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Abstract

Background: Non-Invasive Prenatal Testing (NIPT) is a technique that allows pregnant
women to screen for chromosomal abnormalities in their developing fetus with-

out the need for invasive procedures like amniocentesis or chorionic villus sampling.
However, current methods to detect anomaly from maternal cell-free DNAs (cfDNAs)
that are based on the sequence read counts calculating z-scores face challenges

with false positives and negatives. To address these challenges, we aimed to develop

a novel NIPT algorithm named KF-NIPT, which is derived from the initials of k-mer

and fetal fraction used in its development with the goal of significantly improving
accuracy.

Results: We developed a KF-NIPT, a new algorithm that estimate chromosomal
anomaly by calculating K-mer-based sequence depth and fetal fraction from the whole
genome sequencing (WGS) data. Moreover, we implemented a modified preprocess-
ing pipeline for the WGS data, correcting the biases of the genomic mapping quality
and the GC contents. The performance of our method was evaluated using publicly
available NIPT data. We could demonstrate that our method has better accuracy

and sensitivity compared to those of the previous methods.

Conclusions: We found that using k-mer and fetal fraction reduces errors in NIPT

and have integrated this into a pipeline, showing that the traditional read count-based
z-score method can be improved. KF-NIPT is implemented in the R and Python envi-
ronment. The source code is available at https://github.com/eastbrain/KF-NIPT. KF-NIPT
has been tested on Ubuntu Linux-64 server and Linux-64 on Windows using a WSL
(Windows Subsystem for Linux).
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Introduction

Non-invasive prenatal testing (NIPT) is a technique that allows pregnant women to screen
for chromosomal abnormalities in their developing fetus without the need for invasive pro-
cedures like amniocentesis or chorionic villus sampling. It sequences the cell-free DNA
(cfDNA) circulating in the mother’s bloodstream, which includes a small amount of DNA
from the developing fetus [1]. This cfDNA can be analyzed for chromosomal abnormalities,
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providing valuable information about the fetus’s health. NIPT can be performed as early as
10 weeks of pregnancy, offering earlier detection of common chromosomal abnormalities
like Down syndrome (trisomy 21; T21), Edwards syndrome (trisomy 18; T18), and Patau
syndrome (trisomy 13; T13).

In NIPT, a whole-genome sequencing (WGS)-based approach has been suggested to be
more sensitive than other sequencing methods [2]. Moreover, as the cost of WGS continues
to decrease, it could become more routinely used in clinical practice. Chromosomal anom-
alies are usually determined by z-score-based calculations of aberrant sequence depths [3].
To detect chromosomal abnormalities through WGS data analysis, z-score-based methods
such as WisecondorX [4], RAPIDR [5], NIPTeR [6], and NiPTUNE [7] have been suggested.
In addition, k-mer-based analysis has been introduced for WGS data analysis. For example,
a NIPTmer [8] relies on counting pre-defined per-chromosome sets of unique k-mers from
the raw sequencing data, applying a linear regression model to the chromosome-specific
k-mer counts of each studied sample, and comparing the predicted and observed k-mer
counts. Recently, the accuracy of NIPT analysis has been improved by calculating the fetal
fraction of cfDNA [9], and a method combining z-score and fetal fraction calculations
showed better performance compared to the z-score-based estimation of anomalies from
NIPT data [10]. However, these methods are highly affected by outlier data because they
use mean values across variable sequence depths. Moreover, these methods primarily con-
sider sequences mapped in the coding regions, leading to false positive, false negative, and
unclassified results [11].

To overcome the limitations of previous methods, in this study, we developed a new
method, KF-NIPT, which combines k-mer-based anomaly estimation and fetal fraction
calculation to detect chromosomal anomalies from WGS-based NIPT data, improving
the false positive and false negative rates of existing analysis tools. Additionally, genomic
mapping of WGS can be highly affected by the processing steps of the raw data [12]. For
this reason, we also implemented a processing pipeline for the raw WGS data in KF-NIPT.
WGS processing was optimized for NIPT data, with filtering for higher genome mapping
quality and correction for GC content bias across the whole genome. We demonstrate that
KE-NIPT significantly improves the accuracy of detecting chromosomal anomalies from
WGS data in NIPT.

Implementation

Processing of WGS data

KE-NIPT is comprised of the pipelines, including the raw WGS data processing and cal-
culation of the KF-scores. We implemented a processing pipeline for the raw WGS data in
the KE-NIPT (Fig. 1A, upper). WGS processing was optimized for NIPT data, filtering with
higher genome mapping quality and correcting the bias of GC content across the whole
genome (Supplementary Text S1). As a result, the DNA read fragments were mapped to
the genome and piled up, ultimately generating a BAM file in binary format containing the
mapping information.
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Fig. 1 KF-NIPT workflow and performance test. A Diagrams indicate WGS data processing pipeline (top) and
trisomy detection pipeline (bottom) in KF-NIPT. B Pseudocode (feft) for k-mer count calculation along with

diagram (right)

KF-NIPT score

In KF-NIPT, we provided a trisomy detection pipeline using KF-scores (Fig. 1A, lower).
The KE-scores for estimating chromosomal anomalies were calculated based on modi-

Precision Accuracy  ==@==F1-Score

fied Z-scores and fetal fraction, according to the following calculation sequence:

K-mer count: The k-mer sequence is obtained by moving along the sequence for a
user-specified k-mer length on NGS fragments. The k-mers (short DNA sequences of
length ‘K’) counting is calculated from a set of sequence reads from a specific chromo-

some (Fig. 1B).

Normalized K-mer Count Value (KCV): We applied normalized K-mer count value.
The K-mer count is normalized by the median value of K-mer counts for each autosomal

chromosome size, calculated as follows:
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k—mercount
lengthofchr (i)

KCVchr(i) =

. k—mercount .y, ,
medmn(WChr(n;)fom = 1t022)

Fetal fraction: The fetal fraction was calculated using the SeqFF method [13], which
calculates fetal fraction from low-depth sequencing data by employing the elastic net
(Enet) and weighted rank selection criterion (WRSC) methods. However, as SeqFF
does not provide analysis for mapped BAM files, we implemented that functionality in
KE-NIPT.

KF-score: To enhance the accuracy of the z-score method, we utilized a modified
X—p
o
count per chromosome, ¢ represents chrosmome readcount strandard deviation. The

modified z-score is calculated asMZ; = 0‘6745%;32%”“00), where X; represents the tar-

z-score. The z-score is calculated as Z =

x represents read count, y average read

get data, X represents the dataset, median(X) denotes the median of the dataset, and
MAD(X) signifies the Median Absolute Deviation of the dataset. Building upon this
approach, we devised the KF-score for trisomy detection using KCV and fetal fraction,
calculated as follows:

0.6745 x (I(CVCh,(i) — medianka,)
median((|KCVChr(n) — medmnkcv|)forn = 1t022) X fetalfraction

KF — scoreg, ;) =

Here, KCV,,; represents the KCV for chromosome i, median,, denotes the median
of all KCV across chromosomes 1 through 22. The formula computes the modified
z-score for each chromosome, normalizing by the median absolute deviation of KCV
across all autosomal chromosomes, and scaling by the fetal fraction.

Results

The performance of our method was evaluated using publicly available NIPT data from
NCBI (https://www.ncbi.nlm.nih.gov/bioproject). WGS data for 3200 NIPT samples
(Chinese-NIPT; PRJNA400134) were obtained as test data. However clinical informa-
tion, including trisomy diagnosis of Chinese-NIPT data, was not available. Thus, we uti-
lized in vitro generated data from the T21 and T18 cell lines (GM04616 and GM01359)
as reference data (Belgian-NIPT; PRJNA433107), which includes 8 samples with T21
fraction ranging from 0%, 5%, 10%, 15%, 20%, 25%, 30%, and 100%. The raw sequencing
data (n=3208) were processed using our WGS pipeline (see to details Supplementary
Note 1).

We constructed simulation datasets for T21, T18, and T13 trisomies for performance
testing as trisomy labels were absent. Initially, we formed a pool of 500 random samples
from the Chinese-NIPT dataset. From this pool, 45 samples were randomly selected,
ensuring that their NCV ., values were equal to or lower than those of the 0% T21
sample (SRR6676168) from the Belgian-NIPT. Subsequently, samples with standard
deviations (SDs) of NCV 4,51, NCV 4,13 and NCV ;¢ less than 0.05 were designated as
the control dataset (Supplementary Table 1).

To construct the case dataset, first, we selected reference samples for T21, T18, and
T13, considering that NCV values exhibited a negative correlation with trisomy frac-
tion. Indeed, NCV,,,; showed a negative correlation (r=-0.98) with T21 fraction
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(Supplementary Fig. 1 and Supplementary Table 2). Utilizing these correlations, we chose
samples SRR6676161 (T21, NCV 4,,;=0.79; T13, NCV,13=0.73) and SRR6676163
(T18, NCV 4,15=1.00) from Belgian-NIPT dataset as reference for each trisomy. Sub-
sequently, we selected 24 samples (T21, n=9; T18, n=10; T13, n=5) with NCVs higher
than those of the reference samples from the Chinese-NIPT dataset. In addition, as
the Belgian-NIPT dataset was derived from the T21 and T18 cell lines (GM04616 and
GMO01359), Belgian-NIPT samples, excluding the reference sample, were included in the
case samples of T21 and T18, respectively (Supplementary Table 2, 3).

Next, to assess whether the KF-score can enhance accuracy in detecting trisomy, we
conducted a performance comparison between the KF-score and previously established
NIPT analysis tools, including NIPTmer, Wisecondor (v.2.0.1), WisecondorX (v.1.2.5),
RAPIDR (v.0.1.1), CNVKkit (v.0.9.9), and NIPTeR (v.1.0.2). We calculated z-scores for
T21, T18, and T13 using our simulation datasets and applied a z-score cutoff of 3 for tri-
somy prediction. As a result, KF-NIPT and RAPIDR demonstrated higher performance
compared to the other tools (Table 1 and Supplementary Fig. 2). However, RAPIDR only
works with the GRCh37 human reference genome and in the R environment. In con-
trast, KF-NIPT supports the latest human reference genome (GRCh38) and works in
both the R and Python environments.

Conclusions

In conclusion, we have developed a novel method called KE-NIPT for detecting chro-
mosomal anomalies from WGS-based NIPT data. KF-NIPT combines k-mer-based
anomaly estimation and fetal fraction calculations. By implementing a processing

Table 1 Result of the performance test for 721,T18,and T13

Trisomy Tool Sensitivity Specificity Precision Accuracy F1_Score

T21 KF-NIPT 1 1 1 1 1
RAPIDR 1 1 1 1 1
WisecondorX 1 0.98 0.94 0.98 0.97
NIPTmer 1 0.98 094 0.98 0.97
Wisecondor 0.75 1 1 0.94 0.86
NIPTeR 0.38 0.98 0.86 0.82 0.52
CNVkit 0.75 0.26 0.15 033 0.25

T18 KF-NIPT 1 1 1 1 1
RAPIDR 1 1 1 1 1
WisecondorX 1 1 1 1 1
NIPTmer 1 1 1 1 1
Wisecondor 1 1 1 1 1
NIPTeR 041 1 1 0.84 0.58
CNVkit 0 0.85 0 0.69

T13 KF-NIPT 1 1 1 1 1
RAPIDR 1 1 1 1 1
WisecondorX 1 1 1 1 1
NIPTmer 0.6 1 1 0.96 0.75
Wisecondor 0.8 1 1 0.98 0.89
NIPTeR 0 1 09
CNVKkit 0 0.77 0 0.69
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pipeline optimized for NIPT data and utilizing a modified z-score approach, KE-NIPT
significantly improves the accuracy of trisomy detection. We suggest that utilizing the
KE-NIPT can help the detection of chromosomal anomaly more accurately.

Abbreviations

NIPT Non-invasive prenatal testing
KF K-mer and fetal fraction

cfDNAs  Cell-free DNAs

WGS Whole genome sequencing
WSL Windows subsystem for linux
NCV Normalized chromosomal value
KCV Normalized K-mer count value
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