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Abstract

Monozygotic (MZ) twins discrimination in forensic science remains an unsolved point.
Nowadays, conventional DNA profiling techniques use the analysis of the Short tandem
repeats (STR) to distinguish between suspects. However, since MZ twins share the same DNA

sequences, their discrimination using STR analysis presents several limitations.

To overcome these limitations, scientists focused their attention on the study of DNA
epigenetic modifications, and in particular on DNA methylation. DNA methylation is an
epigenetic DNA modification that occurs at the 5’ positions of cytosine in CpG dinucleotides.
So far, many works have identified epigenetics as a possible suitable solution for identical
twins discrimination (Marqueta-Gracia et al., 2018; Vidaki et al., 2017b).

In our study, we set up a suitable protocol to distinguish between identical twins in forensic
cases. We identified an end-to-end approach, which ranged from DNA extraction to final
statistical analysis. To do that, we first set up the experiments as an analogy of a forensic case
experiment. As starting material, we used the buccal swabs, often used in forensic science
research. In detail, we collected from two couple of MZ volunteers' twins buccal swab
samples, and we then extracted the total DNA. We then prepared NGS libraries using
bisulfited conversion strategies, considered the gold standard in methylation study, to
potentially target every single methylated cytosine state present in the twins genomes. To
better asses a forensic case situation, for each couple we generated a set of Reference

experiment libraries and four different Test libraries, two per individual.

In detail, Reference experiment libraries were created from sufficient quantities of DNA,
simulating a standard buccal swab sampling while the Test libraries were created from a small
quantity of starting DNA, simulating the limiting DNA quantity that may be available from a
crime scene. Both reference and test data were analyzed using bioinformatic tools specific for
DNA methylated samples (Bismark Alignment software and Methylkit). Once all cytosine
methylation states were decided, we set up a statistical approach to infer the probability of
one test sample being either one of the reference samples. Briefly, the binomial probability of
each informative sequenced CpG was used as a part to derive a discriminatory estimate for

each twin based on the known level of methylation at that site in the Reference data. The
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aggregation of such probability components for all sites supplied the final association to the
twin. We permuted several analysis parameters to find the best set and we assessed the
reliability of the prediction by performing bootstrap analysis on the sets of parameters that

gave back the best accuracy in the calling.

Lastly, we studied the trend of prediction accuracy of every single parameter passed into the

function, to screen how and if they could affect the prediction.
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1 The term epigenetics

The term epigenetics was first used in 1942 by Conrad Waddington, an embryologist and
developmental biologist working at the Institute of Edinburgh, in Scotland. Thereafter, both

the usage of the term and the study of the field increased significantly through the years.

Just in 2010, there were over 13,000 epigenetics publications, while in 2013 the available
publications were more than 17,000 (Haig, 2012). From the very beginning, epigenetics
referred to the mechanisms involved in cellular differentiation, and, at the time of Conrad
Waddington, there were two main views explaining the process of differentiation and

development.

The first way of thinking was known as preformation, while the second point of view was
referred to as epigenesis. In the preformation theory, it was asserted that all adult characters
were already present in the embryo and these characters just simply grow up with the embryo
itself. On the other hand, the epigenesis theory posited that new tissues were created from
successive interactions between the constituents of the embryo (Linda VVan Speybroeck, 2002;
Noble, 2015). Conrad Waddington believed that both preformation and epigenesis could be
complementary and, taking into account both the hypothesis, he coined the term epigenetics,
which refers to the biology that studies the causal interaction that occurs between genes and
their products (Dupont et al., 2009; Waddington, 2012).

After this first definition by Conrad Waddington other scientists tried to give their
explanations for epigenetics. In 1994 Robin Holliday gave a more detailed definition of
epigenetics, summarizing the explanation in two different postulates. In the first one, he was
stating that epigenetics was the study of gene expression changes, which occur in cells of
adult organisms. In the second explanation, he was also admitting that epigenetics was
depending on nuclear inheritance not based on differences in the DNA sequence (Holliday,
R.,1994).

This explanation was the first one considering the heritability of expression state and, moving

through the years, the term epigenetics bought a more generalized meaning.



Today, the term epigenetics refers to Wu and Morris definition (Wu and Morris, 2001), which
is related to the study of changes in the gene function that are considered heritable and that

do not entail a change in the entire DNA sequence.

2 Epigenetic modifications

The cells of an organism have the same DNA sequence. Nevertheless, cell types and functions
are quite different and well specialized. This perfect differentiation in function and
specialization is possible because of qualitative and quantitative differences in gene
expression. During the early stage of embryo differentiation, the pattern of gene expression
is set up and kept during every cell’s division throughout life. In addition to inheriting genetic
information, cells acquire information through epigenetics, which encloses different
modifications (Gibney and Nolan, 2010). (Figure 1).
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Figure 1 Different mechanisms involved in gene regulation. Epigenetic mechanisms refer to DNA
methylation, histone modifications, and non-coding RNAs. One of these different mechanisms can

further involve other chemical alterations (Vidaki et al., 2013).

The observed effect after each epigenetic modification is a reversible alteration of the
chromatin fiber’s structure that results in the transition from an open to close, or vice versa,
state. All these epigenetic modifications have been observed to occur in response to
environmental exposure and can be affected by various factors such as diet or smoking (Rando
and Verstrepen, 2007).

Direct consequences of epigenetic processes are for example gene silencing, the X
chromosome inactivation, formation of imprinted genes, and cell reprogramming. One of the
most important cell functions regulated by epigenetic mechanisms in mammals is cell
differentiation, where stem cells become fully differentiated cells during development (Rando
and Verstrepen, 2007).

2.1 DNA Methylation

The experiment that discovered the chemical modification of the methylation of the DNA was
performed in 1948 by Rollin Hotchickiss. More in detail, the scientist was working on the
preparation of the calf thymus, and, using paper chromatography, he found some modified
cytosine in the DNA sequence. He hypothesized that this fraction of modified cytosine was
5-methylcytosine and he suggested that this kind of modification existed naturally in DNA
(Hotchkiss, 1948).

Since its first discovery, the biological importance of DNA methylation remains little
investigated until 1980, when several studies demonstrated that DNA methylation was

involved in gene regulation and cell differentiation (Holliday and Pugh, 1975).

From a chemical point of view, DNA methylation is a biochemical modification involving

the addition of methyl group (-CHzs) at the 5° position of cytosine in CpG dinucleotides.
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Compared to all the other cells in our body, embryonic stem cells are the only observed cells
that do not present methylation in humans (Dodge et al., 2002).

Around 60% - 90% of all the CpGs nucleotides are present in areas of the genome known as
CpG islands. These areas are close to promoter genes and can be dynamically methylated

directly depending on the active or inactive state of the downstream gene.

On the other hand, the stable methylated cytosines are stored in repetitive areas of the genome,
including DNA satellites, LINE-1, and LINE-2 families, Alu and Mir families, and parasitic
elements (as DNA transposons and endogenous retroviruses). These areas of the genome are
usually located around regulatory regions (5’ end) of many human genes and are characterized
as 300-3000 bp long (Espada and Esteller, 2010).

The family of enzymes responsible for DNA methylation is known as DNA
methyltransferases (DNMTSs) that transfer a methyl group from S-adenyl methionine (SAM)

to the fifth carbon of a cytosine residue to form 5mC (Figure 2).
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Figure 2 The chemistry behind DNA methylation. (A) During DNA replication the DNA
methyltransferases (DNMTSs) keep a stable pattern of methylation. (B) The DNMTSs use S-adenosy|-
I-methionine (SAMe) as a source of methyl groups, creating the S-adenosyl homocysteine (SAH).
DNMTs enzymes can catalyze the addition of methyl groups to the 5 -position of the pyrimidine ring

of cytosine (Espada and Esteller, 2010).

2.2 Mechanism of DNA methylation: the DNMTs

The chemical modification of DNA methylation is catalyzed by different classes of enzymes.
These families of enzymes manage distinct functions depending on whether they write, read,

or erase methylated DNA.

Eraser enzymes handle removing or modifying the methyl group, while readers can recognize
and bind methylated DNA to influence gene expression. Writer enzymes refer to a particular
family that can catalyze the addition of the methyl group to the cytosine residue. The writer’s
family are known as DNA methyltransferase (DNMTS), they catalyze the addition of the
methyl group to the DNA and include three family members: Dnmt1, Dnmt3a, and Dnmt3b.
All three enzymes share a similar structure with a large N-terminal domain that has a
regulatory function and a C-terminal with a catalytic domain (Xie and He, 1999; Yen et al.,
1992).

Within the DNMTs family, Dnmt1 is the best-studied and well characterized.

The Dnmtl enzyme is highly expressed in mammalian tissues including the brain(Goto et al.,
1994). Dnmtl, differently from the other DNMTs members, preferentially methylates the
hemi methylated DNA (Ramsahoye et al., 2000). During DNA replication the Dnmt1 enzyme
perfectly replicates on the newly synthesized filament the pattern of methylation present on
the original strand of DNA (Hermann et al., 2004). In 2005 Mortusewicz and collaborators
have also shown that Dnmtl also can repair DNA methylation (Mortusewicz et al., 2005).
Dnmtl critical role in cellular differentiation and in dividing cells was demonstrated in
knockout mice of Dnmt1 which results in embryonic lethality between E8.0 and E10.5 (Li et
al., 1992).
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Other members of the DNMTs family are Dnmt3a and Dnmt3b. These two enzymes are
extremely similar in structure to Dnmtl, but they show expression patterns quite different
from Dnmtl. These two members introduce the methylated group to naked cytosine, and, for

this reason, they are known as de novo DNMTs.

While Dnmt3a is expressed relatively ubiquitously, Dnmt3b is poorly expressed by the
majority of differentiated tissues except for the thyroid, testes, and bone marrow (Xie and He,
1999). Dnmt3a knockout mice can survive up to 4 weeks after their birth, while the Dnmt3b

knockout mice, as happens for Dnmt1, are embryonically lethal (Okano et al., 1999).

In DNMTs family, the last characterized member is the Dnmt3L enzyme. This member lacks

the catalytic domain present in the other Dnmts enzymes (Aapola et al., 2000).

The Dnmt3L enzyme is always associated with the other Dnmts members because of the
lacking of the catalytic domain and it has been reported to stimulate their methyltransferase
activity (He et al., 2011).

The Dnmt3L expression is found in early development. Its role seems to be fundamental to
establishing maternal and paternal imprinting (Bourc’his and Bestor, 2004; Webster et al.,
2005; Zamudio et al., 2011). After the first steps of development, in adulthood, Dnmt3L

expression is restricted to the germ cells and in the thymus (Aapola et al., 2000) (Figure 3).
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Figure 3 Members of the DNMTs family. The Dnmtl has three major domains: one zinc finger
domain (Cys-X-X-Cys), which can recognize unmethylated CpG, and two BAH domains (Bromo-
adjacent homology), and one catalytic domain. The Dnmt2 catalyzes are responsible for the tRNA
methylation, it has just the C-terminal catalytic domain, able to bind the cofactor SAM. Dnmt3 shows
two domains, one is localized at the N-terminal (PWWP domain), able to bind methyl lysine histones,

and one can recognize the non-methylated H3K4, which is the ADD domain (Li et al., 2013).

15



2.2.1 Reading the DNA methylation

DNA methylation itself can reduce gene expression by preventing transcriptional activator
factors, but there are other groups of proteins responsible for inhibiting transcription factor
binding; the methylation binding proteins (MBD), the ubiquitin-like-containing PHD, RING
finger domain (UHFR) proteins, and the zinc-finger proteins (Moore et al., 2013).

The MBD proteins include different members such as MBD1, MBD2, MBD3, MBD4, and
the best characterized, MeCP2. All these proteins contain a conserved methyl-CpG-binding
domain that gives the members of the family a higher affinity for single methylated CpG sites
(Nan et al., 1993).

The best-studied member, as mentioned above, is MeCP2. This protein has the unique role of
directly binding Dnmt1 via the transcriptional repression domain (TRD), and this recruitment

is required to maintain the DNA methylation state (Kimura and Shiota, 2003). (Figure 4)
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Figure 4 MeCP2 has two functional domains, a methyl DNA-binding domain (MBD) and a
transcriptional repression domain (TRD). MeCP2 binding to a methylated DNA site is mediated by
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the MBD domain. The physical interaction between MeCP2 and co-repressor complexes (such as
HDAC-mSIin3A and NcoR-SMRT) depends on the TRD. In addition to co-repressor complexes,
MeCP2 has been shown to bind the transcriptional activator CREB1 (Cheng and Qiu, 2014).

The second family of reading proteins is the UHFR family. This family includes UHRF1 and
UHRF2 members. These two proteins are multidomain that flip out and bind methylated
cytosines via SET- and RING-associated DNA-binding domains (Hashimoto et al., 2009).

The UHRF proteins interact directly with the Dnmt1 to target the hemi-methylated DNA and
maintain this state, particularly during the replication (Achour et al., 2008). Because of this
particular role, deletion of this protein, as for Dnmtl, leads to embryonic lethality (Muto et
al., 2002).

The last zinc-finger family include different proteins, such as Kaiso, ZBTB4, and ZBTB38.

Kaiso protein is shown to preferentially bind two consecutively methylated CpG sites
(Daniel, 2002). Similar to the MBD family, the zinc-finger proteins repress transcription in
a DNA methylation-dependent manner (Lopes et al., 2008; Prokhortchouk, 2001; Yoon et al.,
2003).

2.2.2 Erasing DNA methylation

Active DNA demethylation occurs in multiple ways and involves different enzymes. Up to
now, in mammals, unknown mechanisms can cleave the covalent carbon to carbon bound
present in cytosines that have a methyl group. However, demethylation can also occur through
a series of chemical reactions that turns methylated cytosines by deamination and/or

oxidation.

The deamination and oxidation can be recognized by the base excision repair pathway (BER)
which will replace the deaminated or oxidated cytosine with a naked cytosine (Moore et al.,
2013).
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Deamination of the amine of the 5mC into the carbonyl group can be catalyzed by the
activation-induced cytidine deaminase/apolipoprotein B mRNA-editing enzyme complex
(AID/APOBEC), that converts 5mC into thymine, creating a G/T mismatch recognized after
by the BER pathway. Knockout mice for AID results to be viable and fertile (Wu and Zhang,
2014), suggesting that there are different mechanisms for DNA demethylation.

Another mechanism of active demethylations can be mediated by the ten-eleven translocation
(Tet) enzymes (Tetl, Tet2, and Tet3). These enzymes add a hydroxyl group to the methyl
group of 5mC to produce a 5hmC (Ito et al., 2012). Once this intermediate is formed, two
different mechanisms convert 5hmC into naked cytosine. One possible mechanism could be
the oxidation by Tet enzymes, forming first from 5hmC the 5-formyl-cytosine and then to 5-
carboxy-cytosine (Ito et al., 2011). The second possible mechanism provides that the 5hmC
is deaminated by AID/APOBEC to form 5-hydroxymethyl-uracil (Guo et al., 2011).

The BER pathways act after both the mentioned mechanisms. In order to cleave off the
modified residue of thymine (5-hydroxymethyl-uracil, 5-formyl-cytosine, and 5-carboxy-
cytosine), the BER pathway uses the thymine DNA glycosylase (TDG) which replaces the
modified thymine with a naked cytosine (Cortellino et al., 2011; He et al., 2011). (Figure 5)
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Figure 5 Possible DNA demethylation pathways. The green path describes the deamination by the
AID/APOBEC mechanisms, which handle the conversion of 5mC into thymine (Thy). Another
pathway (in red) is the addition mediated by Tet enzymes of a hydroxyl group to obtain the 5-
hydroxymethyl-cytosine (5hmC) from a methyl group of 5mC. After its formation, the 5hmC can
also be changed chemically in the amine group and the hydroxymethyl group. The AID/APOBEC
can also deaminate 5hmC to produce 5-hydroxymethyl-uracil (5hmuU) (in small green arrow). The
last possible pathway refers to the possible action of Tet proteins. They can further oxidize 5hmC to
form 5-formyl-cytosine (5fC) and then to 5-carboxy-cytosine (5caC). Eventually, the products of each
pathway can be cleaved and replaced with a naked cytosine mediated by TDG and/or SMUG1, both

components of the BER. Image modified from (Moore et al., 2013).
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2.3 DNA methylation regions

In mammals, cytosine methylation occurs in a different type of cells at various stages of

differentiation. In human, the total amount of 5mCs is around ~1% (Ehrlich et al., 1982).

In humans, the most highly methylated DNAs can be found in the thymus and the brain, while
the two least methylated DNAs can be found in the placenta and sperm (Ehrlich et al., 1982).
5mCs can be easily deaminated into thymine and this results in the depletion of most of the
CpG sites in the mammalian genome. 5mC that avoids deamination into thymine remains
highly methylated all across the genome, except for the CpGs islands (Bird et al., 1985). DNA
methylation in different genomic regions is proven to exert different influences on gene
activity and regulate tissue-specific gene expression, including X chromosome inactivation,

and genomic imprinting during the first moment of embryo formation.
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2.3.1 Intergenic Regions

In the mammalian genome, almost half (around 45% of the genome), consists of transposable
elements (TEs). TEs present in the genome is usually silenced by methylation (Schulz et al.,
2006). The silencing of the TEs in the intergenic region is necessary to avoid a possible
harmful role in the human genome. TEs are inactivated either by DNA methylation or by
different mutations acquired over time, including 5mC deamination (Aran et al., 2011;
Hellman and Chess, 2007). One of the most studied cases of transposable element silencing
is the intracisternal A particle (IAP). The IAP particle is methylated throughout life in
gametogenesis, development, and also adulthood (Gaudet et al., 2004; Walsh et al., 1998).
During embryo development, the Dnmtl maintains the IAP elements strongly methylated,
even if most of the embryo genome is still hypomethylated (Gaudet et al., 2004). If Dnmtl is
depleted by genetic mutations, the IAP elements result be expressed, according to the
extensive state of hypomethylation (Hutnick et al., 2010; Walsh et al., 1998). Considering
these earlier scientific findings, within the intergenic regions, one of the possible roles of
DNA methylation could be the active repression of the expression of potentially harmful

genetic elements.

2.3.2 Gene bodies

The term gene body refers to the region of a gene found between the start and the stop site
codon. This part of the genome refers to areas that will be translated into proteins (exons) and
parts that will be cut out from the mRNA and do not translate into proteins (introns). Some
studies suggest that the DNA methylation of a gene body is associated with a higher level of
gene expression in dividing cells (Aran et al., 2011; Hellman and Chess, 2007). In 2011, Aran
and collaborators tried to find a direct correlation between gene-body methylation and gene
expression. Their work revealed efficient maintenance of high methylation levels along active
gene bodies of the tissues and cell lines studied. Moreover, they also suggested a tissue-
specific gene-body methylation pattern that directly reflects the different cell specification
history, this hypothesis stemming from the observation that active and inactive genes are
equally methylated during early development stages.
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However, in non-dividing cells such as the brain, gene body methylation seems not to be

associated with increased gene expression (Aran et al., 2011; Xie and He, 1999).

2.3.3 CpG Islands

CpG islands are pieces of DNA of around 1000 base pairs that show a higher CpG density
than the rest of the genome. The human genome holds around 30,000 CpG islands found
mostly at the promoters level of a gene (roughly 70% of CpGs), and approximately 3% of
these human cytosines are methylated (Bird et al., 1985).

CpG islands, especially those associated with promoters, are conserved among species, €.g.
mice and humans (Illingworth et al., 2010) and this probably led to the fact that CpG areas

are preserved during evolution because of their functional importance.

Interestingly, in mammals, the presence of multiple methylated Cs sites in CpG islands of
promoters genes can cause the silencing of genes, i.e., leading to the active or inactive state

of a gene (Figure 6).

(b)

|_> Gene expression

? Unmethylated CpG site

I%f‘ Gene inactivation , Methylated CpG site

CpG island Gene

Figure 6 Representation of a gene that has a CpG island. In all cases in which a CpG island is
unmethylated the downstream gene is expressed. In contrast, strong methylation of CpG islands

results in silencing inactivation of the downstream gene (Vidaki et al., 2013)
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While in physiological conditions CpG islands are methylated, it has been shown that in many
cancers, this pattern of stable methylation of the promoters’ region can be altered leading to

cancer development and progression (Figure 7)

CpG island
5 Hypomethylation ! l
. Activation of
.Q'O — Q.Q'Q...» oNCogenes l
CpG island
| ! hypermethylation Cancer
Inactivation of

..‘ ', 3l
," '.‘. . . .. I. — . ‘”' . ‘1.. 1. tumor suppressor l
l_Y_} genes

CpGisland

# Methylated CpG

¢ : x Inactive genes
dinucleotide pairs

[ Unmethylated CpG

] : :
dinucleotide pairs Activelytranscribed genes

Figure 7 Aberrant DNA methylation takes part in the development of cancer. More in detail CpGs
hypomethylation leads to an active gene state. Thus, when the activation occurs in oncogenes this can
directly influence cancer development. On the other hand, hypermethylation of CpG island at the
promoter region of tumor suppressor genes can directly lead to the inactivation of protective

mechanisms against cancer development (Dricu et al., 2012).

During gametogenesis and embryonic development, CpG islands change their pattern of
methylation leading to the moment of development (Kantor et al., 2004). For example,
imprinted genes, i.e., that class of genes that are expressed in only one of the two inherited
parental chromosomes, are under methylation control. In this case, DNA methylation of CpG
islands regulates gene expression during development and differentiation (Meissner et al.,
2008; Mohn et al., 2008). Besides being associated with stable silencing of gene expression,
CpG island silencing is linked to tissue specification. In intergenic regions and gene bodies,
CpG islands show a tissue-specific pattern of methylation, while CpG islands in promoter

regions do not (lllingworth et al., 2010; Maunakea et al., 2010, p. 1; Rakyan et al., 2004).
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However, further studies are needed to understand the degree of DNA methylation in CpG

islands that regulate gene expression.

3 Forensic genetic and Human lIdentification

Human identification of stays can occur for example after natural disasters or terroristic
attacks in which a large number of people are involved. In these particular situations,
forensic scientists need to find a way to attribute identity and legal names to unknown
individuals. Likewise, circumstances such as incidents or homicides also require scientists’

intervention to correctly find the involved people.

Human identification is also needed in case of criminal investigations in which two different

suspects are involved.

In all these different situations the available forensic approaches are different and can be

distinguished in genetic and physical approaches, depending on the starting case situation.

In particular, physical evidence refers to fingerprints or dentition. These features can be used

to find an unrecognizable individual as long as the material composition is not compromised.

In other cases, it is not possible to attribute the identity through physical features, for instance
when decomposition or trauma from high-impact events take place. In these situations, the
genetic approach using DNA evidence can be the only remaining source of setting up a

reliably human identity.

24



3.1 Conventional DNA-based methods for human identification: The Short
tandem repeats.

Between individuals, just 0.3% of the human genome can be considered different and unique
for every person. Thus, forensic scientists have been focusing on this 0.3%, trying to set up a

common pattern of discriminatory sites for every individual.

Nowadays, the main set of markers on which forensic scientists rely is the Short Tandem
Repeats (STRs). STRs are regions of the DNA known to be very high in mutation rates and

variability between human individuals (Amorim and Pereira, 2005).

Polymerase chain reaction (PCR) typing of STRs is the preferred method for DNA human
identification in forensic science. During forensic human identification, the STR analysis
results in the generation of a profile that can be directly compared against an already created
database that has all the STR profiles obtained from crime scene samples, suspected people,
missing people, and their family members. After all the available comparisons, the proper
match between the two profiles is giving a level of statistical power in assessing the profile

in a population database that estimates the allele frequencies in a representative population.

Since the beginning of the use of STRs, in 1990, the Federal Bureau of Investigation (FBI) in
the United States has created a database of DNA profiles called the Combined DNA Index
System, CODIS (Norrgard, K. (2008) Forensics, DNA fingerprinting, and CODIS (Nature
Education 1(1):35) (Figure 8).
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Figure 8 22 plus X and Y chromosomes and corresponding STR loci used in the Combined DNA
Index System (CODIS). In the yellow boxes, the original 13 STR sites were used, in the green boxes,

the newest seven were added in January 2017 (Ensemble (map)/NIST (loci locations).

3.2 Influence of low quality and poor quantity of DNA

In crime scenes, the biological samples available for forensic studies are not enough both in

terms of quantity and quality, due to the degradation of the DNA molecules.

The biological DNA decomposition is mainly caused by two major factors: environmental

conditions and post-mortem interval (Burger et al., 1999).

Environmental conditions refer to external factors such as pH, temperature, and humidity of
the air. All these factors can greatly influence the intensity and advancement of the
degradative processes (Rohland et al., 2018). Moreover, conditions such as warm or wet
habitats could also promote microbial infestation, resulting in altered DNA base composition
(Alaeddini et al., 2010). It is also known that a more humid environment can strongly

accelerate the chemical breakdown of the sugar-phosphate backbone in DNA, resulting in
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DNA fragmentation. Covalent linkages between C or T bases could be induced by
photochemical exposure. This modification results in pyrimidine dimers that can cause DNA

polymerases to get stuck during PCR replication.

The post-mortem DNA damage causes a strong DNA fragmentation that affects directly the
STR amplification. In detail, the amplification of STR loci targets DNA sequences between
100 bp-500 bp and requires 80 intact cells to obtain the right amount of DNA for successful
typing (Kline et al. 2005).
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3.3 Forensic epigenetic

Forensic epigenetics refers to the field of study that uses epigenetic techniques to address

questions of interest to the court of law and criminal investigators.

During the last years, forensic epigenetics has become significantly important in forensic
investigations because of the possibility to obtain not only the molecular fingerprint or the
STRs profile of a suspect but also information about the physical traits or lifestyle of the

suspect.

In contrast to forensic epigenetics, current standard DNA profiling techniques are not able to
predict the possible appearance traits and remain completely comparative, i.e., these
technologies are just able to match DNA profiles from crime scene traces with that of known

suspects.

Today, epigenetics in forensics is used for the determination of body fluids, the estimation of
a person's age, and the discrimination between identical individuals, such as in the case of
monozygotic twins (Forat et al., 2016; Vidaki et al., 2018, 2017a).

From 2016 to now, in the field of forensic epigenetics, more than 20 papers have been
published in which DNA methylation was used to estimate a person's age and tissue

identification.

In the future, the use of epigenetics could help even more. As already discussed, epigenetic
modifications are directly correlated with external environmental factors. This aspect will
help forensic scientists for example in predicting the appearance traits of a suspect or giving
details about his or her habits, e.g., if they could be a smoker, their alcohol intake, or drug

consumption (Figure 9).
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Figure 9 Possible questions forensic epigenetics could answer in the future (Vidaki and Kayser,
2017).

3.3.1 DNA methylation for tissue type identification

Finding tissue sources of biological material on a crime scene can be powerful information in
many forensic cases. Nowadays, suitable tissue-specific CpG markers have been found and
confirmed among different tissue types. At the same time, different technical approaches have

been confirmed to evaluate CpGs markers of discrimination.

In this area of study in 2016, Lin et al. were able to find a set of eight tissue-specific CpG
markers. They were able to identify the new tissue-specific associated markers using the
[llumina Human Methylation450 Beadchip microarray, which taken together with two control
markers formed a 10-plex assay based on the methylation-specific restriction enzyme
(MSRE)-PCR system (Lin et al., 2016).
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In the same year, Forat and collaborators found other 150 candidates recognized as possible
tissue-specific markers for the identification of saliva, semen, blood, vaginal fluid, and
menstrual blood, using the Illumina Human Methylation450 Beadchip microarray. Between
these 150 candidates, 9 markers were found to be promising for tissue discriminations. During
the discovery of the markers, they also checked the genomic stability of these 9 selected
markers studying the potential influence of 12 relatively common tumors on the selected sites,
concluding that just in the case of cervix carcinoma the vaginal samples could results as
affected and different from the normal state (Forat et al., 2016).

In 2016, Vidaki and collaborators found 11 body fluid-specific CpG sites from blood, semen,

and buccal cell samples, showing tissue-specific methylated levels (Vidaki et al., 2016).

During sexual attacks, a crucial point is the possibility to discriminate between whole blood
and menstrual blood. Until now, the identification of menstrual fluid in trace evidence was
challenging. In 2018 Holtkoétter and collaborators evaluated a total of 11 reported CpG sites
for their potential to differentiate between whole and menstrual blood, identifying BLUZ2 as
the most suitable and reproducible markers of discrimination in these two fluids (Holtkotter
etal., 2018) (Figure 10-11).

BLU2

100,00 + ?
— 80,00
a_-.’ o
c
o
®
> 60,00 o
£
D
= * *
< o
=
o 40,00
g o
s T
©
4

20,00 p < 0.001

I—|
,00 =

| I I T T T T
MF-1 MF-2 MF-3 Blood VF Semen Saliva

Figure 10 % of DNA in methylation for the blood-specific marker BLU2. This marker was identified
as the most discriminant between blood and menstrual fluid. Moreover, it shows the lowest variation
in methylation levels within body fluid sets ( MF menstrual fluid, 1 day 1 of the menses, 2 days 2 of

the menses, 3 days 3 of the menses, VF vaginal fluid) (Holtkotter et al., 2018).
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Figure 11 Use of the marker BLU2 found by Holtkotter and collaborators. Using BLU2 it is possible
to distinguish blood from the menstrual fluid as well as from vaginal fluid, semen, and saliva. While
blood shows complete unmethylation, all other fluids express hypermethylation. The blue peak
(guanine) represents the methylated and the green peak (adenine) the unmethylated cytosines
(Holtkotter et al., 2018).

3.3.2 DNA methylation for age-person evaluation

During forensic cases, estimating the age of the suspects from a biological sample may supply
the essential information. Age prediction in forensic cases is relevant not only on its own but
also in combination with features that can be strongly related to age-dependent traits (such as
hair loss or hair greying). As proposed strategies for age person estimation, scientists can use
different molecular evaluations, such as (i) telomere length, which is known to decrease with
increasing age (Weidner et al., 2014), (ii) mutations that occur in the mRNA molecules, which
result in the accumulation with the increasing of age person, the rearrangement of T-cell DNA
(sJTREC) (Zubakov et al., 2016), and (iii) alterations that are associated to proteins, such as
the racemization of aspartic acid and advanced glycation end-product (Wochna et al., 2018).
Among all the proposed methods of identification and all the studied strategies, nowadays,
many scientists are focusing their attention on DNA methylation, which gives the best

accuracy in terms of the degree of errors.
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In 2017, Hong and collaborators were able to generate individual genome-wide DNA
methylation profiles from 54 individuals. Among the DNA-methylation profiles of all
participants, they were able to find CpG markers that showed a high correlation between
methylation and age. Six of these key age-dependent sites were present in saliva. Moreover,
the 6 recognized sites were combined with a cell type-specific marker for both blood and
buccal cells allowing them to create a novel 7-plex methylation SnaPshot® system that
provides an age prediction showing a mean absolute deviation (MAD) of 3.2 years (Hong et
al., 2017). During the same year, Alghamin and collaborators, using bisulfite pyrosequencing,
found a new set of methylated markers to estimate human age. In their work, they used a large
court of blood and saliva samples (72 blood samples and 91 saliva samples) from people aged
5 to 73, to find the linear correlation between some genetic loci and chronological age. The
scientists examined 27 different CpG sites at three previously reported genetic loci (SCGN,
DLXS5, and KLF14), proposing single- and dual-locus age models resulting in MAD=8 years
and MAD=7.1 years, respectively for single and dual locus (Alghanim et al., 2017). Finally,
in the same year, Vidaki and collaborators proposed another approach to create a set of
discriminatory age-related markers. In their work, they create not only a potential age-
associated marker set but also a novel method for prediction analysis, namely machine
learning by artificial neural network analysis (ANN). By doing that, Vidaki and collaborators
used both machine learning and NGS-based DNA methylation detection. More in detail, they
studied 45 age-associated CpG sites selected from available methylation data obtained from
1156 whole blood samples (aged 2 to 90 years) and analyzed them with genome-wide
methylation platforms. From this set of markers, they then applied stepwise regression for
variable selection, resulting in the identification of 23 CpG sites. They then performed a
regression analysis of the 23 CpG sites and found that these markers supply a correct
prediction of age (R2 = 0.92, mean absolute error (MAE) = 4.6 years). After applying a
generalized regression neural network model, the age prediction improved significantly (R2
= 0.96) with an MAE = 3.3 years. In total, they found 16 CpG sites as reliable age-related
markers (Figure 12). The advantage of using machine learning, and in particular the approach
that Vidaki and collaborators used, is given by the fact that the use of the ANN approach
proved to be a successful strategy to find underlying trends in complex datasets (for example

the age-estimation of a person).
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CpG sites

Chromosomal location

Gene

cg19761273

cg27544190
cg03286783
cg01511567

cg07158339
cg05442902
cg24450312
cg17274064
cg02085507
cg20692569
cg04528819
cg08370996
cg04084157
cg22736354
cg06493994
cg02479575

17: 80,232,096
21: 33,785,434
15: 44,580,973
11: 57,103,631
9: 71,650,237
22: 21,369,010
1: 206,681,158
21: 40,033,892
19: 6,739,192
7: 72,848 481
7: 130,418,315
15: 96,874,031
7: 100,809,049
6: 18,122,719
6: 25,652,602
19: 4,769,653

CSNK1D — casein kinase 1; delta isoform 1

C210rf63 — chromosome 21 open reading frame 63
CASC4 — cancer susceptibility candidate 4 isoform a
SSRP1 — structure specific recognition protein 1

FXN —frataxin, mitochondrial isoform 1 preproprotein
P2RXL1 — purinergic receptor P2X-like 1; orphan receptor
RASSF5 — Ras association domain family 5 isoform B

ERG — v-ets erythroblastosis virus E26 oncogene like isoform 2

TRIP10 — thyroid hormone receptor interactor 10

FZD9 — frizzled 9

KLF14 — Kruppel-like factor 14

NR2F2 — nuclear receptor subfamily 2; group F; member 2
VGF — nerve growth factor inducible precursor

NHLRC1 — malin

SCGN - secretagogin precursor

C190rf30 — hypothetical protein LOC284424

Figure 12 The 16 CpG sites were identified as age-related markers by the study by Vidaki et al.,

2017a.

Moreover, to hypothesize an accurate age-related test, they quantified through NGS the

methylation status of the selected 16 CpG sites using the Illumina MiSeq platform (Vidaki et

al., 2017a).To further validate the accuracy of the data set, they also checked the identified

markers in an independent cohort of 53 monozygotic twins and a cohort of 1011 disease state

individuals.

Altogether, these studies highlight that the introduction of NGS technology in the discovery

of the markers for age prediction supplies a more correct screening of the samples, due to its

high sensitivity. Moreover, NGS technology can easily be used in combination with other

DNA marker analyses, such as mMRNA mutations or telomere length setup.
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4 Biology of monozygotic twinning

Current available forensic techniques used to distinguish between two different people are
always useful in ambiguous two-suspects discrimination. As discussed above, one of the
biases for forensic scientists might be sample availability and composition. However, there is
one particular condition in which forensic scientists have enough material and of excellent
quality but still, this is not sufficient to find the guilty ones in a forensic case. This particular
case occurs when the two suspects are completely identical as it is in the case of monozygotic

twins.

Unless the two identical suspects leave their unique fingerprints, they cannot be distinguished
using the standard available forensic techniques. For this reason, monozygotic twins,
nowadays, represent a strong limit for the application of markers and analytical methods that
are routinely used in forensic science, meaning that a reliable and efficient method of

discrimination still needs to be found.

Dizygotic twins (also known as fraternal) and monozygotic twins development is different.
Fraternal twins develop from two eggs that have been fertilized simultaneously by two
different sperm. In this case, each zygote develops in its own amniotic fluid-filled inner sac
and has its placenta. In contrast, monozygotic twins arise from one single fertilized egg
(zygote) and on average they represent about a third of all spontaneous twins births (Hall,
2003).

Furthermore, while dizygotic twins always have different embryonic adnexa, monozygotic
twins, depending on their moment of splitting, can share or not the placenta (monochorionic)

and/or the amniotic sac (monoamniotic) (Figure 13).
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Figure 13 Development of various types of twin pregnancies (Kurt Benirscheke, M.D, and Chung
K. Kim, M.D, 1973).

These early developmental differences could, in terms of genetics, results in the fact that their
genetic makeup would be expected to be almost identical, characteristics that gave to them

the appellative of clones.

However, after their splitting, i.e., during the early developmental processes, somatic
mutations within their cells start to appear. Apart from stochastic mutations, other differences
can be found in adult identical twins due to external and environmental factors that directly
interact with the genome of the twins (Hall, 2003).
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4.1 Epigenetic variations in monozygotic twins

Despite their almost identical genetic sequence, monozygotic twins can show phenotypic
discordance traits at the very beginning of their life, another possible cause of the epigenetic
discrepancy between monozygotic twins may be due to complex diseases (Boomsma et al.,
2002). In the case of complex diseases, the aberrant phenotype is the result of shared
mechanisms between different epigenetic modulations. As discussed above, epigenetic
modifications refer not only to DNA methylation but also to other epigenetic mechanisms,
such as histone modifications. All epigenetic modifications are strongly related and act
together at multiple levels, from the chromatin structure to the DNA sequence, to modulate

gene transcription, also in the case of disease development (Figure 14).
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Figure 14 Epigenetic regulation of chromatin structure, associated with gene expression and disease
status in a sample of MZ twins. The active or inactive transcription is regulated at various levels.
From the top: higher chromatin loop configurations in case of active transcription or inactive

transcription, the attachment to the nuclear lamina is the first step of the chromatin
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activation/inactivation state. The second step refers to the chromatin beads on a string configuration,
loose chromatin organization correlates with the active state of the transcription, whereas packed
chromatin results in inactive transcription. Histones can further be modulated: the green dots refer to
modifications that lead to an active chromatin state, while the red dots refer to modifications that lead
to a repressed state. At the bottom of the image, possible effects of these different changes at different
levels in the disease status of MZ twins, particularly for unaffected-concordant, discordant, and

disease-concordant MZ twins (Bell and Spector, 2011)

The use of MZ twins to study complex diseases is useful because it supports the findings that
not only genetic variation is fundamental, but also the interplay between genes and the
environment. Nowadays, several pathologies are studied using the monozygotic twins
approach. Monozygotic twins are found to be discordant for complex diseases such as type
1 diabetes and type 2 diabetes (Condon et al., 2008), schizophrenia (Beckmann and Franzek,
2009), as well as different types of cancer. Differences in the methylation profile of MZ can
be associated with the presence of epimutation arising during the DNA replication or can be

the result of the interaction between the genome and external factors.

4.2 Early monozygotic twins discordance

During the first stages of embryo development, the process of establishment and maintenance
of methylation marks could be one of the possible explanations that make MZ twins different.
As discussed previously, DNA methyltransferases are the enzymes responsible for DNA
methylation. During every cell division, the methylation profile is inherited with epimutations
(differences in epigenetic marks) arising during this process. The Dnmtl is the DNA
methyltransferase responsible for the maintenance of the right pattern of methylation through
each cell division. Dnmtl can methylate newly synthesized DNA, which lacks methylation
marks, using the hemi-methylated parental DNA molecule as a substrate to methylate the
corresponding nucleotides on the complementary strand. During this process, epimutations
can occur as probabilistic errors. In the case of the Dnmtl, this skips about 4 to 5% of

methylation sites and shows de novo methylation activity near densely methylated regions
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(Vilkaitis et al., 2005). The presence of these epimutations in the DNA directly correlates
with a subset of early-stage pathologies known as imprinting disorders. Imprinting disorders
refer to pathologies associated with parent-of-origin-specific gene expression, in which the
imprinted gene is differently methylated in the maternal and paternal allele. Prader-Willi
syndrome and Angelman syndrome are some of the most studied cases. Interestingly, the
methylation of the Prader-Willi imprinting center in chromosome 15q on the paternal allele
causes the Prader-Willi syndrome, while failure in the same location but on the maternal allele
causes Angelman syndrome. Furthermore, loss of DNA methylation at the KCNQ10T1 gene
on the maternal allele causes Beckwith-Wiedemann syndrome. Other than that, differences
that arise in the early stage of development could be associated with the way of twinning.
Moreover, somatic point mutations are quite common with a frequency of 1.2 x 10—7 per base

pair per twin pair (Elhamamsy, 2017).

Lastly, recent studies, showed that the DNA methylation profiles are more similar within pairs
of monozygotic twins that shared placenta (monochorionic), compared to MZ twins that did
not share the placenta (dichorionic) (van Dongen et al., 2021), further suggesting that

differences in utero conditions could also influence the epigenetic twins profile.

4.3 Monozygotic twins discordance due to environmental factors

Differences due to environmental factors are related to a more complex phenotype in MZ
twins. MZ twins and DZ twins can easily be used to detect the proportion of influence from
genetic factors in a particular disease. MZ twins are assumed to share the exact 100% of their
genetic profile, while the DZ twins share just 50% of their genetic profile. Considering this,
scientists could easily measure how much is the proportion of the genetic and/or
environmental influence. A greater phenotype concordance in MZ twins could suggest a
higher contribution of genetics to the disease examinate. Measuring the genetic proportion,
consequentially, measures also the non-genetic proportion, which refers to environmental

influences and random error (Figure 15).
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Figure 15 Portion of environmental and heritable factors that contribute to different diseases. At the
top, the fraction of the phenotypic variance explained by heritable factors shared environmental
factors, and non-shared environmental factors are shown (Castillo-Fernandez et al., 2014).

External and environmental factors, as already mentioned, directly interact with the genome
not only in the case of pathologies but also during normal aging. Smoking habits, diet, and
physical activity are just a few of the external factors that can have a long-term influence on
the genome. MZ twin pairs that share a common environment for the majority of their life
seem to have less degree of difference in terms of DNA methylation, while MZ twins with
different life habits have more variability. Moreover, the methylation profile of young couples
of MZ twins is much more similar compared to older ones, confirming that external factors
and lifestyle can directly influence the methylation patterns of all individuals. Thus, MZ twins
could help to better understand the external contribution to the human genome modifications
(Figure 16).
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Figure 16 Comparison between a 3-year-old twins couple and a 50-year-old couple. Hybridization
of regional chromosomes 1, 3, 12, and 17, mapped using comparative genomic hybridization for
methylated DNA. The 50 years old-twin pair shows more changes in the methylation pattern
compared to the 3 years old twin-pair. Different methylation patterns can be appreciated thanks to the
green and red signals showing hypermethylation and hypomethylation events, respectively.

4.4 Monozygotic twins discrimination in forensic science

As already mentioned, MZ twins discrimination in forensic science is still an unsolved
problem. Forensic cases in which identical twins are involved exist and, because of that,
forensic scientists need to have a discrimination protocol. Recent works based on epigenetics,
and in particular on DNA methylation, seem to open a way to solve this issue. Most of the
already published and ongoing works are focusing their attention on the identification of
different methylated sites in the genomes of MZ twins. Among all of these studies, scientists
are using different approaches to find the most reliable answer to the question of “who is
who” between the two twins. One proposed approach is the one used by Marqueta-Gracia and
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collaborators in 2018. In their work, they proposed a suitable solution, the use of High-
Resolution Melting PCR (PCR-HRM) technology. The study was performed on saliva
samples of 18 MZ twin pairs, selecting 6 different CpG regions found at ITGA2B, ASPA,
PDEA4C, ZIC5, USP11, and NOP14 loci, which have previously been shown to be variant
during the human lifetime. They found regions showing significant within-pair differences
located at ITGA2B, ASPA, and ZIC5 loci. Most of them were identified in the oldest couple
of twins, ranging from 59 to 66 years old (Marqueta-Gracia et al., 2018).

The method proposed by Marqueta-Gracia and collaborators results is very cost-effective and
rapid but unfortunately, more details need to be added in terms of other biological fluids and

also different quantities of starting materials.

At the Department of Genetic Identification at the Erasmus University Medical Center in
Rotterdam, Vidaki and collaborators tried to find another suitable protocol of discrimination.
First, they tried to name sites of discrimination in blood samples, considering both reference-
type DNA, which refers to the validated CpG candidates, and trace-type DNA, which instead
refers to the DNA that could be found on a crime scene. In a work of 2017, they first tried to
discover a set of candidates using a genome-wide methylation profile (using The Illumina
Human Methylation 450K BeadChip array) of 10 MZ twin couples, then, after two steps of
normalization (FUNNORM and SWAN methods), they validated the sites using a SYBR
green-based PCR assay (Lo et al., 2009) and finally tried to identify the validated markers in
the trace-type DNA (Vidaki et al., 2017b). In the second study of 2018, the same group of
scientists used a similar experimental set-up, considering again reference-type DNA and
trace-type DNA. In this second work, Vidaki and collaborators tried to use as reference type-
DNA buccal swabs, and trace-type DNA saliva and cigarette butts (Vidaki et al., 2018, p.
29018). They analyzed one couple of female MZ twins, finding, using genome-wide DNA
methylation microarray analysis, the suitable sites in reference-type DNA followed by
candidates’ sites analysis in trace-type DNA using the TagMan-based quantitative PCR
(gPCR) method (MethyL.ight). (Figure 18).
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Figure 18 Scheme of the experimental setup for the DNA methylation analysis using the
methylLight protocol (Vidaki et al., 2018)

The identified markers (22 CpG sites) were not consistent in reference-type DNA and trace-
type DNA, attributable to the fact that reference and trace-type DNA came from different
tissue types. Lastly, a recent paper from Planterose Jiménez and collaborators tried to move
the attention to the site of discrimination that could differ because of stochastic methylation
variation. In this study, they identified 333 CpG sites that displayed similarly large
methylation variation between both monozygotic co-twins and also unrelated individuals

highlighting the possible use of epigenetics as a unique human fingerprint (Planterose
Jiménez et al., 2021).

42



5 Methodology to study DNA methylation

Nowadays, several approaches can be used in finding CpGs differentially methylated sites,

and each of them proves its advantages and drawbacks.

In forensic cases, most of the approaches used based their technology on bisulfite conversion,
an assay to find single nucleotide methylation variation. Many approaches to the study of
DNA methylation combine bisulfite conversion and other techniques such as, for example, in
the methyl-DNA immunoprecipitation (MeDIP) approach. This technique, after bisulfite
conversion, performs a step of denaturation and precipitation of cleaved DNA using a 5mC
antibody followed by sequencing (Weber et al., 2005). The shotgun type of sequencing allows
single-base resolution of bisulfite sequencing. However, this approach cannot distinguish
between 5-hydroxymethylcytosine and 5mC (Cokus et al., 2008). In another study Park and
collaborators discriminated against individuals in a pair of monozygotic twins using The
Infinium HumanMethylation450 BeadChip array (Illumina). This included the use of arrays
that can identify more than 450,000 CpGs throughout the entire genome (Park et al., 2017).
Notably, most of the techniques used to find CpG methylation includes the detection of areas
of the genome that are rich in CG nucleotides rather than screening the entire genome. On the
other hand, to get a better overview of the entire genome, other approaches, such as the whole-

genome bisulfite sequencing are preferred.

In this chapter, a general overview of some of the available techniques used to study DNA

methylation is provided.
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5.1 Bisulfite conversion

Today, bisulfite conversion is considered the gold standard to study DNA methylation. This
procedure was described for the first time in 1992 by Frommer et al. (Frommer et al., 1992).
The chemistry beyond is based on the deamination of unmodified cytosines to uracil. The
methylated cytosines (5mC) and (5hmC), differently, are resistant to deamination. This
process allowed to then, followed by PCR amplification, resulting in the substitution of
thymine for the not methylated cytosine, while 5-mC or 5-hmC residues get amplified as

normal unmodified cytosines (Figure 19) (Li et al., 2019).
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Figure 19 A) Cytosine treated with bisulfite is converted into uracil while methylated cytosine is
protected from the conversion. B) During PCR amplification reaction, the DNA polymerase
substitutes the uracil with thymine (Li et al., 2019).

Nowadays bisulfite conversion stays the most used technique also in forensic epigenetic
studies, but, even with its wide use, this treatment has some disadvantages. Conversion with
bisulfite causes high fragmentation of the DNA, resulting in small sequences, caused by the
aggressive reaction condition of the conversion (pH 5 and temperatures up to 90°C). In
forensic cases, as already discussed, most of the time starting DNA material is not enough in

guantity and not even in quality resulting in a worsening of the material.
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5.2 DNA methylation analysis by pyrosequencing

Pyrosequencing is one of the most used techniques to detect the degree of methylated and
unmethylated cytosine residues after DNA bisulfite conversion. This technique is a
sequencing-by-synthesis method that monitors the real-time incorporation of bases thanks to
the enzymatic conversion of released pyrophosphate into a proportional light signal (Tost and
Gut, 2007). To do that, the technique employs a cascade of coupled enzymatic reactions, that
used different proteins such as DNA polymerase, ATP sulfurylase, and luciferase, used to
check DNA synthesis, with a nucleotide-degrading enzyme in the cascade enabling iterative
nucleotide dispensation to the reaction mixture. (Figure 20).
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Figure 20 Schematic representation of Pyrosequencing workflow (Image modified from Gharizadeh
etal., 2001).
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5.3 Methylation analysis using arrays

Large-scale methylation screening is also performed using arrays technology. Some of the
most used bead array technologies are the ones proposed by Illumina. Illumina developed
different platforms for array-based screening of DNA methylation: the GoldenGate (which is
currently out of production), the Infinium Human Methylation27, and the newest and popular
Infinium HD 450K methylation array (Roessler et al., 2012).

The Methylation BeadChips developed by Illumina offers a combination of comprehensive,
high-throughput large sample size screening for methylation studies in which individual CpG
sites within a given DNA sample are interrogated simultaneously. The Infinium methylation
assay interrogates the chemically differentiated loci using site-specific probes, designed for the
methylated locus or the unmethylated locus. Then a single-base extension of the probes
incorporates labeled ddNTP to the fragment and, the labeled ddNTP is then stained with a
fluorescent reagent and detected. Different methylation levels for the interrogated locus can be
deduced by computing the ratio of the fluorescent signals from the methylated vs. unmethylated
sites. The detection of single CpGs range from 3,000 to 850,000 sites, interrogating a vast
number of informative positions. Up to now, the technology was a hybrid of two different

chemical assays, the Infinium I and Infinium 11 assays (Figure 21).
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Figure 21 Overview of the Infinium I and Infinium Il (Dedeurwaerder et al., 2011).

The main difference between the two assays is the design of the beads. In the Infinium I assay,
two types of probes are used (one for the methylated allele and one for the unmethylated
allele), while in the Infinium 11 assay a single probe is used for both alleles, and base extension

depends on the methylation state of the hybridized genomic DNA molecule.

5.4 Reduced representation Bisulfite sequencing: Ovation® RRBS Methyl-
Seq System

Other suitable techniques to study DNA methylation are sequencing-based techniques
following the bisulfite conversion. The Ovation® Reduced representation Methyl-Seq system
proposed by Nugen, is a cost-effective, fast, and correct approach. In the Ovation® RRBS

Methyl-Seq System assay, differently from many other sequencing approaches, no prior
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fragmentation is needed, thanks to the Mpsl restriction enzyme fragmentation. The Mpsl
restriction enzyme can cut symmetrically at the region CCGG of the genome, generating small

fragments covering ~1% of the human genome (Figure 22). (Gu et al., 2011)

Gene promoters Bona fide CpG islands CpG island shore H3K4me2 enhancer Whole-genome 5 kb tiling
(23,690 regions) (44,440 regions) (88,872 regions) (59,467 regions) (635,269 regions)
¥ . 100

Human genome

Figure 22 Pie charts illustrating RRBS library coverage for CpG methylation sites for five different
genomic regions: gene promoters, CpG islands, CpG shores (identified as s 2-kb genomic regions
close to CpG islands), enhancer elements from histone H3K4, and genomic tiling (Image modified
from Gu et al., 2011).

The Mpsl enzyme digestion is completely random, and it does not relate to the cytosine status
(methylated or not methylated), moreover, considering the cutting region specificity of the
enzyme (CCGG), it allows to obtain in each different fragment at least one informative

cytosine.

The reduced representation bisulfite sequencing technique is a cost-effective way of obtaining
single-base resolution DNA methylation information from a genomic sample. The term
“reduced representation” refers to the fact that this technique examinates just a small part of
the genome, resulting in a reduced amount of sequencing needed compared to a whole
genome approach. The approach efficiently combines bisulfite sequencing with methylation
insensitive Mpsl enzyme to get the major areas of the genome that are covered by CpG

islands.

Compared to other methods (some of them already described) the RRBS procedure efficiently

covers all the important genomic regions that have at least one cytosine. In 2010, Laird and
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collaborators compared different techniques used to study DNA methylation and found RRBS

as one of the most advantageous in terms of cytosine per sample analyzed (Figure 23).
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Figure 23 Different techniques used to study DNA methylation. The figure plots the sample
throughput against genome coverage. Coverage is decided by the number of CpGs in the genome that
could be analyzed for the experiment while the sample throughput refers to the number of a sample
that can be analyzed in every experiment. RRBS results are one of the best methodologies to question

a large number of cytosines per sample (Laird, 2010).

Also, one of the major advantages of using the RRBS technique is the low cost per experiment
performed. As shown in the figure below, RRBS or capture-based techniques, are the most

helpful in terms of cost compared to other techniques (Figure 24).
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Figure 24 Comparison of different DNA methylation techniques used with the relative cost-

effectiveness per sample in dollars (Rivera and Ren, 2013).

5.5 Whole-genome bisulfite sequencing: Ovation® Ultralow Methyl-Seq
Library Systems

In contrast to the RRBS technique, WGBS does not interrogate a few areas of the genome but
works on the entire DNA of the samples taken in the study. The steps in the protocol are
similar to the RRBS except for the use of Mpsl which in WGBS is substituted by DNA

fragmentation.

The main differences between WGBS and RRBS approaches are described in Table 1.
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RRBS WGBS

Methods of CpGs enriching CCGG/Mspl N/A

Genomic input DNA 0.01-0.3 pg 5ug

Resolution max (bp) 1 1

Genomic coverage (in 10% 100%
theory)

Actual coverage (=10 9% 76%
reads"®)

IMlumina reads per sample ~10 million >500 million®

Table 1 Major differences between RRBS and WGBS techniques (Table modified from Tost, 2018)

WGBS allows the screening of up to 500 million reads simultaneously compared to the 10
million screened by the RRBS assay. The screening performed by WGBS techniques
examines the entire genome, focusing the attention not only on CpG located at relevant
genomic areas (such as CpG islands) but also on sites randomly distributed and related to
stochastic variation. In a recent paper from Jiménez et al, the importance of stochastic
methylation variation has gained prominence. (Planterose Jiménez et al., 2021). In this study,
333 CpGs sites were found to display a large methylation variation between monozygotic co-
twins and also unrelated individuals. The study highlights the importance of universal
stochastic variation that occurs not only in unrelated individuals but also in identical twins.
To better exclude any kind of epigenetic discordance related to epigenetic drift or
environmental effects, the authors conducted the study on a cohort of early-age monozygotic
twins. The study strongly suggested the existence of an epigenetic fingerprint relevant for the

identification of MZ twins implicated in forensic cases.
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6 Aims

Monozygotic twins discrimination stays one of the major pitfalls in forensic cases. The
standard analysis of STRs is completely useless when applied in the case of identical twins
discrimination. Nowadays, there are no available techniques able to distinguish between

identical twins.

Together with the inability to use standard forensic techniques, other major problems noticed
during in-loco inspections in forensic cases are represented by biological samples' availability
and composition. In most cases, only a small amount of DNA is recovered from a crime scene

and, most of the time, this DNA is also degraded.

One of the practical solutions that can be used in forensics to distinguish between identical
twins, especially when dealing with degraded and low input material is the use of epigenetics,
and in particular the study of DNA methylation. DNA methylation has been gaining increased
attention in the past years, especially in forensics to distinguish identical twins at a crime

scene. Therefore, the aims of this thesis are to:

e Mimic the unlucky condition of poor quantity and quality DNA on the crime scene.
To achieve this goal, from two different couples of monozygotic twins 1 ng of starting
DNA was used to mimic trace type DNA (DNA found on crime scene).

Furthermore, from the same couple of twins, two reference trace DNA tables were

created to simulate the available DNA required during the investigations.

e Create a reliable statistical approach able to lead back each unknown trace type table

to the proper reference table.
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7 Materials and Methods

7.1 Sample collection

In this study, the biological samples were collected after all the participants supplied signed
informed consent. In total, one female MZ couple and one male MZ couple were included in
the study, aged 25 and 40 years, respectively. Participants collected their body fluids samples
(buccal swabs) on their own, according to the laboratory’s instructions, using sterile and
disposable buccal swabs (Omni Swabs from Whatman Bioscience), provided by our
laboratory. After the collection, each sample was anonymized soon by the participants, as to
not link any biological information to the individuals. For our study, each twin provides us

with two different buccal swabs, to perform the entire protocol in duplicates.

Once the collection was done, all the samples were stored in our laboratory at 4° C until the

DNA extraction was performed after 1 week after the collection.

7.2 DNA extraction (QlIAamp® DNA Mini and Blood Mini Handbook
Qiagen)

DNA extraction from stored buccal swabs of the two MZ couples was performed using the
QlAamp® DNA Mini and Blood Mini Handbook, which allowed scientists to obtain
biological materials from various kinds of samples, such as whole blood, plasma, serum,

swabs, and tissue.

The DNA purification from the buccal swab could be performed both using spin-column or
using vacuum protocol. For this study, the spin protocol was preferred. Using this procedure,
the DNA is adsorbed on the QIAmp silica membrane while all the other materials, thanks to
the salt composition and pH conditions, are not kept on the membrane and could be
accumulated in the filtrate below the spin column. Extraction using the spin protocol requires
no phenol-chloroform or alcohol precipitation and involves little handling, moreover, the

protocol results are quite easy and quick and can be adjusted depending on the buccal swab
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type used in the study. Any other information about the protocol can be found in the
QlAamp® DNA Mini and Blood Mini Handbook.

In this study, the head of the buccal swab was separated from the stick using sterile scissors.
After obtaining the swab’s head, each of them was placed in the 2 ml microcentrifuge tube
and 600 ul of PBS was added to each sample. To perform the lysis 20 ul of QIAGEN
proteinase K stock solution (already prepared in the kit) is added simultaneously with the lysis
buffer (labeled as AL) to all the samples. To ensure efficient lysis after adding the Buffer and
the proteinase, samples need to be at once mixed. The solutions were then incubated on a
heated shaker at 56 C for 15 minutes and then briefly centrifugated to remove drops present
inside the lid.

Following the incubation, 600 pl of ethanol 96% - 100% fresh prepared was added to each
sample, mixed, vortexed, and briefly centrifugated to rescue drops in the lid. After the lysis
and cleaning steps, the obtained mixture is ready to be added to the spin column. Of the
mixture obtained 700 pul was added to the QIAmp spin column and placed in a 2 ml collection
tube, taking care of not wetting the rim. The spin column in the collection tube is then
centrifugated at 6000 x g (8000 rpm) for 1 minute and then transferred into a clean collection
tube to discard the filtrate. This step of filtration was then repeated a second time with another

700 pl of the mixture.

Once these steps were done, to remove residual contaminants, 500 pl of Buffer AW1 was
added to the samples, followed by 6000 x g (8000 rpm) for 1-minute centrifugation. After this
first step of DNA cleaning, 500 ul of Buffer AW2 was then applied to the spin column,
following 20,000 x g (14,000 rpm) for 3 minutes. These two-washing buffer steps could help
significantly improve the purity of the DNA and the maximum speed centrifugation was then
needed to remove all the possible ethanol carryover that may interfere with downstream DNA
analysis. Purified DNA was then eluted in 150 pl of elution Buffer (AE) Nuclease-free Water.
For our experiments, we used 150 ul of AE buffer and we then incubate at room temperature
(15-25 C) for 5 minutes before centrifugate at 6000 x g (8000 rpm) for 1 minute. A second
elution step with another 150 pl of AE buffer was performed to increase the yield
significantly. We obtained for all the samples a total volume of 140 pl and we then stored the

samples at -20 C before use.
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Figure 25 Procedures of DNA extraction using DNA Purification from Buccal Swabs (Spin
Protocol). (Images changed from QlAamp® DNA Mini and Blood Mini Handbook).

7.3 DNA quantification; Qubit® dsDNA HS Assay Kits Life Technologies

To check the concentration of the samples the Qubit® dsDNA HS (High Sensitivity) Assay
Kits were used, which give the possibility to, thanks to target-selective dyes emission bound

to the DNA, measure the concentration of the sample.

The Qubit fluorometric quantification is a fast and simple assay that allowed us to obtain the
correct quantification for our two samples. For these samples, the Qubit dsDNA High
Sensitivity Assay was used, which has an assay range from 0.2-100 ng, while the starting

concentration needed for the samples should be in the range of 10 pg/ pl to 100 ng/ pl.

Reagents used for the Qubit™ measurement were prepared as described in the image below

Figure 26
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*where n = number of Standards plus number of Samples

Figure 26 Qbit protocol: master mix prepared using 1 ng of reagent into 199 pul of buffer in a Qbit

tube recommended by the protocol.

7.4 DNA fragmentation (The Diagenode Biorupter® Sonicator)

To obtain DNA fragments needed in the following steps, the Diagenode Biorupter® Sonicator

was used.

This system is based on a water bath that generates indirect sonication waves, which emanate
from an ultrasound element below the water tank. The ultrasound used by the system creates
mechanical stress able to lyse or shear DNA. When the ultrasound waves pass through each
sample, they create a flux of expansion and contraction into the liquid. During the step of the
expansion, a negative pressure pulls the molecules away from each other and creates a space,
or a bubble, resulting in a process called cavitation. At a certain point, when the pressure on
the bubble becomes higher, it can no longer sustain the energy on itself, and this results in

implosion, producing a strong force that disperses molecules.

The mechanical force of the Bioruptor randomly generates DNA fragments that show a
correct and precise size distribution depending on the time and force applied by the system to

the samples.

The time and force to be applied to the molecules can be easily chosen from the control units.

56



For human samples, the protocol is described in the table below (Table 2), with also the
specification for the protocol recommended for the bacteriophage Lambda, the control DNA

that we used in our study.

Human DNA 4 cycles 30 seconds 90 seconds stop

Lambda DNA 3 cycles 15 seconds 90 seconds stop

To perform the fragmentation, the starting materials required by the instrument were 100 pl
of samples and water, in proper Bioruptor tubes. After the mechanical fragmentation, the
fragment size distribution can be analyzed using various methods such as agarose gel
electrophoresis, chip-based electrophoresis, or also capillary electrophoresis. The fragment

size distribution was approximately 200 base pairs (bp).

7.5 Agilent High Sensitivity DNA Kit

DNA fragments obtained from the Bioroptur fragmentation were then checked for the
proper distribution of sizes. To do that the Agilent High Sensitivity DNA Kit was used that
find fragments that show a size distribution from 50 to 7000 bp, with a typical sizing accuracy
of £ 10 % CV. The Agilent High Sensitivity DNA Kit technology is based on the use of a
chip priming station. Into the chip station, just 1 ul of starting material for each sample is
required, for a total of 11 samples to be analyzed simultaneously. The protocol required the
preparation of a Gel-dye mix as follows; the tubes holding the blue-capped High Sensitivity
DNA dye concentrate and the red-capped High Sensitivity DNA gel matrix are taken from 4°
C and equilibrate at RT for 30 minutes. Once these reagents were equilibrated for the
estimated time, they could be vortexed and spin down. Then, 15 ul of the High Sensitivity
DNA dye (blue capped) are pipetted in the High Sensitivity DNA gel matrix vial (red-capped).
This freshly prepared solution needs to be stored in the dark to preserve its functionality. The
gel-dye mix was then transferred on a spin filter and then placed in a microcentrifuge for 10

minutes at 2240 g, or 6000 rpm, at RT. Before loading into the cheap gel-dye mix, the freshly
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prepared mix needs to be equilibrated at RT for 30. A total volume of 9.0 ul was pipetted in
the well-marked with a G on the chip, after that, through the use of the plunger, the gel-dye
mix could be dispensed through the chip. Once the procedure of the gel-dye mix was
complete, 5 ul of the High Sensitivity DNA marker (marked with the green cap), was pipetted
into the well with the ladder specific symbol and in each of the 11 samples well. After adding
the marker, 1 ul of the High Sensitivity DNA ladder (with the yellow cap), was pipetted in
the specific well marked with the ladder symbol. Finally, in each of the 11 sample wells, 1 pl
of samples was pipetted. After the complete preparation, the chip was vortexed for 60 seconds

at 2400 rpm and, once ready, placed in the Agilent 2100 Bioanalyzer.

The Agilent High Sensitivity DNA Kit gave a final report from which the size distribution of

the fragments could be easily visualized by checking the electropherogram. Figure 27
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Figure 27 Representative image of a chip priming station and an Electropherogram that can
show the abundance of any fragments (Performance characteristics of the High Sensitivity DNA
kit for the Agilent 2100 Bioanalyzer System Tech note)
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7.6 DNA purification using AMPure XP, Beckman Coulter.

Following the DNA fragmentation, fragments obtained were purified using magnetic beads
(AMPure XP, Beckman Coulter). The purity of DNA is critical to generating the best libraries
before sequencing. Contaminants present in the samples can directly interfere with
downstream reactions. In the image below the AMPure XP, workflow is described. Figure 28
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Figure 28 Magnetic beads procedure used to purify the fragmented DNA. (Imaged modified from
AMPure XP, Beckman Coulter protocol).

The purification protocol requires as the first step to add 2X quantity of beads into the tube
having the starting fragmented material. After adding the beads, the DNA needs to be
completely resuspended into the solution to maximize the beads-DNA interaction. Once the
mixing was done, the solution was left for 10 minutes at RT and then placed for 5 minutes
onto the magnet. The liquid was then removed and two washes with freshly prepared 70%
ethanol were performed. Once the ethanol results be completely dried 13 ul of Nuclease-free
Water was added. Finally, the tubes were transferred onto the magnet for at least 5 minutes
to completely clear the solution from beads. A final volume of 13 ul of eluate for each sample

was then placed in a new PCR tube.

As already discussed in the introduction, two approaches were used for this study. In this
section, each step of the two protocols, the RRBS technique, and the WGBS technique are
step by step described.
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7.8 First approach: The Reduced representation bisulfite sequencing
(RRBS) technique: Ovation® RRBS Methyl-Seq System

Before moving to the Whole-genome sequencing preparation, we tried to use the Reduced

representation approach as a possible experimental setup to prepare the reference tables.

The experimental workflow we use is described in figure 30.
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Figure 30 RRBS laboratory workflow.

In the paragraph below experiments performed using this technology are described.

RRBS protocol consists of five main steps: first Mspl digestion, adaptor ligation, final repair,

bisulfite conversion, and the PCR amplification of the obtained library. Figure 31.
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Figure 31 Schematic representation of the five main steps in RRBS workflow

Mspl Digestion

The first step in the protocol consists of Mpsl enzyme use. This step allows not to fragment
the input DNA, as already described in the section “DNA fragmentation (The Diagenode
Biorupter® Sonicator) “, because of the enzymatic digestion properties. During this first step,
a Mspl master mix was prepared to combine 1.0 pl of Mpsl buffer mix and 0.5 pl of Mpsl
enzyme mix into a new tube. Once the mix was ready 1.5 pl of Mspl Master Mix was added
to each sample. Then the reaction was performed into a thermal cycler programmed as

follows:

37 °C — 60 min, hold at 4 °C
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Adapter Ligation

Ligation of adapters is needed to univocally mark the samples of the library. To perform this
second step, a ligation adapter mix was prepared to add in a new tube 2 ul of nuclease-free
water, 4 ul of ligation buffer mix, and 1.0 ul of ligation enzyme mix. Of this freshly prepared
mix 7 pl were added to each sample and then 3 pl of specific adapter were added to each tube.

The tubes were then placed in a heated thermal cycler with the programs specified:

25°C —30 min, 70 °C — 10 min, hold at 4 °C

Final Repair

For the final repair steps, we combined 6 ul of final repair buffer mix, 0.5 pl of final repair
enzyme mix, and 13.5 ul of nuclease-free water. With a total amount of 20 pl of mix in each

sample of the final repair master mix. The tubes were then placed into the thermal cycler:

60 °C — 10 min, 70 °C — 10 min, hold at 4 °C

Bisulfite Conversion

To perform the bisulfite conversion, 30 ul of Bisulfite Reagent Solution were then added to
each sample, all the tubes were then incubated in a pre-warmed thermal cycler with the

following program:

95 °C —5 min, 60 °C — 20 min, 95 °C — 5 min, 60 °C — 40 min, 95 °C —5 min, 60 °C — 45 min,
hold at 20 °C

Bisulfite-Converted DNA Desulfonation and Purification

The magnetic bead binding solution is prepared by combining 200 ul of binding buffer and
2.4 pl of magnetic bead solution. Carefully 160 ul of the fresh prepared magnetic bead

solution were added to each bisulfite converted sample for a total of 200 pl. After mixing
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properly, the samples were left 5 minutes at RT and put on to a magnet for 5 minutes. The
supernatant was then discarded, and the DNA was then washed using 200 pl of 70% ethanol
two times, paying attention to completely resuspending the beads in every single wash. After
these two steps of washes, the DNA was then put onto the magnet and the ethanol was
discarded. 200 pl of Desulfonation Buffer with EtOH was added directly onto the bead pellet,
then the tubes were incubated for 5 minutes at RT. With the tubes still on the magnet the total
amount of liquid, approximately 200 ul, was removed and the other two steps of ethanol
washes were performed. Finally, the beads were completely air-dried and a 21 pl Elution
Buffer was added to each sample. Samples were then put onto the magnet for 5 minutes at

RT before the complete transfer of the final eluate.

7.9 Second approach: The whole-genome bisulfite Sequencing (WGBS):
Ovation® Ultralow Methyl-Seq Library Systems Nugen

As well as in the case of RRBS experiments, the genomic DNA from the same two couple of
MZ twins (one female and one male) have been sampled as shown in the figure below figure
32

Couple I w Couple II >

‘ Replicate I ‘ T Replicate IT ‘ Replicate I l Replicate II ‘
[ Twin A 10 ng ][ Twin A 1 ng ][ Twin A 10 ng ][ TwinA 1 ng ][ Twin A 10 ng ][ Twin A 1 ng ][ Twin A 10 ng ][ TwinA 1 ng ]
[ Twin B 10 ng ][ Twin B 1 ng ][ Twin B 10 ng ][ Twin B 1 ng ] [ Twin B 10 ng ][ TwinB 1 ng ][ Twin B 10 ng ][ TwinB 1 ng ]

Figure 32 One male (40 years old) and one female (25 years old) couple were used in this study.

Two replicates of each twin are produced.

A sampling of each individual occurs in duplicates, resulting in two different replicates for
every twin sample. From the total starting material obtained once the mechanical
fragmentation was ended, two different concentrations before starting library preparation

were set up: 10 ng and 1 ng.
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The 10 ng starting samples were considered as REFERENCE DNA, while the samples having
1 ng starting material were considered TEST or TRACE type DNA.

The entire lab procedures explaining for each type of DNA are explained in the workflow

described in Figure 33

Buccal swab samples

QUIAGEN QlAamp DNA |

1 ng starting material T e T W [10 ng starting material

L4

—— " Trace Type DNA-:) " Reference Type DN;L')
Whole genome bisulfite sequencing e - Whele genome bisulfite sequencing
{WGBS) l l (WGBS)
The Ovation® Ultralow Methyl-Seq Library mrem;] [The Ovotion® Ultralow Methyl-Seq Library Systems

fFv—]

0000000000

PCR amplification | 0900000000

* -9E00000000
4
| Sequencing

Figure 33 Experimental workflow performed. Both for trace type DNA and reference type DNA the
method used to prepare the library was WGBS. The only difference between the two experimental
sets up was the starting material. Starting DNA concentration for trace type DNA was 1 ng. Starting
DNA concentration to prepare reference type DNA was 10 ng. A genome was spiked in any samples

with a percentage of 1%.

The WGBS method consists of five different steps; the fragmentation of genomic DNA
through the use of the already mentioned technology ( “DNA fragmentation (The Diagenode
Biorupter® Sonicator) “, the steps of end repair to generate blunt ends, adaptor ligation, the

bisulfite conversion, and the final PCR amplification to produce the library. Figure 34.
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Figure 34 Schematic representation of the WGBS workflow (Image modified from Tost, 2018)
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After the steps of fragmentation and purification of the input DNA, samples were then end-

repaired. This step is needed to convert the 5° overhangs into blunt ends and phosphorylates

5’ ends using the End-Repair mix. The step was performed according to the protocol

(Ovation® Ultralow Methyl-Seq Library Systems Nugen), combining 2 pl of End Repair

Buffer, 0.5 pl of End Repair Enzyme mix, and 0.5 pl of End Repair Enhancer. The freshly

prepared mix was then vortexed, spin down, and placed on ice until use. A total of 3 ul of

End repair mix was added to each sample, mixing and spinning down each sample. The

tubes were then placed in a pre-warmed thermal cycler programmed as follows:

25 °C —30 min, 70 °C — 10 min, hold at 4 °C

65



Ligation with different indexing adapters

After the end repair PCR was complete, samples were spin down and placed on ice until their
use. Following the end repair step, it is necessary to ligate multiple adapters to the DNA

fragments. For our samples we choose the adapters described in the table below:

The ligation master mix was prepared by combining 4.5 pl of nuclease-free water, 6 pl of
Ligation Buffer Mix, and 1.5 pl of Ligation Enzyme Mix in a new tube. Then, 12 pl of
Ligation Master Mix was added to each sample. After the addition of the mix 3 ul of each
specific and unique adapter was pipetted into the specific sample. Once the ligation mix and
the adapter were added, all of the samples were then placed in the preheated thermal

cycler using the following program:

25°C —30 min, 70 °C — 10 min, hold at 4 °C

Following the step of ligation, a purification step is then required to decontaminate the
samples from possible residues of adapters not ligated to the target DNA. Residues of adapters
not bound to the target DNA can directly affect the run during the libraries sequencing,
generating clusters on the sequencing flow cell that results be not informative in the study.
To avoid this kind of contamination from adapters, 45 pl of beads were added to each sample
and resuspended as already described, samples were then placed on a magnet at RT for 5
minutes and then 65 pl of supernatant were discarded. While the samples were still on the
magnetic stand, 200 pul of freshly prepared 70% absolute ethanol was added to each tube, after
30 seconds at RT the supernatant was discarded, and this cleaning using EtOH 70% was
repeated twice. Once the cleaning by EtOH was performed the tubes are left with the cap open
to completely air-dry the beads. To finally eluate the DNA, 16 pl of Nuclease-free Water were
added to each tube, and samples were then homogenized by pipetting. Tubes were then placed

5 minutes on the magnet and 15 pl of supernatant were transferred into a new clean tube.
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Final Repair

After the purification of the samples, the final repair step is then needed. The final repair
master mix was performed by adding 4.5 ul of Final Repair Buffer Mix and 0.5 ul of Final
Repair Enzyme Mix in a new tube. Then 5 pl of Final Repair master mix was added to each
sample. After the mixing of the samples and the final repair mix, the tubes were placed in

preheated thermal cycler using the following program:

60 °C — 10 min, hold at 4 °C.

Bisulfite conversion

The bisulfite conversion required the addition of 30 pl of Bisulfite Reagent Solution, after
proper mixing, to each sample. Then tubes are placed in a pre-warmed thermal cycler with

the following program:

95 °C —5min, 60 °C — 20 min, 95 °C — 5 min, 60 °C — 40 min, 95 °C — 5 min, 60 °C — 45 min,
hold at 20 °C

After the conversion step, DNA was purified using the magnetic beads solution master mix
prepared as follows; 200 ul of Binding buffer are mixed with 2.4 pl of magnetic bead solution.
160 pl of this freshly prepared solution was added to each sample. After adding the mix
samples were left for 5 minutes at RT, then 5 minutes at RT on the magnet. The supernatant
was then carefully removed and discarded. After this step, 200 ul of fresh 70% Ethanol were
added to each sample to resuspend the converted DNA. Once the DNA was incubated with
the EtOH, 200 pl of desolfonation buffer was added to each sample. Samples were then placed
on the magnet, cleaned from the desolfonation buffer, and again washed with fresh EtOH
70%. During the last step, the DNA was eluted in 23 ul of elution buffer before being

amplificated during the step of library amplification.
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Optimization of the library amplification cycle using gPCR

To assess the best number of cycles to yield a high diversity library with minimal levels of

duplicates in each sample, a qPCR was performed.

After the detected of required cycles, we then performed the PCR amplification. This step
was performed by combining 4 pl of Amplification Primer Mix with 20 ul of Amplification
Enzyme Mix. Once the mix was pipetted properly and spun down, 24 pl of PCR master mix
was pipetted to each sample tube. Samples were then placed in a preheated thermal cycler

with the following program:

95°C—-2min, N (95°C-155s,60°C—1min, 72°C—-30s5), 72 °C -5 min, hold at 10 °C

Where N shows the cycles of amplification obtained for each sample in the gPCR
optimization. After the library amplification, one last step of purification with beads is needed.
For this purification step, 50 ul of beads were resuspended in each reaction tube. After the
two EtOH 70% washes, 20 ul of Nuclease-free Water was added to the samples. Finally, 18

pl of the eluate were removed from each sample and placed in new tubes.

8 Next-generation sequencing

Before sequencing, library concentrations were evaluated using Qbit High sensitivity assay
and library fragment sizes were also evaluated, as described in section XXX. Fragments of
the samples taken in this study should appear in the range of the lower marker (35 bp) and the

upper marker (10380 bp), all the different libraries show a fragment size of 150 bp.

The sequencing step was performed using standard Illumina protocols in 1 x 150 (in the case
of RRBS) and 2 x 150 (in the case of WGBS) base pairs. Sequencing was performed using

the NovaSeq 6000 instrument at Area Science Park in Trieste.

68



SEQUEMNCES ANALYSED [MR)

9 Analysis Methods

9.1 Data analysis performed

The analysis methods described in this chapter refer to WGBS data.

RRBS performed experiments were analyzed using the same software described below
(except for the -rrbs specific choice when needed and for the duplicates, removal using
Unique Molecular Identifiers UMIs) but will not be described in this section. Despite the
computed analysis of the RRBS data, we decide to not continue using this approach as it did

not meet our experimental needs.

The sequencing step of WGBS data produced a total number of raw reads per sample that are

shown in the bar plot below. Figure 35
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Figure 35 Total raw reads for each sample sequenced on NovaSeq 6000 system.

After sequenced the libraries, the bisulfite conversion efficiency was evaluated by mapping
the A reads to the bisulfite-converted genome of the phage. For all the samples taken in the

study, the % of A was in the range of 97-99%, as showed by the protocol

The entire data analysis workflow performed is summarised in figure 36.
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Figure 36 Analysis performed for REFERENCE type DNA and TRACE type DNA.

9.2 Quality control of sequenced libraries using FastQC

Information from the sequencing run for each library was stored in a text-based format file
called FASTQ. FASTQ files were specific for all the 16 libraries obtained and have
information about each read that was generated during the forward sequencing and the reverse
sequencing. In the FASTQ files are stored not only the sequence for each read but also the
quality obtained for each base in the read in ASCII code. Before performing further analysis
firstly, quality control for all the obtained sequenced libraries was done. FastQ quality control
was performed using software called FastQC. FastQC supplies a simple way to do quality
control checks on raw sequence data coming from high throughput sequencing and gave the
possibility to easily visualize quality metrics for the sequencing data. One of the most
important features of the FastQC report is that it gave a plot of per base sequence content. In

the case of the WGBS library, the displayed % of different bases present should be different
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if compared to normal sequenced libraries. Figure 37 can be compared to the normal output
of a balanced library not converted with bisulfite and one of the samples used in this study

bisulfite-treated.

Seqeunce content across all bases Seqeunce content across all bases

) S——— I S . : [ e - = = = 2 = = 4
By i ANE )

Figure 37 A) Per base content in normal sequenced libraries. B) per base content in one of our
samples bisulfite-treated. Bases are imbalanced thanks to the chemical conversion of unmethylated

cytosines into thymine.

9.3 Adapter trimming for WGBS

In this study, adapter sequences were removed from the WGBS data using the software
TrimGalore. TrimGalore requested to specify the type of libraries to analyze. In the case of

the libraries taken in the study, the commands specified were:

trim_galore --phred33 --illumina --paired --adapter2 <adapter Sequence> --output dir <output directory=
<R1=><R2>

-- paired (specifying paired-end sequencing), the adapter option is the sequence of R2
adapters, output_dir the output directory and --phred33, to use the ASCI1+33 quality scores

as Phred scores.
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9.4 Alignment to the reference Human genome using Bismark

The second step of the data analysis required that reads obtained are mapped to a reference
genome. WGBS reads were mapped to the human reference genome using software called
Bismark. Bismark uses short read aligner Bowtie 1, or Bowtie 2 to map bisulfite converted
sequence reads to the genome (Krueger and Andrews, 2011). Bismark aligner is created to
univocally map bisulfite treated sequencing reads. For this study, the reference genome used
was the Human Genome GRCh38 obtained from the NCBI websites
(ftp://ftp.ncbi.nih.gov/genomes/). Bismark needed a converted reference genome before
performing the alignment. To do that human reference genome downloaded was converted
using the command bismark _genome_preparation. With this command, Bismark will
produce two individual folders, one for a C->T converted genome and another one for the G-
>A converted genome. To align the sample reads to the converted human genome the

command used was:

bismark --bowtie2 --bam --phred33-quals -N 1 --samtools_path <path to samtools> -p
<threads> <path to reference genome> -1 <RIl .fastq.gz -2 R2 .fastq.gz -o <out path align>

Where —phred33-quals is the quality format, -N 1 Sets the number of mismatches to be
allowed in a seed alignment during multiseed alignment, -p is the number of cores used during
the alignment, --samtools-path recognizes the samtools path directory, and -1 and -2 shows

paired reads to be aligned.

One more choice available while running Bismark for WGBS converted libraries, is the
possibility to create libraries in two different modes, directional or non-directional. All the
libraries in this study were done in directional mode, meaning that the sequencing reads will
correspond just to a bisulfite-converted version of the original forward or the reverse strand.
This step is needed because Bismark software cannot know the strand identity a priori and,
because of that, it looks for the unique alignment by running four alignment processes
simultaneously. As the first step bisulfite reads are transformed into a C-to-T and G-to-A
version (equivalent to a C-to-T conversion on the reverse strand). Each of the transformed

reads is then aligned to equivalently pre-converted forms of the reference genome, using four
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parallel instances of the short read aligner Bowtie (Figure 38) This kind of mapping enables
the alignment software to uniquely determine the strand origin of the bisulfite read (Krueger
and Andrews, 2011)

A genomic fragment -..CCg
sequence after bisulfite e O R e TS
E treatment TT/‘Lv(:k.nTG'l TT AAACQ
C-to-T G-to-A read conversion
TTGGTATGTTTAAATGTT TTAACATATTTAAACATT
(1) 2
align to bisulfite
converted genomes
() ’ @)
~ttggtatgtttaaatgtt.. ..Cccaacatatttaaacact..
-~aaccatacaaatttacaa.. .ggttgtataaatttgtga..
forward strand C-to-T converted genome forward strand G-to-A converted genome
m () (3) @) read all four alignment
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to determine if the
sequence can be
i ity . = mapped uniquely
determine unique best alignment PP uely
B BS-read corresponds to

converted original top strand

me -
- ~ ‘ TTTA A | ~ -] .

5/ -TTGGEATGTTTAAACGTT-3’ bisufiteread
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Figure 38 A) Reads coming from the genomic fragments on the top of the figure are converted into
a C-to-T and a G-to-A version. Reads are then aligned to equivalently converted versions of the
reference human genome. Bismark aligner looks for the unique best hit, which is figured out from the
four parallel alignment processes [in this particular case represented in the figure, for example, the
best alignment has no mismatches and directly comes from the thread. (B) Every single methylation
state of positions involving cytosines is revealed by comparing the read sequence with the
corresponding reference genomic sequence. Depending on the strand the read mapped against the
reference genome can involve looking for C-to-T (as shown here) or G-to-A substitutions (Krueger
and Andrews, 2011).

All WBGS data were sequenced for 800/900 MR as already described in the paragraph
Quality control of sequenced libraries using FastQC. From the total amount of reads

sequenced and aligned to the reference human genome, Bismark looked for the unique best
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hit, meaning that the algorithm will exclude all the ambiguous alignments generated by
mapping reads in several points and give back just all the reads mapped univocally to a

position.

9.5 Duplicates removal

Reads that result from the alignment as identical, starting and ending at the same base pare
and having the same sequence, are called duplicates. Duplicates need to be removed from
further analysis because they could directly compromise the methylation calling, resulting in
overcalling some different methylation bases. To remove duplicates from WGBS libraries
the Bismark software was used. In this case, the deduplicate_bismark command was specified

as shown below

deduplicate bismark --bam <in path bam>

In the table below the total amount of unique best hit aligned for each library and the relative

percentage of deduplicates removed are shown (Table 3)
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Sample Unique Best Hit (MR) % Duplicates

Twin A Replicate I 10 ng 673294778 11.51%

=i Twin A Replicate I 1 ng 181239908 23.08%

3 Twin B Replicate I 10 ng 454657426 2537%

g" Twin B Replicate I 1 ng 534021642 51.46%

5 Twin A Replicate I 10 ng 389961864 11.47%

Twin A Replicate I 1 ng 340179758 38.55%

Tiwin B Replicate IT 10 ng 634579822 17.99%

Twin B Replicate IT 1 ng 402483032 35.09%

Twin A Replicate I 10 ng 420834096 11.23%

p— Twin A ReplicateI1ng 453036170 40.33%
]

@y TwinB Replicate I 10 ng 508104210 2957%
—

g-l Twin B Replicate I 1 ng 383978156 22.15%

¢ Twin AReplicate II 10 ng 536669268 20.60%

O Tiwin A Replicate IT 1 ng 380688992 26.77%

Twin B Replicate IT 10 ng 530446266 47 48%

Twin B Replicate IT 1 ng 165891140 28.32%

TABLE 3 Table listed all the MR obtained from Bismark recognized as the best unique hit. On these
total amounts of obtained reads, Bismark will remove the % of duplicates shown on the right of the

table.

9.6 Methylome Extraction

For all the samples strand-specific methylation information and the total methylation
coverage files were obtained from the Bismark alignment using the optional command of
methylation extractor code. The bismark_methylation_extractor was used to run directly on
Bismark deduplicate bam output to extract the methylation call for every single Cs analyzed.
The position of every single C will be written out to a new output file in which the desired

context is needed (in the case of libraries in this study the only screened context was CpG),
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whereby methylated Cs will be labelled as forward reads (+), non-methylated Cs as reverse

reads (-). Bismark_methylation_extractor was run using the following specification

bismark methylation extractor --genome folder <ref path> } -o <output_directory> -p --
merge non CpG --bedGraph --cytosine report --multicore 8 --gzip <path to deduplicated bam>

were --genome_folder which specifies reference genome path, --cytosine_report, which gives
a detailed report with several Cs detected, -p, to specify paired-end sequencing reads, and --
merge_non_CpG, because of in this particular case just CpG context is needed. Table 4 shows

% of cytosines in Cpg context obtained from Bismark tool

Sl C methylated in CpG

context

Twin A Replicate I 10 ng 73.7%

3 Twin A Replicate I 1 ng 73.4%

a Twin B Replicate I 10 ng 76.3%

=  Twin B Replicate I 1 ng 75.8%
o | i

O TwinA Replicate I 10 ng 73.5%

Twin A Replicate II 1 ng 74.0%

Twin B Replicate IT 10 ng 77.0%

Twin B Replicate II 1 ng 73.6%

Twin A Replicate I 10 ng 74.6%

u Twin A Replicate I 1 ng 74.8%

O Twin B Replicate I 10 ng 73.4%

= Twin B Replicate I 1 ng 72.0%

-

8 Twin A Replicate 1T 10 ng 76.3%

Twin A Replicate II 1 ng 74.8%

Twin B Replicate II 10 ng 71.6%

Twin B Replicate IT 1 ng 71.9%

Table 4 Methylation percentage result from Bismark alignment
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10 Results
10.1 Setting of the REFERENCE table

Once all the cytosines were extracted from the command of Bismark methylation extraction

two different analyses were performed to obtain the reference table and test table.

To obtain the reference table all the data derived from the 10 ng libraries from the couple I

and couple 11 were analyzed as described in Table 5

l Bismark Methylome output » { Coverage evaluation

( Total % methylated C's

Total % methylated C's Total % methylated C's Total % methylated C's
Total % unmethylated C's

Total % unmethylated C's || Total % unmethylated C's || Total % unmethylated C's

[T\vin A Replicate I 10 ngJ{T\\'in A Replicate IT 10 ng][Twin B Replicate I 10 ng][]‘win B Replicate II 10 ng]

‘ MethylKit Analysis ‘l » | Methylation % graphs
Filtering by Coverage > getCorrelation
Filtering by significance graphs
| Different methylated sites ’ I Coverage at single site l

Reference Type DNA >

Table 5 Schematic workflow on how to reference tables was created from couple | and couple .

Before starting the analysis using MethylKit, the reference sample coverage across all

different bases was evaluated using the DeepTools plotCoverage function.

The plotCoverage function was performed to assess the sequencing depth of all the given
samples. Plots obtained from Couple | and Couple Il reference samples are shown in figure
38
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Figure 38 Coverage obtained from reference samples for Couple | and Couple 1. For both couples,
distribution of read coverage are reported in the A panels (Couple I: Twin B Replicate 11 mean
coverage = 11.27, Twin A Replicate Il = 12.10, Twin A Replicate | = 17.91, Twin B Replicate | =
18.10. Couple II: Twin A Replicate | = 11.88, Twin B Replicate Il = 11.36, Twin B Replicate | =
14.66, Twin A Replicate Il = 16.84). B panels supply the same information about read coverage being

stratified by genome fraction.

10.1.1 Descriptive Results of Reference samples using MethylKit

From Bismark methylome extraction output, for all the reference data sets, the % of
methylated Cs and unmethylated Cs were analyzed using the Bioconductor R package called
MethylKit. This package allows users to obtain a table storing information about chromosome

position, strand, coverage, % of Cs, and % of Ts.

All four samples from each couple were converted into a MethylKit object to perform a

preliminary descriptive statistics analysis.
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From the MethylKit object we first obtained methylation information per sample using the

command below:

getMethylationStats(myob;j[[1]].plot=TRUE . both.strands=FALSE)

In the command. The number in square brackets identical samples in the list. This command

plots histograms for percent methylation distribution for each sample (Figure 39)
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Figure 39 Histogram of the percentage of CpG methylation in Reference Samples in Couple | (A)
and Couple 11 (B). Numbers on the bars show what percentages of CpG sites are contained in each

bar and refer to methylated or not methylated single sites.

Once the histogram of the percentage of CpG methylation for each sample was performed, to
do further analysis, we first merge all samples in one object that includes all pair base

locations covered in all samples for one couple.

The command needed to merge the samples was:

80



Couplel=unite(myobj, destrand=TRUE)

The destrand choice was set to TRUE, resulting in the merging of the reads from both strands
of a CpG dinucleotide. This option allowed us to supply better coverage for every single CpG
site given its mostly symmetric methylation mechanism. This option, as described in
MethylKit (Akalin et al., 2012) should be preferred when operating on base-pair resolution,

such as in our case.

Only sites with a minimum coverage of 10 across all replicates and samples within a twin pair

were retained. The command we used to filter for the required coverage was:

Couplel filtered=filterByCoverage(Couplel, lo.count=10, lo.perc=NULL, hi.count=NULL, hi.per=59.9)

This command allowed us to discard bases that have low read coverage, less than 10 reads,

and bases that have more than 99.9" percentile of coverage in each sample.
For all the samples we also check the correlation in each of the two couples in the study.

To look graphically at the correlation, we used the function below:

getCorrelation(Couplel, plot=TRUE)

The command results in different heat plots from which it can be noticed that, for both
couples, the correlation within (replicates) and across the two twins was not different (Figure
40)
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Figure 40 Scatter plot and correlation of CpG methylation between Twin A and Twin B for both
twins couple. Heat plots on the bottom part show % methylation for pairwise comparisons of four
samples. Numbers in the upper right corner denote the Pearson correlation coefficients. The
histograms on the diagonal are the frequency of % methylation per cytosine for each Twin in each

couple.

10.1.2 Finding differentially methylated sites in Reference samples using
Methylkit

The next step in the reference table creation required the identification of differentially
methylated sites specific for each couple. To achieve this step MethylKit needed the below

function:

myDiff=calculateDiffMeth(Couplel filtered)

This function will give back a table having different methylated sites, the g-value, the p-value,
and the percentage of methylation of the “treatment” sample. In our study, we decided to set
as treatment always the twin B in each couple and as “control” the twin A. To calculate p-
values, MethyIKit will either use Fisher’s exact or logistic regression depending on the sample
size per set. In both our cases, the function will automatically use logistic regression. Using
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the logistic regression, the function will try to model the log odds ratio based on the
methylation proportion of a CpG, (= in the formula), using the “treatment” vector (twin B for
each couple of twins), which denotes the sample group membership for the CpGs in the
model.

In the example below, the “treatment” variable is used to predict the log-odds ratio of
methylation proportions:

log SLLL B Bo + B{Treatment;
—

From the calculateDiffMeth function of MethylKit we obtain all the differentially methylated
bases between the two samples of each couple. To create the complete reference table, we
intersected the table holding the different positions recognized as differently methylated and
the raw coverage data. This allowed us to obtain, for each single differentially methylated
site, the total coverage in each replicate for each twin, also having the total number of Cs and
Ts present at that position. This step results in the creation of our two reference tables that has
the format of the table below (Table 5)

Twin A Twin A Twin B Twin B
Chr Start End p-value |g-value| A% | ReplCov | Cs | Ts |Rep !l Cov|Cs|Ts| ReplCov |Cs| Ts | RepliCov |Cs| Ts
1 161447664| 161447664|418x10-9 |0.002 32 31 1130 11 0ol 15 2113 25 121 13
1 161447684) 161447684|1,7x10-9 |0.002 39 30 1129 10 119 15 2113 23 15| 8
1 | 161447689| 161447689|2,66x10-9 [0.001 36 29 1|28 10 0|10 14 1|13 22 13| 9
1 161455038 161455038|2,91x10-8 |0.001 38 45 1|48 25 1124 10 3 7 14 717
1 161455156| 161455156|3,46x10-9 |0.0002 45 13 3130 10 0|10 13 716 10 5|5
1 161455158 161455158|2,9x10-9 |0.002 43 33 2 |3 10 0|10 13 5 8 10 6| 4
1 16145634?' 161456347|4,35x10-9 |0.001 32 48 714 1 7114 29 9120 47 31 16
| |
Y Y
Differentially methilated sites Coverage at that position

Table 5 Example of the reference table created. For each identification of differentially methylated
sites, coverage, resulting in the number of Cs and the number of Ts are reported. This table will be
used to compute statistical tests.
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10.1.3 Distribution of differentially methylated single sites in Reference
samples.

Before computing the statistical analysis, we first inspected the location of differently

methylated sites both within the chromosomes and within the genome.

To archive this goal, we filter all the positions that had at least 10X of coverage and that
showed at least 25% of different methylation values. We found a total number of 390
differentially methylated sites for the couple | and 220 differentially methylated sites for
couple Il. For these identified sites we used a Bioconductor package called genomation to
annotate them into the genome. The genomation package gave us the possibility to visualize
and quantify genomic intervals over pre-formed functional regions, such as promoters, exons,
introns, or no specific areas. First, we plot the percentage of differentially methylated bases
overlapping with exon/intron/promoters areas in the genome. This function easily helped us
to visualize if the identified sites of methylation in the reference samples match with the
region in the human genome accounting for promoters, introns, or exons areas, as shown in
Figure 41
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Couple | Couple Il

B promoter
| exon
intron
B intergenic

%N

Figure 41 Pie charts for couple | and couple Il representing the % of sites found in different areas
of the human genome. Sites in the couple I and couple Il are localized differently in the genome. In
couple 1 we found equal distribution of sites in promoter regions and intronic regions (36% for
promoters and 37% for intronic regions), and 25% of the identified locations are distributed in
intergenic areas. In couple 1l most of the 220 sites are localized in intergenic regions (74%). While,
differently from couple I, just 15% and 9% are sites localized at the intronic and promoter regions,

respectively.

We then screened if the identified single sites are specifically in CpG islands, CpG island

shores, or other regions (figure 42).

In this case, we found that at CpGs island, for couple | we had most of the sites localized at
CpG island (58%), while fewer sites for couple Il are found in such (23%). For couple I, the
26% of the sites results to be localized at CpG shores, and in couple Il just 6% of the sites are
in the same location. Most of the sites identified in couple 1l seem to be localized somewhere

else (71%, mentioned as “other” locations).
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Figure 42 Pie charts for couple 1 and couple Il representing % of sites found in CpG areas, on shores
or other locations. In couple | 58% of fund sites result to be in CpGs, while in couple Il 23% of the
sites are in CpGs. The other sites in couple | are founded in shores 26% and other locations, 16%.

Couple Il had most of the sites in other locations (71%) and just the 6% at CpGs shores.

We finally screened where the 390 differentially methylated sites in couple | and the 220

methylated sites in couple Il were distributed at the chromosomal level.
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Figure 43 Chromosomal distribution between couple | and couple Il differently methylated sites.
Couple Il shows the major distribution of the identified sites between the chromosomes, showing a
maximum level of methylation difference of 40%, while in couple some sites showed a higher

difference of methylation (around 60%).

We suppose that the distribution between the different levels of methylation could be
associated with the aging of this couple. As reported in Fraga and collaborators work from
2005 (Fraga et al., 2005), older homozygous twins exhibited remarkable differences in their
overall content of sites of methylation compared to younger twins couple. In our case, when
we sampled couple 1, they had 40 years old while couple 11 had 25 years old. The different
ages of the two couple could be recognized as one of the possible explanations for why we

saw a different distribution and different levels of the methylated sites in chromosomes.

87



11 Setting of the TEST table

Test table creation was performed following the below scheme (Figure 44):

‘ Bismark Methylome output }—~ | Coverage evaluation

Total % mel]]_vlaled C's Total %% meﬂ]}']_a[ed_ C's Total % methylated C's

Total % methylated C's
Total % unmethylated C's Total % unmethylated C's || Total % unmethylated C's

Total % unmethylated C's

| Twin A Replicate I 1 ng [ Twin A Replicate IT 1 ng J[ Twin B Replicate [ 1 ng J Twin B Replicate 11 1 ng J

Filtering Filtering Filtering Filtering
* NWal removal * WaM removal * Nal¥ removal * Nal ramoval
S T i B i

TEST Type TEST Type TEST Ty TEST Type
DNA DNA DNA DNA

Figure 44 Scheme of TEST (trace) type DNA creation starting from 1ng prepared libraries.

Percentage of methylated Cs and percentage of unmethylated Cs (Ts) were extracted for a

couple I and couple Il for all the samples obtained from 1 ng starting material. Once the

methylome was obtained from Bismark methylation extraction, as described in paragraph

Methylome Extraction, coverage for all the replicates in each twin couple was analyzed as

done previously with the reference type DNA using the DeepTools options plotCoverage.

(Figure 45).
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Figure 45 Coverage obtained from TEST samples for Couple I and Couple Il. Both couples, I and
couple 11 in panel A have represented the frequencies of reading coverage. (Couple I: Twin B
Replicate Il mean coverage = 10.73, Twin A Replicate Il = 8.63, Twin A Replicate | = 5.83, Twin B
Replicate 1 = 9.93. Couple II: Twin A Replicate 1 = 10.80, Twin B Replicate Il = 4.92, Twin B
Replicate |1 = 12.33, Twin A Replicate Il = 11.65). Panel B gave the same information about reading

coverage but focused on the genome region covered in the genome.

In the case of test table creation, no further software was needed to obtain the final shape of
the table, since the final trace type DNA table was the output of Bismark methylation

extraction. To just obtain informative bases we filter out all the positions not covered at all.
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12 Design of the statistical approach: the Binomial probability

Once the reference table and test table were created, we tried to look for the most suitable
statistical approach to be computed. We aimed to be able to lead back, ideally sampling
blindly one of the four test tables created, to the right twin based on the sites found in the

reference table.

The reference table created had all the differentially methylated single bases between the two
twins in the two couples, while the test table has all the information about methylated cytosine

and unmethylated cytosines for the given trace-type sample.

Based on the study of Jiménez et al (Planterose Jiménez et al., 2021), in which researcher
hypothesized that the presence of universal stochastic epigenetic variation can be isolated
from MZ twins, the statistical approach we were looking for should be able to distinguish
between MZ twins pairs not taking into account any epigenetic events that could be related

to, for example, pathological discordance or aging drift.

This concept of universal epigenetic variation directly reflects the assumption that, between
identical twins, could exist a set of stochastic variations that is not related to any kind of

biological meaning or not related to genetic influence.

The statistical test that we considered the most suitable to test the hypothesis of the existence
of these random distributed methylated single sites is the calculation of the Binomial

probability or Bernoulli statistical trials.

In statistics, a Bernoulli trial is considered an experiment that results in just two possible
outcomes, success, and failure. The assumptions of this binomial distribution are that: there
is only one outcome for each different trial and that, for each trial, there is the same

probability of getting success, and that every single trial is independent of one another.

In statistics the formula which describes the binomial distribution is calculated as:
” ' n—xX - S L
P(x)= NP TP
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Where n is represented by the number of trials, x is the number of successes, p is the
probability of getting success in one trial, and g=1-p, or the probability of getting a failure in
a single trial. The idea of using the binomial probability on our genomic dataset was that,
based on the different genomic base composition of each twin in a couple (the difference of
the bases is expressed by the methylation level), we can statistically lead back the random
dataset (what we called the test table), to the proper same dataset (what we called the reference
table). One important assumption of the binomial probability is represented by the fact that
each different action in the trials must be completely independent. If we consider our datasets,
what makes us assume that each sampling stays independent from the others, is given by the
fact that during the earlier analysis steps we make sure to remove all duplicates through the
deduplication process discussed in paragraph (9.5 Duplicates removal). This allowed us to
trust that the probabilities of having sampled one twin or the other are unique and independent

in every single trial computed.

Moreover, as expected in a Bernoulli trial, because for each dataset we have a very large
number of representative genomic sequences coming from the experimental design, the
probability we found could be considered the same for every single trial, highlighting again
that each event is completely separate and does not inherit any influence from earlier
sampling. Last, the complement to the bisulfite conversion efficiency is the potential error in
the trial results (3% at most since the conversion rate is always greater than 97%). With just
10 sampled cytosines the probability of having half of them wrongly evaluated by a lack of

conversion is 2.43e-8.
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12.1 Binomial probability customization based on our dataset

Based on the Bernoulli equation we adapt variables present in the Bernoulli formula to our

sequencing data obtained. More in detail we set up the formula as follows:

ny . .. n! e
P(x)=| |p'q¢" =———pq"
X (m—x)1x!
N = The number of trials = Total coverage obtained from TEST table
X = The number of succes = Number of cytosines in TEST table

P = Probability of getting success in one trial = Cytosines frequency from REFERENCE table

Our idea was to calculate the binomial probability, for every sequenced cytosine from a test
data to be sampled from each twin, given its methylation state assessed in the reference data.
One of the fundamental aspects of the setting of this model is given by the fact that we have
tried, as much as possible, to set up an analysis that was able to attribute a probability to one
rather than to another twin, also working on scarce sampling (i.e., very low coverage) that
should also mime the usual forensic scenario as much as possible. So, the model described by
us should therefore be able to attribute the belonging of the test table to its twin of sparse low-

coverage sequenced CpG sites.

Referring to the Bernoulli formula described in the paragraph above, we match every single
variable as described here; the trials are represented by the coverage obtained from the test
table being an independent sampling of the same distribution of probability, and the number
of successes is represented by the number of methylated cytosine present in the test table (we
arbitrarily chose to use methylation as a sampling success) and the estimated probability of
success is given by the percentage of bona fide methylation defined in the reference table for
each twin. A binomial probability is therefore calculated for each twin in the analysis for each
candidate site. The reference table created in MethylKit, moreover, has not been filtered for
any parameters such as coverage or methylation difference between the two twins, so we

delegated to a python script the intake of valuable sites for the probability estimation based
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on chosen parameters (i.e., all the technical parameters that we want to test during the

binomial probability calculation).

First, because our statistical test was based on the results obtained from the high-throughput
sequencing of WGBS samples, we filter out from the reference table and the test table, a series
of blacklisted regions. These regions could lead to anomalous mapping or result in high
signals in next-generation sequencing experiments. The analysis of these regions could easily
lead to inaccurate interpretation. Based on these assumptions we implement our script by
filtering out the blacklisted region identified by Amemiya and collaborators ( Amemiyaet al.,

2019) and not counting into the calculation of the single base binomial probability.

Moreover, as already described in the section REFERENCE creation and TEST table
creation, our tables were not filtered for any parameters during their setups, such as coverage,

significance, and methylation difference.

Regarding the attribution of significance used in our model, we have decided not to consider
the possibility of correcting the obtained p-values. First of all, the exploratory nature of our
study allows us to be able to work with p-value without correction for multiple testing. The
study we carried out completely deviates from a confirmatory study, which would require an
approach that considers the possibility of obtaining falsely significant results. The assumption
is to potentially rely on low-coverage data, thus with a high number of sites tested for
significance but with a lower statistical significance. Therefore, a conservative approach that
would support the use of a correction for multiple tests, could result in the loss of too many

discriminatory sites, to be summed in the cumulative probability.

These considerations led us to focus on the evaluation of several sets of parameter thresholds

to skim the data ahead of the binomial probability calculation.
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The parameters we permuted into the script are listed in the table below:

Reference table Coverage ="10-16-20-24-28- 32"
Reference p-value ="0.05- 0.01 - 0.0005 - 0.0001 - 0.00005"
Reference g-value="0.05"

Delta methylation ="20- 25 - 30- 35 - 50"

Test table Coverage ="4-6- 8 -10"

All the above combination results in a total number of 4800 distinct sets of parameters,

meaning a total number of 600 different groups of parameters for each test table used.

For every single set, we find the total number of sites used to compute the binomial
probability, and the total number of sites discarded (resulting in the sites that were present in
the blacklisted regions or in sites that are not included by the above parameters), one file

holding all the parameters used and one file having the final predicted twins.

To assess the final predicted twins all the individual probabilities obtained for every single
site were then transformed using the logarithmic function and added together to obtain the
final call referred to as one twin rather than the other, called in our script cumulative
probability. The final cumulative probability stands for the summation of every single
binomial probability computer for all the cytosines found in common between the test table
and one individual of the reference table. The final call was given according to one or the

other twin that showed the higher likelihood call.

The binomial probability calculation algorithm is summarised below:
1. Read the reference test table
1.1 Parse parameters for the reference table (reference coverage, reference p-value,

reference g-value, and delta methylation)
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2. Define the binomial probability variables.
2.1 Define the number of successes (cytosine at that position in the test table)
2.2 Define the number of trials (number of cytosines and thymine from test table)
2.3 Define the probability of getting success in one trial (cytosine frequency from the
reference table.
This will return

probC = stats.binom.pmf (nC, trials, probability)
3. Load the test table and load the blacklisted region file

3.1 Filter out sites present in the blacklisted region. Return file only having valid

sites.

4. Function used to store used and discarded sites in the prediction
4.1 Kept sites - write sites used to compute the cumulative probability
4.2 Discarded sites - write sites discarded from cumulative probability

5. Logarithmic transformation of single probability computed
cumulative_prob_log[sample] += abs(math.log10(site_prob[pos][sample]))

6. Prediction of the right twin according to the summation of all the single probability

obtained
6.1 Predicted label = Summation of the log-p probability obtained

Optional
5. Bootstrap function (described in the section below).

The required argument for these functions is:

--reference-table — supply path to the reference table. Required=True.
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--test-table — supply path to the test table. Required=True.

--ref-config - Definition of reference columns. Required=True

Optional parameters to be added:

--encode-blacklist — bed file having a problematic position to be filtered out.
--out - Output prefix

--ground-truth - The known test twin label

--reference-min-coverage - Minimum coverage in reference table. For any site, it must be

covered by these values to be processed.

--reference-minp-value - Minimum p-value in reference table.
--reference-min-value - Minimum g-value in reference table.
--reference-delta-meth - Minimum methylation difference in reference table.

The bootstrap argument is described in the section below.

13 Calculation of the prediction accuracy and bootstrap analysis

For all the obtained sets of parameters, we then want to assess which combination could lead
to the highest accuracy in the prediction. To do that we calculate for each set of parameters
how many times the result gave a good prediction and how many times the prediction
performed the result to be wrong. The idea of setting an accuracy threshold was chosen to be
able to sample only a subset of parameters that would show, as much as possible, a correct

reproducibility in the prediction for the greatest number of test samples.
The accuracy was calculated, once defined all the correct and wrong calling, as follows:

Accuracy = correct prediction/ (correct prediction + wrong prediction)
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Sorting the obtained Accuracy for the highest value of correct prediction, we obtained that

408 sets of parameters were able to predict correctly in 7 cases out of 8.
Unfortunately, no set of parameters can correctly predict all the tests used in the analysis.

We decided to set up this level of accuracy in a completely arbitrary way, just to consider
only the subset of parameters that have the highest level of correct prediction, in our case,
considering that we do not find one set able to predict correctly in 8 cases out of 8, was

represented by the 7 cases out of 8, corresponding in the accuracy of the 87.5 %.

Differently from what we would have expected, we found all the incorrect predictions coming
only from a particular dataset, that is the replicate Il of the twin B in the pair | (as shown in
figure 45). Since only in this particular case for no set of parameters did the prediction occurs
correctly, we began to hypothesize that, perhaps, the dataset was affected by some sampling

error.
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Figure 45 Prediction results were obtained for couple I (panel A) and couple Il (panel B) using the
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408 sets of parameters having the highest accuracy in the prediction. In couple | twin B replicate Il

was the only case in which the prediction result was completely incorrect.

Following the calculation of the probability, we then studied how many single sites had been
used for every single dataset (test table) to predict the relative twin for the 408 sets of
parameters having the highest value of accuracy. Between couple | and couple 11 we noticed
a strong discrepancy, while in couple | the average of sites used is around 300-400 per dataset,
for couple Il we were able to sample an average of sites equivalent to a hundred. As is clear
from panel B of figure 46, there would appear to be no correlation between the number of
sites used and the outcome of the prediction. Even in the case of the pair Il twin B replica Il,
although the probabilistic calculation only took place on a total of 55 sites, the prediction was
made correctly.

As already discussed, we then noticed that in couple | twin B replicate 11 we obtain the only
case in which an entire dataset shows a completely wrong prediction. This strongly discordant

result in terms of prediction, as already hypnotized, led us to think that during the processing

98



of this sample there may have been a problem of mis-assignment of the label. Unfortunately,
however, we have not been able to verify and confirm this hypothesis and for this reason, we

have preferred to continue to consider the dataset as belonging to the twin b of the couple 1.

A B
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B TRUE
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10-
200-

Figure 46 Result of the prediction compared to the number of sites used in the binomial probability

used_sites
used_sites

calculation. Each different boxplot is represented in green if the obtained prediction was correct and
in red if not. In couple | we obtain that twin B replicate 11 was the only case in which the prediction
was completely incorrect. We were hypnotized that some sampling or analysis bias could have
occurred during the experiments. For what that concern the number of sites used, we noticed a strong
difference in couple | and couple I1; despite the lower number of sites used for the computation for

couple 11 the prediction was correct in all cases.

The second step of our analysis was conducted to evaluate the robustness of the prediction
obtained by the 408 parameter sets. To test the reliability of the parameters used, we decided
to see if these 408 sets of parameters recognized as the most accurately predicted parameter

sets, were able to predict correctly even while performing a bootstrap analysis. The bootstrap
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analysis is a self-sustaining process that is based on the hypothesis that the sub-sample of size

X is selected from the entire dataset and could be an estimation of the whole population.

These bootstrap methods help us to generate a set of random resampling subsets without

replacement from the total amount of dataset that we previously used.

In a bootstrap validation, each group of size X is generated by a repeated random choice of a
certain number of objects from the original dataset. To do that we implement into our script
model the random module found in Python. This module helped us to randomly pick elements
from our test table without repeating elements and returning a list of unique items chosen

randomly from the tables.

For the bootstrap analysis computed in our mode, we decide to use 50% of the test table sites
dataset for N=100 times. The bootstrap confidence obtained has been reported in the range
from 0% to 100%.

The bootstrap function was integrated into the python script as summarised below:
import random (needed to perform the resampling)
1. Compute random sampling
1.1 for perm in range(nperm)
2. Load randomly sampled subset
3. Calculate prediction
4. Count the number of times each twin was predicted
5. Calculate the most frequent prediction
6. Store in a file
The required argument for these functions is:
--bootstrap’ — to activate the bootstrap resampling

--bootstrap-fraction'- to choose the fraction of resampling to use
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--bootstrap-resample-n — to set the number of iterations to compute (default=100)

13.1 Parameters variation across the bootstrap analysis

As previously done during the calculation of the prediction, also during the bootstrap analysis

we checked what was the trend of the parameters used.

As mentioned in the paragraph Binomial probability customization based on our dataset, we
implement directly into the computation different values for reference table coverage, test
table coverage, p-values, and different methylation levels. The trends of these parameters

studied about the bootstrap confidence obtained are shown in figure 47.

To perform this study, we considered one single parameter at a time while all the rest of the
parameters are fixed at a reference value, in order not to allow the parameter taken into
consideration to change as the latter vary. The parameters that we have considered as fixed

reference parameters have been chosen in a completely arbitrary way.

We have chosen the following as reference values (reference coverage = 20, test coverage =6,

p-value = 0.01, methylation difference = 25).

In panel A of figure 47, the reference coverage was studied compared to the bootstrap %
obtained. Boxplots for this first panel showed that each different value of reference coverage
stays constant ranging from 75-90% of confidence. Panel B of reference coverage shows the
density variation in all the values chosen. As already clear in the boxplot graph, there seems
to be no difference among the proposed values, showing that in the case of the coverage of
the reference tables, there would not seem to be a value for which the prediction becomes
more correct and reliable in bootstrap analysis than the others.

During the reference table setting up (described in Finding differentially methylated sites in
Reference samples using Methylkit), the function CalculateDiffMeth of MethylKit only
sampled those cytosines that appear as differently methylated between the twins, excluding a
priori those ambiguous single methylated sites. This could mean that the ratio between

methylated and unmethylated cytosines for each identified site still is constant as coverage
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increases, always supplying the same information and not affecting either positively or

negatively the result of the prediction.

In panel C the test coverage variation across the bootstrap confidence evaluation is
represented. We noticed that in this case, the bootstrap confidence had the highest confidence
when the highest test coverage value was used (coverage equal to 10). This result is even
more clear in panel C, where the bootstrap density is maximized when the parameter taken
into consideration is the one equal to 10, which is the highest value we assigned to the

coverage of the test tables.

The fact that the robustness of the system (bootstrap analysis), turns out to be greater as the
value of the test sampling increases (test coverage), shows us how one of the strongest
limitations in this method was having a reduced sampling on the test tables. Increasing the
coverage of the test tables would probably have drastically increased the robustness of the

predictions obtained for each dataset under consideration.

We then studied the variation of the assigned values of significance. Panel E has displayed
the trend of p-values used in the analysis. For p-values, the trend would seem to favour higher
stringency values than looser parameters. In the boxplot of panel E, as well as in the graphical
representation of the density of the parameters, the values that would seem to maximize the
call are those of 0.0005, 0.0001, and 0.00005. Although these parameters allow us to consider
those sites having a higher level of significance, it must always be considered that considering
only and exclusively the sites having this high stringency, would entail a drastic reduction of

the sites examined in the sampling.

Lastly, in panel G the difference in methylation variation is shown compared to the bootstrap
confidence %. As expected, keeping the delta methylation parameter looser allows us to

obtain higher bootstrap robustness values (for 20% and 25% close to 80%).

This result agrees with what was found during the descriptive analysis performed with
MethylIKit. In fact, during the descriptive analysis, keeping the delta methylation levels lower,
allowed us to obtain a greater number of sites in the estimate. Keeping this parameter laxer is

given by the fact that, in the case of studies of homozygous twins, it is very difficult to find
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bootstrap %

cases in which there are strongly different methylation sites, if only in the case in which the

individuals examined in the analysis are young and are not affected by particular pathologies.
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Figure 47 Panel A-H Parameters variation during bootstrap computing.

As previously discussed, one of the strongest limitations of this first preliminary analysis was
given by the fact that the sampling of the test datasets was not extremely deep. Some
parameters, such as the coverage test, showed how they drastically influenced the robustness
of the prediction (bootstrap analysis), underlining that, as the value of this parameter

increased, the validity of the prediction calls would also increase. For other parameters, such
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as the difference in methylation, it would seem the opposite is true. Considering higher
methylation percentages (30%, 35%, 50%) leads to a drastic reduction in the robustness of
the system since, as this parameter increases, the number of sites that can be used by the

method drastically reduces.

13.2 Comparison between prediction and bootstrap calls

Following the analysis of the trends of the parameters, we want to verify if the bootstrap
confirmed the prediction obtained from the calculation of the binomial probability and at what

grade of confidence (represented by the bootstrap %).

In figure 48 each dataset is represented on the x-axis and the bootstrap % is reported on the
y-axis. Each dot reported above the boxplot represented one of the 408 trials performed in the
prediction using a specific set of parameters. These dots are represented in green if the result
of the prediction obtained by these parameters was correct, and in red if the result of the
prediction using the parameters was not correct. The bootstrap value reported on the y-axis
stands for the confidence value obtained in the bootstrap analysis for that particular set of

parameters (ranging from 0% to 100%).

As already discussed in the paragraph Calculation of the prediction accuracy and bootstrap
analysis, in almost all the datasets the prediction through the calculation of the binomial
probability seems to predict correctly except in one particular case. Unfortunately, in couple
I, replicate 11 of twin B could have been affected by a mis-assignment problem, resulting in
almost all of the calls being wrong with a bootstrap analysis toward the robust recall of the

other twin.

For pair | in both replicates of twin A, we obtained the highest bootstrap values (ranging from
95% to 100%), confirming the maximum reliability of the prediction even while performing
a subsampling of the dataset. In couple 11, although the prediction is always able to correctly
assign the call to the right twin, the bootstrap values tend to be lower in their distribution and

do not have such robustness as to be able to confirm with absolute certainty the correctness
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of that particular prediction, although this was the case in one replicate of twin A for the
couple Il in certain parameter sets.
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Figure 48 Summary graph of the totality of predictions made with the relative confidence values
(bootstrap calls). Dots represented in green denote a good prediction call, meaning that the right twin
was predicted, and red dots denote the wrong twin prediction. Every single dot is plotted on the y-
axis according to the bootstrap value obtained for that particular set of parameters.

In couple I both replicates of twin A showed the highest robustness in the prediction, with bootstrap
values of 100%. Twin B of couple I in replicate I, showed an average call confidence value of 88%
(considering all the bootstrap confidence for every single set of parameters used). As previously
discussed, twin B replicate Il of couple | is probably the result of an error that occurred during

sampling or mislabelling analysis.
106



In couple 11 replicate | of twin A we obtained almost 150 sets of parameters having 100%
prediction reliability (bootstrap robustness values ranging from 95% to 100%), while the rest
population of parameter sets ranged from 50% to 95% of bootstrap recall. In the other three
dataset tests examined (couple 11 twin A replicate Il, twin B replicate I, and replicate 1), the
prediction reliability of the parameter sets used reached values above 95% in a few cases,

proving a lower level of reliability.

Taking into consideration all the results obtained, we then tried to find which were the sets of
parameters in the totality of those named, which could be considered, strictly about the

reliability obtained, those that gave a more correct and robust prediction.

Plotting every single set of parameters examined with their bootstrap value, we were able to

narrow to some limited groups of parameters.

As already discussed, the subsets of found parameters that were shown to be the most exact
in the prediction were the ones that had the highest value of test coverage compared to the
less restricted values of methylation difference. In figure 49 are represented just 6 different
sets are used that show the most correct calls. In the figure, green dots are the result of the

prediction (green if it is correct and red if not), positioned at the relative bootstrap %.
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refcov= 10, testcov= B , pv= 5e-04 , dmeth= 20 refcov= 16 . testcov= 6 , pv= 5e-04 . dmeth= 25 rofcov= 16 , testcov= 6 , pv= 0.01 , dmeth= 25

refoov= 20 , testoov= 6 , pv= 5e-05, dmeth= 20
refcov= 28 , testcov= 6 , pv= 5e-05 , dmeth= 20 refeov= 10 , tesicov= 6 , pv=0.01, dmeth= 20

Figure 49 6 different sets of parameters show the best prediction results to the most exact calls
(represented by the bootstrap % on the y-axis). Green dots stand for if the dataset is correctly reported
to the right twin of membership, red dots are incorrect prediction and wrong twin membership. (In

the figure are represented just a few examples of the best performing parameters used).

Unfortunately, as previously discussed, the accuracy of the prediction remained variable in
couple 11 never reaching reliability equal to that found in couple I. Likely, this is strictly due
to the number of sites used in the prediction for couple 1l (around a hundred, where couple |

had a sampling of 300-400 sites used).

Even more in detail, the dataset showing the lowest % bootstrap value, and therefore the most
variable called robustness, is the replicate B twin Il of the second pair 1. For this particular
case, the number of sites on which the prediction was carried out was less than 100 (just 55

sites used).

It is therefore probable that during the bootstrap analysis, which involved a further
subsampling of the dataset to evaluate the reliability, in many cases the number on which to

perform the test was extremely small.
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This result is strongly supported by the fact that, as shown in figure 50, if the number of test
coverage increases, for some datasets the accuracy undergoes a drastic decrease which in
some cases leads to a bootstrap value close to 0%, meaning that no value of robustness was
assigned in not even one of the 100 iterations performed, or rather that it was not possible to
assign any accuracy value. As can be seen from the image below, this situation was found in
twin B of pair Il in both replicas, in which in both datasets the number of sites named and

used for the analysis was below 100.

refeov= 20 , testeov= 8 , pv=0.05 , dmeth= 20 refcov= 24 , testcov= 10, pv= 5e-05 , dmeth= 25 refcov= 32 , testcov= 8 , pv= 0,05, dmeth= 30

strap
P

boot:
bool
bootstrapt

B R Y "= - -]

Figure 50 Boxplot in the upper right corner shows the couple Il numbers of used sites in the
prediction that was drastically lower than in couple 1. Graphical representations of some sets of
parameters show how increasing the test coverage threshold results in the loss of robustness
calculation for some datasets. This is strongly correlated with the number of sites used in the

prediction as clear in twin B replicate I1.
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14 Discussion

The goal of perfecting a protocol to distinguish monozygotic twins in forensic cases remains,
up to now, an unsolved problem. Monozygotic twins are considered identical because they
share the same DNA sequences and hence typically the same standard forensic DNA profiles.
This result is a huge bias for forensic scientists that tried to find, based on the standard use of

SNPs, the guilty twin in crime scenes.

Moreover, the low quality and -quantity of DNA recovered from crime scene traces is another
limiting factor in the progress of forensic genetics and epigenetics, directly affecting not only

the field of monozygotic twins’ discrimination but also all the other forensic investigation
types.

To overcome the problem of the identical genetic composition of monozygotic twins,
nowadays, forensic scientists are trying to use epigenetics, and in particular DNA
methylation, as one of the possible usable methods to create a standardized protocol of
identical twins discrimination. During these last years, DNA methylation got attention on
different forensic topics. Nowadays DNA methylation is used to perform sex determination,
to find the tissue or the cell-type source of DNA evidence at crime scenes, and to estimate an
individual’s age. Apart from these topics, recently, DNA methylation is also used to

differentiate between monozygotic twins.

For what that concern the sample quantity availability and quality in forensic cases that
involved monozygotic twins, up to now the usable approaches are mainly divided into two, a
more genome-wide screening approach or a targeted method. The two approaches change

according to the scientific question and the context in which they are inserted.

Between the proposed and used approaches, in 2015, Stewart and collaborators firstly used
the PCR-high resolution melting curve to observe differences in the methylation pattern of
MZ twins in forensic cases (Stewart et al., 2015). This technique, which could be considered
a targeted approach, was also used in 2018, by Marqueta-Gracia and collaborators. In this
second work, scientists propose the use of the HRMA to discriminate between identical twins
involved in crime scenes (Marqueta-Gracia et al., 2018). Scientists found three regions of the
genes ITGA2B, ASPA, and ZIC5 that could enable discrimination in 44.4% of pairs, and,
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while this technique results to be one of the most cost-effective and easy to set up, it shows
different limitations. The biggest problem of this technique was represented by the fact that
in a relatively young MZ couple, the melting temperatures value, obtained from the HRMA,
could not be discriminatory and so not be used in a court of law. Moreover, the methylation
profile coming from different tissue types is one of the other biggest problems that forensic
scientists need to overcome. Physiologically each tissue shows its pattern of methylation and
could not be compared between different tissue sources. The tissue-to-tissue variations, as
admitted by the authors themselves, were also one of the limitations encountered by Vidaki
and collaborators in 2018, when they investigated the epigenetic discrimination of MZ twins

using as sources of tissues, buccal swabs, saliva, and also cigarette butts (Vidaki et al., 2018).

Differently, observations derived from genome-wide approaches have identified potential
candidate markers that could be capable of discriminating identical twins using different
sources, such as blood (Saxonov et al., 2006) or buccal cells (Kaminsky et al., 2009) however,
these studies still need implementations to become standardized and applicable in forensic
cases investigation. In 2018 Vidaki and collaborators, used microarrays to find in reference-
type buccal DNA 25 sites of discrimination showing >0.5 twin-to-twin differences. They also
used the MethyLight quantitative PCR (QPCR) on 22 of the selected identified sites in the
trace-type DNA, revealing in saliva DNA that six of the identified sites (27.3%) shows >0.1
twin-to-twin differences, seven (31.8%) shows smaller (<0.1) but robustly detected
differences, whereas for nine (40.9%) the differences results to be in the opposite direction if
compared to the microarray data; for cigarette butt DNA, results were 50%, 22.7%, and
27.3%, respectively. The identified discrepancy they obtained was properly justified and
explained by the authors, which lead back to the different obtained results in the method-to-
method variation and samples variation used between reference type DNA and trace-type
DNA.

Recently, in 2021, Benjamin Planterose Jiménez and collaborators firstly used a different

method to approach the MZ twins discrimination problem in forensic cases.

In this work, the authors tried to isolate stochastic inter-individual epigenetic variation, not
related to epigenetic drift or genetic influence (Planterose Jiménez et al., 2021). To achieve

this goal, they used MZ twins, unrelated individuals, with technical replicates obtained from
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whole blood, adipose tissue, and post-mortem tissues to find methylated sites that cannot be
explained by epigenetic drift and/or measurement error. For what that concern the techniques,
the authors used different online available dataset derived from two main sources; the
[llumina Infinium HumanMethylation450K Beadchip array (450K), which covers > 450,000
CpG sites, and the whole genome bisulfite sequencing (WGBS). Scientists found 333
differentially methylated sites displayed similarly large methylation variation between

monozygotic co-twins and unrelated individuals.

Considering all the earlier mentioned works, we tried to be as match as possible faithful to
the reality of the crime scene, in which there are mainly two different types of sources, the
reference sample, and the trace type sample. Reference samples referred to the source of
samples that could directly be requested by the court of law during investigations while trace-
type samples refer to DNA sources found on crime scenes, and as already discussed, are
characterized by inferior quality and low quantity. Considering these assumptions, we decide
to set up in all of our experiments two starting material concentrations; the 10 ng, which

mimics the reference type DNA, and the 1 ng sample, which mimics the trace-type DNA.

We then tried to find which approach could be the most cost-effective and at the same time
the most high-throughput screening to find the larger number of differentially methylated
sites. The RRBS technique was firstly used for this purpose but, unfortunately, it was not

effective in our screening because of the deprived areas of screening.

The RRBS technique perfectly screens all the CpG-rich DNA areas, such as CpGs island, but
in our case does not fit properly with the goal we had. During these first sets of experiments
with RRBS we noticed that many of the differentially methylated sites found between the two

twins were localized at the end of the reads obtained by the sequencing.

When we then computed the statistical test all the sites found in these particular areas of the
reads often led back to the wrong twin, unlike those cases in which the methylation site was
found within the reads. We, therefore, wondered if this could not be a bias related to the
conversion step with bisulfite, which perhaps lost performance when the conversion site was

found in the terminal section of the read.

Furthermore, the screening areas we obtained from the analysis with the RRBS technology

were very limited, and, taking in particular account the work of Planterose Jiménez et al., we
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aimed to investigate as much as possible the totality of the cytosine in the genome, trying to
found stochastic single nucleotide variation that could be discriminatory between identical

individuals.

Based on that, we decided to move to the whole genome approach to better screen most of
the cytosines in the genome and, to avoid method-to-methods discrepancy, we prepared for
both the reference type and trace-type DNA WGBS libraries, with the only difference of
starting material concentration. We used the 10-ng starting material library to set up the

reference type DNA tables and the 1-ng starting material library to set up the test table.

The main goal was to lead back the 8-test table (4 tests each couple) obtained to the right twin
based on the calculation of the binomial probability and assigning a final cumulative
probability. To do that, we parsed various parameters related to reference coverage, test

coverage, p-value, and methylation difference within the script.

We did not find a unique set able to predict correctly for all the test tables we had. On the 600
sets of parameters used, 408 showed accuracy in the prediction of 87.5%, calculated as the
correct predictions, out of the total predictions (wrong and correct), meaning that these sets
were able to lead back to the right test table 7 times above 8. Unfortunately, in one particular
case, in couple I twin B replicate 1, the prediction result was strongly incorrect. Due to the
particular bootstrap outcome that this dataset presented we assumed that a DNA sample
exchange may have occurred during one of the steps described in the materials and methods,
leading to the processing of Twin A instead of twin B material. In any case, we have decided
to include this dataset as clear evidence of how the bootstrap analysis can be an agnostic

indicator of the reliability of the analysis.

Despite the case of the twin B replicate 1l of the first pair, for all the other datasets we were
able to correctly predict which twin they belonged to. We, therefore, decided to test how

robust each computed set of parameters was in the prediction, calculating bootstrap intervals.

The bootstrap analysis showed us a high level of reliability in the case of twin A of the first
couple, assigning robustness equal to 100% to all the parameter sets for replicate | and
replicate 1l. For most of the parameters used in the dataset of the twin B replicate | of the first
pair, the bootstrap values were shown to be above 95%, affirming a high level of robustness

of predictions.
113



In particular, the highest reliability (a bootstrap level between 95% and 100%), was
highlighted for those groups of parameters that had 6-8-10 test coverage values and

methylation difference values equal to only 20% and 25%.

This result was completely following the analysis of the parameters we performed, discussed
in the section Parameters variation across the bootstrap analysis. In this analysis, we saw
that the test coverage values and the difference in methylation levels were the most significant
in figuring out the outcome. The bootstrap density confidence results to be maximized for the

test coverage equal to 10 and delta methylation equal to 25% (results shown in figure 47).

It should also be emphasized that unlike the couple 11, couple | presented most of the sites
localized at the level of CpG islands or in proximity to the latter, at the level of the CpG
shores, as discussed in the “Distribution of differentially methylated single sites in Reference

samples” paragraph.

Moreover, the same evidence discussed above was also found for couple Il. The maximum
robustness values were found for high coverage values predetermined in the tests and for less

stringent values of methylation difference.

Unfortunately, in the case of the couple pair Il the reliability of the system was more variable,
obtaining a % of bootstrap lower than that seen for the couple pair I. More in detail, in about
150 sets of parameters for the twin A replicate | of the pair 11 the bootstrap defined robustness
of the prediction equal to 100%, while both for the other parameters of the same dataset and
for the other test tables considered, the robustness fell to reference values that fluctuated in a
range that went from 95% down to even up to 60%, thus making the system drastically lose

its robustness.

To understand what could have influenced so drastically the lowering of the confidence levels
of the prediction in couple I, we realized that different from what happened in couple I,
couple Il was performing the prediction in each test table on a number of sites drastically

inferior compared to couple I.

This observation has shown us how much, in this type of method, it is extremely necessary to
obtain a sampling that could give a sufficient quantity of data that can become informative.

The less data is produced by sampling the test, although this reduced sampling seems to be
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sufficient to correctly assign the call probability, the more difficult it is to assign a high

robustness level since the individual sites on which to sample it are reduced.

Once we hypothesized this as one of the possible limitations present in the method, we,
therefore, asked ourselves if the problem was upstream, and therefore attributable to the

preparation of the samples taken into consideration.

We consider the data obtained from the buccal swab extraction and, in particular, what was
clear to us is that for those datasets for which we were able to obtain a greater amount of
post-fragmentation DNA, the downstream analysis was found to be better than the datasets

for which the post-fragmentation amount was less (the values are shown in the table below).

Couple | ng/ul Average bootstrap %
TwinAlngrepl 3 100%
TwinAlngrepll 2,74 100%
TwinB1ngrep| 1,1 89%
TwinB1lngrepll 0,90 0%
Couple Il ng/ul Average bootstrap %
TwinAlngrepl 1,1 81%
TwinAlngrepll 1,4 68%
TwinB1lngrepl 1,3 87%
TwinBlngrepll 1,0 65%

Moreover, all the samples belonging to pair Il, before reaching this final concentration, were

concentrated by using a vacuum concentrator.

From these considerations, it is therefore fundamental for the development of the method we
have introduced, to obtain a sufficient quantity of data right from the DNA extraction, since

this sampling directly affects the downstream analysis.
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15 Conclusion and future perspectives of the work

This thesis aimed to find one approach to use in forensic science to distinguish between
identical twins. We obtain buccal swab samples from two different couple of twins and we
then obtain libraries for NGS experiments. Considering the work from Vidaki and
collaborators (Vidaki et al., 2018), we create for each couple test table, mimic the anonymous
trace type DNA, and the reference table, corresponding to the DNA deposited by the suspects.

In the first trials of experiments, we use the RRBS techniques to try if through the CpG area
screening alone it was possible to discriminate the identical couple. This technique proved to
be non-informative in the case of methylation screening between identical individuals, due to

the low percentage of areas of the genome studied by the methods.

Once we move to the WGBS approach, we realize that using a broad range of techniques gave
us the possibility to focus not only on differently methylated areas previously described in the
literature as involved in physiological or pathophysiological epigenetic phenomena but also

on random methylation sites not dependent from these conditions.

We set up a statistical method called “Twin-pred” able to assess the binomial probability for
every single site found by the WGBS and then compute a cumulative probability that will
answer who is most likely to derive this test table from.

In a forensic analysis that has to assign guilt to one accused rather than another, the robustness
and credibility of the final verdict must be as certain as possible. This is the reason behind our
willingness to set, after performing the cumulative probability, a level of confidence and trust
for the call. The bootstrap has provided us with the first approach towards a possible method

that gives us a more or less high degree of security.

The Twin-pred predictor was designed to be able to help forensic scientists in those special

cases in which two completely identical individuals are at the judge's bench to be indicted.

However, it is first necessary to confirm the robustness of the predictor system on a larger
sampling dataset, as this has proved to be the main limitation of the method. If later and future
analysis trials performed on larger datasets will show the same trend reported in our analysis

on couple I, our forecasting method would lay the foundations for the development of a
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mathematical method that is correct and safe to use in those cases where not even the DNA

sequence can help us.
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