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Introduction

Pathogenic DNA variants can cause severe diseases that have a serious impact on both
patients and their close relatives. Proper identification of pathogenic variants in a person’s
DNA can reduce health issues arising from those diseases as this knowledge can steer the
right treatment to improve a patient’s quality of life. Even if no treatment is available
(or necessary), knowing which DNA variants one carries is important information as it
confirms (or even determines) the clinical diagnosis. Knowing the odds of those variants
affecting a possible future child provides information for decisions on whether or not to
conceive children. Even during pregnancy, knowledge of which DNA abnormalities a
fetus carries can be extremely helpful. Prospective parents can start making necessary
preparations for future care, or make an informed decision on whether or not to continue
the pregnancy.

The ultimate goal of this thesis is to develop and provide bioinformatics approaches
to identify genetic variations in patients, in particular variations that affect the number
of copies of a DNA sequence, so called copy number variations.

Genetic variations

Deoxyribonucleic acid (DNA) is a double-stranded molecule that encodes for the prop-
erties of a cell through specific sequences of base pairs. Any change in the sequence of
DNA (a variant or mutation) may directly influence the way a cell functions, and can be
passed on to next generations if they occur in the germ-line. Most variants are neutral, or
have only limited implications. The occurrence of new variants is regarded as the driving
force behind evolution. Changed genomes are tested against the environment, and those
leading to fit organisms are most likely to reproduce.

Changes to DNA sequences can be classified in three main groups: single nucleotide
variations (SNVs) [1], where only a single base pair is affected, copy number variations
(CNVs) [2], where a longer stretch of a DNA sequence is either multiplied or deleted
from the original sequence, and translocations and inversions, where genetic sequences
are ordered differently [3, 4]. The work in this thesis focuses on the detection of CNVs.

Before
duplication

After
duplication

Before
deletion

After
deletion

Figure 1: Examples of sub-chromosomal copy number variations. Left: a deletion, the
right side of the left arm of the chromosome is missing in the chromosome below with
respect to the chromosome on the top. Right: the bottom chromosome now has an
additional copy of a region, as shown by the marked areas on both chromosomes. [5]
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Figure 2: Schematic representation of male and female karyotypes with trisomy 21. Note
that while all autosomes show exactly two copies of each, chromosome 21 shows three
copies. [11]

Copy number variations

A copy number variation can vary in size from a few, up to several millions of base pairs.
CNVs are deletions or amplifications, in which one or more copies of a genetic sequence
are either removed or added, respectively (Figure 1). As only 2% of the DNA encodes for
genes [6], and the DNA sequence is stored on two separate chromosomes, these changes
do not always lead to phenotypic differences between human beings. However, losing a
gene is likely to change development of cells in one way or another, possibly resulting in
a disorder, although not all gene deletions are by definition pathogenic [7]. Alternatively,
duplications may result in overproduction of specific proteins, which in turn can cause
disorders as well [8]. Depending on the biological role of the genes involved, the age of
onset of CNV associated diseases can vary from embryonal to late-onset [9, 10].

Aneuploidy

The term aneuploidy refers to a specific type of CNV where the number of chromosomes in
a person differs from the expected number of chromosomes. For example, having an extra
copy of chromosome 21, which results in Down’s syndrome [12, 13], is an aneuploidy
(Figure 2). More specifically, having three copies of a chromosome is referred to as a
trisomy, disomy refers to having two copies and lacking a copy is called a monosomy. An
example of a monosomy is Turner syndrome, caused by monosomy of chromosome X [14].
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Introduction

Figure 3: Illustration of chromosomal mosaicism, showing regions affected by missing a
copy of chromosome X (colored salmon) while the other regions are unaffected (colored
purple). [21]

The complete deletion or duplication of a chromosome is associated with early fetal
death, or with distinguishable phenotypes. For example, when cases of trisomy 13 and
18 lead to live birth, the baby is unlikely to survive for more than a few days or years
[15, 16]. Trisomy 21 does allow survival but comes with distinguishable facial features
[17], intellectual disability [18, 19], and often with other defects such as congenital heart
disease [20], requiring additional care during the full lifespan of the affected individual.

Somatic mutations

Mutations that are acquired after fertilization are called somatic mutations, as opposed
to germline mutations which are passed on through reproduction. These mutations can
include any of the previously mentioned types (SNV, CNV and translocation/inversion).
The affected DNA is most often limited to a subset of cells in the body, causing mosaicism
(Figure 3). Mosaicism is generally characterized by the fact that the genetic change is
not necessarily harming the cell in which it occurs, or the carrier in general. For example,
a mutation that would affect intellectual development but occurs only in the cells of a
patient’s foot will not lead to severe intellectual disabilities. Additionally, if only a very
small subset of cells in a tissue is affected, other (healthy) cells can sustain a tissue’s
functionality, leading to milder phenotypes than non-mosaic cases of the same mutation.

However, cancer is a form of mosaicism as well, as it is a subset of cells with a different
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Figure 4: Karyotype of a human male. Autosomes are ordered by their number, mostly
determined by size. The bottom right pair shows the X and Y chromosomes respectively.
[22]

genetic sequence. Even within a tumor there are often several different variations of the
genetic sequence, corresponding to the tumors development over time and showing the
accumulation of new mutations during cell divisions.

Clearly somatic mutations, and mosaicism, can have severe effects on a patient’s health
and therefore are important for correct diagnosis. Their effects can be less straightforward
to predict as the affected tissue is an important factor that may not be easily determined.
Additionally, these mutations can be obtained during the lifespan of an individual, such
as in the development of a tumor.

Methods to detect CNVs

Karyotyping

In classic karyotyping methods, a dye (often Giemsa) is applied to a sample of chro-
mosomes. The dye stains AT rich regions visibly darker than GC rich regions. As the
distribution of AT and GC content is not uniform over and within chromosomes, this
staining gives them a recognizable pattern of lighter and darker bands when put under a
microscope (Figure 4). Using this visible banding pattern, large variations can be spotted
manually when the pattern deviates from known healthy chromosome banding patterns.
Trained cytogeneticists can identify changes down to approximately 10 Mb, including
translocations.
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Figure 5: An exemplar FISH image, showing chromosomes in blue and two region spe-
cific sequences colored red and green, respectively. The unusual co-localization of these
sequences near the bottom left marks a genomic rearrangement (the spot with red and
green dots directly next to eachother). [23]

Fluorescence in situ hybridization

Langer-Safer et al. introduced a reliable technique to find large copy number aberrations
in 1982, called fluorescence in situ hybridization (FISH) [24]. In FISH, fluorescent probes
are designed to hybridize to highly complementary strands of DNA. By targeting a spe-
cific region on a chromosome, the amount of copies (and locations) of that specific region
can be determined across all chromosomes by observing the resulting signals using fluo-
rescence microscopy (Figure 5). FISH is often applied to confirm suspicions of a known
microdeletion or translocation. Its ability to determine (small) balanced translocations is
an important advantage of this method over most of the other methods discussed here.
Limitations of this method lie mostly in the targeted nature of the approach, as one has
to use a specific sequence targeting the suspected aberration. If the targeted sequence is
not part of the aberration, there is no way to determine the actual aberration from the
same experiment.

Microarray

The microarray technology was first introduced in 1981 [25] but has become popular since
1995 with the introduction of the complementary DNA microarray (cDNA microarray)
[26]. The microarray is a reliable and affordable approach for determining CNVs. Probes
designed to match specific sequences of DNA across the whole genome are collectively
synthesized at probe-specific areas on the microarray. When testing, DNA fragments are
treated with a dye that responds to light and the sample is loaded onto the microarray.
DNA fragments with a sequence that match a probe can attach to that probe, while DNA
fragments that do not match any probes are washed off. Next, every batch is targeted
by a laser while recording the light intensity emitted by the targeted batch, providing an
indication of the relative amount of DNA fragments that matched the probes (Figure 6).
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Figure 6: Exemplar image produced with two-channel microarray technology. Region-
specific probes are distributed evenly in a grid, light color and intensity shows differences in
the amount of DNA obtained with sequences matching their probes. Differences between
the two samples are shown as green and red, while yellow batches indicate similar amounts
of DNA molecules. [27]

As this intensity is heavily influenced by uncontrollable environmental factors at the
time of testing, as well as by the amount of DNA loaded on the array, it is of vital
importance to normalize the data. In the two-channel approach, a second sample is
hybridized along with the sample of interest. This second sample is treated with a different
colored dye and should have no notable CNVs. Often a mixture of several samples is used
to average out possible CNVs. By comparing light intensities between the two samples,
probes targeting a genomic region that is affected by a CNV can be determined [28].
More recently, with the increased reliability of microarray technology, the one-channel
approach has become the standard. Instead of loading a second sample on a chip and
measuring intensities for both samples, a single sample is loaded and analyzed. However,
detection of aberrations relies on comparing the measurements to a reference set, and
batch effects need to be accounted for [29]. In large scale studies, this approach saves
many experiments, and combining data from multiple studies can be easier than in the
two-channel approach.

Alternative technologies have been introduced, such as oligonucleotide arrays and SNP
arrays [30]. The SNP arrays can be employed to detect CNVs using the ratios of DNA
fragments found with alternative alleles in heterozygous SNPs (Figure 7), and can reach
higher resolutions [31]. Another benefit of SNP arrays is that they will reveal regions of
homozygosity (ROHs).

Due to noise in the light intensity signal, and depending on the number of probes on the
array, the resolution of this approach is usually limited to CNVs larger than 15 kilobase.
While sensitive enough for diagnosis of many aberrations, whole genes can be disrupted
by a CNV far smaller than the 15 kb resolution, making the microarray unfeasible to
detect certain short CNVs.
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Introduction

Figure 7: Example of CNV detection using a SNP array. A vertical distribution other
than three bands, as depicted in the right half of chromosome 1, indicates a different
distribution than expected for heterozygous diploidy. Lacking the middle band indicates
loss of a (heterozygous) copy of that region, i.e. chromosome 2, while additional bands
indicate additional copies of a region, i.e. chromosome 15. This particular sample has
multiple regions with a loss of heterozygosity, of wich several are marked with arrows.
[32]

Next generation sequencing

One of the most notable recent improvements in measuring genome differences is the
development of next generation sequencing (NGS) [33]. Briefly, NGS ‘reads’ the DNA
sequences of fragmented DNA. The reading process is called sequencing. While various
sequencing techniques have been developed, such as 454 (Roche) and SMRT (PacBio)
sequencing, Illumina sequencing is currently the most commonly used technology [34].
This technology uses flow cells, small plates made of glass with multiple hollow tubes
(lanes) in them. The surfaces of these lanes are filled with probes that allow specific
sequences of DNA molecules to attach, which can then be sequenced by means of synthesis.

To sequence a sample, a library of sequence molecules needs to be created. This is
achieved by ligating all DNA fragments to adapters, which allow these fragments to stick
to the surface of the lanes (Figure 8a).

After samples are put into the lane of a flow cell, attached DNA fragments are ampli-
fied into clusters (Figure 8b). This results in many copies of exactly the same fragment.
Sequencing works by repeatedly letting a mixture of dyed bases attach to all DNA frag-
ments in a lane. Every base in this mixture carries a dye with a color unique to that
type of base, and blocks other bases from attaching to the same fragment (Figure 8c).
By exciting a cluster with a laser, a camera can detect the clusters current color, thus
determining what type of base was attached to the fragment in that cluster. After reading
the current color for all DNA fragments in a lane, a fluid is pushed through the lane to
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Figure 8: Schematic overview of Illumina sequencing. Showing (a) the addition of adapters
to DNA molecules during library preparation, (b) cluster generation on the flowcell, and
(c) the sequencing itself, followed by (d) bioinformatic data analysis. [35]
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Introduction

remove the dyes, allowing new bases to attach in the next cycle.

The amount of times this process is repeated (cycles) determines how many bases are
read from all DNA fragments in the sample. The sequences of base pairs obtained are
referred to as reads. Using less cycles would result in obtaining shorter reads, independent
of the actual length of the DNA fragments in a sample.

Sequencing longer reads increases the amount of errors made per base pair due to
imperfections of the method described above, as not all base pairs in a cluster are properly
cleared of their dye in every cycle. Rather than sequencing infinitely to determine the
very end of a fragment, Illuma resorted to paired-end sequencing. Here, DNA fragments
are read for a predefined number of cycles. Then all attached bases are cleared. After
that, sequencing restarts, but now from the other end of every fragment. As the DNA
fragments are attached to the surface of the lanes, their positions do not change during
sequencing. This allows identification of which reads on the second half of paired-end
sequencing match to which reads found in the first half of sequencing.

Whole genome and exome sequencing

NGS provides the technology to sequence fragmented DNA. When no selection is per-
formed beforehand, NGS will sequence fragments across the whole genome. This is known
as whole genome sequencing (WGS). When sequencing more fragments, at some point,
the DNA sequence is sequenced multiple times. This is called coverage; the amount of
reads covering an arbitrary position on the genome. Since the average coverage for every
position is known, one can determine copy number variations from the number of reads
mapped to a position.

In some cases, one is not interested in information from the whole genome, but only in
genetically coding regions. Whole exome sequencing (WES) [36] applies a preprocessing
step that uses beads to extract DNA fragments with specific sequences before sequencing.
These beads are attached to fragments complementary to the sequences in known coding
genes. When mixed with the DNA sample, matching DNA fragments will hybridize to
the fragments on the beads. By extracting the beads and fragments attached to them,
and removing the DNA fragments that did not match the targeted regions (well enough)
from the sample, only the targeted DNA fragments remain. After detaching the beaded
fragments, only fragments from the regions of interest are sequenced.

CNV detection from NGS data

While sequencing provides millions of reads per sample, these reads do not provide any
useful information on their own. Making sense out of obtained data usually starts by
assigning genomic positions to the reads by mapping the reads to reference genome. Tools
like the Burrows-Wheeler Aligner (BWA) [37] try to determine the most similar position
on a reference genome for any read obtained by sequencing, but also provide information
on what parts do not fit perfectly. Such imperfect fits are possible whenever a small
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change in DNA between the sample and the reference occurs, such as a single nucleotide
variation (SNV) where one base pair is replaced by another.

Even when most of the millions of reads can be mapped back to their most likely origins
on the genome, telling a healthy sample from an aberrated one is not a straightforward
task. The reads are spread out over approximately 3.3 billion possible positions on the
human genome, making simply browsing through all positions not an option. Additionally,
not every mismatch between a read and the reference genome necessarily indicates a
genetic aberration. Lots of technical mistakes happen during sequencing. Thus, tools to
analyze a sample should apply some logic to only report aberrations if there is enough
evidence.

Most tools for CNV detection make use of a comparison between the test sample and
several reference samples [38]. Some implementations use straightforward comparisons
where significance of read depth variations are determined by a z-score, or similar meth-
ods. When using a z-score, the mean read depth and the corresponding standard deviation
of a chromosomal region are determined over the set of reference samples. These values
are then compared to the actual read depth of the same region in a test sample, and the
region is classified as aberrant if its significance value meets a predetermined threshold.

More sophisticated methods employ additional processing, taking other regions on the
same chromosome into account. For example, hidden Markov models [39] can determine
the most likely sequence of CNVs and unaffected regions on a chromosome, while circular
binary segmentation [40, 41] can identify aberrated segments by finding edges where the
difference in average read depth between the inner and outer regions is as large as possible.

While providing better results, more extensive methods to optimize results may come
with additional compute time, which moreover translates to increase cost. For this reason,
especially considering the huge amounts of data obtained by NGS, computational pipelines
need to be designed that balance between accuracy and compute time.

Cell free DNA (cfDNA)

A sample needs to be obtained before any DNA is available for analysis. Usually, DNA
is extracted from cells and is subsequently analyzed for diagnosis. However, removal of
tissue is not always preferable or safe. Especially when the exact location of aberrated
tissue is unknown, unreachable, or requires risky procedures, taking a biopsy is not an
ideal option. For these situations, applications based on cell free DNA (cfDNA) may
provide a solution.

When cells die, their contents do not simply disappear. Instead, the molecules they
contain are broken down and either recycled or removed from the body. DNA molecules
that were previously locked away in the nucleus of a cell are now released and float around
freely in the blood stream, known as cell free DNA (cfDNA) [42, 43]. As the blood drags
these cell-free molecules along, fragments that are no longer useful to the body can be
removed by the kidneys. Sampling a few milliliters of an individual’s blood provides a
mixture with millions of short cfDNA fragments. This mixture can be purified using a
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Maternal Arteries

Maternal Veins

Intervillus Space 
Filled with Maternal Blood

Apoptotic Trophoblasts

Fetal Arteries

Chorionic Villi

Figure 9: cfDNA from the placenta, similar to the DNA of the fetus, enters the maternal
bloodstream. From this point on, it is referred to as cffDNA. [51]

centrifuge, where blood cells sink to the bottom and a layer of liquid (called plasma) can
be found on top. This plasma contains the cfDNA previously released from the cells and
can be extracted for sequencing purposes. It is important to realize that this cfDNA can
be from any cell that died in the human body, including unhealthy cells. Consequently,
sequencing cfDNA does have the potential to detect diseases, for example a tumor, at an
early stage [44].

Cell free fetal DNA (cffDNA)

Two decades ago cfDNA in pregnant women was found to be partially (3%-6%) of fetal
origin [45], while later research showed this cfDNA actually occurs in higher percentages
(∼10%) [46]. This cell free fetal DNA (cffDNA) was found to originate from the placenta
rather than from the fetus itself (Figure 9), but the placenta usually has the same genetic
code as actual fetal DNA. The cffDNA is observable as early as 5 to 7 weeks of gestation,
fetal fraction increases with gestational age [47, 48]. Additionally, this cffDNA was found
to consist of noticeably smaller molecules than maternal cfDNA [49], and to diminish
quickly, becoming undetectable for routine NIPT procedures within 2 hours after giving
birth [50].

18



Non-invasive prenatal testing

To determine genetic aberrations of a fetus during pregnancy one usually takes a biopsy
of the placenta. These tissue samplings, either amniocentesis or chorionic villus sampling
(CVS), come with a risk (1:1000 - 2:1000) of causing miscarriage [52]. Analysis of cffDNA
allows the detection of fetal genetic aberrations without the need for invasive sampling.
Clearly, removing the need for painful and possibly dangerous procedures in prenatal
healthcare is a much-desired improvement.

Lo et al. were the first to show that the whole fetal genome can be determined from
cffDNA with the same read distribution as maternal DNA [53]. This finding in 2004
has laid the basis for fetal CNV detection in maternal plasma, which made non-invasive
prenatal testing (NIPT) possible [54]. The cffDNA obtained from maternal plasma does,
however, contain a lot of maternal cfDNA (80%-95% [46]). This complicates the detection
of fetal genetic aberrations as they are easily overshadowed by (small) technical variations
in maternal DNA. Early approaches that exploited cffDNA using microarray technology
[55, 56] appeared promising for NIPT. However, NGS is increasingly used to replace array
technologies, and recent developments made NGS implementations sensitive enough for
low fractions of fetal DNA (>4%) [57].

Detecting fetal CNVs using cffDNA NGS data

Using next generation sequencing on maternal cfDNA, Chiu et al. [58] developed a z-
score method to detect pregnancies of children with trisomy 21 (Down syndrome). In this
test, all reads obtained through sequencing of cfDNA in maternal plasma are mapped to
a reference genome, both for the test sample as well as for the reference samples. The
distribution of the read frequencies on chromosome 21 is determined over the reference
samples, and compared to the test sample using a z-score approach. If significantly
different (absolute z-score >3), chromosome 21 is classified as aberrated. The method
was reliable at affordable sequencing depth for diagnostic purposes [54, 59], but extending
the same approach to detect trisomy 13 and 18 proved less reliable [60]. Methods to find
sub-chromosomal aberrations have been developed as well [61], although their reliability
was limited when samples were obtained at affordable sequencing depths. When no cost
limitations to sequencing are taken into account, even small CNVs (as small as 300 kb)
can be identified correctly [62].

Clearly, CNV detection is based on a statistical analysis. Hence, more data will
give more statistical power for correct diagnosis. With less data per sample, variations
in sequencing depth increase, decreasing the signal-to-noise ratio in a sample. For this
reason, resequencing reference samples for every batch of test samples is required in the
method introduced by Chiu [58]. To improve sensitivity, and possibly reduce the necessity
of resequencing healthy samples, alternative approaches try to reduce the effects of read
depth variations. Either by comparison among more similarly behaving chromosomes
[63], or approaches to reduce biases such as GC-content [64].
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Figure 10: Schematic overview of how DNA is compressed using several levels of winding
and folding. Important for this thesis is the “Beads-on-a-String” frame, where the double
helix structure winds around a histone complex to form a nucleosome. [71]

Detecting the fraction of fetal cfDNA in maternal blood

Without knowing the fraction of fetal DNA, one is not sure whether one is able to detect
any aberration in the fetus. For example, a pregnancy where the mother has considerably
more body mass than an average woman can result in significantly less abundant cffDNA
in maternal plasma, severely complicating the detection of aberrations in the fetal genome.
Additionally, some trisomies affect the placental growth, limiting its size and therefore
the amount of cffDNA in maternal plasma. Consequently, it is important to know the
fetal fraction of cell free DNA within the maternal plasma for having a reliable diagnostic
test for fetal genetic aberrations.

In case of a male fetus, fetal fraction determination can be performed based on Y-
chromosomal sequences [65, 66]. While this provides a straightforward solution for half
of the pregnancies, another solution is needed to ensure proper testing for female fetuses.
Interestingly, a difference in methylation profiles between maternal DNA and fetal DNA
can be observed, and specific lab tests use this difference to get an indication of the
fetal fraction in a sample [67]. The requirement of an extra lab flow, however, comes
with additional costs per sample as well as increased chances of sample swaps and false
indications (the determination of the fetal fraction in a sample is analyzed separately
from the detection of CNVs in that same sample). Clearly, a bioinformatics approach to
obtain the fetal fraction from the sequencing data directly is a superior solution for NIPT
purposes. If enough sequencing depth is available, the distribution of single nucleotide
polymorphisms (SNPs) can provide an indication of the fetal fraction [68], but the amount
of data required is not feasible for routine diagnostics.

Fetal cfDNA is smaller than maternal cfDNA

Maternal cfDNA and cffDNA fragments have different sizes [49]. Based on this difference
Lo et al. developed a method which uses the length distribution as indicator for fetal
fraction [69]. Using paired-end sequencing, the length of sequenced molecules can be
determined, and thus the fetal fraction. For many diagnostic labs, employing paired-
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end sequencing requires changing their implemented NIPT workflow. Further, it would
increase sequencing time per sample, reduce the sample turnover rate, and increase the
cost per sample.

When looking into the actual size differences between maternal and fetal cfDNA,
it appears that the threshold between the (smaller) fetal DNA fragments and (longer)
maternal fragments lies close to the length a DNA sequence requires to wind around
a histone complex (Figure 10) [70], indicating that observed size differences between
maternal cfDNA and cffDNA are influenced by the presence of nucleosomes.

Contributions of this thesis

While the NIPT approach as introduced by Chiu et al. was affordable, several of its
limitations sparked interest to improve the method they described, to enhance results
and applicability of NIPT. Improvements included reducing the cost per sample, correct
detection of aneuploidies other than trisomy 21, and detection of sub-chromosomal aber-
rations. This thesis describes a number of advances that realize these improvements, and
are now applied for clinical purposes.

The contributions of this thesis are split into three main parts.

Part I focuses on the development of tools for detecting fetal CNVs from cfDNA in
maternal blood. The main challenge is caused by the signal-to-noise ratio in the se-
quencing data obtained from maternal plasma. Because the fetal cfDNA is only a small
fraction, even subtle noise hampers the detection of fetal CNVs. Chapter 1 introduces a
within-sample comparison approach, enabling reliable aneuploidy and sub-chromosomal
CNV detection using (partially fetal) cfDNA obtained from maternal plasma. In chapter
2, we discuss the introduction of this within-sample comparison method in a diagnostic
setting, as well as its implications for the future of NIPT. Chapter 3 reflects a discussion
on maternal cancer interfering with calling fetal CNVs. The implementation of novel
detection methods comes with new, unexpected findings, and one of such findings is dis-
cussed in chapter 4. In this chapter, we show that carrying a common genetic property
with no known phenotypes, like a rare fragile site, can influence NIPT results.

Part II focuses on determining the fraction of fetal cfDNA in a maternal plasma sample.
While fetal cfDNA is assumed to be in maternal plasma, without indication of the actual
fetal fraction in a sample the NIPT results cannot be considered fully reliable, as a lack
of fetal cfDNA in a sample can cause a false negative result. Chapter 5 introduces a
method that determines the fraction of cffDNA from maternal plasma which is based on
a bias in fragment length between fetal and maternal cfDNA caused by the presence of
nucleosomes. This results in a small detectable shift in the starting points of the cfDNA
fragments between fetus and mother, from which the fetal fraction can be derived. This
method is compared to other methods that determine the fetal fraction in chapter 6,
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providing an overview of strengths and weaknesses of each of the methods. This compar-
ison includes a method we developed called DEFRAG.

Part III extends the within-sample comparison approach to whole exome sequencing. As
WES is heavily influenced by the distribution of target regions on the genome, straightfor-
ward CNV detection methods fail to provide reasonable accuracy. Consequently, results
from state-of-the art methods lack a sufficient agreement with proven array-based meth-
ods. In chapter 7, we introduce a WES-based CNV detection method (WISExome)
using the within-sample comparison approach, and show that this method achieves an
improved agreement with array results. This opens possibilities to get CNV information
from the same patient data as is being used to acquire information about single nucleotide
variations, which is of great benefit in routine diagnostic settings.

An important driver in this thesis is that our methodologies can be applied in a routine di-
agnostic setting to improve general health care. As a consequence, we did not opt for more
advanced measurements such as sequencing with higher coverage, paired-end sequencing,
or alternative sequencing such as methylation or long-read sequencing. Motivations for
this decision are mainly cost per sample and ease of sample handling (minimizing changes
for sample swaps, etc.). This has put more challenges on the bioinformatics analysis for
which we present a number of solutions in this thesis. We do find it important that our
proposed methodologies are widely available for clinical diagnostics. Therefore, all our
methodologies and implementations are freely available to promote uptake by the aca-
demic community. Consequently, with this thesis we have made a substantial contribution
to improving healthcare.
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Abstract

Genetic disorders can be detected by prenatal diagnosis using Chorionic Villus Sampling,
but the 1:100 chance to result in miscarriage restricts the use to fetuses that are suspected
to have an aberration. Detection of trisomy 21 cases noninvasively is now possible owing
to the upswing of next-generation sequencing (NGS) because a small percentage of fetal
DNA is present in maternal plasma. However, detecting other trisomies and smaller aber-
rations can only be realized using high-coverage NGS, making it too expensive for routine
practice. We present a method, WISECONDOR (WIthin-SamplE COpy Number aberra-
tion DetectOR), which detects small aberrations using low-coverage NGS. The increased
detection resolution was achieved by comparing read counts within the tested sample of
each genomic region with regions on other chromosomes that behave similarly in control
samples. This within-sample comparison avoids the need to re-sequence control samples.
WISECONDOR correctly identified all T13, T18 and T21 cases while coverages were
as low as 0.15–1.66. No false positives were identified. Moreover, WISECONDOR also
identified smaller aberrations, down to 20 Mb, such as del(13)(q12.3q14.3), +i(12)(p10)
and i(18)(q10). This shows that prevalent fetal copy number aberrations can be detected
accurately and affordably by shallow sequencing maternal plasma. WISECONDOR is
available at bioinformatics.tudelft.nl/wisecondor.

Introduction

Classical methods for prenatal testing are karyotyping or quantitative fluorescence poly-
merase chain reaction, which require invasive chorionic villus sampling (CVS) or amniotic
fluid sampling. Both procedures are associated with a 1:100 chance of consequent mis-
carriage [1].

Previous studies have shown that a small fraction of cell-free DNA in maternal plasma
is of fetal origin [2]. This fraction was found to range between 3.4% in early pregnancy
and 6.2% in late pregnancy [3] and uniformly distributed over the whole genome [4].
With the increasing quality of next-generation sequencing (NGS) data, this small fraction
of fetal DNA has proved to be enough to detect fetal aberrations. Using NGS data of
maternal plasma samples, Chiu et al. [5] developed a z-score method to detect pregnan-
cies of children with trisomy 21, associated with Down syndrome. This method proved
reliable for shallow sequenced samples [6, 7] and is already applied in clinical settings.
The downside of the method is that it requires re-sequencing of known healthy reference
samples everytime a new set of samples is tested to minimize experimental influences on
sequencing depth variations, thus increasing testing costs.

Although this method was designed to detect genetic aberrations in singleton preg-
nancies, Canick et al. [8] showed promising results of its application to detect trisomy
21 in twin pregnancies as well. Several other attempts were made to extend the method
to the detection of trisomy 13, trisomy 18 [9] and gender classification. These classifica-
tions turned out to be more difficult because of chromosome-dependent sequencing biases.
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Jiang et al. [10] created a tool based on a student’s t-test rather than a z-score, which
shows improved results in detection of trisomy 13, 18 and 21, as well as gender-specific tri-
somies. Among others, Sehnert et al. [11] stress the influence of ‘interrun’ and ‘intrarun’
sequencing variation. To overcome interrun variations, they propose normalization of the
read counts on one chromosome with the total number of reads on a predefined set of
chromosomes instead of the total number reads in the sample. The actual significance of
chromosomal aberrations is then determined on the set of control samples, similar to Chiu
et al. Although this provides an interesting improvement to solving interrun variations,
several abnormalities are left undetected.

In an attempt to increase the resolution of detectable aberrations, one study shows
results in detecting DiGeorge syndrome, a deletion of 3 Mb in 22q11.2 [12]. They pointed
out that there was a statistical difference in read depth of the targeted area between
healthy samples and samples containing a deletion in this region. Although the two test
samples used did result in z-scores <-3 (considered to be significant) for the targeted
area, one of the 14 healthy samples had a z-score >3, making it difficult to assess clinical
applicability. A study by Srinivasan et al. [13] showed that deep sequencing of maternal
plasma (400–750 M reads per sample) allowed detection of several small fetal Copy Num-
ber Variations (CNVs). Read depths of bins as small as 100 kb were compared over several
samples, reporting fetal aberrations down to 0.2 Mb in size. Yu et al. [14] used a similar
approach to obtain diagnostic sensitivity indications for the required amount of reads for
detection of fetal CNVs between 1 and 3 Mb in size, using 125–480 M reads per sample.
For the detection of aneuploid cancer cells in the blood stream, Chan et al. [15] designed
an approach to detect copy number aberrations in blood plasma that also makes use of
binning. They suggest to correct for known GC biases using locally weighted scatterplot
smoothing (LOWESS). However, relatively deep coverage was necessary to determine the
significance of the aberrations based on a global statistical analysis of read-depths for all
bins. At lower coverages the remaining variations over the bin positions is not taken into
account by this approach.

Another study by Lo et al. [4] showed that it is possible to construct a genome-
wide fetal map and determine the mutational status of the fetus from maternal plasma
DNA using information about the paternal genotype and maternal haplotype. However,
the paternal genotype and the maternal haplotype had to be determined separately and
the maternal plasma containing fetal DNA was sequenced at 65-fold coverage, rendering
this method too expensive for routine clinical application. Recent research shows that
it is possible to determine almost the complete fetal genome correctly by integrating the
haplotype-resolved genome sequence of the mother, the shotgun genome sequence of the
father and the deep sequencing of cell-free DNA in maternal plasma [16]. Although the
results of this study are promising, obtaining the required amount of data is, again, far
too expensive for routine clinical application. It would be appealing for clinical practice
if similar results could be obtained with coverages close to or below 1x-fold to keep costs
at the same level as current practice for trisomy detection, without the requirement of
paternal information.
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Recently, Chen et al. [17] presented an approach that corrects the read-depth signal
using a GC correction and subsequently segments the signal. The resulting segments are
compared with control samples to determine the significance of their aberration. This
approach allowed the detection of aberrations down to 10 Mb within the four positive
samples tested. The idea of a window-based correction for GC content is promising,
but the segmentation scheme for detecting break points can be sensitive and problematic
with larger aberrations. We adopt a similar window-based approach but avoid the need
to segment the read-depth signal. For that we propose a novel scheme in which the
aberrations are determined based on a within-sample comparison, thus not relying on
control samples anymore. With that we realize a robust calling scheme that also can
detect small aberrations in low coverage data.

The aim of this study was to determine whether T13, T18 and T21 as well as sub-
chromosomal genetic disorders could be detected using only a maternal plasma sample
containing fetal DNA and shallow sequencing. Also, to decrease sequencing costs even
further, we aimed to reduce the amount of required reference samples per sample test.
The method that we propose is called WISECONDOR (WIthin-SamplE COpy Number
aberration DetectOR) and is able to call fetal genetic disorders using shallow sequencing
without the necessity to re-sequence healthy samples for normalization.

Materials and Methods

In an attempt to develop a high-resolution version of the method described by Chiu et
al. [5], we applied and tested the following alterations. (i) We divided the whole Hg19
reference genome into bins and determined the read-depth for each bin. (ii) We determined
the GC-content for each bin and fitted a LOWESS function [18] to the GC-count versus
the read depth for each bin. (iii) The read depth for each bin was subsequently divided by
the LOWESS value of its corresponding GC-content (Supplementary Figure S4), turning
it into a GC-corrected read frequency. (iv) For each bin, we compared the normalized
read frequencies to the normalized read frequencies in the same bins in a reference set of
other normal (diploid) samples using a z-score method. This allowed us to detect most
of the whole-chromosome copy number changes, but attempts to detect copy number
changes at a higher resolution resulted in numerous false positives and false negatives
(Supplementary Tables S1 and S2). Although this method corrects for local mapping
biases, it is too sensitive to noise for small read frequency differences among samples.

Therefore, we decided to apply a within-sample comparison using reference bins that
have a similar behavior compared with the test bin. Different regions on the genome
vary in read frequency characteristics from one sample to another. While between-sample
comparison suffers from this, within-sample comparison does not: regions with equal
characteristics will behave alike within a test sample, as all regions are subject to the same
experimental procedures. This removes the need to fully understand the true reasons for
read frequency variations over different samples.

This is implemented in a pipeline called WISECONDOR, which is able to call high-
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Figure 1: Overview of WISECONDOR, showing the data flow starting at the top through
all main steps into the classification at the bottom. Note that ‘test samples’ and ‘reference
samples’, used to find the reference bins, follow different paths in the data flow. The
dashed steps are not part of WISECONDOR and can be interchanged with other mapping
strategies, such as BWA [19], BowTie [20], etc.

resolution fetal genetic disorders using shallow sequencing. Figure 1 shows an overview of
the developed pipeline, while Figure 2 provides an illustration of how reference bins are
determined, as described below. An overview of all WISECONDOR options is shown in
Supplementary Table S3.

WISECONDOR: within-sample reference bins

Although WISECONDOR uses a within-sample comparison, it still uses a set of normal
diploid samples to identify the within-sample reference bins that behave similarly to the
bin that is being tested (denoted as the target bin). The whole genome was divided into
bins of a user-defined size (B), the frequency of reads mapped to each bin was determined
and normalized for GC-content (using the LOWESS procedure). This GC-normalization
improved aberration detection as it decreased the average allowed deviation of the read
frequency per tested bin (Supplementary Table S4).

For every target bin, the squared Euclidean distance to every other bin was calculated
by summing the squared GC-normalized read frequency differences over a set of normal
samples (Figure 2b):

D(i, j)2 =
n∑
s=1

(Rg
is
−Rg

js
)2 (1)
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Figure 2: Finding within-sample reference bins by WISECONDOR. (a) Shows an area
on chromosomes 1 and 2 for two normal (diploid) samples X and Y. The red bar is the
target bin (TB) for which a set of reference bins is to be determined. Reference bins are
not allowed to be present on the same chromosome. Hence, the set of reference bins for
the indicated target bin in this example all need to be on chromosome 2. (b) Squared
differences between target bin TB and each of the bins on chromosome 2 for both samples.
(c) Summation of the squared differences between target bin TB and each of the bins on
chromosome 2 over both samples. Numbers show the similarity ranking of the bins with
respect to target bin TB. Red arrows indicate the bins chosen for target bin TB to be
included in the set of reference bins. The bin ranked third is not included because it is
directly connected to a bin previously selected (bin 2). (d) Stars on each row illustrate
selected reference bins on chromosome 2 for every bin of chromosome 1. Notice that the
set of reference bins differs for different target bins (rows in this panel).
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Figure 3: Overview of the selected reference bins for all target bins on chromosome 21.
Cytobands are shown on the outside of the circle along with base pair positions in Mb and
chromosome number. Lines connect target bins on chromosome 21 and their correspond-
ing reference bins on other chromosomes. Opacity indicates the amount of overlapping
lines. Barely any connections to chromosome 19 are made as the read frequency behavior
of bins on chromosome 19 differs too much from the bins on chromosome 21 over differ-
ent samples. Repeat rich regions such as the acrocentric p-arm of chromosome 21 and
the regions surrounding the centromeres could not be mapped, and will therefore not be
selected as reference bins. Image made using Circos [21].

where D(i, j)2 is the squared Euclidean distance between GC-normalized read frequencies
of bins i and j, s defines the sample in the set of n reference samples and Rg

is
is the

GC-normalized relative read frequency of bin i in sample s.

For every target bin, the bins with the smallest distances were selected as reference
bins. To avoid using a bin that is part of the same aberration as the target bin, no bins
that are on the same chromosome as the target bin are selected as reference bins (Figure
2c). To circumvent obtaining a set of reference bins neighboring each other, which are
likely to show the exact same behavior, all directly neighboring bins in a set of reference
bins are removed except for the bin with the smallest distance. This initial set of reference
bins is filtered by quality to ensure that no largely deviating bins are used for comparison.
To do this, the best matching (smallest D2) reference bin for every target bin is selected
and the mean µD and standard deviation σD are determined over this set. Then, for every
target bin, any reference bin with a distance to the target bin larger than µD + 3 ∗ σD is
removed from the reference set. This whole procedure is repeated once more for all target
bins to improve quality, as the first time removes mostly far outliers (see supplement) that
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have a considerable impact on the estimates of µD and σD. The pseudocode describing
this filter is shown in Algorithm 1. As a result, most target bins are left with a set of good
quality reference bins. Note that the amount of reference bins might be different for each
target bin and some target bins may have no or few reference bins. Such target bins will
be considered uncallable if the set of reference bins contains <10 bins. In the reference
we built, 22.88% of the bins was considered uncallable. A plot showing the amount of
reference bins per target bin after this step is depicted in Supplementary Figure S1, and
an impression of the spread of reference bins for chromosome 21 is shown in Figure 3.

// D(n,m) is a matrix containing the distances to all other bins (m) for every
target bin (n)

// Sort distances for every target bin (n)
SD(n,m) = sort D(n,m) per row
TD = predefined value;
for (iteration = 1:2) do

smallestDistances = [];
for every target bin n in SD(n,m) do

if SD(n,0) <= TD then
smallestDistances.append(D(n,0));

end

end
µD = mean(smallestDistances)
σD = standardDeviation(smallestDistances)
TD = µD + 3 * σD

end
for every target bin n do

for every reference bin m do
if SD(n,m) > TD then

remove(SD(n,m))
end

end

end
Algorithm 1: Pseudocode for the creation of a final matrix SD, containing only high
quality reference bins for all bins.

WISECONDOR: subchromosomal scoring

For every sample, every bin was tested against its own set of reference bins within the same
sample using a z-score method based on GC-normalized read frequencies. Classifications
based directly on this method are further referred to as calls made by the individual bin
method. Subchromosomal scores were eventually calculated by combining the z-scores of

38



1
the individual bins within a sliding window using Stouffer’s z-score, denoted as the sliding
window method.

Individual bin method

For every target bin in the test sample, the GC-normalized read frequencies of the set of
previously defined reference bins within the same test sample are collected for the target
bin of interest; the mean and standard deviation are calculated and used to determine
the z-score:

zi =
Rg
i − µir
σir

(2)

where zi is the deviation score for bin i in the test sample according to the individual bin
method, Rg

i is the GC-normalized read frequency of the target bin i in the test sample,
while µir and σir are the average and standard deviation of the GC-normalized read
frequencies in the test sample of the bins in the reference set ir of the target bin i. If the
absolute value of the z-score is ≥3, the bin is marked as potentially aberrated.

To improve sensitivity, we need to ignore aberrated bins in the reference set for each
target bin. Therefore, the target bins found deviating (abs(z) ≥ 3) are stored in matrix
L. Then, the z-score testing for every target bin is repeated without using reference bins
that are in L [this affects the mean and variance in Equation 2]. This step is repeated
until L remains unchanged over two consecutive runs or a user-defined maximum amount
of tests is done (to avoid oscillating behavior).

To remove excessive calls close to eachother, we allow small gaps within a detected
region and still consider it one aberated region (MaxBinSkip in Supplementary Table
S4). Also, to remove calls that result from few peaks that happen to be close to eachother,
we put a threshold on the minimum amount of connected bins found aberrated before
calling the aberration (MinLength in Supplementary Table S4). In the results presented
here, we allowed gaps of at most 2 bins between any two such detected aberrated regions
and required a minimum size of 10 bins to make a call.

Sliding window method

Since the individual bin method turned out to lack sensitivity (see ‘Results’ section) and
suffered from peaks, we applied another approach based on a sliding window analysis.
In this method, a bin is not tested in isolation, but instead, the z-scores of the bins
neighboring the target bin are included in the aberration detection using Stouffer’s z-
score:

zwi =

∑i+v
k=i−v zk√

2 ∗ v + 1
(3)

where zwi is the (sliding window) z-score for bin i using a window size that considers v
bins on the left and right of bin i. A bin is now considered potentially aberrated when
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abs(zwi ) ≥ 3, i.e.

Fw
i =

{
1 abs(zwi ≥ 3)

0 otherwise
(4)

where Fw
i is the classification result for target bin i using the sliding window method.

Spurious peaks and valleys are now ignored when the z-score is calculated for a region.
When uncallable bins exist in the sliding window, their values are ignored, thus reducing
the total amount of bins in the window. To reduce false positives caused by multiple
peaks close to each other, we also applied the gap and minimum amount of bins filters as
described in the individual bin method. In the results presented here we applied a sliding
window of 11 bins (1 Mb each).

WISECONDOR: chromosomal testing

Chromosomal aneuploidy detection is based directly on subchromosomal classification, as
any aneuploid chromosome has nearly all of its bins marked as deviating by the sliding
window method, while applying a chromosome-wide Stouffer’s z-score returned too many
false positives (as shown in Supplementary Table S5). To detect whole-chromosome aber-
rations, we implemented a user-defined threshold T on the ratio of bins found deviating
by the sliding window method:

F a
c =

∑
(Fw

i ) > T ∗mc (5)

where F a
c is the aneuploidy classification result for chromosome c, mc is the amount of

callable bins on chromosome c and T is the user-defined threshold. In the presented
results, we applied T = 0.5 as threshold for chromosomal aneuploidy detection.

WISECONDOR: bin sizes

Assuming a uniform and independent mapping of reads on the genome, the expected read
depth E[R] for bin i is as follows:

E[Ri] =
b ∗ h
l ∗ f

(6)

where b is the bin size used, h is the coverage of the sample, l is the read length and f
the ratio of fetal DNA in the sample.

For a sample with an average coverage (h) of 0.5, while the read length is (l) 50 nt long,
which is tested with bins that have a bin size (b) of 1 Mb, the expected amount of reads
mapped to any bin is 10.000. Assuming a fraction of fetal DNA (f) of ∼5% [3], we expect
500 fetus-DNA-derived reads per bin. This seems a reasonable amount compared with
expected natural fluctuations. Using bin sizes <1 Mb results in proportionally smaller
numbers of reads per bin, complicating copy number detection in the data. Varying bin
sizes indeed showed this and thus we selected bin sizes of 1 Mb. Larger bin sizes provided
no significant improvements (data not shown), while losing detection resolution.
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WISECONDOR: sample quality assessment

Assuming that the percentage of fetus-derived DNA is ∼5% of the DNA in any maternal
plasma sample [3], WISECONDOR should be able to detect read frequency differences
of at least 5% to call a copy number change of a chromosomal region. To test whether
WISECONDOR results are reliable enough, we determined the average allowed deviation
over all bins (AvgASD in Supplementary Table S4). For every target bin, the standard de-
viation of the read frequencies within its reference bin set is divided by the read frequency
of the target bin, resulting in a value that represents the minimum relative change in read
frequency required to make a call for that target bin. When the mean of all these values
(AvgASD) is >0.05, the results are considered less reliable since any aberration would
require >5% read frequency difference to be detected. High AvgASD values seem to be
independent of read coverage, but they are correlated with an increase of false-positive
calls, especially on chromosome 19. GC-normalization resulted in a strong decrease in
AvgASD values (Supplementary Table S4), thus improving detection ability. Although
calls for samples with a high AvgASD are annotated as ‘unreliable’, the WISECONDOR
script runs the standard tests and generally correctly identifies copy number aberrations.

Results

DNA was isolated from 56 blood plasma samples taken from pregnant women. All samples
were assumed to contain at least 5% fetal DNA. This was checked for 14 maternal blood
samples, all with male fetuses. The percentage of fetal DNA was measured using absolute
quantitative polymerase chain reaction for SRY (fetal) and HBB (fetal and maternal),
which showed the percentage of fetal DNA to be 7.6% (median). See supplement for
more details and Supplementary Table S6 for the measured percentages in each sample.
The isolated DNA was sequenced using the Solexa/Illumina HiSeq2000, split over three
different runs (A, C and D), which were sequenced at different times. We obtained 51-bp
single end reads with genomic coverages ranging from 0.04- to 1.66-fold, mostly between
0.2 and 0.7. The set of test samples contained eight different trisomy 21 (T21) cases,
2 trisomy 13 (T13) cases, 2 trisomy 18 (T18) cases and 2 trisomy 22 (T22) cases and
four samples with subchromosomal deletions/duplications (Table 1). All samples were
karyotyped to provide a ground truth. All samples were multiplexed for sequencing and
demultiplexed with a maximum of one mismatch in their tags. The sequenced data were
mapped to reference genome Hg19 GRCh37.65 using SOAP2 [22] with zero mismatches
allowed, and all reads mapping to more than one genomic position were discarded.

Data preparation

To remove extreme peaks with high read depths, all samples were filtered using a custom-
designed filter called RETRO (Supplement: Retro Filter, Supplementary Figures S2 and
S3). This filter removes all but the first read of strongly overlapping reads, as described
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Sample +/- Z-Score Size Position

A1 0.42 46, XX

A3 0.44 46, XY

A5 0.72+ 1.031 7.02494Mb 1320000000-114000000 100.00% 47, XY, +13

A7 0.64 46, XY
A9 0.35+ 1.028 5.52876Mb 180-76000000 100.00% 47, XY, +18

A11 0.35+ 1.055 10.3734Mb 2113000000-47000000 100.00% 47, XY, +21

A13 0.71+ 1.022 5.03175Mb 180-75000000 99.00% 47, XY, +18

A15 0.71 46, XX

A17 0.82+ 1.078 18.0134Mb 2113000000-47000000 100.00% 47, XY, +21
A19 0.71 46, XY

A21 0.41 46, XX

A23 0.49 46, XY

A25 0.86+ 1.039 9.08696Mb 1318000000-114000000 100.00% 47, XY, +13

Sample +/- Z-Score Size Position

C1 1.06 45, X[47]/46, XX[4]

C2 1.00 45, X[5]/46, XX[25]

C3 0.46 45, X/46, XX

C4 0.36

C5 0.18- 0.962 -5.5929Mb 1331000000-60000000

C6 0.31- 0.969 -4.214Mb 181000000-15000000 79.00% 46, XX, i(18)(q10)
+ 1.021 3.93744Mb 1821000000-65000000

C7 0.74 46, XX, r(14)(p11.1q32)[26]

C8 0.50 47, XXY

C9 0.39 47, XXY

C10 0.58 47, XXY
C12 0.37+ 1.027 5.23129Mb 2218000000-47000000 95.00% 47, XY, +22

C13 0.39+ 1.061 10.7436Mb 121000000-37000000 47, XY, +i(12)(p10)

C14 0.47 47, XYY

C15 0.71 69, XXY
C16 0.32 69, XXY

C17 0.64 47, XXY

C18 0.41+ 1.05 8.71231Mb 2218000000-49000000 100.00% 47, XY, +22

C19 0.23 46, XY, 7p+[8]/46, XY[12]

C20 0.39 46, XY, t(4;10)(q27;p13)pat
C21 0.60+ 1.037 4.476 13Mb 19 40000000-53000000 69, XXY/46, XX

C22 0.06 46, XY

C23 0.06 46, XY

C24 0.04 46, XY

C25 0.06 46, XY
C26 0.23 46, XX

C27 0.35 46, XX

C28 0.22 46, XX

C29 0.16 46, XX

C30 0.23 46, XX
C31 0.22 46, XX

C32 0.15+ 1.043 6.24831Mb 2116000000-47000000 100.00% 47, XX, +21

C33 0.36+ 1.05 9.94334Mb 2113000000-47000000 100.00% 47, XX, +21

Sample +/- Z-Score Size Position

D1 0.60 46, XX

D2 0.50+ 1.026 5.31128Mb 2119000000-47000000 90.00% 47, XY, +21

D3 0.57+ 1.054 11.2734Mb 2113000000-47000000 100.00% 47, XY, t(5;12)(q1?3;q24.1)+21

D4 0.55+ 1.046 9.89934Mb 2113000000-47000000 100.00% 47, XX, +21
D5 0.55 46, XX

D6 0.63 46, XY

D7 0.63 46, XY

D8 0.42 46, XX

D9 0.56+ 1.029 6.25833Mb 2114000000-47000000 100.00% 47, XX, +21
D10 0.50 46, XY

D11 0.35+ 1.039 4.393 10Mb 6 86000000-96000000 46, XX

Cov Mult Chr Aneuploidy Karyotype

Cov Mult Chr Aneuploidy Karyotype

46, X, del(X)(p11.2)[23]/45, X[33]

46, XX, del(13)(q12.3q14.3)

Cov Mult Chr Aneuploidy Karyotype

Table 1: Overview of samples, read coverages and detected aberrations. The samples with
a gray background are the 17 samples used to build the set of reference bins. Samples
with green text indicate samples in which the positions of a called copy number change
correspond with the karyotyping analysis of CVS or AF (true positives). Samples with
no position information denote samples for which no copy number change was detected
by WISECONDOR or by karyotyping (true negatives). Samples with red text in the
position columns indicate falsely called genomic regions (false positives), while red text
in the karyotype column marks a missed aberrated region (false negative). A percentage
in the aneuploidy column indicates the sample was called aneuploid, and the percentage
shown is the amount of bins found deviating. The column denoted as Mult contains the
average multiplication compared to the expected values for bins in the called region. No
results <10 Mb are shown in this table. The rightmost column indicates the karyotyping
based on CBS or AF.

42



1
(a)

(b)

(c)

Bin

Bin

Bin

z
-s
c
o
re

z
-s
c
o
re

z
-s
c
o
re

1
3

1
8

2
1

2
2

(d)z
-s
c
o
re

Bin

4
2
0
2
4
6
8
10

4
2
0
2
4
6
8

4
2
0
2
4
6
8
10
12

4
2
0
2
4
6
8
10
12
14

Figure 4: Samples with trisomies 13, 18, 21 and 22 demonstrate the difference in calling
results from the sliding window method and the individual bin method. The vertical axis
depicts the z-score, and the horizontal axis the bins on chromosomal positions. The blue
line shows the z-score per bin, the red line plots the z-score using the sliding window (zwi ).
Purple regions show bins called by WISECONDOR (i.e. the sliding window approach).
Dark green regions mark bins called with the individual bin method. Light green and
pink regions are bins found deviating, by the individual bin and sliding window approach
respectively, but those are too small in width such as spikes (and thus did not pass
WISECONDOR’s minimum size requirement). Horizontal gray lines denote the abs(z) =
3 threshold. Gray regions are uncallable regions, where light gray is caused by being
unable to find enough reference bins and dark gray regions are bins containing mostly
unmappable (repetitive) sequences. (a) Sample A5: Trisomy 13. (b) Sample A9: Trisomy
18. (c) Sample A11: Trisomy 21. (d) Sample C18: Trisomy 22.

in the supplement. Bin sizes of 1 Mb, 500 kb, 250 kb and 100 kb base pairs were tested.
One mega base pair showed stable results, while smaller bin sizes suffered from noise and
strong variations (data not shown). The GC-normalization was estimated per sample
using Biopythons LOWESS function on the GC-count and read depth per bin (Supple-
mentary Figure S4). In all steps, gender-specific chromosomes were omitted because the
amounts of reads that map to the X and Y chromosomes are too strongly correlated with
the percentage of fetal DNA in the sample as well as the fetus’ gender. If more refer-
ence samples would be available, detection of subchromosomal disorders on chromomes
X could become possible. Detection of aberrations on the Y chromosome appears to be
more problematic owing to its small size and repetitive sequence, leading to mappability
difficulties.
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Figure 5: Output results for subchromosomal aberration detection (for an explanation of
the plots, see Figure 4). (a) Sample C13: isochromosome 12p10. (b) Sample C5: deletion
in the middle of the long arm of chromosome 13. (c) Sample C6: loss of the short arm
on chromosome 18 (18p10) to the left and the gain of the long arm (18q10) to the right
of the centromere. Note the difference in signal height between the two extra copies on
chromosome 12p, and one extra copy on chromosome 18q.

Aneuploidy classification

Using WISECONDOR, all samples with a trisomy for chromosome 13, 18, 21 or 22 were
identified correctly with the sliding window method when we required that at least half
of the bins on any chromosome were detected as a copy number change (Figure 4 and
aneuploidy column in Table 1). Fetuses with a triploidy could not be classified correctly,
as there are no genomic copy number changes relative to other chromosomes in the sample.

Subchromosomal classification

Four (CVS) karyotyped samples of pregnancies of fetuses with autosomal subchromosomal
disorders functioned as test cases for subchromosomal aberration detection:

C13: 47,XY, + i(12)(p10). DNA of this fetus had an extra isochromosome of the short
arm of chromosome 12, resulting in four copies of 12p. Both the sliding window method
and the individual bin method successfully identified the 12p copy number change from
the centromere all the way to the end of the telomere (Figure 5a). The sliding window
considers a group of bins instead of just the bin itself, resulting in a small overestimation
of the aberrated region. This is to be expected when a diploid area juxtaposes an area
with a copy number gain or loss.

C5: 46,XX,del(13)(q12.3q14.3). The fetus in this sample had a deletion of ∼30 Mb in
the middle of the long arm on chromosome 13. Even though the sample had only 0.18-fold
coverage, the deletion was called correctly by WISECONDOR using the sliding window
method (Figure 5b). The individual bin method could not identify this deletion: it only
called two deviating bins, which were ignored for being too far apart and too small in
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Sample C19: the 7p+[8]/[12] mosaic is not detected (also no considerable deviating z-
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Figure 7: Examples of false positives (for an explanation of the plot see Figure 4). (a)
Sample D11: false positive on chromosome 6. A 2 Mb sized peak is spread out due to the
sliding window method. Additional testing proved this was caused by a maternal CNV.
(b) Sample C21: false positive on chromosome 19. Note the lack of data points (testable
bins) as can be seen from the shape of the blue line and the large amount of gray areas,
which is most likely caused by the different GC-content in chromosome 19 compared with
other chromosomes.

length (see ‘Materials and Methods’ section for details).

C6: 46,XX,i(18)(q10). This sample had an unbalanced translocation on chromosome
18, ie. the short arm of chromosome 18 was lost and replaced by an additional long arm.
Both changes were correctly identified by WISECONDOR (Figure 5c). The individual
bin method only found a single bin deviating, while WISECONDOR’s sliding window
method marked almost the whole aberration. Note that, although still detectable, these
single-copy changes resulted in much less deviating z-scores than the two additional short
arms in the C13 case.

C19: 46,XY,7p + [8]/46,XY[12]. The DNA of the fetus in this sample had a mosaic
containing an additional short arm of chromosome 7 in 40% of the karyotyped cells.
This chromosome arm gain could not be identified with WISECONDOR (Figure 6). The
combination of this mosaic with the fetal DNA percentage and the low coverage of the
sample may have caused the aberration to be too subtle in read frequency to be identified
correctly using this method.

Other samples. As expected, balanced genetic changes such as the translocations in
samples C7, C20 and D3 were not found using this method.

False positives. Although most of the calls made by WISECONDOR comply with the
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known disorders for the tested samples, it also generates some false positives (Table 1).
The false positives are relatively small regions, with the largest one being 13 Mb. In-
creasing the minimum size of aberrations directly decreases the number of false positives:
using a minimum size of 20 Mb, WISECONDOR rendered no false positives but failed to
detect one known aberration. One false positive appeared in Sample D11 on chromosome
6 (Figure 7a). The peak itself is two bins wide, and therefore it was not removed by
WISECONDOR and instead reported wider than it actually was. Running WISECON-
DOR on the same sample sequenced by another facility resulted in nearly the same peak,
leading us to believe that the peak actually exists in the sample and, considering the
height, it is most likely maternal. Further testing pointed out there was a maternal gain
of 636 kb, which covered the area we expected based on the size of the peaks. Therefore,
this false positive is due to a maternal aberration and was not expected to be filtered out.

Chromosome 19 proved to be a difficult chromosome for WISECONDOR. With in-
creasing sensitivity, numerous false positives occur on chromosome 19. This is most likely
caused by its GC-richness, making it difficult to find bins that behave alike on other
chromosomes, even after GC-correction. One example of a false positive on chromosome
19 in our test data is shown in Figure 7b). The reported areas on this chromosome are
no known CNV regions according to the Database of Genomic Variants although they do
overlap with several smaller known CNVs.

Discussion

We have demonstrated that both chromosomal and subchromosomal aberrations can be
determined by within-sample comparison of bin read frequencies instead of using a set of
re-sequenced reference samples.

We showed that the developed method, WISECONDOR, is sensitive enough to detect
the small alterations in read frequency caused by copy number aberrations in the fetal
DNA, using shallow sequencing. These relative changes are assumed to be >5%, equal to
the expected percentage of fetal DNA in maternal plasma samples (which was confirmed
for 14 samples, Supplementary Table S6). The results show that any aberration >13 Mb
that we tested was correctly called, whereas false positives were never >13 Mb. Even
for the relatively small amount of reads we used, this method provides nearly the same
precision as karyotyping would, for which detection of small aberrations is limited to
∼10 Mb owing to the resolution of imaging. The main reason for the limited resolution
of WISECONDOR (and this kind of tests in general) is the natural variations in read
depth per genomic region. This may be caused by biological differences such as GC-
content or repetitive sequences in the DNA, making the detection limit of duplications
and deletions dependent on their genomic locations. The influence of these biological
differences becomes more pronounced with decreasing sequencing depth.

As expected, chromosome 19 was more prone to false-positive results than other chro-
mosomes, as it is known to have a different GC-content compared with other chromosomes.
It is noteworthy that a putative small false positive we detected on chromosome 6 turned
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out to be of maternal origin. This means that even with the limited amount of reads
we have used, it is possible to obtain unsollicited findings in the form of maternal CNVs.
This might have consequences for counseling of pregnant women undergoing Non-Invasive
Prenatal Testing (NIPT). WISECONDOR is based on the assumption that most of the
genome is unaberrated. Therefore, it is not possible to do within-sample comparison if
most of the genome is aberrated, as in triploidy cases. Additionally, some samples have
strongly fluctuating read frequencies, making within-sample comparison unreliable. To
identify such samples, WISECONDOR provides a warning when it is unlikely to detect
read frequency changes as small as 5%.

As sequencing becomes more affordable, higher quality data will become available
quickly without increasing sequencing cost. This allows for more precise diagnostics as
the method developed here is expected to perform better with increased sequencing depth
of both reference and test samples. A higher coverage will allow for more stable calls as
well as using smaller bin sizes while keeping the read depth per bin high enough to detect
changes confidently.

Taken together, WISECONDOR is able to detect subchromosomal and chromososmal
disorders with the exception of triploid and mosaic cases at low sequencing coverage
per sample. It thereby allows noninvasive prenatal diagnotiscs without increasing costs
compared with current practices for trisomy 21 detection. Although additional studies are
necessary to validate WISECONDOR in a true diagnostic setting, WISECONDOR may
prove a valuable asset in prenatal diagnostics as an objective noninvasive routine test for
pregnancies. The data used showed promising results for coverages as low as 0.18-fold,
although 0.3-fold coverage is a more reliable baseline in our experience. At the time of
writing, this coverage can be achieved by multiplexing eight samples on a single lane using
the HiSeq2000, bringing costs as low as $300 per sample.
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Supplementary Data

RETRO filter

Plotting read depth per bin revealed extremely large peaks in the data, sometimes re-
ferred to as read towers. These towers varied greatly in size among samples and proved
troublesome for normalization of the data as their height influenced the normalized values
of other regions greatly. They appeared on some but not all chromosomes. The largest
peaks were generally found near centromeres. But other smaller peaks also appeared in
other areas although only in some samples. Removing these areas did not seem sufficient
as the positions of the smaller peaks varied too much among samples. Close inspection
of the mapped reads in the read tower regions showed many duplicate reads. Removing
exact duplicates did not prove sufficient as the read towers were still partly there. Further
analysis of the towers showed that the reads that were left after filtering were all strongly
overlapping. As the coverages of samples used for this study were very low (often about
0.3 fold), the RETRO (REad Tower RemOval) filter was created using this knowledge.

For every read in the data, if the next read starts within W base pairs after the current
read, this read is added to the stack of reads that make up the current tower. Then, the
newly added read is used to determine the distance to the next read and the previous
step is repeated. If the next read does not start within W base pairs, the stack is flushed
and the containing reads are either kept whenever the tower was less than a predefined
threshold T , or removed except for the first read in the stack if it contains more than T
reads.

To find an appropriate setting for the read tower threshold, we described the probabil-
ity for any tower to happen in a random dataset. First, to determine the probability for
reads to be within range W from eachother, we assume the reads to be spread uniformly
across the genome. Then, the number of reads r within a certain window W can be
modelled by a Poisson distribution:

PR(W )(r) =
(λW )re−λW

r!
(1)

with

λ =
t

G
(2)

where λ describes the mean distance between any two adjacent read start positions, t
describes the total amount of reads and G the genome length.

The probability of observing any read within a window of N is equal to 1 minus the
chance of observing no reads within that window, thus:

1− PR(W )(0) = 1− (λW )0e−λW

0!
= 1− e−λW (3)

We consider a series of reads a read tower when this series has at least T sequential reads
within range W of eachother. The chance for any read to start such a tower is equal to
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1− PR(T )(0) happening T times in a row:

Ptower = (1− e−λW )
T−1

(4)

where T defines the threshold to consider a stack of reads a tower that should be removed.
We introduced -1 because we always start from a read. If we combine everything into a
single equation we end up with:

Ptower = (1− e−
t
G
W )

T−1
(5)

Using this formula we can approximate the expected amount of times we remove a set of
reads that existed at random instead of being part of an actual read tower for any setting
of W and T .

Settings used for this work were a maximum distance of W = 4 between read start
positions and a threshold at T = 4 reads.

Quality filter threshold

The quality threshold TD is repeated several times to the improve quality of used reference
bins, removing the strongest ouliers in the first cycle and relatively small outliers in the
cycles after that. For the reference set used, the first 10 cycles resulted in the following
threshold levels. Note the quickly decreasing difference between succeeding cycles at the
start. We only applied 2 steps instead of the 10 shown here for illustration.

0. 0.0284748882881
1. 0.0101273306611
2. 0.00825977598937
3. 0.00773579488437
4. 0.00749311500216
5. 0.00736220232047
6. 0.00728857040126
7. 0.00727280004711
8. 0.00727280004711
9. 0.00727280004711
10. 0.00727280004711

Sample collection

Pregnant females (n = 3500) were recruited between 2003-2012 as part of non-invasive
prenatal research studies at the VU University Medical Center, Amsterdam, approved by
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local research ethics committee. Written informed consent was obtained from the patients.
Blood samples were obtained in EDTA tubes (3x7 ml) during first trimester (week 9-14)
prior to invasive procedures (chorionic villus sampling or amniocentesis) and centrifuged
within 6 hours for 3,000 rpm at 4oC to separate the plasma from the peripheral blood
cells. The plasma was then further centrifuged at 12,000g for 10 min at 4◦C to pellet any
remaining cell fragments. The purified plasma was stored as 800 ml aliquots at -80◦C.

Automated DNA isolation

Plasma DNA (4 ml per patient) was isolated on the BioRobot MDx (Qiagen) with a cus-
tomized protocol. Input was increased 3-fold, no carrier RNA was added and elution was
done in MilliQ water. DNA isolates from the same patient were pooled, and concentrated
by SpeedVac.

Fetal DNA fraction

The fetal DNA fraction was calculated by absolute quantitative PCR for SRY (fetal) and
HBB (hemoglobin B) (fetal and maternal) using 5 microliters of the same cDNA libraries
as used for MPS. The absolute quantities were converted to genomic equivalents (GE)
using a conversion factor of 6.6 ng/cell. To correct for the haploid/diploid difference, the
SRY GE was corrected by a factor 2. Although the HBB measurement contains fetal
message as well, this was left uncorrected. The Fetal DNA percentage was calculated by
using the formula (2 x SRY GE / HBB GE) x 100.
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Figure S1: Plots of the amount of reference bins per target bin after the reference bin
quality filter. The left figure shows the original data, the right figure shows the same plot
without the values 0 and 100 to show the distribution inbetween in more detail. The large
spike at 100 means there are at least 100 reference bins available for the target bins. As
can be seen here, most target bins have either 100 reference bins, the maximum, or no
reference bins at all.

Figure S2: Overview of all read depths of C28 using IGV. The x-axis shows the position
on the genome while the y-axis shows the read depth. Chromomes are specified at the
top, the resulting data after RETRO filtering is shown in the middle. The original data
before filtering is shown at the bottom. As is visible, most of the read towers are removed
almost completely.
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22
A1 3.25 2.82 2.33 -0.44 -2.42 2.94 -2.32 -2.30 -1.82 2.65 -1.72 0.35 0.38 -0.25 1.68 -2.94 2.19 -1.19 -3.19 -3.17 2.15 1.68 46,XX
A3 1.04 1.58 0.12 0.70 -1.19 1.59 -0.90 -1.43 -0.09 1.49 -2.14 0.86 0.98 -0.56 0.98 -1.84 1.07 -0.92 -1.45 -0.58 1.91 1.17 46,XY
A5 -0.63 -0.70 -0.69 -1.01 -0.11 -0.75 -1.01 -0.12 0.13 -1.21 -0.06 -1.00 9.47 -0.09 0.88 0.15 -1.00 -0.43 0.00 0.78 0.25 0.08 47,XY,+13
A7 -0.42 -0.24 0.94 -1.52 0.87 -0.14 -0.13 0.78 0.18 0.09 0.95 -0.83 -0.26 0.27 -0.25 0.30 -1.61 0.97 0.06 0.77 0.01 -0.08 46,XY
A9 -0.42 -0.47 -1.03 -1.38 -0.34 -0.52 0.28 -1.12 -1.37 -0.15 -0.51 -0.63 0.25 -0.08 -0.14 0.11 -0.35 8.35 0.42 0.69 -0.01 0.08 47,XY,+18
A11 0.19 0.28 -1.16 -1.08 0.76 -0.05 -0.33 -1.04 -1.18 -0.70 1.40 -1.01 -0.52 -0.54 0.61 -0.31 -0.14 -0.84 -0.54 0.18 11.94 0.21 47,XY,+21
A13 0.31 -0.05 0.63 -0.36 -0.57 0.06 -1.55 -1.40 -0.39 -0.29 -0.31 -0.72 0.27 -0.02 1.60 -0.51 -0.71 6.34 -0.42 -0.50 0.17 0.61 47,XY,+18
A15 -0.94 -1.30 0.91 0.46 1.11 -0.60 0.71 0.36 -0.18 -1.60 0.40 0.00 0.58 -0.28 0.25 0.47 -1.01 0.55 0.93 0.55 0.76 -0.66 46,XX
A17 -0.84 -0.68 0.36 -0.29 0.63 -0.71 -0.67 -0.41 0.60 -0.50 -0.21 -0.60 0.06 -0.27 0.20 -0.34 -1.33 0.27 0.20 -0.20 16.25 -0.84 47,XY,+21
A19 -0.35 -0.32 0.77 0.55 0.66 0.31 0.50 -0.54 -0.02 -0.72 0.60 -0.67 1.34 0.12 -0.59 -0.19 -1.18 -0.02 0.37 -0.24 -0.37 -0.25 46,XY
A21 -0.27 -0.47 -0.23 -0.97 0.53 -0.81 -0.17 -1.18 0.59 -0.93 0.53 -0.73 0.03 -0.31 1.82 0.31 -0.32 0.99 0.26 1.22 0.32 1.45 46,XX
A23 -0.30 -0.05 0.91 1.05 0.97 0.22 0.85 0.41 0.62 -0.32 -0.41 1.76 -0.77 -0.11 -2.04 0.33 -1.74 -0.54 0.02 -0.63 -0.04 -0.67 46,XY
A25 -0.80 -0.92 -0.49 -0.56 0.12 -0.57 -0.28 -0.80 -0.30 -1.49 -0.41 -0.27 12.28 -0.25 0.09 -0.34 -0.67 -0.30 0.31 -0.96 -0.34 0.12 47,XY,+13

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22
C1 -0.11 -0.76 -0.50 0.19 -0.22 -0.76 0.04 -0.54 0.44 -0.71 0.21 -0.02 0.03 0.19 -0.07 0.34 0.66 0.71 0.47 1.02 -0.70 0.36 45,X[47]/46,XX[4]
C2 -0.30 -0.81 -0.58 -0.50 0.78 -0.81 -0.02 -0.17 0.26 -0.73 -0.23 0.58 -0.16 -0.20 0.25 0.47 0.13 -0.40 1.16 0.75 -0.52 -0.22 45,X[5]/46,XX[25]
C3 -0.41 -0.60 0.70 0.26 -0.33 -0.69 0.53 0.44 0.26 -0.52 -0.21 -0.38 0.11 0.20 0.42 0.58 -0.84 0.61 0.23 0.60 -0.33 -0.02 45,X/46,XX
C4 -0.59 0.15 -1.13 -1.76 0.33 -0.28 0.28 1.26 0.01 -0.96 1.16 0.73 -0.08 0.90 -0.39 0.68 -0.95 -0.54 0.35 0.15 0.07 -0.42
C5 0.33 -0.58 -0.59 -0.77 -0.19 0.49 0.04 0.16 0.26 1.21 0.50 -0.08 -4.83 0.22 -0.16 1.11 0.27 -0.15 0.06 0.79 -1.04 0.10
C6 0.10 -0.36 0.08 -0.11 -1.19 0.39 -0.96 -0.76 -0.55 -1.19 -0.97 0.93 0.21 -0.57 0.37 0.22 1.06 2.48 0.40 0.09 -0.39 0.66 46,XX,i(18)(q10)
C7 -0.37 0.05 -0.43 0.39 -0.08 -0.75 0.34 0.15 0.08 0.45 0.55 -0.60 0.06 -0.47 0.18 0.06 0.60 -0.21 0.17 0.22 0.09 0.71 46,XX,r(14)(p11.1q32)[26]
C8 -1.22 -0.23 0.05 4.19 1.61 1.46 1.60 3.03 -1.05 -0.42 -1.60 2.54 -1.88 0.01 -1.01 -0.04 -2.88 0.85 -0.56 -2.24 -1.83 1.35 47,XXY
C9 0.15 0.44 0.73 0.12 0.27 -0.05 0.01 -0.90 -1.20 0.36 -0.49 -0.24 0.28 0.13 0.06 -0.31 0.00 -0.42 0.06 0.07 -0.47 0.44 47,XXY
C10 0.02 0.06 1.09 1.01 0.29 -0.73 0.75 0.46 -0.49 -1.00 -0.95 -0.26 0.33 0.11 -0.87 -0.21 -0.05 -0.49 0.42 0.00 -0.46 0.48 47,XXY
C12 -0.70 -0.76 -0.64 -0.54 0.71 -0.12 -0.06 -0.08 -0.09 0.07 -0.49 0.31 0.55 0.11 -1.00 0.18 -0.01 -0.65 0.58 -0.23 0.87 4.98 47,XY,+22
C13 -0.01 -0.43 -1.21 -1.24 -0.67 -0.31 -1.05 -0.40 -0.76 0.21 0.26 6.61 -0.11 -0.56 1.05 0.30 -0.62 0.01 -0.19 0.41 -0.11 0.30 47,XY,+i(12)(p10)
C14 -0.75 -0.99 0.73 1.25 0.40 -0.41 -0.01 0.85 -0.09 -1.04 -0.06 -0.07 0.83 0.68 -0.22 0.21 -0.73 1.31 0.38 0.12 -0.21 -0.59 47,XYY
C15 0.12 0.05 1.35 -2.37 0.57 -0.60 -0.54 -0.05 0.04 -0.60 1.04 0.24 -1.03 -0.17 0.78 0.21 -0.40 -0.29 0.23 0.95 -0.03 0.29 69,XXY
C16 -0.28 0.15 1.21 0.16 0.48 -0.31 0.32 0.21 1.85 -0.41 -0.67 -0.22 -0.25 -0.26 -0.29 0.03 -0.21 -0.85 0.21 0.14 0.15 -0.72 69,XXY
C17 -0.71 -0.82 0.43 -1.22 0.88 -0.09 1.54 0.71 -0.49 -1.34 0.50 0.03 -0.50 -0.51 -1.02 0.86 0.38 -0.64 1.48 0.58 -0.95 -2.02 47,XXY
C18 -0.77 -0.60 0.42 0.10 -0.61 -0.34 1.08 0.07 -0.83 0.29 -1.07 -0.64 -0.19 -0.51 -0.70 0.01 -0.76 0.15 0.50 0.24 0.32 8.43 47,XY,+22
C19 -0.57 -0.66 -1.41 0.43 0.75 -0.73 0.27 -0.17 -0.61 -0.66 0.04 0.84 1.14 0.19 -0.18 -0.09 0.86 -0.16 0.86 0.42 0.50 -0.37 46,XY,7p+[8]/46,XY[12]
C20 -0.55 -0.55 -2.14 -0.77 -0.19 -0.66 -0.35 0.21 1.16 0.71 -0.14 -0.27 -0.40 -0.31 0.25 0.73 1.33 0.09 0.55 1.38 0.42 0.39 46,XY,t(4;10)(q27;p13)pat
C21 0.02 -1.21 -1.12 -2.40 1.15 -1.07 -0.65 0.61 -0.14 -1.36 1.76 0.89 -0.71 -0.89 -1.15 0.90 0.84 -0.92 1.78 1.85 -1.62 0.24 69,XXY/46,XX
C22 0.24 -0.26 -0.52 0.34 0.01 0.77 0.52 1.12 0.36 0.11 -0.21 -2.20 2.35 -1.20 0.54 -0.18 0.03 0.77 -0.49 -0.55 0.26 -1.21 46,XY
C23 -0.25 -0.23 -0.90 1.69 0.23 -0.30 0.21 1.82 -0.55 0.54 -0.65 -0.74 -1.02 0.01 -0.01 0.18 0.11 -1.25 0.72 0.61 -1.42 -1.45 46,XY
C24 -0.74 -0.35 -2.45 1.97 -0.81 -0.74 1.34 -0.59 2.31 -0.70 2.32 0.36 -1.00 1.80 -1.11 1.06 0.24 -1.69 0.39 -0.67 -1.79 -1.41 46,XY
C25 1.26 1.51 -0.16 -0.25 -1.34 -0.39 -2.41 0.07 1.32 1.21 0.06 0.57 -2.24 -0.71 -0.34 -0.48 0.29 0.53 -0.78 1.16 -1.19 1.51 46,XY
C26 -0.47 -0.36 -0.07 -0.25 1.08 0.27 0.63 -0.13 0.20 -0.88 -0.02 0.69 -0.36 -0.14 -1.70 0.84 -0.58 -0.54 0.77 -0.19 0.09 -1.12 46,XX
C27 -0.21 -0.17 -0.34 0.25 -0.58 -0.08 -0.04 0.16 -0.56 -0.19 -0.44 0.62 0.14 -0.43 0.47 0.21 0.19 0.21 0.39 0.14 -0.34 0.36 46,XX
C28 0.02 0.13 0.16 -1.75 -0.37 -0.54 0.40 0.08 1.06 -0.10 0.71 1.15 0.06 -0.45 -0.18 -0.37 1.27 0.00 0.30 -0.09 -0.51 -0.22 46,XX
C29 -0.16 -0.65 -0.91 -0.96 0.74 -1.31 0.13 0.29 -1.15 -0.50 -0.72 0.99 -0.01 -0.63 0.66 1.23 0.54 -1.12 1.00 0.21 -0.06 0.31 46,XX
C30 -0.90 -0.85 -0.54 -0.60 -0.55 -1.07 -0.21 -0.30 -1.11 0.34 0.06 -1.15 -0.51 3.20 -0.26 0.45 0.68 1.85 0.53 1.03 0.74 0.63 46,XX
C31 -0.81 -0.81 -0.03 -0.27 1.05 -0.11 0.88 1.40 -1.15 -0.51 0.68 -1.03 0.32 -0.35 0.08 0.62 -0.15 1.39 0.16 0.42 -0.51 -0.03 46,XX
C32 -0.35 0.69 -1.13 -1.74 -0.11 -0.03 -0.88 -0.46 -1.21 -0.65 0.65 1.43 -1.38 -0.10 0.96 -0.07 -0.15 -0.55 -0.20 0.70 8.58 0.85 47,XX,+21
C33 -0.58 -0.11 -1.71 -1.17 -0.18 0.08 -0.36 0.14 -0.85 0.11 -0.52 -0.06 -0.31 -0.53 0.03 0.41 0.15 -0.36 0.48 -0.30 10.76 -0.71 47,XX,+21

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22
D1 0.36 0.34 2.06 -0.16 -0.06 0.33 -1.41 -0.49 -0.46 0.26 1.51 -0.16 0.36 -0.20 0.30 -0.49 -0.73 -0.18 -0.54 0.18 -0.44 0.10 46,XX
D2 -0.05 -0.20 -0.47 -1.76 0.64 -0.48 -0.85 -1.71 -0.17 0.12 1.12 0.50 -0.28 -0.98 -0.78 0.64 0.51 -1.46 0.61 1.00 4.80 0.29 47,XY,+21
D3 0.53 0.38 2.08 -1.03 -0.74 0.38 -1.70 -0.19 -0.66 -0.23 -0.14 -0.50 -1.07 -0.63 0.73 -0.21 0.03 -1.41 -0.72 -0.65 11.74 -0.10 47,XY,t(5;12)(q1?3;q24.1)+21
D4 -0.26 -0.27 -0.96 -1.40 0.02 -0.83 -0.50 -0.67 0.26 -0.28 0.01 0.16 -1.02 -0.10 -0.52 0.18 0.10 -0.39 0.29 1.11 9.80 1.05 47,XX,+21
D5 -0.37 -0.79 1.53 -0.15 0.33 -0.54 -0.55 0.31 -0.03 -0.77 -0.73 -0.68 -0.26 0.04 1.50 0.18 0.42 -0.24 0.78 0.38 -0.22 0.31 46,XX
D6 0.66 -0.08 2.10 -0.66 0.16 0.65 -0.11 -0.83 -0.05 -2.11 -0.34 0.06 0.50 0.96 0.75 -0.40 -0.27 -0.61 0.10 -1.18 -0.45 -1.06 46,XY
D7 0.20 0.34 2.24 0.18 0.73 1.09 -0.56 -0.89 -0.72 -1.38 -0.05 0.92 -0.09 -0.63 0.22 -0.09 -0.50 -0.61 0.11 -0.59 -0.21 -1.98 46,XY
D8 -0.33 0.07 0.13 -1.14 0.92 -0.01 -0.10 -0.23 -0.44 -0.06 0.87 0.01 -0.04 -0.27 -0.48 0.18 -0.35 0.45 0.20 0.61 -0.27 0.28 46,XX
D9 0.28 -0.25 -0.18 -3.14 0.02 -0.26 -1.79 -1.31 -1.80 -0.09 1.00 0.82 -0.41 0.60 0.57 -0.30 1.21 -0.89 0.58 0.39 6.43 0.76 47,XX,+21
D10 -0.04 -0.09 0.86 0.04 1.42 0.63 0.24 0.37 1.27 -0.78 0.94 -0.56 -0.40 -0.50 0.48 -0.49 -0.72 0.28 -0.36 -0.53 -0.82 -0.15 46,XY
D11 0.04 0.20 -0.90 -1.49 0.20 0.55 -1.89 0.04 0.09 0.85 1.17 -1.24 -0.35 -0.28 0.45 0.13 0.78 0.65 -0.43 0.99 0.81 0.75 46,XX

Karyotype

Karyotype

46,X,del(X)(p11.2)[23]/45,X[33]
46,XX,del(13)(q12.3q14.3)

Karyotype

Table S1: Aneuploidy test results of the between-sample comparison method (like Fan et
al.) for all chromosomes using the same data preparation as the within-sample method
(filtering and GC-correction). True positives are shown in green text, false positives are
red, true negatives are shown in normal black font while false negatives were not found.
Turquoise bold text marks results that are caused by a subchromosomal aberration thus
their results can be interpreted both as false positives as it is not truly an aneuploidy, as
well as true positives as they do correctly mark an aberrated chromosome. Samples with
purple results have 69 chromosomes hence their results can not be interpreted as truly
wrong or right as all chromosomes were expected to increase in relatively equal amounts.
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Sample Start Stop Mb Details

A1 1 202 221 19 3.1157 46,XX
5 30 58 28 -3.194
8 14 33 19 -3.215

16 37 54 17 -3.321
A3 46,XY
A5 13 35 94 59 5.4563 47,XY,+13
A7 46,XY
A9 18 24 74 50 5.2281 47,XY,+18
A11 5 102 116 14 3.5458 47,XY,+21

21 16 46 30 7.8657
A13 18 19 60 41 4.6227 47,XY,+18
A15 46,XX
A17 21 16 46 30 10.464 47,XY,+21
A19 46,XY
A21 46,XX
A23 46,XY
A25 13 24 99 75 6.3457 47,XY,+13

Sample Start Stop Mb Details
C1 45,X[47]/46,XX[4]
C2 45,X[5]/46,XX[25]
C3 45,X/46,XX
C4
C5 13 60 76 16 -3.233
C6 46,XX,i(18)(q10)
C7 46,XX,r(14)(p11.1q32)[26]
C8 4 106 120 14 3.1897 47,XXY
C9 47,XXY
C10 47,XXY
C12 22 26 38 12 3.9947 47,XY,+22
C13 12 48 59 11 3.6815 47,XY,+i(12)(p10)

12 72 83 11 3.6044
C14 47,XYY
C15 69,XXY
C16 69,XXY
C17 47,XXY
C18 22 23 46 23 5.2745 47,XY,+22
C19 46,XY,7p+[8]/46,XY[12]
C20 46,XY,t(4;10)(q27;p13)pat
C21 69,XXY/46,XX
C22 46,XY
C23 46,XY
C24 46,XY
C25 46,XY
C26 46,XX
C27 46,XX
C28 46,XX
C29 46,XX
C30 46,XX
C31 46,XX
C32 21 22 38 16 6.7125 47,XX,+21
C33 21 16 45 29 6.8928 47,XX,+21

Sample Start Stop Mb Details
D1 46,XX
D2 21 22 36 14 4.5088 47,XY,+21
D3 3 87 100 13 3.1691 47,XY,t(5;12)(q1?3;q24.1)+21

21 16 46 30 7.6283
D4 21 16 46 30 6.0141 47,XX,+21
D5 46,XX
D6 46,XY
D7 46,XY
D8 46,XX
D9 21 22 38 16 5.0634 47,XX,+21
D10 46,XY
D11 7 82 97 15 -3.932 46,XX

Chr AvgZ

Chr AvgZ

46,X,del(X)(p11.2)[23]/45,X[33]
46,XX,del(13)(q12.3q14.3)

Chr AvgZ

Table S2: Subchromosomal between-sample comparison (individual bin method version
based on the between sample comparison method as developed by Fan et al.) results using
1 Mb bin sizes and the same data preparation steps as the within-sample comparison
method (filtering and GC-correction). True positives are marked green, false positives are
marked red in the middle columns, false negatives are marked red in the Details column.
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Figure S3: Close up of a read tower area using IGV. The area shown here is part of
the read tower on chromosome 1, C28. The top figure shows the result after RETRO
filtering. The bottom figure is clipped. As shown, numerous reads that seem to have a
normal spread are kept while the extremely large stacks between them are removed.

Variable Default Description
Mismatches 1

Soap
Variable Default Description
v 0 Total allowed mismatches in one read, 0 = none.
r 0 How to report repeat hits, 0 = remove.

RETRO
Variable Default Description
W 4 Maximum base pairs distance between two adjacent reads to consider them part of a tower.
T 4 Minimum amount of reads within W distance of each other to consider it a tower and removing reads.

WISECONDOR
Variable Default Description
f 0.1 Smoothing span for LOWESS fit.
i 3 Iterations for LOWESS fit.
B 1Mb Bin sizes used for testing and reference tables. Binned data is saved to separate files.

100 Maximum amount of reference bins for each target bin, improves runtime at barely any quality cost.
10 Minimum amount of reference bins for each target bin to make calls.

Optional starting threshold for quality filtering of reference bins. High value for no effect.

2 Amount of cycles for reference bins quality cycles. Higher values result in higher quality requirements.
5 Maximum amount of testing cycles before calling deviating bins.

w 11
Robustness 1

2 Maximum gap between two adjacent deviating areas to consider them part of a single aberration.
10
0.5

Demultiplexing

Total allowed mismatches in tag sequence when demultiplexing data.

MaxRefBins
MinRefBins
T

D MaxInt
T

A

MaxRounds
Sliding window size, takes (w-1)/2 additional bins from each side of the tested bin for Stouffers z-score.
Amount of bins to remove from both the top and bottom of the window when using Stouffers z-score.

MaxBinSkip
MinLength Minimum size in bins of detected aberration before calling subchromosomal aberrations.
Ta Threshold on ratio of deviating bins on a chromosome to call anoploidy.

Table S3: Overview of all variables used in the pipeline for WISECONDOR, subdivided
per step in the script. As shown, numerous variables are required for classification and
finding optimal values for them requires a lot of testing.
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Figure S4: Plots of several LOWESS settings for GC-correction on sample C16. The
figures in the top show the original data in blue with the LOWESS fitted points in red.
The figures in the middle row show the corresponding results after using the LOWESS
fit to correct the data. GC-count per bin is shown on the x-axes while the read depth is
shown on the y-axis. Note the changed shape of the cloud of data points after correction
compared to the original data. The figures in the bottom row show heat maps of the
same sample, the left shows pre-GC-correction while the right plot shows the result of the
LOWESS correction using f = 0.1 and i = 3.
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Sample Change
A1 0.42 12.20 7.83 -4.37
A3 0.44 7.79 5.34 -2.45
A5 0.72 3.98 4.37 0.39
A7 0.64 4.21 4.32 0.11
A9 0.35 4.76 4.76 0.00
A11 0.35 5.81 5.16 -0.65
A13 0.71 4.32 4.35 0.03
A15 0.71 5.19 3.79 -1.40
A17 0.82 4.70 4.61 -0.09
A19 0.71 3.57 3.52 -0.05
A21 0.41 4.48 4.18 -0.30
A23 0.49 4.87 4.12 -0.75
A25 0.86 5.34 4.53 -0.81

Sample Change
C1 1.06 3.64 3.77 0.13
C2 1.00 5.34 3.61 -1.73
C3 0.46 4.72 4.28 -0.44
C4 0.36 5.33 4.68 -0.65
C5 0.18 7.54 5.93 -1.61
C6 0.31 5.75 4.87 -0.88
C7 0.74 7.18 3.84 -3.34
C8 0.50 9.65 6.94 -2.71
C9 0.39 7.07 4.26 -2.81
C10 0.58 7.71 4.11 -3.60
C12 0.37 6.58 4.56 -2.02
C13 0.39 4.79 4.80 0.01
C14 0.47 5.88 4.24 -1.64
C15 0.71 9.57 4.31 -5.26
C16 0.32 8.09 4.63 -3.46
C17 0.64 4.60 4.76 0.16
C18 0.41 6.52 4.53 -1.99
C19 0.23 6.64 4.98 -1.66
C20 0.39 4.93 4.51 -0.42
C21 0.60 11.53 4.96 -6.57
C22 0.06 6.08 6.23 0.15
C23 0.06 6.86 6.34 -0.52
C24 0.04 8.11 6.96 -1.15
C25 0.06 7.21 6.32 -0.89
C26 0.23 4.17 4.43 0.26
C27 0.35 4.37 4.05 -0.32
C28 0.22 4.28 4.51 0.23
C29 0.16 5.09 5.12 0.03
C30 0.23 4.53 4.80 0.27
C31 0.22 5.96 4.70 -1.26
C32 0.15 6.02 6.26 0.24
C33 0.36 6.39 4.81 -1.58

Sample Change
D1 0.60 4.97 4.21 -0.76
D2 0.50 15.93 4.85 -11.08
D3 0.57 4.62 4.67 0.05
D4 0.55 4.83 4.33 -0.50
D5 0.55 4.66 4.08 -0.58
D6 0.63 16.56 4.47 -12.09
D7 0.63 4.44 4.13 -0.31
D8 0.42 4.49 4.24 -0.25
D9 0.56 4.92 4.44 -0.48
D10 0.50 8.42 4.34 -4.08
D11 0.35 7.43 5.24 -2.19

Cov AvgASD AvgGCc

Cov AvgASD AvgGCc

Cov AvgASD AvgGCc

Table S4: Results of applying the LOWESS GC-correction to the data. The percentual
average standard deviation per bin before correction is shown per sample in the AvgASD
column, the results after GC-correction are shown in the AvgGCc columns, all values over
5 are shown in bold as we consider 5% a threshold for stable calls, based on the assumed
minimum of 10% fetal DNA in the samples. The last column shows the changes in these
values, a bold font marks samples where the GC-correction increased this value.
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1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22

A1 3.25 1.37 0.87 -0.21 -0.97 1.51 -0.24 -1.05 -1.38 0.18 -0.71 -0.33 0.08 -0.26 1.19 -2.70 1.12 -0.78 -4.56 -2.44 0.42 0.45 46,XX
A3 0.95 1.60 -0.76 -0.18 -1.33 0.49 -0.42 -1.42 0.09 0.72 -2.49 0.46 1.03 -0.38 2.61 -2.25 0.86 -0.52 -5.55 0.79 2.37 0.25 46,XY
A5 -1.23 -1.30 -0.43 -0.64 -0.08 -0.79 -1.09 0.06 0.49 -1.42 0.38 -0.72 22.22 -1.14 -0.36 1.12 -1.32 -1.16 -1.12 1.28 1.17 0.35 47,XY,+13
A7 0.07 0.25 0.99 -1.32 1.24 0.14 -0.08 1.12 0.40 1.56 0.20 -0.78 -0.38 -0.36 0.49 0.99 -1.47 1.36 -0.86 0.66 -0.12 0.36 46,XY
A9 0.03 -0.47 -1.10 -1.77 -1.43 -1.03 -0.20 -1.34 -1.29 0.98 -0.56 -0.69 0.09 -0.93 -0.04 -0.53 -0.36 16.36 -0.36 1.48 0.32 -0.56 47,XY,+18
A11 0.94 0.87 -1.20 0.11 2.18 -0.44 0.76 -0.56 -0.93 -2.01 2.59 0.01 -0.52 -1.79 0.29 -2.29 0.65 -1.31 -0.02 0.79 20.53 -0.31 47,XY,+21
A13 0.70 -1.25 1.13 -0.74 -0.83 -1.21 -1.93 -2.17 0.17 -0.46 -0.24 -0.74 0.83 -0.71 0.92 -2.34 -1.56 14.27 -1.84 -0.03 -0.29 1.11 47,XY,+18
A15 -1.68 -2.30 2.01 -0.05 0.95 -1.81 0.05 1.30 0.19 -1.83 1.42 -0.49 1.48 -1.20 -0.23 0.68 -0.74 1.37 0.38 2.21 2.52 -0.20 46,XX
A17 -0.69 -1.03 1.47 0.40 1.16 -1.59 -1.66 0.34 1.55 0.48 0.13 0.34 0.33 0.57 -0.16 -0.62 -1.81 0.47 -1.76 -0.13 35.56 -1.42 47,XY,+21
A19 0.71 -1.07 1.20 -1.07 0.36 0.72 -0.02 -0.58 0.41 -0.72 2.43 -1.46 3.06 1.41 0.01 -1.64 -2.53 0.02 -0.73 0.87 -0.18 0.17 46,XY
A21 0.20 -0.24 0.47 -0.46 0.60 -1.46 0.54 -1.18 0.96 -1.54 0.90 -0.69 0.37 -1.11 1.94 0.01 -0.57 2.10 0.21 2.25 0.49 2.16 46,XX
A23 -0.69 0.07 0.51 1.81 1.59 -0.22 0.83 1.19 0.97 -0.20 -0.61 2.48 -1.77 -0.81 -3.56 1.22 -2.48 -1.18 -0.33 -0.18 -0.30 -0.75 46,XY
A25 -1.25 -1.44 0.40 -1.41 -0.05 -1.16 -0.92 -0.71 0.32 -0.85 -0.16 0.04 29.30 0.65 0.63 1.32 -1.08 -0.04 -0.37 -0.57 0.35 0.27 47,XY,+13

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22
C1 1.49 -2.12 -0.47 0.21 -1.49 -2.69 -1.46 -0.36 0.97 0.16 1.08 -0.33 -0.21 -0.28 0.31 2.45 1.81 1.88 -0.19 2.54 -0.73 1.45 45,X[47]/46,XX[4]
C2 1.88 -1.81 -0.28 -2.08 0.55 -1.65 -1.99 -0.33 0.72 -0.14 0.98 -0.03 -0.49 -0.16 1.12 3.66 0.37 -0.76 4.20 3.07 -0.20 -0.24 45,X[5]/46,XX[25]
C3 -0.28 -1.11 0.40 -0.20 -1.54 -1.80 0.34 1.06 0.43 -0.14 -0.75 -0.29 0.26 0.33 0.19 1.54 0.17 0.54 -0.41 0.96 -0.34 0.36 45,X/46,XX
C4 -0.92 0.81 -1.17 -2.45 0.04 0.33 0.20 1.91 0.60 -1.21 1.92 1.07 0.22 3.84 -1.09 0.90 -1.08 -0.49 1.52 0.80 0.33 -0.24
C5 1.40 -0.64 0.24 -0.28 -0.61 1.45 -0.30 0.38 -0.10 1.82 0.30 0.62 -6.72 -0.91 0.00 2.51 0.35 0.05 0.55 0.64 -0.64 -0.30
C6 0.39 -1.34 -0.07 -0.86 -2.39 -0.20 -1.49 -0.95 -0.53 -2.85 -0.88 0.58 0.92 -0.76 0.10 0.61 0.40 5.60 0.87 1.83 -0.17 1.17 46,XX,i(18)(q10)
C7 -1.24 -0.26 -0.43 0.63 -0.87 -2.32 0.20 0.22 0.21 0.57 1.53 -1.34 0.33 -0.86 0.90 1.27 0.60 -0.41 1.80 -0.04 0.31 0.76 46,XX,r(14)(p11.1q32)[26]
C8 -3.58 -0.70 -0.56 3.88 2.03 1.35 1.67 2.81 -0.74 -0.56 -2.22 2.26 -2.31 -0.27 -2.63 0.96 -2.90 1.07 -0.78 -3.12 -1.87 1.40 47,XXY
C9 0.67 0.30 0.83 0.62 -0.32 -0.89 0.12 -1.03 -1.79 0.19 -0.48 -0.77 1.20 0.12 -0.34 -0.53 0.54 -0.73 -0.01 0.74 -0.70 -0.37 47,XXY
C10 2.89 0.29 2.09 2.38 -0.07 -1.38 1.02 0.74 -0.60 -1.96 -1.53 -1.11 1.33 -1.39 -1.52 0.72 0.44 -0.22 1.55 0.16 -0.64 0.41 47,XXY
C12 -0.34 -1.30 0.04 -1.18 0.80 -0.78 -1.29 0.74 0.40 0.77 0.17 0.03 1.21 1.43 0.12 -0.77 0.74 -0.72 -0.81 1.05 2.16 10.20 47,XY,+22
C13 -0.01 -0.33 -1.61 -1.28 -1.14 -1.69 -0.91 0.23 -0.43 0.46 1.50 9.43 0.65 -1.31 1.18 0.39 0.58 0.25 0.07 1.97 -0.33 0.62 47,XY,+i(12)(p10)
C14 -0.42 -1.60 0.74 1.55 -0.50 -0.78 -1.01 1.11 -0.06 -1.07 -0.07 -0.06 1.84 -0.76 -0.88 1.21 -0.94 2.47 -1.66 0.39 0.03 -0.30 47,XYY
C15 2.55 0.07 1.41 -2.90 0.77 -0.90 -0.40 -0.52 0.09 -1.43 2.34 0.70 -1.47 -1.58 -0.65 1.47 -0.54 -0.61 1.12 1.46 0.04 0.02 69,XXY
C16 -1.48 1.16 1.71 -0.07 0.30 -1.21 -0.50 0.95 2.76 -1.37 -0.77 -1.32 -1.05 -0.26 -0.32 -0.43 -1.28 -0.73 0.44 1.38 0.26 -2.29 69,XXY
C17 -0.02 0.00 1.42 -1.82 0.60 0.85 1.63 0.67 0.82 0.42 1.68 -0.23 -0.95 -0.01 -1.84 1.43 1.06 -0.60 2.62 2.11 -1.14 -1.69 47,XXY
C18 -1.06 -0.90 1.52 0.24 -1.77 0.01 1.60 0.10 -0.33 0.62 -1.31 -0.52 -0.80 -1.46 -0.06 1.55 -1.57 0.85 -0.13 1.18 1.58 17.73 47,XY,+22
C19 -0.47 -0.81 -1.18 -0.04 0.34 -0.56 -0.67 0.10 -0.57 -0.50 1.28 0.51 2.02 0.12 -0.83 -0.81 1.07 -0.01 1.42 1.74 1.41 -1.23 46,XY,7p+[8]/46,XY[12]
C20 -0.51 -0.43 -1.67 -0.95 -0.40 -0.50 -0.79 0.97 1.48 2.55 -0.29 -0.24 -0.11 0.46 1.07 2.19 2.39 0.10 1.02 2.49 1.92 0.65 46,XY,t(4;10)(q27;p13)pat
C21 2.40 -1.36 0.00 -2.55 0.74 -0.82 -1.86 1.12 0.35 -1.92 2.79 0.46 -0.57 -0.37 -1.06 2.93 1.56 -0.92 6.01 3.74 -1.86 0.47 69,XXY/46,XX
C22 0.12 -0.67 -0.64 -0.35 -0.39 0.78 0.56 0.68 0.35 0.66 -0.18 -1.65 2.04 -1.28 0.13 -0.09 -0.72 0.67 -0.65 0.54 -0.29 -1.42 46,XY
C23 0.23 -0.10 -0.41 0.16 -0.37 -0.37 -1.27 0.41 -0.32 0.67 0.21 -1.16 -0.67 -0.10 -0.18 0.87 -0.17 -0.68 -0.09 1.12 -0.59 -0.55 46,XY
C24 -0.40 0.09 -0.73 1.18 -0.31 -0.03 0.56 -0.26 1.92 -0.24 1.01 0.25 0.18 1.10 -0.85 0.67 0.40 -1.07 0.44 -0.72 -0.63 -0.46 46,XY
C25 1.12 1.03 -0.31 -0.15 -1.46 -1.03 -1.31 -0.24 0.73 0.63 -0.09 0.63 -2.12 -0.84 -0.27 -1.23 0.17 0.76 0.57 1.30 -1.38 1.67 46,XY
C26 -1.30 -0.20 -0.30 -0.93 1.05 1.08 0.01 0.33 0.86 -0.89 0.23 0.67 -0.59 -0.78 -1.02 2.67 -0.32 -1.16 1.19 0.55 0.44 -2.13 46,XX
C27 0.29 0.06 0.15 0.25 -0.96 0.38 -0.45 0.59 -0.60 0.34 -0.05 0.79 0.30 -0.53 0.61 1.17 0.52 0.93 1.94 0.62 -0.19 0.01 46,XX
C28 -0.15 0.65 -0.46 -2.62 -0.92 -1.55 -0.40 0.06 1.38 0.22 1.40 1.29 -0.29 -1.13 0.78 0.04 0.77 -0.52 1.87 0.12 -0.50 0.34 46,XX
C29 1.90 -0.34 -0.24 -1.69 -0.01 -1.94 -0.41 0.27 -1.33 0.61 -0.80 0.70 0.40 -0.43 1.24 2.77 0.88 -1.03 1.53 0.19 0.33 0.65 46,XX
C30 -1.99 -1.32 -0.52 -0.84 -1.22 -1.35 -1.30 -0.94 -1.37 0.90 -0.44 -1.62 -0.44 6.63 0.12 2.59 1.35 2.36 0.82 1.29 1.07 0.20 46,XX
C31 -1.36 -0.61 0.26 0.68 1.52 0.01 1.18 1.05 -1.83 -0.60 1.08 0.02 0.47 -0.55 -0.52 0.35 0.07 2.54 1.04 0.26 -0.95 -0.77 46,XX
C32 -0.80 1.08 -0.95 -1.53 -0.16 -1.36 -1.19 -0.03 -1.30 -1.00 0.80 2.28 -1.75 0.20 1.58 -0.58 0.03 -1.02 -0.60 1.42 11.63 0.30 47,XX,+21
C33 -0.95 0.89 -1.23 -1.69 -0.06 0.90 -0.80 0.65 -0.61 0.80 0.61 0.00 -0.39 -2.11 0.26 2.13 0.14 0.30 2.30 0.86 19.63 -0.97 47,XX,+21

1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22
D1 1.16 0.16 3.49 -0.14 0.37 0.62 -2.60 -1.55 0.13 1.54 2.77 -0.17 1.06 -1.10 -0.86 -2.56 -1.34 -0.62 -1.63 0.92 -1.45 -1.04 46,XX
D2 0.61 0.42 -0.03 -1.64 0.66 0.00 -2.50 0.24 -0.15 0.07 2.02 -0.71 0.17 -0.99 -1.39 1.86 0.70 -2.22 2.45 2.10 9.43 0.83 47,XY,+21
D3 2.45 0.14 2.95 -0.80 -0.54 0.08 -2.20 -0.49 -0.44 -0.08 0.35 0.41 -1.94 -1.48 -0.49 -0.61 1.10 -2.70 -1.96 -1.44 22.41 -0.48 47,XY,t(5;12)(q1?3;q24.1)+21
D4 -0.91 0.15 -0.33 -1.46 0.14 -1.63 -0.54 -0.38 0.74 0.99 0.57 0.96 -1.53 0.90 -0.49 0.81 1.21 -1.03 1.64 2.76 19.93 1.52 47,XX,+21
D5 -0.08 -1.41 2.58 -0.12 0.64 -1.71 -1.94 0.37 0.41 -1.19 0.06 -1.20 -0.64 0.61 0.86 1.98 1.75 -0.30 2.53 1.01 0.07 0.82 46,XX
D6 3.17 -1.09 1.12 -2.44 0.02 1.24 -0.86 -1.68 0.55 -1.69 1.28 0.16 1.12 0.80 1.17 0.51 2.03 -0.96 1.10 0.38 -0.55 0.77 46,XY
D7 1.33 0.99 2.68 -1.32 1.65 1.82 -1.59 -1.13 -0.25 -2.03 0.84 0.76 -0.94 -0.88 0.61 -0.82 -0.01 -0.41 0.06 1.11 -0.34 -2.40 46,XY
D8 -0.66 0.32 0.32 -1.55 1.85 -0.38 0.03 -0.03 -0.71 1.14 1.17 0.35 0.31 -1.02 -0.24 -0.89 0.46 0.58 0.74 1.76 -0.29 0.17 46,XX
D9 2.30 0.00 0.96 -5.11 -0.26 -1.21 -3.62 -1.58 -1.48 0.99 2.37 1.70 -0.57 0.33 2.78 -0.68 2.24 -1.41 1.12 1.80 12.36 1.54 47,XX,+21
D10 -0.24 -0.72 0.56 -0.18 2.36 1.19 0.23 0.98 1.56 -0.55 0.94 -0.61 -0.64 -0.74 -0.72 -0.77 -0.27 0.22 -2.18 -0.92 -1.62 -0.40 46,XY
D11 0.01 1.03 -1.43 -1.11 0.55 1.56 -1.88 0.51 0.42 2.34 1.55 -0.65 0.05 0.31 0.79 0.22 2.51 0.53 0.89 1.33 1.24 0.69 46,XX

Karyotype

Karyotype

46,X,del(X)(p11.2)[23]/45,X[33]
46,XX,del(13)(q12.3q14.3)

Karyotype

Table S5: Overview of test results when applying a chromosome wide Stouffer’s z-score
when using the within-sample comparison method. To increase robustness the top and
bottom 5% of the z-scores for each chromosome were ignored. All values deviating over 3
are shown in bold text. True positives are marked in green, false positives in red, true neg-
atives are black and false negatives were not found. Values shown in turquoise were cases
where the chromosome was not an aneuploidy but the sample did have an aberration on
that chromosome. Although this approach resulted in many false positives, chromosomes
13, 18, 21 and 22 were always identified correctly. Application of this script to iden-
tify aneuploidy cases for these chromosomes appears possible without further alterations.
We decided to look into alternative methods as we also wanted to call subchromosomal
aberrations as well as other aneuploidies.
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Sample Fetal Fraction (%)
A5 0.441 20.712 4.258
A6 0.128 8.506 3.010
A8 0.122 7.063 3.455
A10 0.116 4.466 5.195
A12 0.155 6.204 4.997
A13 0.528 14.037 7.523
A14 0.996 23.413 8.508
A17 0.673 14.240 9.452
A18 0.498 7.410 13.441
A19 1.135 15.905 14.272
A20 0.367 11.596 6.330
A24 0.782 20.431 7.655
A25 0.916 14.649 12.506
A26 0.629 12.274 10.249
Median 7.589

SRY ng HBB ng

Table S6: Overview of measured fetal DNA fractions. The even numbered samples shown
correspond to the samples that are part of set A in the paper.
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Noninvasive prenatal testing is a relatively new screening method for the de-
tection of fetal chromosome abnormalities using next-generation sequencing
(NGS) of fetal DNA in maternal blood. Recently, the introduction of a new
tool called WIthin SamplE COpy Number aberration DetectOR (WISECON-
DOR) marked a new era in prenatal screening. WISECONDOR detects copy
number aberrations at a resolution that is almost comparable to classic kary-
otyping and requires only shallow sequencing, making noninvasive prenatal
screening cost-effective. This emphasizes the role of NGS in the daily clin-
ical practice of prenatal diagnosis and will require reorganization of clinical
genetics laboratories to accommodate NGS. For prenatal diagnostics, WISEC-
ONDOR introduces an exciting development that will substantially improve
the information provided to pregnant couples regarding their fetus’s wellbe-
ing.

The use of chorionic villus sampling and amniocentesis for fetal chromosome analysis
provides reliable results but is associated with a risk for miscarriage and pain [1]. While
it has been known for years that maternal plasma contains fetal cell-free DNA [2, 3],
methods to use this source of fetal DNA have only recently become available due to
the development of next-generation sequencing (NGS) [4]. Today, several NGS-based
approaches are available to identify fetuses with chromosomal aberrations by sequencing
a maternal plasma sample [5]. This has drastically changed current prenatal diagnostics,
and consequently noninvasive prenatal testing (NIPT) already resulted in a substantial
decrease in the number of invasive prenatal procedures performed.

To keep costs of the noninvasive prenatal test in line with current practice, several
attempts have been made to adapt current NGS-based approaches to comply with low se-
quence coverage (number of sequence reads per genomic location). Until now, sequencing
variability across the genome and between samples complicated the accurate detection of
chromosomal abnormalities, especially for cases other than Down’s syndrome cases such as
trisomy 13 and 18 [6]. Recently, with the introduction of WIthin SamplE COpy Number
aberration DetectOR (WISECONDOR) [7], an improvement in the detection accuracy of
trisomy 13, 18 and 21 cases with low sequence coverage was realized. Moreover, WISEC-
ONDOR can detect such copy number changes without re-sequencing (normal) reference
samples with every run. Smaller unbalanced aberrations, such as segmental chromosome
deletions and duplications, could only be detected with deep sequencing [8]. With the
introduction of WISECONDOR, this can now be done using low sequence coverage. In
fact, WISECONDOR allows detection of chromosomal copy number changes at a reso-
lution comparable to the currently used microscopic chromosome analysis, but without
the risks. This can be done at nearly the same cost as chromosome analysis but in an
automated fashion and with less cytogenetic technicians. Together with growing evidence
that NIPT has significantly lower false-positive rates and higher positive predictive val-
ues for detection of trisomy 21 and 18 [9], the introduction of WISECONDOR matures
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NIPT with an important step. However, as with all NIPTs, WISECONDOR is done on
placental DNA, and therefore it is recommended to confirm any abnormality detected by
fetal chromosome analysis using an invasive test, preferably amniocentesis, as this test is
the best representation of the fetal genome.

WISECONDOR calculates whether the number of sequencing reads for a given ge-
nomic region is higher (amplification) or lower (deletion) compared to normal (diploid).
The breakthrough of the WISECONDOR method is the result of the use of a within-
sample NGS read frequency correction algorithm. First, the genome is split into fixed-size
regions, bins. The bins that behave alike in terms of NGS read frequencies over different
samples are used to create a reference bin set for each bin. Then, for each bin, the read
frequency can be corrected based on the statistics of its reference bin set in the same
sample. Chromosomal gains and losses are identified by detecting statistically aberrant
corrected read frequencies relative to the reference bin set in several adjacent bins. For
reliable reference sets, WISECONDOR requires that the reference samples should not
contain aberrations, while they should provide enough, and varied, information between
samples to learn how read frequencies for the different regions co-vary. This thus im-
plies that the set of reference samples should be large enough and show normal technical
variation in read frequencies.

WISECONDOR assigns a score to each bin (z-score): large positive scores represent
evidence for amplifications (duplications) and large negative scores for deletions. The
advantage of this approach is that WISECONDOR not only detects and plots significantly
aberrant chromosomal regions (z < −3, z > 3) but also plots the scores per region. This
allows geneticists to closely examine the aberrant chromosomal region. This is extremely
important for the detection of small aberrations (with little information from neighboring
bins) as well as helpful for long subtle aberrations caused by mosaicism and for samples
with a relatively small fetal DNA fraction.

Clearly, as read depth frequencies have strong natural fluctuations along the genome,
WISECONDOR can only make reliable calls for relatively large regions. For a cost-
effective read coverage of 0.5–1.0x, this implies that aberrations smaller than 20 Mb
cannot be reliably detected. However, with the rapidly decreasing costs for NGS, it is
anticipated that increased read coverage will soon be cost-effective, allowing the detection
of smaller sized copy number aberrations using WISECONDOR.

A possible limitation of WISECONDOR is that it assumes that the sample contains
sufficient fetal DNA to allow the identification of fetal chromosomal aberrations. There
is currently no reliable method to determine the fraction of fetal DNA: for male fetuses,
the fraction of the Y chromosome can be calculated based on the NGS data or using
quantitative PCR for the Sex Determining Region Y (SRY) gene. For female fetuses,
the ratio of fetal and maternal single-nucleotide polymorphism genotypes can be used
to determine the fetal fraction, but this requires much higher sequence depth. In our
experience, even qPCR for SRY is relatively imprecise. Consequently, additional methods
should be evaluated to accurately determine the fraction of fetal DNA in a maternal
plasma sample, such as using methylated markers [10]. An additional limitation is that
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aberrations in the sex chromosomes were ignored during the development of the current
version of WISECONDOR due to their low mappability.

An important consequence of WISECONDOR is that it also detects aberrations present
in the maternal (germline) DNA, which will result in extreme z-scores as the main part
of the DNA tested is maternal. Currently, WISECONDOR does not test the likelihood
that aberrations are fetal or maternal in origin, which requires the contribution of Medical
Geneticists’ to the analysis of WISECONDOR’s result. In our experience, WISECON-
DOR detects maternal aberrations in 1% of the samples requiring careful design of the
reporting protocols and counseling regarding the possibility of identifying maternal disease
including malignancies.

A more practical consequence of using WISECONDOR for prenatal screening, or NIPT
in general, is that it generates a large amount of data, even with low read coverage. Since
current practice requires long-term storage of diagnostic data, a flexible integration of
information technology within the clinical genetics environment is required. Data storage
in ‘the cloud’ could be a practical solution for this problem; however, the storage of
medical data at a third-party data center is currently not acceptable and a long-term
protection of privacy is required.

In conclusion, the introduction of WISECONDOR sets a new milestone in prenatal
diagnosis as it allows the detection of fetal chromosomal aberrations using fetal DNA
in maternal blood at a lower price and with a higher resolution than the NIPTs used
currently. The declining costs of NGS will allow a further increase in detection resolution
in the near future. The high resolution and low price will soon enable providing NIPT
to all pregnant women. As putative maternal medical conditions may be detected; an
ethical debate should be started on whether and how these should be reported is subject
to ethical debate. Institutions that decide to apply this technique will also need to solve
some practical issues including the acquisition and organization of the computational
infrastructure needed to analyze large data sets and the safe storage of the large amounts
of information obtained by this technique. Currently, many clinical genetics laboratories
in the Netherlands are already using WISECONDOR in their daily practice, and since
WISECONDOR is an open-source set of scripts, it is possible to integrate additional and
dedicated in-house analysis tools into it.

In the next 5 years, we expect NGS to provide higher resolutions at lower prices,
thus providing a replacement to prenatal chromosome analysis and become available as a
screening test for all pregnant women. This will require the medical geneticists and the
gynecologists to become familiar with this technique so they can provide accurate genetic
counseling that will help patients to make informed decisions. The increase in resolution
may identify both maternal and fetal aberrations that may not be always interpretable.
This will require an informed consent including ‘the right not to know’.
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To the Editor

Dr Bianchi and colleagues [1] described the incidental detection of occult maternal ma-
lignancies with noninvasive prenatal testing (NIPT). The authors evaluated 8 pregnant
women who received an abnormal NIPT result discordant with the actual fetal genotype.

Five of these women received an NIPT result with at least a monosomy for chromosome
18, and 1 received a result suggestive for monosomies of chromosomes 13, 18, and 21. For
routine NIPT, the authors used whole-genome massively parallel sequencing with targeted
analysis (Illumina). Overrepresentation or underrepresentation of chromosomes 13, 18,
21, X, and Y was evaluated by “. . . constructing a ratio between the normalized coverage
on each chromosome of interest and the sum of normalized coverage on a respective set of
reference chromosomes. . . ,” [1] with the number of reference chromosomes typically being
between 2 and 6 per target chromosome.

After the malignancies were reported to the laboratory, the data of the 8 cases were
analyzed genome-wide, revealing copy-number variants that affected multiple chromo-
somes. In their discussion, the authors stated that “the data presented here underscore
the necessity of performing a diagnostic procedure to determine the true fetal karyotype
whenever NIPT results reveal chromosome abnormalities” [1].

We agree with the authors that aberrant NIPT results should be confirmed, but we
think NIPT results suggestive for an autosomal monosomy should neither be reported to
the patient nor confirmed with invasively obtained fetal material without prior additional
data analysis because a fetal autosomal monosomy is unlikely. Moreover, for data anal-
ysis, the prenatal test used in the study relied on a small set of reference chromosomes
for each target chromosome; aberrations of the reference chromosomes might lead to in-
correct conclusions for the target chromosomes, such as shown in this study for reference
chromosome 8 and target chromosome 18.

Therefore, we suggest the use of algorithms that, instead of relying on only a few
reference chromosomes, rely on a broader panel of reference chromosomes or genomic
regions, such as the publicly available WISECONDOR algorithm [2–4] or the algorithm
described by Bayindir et al. [5].

These algorithms rely on regions across the genome as reference and produce genome-
wide results. They do not overcome the rare problem of detecting maternal aberrations,
but do provide immediate insight into the data before such data are reported to pregnant
women.
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Abstract

Purpose: Using genome wide non-invasive prenatal testing (NIPT) we detected a 20 Mb
specific deletion starting at 10q25 in eight pregnancies. The deletion could not be con-
firmed by invasive testing. Since all 10(q25→qter) deletions started close to the FRA10B
fragile site in 10q25, we aimed at investigating whether the pregnant women indeed were
carriers of FRA10B.
Methods: We performed NIPT analysis for all autosomes using single read sequencing.
Analysis was done with the WISECONDOR algorithm. Culture of blood lymphocytes
with bromodeoxyuridine (BrdU) was used to detect FRA10B expansions. FISH and array
analysis were used to find maternal and/or fetal deletions.
Results: We confirmed the presence of a FRA10B expansion in 4 out of 4 tested moth-
ers. FISH and array analysis confirmed the presence of a maternal mosaic deletion of
10(q25→qter).
Conclusions: The recurring 10(q25→qter) deletion detected with NIPT is a false positive
result caused by a maternal low-level mosaic deletion, associated with FRA10B expan-
sions. This has important consequences for clinical follow up, as invasive procedures are
unnecessary. Expanded maternal FRA10B repeats should be added to the growing group
of variants in the maternal genome that may cause false positive NIPT results.

Introduction

Non-invasive prenatal testing (NIPT) is now used worldwide for the detection of common
aneuploidies. With NIPT, cell free fetal DNA (cffDNA) in maternal plasma is analyzed.
Even though NIPT is a highly sensitive and specific screening test, false positive results
are sometimes obtained. Most false positive results can be explained by confined placental
mosaicism (CPM), since the primary source of fetal DNA in the maternal circulation is the
placental cytotrophoblast [1]. Other causes for false positive NIPT results are maternal
mosaicism [2], maternal CNVs [3], maternal cancer [4], or a vanishing twin [5].

We detected a ∼20 Mb deletion of 10(q25→qter) in eight independent samples tested.
During extensive follow up investigations, the detected loss on chromosome 10 was initially
not seen in fetal, maternal, nor placental tissue. The deletions showed strong similarities
in their breakpoint locations, while sample analyses were performed in three different
centers and at different points in time, thus ruling out run- and lab specific effects as a
cause. In an effort to explain these false positive NIPT results, it was noticed that the
proximal breakpoint of the deletion occurred at the location of FRA10B and we questioned
whether this fragile site could be involved in the apparent NIPT deletion.

Fragile sites are heritable specific chromosome loci that exhibit an increased frequency
of gaps, poor staining, constrictions or breaks when chromosomes are exposed to partial
DNA replication inhibition. They are classified as common or rare (<5% of the popu-
lation) and are further subdivided into different groups based on their specific induction
chemistry [6]. There are two known fragile sites for 10q25; FRA10B and FRA10E. The
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latter fragile site is a common fragile site and thus present in all (or nearly all) individuals.
FRA10B however, is a rare and non-folate sensitive fragile site. Although it classifies as
rare, the population frequency of cytogenetic expression of FRA10B still is ∼1/40 in the
Australian population [7]. FRA10B contains AT-rich (91%) repeats. Its expression is
associated with expansion of one or more repeats, showing an increase of up to several
kilobases of DNA [8, 9]. The expansion of the AT-rich inverted repeats may generate per-
turbation of DNA replication [10]. Furthermore, the expanded inverted AT-rich repeats
form hairpin structures that may contribute to their further expansion [9].

Materials and Methods

All samples were analysed as part of the Dutch TRIDENT study, which includes the
analysis of aberrations other than trisomy 21, 18 or 13 [11]. Bioinformatic analysis was
performed using WISECONDOR at default settings as described in [12]. Furthermore,
adaptations to WISECONDOR were made to pinpoint the affected area more precisely.
We increased the resolution by changing the bin size from 1 megabase to 250 kilobases.
Speed and precision were improved by replacing LOESS GC-correction with Principal
Component Analysis (PCA) where the PCA-transform was determined over the reference
sample set. After mapping data to the PCA dimensions (using the first 3 components),
the original data was reconstructed and the difference between this reconstruction and
the actual signal was taken as the read depth input per bin for WISECONDOR. The win-
dowed z-score approach was replaced by a segmentation algorithm that focusses on finding
the strongest Stouffers z-scores over all possible windows per chromosome, allowing opti-
mization of the call down to single bins. As these changes increase the amount of tests per
sample, the z-score threshold for significant aberrations had to increase as well. Instead
of the usual threshold of 3, the script determined the required z-score to be 4.8 for our
purposes. The new script is available from https://github.com/VUmcCGP/wisecondor.

Maternal lymphocytes were grown in RPMI medium, with or without adding 2µM
BrdU for 24 hours. Fluorescence in situ hybridization (FISH) was performed with a
probe for 10qter (GS-261-B16) and a control probe for region 10pter (GS-23-B11). FISH
analysis of approximately 400 interphase nuclei was performed. Array-CGH analysis was
performed using the 180K Human CGH oligonucleotide microarray (Agilent Technologies,
Santa Clara, CA) with whole genome coverage and an overall median probe spacing of 13
kb according to standard methods.

Results

The original WISECONDOR results of the eight 10(q25→ter) deletions are shown in
Figure 1a. The enhanced NIPT pipeline was subsequently used for the three samples
that were processed at VUmc (samples VUMC 1, AMC 1 and 2). This high resolu-
tion analysis defined the start of the deletions as between bp position 112,750,000 and
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Z-score versus chromosomal position
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Z-score versus chromosomal position
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Figure 1: NIPT results showing a deletion starting in 10q25 in eight pregnancies. a: Initial
WISECONDOR output. Data for each sample was analyzed using reference data for the
center the sample was processed at. Samples are numbered for each center. b: Plots
showing the results of the enhanced WISECONDOR method applied to three samples
with the 10q25.2 deletion. The vertical axis shows z-scores for every bin shown on the
x-axis. Numbers within the figures show the z-score of the called region. A chromosomal
idiogram is visualized at the bottom of each plot. In all samples the deletion starts at
10q25.2, the locus containing the FRA10B site (between 113,001,547 and 113,001,987).
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113,250,000 (GRCh37, Figure 1b). Individual start points of the deletions are: VUMC 1
between 113,250,000 and 135,000,000, effect size -3.07%, AMC 1 between 113,000,000 and
135,000,000, effect size -4.54%, AMC 2 between 112,750,000 and 135,250,000, effect size
-4.39%. The effect size is the change in read depth compared to the expected amount of
reads, as determined by WISECONDOR.

Culture of maternal blood lymphocytes with BrdU to induce a possible FRA10B fragile
site, showed indeed a fragile site on one of the chromosomes 10 in 4 out of 4 cases tested
(AMC 1, AMC 2, EMC 1 and EMC 2) in up to 60% of the metaphases (Figure 2a).
In 30 analyzed metaphases, we did not detect metaphases with an apparent deletion of
10(q25→ter). When cultured according to standard procedures without BrdU, this fragile
site was not expressed in blood lymphocytes.

Additional FISH analysis on interphase nuclei of maternal blood lymphocytes cultured
with BrdU in 2 cases (AMC 1 and 2), showed a loss of signal for the 10q telomere, but not
the 1p telomere in 2-4% of the cells (approximately 400 nuclei, data not shown). These
FISH results suggested that carriers of FRA10B may exhibit low-level mosaicism for a
10q terminal deletion. In depth array-CGH analysis of one case (AMC 1) confirmed this
finding (Figure 2b). As FRA10B is not associated with any clinical phenotype, we have
not tested the carrier status of the fetuses after birth.

Discussion

Aberrations found by NIPT are not always of fetal origin, resulting in false positive
NIPT reports. Known examples of confounding factors are confined placental mosaics,
maternal CNVs and maternal malignancies. Knowledge of these factors are essential in
proper NIPT analysis and counseling. We here describe an additional biological cause
for discordant NIPT results. We tested and confirmed FRA10B expansions in 4 mothers
where NIPT showed a 10q25 to telomere deletion. FISH and array analysis showed the
presence of a maternal low mosaic 10(q25→ter) deletion, probably as a consequence of the
expanded fragile site. As approximately 90% of the cell free DNA tested during NIPT is
maternal, this low maternal mosaic can be detected during NIPT analysis. Assuming the
occurrence rate for FRA10B is 2.5% as stated in previous work, the odds of finding 4 out
of 4 individuals with FRA10B at random is ∼3.9e-7, making our observation statistically
significant.

A debate is going on whether NIPT should be targeted to trisomy 21, 18 and 13
alone, or that it should be used as a genome wide screening to detect other chromosomal
anomalies as well. Although the clear benefit of genome wide testing is that more severe
fetal anomalies will be detected [13], one of the arguments against is that it will result in
more false positive results and therefore in more invasive follow up tests. However, many
of these false positive results can easily be identified and explained without the need for
invasive follow up testing. In the case of maternal CNVs causing false positive results,
we have argued that using proper bioinformatical tools, it is easy to distinguish maternal
CNVs from fetal trisomies [14]. The same is true for maternal malignancies. We here
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Figure 2: FRA10B expansions and mosaic maternal deletions. a: GTG banding of chro-
mosome 10, after culture of blood lymphocytes in medium with BrdU to induce BrdU-
sensitive fragile sites. The fragile site at 10q25 is indicated by an arrow. b: array-
CGH analysis of chromosome 10 of one of the mothers shows a low grade mosaic loss of
10q25→qter (breakpoint indicated by an arrow). The log ratio of this deleted region is
minus 0.083.
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show another example of a relatively common cause of false positive results that does not
warrant follow up by invasive testing. If a deletion starting at FRA10B is found it is highly
likely that it is caused by a maternal mosaic deletion associated with a repeat expansion
at this fragile site. This can be confirmed by maternal testing if preferred, although there
is no known phenotype linked to this fragile site, even in homozygous cariers.

Altogether, this finding increases the reliability and health benefits obtained through
NIPT. It also proves that classical cytogenetic knowledge is still very important for proper
interpretation of NIPT results, as the last scientific papers on FRA10B date from 1998
[8].
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Abstract

Objective: While large fetal copy number aberrations can generally be detected through
sequencing of DNA in maternal blood, the reliability of tests depends on the fraction of
DNA that originates from the fetus. Existing methods to determine this fetal fraction re-
quire additional work or are limited to male fetuses. We aimed to create a sex-independent
approach without additional work.
Methods: DNA fragments used for noninvasive prenatal testing are cut only by natural
processes; thus, influences on cutting by the packaging of DNA in nucleosomes will be
preserved in sequencing. As cuts are expected to be made preferentially in linker regions,
the shorter fetal fragments should be enriched for reads starting in nucleosome covered
positions.
Results: We generated genome-wide nucleosome profiles based on single end sequencing
of cell-free DNA. We found a difference between DNA digestion of fetal cell-free DNA and
maternal cell-free DNA and used this to calculate the fraction of fetal DNA in maternal
plasma for both male and female fetuses.
Conclusion: Our method facilitates cost-effective noninvasive prenatal testing, as the
fetal DNA fraction can be estimated without the need for expensive paired-end sequencing
or additional tests.

The methodology is implemented as a tool, which we called SANEFALCON (Single
reAds Nucleosome-basEd FetAL fraCtiON). It is available for academic and non-profit
purposes under Creative Commons Attribution-NonCommercial-ShareAlike 4.0 Interna-
tional Public License. github.com/rstraver/sanefalcon.

Introduction

Low-coverage next generation sequencing (NGS) data are used for noninvasive prenatal
testing (NIPT), avoiding the 2-3 : 100 [1–3] chance for miscarriage introduced by invasive
sampling. Although previous work has shown this is a reliable method for screening [4–8],
its reliability depends heavily on the assumption that there is enough fetal DNA in the
sample tested [9, 10]. The determination of the fetal fraction can either be done with a
separate test, such as a quantitative PCR, or directly from the sequencing data. The latter
method is preferred, as it directly reflects the fetal fraction in the data that are also used
to determine fetal aneuploidy. In contrast, a separate test will not detect loss of fetal frac-
tion during stages of laboratory work-up for NGS (such as library preparation). In case
of a male fetus, fetal fraction determination can be performed based on Y-chromosomal
sequences. Several algorithms have been described [11, 12], including the freely available
DEFRAG algorithm (https://github.com/rstraver/wisecondor/blob/master/defrag.py).
Several approaches to determine fetal fraction for all pregnancies (male and female fetuses)
have been described. One method uses differences in C-methylation between maternal
and fetal DNA [13], but the additional laboratory work required makes this option rather
unattractive for routine diagnostic purposes. Additionally, such approaches require split-
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ting the sample in two, one part for the actual NGS analysis and another for determining
the C-methylation, thus introducing a possible difference in fetal fraction between the
two subsamples at the end of the analysis. Another option is to use differences in sin-
gle nucleotide polymorphisms (SNPs) to distinguish between fetal and maternal DNA.
This can be performed if the method for trisomy detection is based on SNPs [14]. The
fetal fraction can also be determined from the distribution of reads containing SNPs [15],
but the requirement of an extremely high-coverage per sample makes this approach too
expensive for daily diagnostic routines.

Another promising way to obtain an indication of the fetal fraction is to use paired-
end data. Fetal DNA consists of shorter fragments than maternal DNA [16]. Yu et al.
recently showed a correlation between insert sizes and fetal fraction when using paired-
end sequencing [17]. Although this appears to be a useful solution, the increased cost
and turn-around time of paired-end sequencing limit its clinical implementation as a
routine procedure. The correlation with the fetal fraction was suspected to be caused by
nucleosomes as the insert sizes of maternal DNA appear to concentrate around the length
of a nucleosome with some linker DNA still attached (167 bp), while fetal DNA seems to
be biased toward lengths smaller than and up to the length of nucleosomes (147 bp [18]).
However, no laboratory experiments were performed to prove this. As these approaches
have not been compared with the same set of samples, it is currently not possible to define
which method works best.

We hypothesized that if the differences between maternal and fetal DNA fragment
sizes are caused by differential nucleosomal packaging of the DNA during apoptosis, or by
differences in the strength of nucleosome binding, we should be able to find a correlation
between the fetal fraction and the positioning of read fragments around the nucleosomes.
To confirm this hypothesis, we developed a method that takes this principle into account
by determining the distribution of reads with respect to nucleosome positions.

Cell-free DNA (cfDNA) in maternal plasma is already digested into small fragments
by natural processes. Because of the size of these fragments, no additional shearing is
required before sequencing. Thus, sequencing reads obtained from these fragments all
start at positions where they were cut by natural processes. Enzymes that cut the DNA
into smaller fragments can easily make cuts in between nucleosomes, in the areas described
as linker DNA (Figure 1a). The DNA that is wound around a nucleosome is harder to
reach and left uncut. Therefore, DNA fragments with nucleosomes still attached are
protected from these cutting processes until they are unwound (Figure 1b). Hence, longer
DNA fragments are expected to start further upstream from nucleosomes (Figure 1c).
As a result, the distribution in read start positions will change if the relative amount of
large read fragments changes with respect to the amount of short fragments (Figure 1d).
To detect nucleosome positions, we combine several low coverage samples into a single
high-coverage dataset (Figure 1e). By looking for high and low concentrations of reads
in small areas, we can determine where nucleosomes are positioned in our samples. For a
single sample, we aligned all nucleosomes on top of each other to obtain a single artificial
nucleosome with high coverage (Figure 1f). This artificial nucleosome then provides us
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insight in the distribution of DNA fragment degradation (Figure 1g) and can be used to
determine the fraction of fetal DNA and maternal DNA in cell-free maternal plasma.

Methods

Data

DNA was isolated using a Qiasymphony (Qiagen, Hilden, Germany) from a total of 398
blood plasma samples taken from pregnant women, most of them with a gestational
age of 12-15 weeks. With 5500 SOLiD™ Fragment Library kit (LifeTech PN 4464413,
Carlsbad, CA, USA) and TruSeq adapters (Illumina FC-121-4001 and FC-121-4002, San
Diego, CA, USA), NGS libraries were made using a Biomek FX robot (Beckman Coulter,
Pasadena, CA, USA). Eight NGS libraries were pooled per rapid flow cell lane of the
HiSeq2500 (Illumina). Samples were split over several runs obtained over a period of 12
months. This way we captured variations that occur in daily practice. We obtained 8-16
million 51 bp single end reads per sample. Sequence data were demultiplexed allowing one
mismatch in the sequence tag, then mapped to Hg19 using bwa, allowing zero mismatches
and removing any read that had multiple mappable positions. Pregnancies of 153 male
fetuses were used to determine a fetal fraction reference using the fraction of reads mapped
to chromosome Y.

Generating nucleosome start position profiles

To obtain nucleosome positioning for our data type, we combined (RETRO filtered,
WISECONDOR [19] in the Supporting Information) reads from all samples into a single
meta-sample. For all reads, we only took the start position into account. Reverse-mapped
reads had their start position adjusted for their length by adding their length minus one
base pair to their first position on the genome. This was carried out as the BAM file
format reports the first base pair position of every read on the reference genome rather
than the first position of the read sequence, creating an offset in positions if not accounted
for. Every base pair in the reference sequence received a score describing the likeliness
of this base pair position being the center of a nucleosome. This score is calculated as
the average amount of read start positions in 20 bp left and right of the center 147 bp
area around the targeted base pair, divided by the average read start count for the 147
bp center area. Formally,

s(x) =

∑−74
i=−93 (RP (x+ i))/20 +

∑93
i=74 (RP (x+ i))/20∑73

i=−73 (RP (x+ i))/147
(1)

where s(x) is the nucleosome center score for base pair position x and RP (y) the number
of reads starting at position y.
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Figure 1: Overview of the principle of our approach: nucleosome-dependent differences in
degradation of maternal and fetal DNA lead to different start sites of sequence reads. (a)
Simplified visualization of DNA wound around nucleosomes with three examples of cut
positions (green scissors means able to cut in this view while yellow scissors indicate that
cutting is protected by the histone complex). (b) Later during degradation, the fragment
may either still be protected by a nucleosome (left, yellow scissors), or it may be unwound,
allowing it to be cut at the previously inaccessible position (now indicated by red scissors.
(c) Theoretical distribution of reads around a nucleosome. Colors correspond to scissor
colors in panels (a) and (b). The solid lines depict reads while dotted lines represent the
unsequenced parts of these DNA fragments. (d) Idealized read start frequency distribution
for reads upstream of the nucleosome center, overstating the difference in positions where
cuts were made. (e) Combining several low coverage samples (top) reveals a genome-wide
repetitive pattern (bottom) that matches in size and frequency to nucleosome and linker
DNA positions. (f) Aligning all nucleosome positions to a single aligned nucleosome. (g)
Read start positions in the aligned nucleosome (left) show the aligned nucleosome profile
(right), which can then be used to determine differences in read distributions related to
fetal fractions: Blue shows a sample with a low fetal fraction; red shows a sample with a
higher fetal fraction.
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The algorithm saves the maximum value from the set of scored base pair positions
(across the whole genome) and ignores all scores 147 bp left and right of this position fur-
ther on to exclude possibly overlapping nucleosome calls. Picking the maximum-scored
base pair is repeatedly carried out until no position scores higher than 1 remain. Pseu-
docode for these steps is shown in Algorithm S1. For further analysis, we removed any
nucleosome call that had a lower average count of reads in either 20 bp side regions than
the center 147 bp region. This ensures we only take calls into account that were indeed
likely nucleosome centers rather than slopes or randomly occurring peaks.

Aligned nucleosome profile per sample

Detected nucleosome positions were aligned onto each other at their centers. We deter-
mined the number of reads that started at any position within 147 base pairs upstream
and downstream in respect to nucleosome positions. Pseudocode for this process is shown
in Algorithm S2.

Leave set out training

To remove overfitting on the training data (Figure S1), we built an artificial nucleosome
per training sample based on a nucleosome position reference track that was built without
that specific training sample. For example, to obtain an aligned nucleosome profile for
training sample A, we could use all training samples except for sample A itself to obtain
a nucleosome track, then use this track to obtain a nucleosome profile for sample A. The
nucleosome profile per sample can then be used to determine the correlations per base
pair with the chromosome Y-based fetal fraction that is used when calculating the fetal
fraction per sample. For the test samples, the reference nucleosome track is built from all
training samples together.

To make sure we do not provide any run specific kind of information to our nucleosome
track during training, we also removed all samples from the run the training sample
originated from when creating the reference nucleosome track. To reduce sample size
variation per run, we combined actual sequencing runs into 12 run sets with close to 25
samples each. This resulted in creating 12 nucleosome tracks, one per run set, where every
run set gets a reference nucleosome track (based on 11 run sets) for which its own samples
were not used to determine nucleosome positions. An overview of this procedure is shown
in Figure S2, and the pseudocode for this process is shown in Algorithm S3. Next, the
nucleosome tracks per training sample are used to calculate the correlation per base pair
position with the fetal fraction determined on the Y chromosome. This is outlined in
Algorithm S4. The fetal fraction for a test sample is then determined by adding the read
start frequencies per base pair after weighting them by their respective correlation score.
Pseudocode for this is shown in Algorithm S5.
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Table 1: Overview of the number of samples used, split by fetal sex and analysis group.

XX XY Total
Training 147 151 298
Test 39 59 98
Paired-End 11 10 21

Ethical background

This study describes the development of a new software tool to predict fetal fraction.
Although NIPT data were used retrospectively to develop and validate the tool, no in-
dividual reports were issued. Furthermore, the outcome of the tool (prediction of fetal
fraction) has no relation at all with clinical outcome of the mother or the fetus; it will
only support the reliability of the outcome of the NIPT analysis. For that reason, no
approval of a medical ethical committee was required.

Results

Extracted nucleosome positions match nucleosome characteristics

We combined a training set of 298 low-coverage single end (51 bp) read samples (Illumina
HiSeq2500) of cfDNA extracted from pregnant women (Table 1) into a single set of reads
(see Section on Methods). The smoothed read start signal (blue) shows small regions
where reads are more or less concentrated compared with adjacent regions. The peak
pattern closely matches the sizes of nucleosomes and linker DNA, which respectively are
147 and 2-80 bp, with a mean of 20 bp (Figure S3). By applying a nucleosome filter over
read start positions, we inferred the most likely nucleosome positioning over the entire
genome in this dataset (see Section on Methods). Figure 2a shows the results of our
approach on a 2000 bp region (nucleosome score per bp shown in red). Local maxima
are considered to be the nucleosome centers (black lines in Figure 2a). The total number
of nucleosomes found was 13 521 603, of which 13 429 874 were left after filtering. We
also calculated dinucleotide patterns in the sequence of the observed nucleosome positions
aligned on their centers, shown in Figure 2b. These dinucleotide frequencies in both the
nucleosome core and the linker regions are in concordance with what is known from earlier
studies [20, 21].

Aligned nucleosome profile reflects DNA-degradation process

For every sample, reads over all autosomal chromosomes were combined into an aligned
nucleosome profile by aligning their start positions to the nearest downstream nucleosome
center position and summing together all relative position frequencies over all nucleosomes
(Figure 2c). As discussed before, cfDNA was not sheared before sequencing; therefore,
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Figure 2: (a) The red line shows the nucleosome positioning scores as determined by the
nucleosome filter for a 2000 bp area on chromosome 21. The blue line shows the smoothed
read start position count. Black vertical lines show likely nucleosome centers with their
respective covered regions (147 bp) in gray. Note that the distance between any two
nucleosome centers matches that of the combined nucleosome size (147 bp) and linker
DNA length (2-80 bp). (b) Occurrences of dinucleotides found in the reference genome
around detected nucleosome positions. Values are relative to their expected values as
obtained by counting occurrences over the whole genome. This shows clear preferences
for certain dinucleotides at the start and end of the nucleosomes, as well as in the center
area. (c) Read start profile across aligned nucleosome centers for all training samples
combined. All autosomal chromosome nucleosome positions have been combined to create
a single nucleosome profile per strand. The reverse strand (red) was mirrored to show the
similarity in read start behavior between the two strands. A cutout shows a zoomed-in
region to visualize the very small differences between the two strands. The linker DNA
is clearly identifiable by the increased amount of read starts in the regions just over 73
bp upstream and downstream of the nucleosome center. (d) Read start correlation profile
using all male pregnancy training samples, showing the correlation between the frequency
of reads starting at any position in the aligned nucleosome profile and the chromosome
Y-based reference values.
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the read start distribution profile reflects the degradation process of cfDNA. As shown,
there is a high concentration of read starts in linker DNA regions compared with the
nucleosome covered center. Furthermore, the pattern of the linker DNA on both ends is
almost the same; there is a decrease in coverage of read starts in the middle of the linker
DNA, and read starts in the nucleosome covered region decrease in coverage from its start
toward the center.

Nucleosome-based fetal fraction correlated with reference-based
fetal fraction

We determined the fetal DNA fraction for every male pregnancy sample (153 out of
298) in our training set by dividing the amount of reads mapped to chromosome Y by
the total amount of reads mapped to autosomal chromosomes. By relating the Y-based
reference fetal fraction and aligned nucleosome profile per sample, we can deduce the
correlation between the frequency of reads starting at any base pair position relative
to the nucleosome center and the corresponding fetal fraction for that sample (Figure
2d). This shows that the frequency of reads starting within the nucleosome is positively
correlated to the fetal fraction. Reads starting outside of the nucleosome covered regions
are negatively correlated to the fetal fraction and thus considered mostly maternal. Hence,
fetal DNA start positions are enriched in nucleosome covered areas (any position within
the region marked by 73 bp upstream and downstream of the nucleosome center), while
maternal DNA is enriched in the expected linker region and beyond (any position outside
the 73 bp upstream and downstream region in Figure 2d). The increased correlation near
147 bp upstream and downstream (Figure 2d) was expected, as these regions overlap
strongly with neighboring nucleosomes (linker DNA is known to vary between 2 and 80
bp, but averages at about 20 bp in length).

Predicting fetal fraction

To predict the fetal fraction, we calculated a weighted sum of read start positions over
the aligned nucleosome profile per sample using the correlations scores as weights (see
Section on Methods). This prediction correlates strongly (Pearson correlation: 0.636,
p-value 1.61e-18, 151 training samples) with the fraction of reads on chromosome Y, as
shown in Figure 3a. When the weighted sum is applied to the independent test set, this
correlation stays nearly unchanged (Pearson correlation: 0.654, p-value 1.86e-08, 59 test
samples).

To see if male fetus samples behave differently from female fetus samples in our
method, we tested for changes in the distribution of the predicted fetal fraction. We
used 147 female pregnancy samples in our training set and 39 in our test set. While male
pregnancy training samples were used for both the nucleosome detection and determining
the weights of the predictor, female pregnancy training samples were only used for nu-
cleosome detection. As shown in Figure 3b, both groups have nearly the same estimated
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Figure 3: (a) Nucleosome-based prediction of fetal fraction versus chromosome Y-based
prediction of fetal fraction for both training (blue) and test (red and yellow) samples of
XY pregnancies. Red dots mark test samples from a single run. (b) Boxplots of the
nucleosome-based fetal fraction prediction for both training and test data, separated per
fetal sex. Additional information on the accuracy of our method can be found in Table
S1 The correlation between predicted fetal fractions (weighted sum) and fractions based
on chromosome Y was negatively influenced by inter-run variations. Runs with sufficient
male pregnancies to determine a correlation per run had a higher correlation between
these approaches (e.g. a correlation of 0.851 and p-value 3.16e-02 over six samples from
a single run, as marked red in Figure 3a).
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fetal fraction distribution as their male pregnancy counterparts. These nonsignificant
variations are more likely caused by variable fetal fractions than by a systematic error in
our model.

Fragment start position correlates strongly with fragment sizes

To compare our method with the fragment size-based method using paired-end sequencing
by Yu et al. [17], we tested for correlations between the read start frequency per base
pair in the aligned nucleosome profile and the fragment size frequencies in an additional
21 samples subjected to paired-end sequencing (Table 1). As shown in Figure 4, reads
starting near the end of a nucleosome up to the start of linker DNA (147-93 bp upstream
or 50-93 bp downstream) are strongly correlated to read pairs with fragment sizes over 175
bp (denoted by A in Figure 4), while fragment sizes between 30 and 160 bp are strongly
correlated with reads starting in the first half of nucleosomes (73-0 bp upstream, denoted
by B in Figure 4).

Discussion

We have demonstrated that a putative genome-wide nucleosome profile can be deduced
from the read-start positions when sequencing cfDNA. Based on these profiles, we have
been able to infer an estimation of the fetal fraction per sample using low coverage single
end read data. At the heart of our approach lies the idea that cfDNA is cut in small
pieces and that these cut positions are preferably located in DNA that is not tightly
bound to nucleosomes. If fetal DNA is degraded more extensively than maternal DNA, it
is expected to have less nucleosomes still attached. Consequently, more cuts in DNA loci
normally bound by nucleosomes will be observed in fetal cfDNA compared with maternal
cfDNA.

The success of our method depends on an accurate in silico detection of nucleosome
positions along the genome. We built such a nucleosome track from cfDNA sequencing
data, making use of read start positions acquired over many different samples. This results
in a recognizable genome-wide nucleosome track, as shown by dinucleotide distributions in
Figure 2b. It should be noted that no golden standard is available for such a nucleosome
track, so formally, we cannot prove that our track represents actual nucleosomes, despite
fulfilling many criteria such as periodicity, linker length and dinucleotide distribution.
Existing work on determining nucleosome positioning is often based on a high-coverage
single sample of a specific cell type after additional lab work to obtain nucleosome-focussed
fragments [20–23]. Alternatively, nucleosome tracks are predictions from a model that is
based on other species such as yeast and then applied to the human reference genome [24].
These models do show strong overlap with true nucleosome positioning but have shown
not to provide useful information for our approach as the obtained correlations are too
weak for our model (Figure S4). Consequently, it is important to extract the nucleosome
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Figure 4: Correlation per base pair of the aligned nucleosome profile with different frag-
ment sizes in paired-end data. As clearly visible, larger insert sizes correlate to the regions
around the nucleosome positions (marked A), while the first half of the nucleosome cov-
ered area (73 upstream to 0 center, marked B) correlates strongly with fragment sizes
up to 150 bp. The positive correlation between fragment sizes over 175 and nucleosome
position 50-90 bp downstream (marked C) match expectations of cutting behavior when
a DNA fragment contains two nucleosomes This finding further suggests that maternal
DNA consists of larger fragments that span over linker DNA while fetal fragments are
digested downstream, past the start of nucleosome covered positions. When we applied
our (trained) nucleosome correlation profile to estimate the fetal fraction per (paired-end)
sample, this resulted in a correlation of 0.891 (p-value 6.00e-08) with the fragment size
method as described by Yu et al. [17].
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track from cfDNA and probably under the same sequencing conditions, as we already
observed run-dependent effects (Figure 3a).

Considering the distributions of the aligned nucleosomes, we hypothesized that fetal
DNA fragments are either further digested or have a different nucleosome positioning.
Reasons for the different digestion can be either different processes working on the fetal
DNA or the same digestion process advanced to a later state before a blood sample is
taken for analysis (Figures 1a and b). An important reason to believe the differences we
found are caused by the more advanced state of DNA degradation can be derived from
the correlation plots shown in Figures 2d and 4. Close observation of Figure 2 shows that
there is already a negative correlation with the chromosome Y-based fetal fraction from
roughly 50 bp downstream onwards, which indicates enrichment of maternal DNA. This
is counter intuitive because of the starting positions of these fragments are still inside
the (protected) nucleosome. Assuming that the downstream fragment ends that are not
sequenced because of the single-end sequencing are cut in linker DNA, short fragments
would start between 49 bp downstream and the end of the nucleosome. However, reads
from fragments smaller than 51 bp include partial adapter sequences and thus become
unmappable (we did not trim adapters from the sequenced reads). Inspecting Figure 4
shows that this region is positively correlated with large fragment sizes, see area denoted
by C. Consequently, reads that start at this position actually belong to large fragments
covering the next nucleosome and thus are preferentially maternal, causing correlation
with maternal DNA instead of fetal DNA, explaining the observed negative correlation
in Figure 2. This supports the theory of a relatively more advanced digestion process for
fetal DNA compared with maternal DNA.

Although our method does require a large amount of data for the training phase (we
used 298 samples), any additional sample to be tested can be sequenced at relatively low
costs compared with other methods as no additional laboratory tests are needed: The
algorithm works using low-coverage data and was tested on single end 51 bp reads. As
the method is independent of read length, shorter (or longer) reads can be used as long as
reliable mapping is assured. However, although 298 samples is a lot for setting up these
tests, we deem this number rather small for our approach. Considering the coverage of
the combined samples is still close to zero when only considering read start positions,
the nucleosome position detection reliability could be drastically improved by increas-
ing the amount of training data. Additionally, the correlation found between the read
frequency anywhere in the nucleosome profile and the fetal fraction as obtained from chro-
mosome Y could be improved by adding more data with their respective fetal fractions.
Currently, there is no golden standard for determining the fetal fraction during NIPT
analysis. We compared our method to methods based on the presence of chromosome
Y in male pregnancies and to the size-based method using paired-end sequencing. Our
results demonstrate that our new method is as reliable as the other two methods, but
has the benefit that it works independent of fetal sex, and that no expensive paired-end
sequencing is needed.
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Conclusion

We have developed a reliable method to create a genome-wide nucleosome profile from
cfDNA and a method to determine the fetal fraction for any sample without requiring a
change in workflow or cost per sample using current NIPT procedures.
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Supplementary Data

Leave set out training

When applying a nucleosome track on a sample, differences occur depending on whether
the sample was used to determine the nucleosome track or not. An example of this effect
in shown in Figure S1. The red line is the result of the aligned nucleosome profile for
a sample when the sample was included to determine the nucleosome center positions.
The blue line is the result when the leave-sample out procedure of the Materials and
Methods section is used. The linker DNA regions are much stronger pronounced in the
overtrained situation. These differences due to overtraining are unpredictable and sample
dependent. Thus, the overtrained profile cannot be used to predict the fetal fraction
as this depends crucially on the differences in the regions surrounding the start of the
nucleosome. When using the leave-set-out-training the variations become independent of
the sample considered and consequently generated predictive power.
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Figure S1: The result of not applying leave-set-out-training on a training sample. Over-
training is clearly visible by the increased amount of reads mapped in the linker regions
compared to the profile based on a nucleosome track that was not influenced by the
samples own reads.
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Pseudocode for algorithms

Data:
READSTARTS // List with read start count per base pair
Result: Nucleosome Track
SCORES = [ ] // List with scores per bp
NUCLEOSOMES = [ ] // List indicating called nucleosome centers
for BP in READSTARTS do

LINKERS = sum(READSTARTS[BP-93:BP-73]) +
sum(READSTARTS[BP+73:BP+93])

CENTER = sum(READSTARTS[BP-73:BP+73])
// Set score for bp position
SCORES[BP] = LINKERS/CENTER

end
while max(SCORES) >= 1 do

VAL = max(SCORES) // Determine best score
BP = indexOf(VAL) // Determine position of best score
// Add position and score to nucleosome list
NUCLEOSOMES.append(BP,VAL)
// Mask region for further analysis
SCORES[BP-147:BP+147] = [ 0 ] * (147 * 2)

end
Algorithm S1: Pseudocode for detecting nucleosome positions in the merged training
data.
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Data:
READSTARTS // Array with read start count per base pair
NUCLEOSOMES // Array indicating called nucleosome centers
Result: Aligned Nucleosome Profile
PROFILE = [ ] // Array with read start frequencies in aligned

// nucleosome profile
// For every nucleosome center
for NUCL in NUCLEOSOMES do

// Check all read start positions whether they are within 100 bp from
// the nucleosome center and update profile accordingly
for READ in READSTARTS do

// Calculate distance depending on the strand direction of the read
if READ.forward then

DISTANCE = NUCL-READ
else

DISTANCE = READ-NUCL
end
// Only if distance is within 100 bp from the nucleosome center,
// update profile (read start position frequency) accordingly
if DISTANCE >= 0 and DISTANCE <100 then

PROFILE[DISTANCE] += 1
end

end

end
Algorithm S2: Pseudocode showing how the algorithm treats read start positions relative
to nucleosome positions to build an aligned nucleosome profile per sample.
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Data:
TRAINSET // List with training read start data
TRAINSUBSETS // List with lists of samples per subset
Result: Leave Set Out Nucleosome Profile Training
TRAINPROFILES = [ ] // List with training aligned nucleosome profiles
CORRELATIONS = [ ] // List with correlation read frequency to reference

// fetal fraction
NUCLSCORES = [ ] // List with nucleosome distribution value per sample
for SUBSET in TRAINSUBSETS do

TRAINSET.ignore(SUBSET) // Use all samples not in this subset
NUCTRACK = getNucleosomeTrack(TRAINSET) // Get

// nucleosome centers based on the selected traing samples
// (using Algorithm S1)

for SAMPLE in SUBSET do
// Get the read start frequency profile for the center-aligned nucleosome
// for this sample (using Algorithm S2)
PROFILE = getProfile(SAMPLE, NUCTRACK)
// Store sample-based profile
TRAINPROFILES[SAMPLE] = PROFILE

end

end
Algorithm S3: Pseudocode for generating nucleosome tracks for training samples without
using samples from the same run.
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Data:
TRAINPROFILES // List with training aligned nucleosome profiles
REFFRACS // List with reference fetal fraction per sample
Result: Correlation Profile for Aligned Nucleosome Profiles
for BP in RANGE(-147,147) do

CORRELATIONS[BP] =
pearson(TRAINPROFILES[*][BP],REFFRACS)

end
Algorithm S4: Pseudocode to acquire the weights per base pair position along the aligned
nucleosome profile to be used for predicting the fetal fraction.

Data:
PROFILE // Sample specific aligned nucleosome profile
CORRELATIONS // Correlation profile as produced in Algorithm S4
Result: Estimation of Fetal Fraction
for for BP in PROFILE do

SCORE += CORRELATIONS[BP] * PROFILE[BP]
end

Algorithm S5: Pseudocode for transforming aligned nucleosome profiles to a fetal fraction
estimate.
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Figure S2: Overview of the training steps used. The leave one set out method ensures
nucleosome profiles are not influenced by nucleosome positions that were found due to
reads from their own sample.

Figure S3: Linker size between nucleosomes found in our data. Distances are calculated
as the bp position difference from the end point of one nucleosome covered area to the
start position of the next. Interestingly, a dip in observed linker lengths is seen at 40 bp,
which we, however, cannot link to a biological/technical explanation.
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Figure S4: Correlation per bp of the aligned nucleosome profile with different fragment
sizes in paired-end data. For this figure, the nucleosome track was not determined on our
own data but imported from Gaffney et al. [20].

Alternative nucleosome track

While several nucleosome tracks exist, they are all based on different types of data, either
directly or through predictions from models [20–24]. We found these tracks not reliable
for our approach, i.e. predicting fetal fraction based on these tracks resulted in low
correlations with chromosome Y-based approaches.
As an explanation, consider the correlations of the aligned read start frequencies when
using the nucleosome track as determined by Gaffney et al. with the fragment sizes of
the paired end data in Figure S4 (this is analogous to Figure 4 in the manuscript, which
is based on our own nucleosome tracks). Clearly the nucleosome profile (shown in the
bottom) is much less pronounced: it appears to be a smoothed estimate of the nucleosome
profile that we find (see bottom Figure 4). This can be explained if nucleosome centers
are not accurate up to the base pair position (this will smoothen the aligned nucleosome
profile). As a consequence, the correlation between fragment sizes and the nucleosome
profile is much less pronounced, again pointing towards shifted positions of the nucleosome
centers. Similar results were obtained for other available tracks.
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Based on ChrY Mean of Error StdDev of Error
All -0.840 3.343
All, Absolute 2.542 2.328
FF<15 -0.024 2.539
FF<15, Absolute 1.955 1.620
5<FF<10 1.678 1.704
5<FF<10, Absolute 1.748 1.631
10<FF<15 -1.509 1.791
10<FF<15, Absolute 1.875 1.403

Table S1: We determined the expected errors for the fetal fraction estimates using our
method. Values shown are based on the differences between the fetal fraction as deter-
mined by chromosome Y and our approach.
As using all data at once could result in heavily influences of outliers, we also provided
values for a reasonable threshold, based on the fetal fraction as determined by chromo-
some Y. To determine accuracy over different fractions we also split the data in two groups
(for low, <10, and high, >10, fetal fractions). Values shown are percentage points. The
confidence intervals can be obtained through the StdDev of Error as provided in this
table.
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Abstract

Objective: To compare available analysis methods for determining fetal fraction on
single read next generation sequencing data. This is important as the performance of
non-invasive prenatal testing (NIPT) procedures depends on the fraction of fetal DNA.
Methods: We tested six different methods for the detection of fetal fraction in NIPT
samples. The same clinically obtained data were used for all methods, allowing us to
assess the effect of fetal fraction on the test result, and to investigate the use of fetal
fraction for quality control.
Results: We show that non-NIPT methods based on body mass index (BMI) and ges-
tational age are unreliable predictors of fetal fraction, male pregnancy specific meth-
ods based on read counts on the Y chromosome perform consistently and the fetal sex-
independent new methods SeqFF and SANEFALCON are less reliable but can be used
to obtain a basic indication of fetal fraction in case of a female fetus.
Conclusion: We recommend the use of a combination of methods to prevent the issue
of reports on samples with insufficient fetal DNA; SANEFALCON to check for presence
of fetal DNA, SeqFF for estimating the fetal fraction for a female pregnancy and any
Y-based method for estimating the fetal fraction for a male pregnancy.

Introduction

Pregnant women undergoing invasive prenatal tests have a 2–3:1000 [1] risk for an iatro-
genic abortion. With the introduction of non-invasive prenatal testing (NIPT), pregnant
women have a safe alternative to test for fetal aberrations such as Down syndrome (trisomy
21), Patau syndrome (trisomy 13) and Edwards syndrome (trisomy 18) [2]. Reliability of
NIPT is high but depends on biological as well as experimental variations. It has been
speculated that the fetal fraction should be at least 4% [3] to allow for reliable detection
of common trisomies. Several methods to predict or determine fetal fraction have been
proposed. Previous publications indicate that high body mass index (BMI) negatively
affects the fraction of fetal DNA in maternal plasma [4], although these correlations were
not very strong. Due to their high variability, these measures are not being used in a
clinical workflow. Dedicated laboratory tests to determine fetal fraction directly on iso-
lated DNA have been developed but have the associated risk of adding an error prone
step in the diagnostic work-up. When splitting the sample in two different lab flows, one
for determination of fetal fraction and the other for the library prep, an error or sample
swap in either flow might result in a mismatch between the fetal fraction and the NIPT
result. Furthermore, incorrect preparation for sequencing may result in loss of the fetal
DNA or poor size selection, which will not be noticed if the fetal fraction is determined
on a different lab flow. These kinds of technical failures might even affect an entire run
of samples. Therefore, the fetal fraction should preferably be determined from the same
next generation sequencing (NGS) data that are used for the determination of the chro-
mosomal aberrations. There are multiple methods developed for the detection of fetal
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fraction in cfDNA samples, but a comparison between these methods is still lacking. For
male fetuses, the easiest approach is to use the relative amount of reads that map on the
Y chromosome as this is an unambiguous indication of fetal DNA. We compare two Y
chromosome-based methods, the first being a new method we developed, DEFRAG. This
method calculates both a normalized fraction with respect to pure male/female DNA, as
well as a fraction that takes into account the uniqueness of the Y chromosome. DEFRAG
was compared to a method introduced by Bayindir et al.[5], to which we further refer
as BAYINDIR, that uses a robust estimate of the fraction of reads mapping on the Y
chromosome with respect to the autosomes. Both DEFRAG and BAYINDIR calculate
the fetal fraction using two independent methods. Recently, two methods have been in-
troduced that are capable of estimating the fetal fraction independent of fetal sex [6, 7].
It is yet unclear how these methods perform in a clinical setting. We set out to evaluate
and compare these methods in their ability to determine the fetal fraction from NGS-
NIPT data. As this article focuses on methods that use relatively cheap short single read
sequencing, a recent method that uses insert size based on paired-end sequencing [8] is
excluded. Finally, we related fetal fraction to BMI and gestational age.

Methods

DNA was isolated from 654 blood plasma samples (279 pregnancies of a female fetus and
375 pregnancies of a male fetus). Metadata on pregnancies were collected during the
TRIDENT study in the Netherlands; these included BMI and gestational age [9]. All
women signed an informed consent form. Permission for the study was granted by the
Minister of Health (11016-118701-PG). The study was also approved by local University
Medical Center Ethics Committees. DNA was sequenced using the Illumina HiSeq2500,
obtaining 4 to 37 million (median 16 million) 51 BP single end reads per sample. Sequence
data were demultiplexed allowing one mismatch in the index tag, mapped to GRCh37
using BWA, allowing zero mismatches and removing any read that had multiple mappable
positions. For the training of DEFRAG and BAYINDIR, an additional training set of
196 samples (76 female pregnancies, 109 male pregnancies and 11 male control samples)
was used.

DEFRAG

DEFRAG consists of two methods that both use the number of reads mapped to the Y
chromosome to determine the fetal fraction and is thus limited to use on male pregnancy
samples.

DEFRAGa: Normalized fraction of reads on chromosome Y

Female pregnancy samples from the training set were used to determine the average
fraction of reads mapped to chromosome Y at 0% male DNA (%YXXfetus). The 11 male
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control samples were used to determine this fraction at 100% male DNA (%YXYman). The
fetal fraction in a new, unseen, sample is then determined by the fraction of reads mapped
to Y with respect to these bounds:

DEFRAGa =
(%YXY fetus −%YXXfetus)

%YXYman
(1)

where %YXY fetus refers to the percentage of reads in the sample that map to the Y chro-
mosome.

DEFRAGb: Fraction of reads uniquely mapped to chromosome Y

Even in case of a female pregnancy, reads map to some parts on the Y chromosome
due to repeated regions. To increase sensitivity for male pregnancies, we calculated a
fetal fraction in which we only considered those regions on Y where only rarely reads map
in case of a female pregnancy. Chromosome Y is divided in 1 Mb bins and the amount
of reads in each bin is determined for the samples in the training set. Bins that never
received any reads across all samples, or contain at least one read in more than half of the
female pregnancies, are removed (excluding regions 0–2, 9–14, 20–21 and 25–59 Mb on
ChrY). This results in a Y-specific subset of bins containing reads in male pregnancies,
but rarely in female pregnancy samples. These bins are corrected for GC content using
a LOWESS function, which is trained for the expected number of reads given the GC
fraction of a bin using the autosomes [10]. The fetal fraction is then calculated by the
median of the GC-corrected fractions for the selected bins on chromosome Y. DEFRAG
is available as an addition to WISECONDOR at
https://github.com/rstraver/wisecondor.

BAYINDIR

Bayindir et al.[5] introduced a method that makes use of a robust estimate of the read
count on X, Y and autosomal chromosomes. They divide the genome in 50 kb bins, and
the read count fractions for every bin are determined. Then, they define two fractions:

BAY INDIRa =
med(Chrauto)−med(ChrX)

med(Chrauto)
∗ 2 (2)

where med(Chrauto) represents the median read count across the 50-kb bins of the au-
tosomal chromosomes (andmed(ChrX) likewise for bins on the X chromosome). BAYINDIR
proposed a second method that only takes regions on the Y chromosome into account for
which no read from female pregnancies map:

BAY INDIRb =
med(ChrmaskY )

med(Chrauto)
∗ 2 (3)

110

https://github.com/rstraver/wisecondor


6

where ChrmaskY excludes 21 50-kb regions on Y for which reads from female pregnancies
map. A training set of 196 samples was used to train this method before applying it to
our test samples.

SEQFF

The multivariate model of SeqFF [6] contains two regression models (elastic net and
weighted rank selection criterion, WRSC), trained on an anonymized set of 25 312 male
pregnancy samples. Briefly, the genome is divided into 50-kb bins. Then, a weighted
linear regression model that combines the read count fractions across all autosomal bins
is learned to predict the read count for the Y chromosome (in the elastic net model), or
the read counts for the separate bins on the Y chromosome taking their covariation into
account (for the WRSC method). The fetal fraction is then the average of the predictions
of the two models. Note, that although learned on Y, the authors have shown that the
model also predicts fetal fractions for female pregnancies correctly. Here, we have used
the pre-trained models from Reference [6] and used them to predict the fetal fraction in
our samples.

SANEFALCON

SANEFALCON [7] determines the fetal fraction through the distribution of reads mapped
around nucleosome positions on autosomal chromosomes. Therefore, this method is in-
dependent of the fetal gender. Briefly, a genome-wide nucleosome profile is generated by
aligning all read count profiles with respect to detected nucleosome positions. Nucleosome
positions are detected by peaks in the genome-wide read count profile, as cfDNA are short
fragments that are cut at linker DNA sites. The genome-wide nucleosome profile is then
the averaged read count profile of the aligned profiles. Nucleosome profiles differ slightly
between fetal enriched and maternal DNA due to differences in DNA degradation, i.e.
fragment length. These changes correlate with the fetal fraction. SANEFALCON uses a
linear regression from the nucleosome profile to predict the fetal fraction, with coefficients
learned from a training set. Here, we have used the pre-trained model from the original
publication.

Results

High correlation between Y-based fetal fraction estimates

Figure 1 shows the correlations between the six different methods on the 654 test samples.
High correlations were observed between methods that depend on the read count on
chromosome Y, i.e. DEFRAGa/b and BAYINDIRa/b.
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Figure 1: The lower left part of the matrix shows our comparison of the six different
methods to predict fetal fraction from single read NGS data for 654 maternal blood plasma
samples. Blue dots represent the male pregnancies, red dots the female pregnancies. Gray
and green dots represent male and female pregnancies of a failed run, which contained
degraded fetal DNA. On the diagonal of the matrix, the correlations to BMI (B), weight
(W) and the gestational age (G) are shown, respectively. The upper right part of the
matrix shows the correlation between the two methods (these data are also supplied
separately as Supplementary Table S1).
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Using unique male regions for Y chromosome improves fetal frac-
tion estimate

BAYINDIRa predicts non-zero fetal fractions in female pregnancies (red samples), see
for example the comparison with SeqFF. This is due to the reads mapping on the Y
chromosome even for female pregnancies. A similar effect, although smaller, can be seen
for the DEFRAGa method. When excluding those regions on the Y chromosome, as is
done in BAYINDIRb and DEFRAGb, we see that the predicted fetal fraction for female
pregnancies is indeed zero. From this, we conclude that the methods that use only unique
male regions on the Y chromosome to estimate the fetal fraction are to be preferred.

Fetal fraction for female pregnancies can be predicted, but less
accurate

Two methods, SANEFALCON and SeqFF, can additionally detect fetal fraction for fe-
male pregnancies. We do observe a correlation between the two methods for the male
pregnancies (blue samples, ρ = 0.52) and the female pregnancies (red samples, ρ = 0.37),
suggesting that fetal fractions for female pregnancies can be estimated (see also Figure
1). Nevertheless, although both methods do correlate (ρ = 0.45), their agreement is much
less than the agreement between the Y-based methods (0.87 < ρ < 0.98), indicating a
lower accuracy for the fetal fraction for both SeqFF and SANEFALCON, with SeqFF
performing slightly better than SANEFALCON.

Detection of technical failure

The green and gray samples in Figure 1 are from an NGS validation run in which an
incidental human error occurred during sample preparation. As the wrong buffer was
used, only large (maternal) fragments were selected, causing depletion of fetal DNA in
the entire series. This was initially detected because several of the trisomy positive sam-
ples from this run were missed. Follow-up experiments showed that before this step an
SRY signal could be determined for the male samples; after preparation, the signal was
lost for 7 of the 18 male samples. From the Y-based methods, DEFRAGb performs best
in detecting a (too) low fetal fraction, reporting such a (too) low fraction in 38.9% of
the male samples. Interestingly, the comparable BAYINDIRb method is not as good in
detecting these erroneous samples (27.8%). Remarkably, SANEFALCON is best in de-
tecting the erroneous samples (61.1% for male samples and 66.7% for female samples),
much better than SeqFF (33.3% for male samples and 50.0% for female samples). An
explanation for this phenomenon lies in the SANEFALCON approach, which is based on
the distribution of read-starts around nucleosome positions, where starts of longer reads
(linked to maternal DNA) are further away from the nucleosomes. As a result, selecting
for larger fragments has an immediate negative effect on the fetal fraction. The Y-based
methods BAYINDIR and SeqFF performed less in detecting the erroneous samples, which
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might be explained by the fact that some of the male samples still contained sufficient
Y-chromosomal DNA to conclude that a fetal fraction is present. Concluding, SANE-
FALCON can best be used to detect (too) low fetal fractions. Note that we have used a
threshold of 4% as being proposed in literature to reduce the number of false negatives
[3]. However, when inspecting Figure 1, the threshold for DEFRAGb could be lowered to
3% whereas for SANEFALCON a threshold of 6% might be preferred.

Body mass index, weight and gestational age

The correlation between the fetal fraction determined by the six methods and the weight
(W), body mass index (B) and gestational age (G) are shown in the diagonal of Figure 1.
Comparing these values with the results from Zhou et al. [4], we observe a slightly stronger
correlation between DEFRAGb and BMI than reported in Zhou et al. [4], this might be
caused by the use of different datasets. Regression of weight to DEFRAGb shows that
for each extra kilogram, a decrease of 0.13% in fetal fraction is observed (0.42% decrease
for each BMI point). Remarkably, no sample with a high BMI in the test set failed due
to too low fetal fraction. Linear regression analysis on the gestational age further shows
a positive correlation (+0.23% each week) with the fetal fraction.

Discussion and Conclusions

Our data confirm that it is important to determine the fetal fraction directly on the NGS
data, as a separate assay may miss errors that are introduced during preparation for NGS.
Furthermore, it is faster and more cost effective; all methods that were tested can easily
be implemented into in-house pipelines and do not significantly increase the turnaround
time. We found that the Y-based methods to estimate the fetal fraction are much more
in agreement than the methods that are also capable to estimate the fetal fraction for
female pregnancies. This agreement increased further when only male-specific regions on
the Y chromosome were considered; i.e. methods DEFRAGb and BAYINDIRb. When
considering the failed run, the DEFRAGb method was much better capable of identi-
fying those samples that had a low fetal fraction. As reported by others, we found
that BMI and gestational age do not correlate strongly with fetal fraction. Interestingly,
DEFRAGb shows the highest correlation, its correlation with BMI being even higher than
previously reported correlations of BMI with fetal fraction. This strengthens our opin-
ion that DEFRAGb gives the most accurate estimate of the fetal fraction, but its use
is limited to male pregnancies. Both methods that also predict fetal fraction for female
pregnancies agree on the fetal fractions for male and female pregnancies (similar correla-
tions). However, they are less accurate than the Y-based methods (low correlation with
the Y-based methods), with SeqFF performing slightly better than SANEFALCON. On
the other hand, SANEFALCON performed best in detecting samples with very low fetal
fractions from the failed experiment, even outperforming DEFRAGb. This is extremely
useful because in clinical practice we do not know whether there is a male or female preg-
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nancy. Finally, we performed subgroup analysis to determine whether the performance
of the different methods was dependent on the number of reads. As can be seen from
Supplementary Figure S1, this was not the case. Taken together we propose the follow-
ing for NIPT using a NGS single read sequencing strategy: (1) use SANEFALCON to
check for low fetal fraction in all pregnancies. For samples that pass this check: (2) use
DEFRAGb to estimate the fetal fraction for male pregnancies (DEFRAGb ≥ 4%), and
(3) use SeqFF to estimate the fetal fraction for female pregnancies (DEFRAGb < 4%).
This proposal is based on our results on a relatively limited dataset of 654 samples and
should be confirmed in future experiments.
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Supplementary Data

DEFRAGa DEFRAGb SANEFALCON SeqFF BAYINDIRa BAYINDIRb
DEFRAGa 0.982 0.485 0.930 0.868 0.993
DEFRAGb 0.469 0.915 0.878 0.984
SANEFALCON 0.521 0.346 0.474
SeqFF 0.811 0.926
BAYINDIRa 0.878
BAYINDIRb

Table S1: This table contains the data used to plot Figure 1.
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Figure S1: Subgroup analysis to determine whether the performance of the different
methods was dependent on the number of reads.
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Abstract

In clinical genetics, detection of single nucleotide variants (SNVs) as well as copy number
variations (CNVs) is essential for patient genotyping. Obtaining both CNV and SNV
information from WES data would significantly simplify clinical workflow. Unfortunately,
the sequence reads obtained with WES vary between samples, complicating accurate CNV
detection with WES. To avoid being dependent on other samples, we developed a within-
sample comparison approach (WISExome). For every (WES) target region on the genome,
we identified a set of reference target regions elsewhere on the genome with similar read
frequency behavior. For a new sample, aberrations are detected by comparing the read
frequency of a target region with the distribution of read frequencies in the reference set.
WISExome correctly identifies known pathogenic CNVs (range 4 kb to 5.2 Mb). Moreover,
WISExome prioritizes pathogenic CNVs by sorting them on quality and annotations of
overlapping genes in OMIM. When comparing WISExome to four existing CNV detection
tools we found that CoNIFER detects much fewer CNVs and XHMM breaks calls made
by other tools into smaller calls (fragmentation). CODEX and CLAMMS seem to perform
more similar to WISExome. CODEX finds all known pathogenic CNVs, but detects much
more calls than all other methods. CLAMMS and WISExome agree the most. CLAMMS
does, however, miss one of the known CNVs and shows slightly more fragmentation.
Taken together, WISExome is a promising tool for genome diagnostics laboratories as the
workflow can be solely based on WES data.

Introduction

Recent technological breakthroughs in DNA analysis methods have not only had a huge
impact on genetic research, but also on Genome Diagnostics. Finding a genetic diagno-
sis is important as it helps patients and family members in understanding the disease,
supports the search for possible treatments and determines reproductive options in subse-
quent pregnancies [1]. Currently, most patients with genetic disorders are tested through
standard practices such as array-based techniques for detecting copy number variations
(either by array comparative genomic hybridization, array-CGH, or by a single nucleotide
polymorphism array, SNP-array) [2], or Sanger sequencing of single genes [3, 4], but these
methods do not always provide a diagnosis. This has recently changed through the up-
swing of Next Generation Sequencing (NGS), which allows for the parallel sequencing of
gene panels, whole exomes (WES, Whole Exome Sequencing), or whole genomes (WGS,
Whole Genome Sequencing). Although WGS obtains nearly the whole genomic sequence
of a patient, its costs are currently still too high for routine testing. As an affordable
alternative, WES captures exon-specific regions, called targets, and uses target-specific
probe sets to read-out these targets (Figure 1a). While providing a highly accurate way
to obtain Single Nucleotide Variation (SNV) information [5], WES data does not allow
for straightforward Copy Number Variation (CNV) analysis. The main reason being the
non-uniform distribution of reads because: 1) target regions cover only 2% of the genome
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[6, 7], and 2) the varying amplification efficiency of target regions [8–10]. Moreover, this
effect is not consistent over different samples as quality of DNA and environmental differ-
ences during sample preparation directly influence probe effectiveness [11]. Consequently,
additional array analysis is still used to obtain CNV information for a patient. WES
diagnostics would thus greatly benefit from a reliable tool to obtain CNV information
from WES data only, as it would eliminate the need for additional separate analyses.

Basically, CNVs in WES data can be detected by comparing the read count for a region
to the expected read count distribution for that region, representing possible variations
in read counts when assuming a diploid genome for that region. When the observed
read count for a region differs significantly from the expected read count, this region is
designated to be aberrant, either amplified (when having more reads than expected) or
deleted (when having less). Generally, the expected read count distribution is derived
from a training set of normal (diploid) samples. Several methods for CNV detection in
WES data have been developed [12–14], all based on this same principle. For clinical
genetic diagnostics of rare diseases, it is important to also detect few and small CNVs, as
opposed to mostly large and highly abundant CNVs in cancer [13]. As tools for cancer
diagnostics aim to find the distribution of large CNVs as well as their ploidy, they lack the
precision required to find intra-genic CNVs. CoNIFER [15] and XHMM [16] are generally
believed to perform well for identifying CNVs in a genetic diagnosis setting, based on
several comparison studies [10, 17, 18]. Recently, CLAMMS [19] and CODEX [20] have
been introduced that claim to outperform CoNIFER and XHMM.

CNVs are generally detected using a training set of normal (diploid) samples to capture
the expected read count distribution. Consequently, next to experimental variation, the
expected read count distribution also captures the between-sample (biological) variations,
which principally would not be necessary. Avoiding the incorporation of the between-
sample variation in the expected read distribution potentially increases the sensitivity
of CNV detection. We previously developed WISECONDOR for trisomy detection on
cell-free fetal DNA based on a within-sample comparison to deal with the fluctuations in
read distribution [21]. This within-sample comparison approach assumes that all target
region amplifications within a sample undergo the same experimental variations. Hence,
if we know which target regions, elsewhere on the genome, respond similarly to the exper-
imental variation, these regions can serve as a reference set and the expected read count
distribution can be derived from read counts across this set of reference target regions
as measured within the same sample. Here, we present WISExome: a CNV detection
method for WES data based on this within-sample comparison principle. Figure 1 gives
an overview of the complete procedure and a more elaborate description can be found in
the methods section.

We show that WISExome successfully replicates array analysis and compares favorably
to other CNV detection tools. Together the results suggest that WISExome can be used in
diagnostics as replacement of array, removing the requirement for separate array analysis
for WES diagnostics.

123



7

Part III, Chapter 7

Materials & Methods

Sample preparation

Whole exome sequencing was performed as previously described [22]: Genomic DNA was
isolated from blood for 336 samples and prepared using the SeqCap EZ Human Exome
Library v3 kit (Roche, Basel, Switzerland), then sequenced using an Illumina HiSeq 2500.
Reads were mapped with BWA (0.7.10) to Hg19 [23]. We removed duplicate reads (as
marked by Picard Tools 1.111), reads with a mapping quality below 30, and reads that
were not part of a read-pair. Samples were split into a training set of 319 samples and a
test set of 17 samples.

Array analysis

Array analysis was carried out on the high-resolution CytoScan HD array platform (Affy-
metrix, a part of Thermo Fisher Scientific, Santa Clara, CA, USA) according to manufac-
turer’s protocols. This array consists of over 2.6 million copy number markers. Analysis
was done using Nexus software (BioDiscovery, El Segundo, CA, USA), using SNPRank
Segmentation with a minimum of 20 probes per segment and the significance threshold
set at 1e-5.

WISExome

WISExome determines excess of target read counts (enriched or depleted) as compared
to the expected target read count based on a reference set of target regions within the
genome. In the following, we explain the different steps of WISExome, shown in Figure
1: 1) determining the target region counts from WES read data; 2) identification of the
set of reference target regions for a target region; 3) CNV detection; and 4) fine-tuning
identified CNVs using a segmentation algorithm. Finally, we explain WISExome’s scoring
metric for called CNVs and its annotation of CNVs.

Target region read count

In WES data, DNA is fragmented, specific target regions within exons are captured, and
subsequently enriched before sequencing (Figure 1a, target level). For every target region,
there are several probes that are designed to recognize unique subsequences (Figure 1a,
probe level). Paired-end sequencing of the probe-selected fragments covers fragments
(Figure 1b), providing mappable reads. As experimental variation mostly influences the
target region enrichment, we are interested in read counts for target regions instead of
the probe, fragment or exon level (the latter is commonly used in other CNV detection
tools). Mapped fragments were linked to the closest target region based on the distance
between the center of the mapped fragment and the center of a target region (Figure 1b).
To ensure specificity, we require an overlap of at least 20 bp of the mapped fragments
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with the linked target region. Target region counts, being the sum of mapped fragments
linked to that target region, are normalized by the total target region count over the whole
genome in the sample, resulting in target region count frequencies.

Creating a reference target region set

The basic idea behind the within-comparison approach is that for every target region, we
find target regions on other parts of the genome that behave similarly to experimental
variations; the reference target region set. By assuming a sparse number of CNVs, the
target region read counts of the reference set represent the within-sample variation of
a diploid read count for the associated target region. To find similarly varying target
regions, we make use of a training set of samples with no known notable phenotypes.
Note that this training set is only used once, to identify reference target regions. Because
of lab specific changes in read depth behavior this set of reference samples is best obtained
from the same lab as the test samples. During testing, we only use information of the test
sample, and not the observed read counts in the training samples as other CNV detection
tools do. For a target region of consideration, we correlate the observed read counts over
all training samples to the read counts of all other target regions. Here, we used the
squared Euclidean distance on the target read count frequencies across the 319 training
samples (Figure 1c), and selected the 100 target regions with the lowest distance to build-
up the reference set for the target region of consideration. We do this for all target regions,
so every target region has its own 100 reference target regions. For target regions on the
X chromosome, we find their reference target regions considering read count variations
across female training samples only. To avoid reference target regions overlapping the
CNV, we require that reference target regions lie on other chromosomes than the target
region for which the reference set is being build. To avoid that the reference target
regions are not similar enough to the target region of consideration, we prune the list
of 100 reference target regions. First, the mean and variance of the squared Euclidean
distances of the closest reference target for every target region (i.e. the distances of the
top-1 target regions in each reference set) is calculated. Then, for every reference set, we
remove target regions from the reference set that have a distance larger than the mean
plus three times the standard deviation of the top-1 distances (z-score >3). As a result,
the number of reference target regions will differ for every target region, see Figure 1d.
Those that have less than 10 references are ignored in further analysis, and are denoted
as unreliable target regions (Supplementary Figures S1, S2 and S3a show results do not
change much when varying this setting).

Finding CNVs

For each target region, its own reference set specifies an expected read count distribution.
Hence, we can statistically test whether the observed read count of the target region points
towards the region being aberrant or not. For this purpose, we use a z-score with the
target region read count frequency as input, and with the mean and variance estimated
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a. Overview of all regions of importance for WES data. Genes (gray boxes) consist of
exons (orange boxes) which are covered by target regions (light orange boxes), for which
probes are designed (red boxes) that target a unique sub-sequence of the fragment. Paired-
end reads (blue boxes) cover fragments. b. Determination of target region read count:
a detected fragment is mapped on the reference genome, and consequently assigned to
the nearest target region (orange box) based on the center of the fragment (gray lines).
c. Selection of reference target regions based on the difference in read counts over a
set of training samples. For illustrative purposes, we show only 1 sample and a few
target regions on three different chromosomes. The selected reference target regions for
the target regions on chromosome 2 are indicated by the straight colored lines. In this
example only reference target regions are considered when the read count differs at most 1
read. Dotted lines are tested but showed a larger difference. d. Schematic overview of the
selected reference target regions for the target regions on chromosome 2 as shown in panel
c. e. Based on its reference set, a z-score for every target region can be calculated (level
window size 1). Z-scores of neighboring target probes are aggregated using a combined
z-score (here Stouffer’s z-score) for different numbers of neighbors, using odd window
sizes from 3 to 15. f. Target regions with a significant z-score in any of the windows are
marked and kept for further analysis (blue shaded boxes). g. For every target region a
final z-score is determined by taking the maximal (positive or negative) z-score across
all window-sizes (at the target region position). h. Stretches of significantly aberrated
target regions (blue shaded boxes) are marked as a putative CNV segment. i/j/k. To
fine-tune the borders of the CNV, the putative CNV segment is considered with all non-
putative CNV regions on the same chromosome (i shows the extension, j prunes the
putatively aberrated CNVs, k is the result). l. To find the exact borders of the CNV, the
location of borders of the putative CNV are changed over all possible positions within
and directly neighboring the putative CNV region (shaded blue lines in l). The segment
that shows the largest difference in mean effect size within the segment compared to the
mean effect size outside the segment is selected as the aberrated CNV segment (dark blue
line in l). m. For visualization purposes, the z-scores (vertical axis) for each target region
are plotted across their genomic position (x-axis). Designated aberrated target regions
(regions within a detected CNV segment) are colored blue, others gray. The bottom line
shows the position of the exons (orange boxes).
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from the read count frequencies of the reference target regions, measured in the same
sample. A target region with a z-score larger than 5.64 (family-wise error rate (FWER)
corrected significance level of 0.05, see Supplementary Section SM1) is considered to
be amplified, and a target region with a z-score smaller than -5.64 is considered to be
deleted. Applying this procedure to the (normal) training samples showed that some
target regions are frequently being called, probably due to either large variations in target
amplification or because they are part of a common CNV. We decided to exclude target
regions being called in more than 4 of the training samples from further analyses (also
denoted as unreliable target regions). This removed 4,226 (1.15%) out of 366,795 target
regions (Supplementary Figures S1, S2 and S3b show that WISExome is not sensitive
to increasing this threshold). As CNVs generally will be larger than target regions, we
improved sensitivity by aggregating z-scores of neighboring target regions. For every
target region, we calculated a combined z-score (here, Stouffer’s Z) for differently sized
windows (odd window sizes up to 15; larger windows did not change the results, data
not shown), see Figure 1e/f. The z-score for the target region is then set equal to the
largest (positive or negative) z-score across all windows, see Figure 1g. A target region is
called aberrant if the aggregated z-score is significant (absolute value larger than 5.64),
see Figure 1h. Consecutive called target regions then make up a CNV. Finally, we take
the effect size of the aberration across the CNV into account. Hereto, first, the effect size
of a target region is defined by the target region read count divided by the expected target
region read count (based on the reference set). The effect size of the CNV is subsequently
defined as the median effect size across the target regions it covers. Only CNVs that
deviate more than (the arbitrarily chosen) cutoff of 35% from its expectation (i.e. CNV
effect size smaller than 0.65 or larger than 1.35) are considered true CNVs.

Fine-tuning detected CNVs

Due to the aggregation of neighboring target regions into the z-score of a target region
(the windowing), the borders of the CNVs will not be precise. For example, a strongly
aberrant target region might cause that the aggregated z-score of neighboring target
regions also becomes significant. In other words, the aggregation improved sensitivity at
the cost of precision. Hence, we wanted to fine-tune the borders of every detected CNV
to improve the precision of the CNV calls. For that we devised a segmentation algorithm.
Every detected CNV is first extended with eight target regions on each side, Figure 1i.
For all possible segmentations in this region (i.e. all possible start and end positions of
the putative CNV), the mean effect size of target regions within the segmentation are
compared to the effect sizes of all target regions on the same chromosome that are called
un-aberrated, using a student’s t-test with a pooled variance (Supplementary Section
SM2). The segmentation that maximizes this student’s t-test is chosen as the fine-tuned
CNV, see also Figures 1j-l. Finally, we require that the mean effect size of the fine-tuned
CNV, again to be at least 35%.
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Quality score

Every call is annotated with a quality score reflecting the percentage of reliable target
regions. For this score, we consider whether the neighboring target regions are unreliable.
This is done because these unreliable neighboring target regions influence the fine-tuning
of the CNV borders. The quality score for the CNV is then the number of reliable target
regions minus the sum of the number of unreliable target regions covered by the CNV
and the number of all unreliable neighboring target regions. Hence, a detected CNV
with many unreliable neighboring target regions, or a detected CNV with many scattered
unreliable target regions within the CNV will get low scores. The default setting for the
CNV quality score we used was 6 (six more reliable target calls than unreliable calls).

CNV annotation

Additionally, calls are annotated with OMIM phenotype key scores of all (partially) over-
lapping genes using the OMIM API [24], i.e. the OMIM score for the CNV equals the
maximum OMIM phenotype scores of the genes that overlap with the CNV. This score
describes which method is used to link the gene to the disorder and reflects the certainty
of a gene causing a specific disorder. For example, if the molecular basis of the disorder is
known, this key is 3. If the gene is linked to a disorder through statistical methods only,
the key is 2.

Other tools

We ran XHMM (downloaded from GitHub @ 18 June 2015), CoNIFER (version 0.2.2;
released 9/17/2012), CODEX (GitHub, commit 3d40ac9 @ April 7 2017) and CLAMMS
(GitHub, commit 3e19892 @ April 10 2017) according to their default settings. All
tools were run on the same samples as WISExome, as described in Sample preparation.
XHMM and CoNIFER do not distinguish between training and test samples, CODEX
and CLAMMS used the same division in training and test samples as WISExome. Addi-
tional information on decisions and settings can be found in the Supplementary Section
SM3.

Results

Replication array analysis

To test for compliance with array and MLPA analysis, we tested WISExome on 17 test
samples with at least one known pathogenic CNV each (20 CNVs total) as identified
by array analysis (18 CNVs) or MLPA (2 CNVs, kit P170-B2 for the APP gene, MRC-
Holland, Amsterdam, The Netherlands). We were able to correctly identify all known
pathogenic CNVs as shown in Supplementary Table S1 and Supplementary Figure S4.
There are differences in start and end positions, but these are mostly because the array
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platform has probes in inter-exonic regions whereas the WES-probes lie in exons only.
On average, WISExome finds 33 calls per sample without size-filters, and 15 calls per
sample when filtering at a minimum of 15 kb (standard array resolution in current clinical
practice), which is comparable to the array analysis.

As several tools have been developed to call CNVs from exome data, we compared
WISExome to XHMM, CoNIFER, CODEX and CLAMMS (using default settings, see
Methods). An overview of how their calls overlap with known CNVs, as validated by
array analysis, is shown in Figure 2, Supplementary Figure S4 and Supplementary Table
S1.

CoNIFER made few calls and only five overlapped the known CNVs in our test data.
Adjusting the SVD argument yielded slight variations in results, but no setting was sat-
isfactory. One of the few calls CoNIFER did make is shown in Figure 2a. While other
tools, except for WISExome, found a smaller area to be affected by the known CNV,
CoNIFER appears to overestimate the CNV length.

XHMM identified most known CNVs partially (Figure 2a/2b) and failed to identify
one known deletion and three duplications (numbered 13, 15, 17 and 19 in Supplementary
Table S1, respectively), one missed CNV is shown in Figure 2c, all results are shown in
Supplementary Figure S4. Most notably, XHMM tends to break up single CNV calls of
the array in multiple small regions.

CODEX showed strong similarities to WISExome in results; it calls all CNVs known
from the array analysis (Supplementary Table S1, Supplementary Figure S4). While
generally extremely sensitive, Figure 2a shows that CODEX only found the rightmost
half of the CNV, while WISExome, XHMM and CoNIFER agree on the upstream start
position for this CNV.

CLAMMS also showed very similar behavior to WISExome (Supplementary Table S1,
Supplementary Figure S4). However, CLAMMS was unable to identify one known CNV
in our dataset, shown in Figure 2a. This CNV was not missed by any of the other tools,
including CoNIFER.

Differences in detected regions

As it is unlikely that the array caught all CNVs in our data, we extended our comparison
to include all calls made by the selected tools. Figure 3a shows on overview of the size
of the detected regions by the different tools, whereas Figure 3b shows the number of
detected regions. Most tools detect roughly the same number of regions, except CODEX
which makes considerably more calls. WISExome and CoNIFER show relatively few and
large calls. CLAMMS and XHMMs show fragmented calling behavior which is reflected
by their small median call size (Figure 3a, Supplementary Figure S5).

To find out how the detected regions differ between tools, we compared the size of
the union of the exons detected by a set of tools with the size of the intersection of the
detected exons by these tools. When tools agree, their intersection should equal their
union. The results for every possible combination of tools is shown in Figure 4b. The
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Figure 2: Detected CNV segments by WISExome (blue), CLAMMS (orange), CODEX
(green), XHMM (Red) and CoNIFER (purple) for three known pathogenic CNVs accord-
ing to the array analysis (brown). The region is annotated by the array probes (cyan),
genes (citron), exons (gray) and target regions (pink). CNVs shown here are marked
in supplementary Table S1 as numbers 18 (panel a), 7 (panel b) and 19 (panel c). (a)
CLAMMS failed to identify this region as aberrated. WISExome, XHMM and CoNIFER
mark roughly the same area as part of a CNV, while CODEX made a relatively small
call. (b) WISExome, CLAMMS and CODEX are in near perfect agreement on the CNV.
XHMM shows a very fragmented call, failing to identify several affected genes in between
its calls. CoNIFER does not make a call. (c) WISExome, CLAMMS and CODEX all
identify the region to the right as aberrated, while the CNV should have been shorter
according to the Array. Both XHMM and CoNIFER fail to make a call.

131



7

Part III, Chapter 7
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Figure 3: a. Boxplot showing the size distribution (vertical axis) of calls made by the five
CNV detection tools (horizontal axis). The annotated numbers next to boxplots shows the
median size for that tool. CoNIFER has the least fragmentation in its calls, and XHMM
the most. CLAMMS calls are also fragmented and have a median size of only 1133 bp. To
improve visibility of the box plots, outliers above 250,000 were cropped. Supplementary
Figure S5a shows this boxplot without the crop. b. Number of amplifications and deletions
per tool after thresholding, clearly showing CODEX’s huge number of calls compared to
other tools.

figure is dominated by the high amount of calls by CODEX (consistently resulting in a
large union), splitting the plot in combinations that either include or exclude CODEX.
WISExome and CLAMMS show a large agreement in the detected regions, i.e. their
intersection is 1/4th of the union (dotted line) whereas other tools have intersections
lower than 1/10th of the union (dashed line).

Differences in detected genes and exons

Figure 4a shows the comparisons between WISExome and any of the other tools with
respect to the number of genes detected as aberrated, whereas Supplementary Figure S6
shows these comparisons for aberrated exons. A gene/exon is called aberrated when a call
of a tool shows at least one base pair overlap with that gene/exon. It immediately becomes
clear that WISExome and CLAMMS behave relatively similar, although CLAMMS misses
a few more genes found detected by array analysis (Figure 4a). CODEX found several
of the array based detected genes missed by WISExome, but at the cost of a huge set of
unique calls. Both CoNIFER and XHMM miss out on a lot of genes detected by the array
analysis. Fragmentation by CLAMMS and XHMM can also be seen in the relatively small
number of detected genes and exons (shown in Supplementary Figure S7) compared to
the total number of calls as shown in Figure 3b.

To further zoom in on differences, supplementary Figure S8 shows the overlap between
WISExome, CLAMMS and CODEX. This figure again shows that CODEX calls signifi-
cantly more genes/exons aberrated than other tools. WISExome and CLAMMS show a
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a. Venn diagrams showing overlap based on the detected aberrated genes between WISEx-
ome and any of the four other CNV detection tools, as well as overlap with the known
CNVs according to the array analysis. For known CNVs, CLAMMS shows a strong
overlap with WISExome but adds no unique calls that overlap with the array, whereas
WISExome shows 15 unique calls wrt CLAMMS that do overlap with the array results.
CODEX does find 24 more affected genes (than WISExome) overlapping with the array
data, but has a significantly larger set of affected genes in total. XHMM misses half of the
genes called by the array analysis, and CoNIFER even misses three quarters of the known
aberrated genes. An exon level based equivalent of this figure is shown in Supplementary
Figure S6. b. Plot showing the overlap in detected exons between any combination of
tools. The horizontal axis shows the size of the union of the exons detected by a set of
tools, and the vertical axis shows the size of the intersection of the exons detected by
the same set of tools. Lines marked with numbers show y = ax, where a is the number
shown. When the set of tools agree the size of the intersection should equal the size of
the union, which would put the marker on the line marked with 1. A unique color and
shape is used for every tool, and plotted on top of each other for every tool involved in
a combination. For example, the top-right is marked by both CLAMMS and CODEX,
meaning that the unions and intersection of these two tools are considered. The bottom
right shows the result when comparing all five tools. Due to the number of affected exons
called by CODEX, two main groups can be observed: the combinations on the right of
the plot that include CODEX, and the combinations on the left of the plot that exclude
CODEX. Next, vertically another two groups can be observed: all combinations includ-
ing CoNIFER or XHMM below an intersection of size 1000, and combinations between
WISExome, CLAMMS and CODEX above this line. WISExome and CLAMMS are most
similar since the size of their intersection is 1/4th of the size of their union, which is con-
siderably larger than any other combination. A similar plot where overlap among genes
is considered is shown in Supplementary Figure S11.

134



7

larger overlap, but WISExome’s unique calls are more overlapping with array results than
CLAMMS’ unique calls (also visible in Figure 4a).

Prioritizing WISExome calls

Within WISExome, we made it possible to prioritize calls based on its scoring scheme that
measures the difference between the amount of reliable and unreliable called target regions
(Methods, and Supplementary Figure S9 shows a distribution of scores). Prioritizing calls
based on this score puts all 20 known pathogenic CNVs at the top of the list with minor
exceptions; one CNV was ranked second (CNV 9 in Supplementary Figure S4), two CNVs
were ranked 5th (CNV 15 and 18), and the smallest CNV was ranked 25th (CNV 20). We
further annotated calls with their potential pathogenicity based on the OMIM phenotype
key of the underlying genes (Methods). By lowering CNVs that have no genes with a high
OMIM phenotype key, and thus are not known to be involved in any syndrome, a large
fraction of the calls can be ignored (Supplementary Figure S10), leaving only a few calls (5
calls on average) per sample to be inspected in more detail. Note that this prioritization
will also rank common copy number variations lower as those are not expected to harbor
pathogenic genes.

Conclusion

We developed a new CNV detection methodology for WES data that uses a within-
sample comparison approach to capture the expected read count distributions across the
genome. The benefit of this approach is that we only need to describe experimental
variation and not in-between sample variation, making the method more accurate than
previous approaches. We have shown that this new methodology, called WISExome,
reliably reproduces array results, opening the possibility to perform genome diagnoses
using WES data exclusively, in contrast to current practice where WES analysis still has
to be combined with array analysis.

We compared WISExome to four existing CNV detection tools: CoNIFER, XHMM,
CODEX, CLAMMS. From these tools, CoNIFER deviates the most, calling few CNVs
in general, and it detects only a few CNVs that result from clinical interpretation of the
array analysis. XHMM breaks calls made by other tools into smaller calls (fragmentation)
and misses a few CNVs detected by array analysis. Note that fragmentation of calls might
lead to overlooking pathogenic genes.

CODEX found all CNVs detected by array analysis, but made significantly more calls
than any of the other tools, resulting in the detection of many more genes and exons than
other tools. CLAMMS showed results similar to WISExome, both in the start and stop
positions of the CNVs resulting from array analysis, as well as the numbers of detected
genes and exons. Yet, CLAMMS shows more fragmentation, which can be clearly seen
in the size distribution of the calls. Additionally, CLAMMS missed one of the CNVs
detected by array analysis that was found by all other tools (sample 18, Figure 2a).
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From this comparison, we conclude that WISExome performs consistently well over the
different analysis that we investigated, i.e. it shows a proper balance between accuracy and
specificity, without fragmentation of regions. These are favorable aspects when applying
a CNV detection tool within the clinic. Nevertheless, we have observed considerable
variability between tools, and we recommend to run multiple tools in parallel for clinical
practice.

Note that the within-comparison approach might suggest that WISExome is indepen-
dent for different sequencing or enrichment protocols, and that it would be possible to run
WISExome without (re)training in different centers. Our experiences with WISExome
and WISECONDOR (the first method in which we introduced the within-comparison
approach, although designed for detecting chromosomal aberrations in cell-free DNA)
indicates that even the within-comparison scheme is influenced by differences between
centers. That is, although the within-comparison scheme works across different centers
and sequencing technologies, we have seen performance improvements when reference bins
are determined using training samples that were processed similar to the test cases. This
should, however, be tested more thoroughly by setting up an inter-center comparison. For
now, we advocate to create a new reference set table when there is a change in center or
protocol. However, we suspect WISExome can be trained with a relatively small training
set (until now we typically used 200-300 samples). Furthermore, we would like to stress
that by using a within-comparison scheme our tool is likely still capable of detecting CNVs
in cases where the read distribution of a sample deviates strongly from the reference data.
More so than when the sample is compared to the reference set directly, as the reference
targets from the within comparison scheme vary accordingly within the sample.

Finally, we introduced two ways to prioritize calls made by WISExome. One that
expresses the quality of the call, which is directly influenced by the size of the call,
the number of genes and the amount of probe targets, and another that annotates the
call with OMIM phenotype keys. The prioritization of calls based on their score and
annotation, allows geneticists to quickly zoom in on the most likely candidate genes,
making WISExome an extremely useful diagnostic tool. To even further reduce the overall
time spent per sample for a geneticist additional filtering of calls might be done by, for
example, filtering common CNVs, or annotating calls using other databases, such as the
Copy Number Variation in Disease (CNVD) database [25], or the Database of Genomic
Variants [26].

Taken together, WISExome provides an alternative to array analysis with a quick and
easy workflow for geneticists that includes a prioritization scheme for calls that improves
the diagnostic relevance.
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Figure S1: Venn diagram of overlapping genes (left) and exons (right) when running
WISExome with three settings of pre-filtering of target regions. WISExome’s default
setting is: pruning target regions with less than 10 reference target regions, as well as
target regions that are called in more 4 training samples. Top row shows two different
settings for the number of reference targets: (1) HALF: prune target regions with less than
5 reference target regions, and (2) DOUBLE: prune regions with less than 20 reference
target regions. The bottom row shows two different settings for the number of calls in the
training set: (1) HALF: prune target regions that occur more than 2 times in the training
set, (2) DOUBLE: prune regions that occur more than 8 times in the training set.
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Figure S2: Similar to Figure S1, showing the effect of two of the pre-filtering thresholds.
Here, the calls of WISExome for all the different setting are first filtered to require overlap
with the regions detected by the array analysis. This way we can inspect how the different
filter settings influence results that overlap with the array analysis.
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Figure S3: Effect of thresholds on the minimum number of reference target regions (a)
and the maximal number of calls within the training set (b) on the number of reliable
target regions (vertical axis).
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Figure S4: Detected CNV segments for all tools for all CNVs reported by clinical geneticist
using array analysis. CNV numbers and sample identifiers match those in Supplementary
Table S1. The region is annotated by the array probes (cyan), genes (citron), exons (gray)
and target regions (pink).
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Figure S5: The same boxplot as shown in Figure 3a in the manuscript, except no cropping
was performed. Numbers inside the figure annotate the actual median for every tool.
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Figure S6: Overlap of exons affected by calls by WISExome, array analysis and either
CLAMMS, CODEX, XHMM, or CoNIFER.
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a. b.

Figure S7: Number of genes and exons affected by amplifications and deletions per tool
after thresholding. (a) Number of genes affected by calls per tool. (b) Number of exons
affected by calls per tool.

a. b.

Figure S8: Overlap of (a) genes and (b) exons affected by calls by WISExome, CLAMMS
and CODEX.

149



7

Part III, Chapter 7

a. b.

c. d.

Figure S9: Density plots for the quality scores that are generated by the different CNV
detection tools for the calls that they generate. CoNIFER is excluded as it does not
provide a quality score per region. (a) WISExome’s, (b) CLAMMS’s, (c) CODEX’s and
(d) XHMM’s quality score distributions. Every distribution is fitted with a kernel density
estimate.
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Figure S10: Effect on number of calls per sample when filtering on WISExome’s quality
score and OMIM phenotype key ≥ 3. Data is shown for all calls (gray), and for amplifica-
tions (blue) and deletions (red) separately. Light colors show the effect of applying only
the quality filter, darker colors show the amounts of calls when overlap with at least one
gene with an OMIM phenotype key of ≥ 3 is also required.

Figure S11: Plot showing the overlap in detected genes between any combination of tools.
The figure is the equivalent of Figure 4b where overlap in exons is shown instead. For a
detailed description of the figure we therefore refer to Figure 4b.
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Figure S12: The scree plot used to determine the value of the SVD variable for CoNIFER.
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SM1. Corrected significance threshold

Here we derive the used thresholds for significance.
First, we applied FWER using these settings:

α 0.05 Significance threshold
N 366795 Number of targets
w 8 Number of windows

Multiplying the probe count by the number of windows tested we obtained the total
number of tests (T ) done:

T = N · w (1)

We determined the p-value required for this number of tests:

1

T
· α (2)

Which equals to:

α

N · w
(3)

Using the numbers for our settings we obtain:

0.05

366795 · 8
= 1.7e− 8 (4)

Looking up the corresponding z-score for a two-tailed p-value of 1.7e-8 we found a corre-
sponding z-score threshold of 5.64.
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SM2. Student’s t-test with a pooled variance

This part is meant to explain the mathematical background to the segmentation algo-
rithm we applied to fine-tune the borders of detected aberrations.
For this we use the following variables:

X1 samples on the segmented region (considered to be aberrated)
X2 samples outside the segmented region (not aberrated)
m1 mean of samples of X1
s21 variance of samples of X1
m2 mean of samples of X2
s22 variance of samples of X2

We use the following formula for a t-test with unequal sample sizes and equal variance:

t− test =
(m1 −m2)

sp
(5)

where:

sp =

√
(n1 − 1)s21 + (n2 − 1)s22

n1 + n2 − 1
(6)

For X2 we sample values from the whole chromosome except for the candidate aberrated
regions. Consequently, n2 is very large in comparison to n1. This provides the rule:

n2 � n1 > 1 (7)

with this rule, we can approximate the
√

term in the denominator of the t-test (equation
S1), i.e.√

1

n1

+
1

n2

=

√
1

n1

+
1

∞
=

√
1

n1

=
1
√
n1

(8)

Now the t-test can be rewritten to:

t− test =

√
n1

sp(m1 −m2)
(9)

Rewriting sp:

sp =

√
(n1 − 1)

n1 + n2 − 1
s21 +

(n2 − 1)

n1 + n2 − 1
s22 (10)
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Again, using the rule stated in equation (S7), n2 � n1, n2 � 1, this can be approximated
as follows:

sp =

√
(n1 − 1)

n2

s21 +
(n2 − 1)

n2

s22 (11)

Using that n2 � 1, the first term disappears. The ratio in the second term equals 1.
From that it follows that the pooled variance becomes:

sp = s2 (12)

Since the non aberrated region on the chromosome is very large s2 will be nearly constant
when the segment (X1) changes size. Therefore, when maximizing the t-test sp can be
considered constant:

t∗ =

√
n1

sp
(m1 −m2)→

√
n1(m1 −m2) (13)

Our implementation maximizes the difference between the mean of the segment and all
other, not aberrated, target regions on the same chromosome, multiplied by the square
root of the length of the segment. From the deduction shown here, it follows our segmen-
tation equals optimization between two sets using the t-test.
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SM3. Settings used for other tools

XHMM: Samples supplied to XHMM (downloaded from GitHub @ 18 June, 2015) were
the same BAM files as prepared for WISExome testing. XHMM was run according to the
tutorial. The quality filter was set to Q SOME ≥ 60, as was suggested in the tutorials.
XHMM counts the read coverage per exon and employs Principal Component Analysis
(PCA) to remove most of the technical variations over a set of samples. XHMM takes
several heuristics into account such as exome-wide CNV rates, length distributions and
the distance between target regions, all of these were set to default values. XHMM could
not distinguish between training and test samples, thus allowing test samples to influence
their own results and other samples through both the PCA and sample comparisons.

CoNIFER: CoNIFER (version 0.2.2; released September 17, 2012) was provided all
samples involved in this project. Settings were kept at defaults, with the –svd variable
set to 4. Seeing the results were missing many of the known positives, we also tried run-
ning with SVD values of 2 up to and including 6 to ensure we did not misinterpret the
scree plot (Supplementary Figure S12), but these alternative settings did not change the
results significantly. Just like XHMM, CoNIFER could not distinguish between training
and test samples, thus allowing test samples to influence their own results and other sam-
ples through both the SVD and sample comparisons.

CODEX: Codex (GitHub, commit 3d40ac9 @ April 7, 2017) was run according to the
vignette and tutorials supplied. As we have a clear group of affected individuals and
controls, we used the normalize2 function which allowed us to specify the healthy control
group. CODEX appears to make many calls allowing the end user to set a threshold.
As their paper states, CODEX found significantly more calls than XHMM (2-fold) and
CoNIFER (10-fold) in their tests, our finding appears in line with the original authors
statements. As we were unable to find a suggestion for this threshold in the manual and
tutorials, we decided not to apply one to influence the results as little as possible.

CLAMMS: We ran CLAMMS (GitHub, commit 3e19892 @ April 10, 2017) with all
default settings and suggested values. Based on the readme, we applied Q EXACT ≥ 0
as a threshold. Results shown here were created using all reference data as reference set.
We did not manually pick a reference set per sample (as suggested in the readme), as this
would make results too dependent on user interaction. We tried the automated k-tree
that was also described, but using the settings shown in the examples results became far
worse, likely due to using a too small reference set per test sample.

For tools that provided a scoring per region, we plotted a distribution of these values
in Supplementary Figure S9.
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The topics presented in this thesis are already leaving their marks on health care. The
implementation of WISECONDOR is directly applied for diagnostics in medical centers
in several countries worldwide, including the Netherlands, Denmark, France and South
Korea. The tools we developed were aimed to be reliable and affordable in combination
with the technical status of lab work, sequencing, computers and related knowledge at
the time. Even if we would not spend much more research time on the topics discussed
in this thesis, diagnostics will improve over time as both sequencing and compute power
will improve.

If anything, all tools presented here were, at least partially, held back by the amount
of data available, both the number of samples as well as sequencing depth per sample.

Technical improvements

Improved sample preparations

Developing our approaches was possible because laboratory technology had changed dras-
tically by the introduction of NGS. While previously applying Polymerase Chain Reaction
(PCR) could enhance the very limited amount of DNA and therefore easily provide higher
sequencing depths, applying this technique for finding fetal aberrations in maternal cfDNA
had considerable negative consequences [1]. Mainly, the amount of copies a DNA fragment
would provide is dependent on biological factors, such as the GC content of a fragment
[2], as well as environmental specifics, such as the exact temperature distribution during
PCR reactions [3]. As a result, the amount of PCR reactions had to be reduced, otherwise
the subtle change in read depth that would indicate a fetal aneuploidy in maternal cfDNA
would be largely overruled by variations introduced by these PCR steps.

While software tools can implement sophisticated tricks (such as LOESS [4] or nor-
malized chromosome value (NCV) [5]) to minimize influences of these variations, not in-
troducing them rather than reducing them later on is preferable. If anything, reducing or
completely removing these PCR caused artifacts would make CNV detection significantly
easier, improve sensitivity and reduce additional technical effects that may be introduced
by using methods supposed to deal with PCR artifacts. Therefore, new developments on
PCR-free sequencing [6] are very promising to incorporate in NIPT, should the samples
obtained from maternal plasma be sufficient for such methods.

More coverage

When the price per sample has become widely affordable, the amount of data obtained per
sample can increase, enabling reliable diagnosis of smaller and more subtle aberrations in
the future. Basically, for all methods presented in this thesis and many methods written
by others, obtaining a higher coverage per sample improves their effectiveness directly.
The higher coverage increases the signal to noise ratio, the standard deviation of read
depth per location decreases, and sensitivity can increase without losing accuracy.
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For NIPT, methods to determine inheritance of single gene diseases [7], microdeletions
[8, 9], monogenic diseases [10], and nearly the whole fetal genome from cffDNA [11, 12],
have all been developed already. Their implementation in routine diagnostics has been
limited mainly by their costs, but the expected decrease in cost per sample will most
likely deal with this problem over time. Although other techniques and algorithms may be
developed, we can expect many of the possibilities presented by already existing methods
to become widely available in routine diagnostics in a matter of years.

More samples

As with other tools, the approaches we introduced in previous chapters (WISECONDOR
and WISExome) could become significantly more accurate, and work at higher resolutions,
if more samples were added to their reference sets. The models improve directly as
modelling read depth behavior over different samples is limited by the set of samples
provided. For example, a single sample with a significant amount of noise has a relatively
large effect on the reference if the total number of reference samples is limited. When
more samples are combined, the influence of this noise is either taken into account in
the model, assuming the noise is systematic, or cancelled out, if the noise is random.
Both situations deal with the noise appropriately, but which one is correct can only be
determined using more samples.

For SANEFALCON, having more samples would help determining the most likely
locations of nucleosomes, and reduce patient specific influences. While a higher coverage
per sample improves determination of nucleosome locations, getting a nucleosome map
based on few but high coverage samples likely brings skewed positions. Such positions
could be a set of nucleosomes that are very well defined in the set of training samples,
but would not hold for other patients, thus providing unreliable results. However, if the
set is large enough to provide nucleosome positioning information that translates well to
all patients, estimation of the fetal fraction for a sample will become more reliable. When
NIPT is routinely employed in diagnostics, the number of samples will grow extensively. If
this data is allowed to be used for training, it can directly increase the amount of training
data available, improving the results over time.

Compute power and storage

In a theoretical situation where a near unlimited amount of data per sample can be
obtained affordably, the amount of storage and compute power required to deal with
this data is not yet within reasonable levels for large scale diagnostic applications. While
current high performance compute clusters can easily be expanded to obtain more compute
power, data storage is relatively expensive, especially in medical situations. Often laws
enforce keeping medical data stored for several years after a diagnosis was completed.
Even if the data is highly compressible (or smaller), the combination of such laws and
large scale diagnostics can make storage a significant issue.
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Several companies provide services to dynamically rent CPU power and data storage.
Examples of these services are Amazon Web Services, Google Cloud Platform and Mi-
crosoft Azure. While using such services ensures enough capacity for analyzing samples,
these are generally not easily employed for medical applications. Storing sensitive data
(personal and medical) on foreign soil (outside the European Union) is generally not al-
lowed by law (Art. 76(1) NL:Wbp, Art. 45 EU GDPR), and when using third-party
compute or storage services it is not always defined or clear where specific data is stored
geographically. Then again, even if it is clear and definable, the available locations may
not always provide an option that complies with a country’s laws. Some of the companies
offering compute and storage services appear to build local compute- and data centers
around the globe [13, 14], enabling them to ensure data is stored and processed within a
country and, therefore, can theoretically be employed by diagnostics. If companies that
offer compute power and data storage can comply with local laws and are able to store and
process medical data sufficiently securely, using their services will likely become the best
approach to deal with the increasing amounts of data to be processed. Even if another
company is added to the chain of parties involved in analyses, it is likely cheaper overall
than buying and maintaining separate HPCs for different medical centers. Additionally, if
agreements on how to process data can be reached between medical centers, sharing both
hardware and software on a distributed system can streamline and reduce development
costs per center, making this is a promising solution to the ever-growing amount of data
that needs processing.

Sequencing

In NIPT, the cell free DNA fragments are relatively short [15]. Paired end sequencing at
150 bp fully covers most fragments completely, causing long-read sequencing to be of little
use. However, for CNV detection in patients directly (non-fetal CNVs), the development
of long read sequencing can prove useful. Current methods depend on the distribution of
reads in a region, and look for amplifications or reductions in the amount of reads to call
CNVs. These approaches also suffer from technical variations, requiring implementations
to employ additional models to separate biological variations from technical variations.
Long read sequencing can provide an alternative to these approaches. Instead of read
depth variations, a lengthy read (over several kilobases long) can provide the exact point
where a deletion or amplification starts and ends [16, 17], and what region it contains.
Instead of requiring high coverage, only a few reads with the breakpoints need to be
found, as they provide the required information directly rather than by their distributions.
Current paired-end sequencing methods can provide breakpoint information as well [18,
19], but only when using whole genome sequencing at high coverage, as the odds of finding
reads overlapping a breakpoint are relatively low.

When long-read sequencing becomes reliable and affordable enough, it may render
methods such as WISExome superfluous. For example, nanopore sequencing, while still
drawn back by its severe error rate in base calling [20], shows promising developments:
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using a very small device and possibly real-time sequencing, having a sequencer in a
doctor’s office to test and diagnose a patient on the spot seems not too futuristic anymore.

Additional findings

As we measure and analyze genome-wide data, any genomic variation may be detected
and lead to unexpected additional findings.

In chapter 4 we discussed a finding of what appeared to be a 10q deletion in multiple
patients. This seemed a worrisome finding at first, as the possible consequences were
unknown. After neither the mother nor the fetus showed to have the detected CNV,
we tracked the aberration back to being a side effect of a rare fragile site. This finding
is a clear example of unknown and unexpected effects of genetic variations that have,
so far, not been linked to diseases. Although diagnosing this variation has little use
directly, knowledge of how such variations can affect sequencing (and thus results) is
valuable for improving diagnosis. Without taking this finding into account, NIPT results
would recurrently falsely report a 10q deletion, bringing unnecessary worries to prospective
mothers. We can expect to find several more of such rare, yet harmless variations affecting
results.

Other unanticipated findings, although not discussed in this thesis, included the num-
ber of times we detected a trisomy of chromosome 7. Additional testing showed the fetus
was fine, but the placenta was affected. This difference is suspected to be caused due to a
so-called rescue in an early stage of the fetal development [21, 22], which is not unique for
this particular chromosome [23, 24]. Where originally all cells were affected, the subset
of cells growing into the placenta continued to be affected, while the cells that evolved
into the fetus have lost the additional copy of chromosome 7. As a result, the child is
unaffected from a genetic point of view. The affected placenta is limited in development
and causes a bottleneck in supporting the fetus’ growth [25, 26]. While it is still capable of
providing a live birth, the child may turn out abnormally small. Knowing this aberration
was in the placenta allows providing the right care for the child directly, instead of re-
quiring genetic testing to determine the cause of the child’s unusual appearance. Clearly,
while the outcome of NIPT shows an aberration that is, actually, not in the fetus, it
provides information on what to expect before giving birth. Knowing this in advance
can prevent severe amounts of stress on parents, who would feel uncertain about their
newborns health until final diagnostic results are received.

An expected, and confirmed, additional finding is that NIPT can detect CNVs in the
maternal genotype. While this knowledge brings ethical questions, such as whether or
not the patient should be informed of such findings, applying large scale NIPT also brings
genotypic information over a lot of individuals. With their consent, the results from their
tests could be used to develop a large scale CNV database with statistics on CNV regions
in apparently healthy individuals. This knowledge would enhance our understanding of
non-pathogenic variability of the human genome and can be used to determine whether
such findings should be reported or used in counseling.
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Another interesting, albeit expected, additional finding was the ability to find differ-
ences between healthy and tumor affected patients [27]. As the cfDNA used for NIPT
is a mixture of DNA fragments from many cells in the maternal body, this same sample
may include DNA from possible tumors. Applying NIPT on several hundreds of patients,
we ran into occasions where the detected CNV pattern seemed to suggest a patient had
cancer. Additionally, we ran WISECONDOR and SANEFALCON on samples that were
obtained from patients known to have certain forms of cancer. As WISECONDOR is
meant to detect lengthy but subtle CNVs, it provided a CNV profile easily identified as
a cancer pattern for samples with enough tumor DNA present. SANEFALCON showed
unexplained offsets in the distribution of reads around nucleosome positions in these sam-
ples. This offset was also sometimes observed in samples with no discernable CNV profile,
possibly suggesting this method can detect tumor DNA before its CNV pattern becomes
visible with other tools.

Unexplained findings

Sometimes a detected aberration cannot be attributed to technical mistakes, and cannot
be traced back to a biological cause in a patient. During the trial period of NIPT in
the Netherlands, one patient was found to have an unusual CNV pattern according to
WISECONDOR. The CNVs could not be confirmed in either the fetus or the mother.
While a fairly similar case by another group was suspected to be caused by a vitamin
B12 deficiency [28] (and after solving the deficiency, the CNV pattern disappeared), this
specific case was never solved. These findings suggest there might be unknown factors af-
fecting the distribution of cfDNA. It is likely that upscaling of NIPT is going to show more
of such curious cases, and additional research is required to complete our understanding
of all factors at work on cfDNA in particular.

High resolution findings

With the expectation of increasingly cheaper sequencing we can expect to reach signif-
icantly higher resolutions for routine diagnostics. This allows improved diagnostics for
patients, but also brings ethical questions for NIPT. Determination of a trisomy affected
fetus has been available through different methods for years [29, 30], making the availabil-
ity of NIPT an improvement over existing methods rather than introducing a new type
of information. However, the improving ability to test for much smaller variations [7–10]
allows testing for not only micro deletions that can significantly affect a person’s health,
but can also detect variations with no known severe effects. The genome is extensive,
and while researched a lot, many genetic variations have no know effect [31]. This limited
knowledge makes it questionable what information may need to be reported and what
should be withheld from prospective parents. Not reporting a found but unknown varia-
tion that later turns out to cause severe disabilities would mean people miss out important
information that can easily be extended with later knowledge. However, reporting every
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detected variation (and their possible effects) would flood a patients’ diagnostic report,
needlessly causing anxiety if a patient feels there is a lot wrong but does not understand
the meaning of it all [32]. Additionally, reporting all variations with their known effects
could give rise to selectively aborting fetuses with unwanted features, even if these fea-
tures are not associated with any disease. Whether or not this idea is acceptable, and
where the threshold between disabilities and healthy variations between individuals lies,
is an ethical discussion that is not within the scope of this thesis. Likely, thresholding
based on risk assessment per variation would bring a reasonable guideline, but still leaves
this approach heavily influenced by a predetermined consensus set by governing bodies.
While we are not there yet, this might be the right time to debate on what information
should or should not be reported upon testing or parental requests.

Applicability to other fields

Cancer diagnostics

As described above, and explored by other researchers [33], the tools we developed are
already able to find tumors in cfDNA. While additional research into this topic is cer-
tainly required, it seems a logical step to extend our methods and enable routine testing
for cancer from blood plasma. If implemented, high risks patients could come in at pre-
determined dates to provide blood samples. These samples would then be enough to test
whether a patient is free of cancer, or when a relapse occurs. As different types of tumors
often have their own typical combinations of CNVs, the most likely type of a tumor can
theoretically be determined from the CNV profiles obtained. Current routine checks on
patients with a possible tumor involve quite some manual work by professionals to de-
termine risk factors [34]. Experiences with NIPT as a routine test appear promising for
implementation of cancer diagnostics at a similarly large and cost-effective scale, reduc-
ing both costs and strain on medical personnel without suffering negative effects on the
quality of healthcare.

Other problems

We have shown that the idea of a within-sample comparison from WISECONDOR could
also be applied to CNV detection in whole exome sequencing data. We expect that our
within-sample comparison approach is applicable to a wider variety of problems. Likely
any sequencing or fragment count method that underwent steps similar to PCR, affecting
the absolute distribution of read depth, can be enhanced by comparing measurements
within the same sample. Although used less and less, perhaps the micro-array [35] sen-
sitivity can be improved this way, or future developments where only very specific DNA
sequences are targeted rather than WES or WGS. Another related field where within-
sample comparisons may be helpful is epigenetics [36]. Determining changes in expression
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levels of genes could be improved by normalizing measurements using expression levels
from other, comparable, genes within the same sample.

The way DNA is fragmented around nucleosomes shows possibilities for additional
diagnostics and research as well. It was recently shown that even the expression level
of genes can be linked to how stable nucleosome positions in its vicinity are [37, 38],
as activation of genes requires removal of their nucleosomes. Hence, with the approach
we employed in SANEFALCON, we could theoretically determine gene activity based
on how well nucleosomes are defined in the distribution of cfDNA. When extending this
method to include information about what sets of genes show altered activity together,
we could detect disorders previously not easily detectable using DNA only. Of course, this
type of information is also acquired through RNA sequencing, but if it can be obtained
through DNA sequencing it can prove useful when DNA information is already obtained
or required.

Closing remarks

In the introduction of this thesis, we described our aim to improve upon the existing
methods for non-invasive prenatal testing, focused on CNV detection. Considering the
results presented in chapter 1, and the wide uptake of our open-source implementation
called WISECONDOR, it is clear we met our goal. Especially the fact that our scripts
are employed directly in clinical use in several countries shows we provided a reliable
solution to a world-wide medical issue. While the later developed SANEFALCON is not
as widely adopted, the link it showed between fragment length and positioning relative
to nucleosomes confirmed it is possible to determine the fetal fraction from single end
sequencing. Additionally, it showed the processes causing fetal DNA fragments to be
shorter than their maternal counterparts are at least partly influenced by nucleosomes,
which was suspected but not yet confirmed. Ultimately, we trust the approaches we
presented find their way to scripts aimed to solve similar issues and spark development
of similar tools, either directly outperforming our implementations or to detect other
aberrations, thus significantly improving healthcare either way.
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Summary

Some genetic diseases are caused by changes in DNA that result in a different number of
copies of a particular sequence of DNA, so called copy number variations (CNVs). Con-
sequently, knowledge about CNVs in a patient enables diagnosing and providing the right
type of healthcare for such diseases. While the effects of a CNV on a patient’s health vary
strongly in severity, the effects of lengthy CNVs up to whole chromosomal copy number
changes mostly have a critical impact such as dire intellectual disability and grave mal-
formations, or even result in miscarriage because of early fetal demise. Early prenatal
detection of such genetic disorders would greatly improve the ability to prepare for the
right type of care, or, alternatively, enable prospective parents to make an informed de-
cision on whether or not to carry a child to term. The introduction of next generation
sequencing (NGS) provided us the ability to determine genetic variations from cell-free
DNA (cfDNA), a mixture of fragmented DNA from cells across the whole body (including
the placenta if pregnant) that can be extracted easily from a sample of blood. This thesis
describes how we used NGS data for early detection of CNVs that cause genetic disorders.

For early detection, we have analyzed cfDNA in maternal blood. When sampling blood
from a pregnant woman, the extracted cfDNA is partly of fetal origin. While this is a
relatively small amount (5% to 20% at 10 to 14 weeks of gestation), it can be exploited to
detect CNVs in the fetus, thereby opening doors for non-invasive prenatal testing (NIPT).
For example, a fetus with trisomy 21 (causing Down syndrome) is reflected by a slight
increase in the number of reads found from chromosome 21. Extending this approach
to other chromosomes for non-invasive prenatal testing proved significantly harder. The
distribution of DNA fragments obtained in NGS is not uniform across the genome as
technical variations cause strongly deviating read counts over different regions. While
chromosome 21 is relatively insensitive to these technical variations, other chromosomes
were found to be more prone to technical and biological effects on the distribution of reads
across the reference genome.

In this thesis, we introduce a within sample comparison method for the analysis of NIPT-
data, which we implemented in WISECONDOR. This method inspects a large set of
healthy reference samples to infer genomic regions that show similar read depth behav-
ior over different samples. When testing a sample, WISECONDOR compares the read
count of a region to several other (similarly behaving) regions within the same sample.
In doing so it provides a significance score describing how likely a region is to be part
of a CNV, while correcting for systematic variations in sequencing depth. This method
proved reliable enough to not only enable detection of trisomies other than trisomy 21, it
also showed promising results for sub-chromosomal fetal CNVs, down to approximately
10-15 megabase in size.

As extensive testing showed the method is very reliable, WISECONDOR is now used
in several medical centers worldwide for non-invasive prenatal testing. In the Netherlands
specifically, a pilot study was performed over several years that allowed women with in-
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creased risk of having a baby with significant CNVs to test non-invasively. While multiple
approaches were tested by different centers during this study, WISECONDOR showed the
most reliable results and is used for all NIPT in the Netherlands since April 1st 2017.

An issue that was left open for diagnostic applications of NIPT was whether or not a
sample had enough fetal DNA to determine any CNVs it may have. For male fetuses, this
problem could be solved using the number (and distribution) of reads mapped to chromo-
some Y, as we also implemented in an approach called DEFRAG. However, this leaves half
of the pregnancies, those with female fetuses, without any indication of the fetal fraction.
While other methods aiming to solve this issue required additional testing or paired end
sequencing, we developed an approach to estimate the fetal fraction of a sample directly
from the data already obtained for NIPT. Our solution is based on a slight difference in
the start positions of DNA fragments between maternal and fetal DNA, caused by the
DNA being wrapped around histone complexes in so called nucleosomes. This method
was implemented in SANEFALCON, a separate tool that we suggest using for quality
control in diagnostics alongside any NIPT solution one chooses to implement.

Considering how successful the approach taken in WISECONDOR was in dealing with
erratic read distributions (even changes in read depth of about 2.5% could be determined),
we altered the within sample comparison to work on (non-fetal) whole exome sequencing
(WES) data. For this type of data, the read distribution is heavily skewed toward ge-
nomic locations that are genetically coding. These targeted regions vary strongly in size
and read depth behavior, rendering straightforward CNV detection methods unreliable.
Instead of looking for lengthy CNVs with subtle changes in read effect size (as in NIPT),
we aimed to detect strong CNVs across short regions. We created an implementation
called WISExome that employs within sample comparison and we showed that it can
correctly identify sub genic (and even sub exonic) CNVs in WES data, reducing the need
for separate array analysis. This is especially useful when a CNV is suspected in a patient
where SNP information obtained through WES could not provide a final conclusion.

With the work in this thesis we show that the importance of bioinformatics in diag-
nostics is imperative. Although nowadays lots of molecular data can be obtained, the
data contains many experimental and technical variations. Drawing reliable conclusions
from this data without carefully designed statistical models is impossible. We introduced
WISECONDOR, a novel approach to normalizing data which fully relies on the data
from the sample being measured. As a result, subtle deviating values in the data can
be interpreted, improving the diagnostic value of the data significantly. Together, our
work amplifies the importance of revolutions within molecular biology on being able to
measure cellular material at an unprecedented scale. However, it also shows that true
clinical impact can only be realized when a similar revolution in computational tools is
realized to support the subsequent analysis and interpretation of the gigantic volumes of
data being generated.
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Genetische aandoeningen worden veroorzaakt door wijzigingen in het DNA. Door som-
mige van deze wijzigingen verandert het aantal keer dat een specifiek stuk DNA voorkomt
in het genoom. Wanneer het aantal keer dat een specifieke sequentie voorkomt verandert,
wordt dat een copy number variation (CNV) genoemd. Kennis over de CNVs waarvan een
patiënt drager is kan bijdragen aan het stellen van de juiste diagnose, en maakt daarmee
de keuze voor geschikte zorg of medicatie mogelijk. Het effect van een CNV varieert van
patiënt tot patiënt, maar langere CNVs (tot hele chromosomen aan toe) hebben vaak
ernstige gevolgen voor de gezondheid. Verstandelijke beperking, lichamelijke afwijkingen
of een miskraam (indien de aangedane foetus nog niet ter wereld is gebracht) behoren
tot de mogelijke gevolgen. Wanneer een foetus drager is van een CNV kan het bijzon-
der nuttig zijn dit te weten voor de geboorte. De toekomstige ouders kunnen zich dan
eventueel voorbereiden op de nodige extra zorg die het kind zal vereisen, of zij kunnen
ervoor kiezen de zwangerschap af te breken. Met de ontwikkeling van next generation se-
quencing (NGS), moderne methoden om stukjes DNA te lezen, is het mogelijk geworden
om genetische variaties te bepalen uit cel-vrij DNA (cfDNA). Dit DNA is een mengsel
van gefragmenteerde stukjes DNA uit veel verschillende cellen door het gehele lichaam
(inclusief de placenta tijdens zwangerschap) en bevindt zich in het bloed, waar het relatief
makkelijk uit verkregen kan worden. Dit proefschrift beschrijft hoe we NGS technieken
kunnen toepassen om in een vroeg stadium van de zwangerschap CNVs te bepalen die
genetische aandoeningen veroorzaken.

Voor deze vroege detectie hebben we gekeken naar cfDNA in maternaal bloed. Wan-
neer een vrouw zwanger is, blijkt het DNA dat hieruit verkregen kan worden deels foetaal
te zijn. Hoewel dit een relatief klein deel is (5% tot 20% bij 10 tot 14 weken zwangerschap),
is het voldoende om CNVs in de foetus te bepalen. Daarmee geeft NGS mogelijkheden
voor niet-invasive prenatale testen (NIPT). Zo is bijvoorbeeld een zwangerschap van een
foetus met een extra kopie van chromosoom 21 (de oorzaak van Down syndroom) te her-
kennen aan een kleine toename in het aantal stukjes DNA dat gevonden wordt van dat
chromosoom. Dezelfde aanpak in NIPT bleek helaas minder betrouwbaar voor andere
chromosomen, doordat de verdeling van DNA fragmenten die gedecteerd worden met
NGS niet geheel uniform is. Sterker nog, omgevingsfactoren tijdens het verwerken van
het DNA hebben een sterke invloed op deze verdeling, waardoor moeilijk te voorspellen
(technische) variaties ontstaan. Waar chromosoom 21 relatief weinig invloed ondervindt
van deze variaties, blijken andere chromosomen dermate sterk bëınvloed te worden dat
betrouwbare bepaling van een foetale aneuplöıdie nagenoeg onmogelijk is.

In dit proefschrift introduceren we een methode, gëımplementeerd in WISECONDOR,
om dit probleem op te lossen. Waar eerder een monster van een patiënt werd verwerkt en
de verdeling van DNA fragmenten werd vergeleken met andere patiënten waarvan bekend
was dat zij geen drager waren van een aneuplöıdie, vergelijkt onze methode het aantal
DNA fragmenten in een regio met andere genomische regio’s in hetzelfde monster. Deze
regio’s zijn eerder, op basis van een grote groep gezonde monsters, herkend als verge-
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lijkbaar in termen van fragment aantallen over verschillende monsters en momenten van
verwerking. Door elke regio met een aantal gelijkaardige regio’s te vergelijken kan be-
paald worden hoe waarschijnlijk die regio deel uit maakt van een (foetale) CNV, terwijl
de invloeden van technische variaties nagenoeg teniet worden gedaan. Niet alleen is deze
aanpak voldoende om een aneuplöıdie op andere chromosomen dan 21 te detecteren, hij
is ook betrouwbaar genoeg voor het bepalen van kleinere CNVs, tot tenminste ongeveer
10-15 millioen baseparen lang.

Na uitgebreid testen blijkt de methode erg betrouwbaar, en WISECONDOR is nu in
gebruik genomen in verscheidene medische centra wereldwijd om NIPT uit te voeren. In
Nederland is er eerst een pilot studie uitgevoerd, waarbij over een periode van enkele jaren
vrouwen met een verhoogd risico op nageslacht met significant nadelige CNVs deze niet
invasive test methode werd aangeboden. Verschillende centra testten hierbij meerdere me-
thodes, maar WISECONDOR werd in het algemeen als meest betrouwbaar beschouwd.
Sinds 1 april 2017 is NIPT beschikbaar voor alle zwangere vrouwen in Nederland, waarbij
WISECONDOR wordt gebruikt voor de analyse.

Een tot dan toe onopgelost vraagstuk was of een monster voldoende foetaal DNA be-
vat. Indien een monster nagenoeg enkel maternaal DNA bevat is het onmogelijk foetale
CNVs te detecteren. Voor zwangerschappen met een mannelijke foetus is dit probleem
relatief simpel op te lossen, deze hebben het Y-chromosoom dat de moeder niet heeft.
Het aantal fragmenten dat gemeten wordt van dit chromosoom is dan indicatief voor de
foetale fractie in het DNA. Een dergelijke methode hebben wij gëımplementeerd in een
pakket genaamd DEFRAG. Echter werkt deze oplossing niet voor ongeveer de helft van
de zwangerschappen, namelijk degenen die zwanger zijn van een meisje. Andere partijen
hebben hiervoor methodes ontwikkeld op basis van de grootte van fragmenten, of gebruik-
ten aparte laboratoriumtesten. Wij prefereerden een methode die direct op dezelfde data
werkt als al werd verkregen voor NIPT, en ontwikkelden een methode die voldoende heeft
aan sequencing data waarbij maar één zijde van de fragmenten is gemeten. Deze oplossing
gebruikt een subtiel verschil in de positie waar foetale en maternale fragmenten begin-
nen ten opzichte van de dichtsbijzijnde nucleosomen. Deze aanpak is gëımplementeerd in
SANEFALCON, een apart stukje software dat we aanraden voor kwaliteitscontrole van
NIPT monsters, te gebruiken naast de software voor NIPT zelf.

Gezien het succes van de methodiek van WISECONDOR, waarbij subtiele variaties in
fragment aantallen (tot slechts 2,5%) correct konden worden bepaald, hebben we de ge-
bruikte aanpak ook geschikt gemaakt voor (niet foetale) whole exome sequencing (WES).
Bij WES wordt middels extra stappen, tijdens het verwerken van een monster, in het la-
boratorium een selectie gemaakt van de fragmenten die gesequenced zullen worden. Deze
selectie beslaat coderende regio’s op het genoom, en levert data op met een zeer sterk sig-
naal in en rondom exonen. Omdat deze regio’s sterk variëren in plaats, lengte en gedrag
omtrent fragment aantallen zijn eerder ontwikkelde CNV detectie methoden voor whole
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genome sequencing (WGS) hiervoor nagenoeg onbruikbaar. Waar we bij NIPT op zoek
waren naar lange regio’s met subtiele verschillen in fragment aantallen, willen we bij CNV
detectie in WES data vooral korte regio’s met sterke fragment aantal variaties kunnnen
herkennen. Hiervoor hebben we een methode gëımplementeerd genaamd WISExome, die
gebruikmaakt van vergelijkbare regio’s binnen een monster om afwijkingen te herkennen,
gelijkaardig aan WISECONDOR. Deze methode was in staat correct afwijkingen, vaak
kleiner dan een gen (en soms slechts een deel van een exon), te vinden in WES data.
Hiermee kunnen kosten bespaard worden waar eerder een aparte array-analyse nodig was
omdat de SNP analyse op WES data geen definitieve uitkomst bood.

Het werk in dit proefschrift toont het belang van bioinformatica in de diagnostiek. Met
moderne technieken is het tegenwoordig mogelijk gigantsiche hoeveelheden biologische
data te verkrijgen, maar deze wordt nagenoeg altijd verstoord door de vele experimentele
en technische variaties. Direct conclusies trekken uit dergelijk rommelige data zonder
uitgebreide statistiek en geavanceerde modellen specifiek voor het gebruikte type data is
vrijwel onmogelijk. In dit proefschrift hebben we een nieuwe methode gepresenteerd om
dit soort data te normaliseren, waarbij de meeste experimentele variaties worden opge-
lost door binnen hetzelfde monster te kijken naar andere regio’s die zich vergelijkbaar
gedragen. Deze aanpak geeft dermate goede resultaten dat subtiele variaties interpre-
teerbaar worden, waarmee het de data voor diagnostieke doeleinden bijzonder waardevol
maakt. Ons werk versterkt het belang van de ontwikkelingen binnen de moleculaire bio-
logie, ontwikkelingen die het mogelijk maken om cellulaire materialen op een ongekende
schaal te kunnen meten. Het toont echter ook aan dat deze ontwikkelingen enkel klinisch
toepasbaar zijn wanneer men een soortgelijke ontwikkeling op het gebied van software
doormaakt. Zonder geavanceerde software is het onmogelijk de gigantische hoeveelheden
data die worden verkregen te analyseren en te interpreteren.
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List of Abbreviations

BrdU Bromodeoxyuridine
BWA Burrows-Wheeler Aligner
cfDNA Cell Free DNA
cffDNA Cell Free Fetal DNA
CGH Comparative Genomic Hybridization
CNV Copy Number Variation
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