect and remove genes with allelic bi-
ases in the heterozygous frac�on. A first parameter was calculated based on the ra�o of the
sum (or mean) of reference and variance allele frequencies of heterozygous samples and was
termed the log allelic frequency (logAF). Note that the allele frequency (AF ) here refers to the
frequency within a sample and is not the allele frequency (PA) on a popula�on level that was
used in sec�on 2.4.1. Equa�on 6.1 gives its mathema�cal formula�on.

logAF =

�����log2
( n∑

i=1

AFref,i

n∑
i=1

AFvar,i

)����� =
�����log2

(
AF ref

AF var

)�����

with n= the number of samples with at least one count for each allele

AFref,i= allele frequency of the reference allele in sample i

AFvar,i= allele frequency of the variant allele in sample i

AF ref= mean allele frequency of the reference allele

AF var= mean allele frequency of the variant allele

(6.1)

All samples with at least one count for each allele were considered heterozygous in this cal-
cula�on. As this defini�on of heterozygotes makes the method more sensi�ve to sequencing
errors, two variants of the logAF were calculated. This is discussed further below.
The logAF parameter compares allelic frequency distribu�ons of both alleles. In this way, it fil-
ters on symmetry of allelic expression in heterozygotes. For non-imprinted heterozygote sam-
ples, we expect equal expression of both alleles. This would result in allele frequency values
for both alleles distributed around 0.5 and an logAF value of about 0. When par�al imprin�ng
occurs, one allele will have a higher expression than the other on a sample level, but on a pop-
ula�on level both alleles are expected to be found in equal rates. The logAF-value will thus s�ll
be approximately zero. Only when one allele is systema�cally more expressed than the other
will the logAF value increase. Examples of allelic distribu�ons that result in high logAF values
are given in figures 6.1a and 6.2a. Although asymmetric distribu�on of the heterozygotes could
be due to both biological bias (e.g. allele-specific expression) and technological bias (one allele
could be systema�cally missed), we assume that genes with allelic bias are unreliable and thus
unwanted.
The cut-off value for this parameter was set to 0.8. SNPs for which one allele rela�vely occurs
about 75% more than the other in heterozygous samples are removed. However, for high cov-
erage SNPs or a large frac�on of homozygotes, sequencing errors contributed to an enrichment
near the major homozygote peak. This some�mes corrected for an otherwise skewed distri-
bu�on of heterozygote allele frequencies. To avoid the influence of these errors, the same
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Figure 6.1: PMF func�ons of SNPs with an asymmetric distribu�on of the heterozygous frac�on. These
will be filtered out based on the logAF parameter (a) or the AE parameter (b).

parameter was calculated again, but with the exclusion of allele frequencies smaller than 0.05
or greater than 0.95. A so�er threshold of 1 was applied in this case.
Although the logAF parameter checks for similar amounts of expression of both alleles in het-
erozygotes, it can give a false representa�onof symmetrywhen theheterozygote peak is slightly
shi�ed, as is depicted in figure 6.1b. Therefore, an addi�onal parameter was added to check
whether the absolute number of heterozygous samples with a domina�ng allele A and those
with a domina�ng allele B are equal. For this, the number of heterozygotes with an allelic fre-
quency higher than 0.5 was calculated for both alleles and equality was based on the ra�o of
the smallest number divided by the total counts. It was termed the allelic equality (AE) param-
eter and its formula is given in equa�on 6.2. Again, we expect equal amounts of samples with
a domina�ng allele A as samples with a domina�ng allele B. Usual cases thus result in an AE of
about 1. In the most extreme case, one allele never dominates and an AE of 0 is obtained.

AE = 2.
min(nhet,A, nhet,B)

nhet,A + nhet,B

with nhet,A= number of heterozygous samples with a higher expression of allele A

nhet,B= number of heterozygous samples with a higher expression of allele B

(6.2)

To avoid the influences of sequencing errors, the samples with allele frequencies smaller than
0.05 or greater than 0.95 were filtered out. An AE threshold of 0.5 was used. Thus, SNPs of
which the heterozygous frac�on had three �mes as much domina�ng expression of one allele
compared to the other were filtered out.
As low numbers of heterozygous samples can give misguiding AE and logAF values, a minimal
threshold of 10 heterozygotes was used for the calcula�on of the parameter values.
However, evenwhen both filtering criteria are applied, some peculiar distribu�ons are s�ll able
to mislead both parameters. An example of such a distribu�on is given in figure 6.2b. Although
symmetry is completely absent, the amount of heterozygotes at both sides of the plot are com-
parable and will thus mislead AE. At the same �me, the mean of the allelic frequencies will be
pulled considerably towards neutral values, because of the broad distribu�on near 0.5. Luck-
ily, this is an extreme example that does not occur frequently. Addi�onally, limited addi�on or
extrac�on of samples in either of the peaks will make the parameters more able to detect the
asymmetry.
Because SNPs that are filtered out based on the logAF and AE values have substan�al bias in

65



CHAPTER 6. MATERIAL AND METHODS

Figure 6.2: PMF func�ons of SNPs with an asymmetric distribu�on of the heterozygous frac�on. Exam-
ple (a) will be filtered out based on both the logAF and the AE parameter. Example (b) on the other
hand is a peculiar case that possibly will not be caught by either.

their allelic distribu�ons, we suspect that the causa�ve effects influence larger regions than
just that one SNP. This was also observed in the PMF plots. Therefore, when one SNP is filtered
out based on these symmetry parameters, all SNPs for these genes were removed as well. In
order to avoid misrepresenta�on of symmetry in completely imprinted genes or genes with
very few heterozygous samples, SNPs with less than 10 heterozygotes were assigned parame-
ter values far away from the threshold values.
Other parameters that were used for the filtering of the results are the goodness of fit (GOF),
the median imprin�ng and the symmetry parameter, which were designed by Goovaerts et al.
(2017). The GOF-parameter gives an indica�on of the goodness of fit of the fi�ed PMF distribu-
�on on the data. All SNPs with a GOF of 0.7 or belowwere eliminated. Due to the rela�vely low
coverage of the GTEx SNPs, the PMF fits were of inferior quality compared to the TCGA SNPs
and a lower threshold value was necessary for the iden�fica�on of imprinted genes. The sym-
metry test value (which was used by Goovaerts (2015) to filter out the allele specific expressed
SNPs by comparison of the observed and the expected allele frequencies) did not suffice for the
GTEx data andwas combinedwith the addi�onal logAF and AE parameters formore efficient fil-
tering of the unwanted SNPs. The threshold of 0.05 for the original parameter was conserved.
The calcula�on of the median imprin�ng parameter that was designed by Goovaerts (2015)
was adjusted to the lower coverage data of GTEx by elimina�ng the samples with less than 3
counts per SNP. These low count samples have a high probability to appear as homozygotes -
even when they are not - leading to an overes�mated frac�on of imprin�ng and an enrichment
of low coverage SNPs among the imprinted genes. SNPs with an adjusted median imprin�ng
parameter value of 0.4 or less were deleted.
For the remaining SNPs, FDR-adjustment of the imprin�ng likelihood p-values was executed.
SNPs with an adjusted p-value of 0.05 or less were iden�fied as puta�ve imprinted SNPs.

6.3.2 LOI during aging

To evaluate the associa�on between LOI and age, we1 applied a generalized linear model (glm
func�on in R, ”binomial family”) with allele counts and age as dependent and independent

1Data preprocessing and basic analyses were performed by Chari Vandenbussche, the advanced sta�s�cal
model was implemented and described here by the promoter.
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variables, respec�vely. This was applied on all detected imprinted SNP loci, except for those
retrieved from the HLA genomic region and other known random monoallelically expressed
genes, or with insufficient proof for relevant LOI (i.e. ARs should be more than 0.2 in at least
5 samples with coverage >= 10 for that locus). Allele counts were structured in such a manner
that the lowest and highest number of counts was considered as number of successes resp.
failures. By modelling the counts rather than the AR, the fact that higher counts lead to a more
reliable AR is taken into account. This procedure was applied on the assumed heterozygous
frac�on for each locus (samples with top 2pq ARs). When the AR was not strictly posi�ve for
all samples within this frac�on (due to low coverage), random samples from the remaining set
were added to obtain 2pq samples. This procedurewas performed 1000x for each locus and the
median p-value and es�matewere used for further analyses. Addi�onally, it was also evaluated
whether expression for these loci was significantly associated with age by Pearson correla�on
(upon library size normaliza�on, log-transformed upon zero-filling (log(x+0.5))). Given that the
power is lower due to the difficulty to iden�fy heterozygous loci (for the LOI analyses), we set
the FDR for significance at 10%.

6.4 Hardware and so�ware

Analysis was done on an 8-core 16GB RAM laptop and a 64-core linux-based server. Sta�s�cal
calcula�onswere executed in R, version 3.4.0 and 3.2.3 on laptop and server, respec�vely. Mul-
�processing of downloading and further preprocessing of the SAM-files were done in Python,
version 3.5.2. Scripts were wri�en in Rstudio version 1.0.143 and PyCharm version 5.0.4. As-
pera connect version 3.5.4 and sam-dump version 2.8.0 were used to download the GTEx SAM
and annota�on files. Samtools and bc�ools version 0.1.19 were used and combined with vcfu-
�ls version 1.11 run under Perl version 5.22.1 for SNP calling and filtering. SeqEM version 1.0
build 0 was used for genotype calling.
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