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Abstract: Noninvasive prenatal test (NIPT) is a widely used screening method to detect numerical
aberrations on autosomal chromosomes with high sensitivity and specificity. However, predicting
abnormalities on sex chromosomes is much more challenging due to complicated genomic
characteristics of sex chromosomes. Turner disorder (XO) is one of the most common disorders due
to the missing of one X chromosome in females. A number of large-scale retrospective studies have
showed that the positive detection rate of Turner disorder is considerably high and the false negative
rate has not been well evaluated due to the lack of available positive Turner samples. To solve the
problem, we present a novel method to create positive Turner samples from negative samples that
can be easily obtained from NIPT testing centers. We applied the method to create 600 positive
Turner samples and examined and the performance of WisecondorX, CNVkit, and VINIPT
algorithms on the samples. Experiments show that the sensitivity of WisecondorX, VINIPT, and
CNVKit in detecting positive Turner samples are 100%, 100%, and 99.5%, respectively. We also
evaluated the performance of the algorithms on 500 negative XO samples. The VINIPT and CNVKit
algorithms have very high specificity in identifying negative XO samples (i.e., 99.8% for VINIPT
and 99.6% for CNVKit), while WisecondorX has a lower specificity of 96.8%. The study opens an
easy way for researchers to assess the performance of NIPT algorithms on screening the Turner
disorder.
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1. Introduction 46 chromosomes. The numerical chromosome
abnormalities (e.g., missing one chromosome or

Genetic tests are becoming routine tests for having an additional chromosome) result in
investigating or screening a number of diseases. different disorders. The well-known disorders
Each person has 23 pairs of chromosomes, i.e., related to autosomal chromosomes include
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trisomy 13 (Patau syndrome or having an
additional copy of chromosome 13), trisomy 18
(Edwards syndrome or having an additional
copy of chromosome 18), and trisomy 21 (Down
syndrome or having an additional copy of
chromosome 21). The numerical chromosome
abnormalities on sex chromosomes consist of
monosomy X (XO or Turner syndrome, i.e.,
completely missing one copy of X chromosome)
and trisomy X syndrome (XXX or having an
additional X chromosome) in females;
Klinefelter syndrome (having an additional X
chromosome) and Jacobs syndrome (having an
additional Y chromosome) in males.

The NIPT has been widely used for
screening numerical chromosomal abnormalities
by analyzing the cell-free DNA (cfDNA) in the
maternal blood. The NIPT is usually performed
within the 10" week and the 12" week of the
pregnancy. At that time, the amount of fetal
cfDNA accounts for around 10% of the total
cfDNA in the maternal blood. A number of
computational methods have been proposed to
detect numerical chromosomal aberrations from
the cfDNA data such as NIFTY [1], Wisecondor
[2] and its improvement WisecondorX [3],
CNVKit [4], or triSure [5]. Some of them are
commercial software and not publicly available
for testing.

The NIPT algorithms have high sensitivity
(i.e., sensitivity is the number of correctly
predicted positive samples over the number of
positive samples) and high specificity (i.e.,
specificity is the proportion of correctly
predicted negative samples out of all negative
samples) for detecting trisomy (i.e., having an
addition chromosome) on chromosomes 13
(T13), 18 (T18), and 21 (T21) [6-8]. An
intensive retro-perspective study of 146958
samples showed a sensitivity of 100% for T13,
98.24% for T18 and 99.17% for T21 [9]. The
specificity of the NIPT algorithms for detecting
trisomy on chromosomes 13, 18, and 21 is very
high, i.e., around 99.9%. The performance of the
NIPT algorithms on sex chromosomes is much
worse than that on autosomal chromosomes.
This might be due to sequencing bias of guanine

and cytosine on the sex chromosomes, a partially
loss of X chromosome in ageing women, or a
large number of homologous genes between two
sex chromosomes X and Y.

The accumulated frequency of numerical
aberrations on sex chromosomes (SCA) is
estimated to be about 1 in 500 live births.
Detecting SCA by phenotypes of fetus during the
pregnancy might be difficult, therefore, NIPT
plays an important role in screening SCA [10-
12]. The positive screening rate of SCA by NIPT
ranges from 0.66% to 0.68%; and positive
predictive rate is considerable low, i.e., between
36.9% and 40.5% [11, 12].

The monosomy X (called XO or Turner
syndrome) indicates a condition that a female
loses a chromosome X. The XO disorder affects
about 1 in 2000 live-born females [13]. The
general symptoms of XO disorder are small
stature, amenorrhea and infertility. The current
large-scale studies showed that about 0,32% of
cases are predicted to be positive with the XO
disorder [11, 12], but positive predictive value
(PPV - the ratio of truly positive cases over the
number of predicted positive cases) is very low,
e.g., only 12.5% in [12] or 21% in [11].

The specificity of NIPT on detecting
negative samples can be estimated by large-scale
retrospective studies. However, the sensitivity
(or false negative rate) of NIPT, one of the most
important indicators, is not easily measured. The
false negative samples are mainly detected based
on customer reports. It is impractical to perform
karyotypes or follow up a large number of
customers to determine false negative results of
SCA.

To date, the sensitivity of NIPT has been
typically measured from small (and not publicly
available) positive datasets. An alternative
approach to assess the sensitivity of NIPT
methods is to employ the simulation data.
Recently, we have proposed a simple
computational approach to simulate positive
samples with aberrations on autosomal
chromosomes to evaluate the sensitivity of NIPT
algorithms [14]. In this paper, we introduce a
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novel method for generating positive samples
with the Turner disorder from negative male
samples. The generated positive XO samples
were used to evaluate the sensitivity of different
NIPT algorithms.

2. Methods

2.1. Non-invasive prenatal testing pipeline

Maternal blood

Extracting cfDNA and sequencing

Short-reads in fastq format

Aligning short-reads to the reference genome

Alignment in the bam format}

Determining chromosomal abnormalities

Numerical chromosomal
aberrations

Verifying aberrations by other methods

[ Verified aberrations ‘

Figure 1. The flowchart of NIPT procedure.

The NIPT consists of both wet-lab to
sequence genomic data and bioinformatic
analyses to detect chromosomal aberrations from
short-reads data. The NIPT procedure as
illustrated in Figure 1 includes a number of
steps:

- Blood from the mother is obtained between
the 10" week and the 12" week. This step might
be re-conducted if the amount of fetal DNA in
the mother’s blood is not enough to reliably
detect chromosomal aberrations.

- ¢cfDNA in the mother’s blood are extracted
and  sequenced using  high-throughput
sequencing machines. In practice, the cfDNA are

sequenced at a low coverage, i.e., 0.1x to 1x.
Either single-end or paired-end sequencing
could be applied.

- Short-reads obtained from the sequencing
step are aligned with the reference genome to
determine their genomic locations. The
alignment file is the input for NIPT algorithms
to  determine  numerical  chromosomal
aberrations. The NIPT algorithms estimate the
percentage of fetal DNA (note that the main
proportion of short-reads come from the DNA of
mother and only a small part of the short-reads is
from the placenta of fetus). If the fetal DNA
fraction is not sufficient (i.e., smaller than a cut-
off threshold e.g., 5%), we need to re-take the
blood from the mother, re-sequence the sample
and reanalyze the data. Normally, the fetal DNA
increases with the time of pregnancy, i.e., the
fetal DNA in the mother’s blood at the 12" week
is normally more than that at the 10" week.

- The positive predictive value of the NIPT
algorithms might be low, therefore, positive
results from NIPT should be verified by other
methods such as ultrasound or Kkaryotype
examinations; and must be carefully explained
by genetic consultants for pregnant women.

2.2. NIPT algorithms

A number of algorithms have been proposed
to determine the number of copies of
chromosomes by analyzing the number of short-
reads on the chromosomes (called read
coverage). There are a number of challenges in
detecting the numerical aberrations on fetal
chromosomes. First, the number of short-reads
from the fetus accounts for only a small part in
comparison with that from the mother. Thus, it
is difficult to detect a change in the fetal DNA.
The NIPT is normally conducted with a low
coverage data, i.e., read coverage ranging from
only 0.1x to 1x. The low coverage data might
lead to the inconsistency of NIPT algorithms.
We also note that detecting aberrations on sex
chromosomes is more difficult than that on
autosomal chromosomes due to the complicated
genomic characteristics of sex chromosomes.
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The NIPT algorithms contain the main
following steps:

- Read alignment and quality control step: In
this first step, the short-reads obtained from
next-generation sequencing (NGS) are aligned
with a reference genome (e.g., the reference
GRCh37 or the reference GRCh38) using
genome alignment programs such as BWA [15]
or Bowtie 2 [16]. The alignment process ensures
that short-reads are mapped to their
corresponding genomic locations. To enhance
the accuracy of downstream analyses, a number
of quality control might be applied. These
include the removal of duplicated reads (i.e., if
some reads are mapped into the same location,
only one is kept), reads that are ambiguously
mapped to multiple genomic locations are
ignored. Eliminating such artifacts is crucial to
ensure that the downstream analyses are based
on reliable data.

- Read counting per bin step: The genome is
divided into a series of equally sized bins. These
bins can vary in size, but we should use large bin
sizes for low coverage data (e.g., 100,000 base
pairs) to ensure that each bin contains a sufficient
number of reads. The number of reads mapping
to each bin is counted from the alignment data.
The read coverage of bins provides the basis for
analyzing the aberrations on bins and
chromosomes. To improve the reliability of the
data, data correction methods such as GC-
content correction might be applied to account
for any bias in the read coverage.

- Fetal DNA percentage estimation step:
Let's denote f as the fetal DNA fraction in the
sample, representing the proportion of reads
originating from the fetus. For example, f =
10% indicates that 10% of the reads originate
from the fetal DNA, while the remaining 90% of
reads are from the maternal DNA. Different
methods have been proposed to estimate the fetal
DNA [17]. The SegFF method has high
accuracy and applicable to both male and female
fetuses.

- Statistical testing for aberrations:
Statistical tests are conducted to determine

whether the read coverage in bins of a test
sample significantly deviates from what is
expected in normal (reference) samples. To
mitigate variations of read coverage among
multiple samples, within-sample analysis
methods can be employed [2, 3]. These methods
compare a specific bin b in the test sample to a
set of reference bins located on other
chromosomes within the same test sample. The
set of reference bins of b are selected such that
they have similar behaviors or characteristics
with b. The aberration scores of bins on a
specific chromosome C are combined to
calculate an overall aberration score. This score
is often represented as a z-score, which
quantifies the extent to which the read coverage
in chromosome C deviates from the normal
expectation. If the z-score for chromosome C
surpasses a predefined threshold (either higher
or lower), it can be considered as an abnormal
chromosome. Otherwise, it is categorized as
normal.

- Aberration detection techniques: The
Wisecondor [2] uses Stouffer’s z-score sliding
window approach to segment and determine
aberrations on chromosomes. It involves sliding
a window along the chromosome, calculating z-
scores for each window, and identifying
significant deviations. The WisecondorX [3] or
CNVKkit [4] uses circular binary segmentation
algorithm [18] instead of Stouffer’s technique to
detect segment aberrations that overcomes the
running time burden of the Wisecondor
algorithm.

The WisecondorX algorithm might produce
a considerable number of false positive samples
when using the overall z-score to predict
chromosome aberrations. The NIPT algorithms
might be sensitive with reference samples used
to create their reference panels. The VINIPT
algorithm has been introduced to overcome the
limitations [14]. To achieve this, it identifies
proper reference samples and establishes
different reference panels. It also combines both
Wisecondor and WisecondorX algorithms to
decide if a chromosome is abnormal. These
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enhancements collectively help reduce the false
positive rate of the VINIPT algorithm.

2.3. Generating positive Turner samples

A normal female has two copies of
chromosome X. The female with Turner
disorder (XO) has only one chromosome X.
Specifically, a negative XO sample is a female
sample with two copies of X chromosome; while
a positive sample of XO aberration is a female
sample with one copy of X chromosome. The
percentage of live-born females with the Turner
disorder is about 0.05%, however, the positive
detection rate of XO from NIPT is normally
much higher, i.e., estimated around 0.32% [11,
12]. In other words, the positive predictive value
of XO disorder from NIPT are very low, e.g.,
only 12.5% in [12] or 21% in [11].

The positive Turner samples are rare and not
publicly available for evaluating NIPT
algorithms. This prevents the improvement of
current NIPT algorithms or the development of
new NIPT algorithms for accurately analyzing
XO aberrations. We can solve the obstacle by
creating positive XO samples from negative
male NIPT samples. We note that a negative
male sample (i.e., NIPT sample with normal
male fetus) has one X chromosome and one Y
chromosome. If we turn the negative male
sample into a female sample by removing its Y
chromosome, the obtained female sample now
has only one X chromosome and can play as a
positive XO sample. Technically, given a
negative male NIPT sample M, we remove all
short-reads in Y chromosome of M (i.e., short-
reads that are mapped to the Y chromosome) to
create a female sample M'. The sample M’ is
now considered as a female sample with one X
chromosome (i.e., having the Turner disorder).

We collected a dataset of 600 male samples
from singleton pregnancies that have clear
negative predictions from NIPT screening and
no customer reports about false results as used in
our current study [14]. The samples were
sequences by the MGI sequencing platform with

single-end reads of size 50 bps. The 600 male
samples were used to create 600 positive
samples with XO aberrations that were used to
evaluate the sensitivity of the NIPT algorithms.

We also collected a dataset of 500 negative
female samples from singleton pregnancies (i.e.,
clear negative predictions from NIPT screening
and no customer reports about false results) as
used in our current study [14] to test the
specificity of the NIPT algorithms on identifying
negative XO samples.

3. Results

First, we analyze the distribution of fetal
DNA fractions and read coverages of both
negative and positive samples (see Table 1). The
fetal DNA fractions of negative samples range
from 5.1% to 16.6% with a mean of 10.1%:;
while the fetal fractions of positive XO samples
are from 4.6% to 22.2% with a mean of 9.7%.
The mean fetal DNA fractions of the samples are
both around 10%. The negative samples contain
from 4.4 million (~0.08x) to 36.9 million
(~0.61x) of short-reads. The mean read coverage
is about 0.23x. The positive XO samples consist
of fewer short-reads (i.e., the mean read
coverage of about 0.19x).

Figure 2 illustrates the distribution of the fetal
DNA fractions of both negative female samples
and positive XO samples. The read coverages of
the samples are displayed in Figure 3.

Table 1. The distribution of fetal DNA fractions and
read coverages of negative and positive XO samples

Read coverage

Fetal DNA fraction (#short-reads)

Min | Mean | Max | Min | Mean| max

Negative
female | 5.1% |10.1%(16.6%|4.4M [14.2M| 36.9M
samples

Positive
X0 4.6% | 9.7% |22.2%|4.3M|11.6M| 35.9M

samples
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Figure 2. The fetal DNA fractions of negative and
positive XO samples.
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Figure 3. The distribution of read coverages of
negative and positive XO samples.

We examined the ability of the NIPT algorithms
on detecting negative samples. To this end,
WisecondorX, CNVkit and VINIPT were tested
on 500 negative female samples. Table 2
presents the number of true negative and false
positive samples resulted from the three algorithms.

WisecondorX correctly identified 484
negatives; and falsely assigned 16 negative
samples as positive samples. Its overall
specificity of detecting negative XO samples is
96.8%. The CNVKkit algorithm has a better

specificity than WisecondorX. It produced two
false positive samples (i.e., a specificity of
99.6%). The VINIPT algorithm could determine
499 over 500 negative samples and falsely
assigned only one negative sample as a positive
sample, i.e., its specificity is 99.8%.

Table 2. The performance of NIPT algorithms on
negative female samples

True False Specificity
negative | positive
WisecondorX 484 16 96.8%
CNVKit 498 2 99.6%
VINIPT 499 1 99.8%

We measured the sensitivity of the NIPT
algorithms on detecting positive XO samples.
The WisecondorX, CNVkit and VINIPT
algorithms were evaluated on the 600 positive
XO samples. Table 3 shows the number of true
positive and false negative samples predicted
from the algorithms. WisecondorX and VINIPT
correctly determined all positive samples, thus,
they have a sensitivity of 100%. The CNVKkit
algorithm has a lower sensitivity than
WisecondorX and VINIPT. It correctly
identified 597 positive samples and falsely
assigned 3 positive samples as negative samples,
i.e., its sensitivity is 99.5%.

Table 3. The performance of NIPT algorithms on
positive XO samples

True False Sensitivity

positive | negative
WisecondorX 600 0 100%
CNVKkit 597 3 99.5%
VINIPT 600 0 100%

We illustrate z-scores from the VINIPT
algorithm on both negative and positive XO
samples in Figure 4. We see that the negative
samples and the positive XO samples form two
different groups. There is only one negative
sample that belongs to the group of positive
samples indicating that this negative sample is
wrongly predicted as a positive sample. The
distribution of z-scores from the WisecondorX
is displayed in Figure 5. Basically, the group of
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Figure 4. The distribution of z-scores from the
VINIPT algorithm on both negative and positive XO
samples. FF indicates the fetal DNA fraction.
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Figure 5. The z-score distribution of the
WisecondorX algorithm on negative and positive
XO samples. FF indicates the fetal DNA fraction.

negative samples and that of positive samples are
separated. However, we observe a number of
negative samples that lie below the z-score cut-
off threshold of -3.3 indicating that the negative
samples were falsely assigned as positive
samples. The CNVKkit algorithm does not output
z-score information for the illustration.

4. Discussions

Screening chromosomal aberrations in fetal
genomes during the first weeks of pregnancy
plays an important in prenatal diagnosis.
Noninvasive prenatal testing based on cfDNA in
the mother’s blood has been widely used due to
its considerably high accuracy, cheap and easy
to implement in practice.

In this paper, we presented a new way to
create positive samples with the Turner disorder
from negative male samples. We might create a
positive female sample with XO aberration from
a negative female sample by removing a number
of reads on its X chromosome. To do this, we
have to estimate the fetal DNA fraction by
computational methods. The fetal DNA fraction
might be not accurately estimated, especially for
samples with low fetal DNA fractions, that
makes generating positive samples not as real as
clinical positive samples.

We created a dataset of 600 positive Turner
samples. We used the 600 positive Turner
samples to benchmark the performance of NIPT
algorithms. ~ Experiments ~ showed  that
WisecondorX and VINIPT had high sensitivity
of detecting XO aberrations. WisecondorX has
high sensitivity, however, its specificity on
determining negative XO samples needs to be
improved. The CNVkit algorithm has higher
specificity than WisecondorX, however, its
sensitivity is not as high as that of WisecondorX
and VINIPT. The VINIPT algorithm performed
well on identifying negative XO samples as well
as detecting positive XO samples.

The NIPT algorithms have very high
sensitivity on detecting positive XO samples
generated by our method. It is worth to note that
the generating positive XO samples have exactly
one copy of X chromosome. In practice, a
positive XO sample might loss a part of X
chromosome (called microdeletion) that makes
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NIPT algorithms more difficult to detect

positive XO samples with microdeletions.
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