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Abstract

Background: Variable number tandem repeats (VNTRs) are highly polymorphic DNA
regions harboring many potentially disease-causing variants. However, VNTRs often
appear unresolved (“dark”) in variation databases due to their repetitive nature. One
particularly complex and medically relevant VNTR is the KIV-2 VNTR located in the car-
diovascular disease gene LPA which encompasses up to 70% of the coding sequence.

Results: Using the highly complex LPA gene as a model, we develop a computational
approach to resolve intra-repeat variation in VNTRs from largely available short-read
sequencing data. We apply the approach to six protein-coding VNTRs in 2504 samples
from the 1000 Genomes Project and developed an optimized method for the LPA
KIV-2 VNTR that discriminates the confounding KIV-2 subtypes upfront. This results

in an F1-score improvement of up to 2.1-fold compared to previously published strate-
gies. Finally, we analyze the LPAVNTR in> 199,000 UK Biobank samples, detecting > 700
KIV-2 mutations. This approach successfully reveals new strong Lp(a)-lowering effects
for KIV-2 variants, with protective effect against coronary artery disease, and also vali-
dated previous findings based on tagging SNPs.

Conclusions: Our approach paves the way for reliable variant detection in VNTRs
at scale and we show that it is transferable to other dark regions, which will help unlock
medical information hidden in VNTRs.

Keywords: Variable number tandem repeat, VNTR, Lp(a), Dark genome region,
Medically relevant gene, Whole-exome sequencing, UK Biobank, Nextflow
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Background

Variable number tandem repeats (VNTRs) are frequent and highly polymorphic struc-
tural variants in the human genome consisting of repeated DNA sequences (> 7 bp) with
a variable number of units among individuals [1]. VN'TRs show an increased mutation
rate compared to unique sequences in the genome and can be located in disease-causing
genes [1, 2]. Since the complex and repetitive structure of VNTRs prevents unambigu-
ous alignment of short reads and thus variant detection [3], VNTRs hide a consider-
able amount of medically relevant genetic variation from conventional sequencing
approaches [4—6]. Elaborated mapping and variant calling approaches have allowed
remarkable progress in resolving variation in these challenging gene regions, but some
genes still cannot be resolved using these generalized approaches [4-7]. Previous work
has identified dark or “camouflaged” regions which have been overlooked by standard
approaches and outlined algorithms on how to resolve them [3, 8].

One important but still unresolved medically relevant VNTR [8] is located within the
LPA gene. LPA controls>90% of the plasma concentrations of lipoprotein(a) [Lp(a)] [9],
which is likely the most important genetic risk factor for cardiovascular disease (CVD)
in the general population, increasing CVD risk up to threefold [10]. LPA contains 10
highly homologous kringle IV (KIV) domains (Fig. 1A), whereas the KIV-2 domain
represents a VN'TR (Fig. 1B) with up to 40 repeats per allele [11]. It can encompass up
to 70% of the LPA coding sequence [12]. Each KIV-2 unit is ~5.6 kb large, creating an
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Fig. 1 A LPA gene structure: each kringle domain (KIV-1 to KIV-10 and KV) consists of two exons and the
protease domain of 6 exons. In both reference genome assemblies hg19 and hg38, the KIV-2 VNTR (green)
is represented with 6 KIV-2 repeats, one being a KIV-2B. In 10,927 Central-European individuals from [13],
the average, minimum, and maximum number of KIV-2 units measured at the protein level in plasma
using Western Blot were 20, 2, and 36 KIV-2, respectively. B LPA KIV-1 to KIV-3: the numbers 1 and 2 in each
KIV domain stand for exon 1 and exon 2, respectively. KIV-2 exons 1 and 2 are 160 bp and 182 bp long,
respectively. The reference genome sequence shows 100% identity between the exon 2 sequence of KIV-1
and KIV-2 domains (blue) and between exon 1 sequence of KIV-2B and KIV-3 (purple) [2] (see the Introduction
for more explanation of these homologies). C Alleles of the so-called KIV-2B canonical positions in different
KIV domains: in the reference genome, KIV-2B and KIV-3 differ from the more frequent KIV-2A by the three
PSVs in exon 1 at positions 14, 41, and 86 and about 100 intronic positions. In KIV-2C, positions 14 and 41 are
identical to KIV-2B and position 86 is identical to KIV-2A

Page 2 of 25



Di Maio et al. Genome Biology (2024) 25:167 Page 3 of 25

~200 kb large VNTR array, and a variant present in only one repeat may show as little as
1/80=1.25% fractional representation. Each KIV domain is encoded by two short exons
(mostly 160 bp and 182 bp), spaced by a mostly = 4 kb intron. A ~1.2 kb intron links
the single KIV domains. The exons of the KIV-2 present up to 98% base identity to the
respective exons of the flanking KIV units, especially KIV-1 and KIV-3 [2]. The second
exon of KIV-1 is identical to the second KIV-2 exon and ~70% homology is observed
even within the first 200 intronic bases flanking the exons. This complicates the defini-
tion of the VNTR boundaries, read alignment, and mutation detection. Moreover, the
KIV-2 domain exists in at least three nearly identical subtypes (denoted by KIV-2A, B,
and C), which differ in the haplotype of three synonymous variants, as well as of >100
intronic variants [11] (Fig. 1C). The first exon of KIV-2B is identical to the first exon
of KIV-3, while the respective second exons show 96% base identity. Misaligned reads
belonging to other KIV-2 subtypes or to other highly homologous KIV units (like KIV-1,
KIV-3, KIV-4) [2] can create spurious variant calls originating from sequence differences
between the domains (paralogous sequence variants, PSVs [8]).

These multiple complexities impair mutation screening in LPA, which thus appears
unresolved (“dark”) in available variation databases [2, 3], and even led to its exclusion
from the latest benchmark datasets on variation in complex genome regions [4-7]. To
circumvent these difficulties, we have previously sequenced the KIV-2 repeats using tar-
geted KIV-2 amplicons that amplify only the KIV-2 units in a highly specific manner
[2] (Fig. 2A). After deep sequencing, all reads from these amplicons have been aligned
to one KIV-2 repeat and KIV-2 mutations called as low-level mutations, excluding con-
founding reads from homologous regions. This showed that the KIV-2 region is highly
variable [2, 12, 14, 15] and that even highly frequent functional variants had been long
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Fig. 2 Variant calling in the KIV-2 VNTR of the LPA gene. A Targeted KIV-2 sequencing approaches selectively
amplify all KIV-2 repeats by leveraging the high inter-repeats homology and exclude other kringles (I).

All KIV-2 reads are aligned to a single KIV-2 reference repeat and KIV-2 mutations are called as low-level
mutations (Il). B In WES or WGS data, KIV-2 reads are mixed with reads originating from other kringles and
homologous regions (I). When aligning the reads to a single KIV-2 reference repeat for variant calling as in
previous approaches [2], reads that are nearly identical to KIV-2 can align and cause spurious variant calls (Il)
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missed due to their location in the KIV-2 VNTR (4925G > A [12], carrier frequency
~22%, and 4733G > A, carrier frequency ~38% [15]).

In this paper, we combine previously described approaches [3, 8] and provide a com-
putational approach to call variants in VNTRs from short-read sequencing data at scale
using the highly complex KIV-2 VNTR in LPA as an ideal candidate for set-up and
benchmarking. We then successfully applied this approach to the 1000 Genome WGS
data of five other medically relevant VN'TRs (NEB, DMBT1, FLG, SPDYE3, and UBC) [8,
16]. The NEB gene has been associated with different kinds of myopathies [17] and con-
tains one of the longest VN'TR repeat units of the human genome (> 10 kb) [8]. DMBT1,
FLG, SPDYE3, and UBC encompass protein-coding VNTRs and have been associated
with various traits including familial glioma [18], atopic dermatitis [19], refractive errors
[20], and HDL cholesterol [21], respectively.

The extensive homologies across the LPA gene and between the KIV-2 subtypes pose
additional complexities to variant calling in the KIV-2 VNTR from whole-genome
sequencing (WGS) or whole-exome sequencing (WES) data, since they contain reads
from all KIV units. They are thus particularly prone to spurious variant calls caused by
incorrectly aligned reads originating from homologous KIV units and/or from differ-
ent KIV-2 subtypes (Fig. 2B). We used our highly specific amplicon-based dataset [2]
as a gold-standard to evaluate and improve variant calling in the LPA KIV-2 VNTR
from WGS or WES data. To this end, we devised a strategy to improve the accuracy
of LPA KIV-2 variant calling by leveraging specific PSVs to inform the optimal variant
calling strategy in a dynamic sample-specific manner. Finally, we applied this strategy
to>199,000 WES samples from UK Biobank providing the so far largest analysis of the
LPA KIV-2 VNTR.

Results

We present a computational approach to resolve intra-repeat variation in VNTRs from
short-read sequencing data, and, in particular, in the LPA KIV-2 VNTR, which is a par-
ticularly difficult target due to the presence of highly homologous domains flanking the
VNTR region. We leveraged our previous LPA work [2, 12, 14, 15, 22, 23] to provide
a general, easy-to-use computational workflow to call base variation in VNTR repeats
and to specifically resolve variation within the complex LPA KIV-2 VNTR. Our work-
flow isolates the reads of the targeted VNTR and we applied it without adaptations to
5 other protein-coding VNTRs (NEB, DMBT1, FLG, SPDYE3, and UBC) in 2504 sam-
ples from the 1000 Genome Project (1kGP). Our experiments in the LPA gene revealed
that differences in the read extraction strategies can strongly affect the variant calling
performance, with more stringent coordinates leading to the most accurate results.
Moreover, we exemplify the use of SNPs in the flanking non-repetitive region to identify
KIV-2 VNTR subtypes on an individual basis and dynamically adapt the VNTR reads
identification.

Computational workflow for variant calling in VNTRs

The input of our workflow (Fig. 3) are files where all WES/WGS reads are pre-aligned
to the human reference genome in BAM format. All reads mapped to a user-defina-
ble VNTR region-of-interest (VNTR ROI) are extracted and remapped to a reference
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Fig. 3 Workflow of the variant calling approach in VNTR regions from short-read sequencing data: the input
file is provided in BAM format, with reads aligned to the reference genome (step 1); the region of interest
(ROI) defined by the user (provided as, e.g., BED file) is selected (step 2); the VNTR reads are extracted from
the provided ROI (step 3); the extracted reads are realigned to one reference repeat (step 4) for variant
calling with mutserve (step 5), resulting in a VCF output file that can subsequently be annotated (see GitHub
repository in the Availability of data and materials section)

sequence consisting of one single repeat unit. Variants in single VN'TR units are then
present only in a subset of reads, resembling somatic mutations, and are thus called
using our mutserve variant caller [2, 24] with optimized settings for low-level variant
detection (Methods). For a simplified and scalable application to user-defined VNTRSs,
the pipeline has been implemented using the Nextflow workflow manager [25].

Construction and benchmarking of the variant calling workflow using the LPA KIV-2 VNTR
We generated WES data for two datasets (dataset A, dataset B), with known KIV-2 vari-
ant patterns from our previously established KIV-2 variation dataset [2] (referred to as
gold-standard. See Methods for a brief description of the gold-standard generation). We
performed two independent sequencing experiments (experiment-1 and experiment-2)
using different exon enrichment chemistries (AgilentSure Select v6 kit and v8 kit). Data-
set A (n=8) was sequenced in both experiments and was used for the pipeline setup.
Dataset B (n=16) was sequenced only in experiment-2 and was used for benchmarking
purposes (Fig. 4). The KIV-2 target region in our experiments spans 100 bp upstream
and downstream of each of the two KIV-2 exons. In our gold-standard dataset, the num-
ber of coding KIV-2 variants per sample ranged from 4 to 24 in dataset A and from 2 to
17 in dataset B (Additional file 1: Table S1). About 80% of Europeans contain KIV-2B
units, which can be recognized based on the distinctive haplotype at the canonical posi-
tions 14, 41, and 86 of KIV-2 exon 1 (corresponding to positions 594, 621, and 666 in our
reference sequence). Two samples of dataset A and ten samples of dataset B were classi-
fied as non-KIV-2B samples. Datasets A and B served as data for setup and benchmark-
ing of our workflow. In particular, the enrichment for non-KIV-2B samples in dataset B
allowed the investigation of strategies to account for the presence/absence of KIV-2B
subtypes in the variant calling workflow for the KIV-2 VNTR.

First, we tested a naive KIV-2 variant calling approach by aligning all available WES
reads to a single KIV-2 repeat. However, due to the extensive homologies of the KIV-
2, also many other reads from other kringles and other homologous regions (e.g., PLG,
LPAL2) aligned unspecifically and generated spurious variant calls originating from
PSVs [8]. In experiment-1 of dataset A, over 200 false positive variants per sample were
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Fig.4 From the previously generated KIV-2 variation dataset with known KIV-2 variants [2] (1), we selected

8 samples (dataset A) for the setup of our KIV-2 variant calling pipeline in exome data and 16 samples
(dataset B) for benchmarking (Il). Subsequently, we generated WES data (Ill) in two sequencing experiments
(experiment-1 and experiment-2), using two different exon enrichment kits, namely Agilent SureSelect v6 kit
(experiment-1) and v8 kit (experiment-2). Dataset A was sequenced in both experiments, and the obtained
WES data are called dataset A experiment-1 and dataset A experiment-2. Samples from dataset B were
processed only in experiment-2 (v8 kit)

called (Additional file 1: Table S2). This suggested that it would be necessary to restrict
read extraction to the KIV-2 VNTR. However, the KIV-2 VNTR resembles a degen-
erated VNTR array, with a rather conserved core VNTR region (the KIV-2 domains),
flanked by highly similar domains (KIV-1 and KIV-3). Additional complexity is added by
the facts, that the exons of the KIV-2B units (which are located within the KIV-2 VNTR
array) are identical to the KIV-3 (which flanks the VNTR array) and that KIV-2B units
are not present in all human individuals. This has led to varying definitions of the VNTR
region across literature [2, 3, 8, 26]. We therefore systematically assessed the KIV-2 vari-
ant calling performance of 9 different regions-of-interest to extract KIV-2 reads (ROI-1
to ROI-9) using both experiments of dataset A (Fig. 5). The ROIs where selected either
from our own previous research [2], from literature [3, 8], or represented various curated
combinations thereof (Additional file 1: Table S3). The combinations where designed
manually taking into consideration the various homologies described in the introduc-
tion and resulting in possible read mismappings (see below).

Variations in the extraction region impacted the F1l-score (F1), which describes the
harmonic mean of precision (true positives/(true positives + false positives)) and sensi-
tivity (true positives/(true positives + false negatives)) [27]. Thus, F1 reflects both false
negative and the false positive calls and performs well in unbalanced datasets. A higher
F1 score indicates better performance. Overall, the F1 ranged from 5 to 100% for exper-
iment-1 and from 4.5 to 100% for experiment-2 (Additional file 1: Table S4). Strategy
ROI-1, where reads were naively extracted from the complete LPA region, led to a very
low mean F1 of ~15% in both sequencing experiments, mainly driven by the high rate of
false positive variants. The KIV-1 and KIV-3 domains share the highest homology with
KIV-2 [2] and are therefore more likely to sequester KIV-2 reads in the initial alignment
step. Thus, some of our tested strategies (ROI-2 to ROI-7) include various combinations
of KIV-1 and KIV-3 regions. The strategies ROI-2 and ROI-3 were previously used by
Ebbert et al. [3] and by Mukamel et al. [8]. Compared to ROI-1, using ROI-2 to ROI-7
already considerably improved the variant calling by excluding all other kringles and the
mean F1 in dataset A ranged from 31.0 to 70.1% (Table 1 and Additional file 1: Table S4).
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Fig. 5 Region of Interest (ROI) for KIV-2 read extraction from aligned WES data. The LPA gene is represented
from KIV-1 to KIV-3 in transcription direction and not at scale for clarity. The KIV-2 VNTR is represented with

6 repeats as in the reference genomes hg19 and hg38, with the third repeat in the transcription direction
being a KIV-2B unit. The other KIV-2 units are KIV-2A (in each unit, the first exon is represented in yellow, the
second exon in blue). The KIV-2B unit in the VNTR is highly homologous to the KIV-3, which flanks the KIV-2
VNTR, showing the same first exon (purple) and 96% homology in the second exon. Additionally, all second
KIV-2 exons are identical to the second KIV-1 exon (blue, see also the supplementary Fig. 12 of ref [2] for a
detailed per-base identity matrix). In the first 200 intronic bp flanking each exon, 70-100% per-base identity
is observed between KIV-1, KIV-2, KIV-2B, and KIV-3. Thus, minor differences in the ROl used for read extraction
can extract highly homologous reads that create spurious variants if aligned to only one repeat as done in
this variant calling pipeline. ROI-1 extracts reads from the complete LPA region (from KIV-1 to the protease
domain, represented by an arrow). ROI-2 to ROI-9 progressively restricts the extraction region to the KIV-2
VNTR only. Since the KIV-2B appears fixed in the human genome reference, ROI-2 (previously published in [3])
and ROI-5 do not extract reads mapped to the KIV-2.2 exon 2 and KIV-2.3 subtype B, while ROI-6 and ROI-9 do
not extract reads mapped to the KIV-2.3 subtype B. In combination with the presence or absence of KIV-2B
units in the sequenced sample, this creates different spurious variant calls in a sample-specific manner. The
size of the regions enclosed by each ROl is provided as bp between the start and end coordinates on hg38.
Precise coordinates are provided in Additional file 1: Table S3

Table 1 Fi-score (%) in dataset A experiment-1 and experiment-2 for each tested ROI strategy
expressed as mean = standard deviation (SD) and as median (minimum-maximum). ROI-8 shows
the highest F1 mean in both experiments. The high standard deviation is explained by the high rate
of false positive variants in the non-KIV-2B samples, which range from mean =0 with ROI-9 (both
experiments 1 and 2) to mean= 152 and mean = 164 with ROI-1 (experiments 1 and 2, respectively).
See Additional file 1: Table S4 for performance metrics at the individual level

Dataset A experiment 1 (in %) Dataset A experiment-2 (in %)

Mean£SD Median (min-max) Mean+SD Median (min-max)

ROI-1 15.7+£6.3 .8 (5.0-25.7) 149+6.3 .2 (4.5-24.6)
ROI-2 42.7+207 43.2(154-85.7) 309+157 303 (11.8-62.5)
ROI-3 683+21.7 74.7 (28.6-98.0) 69.6+236 75.7 (29.6-98.0)
ROI-4 62.14+219 684 (21.1-80.0) 6164229 68.0 (21.6-91.4)
ROI-5 68.3+21.7 74.7 (28.6-98.0) 68.0+24.2 74.6 (24.0-98.0)
ROI-6 683+£217 74.7 (28.6-98.0) 7014232 76.7 (30.8-98.0)
ROI-7 683+21.7 74.7 (28.6-98.0) 69.9+23.7 76.7 (29.6-98.0)
ROI-8 819+224 95.0 (40.0-100.0) 8444201 96.5 (42.1-100.0)
ROI-9 5934283 52.6 (25.0-100.0) 53.0+27.9 435 (25.0-100.0)

When extracting only reads strictly mapped to the KIV-2 VNTR (ROI-8), without flank-
ing regions, the mean F1 further improved to 81.9% for experiment-1 and to 84.4% for
experiment-2. This suggested that the region of extraction has a major impact on variant
calling and that more stringent coordinates, limited to the VNTRs start and end coordi-
nates, reduce the false positive calls and improve the variant calling performance. Nev-
ertheless, the results of ROI-8 still showed a large variance at individual level in both
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experiments, with standard deviation (SD) of 21.5-24%. Therefore, we further investi-
gated potential stratifications within our datasets.

Accounting for repeat subtypes improved variant calling in the LPA KIV-2 VNTR

In the reference assemblies hgl9 and hg38, the KIV-2 VNTR region is represented
with 6 KIV-2 repeats, which are 5 KIV-2A units but only one KIV-2B. Thus, the KIV-
2B repeat subtype erroneously appears fixed and in a single copy, while at the popula-
tion level the intra-individual frequency of KIV-2B units changes widely, and even many
“non-KIV-2B individuals” exist, which carry zero KIV-2B repeat units [2, 9, 26]. We
noticed that ROI-8 performed best only in KIV-2B individuals with a F1 between 94.2
and 95.0% for both experiments. In non-KIV-2B individuals, the mean F1 dropped to
45.0% for experiment-1 and to 52.3% for experiment-2 and resulted in a high number
of false positive variants (Table 2). Compared to ROI-8, ROI-9 does not extract reads
mapped to the first exon of the KIV-2B repeat. Since no true KIV-2B reads exist in non-
KIV-2B individuals, the reads that are aligned in these individuals to the KIV-2B repeat
of the reference genome must originate from highly homologous domains, most likely
from KIV-3, which is nearly identical to the KIV-2B. Thus, in non-KIV-2B individuals,
ROI-9 skips the KIV-2B domain in the reference during read extraction and so reduces
false positive calls. ROI-9 improved the F1 in non-KIV-2B individuals to 95.5% and to
100% in the two sequencing experiments in dataset A (Discussion). We thus investigated
strategies to minimize the false positive rate by accounting for the presence/absence of
KIV-2B subtypes in a dynamic way within the Nextflow analysis pipeline.

Our experiments showed that ROI-8 and ROI-9 are the optimal strategies for variant
calling of KIV-2B and non-KIV-2B samples, respectively. Therefore, we searched for a
unique sequence feature to discriminate KIV-2B and non-KIV-2B individuals agnosti-
cally before read extraction and assign the best ROI dynamically. Although the first exon
of KIV-3 is reported in the literature as identical to the first exon of KIV-2B, we identi-
fied a SNP at position 86 in KIV-3 exon 1 (referred to as “signature position”) that sepa-
rates KIV-2B from non-KIV-2B individuals (Additional file 2). To this end, we sequenced
the KIV-3 region in 66 samples with known KIV-2 variant patterns [2] using a Sanger
sequencing protocol designed to differentiate KIV-3 from KIV-2 and KIV-2B, as well as

Table 2 Comparison between the F1-score in each sample of dataset A in experiment-1 and
experiment-2 using ROI-8 and ROI-9. ROI-8 performs best in KIV-2B samples and ROI-9 performs best
in non-KIV-2B samples. The sign“-"is used for “no calculation possible”

Dataset A experiment 1 (in %) Dataset A experiment-2 (in %)

ROI-8 ROI-9 ROI-8 ROI-9
Non-KIV-2B 40.0 100.0 42.1 100.0
Non-KIV-2B 50.0 100.0 62.5 90.9
KIV-2B 933 526 96.6 353
KIV-2B 100.0 47.6 100.0 47.6
KIV-2B 96.6 250 96.6 250
KIV-2B 78.0 286 80.0 286
KIV-2B 97.3 61.5 97.1 435

KIV-2B 100.0 - 100
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other KIV domains (50 KIV-2B samples and 16 non-KIV-2B) (Additional file 2; for con-
siderations regarding the specificity of the KIV-3 PCR and Sanger sequencing Additional
file 3). All KIV-2B samples carried at least one T-allele (which is also the reference base
in the genome) at the signature position, while almost 70% of the non-KIV-2B individu-
als (11 of 16 samples) carried a C/C homozygous genotype at this position (Additional
file 1: Table S5). This indicates a correlation between the presence of KIV-2B repeat units
and a T-allele at position 86 of KIV-3 exon 1 (T-signature), respectively the absence of
the KIV-2B units and a C-allele at this position (Fig. 6A). Accordingly, we observed a
strong LD between the bases at KIV-2 position 594 (used as proxy for KIV-2B absence/
presence) and position 86 in KIV-3 exon 1 (Lewontin’s D" =0.9995; indicating absence
of recombination between the loci). A detailed explanation about LD investigation for
KIV-2 SNPs is provided as Supplementary Note in Additional file 4.

We therefore defined a KIV-2B signature sequence (CCACTGTCACTGGAA) that
encompassed the T-allele at position 86 of KIV-3 exon 1 (Additional files 2—4 and
sequence alignments in Additional file 5). We hypothesized that the presence or absence
of this signature sequence in the sequencing reads allows discriminating between sam-
ple subtypes (KIV-2B and non-KIV-2B) and assigning each sample to the best ROI for
read extraction. We used the available WES data from the non-KIV-2B samples (n=12)
to calculate an empirical threshold of signature-sequence occurrences to distinguish

A.
ATA ATA GCT GCT
KIV-2B Exonl | Exon2 Exon 1 Exon 2 Exon 1 Exon 2 Exon 2
Allele 5 ¥
KIV-2A KIV-2A KIvV-2B KIV-3
ATA ATA ATA GCC
Non KIV-2B Exon 1 Exon 2 [Exon1 | | Exon2 Exon 1 Exon 2 Exon 2
Allele 5 ¥
KIV-2A KIV-2A KIV-2A KIV-3
8. ® ® ® ®
Reference:
ROI-8 one KIV-2 repeat
/ | —) !
KIV-2B 11
BAM to BAMto | © ) .
FASTq Detect Dynamically assigned Extract | FASTq | Map to Variant
BAM —— ) Rl L :
KIV-2B extraction strategy Reads KIV-2 calling
— -~ — —
FASTQ  NonKIV-28 BAM FASTQ | BAM BAM | VCF |
\ ROI-9

Fig.6 A Linkage disequilibrium between the KIV-2B haplotype and the genotype at position 86 of KIV-3
exon 1. For each KIV domain represented, exon 1 and exon 2 are shown. The bases shown above each exon 1
corresponds to positions 14, 41, and 86 (KIV-2B canonical positions). We identified a C at position 86 in KIV-3
exon 1 (CC genotype) in non-KIV-2B individuals. KIV-2B alleles present a T at position 86 in KIV-3 (corresponds
to the reference sequence) while non-KIV-2B alleles would carry the C, resulting in a CC genotype in 70% of
the non-KIV-2B individuals. B Workflow of the signature-based approach for KIV-2 variant calling in WES data:
starting from the input aligned BAM file (step 1), the entire LPA region is screened in FASTQ format for the
KIV-2B signature sequence and (step 2) each sample is redirected to the optimal ROl strategy for (step 3) KIV-2
read extraction. (step 4) The extracted reads are realigned to one reference KIV-2 repeat for (step 5) variant
calling with mutserve, resulting in a VCF output file, which can subsequently be annotated (see Github
repository in the Availability of data and materials section)
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between the two sample subtypes. First, we counted the number of signature sequence
occurrences within each FASTQ input file. Subsequently, the mean value plus 2 stand-
ard deviations of all occurrences across all non-KIV-2B samples was calculated and used
as a threshold (Additional file 1: Table S6) to dynamically assign each sample to either
ROI-8 (signature coverage above the threshold) and ROI-9 (signature coverage below
the threshold).

We integrated our findings in an LPA-specific variant calling pipeline (here referred to
as signature-based approach) that improves variant calling in the KIV-2 VNTR at scale
by integrating a screening step for the KIV-2B signature sequence (Fig. 6B). The dynamic
ROI assignment minimized the number of erroneously called mutations especially
in non-KIV-2B samples, where a string of KIV-2B specific positions originating from
KIV-3 would otherwise be detected as false positive variants (Additional file 1: Table S7).
The mean F1 of the dynamic ROI assignment was ~95% in both experiments. Dataset
A includes two non-KIV-2B samples and the mean F1 obtained with the dynamic ROI
assignment increased by 16.8% for experiment-1 (from 81.9 to 95.65%) and by 12.7% for
experiment-2 (from 84.4 to 95.14%), also showing less variability among samples (Addi-
tional file 1: Table S8). Importantly, the signature sequence-based approach did not call
false positive variants in the non-KIV-2B samples, while up to 12 false positive variants
were called with the static ROI-8 approach.

For benchmarking the signature-based approach, we applied it to a second and inde-
pendent dataset B (#=16), including 10 additional non-KIV-2B samples and assessed
its performance. The signature-based approach correctly classified all 6 KIV-2B samples
and 9 of 10 non-KIV-2B samples. The single misclassification was one non-KIV-2B indi-
vidual that presented a T/T genotype at the signature position. This was the only sample
in our Sanger-sequenced dataset (n=66) that presented a T/T genotype at KIV-3 exon
1 position 86 despite the absence of KIV-2B repeats. As a result, this sample was pro-
cessed with ROI-8 despite being a non-KIV-2B sample. For all other samples, the signa-
ture-based approach did not detect any false positive variants in the samples.

For dataset B, when using the dynamic signature-based approach the F1 increased
from 63.2 to 90.8% (+43.6%; compared to ROI-8 only) and showed less variability
among samples (Fig. 7). After excluding the misclassified sample, the F1 reached 94.7%
(Additional file 1: Table S9).

Variant calling in VNTRs in the 1000 Genomes Project

The ROIs experiments for LPA KIV-2 VNTR showed that, when the information about
the repeats subtypes is not considered, not available or not relevant, bona fide VNTR
start and end coordinates (ROI-8) led to the highest mean F1 score. In 2021, Mukamel
et al. [8] identified 118 protein-coding VNTRs in medically relevant genes of the human
genome and provided bona fide VNTR start and end coordinates identified with various
VNTR finder tools [8]. Thus, these coordinates can be used as ROI for read extraction
to call variants in other VN'TRs. Therefore, we used our pipeline (Fig. 3, i.e., without the
signature-based step) to analyze and annotate the protein-coding VNTRs in five other
medically relevant genes (NEB, SPDYE3, FLG, UBC, DMBT1) in 2504 unrelated samples
of the 1kGP [16]. A single VNTR repeat unit as defined in [8] was used as a reference.
Since the LPA gene was also included in the list from Mukamel and colleagues, we first
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Fig. 7 Benchmarking the signature-based approach in dataset B. The signature-based approach improved
the F1-score in 9 out of 10 non-KIV-2B samples and showed the same accuracy for sample number 13. All
KIV-2B samples (samples 9, 10, 12, 14, 17, and 21) resulted in the same F1-score using the signature-based
approach

analyzed the LPA KIV-2 VNTR in 1000G data using as ROI the start and end coordi-
nates generated by Mukamel et al. [8].

The final call set for each analyzed VNTR using the 1kG samples is provided at the
pipeline repository (https://github.com/genepi/vntr-calling-nf) and represents the fully
resolved call set of variants within the six analyzed VNTRs. In all analyzed VNTRs, we
identified and annotated potentially functional variants, which can serve as a starting
point for gene-specific validations (Table 3). Potential missense mutations have been
identified in all genes (ranging from 7 to 321), nonsense mutations in 5 genes (LPA,
DMBT1I, NEB, FLG, SPDYE3, UBC), splice-site mutations and slicing region mutations
in 3 (LPA, DMBTI, NEB).

From our observations based on the presence or absence of the KIV-2B subtype in the
LPA KIV-2 VNTR, we assumed that the position of the ROI and the existence of differ-
ent repeat subtypes within VN'TRs may generally increase the risk of false positive calls
caused by PSVs. To exclude them from downstream analyses, we thus compiled a list
of existing PSVs between the repeats for each investigated VNTR (https://github.com/
genepi/vntr-calling-nf) and estimated the expected conserved bases for each VNTR
(Table 3). In genes like LPA, DMBT1I, and UBC, the high homology between the VNTR
and the flanking regions (“degenerated repeats”) complicates the identification of the
bona fide VNTRs start and end coordinates and considerably increases the percentage of
PSVs detected. In these genes, the exclusion of such degenerated repeats minimized the
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Table 3 Analysis of the VNTRs in 6 genes in 2504 WGS samples from 1kGP. The regions of interest
(ROI) for VNTR read extraction were defined as in [8]. VNTR variants detected at least once in the
1kGP samples are divided by mutation type. The percentage of paralogous sequence variants (PSVs),
i.e, sequence differences among the repeats, was calculated as described in the Methods section
based on the reference sequence of the human genome and excluding degenerated flanking
repeats for LPA, DMBTI, and UBC. For each mutation category, we report the number of unique
identified variants, excluding PSV positions. As the VNTRs in FLG, SPDYE3, and UBC are intra-exonic,
no splice-site mutations nor splicing region mutations were involved

LPA DMBT1 NEB FLG SPDYE3 UBC
VNTR ROI, GRCh38 coor-  160605062— 122599445- 151577914— 152303180- 100308203- 124911751-
dinates 160647661 122617454 151609576 152314028 100315286 124913720
Estimated Repeat Length 5104 4059 10,553 972 1390 228
Percentage of PSVs 2.15% 0.02% 3.74% 26.69% 4.84% 11.40%
between VNTR repeats
Missense mutations 128 21 89 321 28
Nonsense mutations 9 1 1 27° 1
Splicing region muta- 46 13 0 NA NA NA
tions
Splice-site mutations 3 1 41 NA NA NA

2 Might be caused by homologous regions elsewhere in the genome and might require individual validation. Region
coordinates in hg the human genome reference sequences hg38 and hg19 are provided in Additional file 1: Table S17

PSVs expected as false positive (Table 3). Overall, the repeat length ranged from 228 bp
to 10,553 bp with a PSV count of 0.02% (DMBT1I) to 26.69% (FLG).

Eight known KIV-2 variants were used to benchmark our results in LPA (Additional
file 1: Table S10). Using the ROI defined in [8] as a single region of extraction, independ-
ent of the KIV-2B presence or absence, we successfully detected biologically functional
variants like the Lp(a)-lowering splice-site mutation 4925G > A [12] and 4733G > A [15]
(carrier frequency of 9.7% and 12%, respectively, consistently with previous findings [2]).
We also successfully called three other functional variants recently identified [8] and the
three synonymous variants at positions 14, 41, and 86 in KIV-2 exon 1 which define the
KIV-2 subtypes (named KIV-2A, KIV-2B, and KIV-2C [11]). However, the three KIV-2B
canonical variants showed a much higher carrier frequency (~100%, ~ 100%, and 77.6%,
respectively) than reported [2], suggesting an increased rate of false positive calls at these
positions. In line with this assumption, the signature-based approach with dynamic
assignment of the experimentally defined ROI-8 and ROI-9 lowered the KIV-2B canoni-
cal variants carried frequencies considerably to ~54% (Additional file 1: Table S10) and
reduced the noise (Additional file 6: Fig. S1). These frequencies are much more consist-
ent with findings in the literature [2], further supporting an improved discrimination of
false positive calls at these positions.

As a technical note, we were able to run the pipeline on the 1000 Genomes Project
data in 33 min (total CPU hours: 7.9) assigning a memory requirement of 1 GB to each
process (Additional file 7).

LPA KIV-2 variant detection in UK Biobank

We analyzed the KIV-2 VNTR in 199,119 samples from the UK Biobank whole-exome
sequencing (UKB 200K WES release) by applying our defined signature-based workflow
(Additional file 1: Table S11). The KIV-2B signature sequence was detected in 75% of the
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samples (n=149,184), with individuals of Black ancestry showing the lowest proportion
of KIV-2B individuals, which is consistent with previous findings [2, 26, 28] (Additional
file 1: Table S12).

When excluding the PSVs [8] that defines the KIV-2B subtype in exonic and intronic
sequences [2], our approach detected a total number of 707 unique mutations across all
samples, including 256 missense mutations, 37 nonsense, and 8 splice-site mutations.
Ninety-five intronic mutations were located within 25 bp around the exons (referred to
as “splicing region”) and could affect intronic core splicing elements [15] (Table 4 and
Additional file 6: Fig. S2).

Our signature-based approach reported similar variant levels for all three KIV-2B
canonical variants in the UKB cohort (Additional file 1: Table S13 and Additional file 6:
Fig. S3), suggesting that the KIV-2B haplotype was correctly identified and that the
results should be consistent with previous findings on KIV-2 variation [2].

The carrier frequency in UKB for the two currently strongest Lp(a)-lowering KIV-2
SNPs (KIV-2 4733G > A [15] and 4925G > A [12]) was 27.2% for 4733G > A [8, 15] and
17.0% for 4925G > A [8, 12]. Both frequencies were higher in White individuals [12, 15]
(4733G > A: 28.4%, 4925G > A: 17.5%) and lower in UKB participants with black ancestry
(4733 G> A: 2.7%, 4925G > A: 2.2%; Additional file 1: Table S14), as reported previously
[12, 15]. In earlier work, we had identified tagging SNPs for KIV-2 4733G > A [15] and
4925G > A [12] and used them to investigate the effect of 4733 G>A and 4925G > A in
the UKB cohort. We now stratified the UKB cohort into the same 4 groups as done with
the proxy SNPs but determining 4733 G > A and 4925G > A directly (Fig. 8). The median
group Lp(a) concentration was similar but by using the directly called SNPs the inter-
quartile range was considerably narrower. This indicates a higher specificity of the direct
variant calls compared to the use of the imperfect proxy SNPs. This shows that direct
access to the KIV-2 variability can further improve and refine epidemiological studies on
Lp(a).

Additionally, we successfully detected also three other Lp(a)-lowering KIV-2 muta-
tions (KIV-2.1+1G>A, KIV-2.1 Y51D and KIV-2.14+0C>T) that had been identified
recently in WES data of ~50,000 UK Biobank participants (UKB 50 K WES release)
using a different strategy to isolate KIV-2 reads [8]. Our signature-based approach suc-
cessfully detected these three mutations in 199,119 individuals with carrier frequency

Table 4 Unique LPA KIV-2 mutations within the target regions (KIV-2 exons 1 and 24100 bp)
in each population. KIV-2 mutations are divided by mutation type for UK Biobank individuals
(n=199,119). Since the signature-based approach was developed and benchmarked in individuals
of European ancestry, summary data are here filtered for White (n =186,607), South Asian (n =3465),
and Black (n=3200) ancestry. The PSVs defining the KIV-2B were not considered as mutations. The
location “splicing region”was defined as within the 25 bp upstream and downstream KIV-2 exons

All ancestries White South Asian Black

(n=199,119) (n=186,607) (n=3465) (n=3200)
KIV-2 mutations in target regions 707 692 283 294
Missense mutations 256 248 103 123
Nonsense mutations 37 35 12 10
Splicing region mutations 95 93 36 26

Splice-site mutations 8 8 3 1
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Fig. 8 Distribution of the Lp(a) concentration (median [interquartile range]) in n= 166,982 UKB individuals
of White ancestry with available Lp(a) concentrations and carrier status for the genotyped SNPs rs75692336
and rs6938647 and the WES called SNPs 4925G > A and 4733G > A. UKB individuals were classified into 4
groups based on the carrier status for A the rs75692336 and rs6938647 SNPs (tagging SNPs for the KIV-2 SNPs
4925G>A and 4733G> A, represented in orange) and B KIV-2 SNPs 4925G > A and 4733G > A called directly
from WES data (blue). The y-axis is limited to Lp(a) concentration up to 200 nmol/L

of ~1%, ~0.6%, and 0.1%. Each SNP was significantly associated with reduced Lp(a)
concentrations (8= —12.7 nmol/L,— 6.8 nmol/L, and —12.0 nmol/L, respectively; all
p<2e—16, Additional file 1: Table S15). This is in accordance with Mukamel et al. [8].

We identified 9 SNPs significantly associated with decreased Lp(a) concentra-
tion (p-value<5x107®) in UKB participants of White ancestry with carrier fre-
quency >0.015. These SNPs included the previously identified R21X [14] (position 640),
4733G > A [15] and 4925G > A [12], and 6 further SNPs across the KIV-2 VNTR (posi-
tions 515A > G, 516A > @G, 584C>T, 4672A >G, 4698C> A, 5013G>T in this reference
sequence [2, 26]). Median Lp(a) concentrations decreased with increasing number of
effect alleles from 37.1 nmol/L (IQR=118.4 nmol/L; n=52,517) in the reference group
(only reference alleles) to 4.7 nmol/L (8.6 nmol/L) in carriers of 5 Lp(a)-lowering alleles
(n=400) and even 1.6 nmol/L (IQR=1.9 nmol/L) in 17 carriers of 6 Lp(a)-lowering
alleles (Fig. 9A). These SNPs also showed a rather additive protective effect against CAD.
Compared to non-carriers (7=>56,548, CAD cases =4354), the hazard ratio (HR) for
incident coronary artery disease (CAD) progressively decreases with increasing num-
ber of Lp(a)-lowering alleles. Four Lp(a)-lowering SNPs (n=3767, CAD cases =1413),
decreased the CAD risk by ~#19% compared to non-carriers (HR=0.81, 95% confidence
interval (CI) =0.72-0.93], p-value =0.0016) (Fig. 9B).

Discussion

The development of NGS technologies has provided a huge leap forward to genetic
research and, despite the advent of long-read third-generation sequencing tech-
nologies, NGS is still the workhorse for most population-scale sequencing projects.
However, ~20% of all genes (n ~3800) contain segments that are not resolvable by
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Fig. 9 Impact of 9 Lp(a)-lowering SNPs identified within the KIV-2 VNTR on Lp(a) concentrations and CAD

risk in 186,607 UK Biobank participants of White ancestry with available WES data. A Distribution of the Lp(a)

concentration in individuals with 0 to 6 of the Lp(a)-lowering SNPs. The Lp(a) concentration was available
for 174,359 individuals. B Hazard ratio (HR) for the risk for coronary artery disease (CAD) associated with

individuals carrying 0 to 6 of the Lp(a)-lowering SNPs. Total CAD cases = 13,363

conventional NGS data analysis approaches [3], with some genes being even com-

pletely inaccessible [3, 5-7, 29]. In this paper, we focused on NGS downstream anal-

ysis strategies to rescue information from short-read sequencing data for VNTRs,

which are dark-by-mapping in public databases [3]. Especially protein-coding VNTRs
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located in genes implicated in diseases still hide medically important information.
We developed an approach to detect variants in VNTRs from short-read sequencing
data and provide a scalable and parallelized Nextflow pipeline to the community. To
develop our variant calling approach, we used the large KIV-2 VNTR in the LPA gene,
as the extensive homologies with neighboring kringles as well as other homologous
genes [2] makes it particularly challenging and therefore an ideal candidate for set up
and benchmarking. Indeed, due to its peculiar structure, LPA was even excluded from
the latest benchmarking datasets for variant calling in difficult regions [4, 7], also pre-
cluding the use of the vast amounts of publicly available WGS and WES data with
rich phenotype data for Lp(a) research [30, 31].

We developed a computational pipeline for targeted VNTR variant calling, optimiz-
ing and evaluating it using the particularly complex KIV-2 VNTR in the LPA gene and
applied it to five further medically relevant protein-coding VNTRs located in the genes
FLG, NEB, UBC, DMBT1, and SPDYE3, supporting portability to other VNTRs with unit
larger than the read length. Among the variants detected in the KIV-2 WGS data from
1kGP, we recognized biologically functional variants like the Lp(a)-lowering splice-site
mutation 4925G > A [12] and the 4733G > A, located in the splicing region of the LPA
gene [15], as well as three other recently identified KIV-2 variants [8]. In another recent
study, we compared the LPA KIV-2 variant levels quantified with our pipeline to highly
precise Nanopore Sequencing data with error-correction by unique molecular identifiers
(UMI-ONT-Seq), finding a very high correlation between the variant levels (R?>=0.983)
[32]. Similarly, in all analyzed VNTRs, we identified and annotated potentially functional
variants like nonsense and splice-site mutations (Table 3).

Our approach extracts the reads of the target VNTR from WGS/WES data already
aligned to the human genome reference sequence using coordinates specified within
the workflow and can be therefore applied to different genes. We show that identify-
ing paralogous sequence variants (PSVs) allows pinpointing the positions where refer-
ence-based artifacts are likely to result in false positive calls (Methods). In some genes
(e.g., LPA, DMBT1, and UBC) the VNTR flanking regions resemble degenerated repeats,
which are rich in PSVs. This suggests that using stringent coordinates for read extrac-
tion, limited to the actual VNTR start and end positions, is needed to improve variant
calling accuracy, which puts additional challenges to VNTR-finding algorithms.

We tested variant calling accuracy using alternative ROIs for KIV-2 VNTR reads in 8
gold-standard samples with known KIV-2 variant patterns [2]. As shown in our experi-
ments, approaches that align all exome reads or all LPA reads directly to the KIV-2 are
not accurate, since also reads from other kringles align to the repeat and produce many
spurious variants. Thus, it is necessary to first align all reads to the genome to allow
alignment of the confounding kringles and then extract only the KIV-2 reads from the
BAM file. Here, we tested three published regions that have been used to isolate KIV-2
reads from WES data already aligned to the reference genome (ROI-2 [3], ROI-3 [8],
and ROI-8 [2, 12]). ROI-8 extracted reads from the bona fide start and end VNTR coor-
dinates and was the best performing strategy overall, with sensitivity and specificity
comparable to the previously published ROI-3 (Additional file 1: Table S4) but with less
false positive calls (ROI-3: from 8 to 20 in experiment 1 and 2; ROI-8 from 0 to 12 in
experiment 1 and from 0 to 11 in experiment 2; Additional file 1: Table S4) and therefore
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higher mean Fl-score (dataset A experiment-1 and experiment-2: 81.9%, and 84.6%).
This supported the superiority of stringent KIV-2 VNTR coordinates for read extraction.

Another aspect was important in the LPA KIV-2 VNTR. Although ~20% of Europeans
do not carry KIV-2B subtypes, the human genome reference sequences hgl9 and hg38
contain only one KIV-2B unit, which thus appears as fixed and single-copy to previously
used VNTR-finding algorithms [3, 8, 33]. We observed that a ROI with or without the
single reference KIV-2B unit performed best (ROI-8 and ROI-9), depending on the pres-
ence of KIV-2B units or not in the analyzed sample. We assume this is because of the fol-
lowing alignment artifact: if an individual does not present KIV-2B units in its genome
but its data is aligned to the human reference sequence, which does contain a KIV-2B
unit, reads from the nearly identical KIV-3 unit are pulled to the KIV-2B sequence. Sub-
sequently, these reads are extracted together with the bona fide KIV-2 reads, if a ROI
also spanning the KIV-2B unit is used. Vice versa, if an individual does present KIV-2B
units, these reads are missed when using a ROI without the KIV-2B element for read
extraction.

PSVs have been recently used for separation of duplicated sequences before assem-
bling [34]. Similarly, we identified a variant in KIV-3 (reported as rs113727842) that pre-
dicts the presence/absence of KIV-2 subtypes and used it to integrate a dynamic ROI
assignment in the signature-based approach developed for LPA. This minimizes the
rate of false positive in non-KIV-2B samples and further increased the performance to
mean F1>90% in all WES datasets tested (dataset A experiment-1 and experiment-2 and
dataset B: 95.7%, 95.1%, and 90.8%), paving the way to reliable KIV-2 variant annotation
at scale. We tested this in UKB and found a set of nearly 300 high-confidence variants
affecting protein sequence (including 37 nonsense and 8 splice site mutations), including
multiple previous findings [8], which further supports to the validity of our variant calls.
This also revealed new associations between SNPs hidden in the KIV-2 and reduced
Lp(a) concentrations. We provide the so far largest dataset on KIV-2 variants set as a
return result to UKB.

Several methods exist to estimate the repeat length as well as mutations within VNTRs
from short-read sequencing data. The computational approach presented in [35] is
based on hidden Markov models and is specifically focused on repeat unit count estima-
tion. This approach has been further extended in [36] to identify insertions and deletions
as well as small frameshifts within VNTRs. Work presented in [37] utilized a repeat-
pangenome graph (RPGG) based on haplotype-resolved assemblies, which allowed the
detection of variation in both VNTR length and repeat composition. The work in [38]
presents a method to discover genetic variations in duplicated genome regions by apply-
ing a masking approach to the reference genome. Unlike these approaches, our approach
allows the direct detection of intra-repeat mutations, also known as batch sequencing
in the field of LPA genetics [39]. This strategy has been originally utilized to amplify
and sequence repeats as amplicon mixtures and detect variants as somatic mutations
by aligning all data to one single repeat. Ebbert et al. conceived independently a similar
approach and described for the first time how such an approach can recover variants
within unmappable regions (denoted as camouflaged regions) in a genome-wide man-
ner using WGS and WES data [3]. Additionally, an algorithm has been outlined to res-
cue a rare ten-nucleotide frameshift deletion in the CR1 gene [3]. Building on this work
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and VNTR coordinates determined in [8], we are able to present a computational pipe-
line targeting the recovery of SNVs from coding VNTRs. We especially focused on the
complex LPA KIV-2 region. Our approach implements a dynamic adaptation of the read
extraction steps leveraging a SNP in the flanking region of the VNTR, which predicts
the presence of KIV-2B units. We show that this significantly improves variant calling
even more, unlocking access to this medically relevant region and showing the potential
for other VNTRs. Representing VNTRs in the widely used variant calling format (VCF)
poses an ongoing challenge. Future work requires either the development of a new file
format or the enhancement of the VCF file format capable of accurately representing
VNTRs, in addition to the creation of novel benchmarking tools for VNTRs.

In summary, we provide our computational workflow as a Nextflow pipeline that
can be used for mutation screening in dark VNTR regions. It provides a framework to
detect, evaluate, or even benchmark different read extraction strategies on thousands
of samples with high specificity and sensitivity. We applied it without any changes to
call and annotate variants in the WGS data of 6 VNTRs. Additionally, the signature-
based approach specifically developed for LPA represents a blueprint for researchers to
incorporate VNTR-specific information (e.g., repeats subtypes) and further minimize
the false positive calls originating from reference-based artifacts. Nevertheless, also our
generic computational workflow (i.e., without the signature-based approach) already
detected KIV-2 variants that have been investigated in previous work, with some of the
largest effects on Lp(a) concentrations (4925G > A and 4733G > A). As our results show,
promising variants with a possible biological function have been discovered for the other
analyzed VNTRs.

Limitations

Our approach also has limitations. First, while our approach works for coding VNTR
that are longer than the read length, our pipeline only reports the relative position of
mutations within the repeat. Second, the current version of the pipeline is currently lim-
ited to SNV detection. Nevertheless, the underlying architecture allows us to expand the
approach also to the detection of insertions and deletions in the next pipeline versions.
Given the modularity of the Nextflow pipeline, this can be implemented also by any
other user with suitable variant callers at hand. Third, the LPA KIV-2 sample set used
for setting up the analysis concept consisted of individuals of European ancestry. This
was dictated by sample availability at our Institute and by the wish to use samples with
known KIV-2 numbers (determined with Western blot as described elsewhere [40]).
Importantly, this limitation applies only to the use of the KIV-2B signature sequence,
which could be designed only for individuals of European ancestry. The other parts of
the optimal ROI selection, which already considerably boosted calling accuracy, are
ancestry independent and allowed analyzing five other medically relevant VNTRs, cur-
rently limited to a similar repeat structure as LPA (i.e.,, VNTR unit larger than the read
length). We acknowledge that mutations present only in one or a few individuals in the
population data might also be technical errors. This may most likely apply to LPA, which
has the highest number of repeats and thus requires calling variants down to 1.25% frac-

tional representations.
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Conclusion

We provide a scalable and highly parallelized Nextflow pipeline to detect variants in
VNTRs from short-read sequencing data. Leveraging our work on LPA, we evalu-
ated and benchmarked VNTR variant detection in detail on this gene and developed
a novel approach to reliably extract variants from short-read data. We also analyzed
five other medically relevant VNTRs. Similar to LPA, the tested VNTRs all include
a repeat unit length larger than the read length. Our workflow can be applied to any
NGS data of other VNTRs, thereby unlocking variant calling at scale. For LPA, we
further optimized the workflow and developed a signature-based approach to account
for sequences originating from highly homologous neighboring exons. We show that
even in special cases like the LPA gene with additional intragenic homologies to the
VNTR, a detailed investigation can further improve the result and PSVs can be lever-
aged to discriminate the origin of sequencing reads, minimizing possible false posi-
tives. While the signature-based approach was developed in this paper only for the
LPA gene, we show that our general approach already detected important variants in
LPA located in positions not affected by PSVs. Therefore, our framework will unlock
the study of VNTRs base variation at scale in a reproducible and scalable manner.

Methods

Genomic samples and datasets

All experiments for setup and benchmarking of our VNTR variant calling pipeline
were performed on 24 samples with known KIV-2 variant patterns drawn from Cen-
tral-European individuals previously screened for mutations in the KIV-2 region by
ultra-deep targeted sequencing [2]. In brief, the experiment consisted of 3 main steps
and was conducted on 123 Central-European individuals. First, a single primer pair
was used to selectively amplify all KIV-2 units as a mixture, leveraging their high
sequence homology (“batch amplification approach”) [26]. Second, the resulting
amplicon mixture subjected to NGS and the KIV-2 reads were mapped to one KIV-2
repeat as a reference. Since KIV-2 variants can be present in one or few repeats, only
a subset of reads will present the respective mutation. Thus, in the third step, a vari-
ant calling tool suitable for low-level mutations was used to detect mutations down
to 1% mutation level [2]. Among the samples in dataset A and B, 16 samples did not
present KIV-2B units (non-KIV-2B samples).

For the KIV-2B signature sequence experiments (see below), the sample set
above has been complemented with a further 42 samples from the Austrian healthy
worker study [41] SAPHIR that had undergone amplicon-based targeted KIV-2 deep
sequencing during the same previous project [2, 12]. Details about the SAPHIR study
are given in Additional file 8. Measurements of the Lp(a) concentration and KIV
domains number for all 66 samples were performed at the Institute of Genetic Epide-
miology, Medical University of Innsbruck, Austria, following the ELISA and Western
Blot methods detailed elsewhere [40].
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DNA sequencing

We generated WES data for samples with known KIV-2 variants divided into two
independent working datasets (dataset A: 8 samples, dataset B: 16 samples, Fig. 4).
In dataset A, we performed two independent sequencing experiments (experiment-1
and experiment-2) to generate WES data using two different exon enrichment chem-
istries (Agilent SureSelect Human Al Exon v6 kit and Agilent SureSelect Human Al
Exon v8 kit). Dataset A experiment-1 was performed at BGI (Hong Kong, China) on
an [llumina HiSeq system X Ten using a 2 x 150-bp paired-end read chemistry. Data-
set A experiment-2 was performed at Eurofins Genomics (Konstanz, Germany) using
a 2 x 150-bp sequencing mode on an Illumina NovaSeq 6000 system. In experiment-2,
also the 16 samples from dataset B were sequenced.

WES data provided by BGI (dataset A experiment-1) were mapped to the hgl9 ref-
erence genome using the Burrows-Wheeler Aligner (BWA) software, while Eurofins
used the commercial Sentieon pipeline to map the data to the reference genome. We
remapped all WES data provided by Eurofins with the same command as used by BGI
(Results and Additional file 2).

To identify the KIV-2B signature sequence, we selected 66 samples from the KIV-2
variability dataset [2], including the WES-sequenced samples from datasets A and B.
The KIV-3 repeat was Sanger-sequenced to identify sequence differences between the
first exon of KIV-3 and KIV-2B (Additional file 1: Table S16).

The KIV-2 positions are numbered as in [2]. The KIV-2B canonical variants at posi-
tions 14, 41, and 86 in exon 1 correspond to the positions 521,594 and 666 in this refer-
ence sequence [2, 26].

Public datasets and statistical analyses

We retrieved high-coverage WGS of the original 2504 unrelated samples of the 1kGP
from 26 populations [16]. In the last release, samples were sequenced to a targeted depth
of 30X genome coverage with Illumina NovaSeq 6000 and aligned to GRCh38 [16]. We
investigated 6 protein-coding VN'TRs based on start and end coordinates estimated by
Mukamel and colleagues [8] (Additional file 1: Table S17). For LPA KIV-2 VNTR, we
aligned the reads to the reference sequence from [2].

The UK Biobank database includes health-related information and in-depth genetic
data for more than 500,000 individuals recruited between 2006 and 2010 (Additional
file 1: Table S11). We defined 3 ancestry subgroups based on entries in data field 21,000
(White ancestry: “British’, “Irish” and “Any other White Background”; South Asians:
“Indian’, Pakistani” and “Bangladeshi”; Black: “Caribbean’, “African” and “Any other
Black background”). Serum Lp(a) concentrations were measured at baseline using an
immunoturbidometric assay employing the Denka Seiken method (Additional file 2).
In this work, we accessed WES data for 200,000 UKB participants released by October
2020. As described in [42], exome enrichment was performed with the IDT xGen Exome
Research Panel v1.0 and a dual-indexed 75 x 75 bp paired-end reads chemistry was used
for sequencing on an Illumina NovaSeq 6000 platform. We investigated the effect of the
KIV-2 variants at position 730 (KIV-2.1 Y51D), 740 (KIV-2.1+0C>T and 741 (KIV-
2.141G > A) using quantile regression models adjusted for age and sex. For all detected
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KIV-2 SNPs, we tested the impact on Lp(a) concentration with linear regression in UKB
individuals of White ancestry with available Lp(a) concentrations. We used Cox regres-
sion analysis (R package survival) with age as time scale and adjusted for sex to investi-
gate the risk for incident CAD associated with the increasing number of Lp(a)-lowering
SNPs (carrier frequency >0.015) per individual. CAD events were defined using ICD10-
codes 121-125, as previously done [15, 43]. In the study at hand, all UKB analyses were
performed with R (version 3.6.3).

Nextflow pipeline for variant calling in VNTRs

We implemented our variant calling approach for short-read VNTRs data in a parallel-
ized workflow (Fig. 3) built in Nextflow using DSL2. The pipeline is publicly available
at https://github.com/genepi/vntr-calling-nf. Nextflow is a prominent workflow man-
ager that allows writing scalable and reproducible pipelines using software containers.
Our pipeline requires as an input-aligned files in BAM format. The user specifies (a) the
ROI for read extraction providing coordinates (e.g., as BED file) and (b) the sequence of
the single repeat unit to be used as reference sequence. The workflow then extracts the
reads from the input file using the ROI, converts them into FASTQ files, and remaps the
extracted reads to the single repeat sequence. Until this step, all samples are analyzed
in parallel. We then call variants (Fig. 3 step 5) using the mutserve variant-caller for all
samples at once, which discriminates low-level mutations from sequencing errors using
a maximum likelihood mode to take sequencing errors per base into account [24]. We
optimized settings for low-level variant detection (Additional file 1: Table S18). The final
output is a customizable annotated variant file in tab-delimited text format [2] and is
also available in VCF format.

We applied the pipeline to 2504 samples from 1kGP for 5 other protein-coding
VNTRs with VNTR units that are longer than the read length and include less than 50%
PSV positions. The VNTRs were selected from the list provided in [8], using the VNTR
repeat unit consensus sequence defined in [8] as a reference sequence for variant calling.

Paralogous sequence variant identification

Locations showing PSVs caused by inter-repeat unit differences were identified by
extracting for each VN'TR region (as defined by the VNTR coordinates provided in [8])
all repeat units and generating a multiple sequence alignment using Clustal Omega.
VNTR unit boundaries were identified by aligning the repeat unit consensus sequence
provided in [8] to hg38 using BLAT and further curating the results manually. All posi-
tions showing inter-repeat unit differences were then determined by position-like com-
parisons of all available repeat units (Additional file 1: Table S19).

Improved pipeline for the LPA KIV-2 VNTR

For the LPA KIV-2 VNTR, we developed a signature-based KIV-2 variant calling
approach and integrated it as step 1 into a Nextflow pipeline specific for this region
(Fig. 6B). In a first step, we extract the complete LPA region from the BAM file and apply
our identified signature sequence to discriminate between KIV-2B and non-KIV-2B
samples (step 1). Depending on the type, we then extract reads using the corresponding
optimal coordinates (ROI) (step 2) and convert the aligned reads to unaligned reads in
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FASTQ format (step 3). The reads are remapped to the sixth KIV-2 reference repeat [2]
(step 4) for variant calling (step 5). Until step 4, all samples are analyzed in parallel.

We applied the pipeline to 199,119 samples from UK Biobank on our in-house HPC.
Due to its flexibility, the pipeline can also be executed directly at the Research Analytics
Platform (RAP) from UK Biobank or any other cloud provider. The pipeline and docu-
mentation are available at https://github.com/genepi/vntr-calling-nf.

Variant calling evaluation

For evaluation purposes, we compared our variant calling method mutserve [2, 24] with
Mutect2 [44] on dataset A (Additional file 2). Both resulted in accurate and comparable
results, showing a high F1 for both experiments. Mutserve produced a slightly higher F1
(95.2-95.7%) compared to Mutect2 (82.3—84.9%) and we therefore integrated mutserve
as the default variant caller in our workflow (Additional file 1: Table S20).

Initial reads alignment to the genome reference sequence affects variant detection

For dataset A, the underlying computational pipeline for initial read alignment (exe-
cuted directly by the sequencing provider) differed between experiment-1 and experi-
ment-2 (Methods). For experiment-2, we noticed a considerably lower F1 value than for
experiment-1 when applying our approach (71.6% vs 95.7%, Additional file 1: Table S21
and S8). Thus, we realigned the WES data from experiment-2 using the same alignment
command used for experiment-1. When using the remapped BAM files as an input for
our signature-based KIV-2 approach, the F1 in experiment-2 improved from 71.6 to
95.1%. Accordingly, we also remapped the WES data of dataset B, which had been gener-
ated and aligned using the same alignment strategy as dataset A experiment 2.

Supplementary Information
The online version contains supplementary material available at https://doi.org/10.1186/513059-024-03316-5.

Additional file 1. Supplementary tables.

Additional file 2. Supplementary methods.

Additional file 3. Supplementary Note for Sanger sequencing.
Additional file 4. Supplementary note for LD with KIV-2 SNPs.
Additional file 5. Sequences alignments.

Additional file 6. Supplementary figures.

Additional file 7. Nextflow workflow report.

Additional file 8. Supplementary note for Sanger Sequencing population.

Additional file 9. Peer review history.

Acknowledgements
Not applicable.

Review history
The review history is available as Additional file 9.

Peer review information
Tim Sands was the primary editor of this article and managed its editorial process and peer review in collaboration with
the rest of the editorial team.

Authors’ contributions
S.S.and S.C. designed and supervised the study. S.S.,, S.C, and S.D.M. wrote the manuscript. S.S. and S.D.M. conducted
the analyses. S.D.M. prepared the figures and plots. S.S, S.D.M, PZ, and L.F. designed and developed the pipeline. PZ, C.P,


https://github.com/genepi/vntr-calling-nf
https://doi.org/10.1186/s13059-024-03316-5

Di Maio et al. Genome Biology =~ (2024) 25:167 Page 23 of 25

G.S. and S.A. performed wet-lab experiments. FK, JS.R, S.A, LF, and HW. provided extensive feedback to the analysis,
manuscript, and figures. All authors read and approved the final manuscript.

Authors’information
S.DM. and PZ. are shared first authors and contributed equally to this work.

Funding

This research was funded in whole or in part by the Austrian Science Fund (FWF) (https://doi.org/10.55776/P31458).
For open access purposes, the author has applied a CC BY public copyright license to any author-accepted manuscript
version arising from this submission. The study was supported by the Austrian Science Fund (FWF) project P31458-B34
and the Research Grant 2018 of the Austrian Atherosclerosis Society (AAS) (to S.C.). FK. has received support from the
Austrian Science Fund (project W-1253DK HOROS). S.D.M. has received support from the Dr. Legerlotz Foundation.

Availability of data and materials

Our computational workflow is published under the MIT license and is freely available at https://github.com/genepi/
vntr-calling-nf and Zenodo [45]. The 1000 Genomes Project datasets (n = 2504) from the LPA region (Exome and WGS,
BAM format) are also available at Zenodo [46]. The UK Biobank analysis has been conducted under application 62,905,
BAM sequence files are only available to approved researchers directly from the UK Biobank. The SAPHIR dataset (n = 24)
for the initial pipeline setup is not publicly available due to restrictions in the informed consent. However, they are avail-
able from the corresponding author on reasonable request.

Declarations

Ethics approval and consent to participate

The samples of the KIV-variation dataset were drawn from Central-European individuals (SAPHIR study) previously
screened for mutations in the KIV-2 region by ultra-deep targeted sequencing [2]. Informed consent was obtained from
each participant and the analysis was carried out in accordance with the local ethics committee (Salzburg, Austria, EK Nr:
1074/2021).

The UK Biobank study was conducted in accordance with the principles of the Declaration of Helsinki. All participants
provided written informed consent prior to the enrolment. UKB received ethical approval from the North West Multi-
Centre Research Ethics Committee (REC reference: 11/NW/0382).

Consent for publication
Not applicable.

Competing interests

S.C. has obtained honoraria from Novartis AG (Basel, CH) and Silence Therapeutics PLC (London, UK) for LPA genetics
consultancy. FK. has received honoraria from Novartis AG, CRISPR Therapeutics, Silence Therapeutics, Roche, and Amgen
for Lp(a) consultancy and fees for lectures. L.F. has obtained honoraria from Novartis AG (Basel, CH) for LPA genetics
consultancy. All other authors declare that they have no competing interests.

Received: 28 June 2023 Accepted: 18 June 2024
Published online: 26 June 2024

References

1. Sulovari A, Li R, Audano PA, Porubsky D, Vollger MR, Logsdon GA, et al. Human-specific tandem repeat expansion
and differential gene expression during primate evolution. Proc Natl Acad Sci U S A. 2019;116(46):23243-53.

2. Coassin S, Schonherr S, Weissensteiner H, Erhart G, Forer L, Losso L, et al. A comprehensive map of single-
base polymorphisms in the hypervariable LPA kringle IV type 2 copy number variation region. J Lipid Res.
2019;60(1):186-99.

3. Ebbert MTW, Jensen TD, Jansen-West K, Sens JP, Reddy JS, Ridge PG, et al. Systematic analysis of dark and cam-
ouflaged genes reveals disease-relevant genes hiding in plain sight. Genome Biol. 2019;20(1):97.

4. Wagner J, Olson ND, Harris L, McDaniel J, Cheng H, Fungtammasan A, et al. Curated variation benchmarks for
challenging medically relevant autosomal genes. Nat Biotechnol. 2022;40(5):672-80.

5. Aganezov S, Yan SM, Soto DC, Kirsche M, Zarate S, Avdeyev P, et al. A complete reference genome improves
analysis of human genetic variation. Science. 2022;376(6588):eabl3533.

6. NurkS, Koren S, Rhie A, Rautiainen M, Bzikadze AV, Mikheenko A, et al. The complete sequence of a human
genome. Science. 2022;376(6588):44-53.

7. Olson ND, Wagner J, Dwarshuis N, Miga KH, Sedlazeck FJ, Salit M, et al. Variant calling and benchmarking in an
era of complete human genome sequences. Nat Rev Genet. 2023;24:464-83.

8. Mukamel RE, Handsaker RE, Sherman MA, Barton AR, Zheng Y, McCarroll SA, et al. Protein-coding repeat poly-
morphisms strongly shape diverse human phenotypes. Science. 2021;373(6562):1499-505.

9. Coassin S, Kronenberg F. Lipoprotein(a) beyond the kringle IV repeat polymorphism: the complexity of genetic
variation in the LPA gene. Atherosclerosis. 2022;349:17-35.

10. Kronenberg F, Mora S, Stroes ESG, Ference BA, Arsenault BJ, Berglund L, et al. Lipoprotein(a) in atherosclerotic
cardiovascular disease and aortic stenosis: a European Atherosclerosis Society consensus statement. Eur Heart J.
2022;43(39):3925-46.

11. Schmidt K, Noureen A, Kronenberg F, Utermann G. Structure, function, and genetics of lipoprotein (a). J Lipid
Res. 2016;57(8):1339-59.


https://doi.org/10.55776/P31458
https://github.com/genepi/vntr-calling-nf
https://github.com/genepi/vntr-calling-nf

Di Maio et al. Genome Biology =~ (2024) 25:167 Page 24 of 25

20.

22.

23.

24,

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Coassin S, Erhart G, Weissensteiner H, de Arajo MEG, Lamina C, Schénherr S, et al. A novel but frequent

variant in LPA KIV-2 is associated with a pronounced Lp(a) and cardiovascular risk reduction. Eur Heart J.
2017;38(23):1823-31.

Mack S, Coassin S, Rueedi R, Yousri NA, Seppala |, Gieger C, et al. A genome-wide association meta-analysis on
lipoprotein (a) concentrations adjusted for apolipoprotein (a) isoforms. J Lipid Res. 2017;58(9):1834-44.

Di Maio S, Griineis R, Streiter G, Lamina C, Maglione M, Schoenherr S, et al. Investigation of a nonsense mutation
located in the complex KIV-2 copy number variation region of apolipoprotein(a) in 10,910 individuals. Genome
Med. 2020;12(1):74.

Schachtl-Riess JF, Kheirkhah A, Grineis R. Frequent LPA KIV-2 variants lower lipoprotein(a) concentrations and
protect against coronary artery disease. J Am Coll Cardiol. 2021,78(5):437-49.

Byrska-Bishop M, Evani US, Zhao X, Basile AO, Abel HJ, Regier AA, et al. High-coverage whole-genome sequenc-
ing of the expanded 1000 Genomes Project cohort including 602 trios. Cell. 2022;185(18):3426-40.e19.

Moreno CAM, Artilheiro MC, Fonseca A, Camelo CG, de Medeiros GC, Sassi FC, et al. Clinical manifestation of
nebulin-associated nemaline myopathy. Neurol Genet. 2023;9(1):e200056.

Choi DJ, Armstrong G, Lozzi B, Vijayaraghavan P, Plon SE, Wong TC, et al. The genomic landscape of familial
glioma. Sci Adv. 2023;9(17):.eade2675.

Palmer CN, Irvine AD, Terron-Kwiatkowski A, Zhao'Y, Liao H, Lee SP, et al. Common loss-of-function variants

of the epidermal barrier protein filaggrin are a major predisposing factor for atopic dermatitis. Nat Genet.
2006;38(4):441-6.

Hysi PG, Choquet H, Khawaja AP, Wojciechowski R, Tedja MS, Yin J, et al. Meta-analysis of 542,934 subjects of
European ancestry identifies new genes and mechanisms predisposing to refractive error and myopia. Nat
Genet. 2020;52(4):401-7.

. de Vries PS, Brown MR, Bentley AR, Sung YJ, Winkler TW, Ntalla |, et al. Multiancestry genome-wide association

study of lipid levels incorporating gene-alcohol interactions. Am J Epidemiol. 2019;188(6):1033-54.

Grineis R, Lamina C, Di Maio S, Schénherr S, Zoescher P, Forer L, et al. The effect of LPA Thr3888Pro on
lipoprotein(a) and coronary artery disease is modified by the LPA KIV-2 variant 4925G>A. Atherosclerosis.
2022;349:151-9.

Grineis R, Weissensteiner H, Lamina C, Schénherr S, Forer L, Di Maio S, et al. The kringle IV type 2 domain
variant 4925G>A causes the elusive association signal of the LPA pentanucleotide repeat. J Lipid Res.
2022;63(12):100306.

Weissensteiner H, Forer L, Fuchsberger C, Schopf B, Kloss-Brandstétter A, Specht G, et al. mtDNA-Server:
next-generation sequencing data analysis of human mitochondrial DNA in the cloud. Nucleic Acids Res.
2016;44(W1):W64-9.

DiTommaso P, Chatzou M, Floden EW, Barja PP, Palumbo E, Notredame C. Nextflow enables reproducible com-
putational workflows. Nat Biotechnol. 2017;35(4):316-9.

Noureen A, Fresser F, Utermann G, Schmidt K. Sequence variation within the KIV-2 copy number polymorphism
of the human LPA gene in African, Asian, and European populations. PLoS ONE. 2015;10(3):e0121582.

Krusche P, Trigg L, Boutros PC, Mason CE, De La Vega FM, Moore BL, et al. Best practices for benchmarking ger-
mline small-variant calls in human genomes. Nat Biotechnol. 2019;37(5):555-60.

Chin C-S, Behera S, Metcalf GA, Gibbs RA, Boerwinkle E, Sedlazeck FJ. A pan-genome approach to decipher vari-
ants in the highly complex tandem repeat of LPA. Preprint at https://www.biorxiv.org/content/10.1101/2022.06.
08.495395v2. (2022).

Barbitoff YA, Polev DE, Glotov AS, Serebryakova EA, Shcherbakova IV, Kiselev AM, et al. Systematic dissection of
biases in whole-exome and whole-genome sequencing reveals major determinants of coding sequence cover-
age. Sci Rep. 2020;10(1):2057.

Backman JD, Li AH, Marcketta A, Sun D, Mbatchou J, Kessler MD, et al. Exome sequencing and analysis of 454,787
UK Biobank participants. Nature. 2021;599(7886):628-34.

Halldorsson BV, Eggertsson HP, Moore KHS, Hauswedell H, Eiriksson O, Ulfarsson MO, et al. The sequences of
150,119 genomes in the UK Biobank. Nature. 2022;607:732-40.

Amstler S, Streiter G, Pfurtscheller C, Forer L, Maio SD, Weissensteiner H, et al. Nanopore sequencing with unique
molecular identifiers enables accurate mutation analysis and haplotyping in the complex lipoprotein(a) KIV-2
VNTR. Preprint at https://www.biorxiv.org/content/10.1101/2024.03.01.582741v1 (2024).

Benson G. Tandem repeats finder: a program to analyze DNA sequences. Nucleic Acids Res. 1999;27(2):573-80.
Vollger MR, Dishuck PC, Sorensen M, Welch AE, Dang V, Dougherty ML, et al. Long-read sequence and assembly
of segmental duplications. Nat Methods. 2019;16(1):88-94.

Bakhtiari M, Shleizer-Burko S, Gymrek M, Bansal V, Bafna V. Targeted genotyping of variable number tandem
repeats with adVNTR. Genome Res. 2018;28(11):1709-19.

Park J, Bakhtiari M, Popp B, Wiesener M, Bafna V. Detecting tandem repeat variants in coding regions using
code-adVNTR. iScience. 2022;25(8):104785.

LuTY, Smaruj PN, Fudenberg G, Mancuso N, Chaisson MJP. The motif composition of variable number tandem
repeats impacts gene expression. Genome Res. 2023;33(4):511-24.

Steyaert W, Haer-Wigman L, Pfundt R, Hellebrekers D, Steehouwer M, Hampstead J, et al. Systematic analysis of
paralogous regions in 41,755 exomes uncovers clinically relevant variation. Nat Commun. 2023;14(1):6845.
Rosby O, Alestrom P, Berg K. Sequence conservation in kringle IV-type 2 repeats of the LPA gene. Atherosclerosis.
2000;148(2):353-64.

Erhart G, Lamina C, Lehtiméaki T, Marques-Vidal P, Kdhénen M, Vollenweider P, et al. Genetic factors explain

a major fraction of the 50% lower lipoprotein(a) concentrations in Finns. Arterioscler Thromb Vasc Biol.
2018;38(5):1230-41.

. Heid IM, Wagner SA, Gohlke H, Iglseder B, Mueller JC, Cip P, et al. Genetic architecture of the APM1 gene and its

influence on adiponectin plasma levels and parameters of the metabolic syndrome in 1,727 healthy Caucasians.
Diabetes. 2006,55(2):375-84.


https://www.biorxiv.org/content/10.1101/2022.06.08.495395v2
https://www.biorxiv.org/content/10.1101/2022.06.08.495395v2
https://www.biorxiv.org/content/10.1101/2024.03.01.582741v1

Di Maio et al. Genome Biology =~ (2024) 25:167 Page 25 of 25

42.

43.

44,

45.

46.

Van Hout CV, Tachmazidou |, Backman JD, Hoffman JD, Liu D, Pandey AK, et al. Exome sequencing and charac-
terization of 49,960 individuals in the UK Biobank. Nature. 2020;586(7831):749-56.

van der Harst P, Verweij N. Identification of 64 novel genetic loci provides an expanded view on the genetic
architecture of coronary artery disease. Circ Res. 2018;122(3):433-43.

Cibulskis K, Lawrence MS, Carter SL, Sivachenko A, Jaffe D, Sougnez C, et al. Sensitive detection of somatic point
mutations in impure and heterogeneous cancer samples. Nat Biotechnol. 2013;31(3):213-9.

Di Maio S, Schonherr S. VNTR pipeline source code to resolve variants within VNTRs from sequencing data. Zenodo.
2024. https://zenodo.org/doi/10.5281/zenodo.11519915.

Schonherr S. 1000 Genomes Data: LPA Region in BAM Format. Zenodo. 2024. https://zenodo.org/doi/10.5281/
zenodo.11582180.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.


https://zenodo.org/doi/10.5281/zenodo.11519915
https://zenodo.org/doi/10.5281/zenodo.11582180
https://zenodo.org/doi/10.5281/zenodo.11582180

	Resolving intra-repeat variation in medically relevant VNTRs from short-read sequencing data using the cardiovascular risk gene LPA as a model
	Abstract 
	Background: 
	Results: 
	Conclusions: 

	Background
	Results
	Computational workflow for variant calling in VNTRs
	Construction and benchmarking of the variant calling workflow using the LPA KIV-2 VNTR
	Accounting for repeat subtypes improved variant calling in the LPA KIV-2 VNTR
	Variant calling in VNTRs in the 1000 Genomes Project
	LPA KIV-2 variant detection in UK Biobank

	Discussion
	Limitations

	Conclusion
	Methods
	Genomic samples and datasets
	DNA sequencing
	Public datasets and statistical analyses
	Nextflow pipeline for variant calling in VNTRs
	Paralogous sequence variant identification
	Improved pipeline for the LPA KIV-2 VNTR
	Variant calling evaluation
	Initial reads alignment to the genome reference sequence affects variant detection

	Acknowledgements
	References


