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4. Introduction

Kinship analysis is a crucial tool in both archaeogenetics and forensic sciences for
determining relationships between individuals based on genetic information. In forensic
science, kinship analysis aids in criminal investigations, associating individuals with objects
or locations, and identifying missing persons . Utilizing single nucleotide polymorphism (
SNP) markers and high-throughput sequencing techniques, Kkinship panels have been
developed to confirm genetic genealogy leads and conduct general forensic applications,
emphasizing the significance of kinship analysis in forensic genetics 2. Techniques such as
pairwise kinship analysis based on chromosomal sharing using high-density SNPs have been
developed to enhance kinship analysis in forensic genetics, highlighting the importance of

genetic markers in determining relationships 4,

In archaeogenetics, kinship analysis is essential for understanding ancient populations,
migration patterns, and genetic relationships. The use of Y-chromosomal markers and
microchip panels has proven valuable in kinship analysis for ancient remains, shedding light
on the presence or absence of kinship among individuals from the past °. Additionally, the
development of new genetic panels and SNP markers has enabled researchers to explore
genetic diversity, haplotypic structure of ancient populations, aiding in biogeographical

ancestry inference and Kinship testing .

Beside the understanding the ancient population, kinship analysis is highly recommended
during population genetic analysis, but it is also a precondition for most population genetic
analyses to exclude close relatives from datasets (e.g., ADMIXTURE, principal component
analysis (PCA)).

4.1. Ancient DNA
Ancient DNA (aDNA) and archaeogenetics have significantly advanced our understanding of
human history and evolution. By combining genome-wide data, isotopic evidence, and
archaeological and anthropological data, researchers have been able to shed light on the
complexity of social status, inheritance rules, and mobility over ages ’. The extraction,
sequencing, and analysis of aDNA fragments have transformed our concepts of the history of
human and animal species 8. Furthermore, archaeogenetics has been applied to many

problems on a regional scale, providing information on the genetic origins of domestic



animals and their wild progenitors and congeners, sheds new light on the genetic origins of

domesticates and the domestication process itself °.

The start of aDNA studies started in 1984 when Higuchi et al. 1° successfully extracted DNA
from a  museum specimen of a Quagga (Equusquagga  quagga).
DNA derived from remains dating 150 years was shown to have adequate size and quality,
facilitating the determination of phylogenetic relationships within this species. In 1985 Svante
Pddbo ( who got his Nobel Prize for archaeogenetic research) extracted DNA from an
Egyptian human mummy, which is the first human aDNA sample. ' During the 1990s, the
methodological improvements focused mainly on DNA extraction protocols, rather than
sequencing. After the introduction of NGS sequencing, the cost of sequencing decreased and

the number of publications on aDNA increased significantly, as shown in Figure 1.
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Post-mortem damage, endogenous contamination, and exogenous contamination are the main
difficulties in archaeogenetics, in addition to the low coverage of the sequences, that
researchers must address to ensure the authenticity and reproducibility of their findings.

Post-mortem damage refers to the degradation of DNA over time after the death of an
organism. This degradation can lead to fragmentation and chemical modifications of DNA
molecules, making it difficult to obtain intact genetic material from ancient samples °. Factors
such as environmental conditions, temperature, and humidity play an important role in DNA
preservation, and tropical regions pose a particular challenge due to accelerated DNA decay
13 In addition, chemical processes can cause DNA damage, including cytosine deamination,
further complicating the analysis of ancient DNA 4,

Exogenous contamination involves the presence of DNA from microorganisms or other
sources within the archaeological sample itself. This contamination can arise from bacteria,
fungi, or other organisms that have infiltrated the postmortem sample, leading to the mixing
of exogenous DNA with the ancient genetic material of interest °. The presence of exogeneous
contaminants can skew genetic results and compromise the accuracy of population studies

based on ancient DNA analysis.

Endogenous contamination, on the other hand, occurs when modern DNA from researchers,
laboratory equipment or the surrounding environment contaminates the ancient sample during
excavation, handling, or analysis. Even trace amounts of modern DNA can significantly
impact the results of genetic studies, leading to false interpretations of population histories
and genetic relationships °. To mitigate endogenous contamination, strict protocols for sample
collection, processing, and analysis are essential in archaeogenetic research. Researchers in
the field of archaeogenetics must employ rigorous methods to address these challenges and

ensure the reliability of their findings.

Techniques such as ancient DNA extraction, library preparation, and bioinformatic analysis
have been developed to minimise the impact of postmortem damage and contamination on
genetic data obtained from archaeological samples °. By implementing stringent quality
control measures and utilising advanced sequencing technologies, researchers can overcome
the difficulties posed by postmortem damage, endogenous contamination, and exogenous
contamination in archaeogenetics to reconstruct accurate genetic profiles of ancient

populations and unravel their evolutionary histories.



4.2. Kinship analysis
Genetic kinship analysis is a method used to determine the degree of relatedness between
individuals based on genetic information. This analysis is essential in various fields, such as
population genetics, bioarchaeology, forensic genetics, and epidemiology. Traditional
methods of kinship analysis have evolved with advancements in technology, particularly with
the advent of next-generation sequencing (NGS) techniques.

Kinship analysis in archaeogenetics can provide important data for a better understanding of
familial relationships, social structures, and migration patterns of ancient populations. By
analysing ancient DNA samples from archaeological sites, researchers can infer kinship
relationships between individuals buried together or within the same community®.
Furthermore, Kinship analysis in archaeogenetics has been instrumental in studying the

genetic relationship and population structure of ancient civilisations.

Identity-by-state (IBS) is a concept in genetic analysis that focuses on the sharing of genetic
markers between individuals, regardless of whether the markers are inherited from a common
ancestor. IBS sharing is based on genetic similarity due to population-relatedness rather than
familial relatedness. It is a fundamental aspect of genetic analysis, particularly in kinship
studies, forensic genetics, and population genetics. Distinguishing between IBS and identity-
by-descent (IBD) sharing is crucial in accurately estimating kinship coefficients and

determining the degree of relatedness between individuals.’

The calculation of IBS sharing involves examining genetic markers, such as single nucleotide
polymorphisms (SNPs), to identify regions where individuals share identical alleles. The

kinship coefficient based on IBS sharing can be mathematically expressed as follows:
¢ =F1+0.5F2

Where F1 represents the probability that two alleles at a specific locus are IBD, and F2
represents the probability that two alleles at a specific locus are IBS due to a more distant
common ancestor. This equation allows for the quantification of the genetic relatedness

between individuals by considering both recent and more distant shared ancestry.1819

In archaeogenetics there are multiple difficulties to distinguish. The post-mortem damage and
fragmented sequences are the main problems. 2° Moreover, the lack of complete pedigrees and
genealogical records in ancient populations poses a significant obstacle in determining IBD
accurately. Unlike modern populations where detailed family histories are available, ancient
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populations may lack comprehensive genealogical information, making it challenging to infer
true IBD segments and relationships between individuals. 2 Another problem could be that
the sample size of the experiments are low, because of the price of the highly degraded DNA

sequencies. 222

Multiple methods are used in the field of archaeogenetics to determine the Kinship
relationship. One of the most widely used is READ (Relations Estimated from Ancient DNA)
24 which is originally made for archaic samples, and can work from as low as 0.1x coverage,
the algorithm can detect up to 2" degree relationships. READ takes as input TPED/TFAM
files containing pseudo-haploid genotypes of a population. READ divides the genome into
nonoverlapping 1MB windows and calculates the proportion of nonmatching alleles (P0) for
each pair of individuals within each window. Before classifying the relationship between
pairs, PO is normalised using expected values derived from unrelated individuals within the
population or between populations with similar diversity. READ classifies pairs of individuals
as unrelated, second-degree relatives, first-degree relatives, or identical individuals based on
the normalised proportion of shared alleles. The tool produces the degree of relationship that
is best suited, based on the average PO point estimates, with low false positive rates observed.
It provides users with graphical summaries of classification results, including uncertainties
and certainty expressed as multiples of the standard error of the mean (Z).?* Figure 2 shows

the workflow of the software.
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The other kinship estimation method commonly used for low coverage aDNA is IcMLKkin.
Similar to other recent methods aiming to infer population genetic parameters from low
coverage data by utilizing genotype likelihoods instead of assuming a single best genotype
IcMLKin, can infer biological relatedness down to 3 degree relatives from simulated data,
even when coverage is as low as 2x in both individuals examined. 2> IcMLKkin starts the
calculation from variant call format (VCF), where the samples have genotype likelihood (GL)
fields. From this field it calculates IBD/IBS probability described in the publication. Lastly

they define K as a 3-tuple of coefficient (ko,k1,k2) and calculates the kinship coefficient.

12



5. Objective

PC-Relate algorithm accounts for population structure (ancestry) among sample individuals
through the use of principal components (PCs) to estimate the kinship coefficient.
Consequently, while the reference data has to be present in the analysed data set, the best
reference does not have to be explicitly provided for each potential related individuals. The
original algorithm has very good accuracy using fully genotyped modern data, however it is
not suitable for the analysis of partially genotyped haploid data from ancient DNA sequences.
During my research my task was to test our hypothesis that the raw kinship coefficient
estimation of PC-Relate algorithm from pseudo-haploid partial marker data can be corrected
based on the fraction of the genotyped markers in the samples. We used the PCAngsd version
0.99 implementation of the algorithm. During my research | participated in the following

tasks.

1. In the initial examination, we sought to understand whether the commonly employed
random pseudo-haploidization significantly influences the outcomes of Principal
Component Analysis (PCA). Subsequent investigations involved simulations to assess
the impact of random pseudo-haploidization (RPsH) on calculations of kinship
degrees.

2. Archaic samples have a huge variability of genome coverage due to the generally low
(variable) endogenous DNA content. In the second study we utilised simulations by
downscaling known genome coverage data to investigate how the partially genotyped
marker fraction affects the estimated kinship coefficient.

3. In the third investigation, the aim was to simulate the random errors and PMD error’s
effect on the corrected kinship coefficient.

4. Our aim was to test, whether the lack of exact reference population (often the case in
case of ancient data) hugely invalidate our results. Furthermore, we wanted to test that
in admixed relatives the un-admixed source populations can be used as reference.

5. Validation of the improved algorithm compared to READ. Validation of the algorithm
on known relatives of the AADR data set.

6. The archaeogenomic validation of the Saint Ladislaus' relic

13



6. Materials and Methods
6.1. Used Data

In all analyses conducted, the genome coordinates of the 1240K SNP set from Allen Ancient
DNA Resource (AADR) ¢ were used. For marker overlap simulations, two distinct fully-
typed modern datasets were employed: the 1000 Genomes Project Phase 3 data 27, and a
sizable admixed Cabo Verdean-Hungarian family of known pedigree with first- (siblings),
second- (half siblings), and fifth-degree relatives sourced from an anonymised clinical
biobank. Variants within joint VCF (Variant Call Format) files underwent filtration based on

1240K SNP coordinates and were subsequently imported into plink 1.9 binary format 28,

To examine the impact of genome coverage on the estimated kinship coefficients derived
from genuine ancient data, unpublished 1240K genotype data of a documented medieval
parent-offspring pair were used. This dataset comprises low-coverage, partially typed pseudo-
haploid genotype data derived from 3+2 distinct library preparations sourced from various
biological samples of the individuals under analysis. The unpublished medieval datasets have
been deposited in the PLINK 1240K binary format, as detailed in this manuscript, and are

available via Zenodo %°.

The public AADR V42.4 1240K dataset 8 served as validation of methodology in a diverse
range of ancient individuals. Specifically, we included ancient samples with more than 100K
genotyped markers (N=2810), while excluding those before 8000BC (N=216) due to their
scarcity and inadequate representation as a reference population (3° Additional file 7: Figure
S4). Furthermore, to prevent the analysis of individuals lacking sufficient or appropriate
reference populations, samples were restricted based on their geographical coordinates
(Longitude -12 — 120 and latitude 28 — 65), resulting in the exclusion of 458 individuals (*°
Additional file 7: Figure S5). Following filtration, the dataset comprised 2136 ancient
individuals (** Additional file 6: Table S5).

6.2. New bioinformatics tools
To facilitate seamless importation, manipulation, and analysis of genotype data within our

proposed workflow, we developed essential tools, including the following:

- importHaploCall: Designed to import pseudo-haploid genotype calls from ANGSD.
- pseudoHaplo: to perform RPsH using a diploid dataset

- markerOverlap: Calculating the pairwise marker overlap fraction matrix.

14



- filterRelates: Correcting the kinship coefficient and filtering relatives based on error

models and/or hard kinship coefficient thresholds.

For controlled studies on the impact of partially genotyped markers and comparison with

analyses of fully genotyped modern samples, we utilised:

- depleteMarkers: Simulating the desired marker overlap fraction between selected
samples.

- depletelndivs: Simulating a random cohort of partially genotyped samples.

These tools are compatible with the major genotype data formats (PLINK, EIGENSTRAT,
PACKEDANCESTRYMAP). Detailed usage instructions and command examples are
provided in the publication % Additional file 8: Note S1. The tools are accessible via Zenodo
and the GitHub repository (https://github.com/zmaroti/correctKin).

To calculate the pairwise overlapping marker fraction between samples, the method defines it
as the number of markers typed in both samples divided by the total number of markers in the
dataset. Utilizing the "pseudoHaplo” tool, 100 randomly pseudo-haploidized datasets were
generated from the fully typed modern diploid dataset using different random seeds.
Throughout the presented examples, the "markerOverlap™ tool was employed to compute the
pairwise overlapping marker fraction matrix of samples utilized for kinship coefficient

correction.

6.3. Principal component analysis
The British(GBR), Toscani (TSI), Iberian (IBS) and Finnish (FIN) populations were selected
from the 1000 Genomes Project (1KG) dataset, which totalled 404 samples. Subsequently,
the diploid dataset was randomized using three different seeds. Smartpca 132 analysis was
performed on both the original diploid dataset and the three randomly pseudohaploidized
datasets, incorporating the "inbreed: YES" option. Visualisation of individuals on the PC1 and

PC2 axes was performed using R (version 4.0.5) ** and the ggplot2 R package (version 3.3.5)
34

6.4. Simulating the effect of low coverage from fully typed modern datasets
To systematically examine the impact of coverage and the resultant lower genotyping
percentages on kinship coefficient calculations, we employed "depleteMarkers"” to randomly
deplete markers from a fully typed dataset (in PLINK or EIGENSTRAT format). This process

15
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allowed us to achieve the desired percentage of marker overlap between two samples. Using
this tool, overlapping marker fractions were simulated within selected samples in a range of 5
to 100%, with increments of 5 percent.

To evaluate the technical errors associated with low or variable coverage data throughout the
workflow, a set of 1020 fully typed diploid Eurasian samples from diverse populations were
curated from the 1000 Genomes Project phase 3 dataset. Utilizing "depletelndivs," a random,
partially typed sample cohort was generated, with marker counts ranging between 100,000
and the complete set of 1,150,639 markers. Populations were the followings: IBS, GBR, FIN,
TSI, Utah residents with Northern and Western European Ancestry (CEU), Dai Chinese
(CDX), Han Chinese in Bejing (CHB), Southern Han Chinese (CHS), Japanese (JPT) and
Khin Vietnamese (KHV)

Subsequently, from the partially typed diploid dataset, a pseudo-haploidized dataset was
generated using the "pseudoHaplo” tool. Kinship analysis was performed using PCAngsd, and
estimated kinship coefficients were corrected based on the marker overlap fraction of sample
pairs within the partially genotyped datasets. These results were compared with those
obtained from the original fully typed diploid dataset for analysis.

6.5. Simulation of aDNA-related genotyping errors
The PLINK and EIGENSTRAT data formats were designed for biallelic markers. There are
only four possible allelic states (homozygote major allele, homozygote minor allele,
heterozygote major / minor and missing), thus any other nucleotide that is different from the
minor or major allele cannot be represented, and the allelic state of samples with invalid

alleles is set to the “missing” state at such marker positions.

Based on the data format restriction, the three typical aDNA-related genotype errors can be

simulated in the following ways for the pseudo-haploid PLINK dataset:

- Post mortem damage; if the conversion of C->T or G->A conversion leads to
nucleotides different from the minor or major allele, the state is set to 'missing’;
otherwise, if the minor and major alleles are C/T, T/C, G/A or A/G, the minor and
major homozygote states are flipped.

- Exogenous (non-human DNA) contamination; since the exogenous DNA consists

mainly of DNA from microorganisms (usually in ancestral state), it leads to excessive

16



homozygote major allele, thus random subsets of markers are set to the homozygote
major allele state.

- Endogenous (human DNA) contamination; Random subsets of markers are set to the
state of the same markers genotyped from another sample (theoretically, the largest
number of SNPs is expected to be flipped in case the population has the largest FST
from the test individuals or practically if the test is contaminated with sample from a
very different population).

In most population genetic analyses, highly contaminated samples are excluded. In the
comprehensive AADR ancient dataset, the following criteria are used to mark bad quality

sequences:

- ANGSD X contamination (applicable only to males) 0.02-0.05="QUESTIONABLE",
>0.05="QUESTIONABLE CRITICAL" or "FAIL”.

- mtcontam <0.8 is "QUESTIONABLE_CRITICAL", 0.8-0.95 is "QUESTIONABLE",
and 0.95-0.98 is recorded, but "PASS", gets overridden by ANGSD X contamination.

Consequently, the 1240K v42.2 AADR dataset (n=3589 ancient samples) 157 is marked
CRITICAL/FAIL (>5% error rate), while the mean contamination rate X of all ancient

samples is 1.28%.

The simulation comprised three distinct error types examined individually, together with a
mixed scenario where all three error types were introduced equally, resulting in a consistent
total error rate. Throughout, a maximum total genotyping error rate of 5% was maintained,
adhering to the CRITICAL / FAIL tag threshold as per the AADR criteria. Consequently, each
sample was subjected to random genotyping errors ranging from 0% to 5%, leading to an
overall genotype error rate of approximately 2.5% across the dataset. This rate represents
approximately twice the genotyping error rate observed in the experimental AADR ancient
DNA dataset. Across each simulation, 100 iterations were performed using different random
seeds, with the mean and standard deviation of the corrected kinship coefficients calculated

accordingly.

6.6. Uncorrected kinship coefficient estimation
The estimation of the kinship coefficient was performed by the PCAngsd **° software (version
0.99) of the ANGSD package ¢ that implements a fast parallelised kinship calculation from
the PLINK or EIGENSTRAT format based on the PC-Relate algorithm *7 with the parameters
"-inbreed 1 -kinship'.
17



7. Results

7.1. Effect of random pseudo-haploidization on PCA
In our first experiment, we wanted to know that random pseudo-haploidization (RPsH)
influences the result of the principal component analysis (PCA). RPsH is commonly used in
the field of archaeogenetics, because the genomic coverage of the samples is usually low,
between 0,1x-5x, so reliable diploid call is not possible. With RPsH, the heterogeneous call is
randomly changed to homozygote reference or homozygote alternative. Although it is a

method used every day in the field, no articles have tested whether it has any effect on PCA.

To test the effect, 404 samples of 4 European populations from the 1KG database were
selected: British (GBR), Toscani (TSI), Iberian (IBS), and Finnish (FIN). The samples were
randomised with three different seeds. After randomisation PCA analysis was performed with
the smartpca software, with the original diploid and the 3 random pseudo-haploidized

datasets.
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As seen in Figure 3. the RPsH does not significantly alter the result of the PCA.
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7.2. Effect of random pseudo-haploidization on kinship coefficient
To examine the effect of RPsH on the kinship coefficient, 509 individuals were selected from
five different populations of 1KG. The populations were the following: FIN, GBR, TSI, and
CEU for European, and Han Chinese (HAN) for East Asian.

In the experiment, 100 different pseudo-haploid datasets were generated from the original
dataset using different random seeds. To exclusively study the effect of RPsH, sample
duplicates were included from different sets of random seeds. Random individuals were
selected from the GBR (HGO00244.SG), FIN (HGO00356.SG), CEU (NA12763.SG,
NA12775.SG) and TSI (NA20798.SG) populations. This idealised experimental setup is
equivalent to the monozygotic twin relation, while the maximal expected kinship coefficient

(0.5) allows for a more sensitive analysis.

To study the effect of RPsH on true first / second order relatives, samples with known family
relations from 1KG were selected. (I) HG00702-HGO00657, a parent-child relation from Han
population, where exactly 50% of genome is shared between the samples. (1) NA20526-
NA20792 siblings from Toscani populations, where 50% of the genome comes from the same
parent, but a different subset of markers was found due to recombination and segregation.
(111) Second-order relatives HG00124-HG00119 of the British population, where statistically
25% of the genomes are shared. The kinship coefficients were calculated for each of the
selected relatives (kinl/kin2) using their own reference population for the 100 different
randomisations and calculated the mean and standard deviation of the estimated kinship

coefficients.
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diploid haploid
95% 95%
expected | estimated | conf. conf.
kinship | kinship interval | interval
ID1 ID2 POP | relatedness | coeff. coeff. lower upper |mean |SD
sample
HG00244.SG | HG00244 DUP.SG | GBR | match 0,5 0,496 0,492 0,501 | 0,496 | 0,001
sample
HG00356.SG | HG00356 DUP.SG | FIN | match 0,5 0,493 0,488 0,497 | 0,488 | 0,001
sample
NA12763.SG | NA12763 DUP.SG | CEU | match 0,5 0,499 0,495 0,504 | 0,499 | 0,001
sample
NA12775.SG | NA12775 DUP.SG | CEU | match 0,5 0,493 0,488 0,497 0,492 | 0,001
sample
NA20798.SG | NA20798 DUP.SG | TSI | match 0,5 0,495 0,490 0,499 | 0,492 | 0,001
NA20526.SG | NA20792.SG TSI |1t 0,25 0,243 0,239 0,248 | 0,241 | 0,001
HG00657.SG | HG00702.5G CHS | 1st 0,25 0,240 0,236 0,245 0,237 | 0,001
HG00119.SG | HG00124.SG GBR | 2d 0,125 0,159 0,155 0,164 | 0,158 | 0,001

1. Table Effect of RPsH on kinship coefficient. Five artificial identical twin and 3 true relative from 1KG*°

The Table 1 shows that RPsH does not significantly alter the result of the kinship coefficient

calculations.

7.3. The effect of overlapping marker fraction on the kinship coefficient

calculation

The original PC-Relate algorithm was created to analyse modern fully genotyped diploid
samples. However, in the case of ancient data, genome coverage and partial genotyping are
one of the factors that have the greatest variability between samples. The calculation of the
kinship coefficient is based on the identity-by-descent (IBD) segments shared between two
samples, which can only be assessed at marker positions where both samples are genotyped.
To investigate the effect of this factor, a metric called the overlap marker fraction was defined.
This was calculated metric by dividing the number of markers where both samples are
genotyped by the total number of markers in the data set. Using the 100 random pseudo-
haploidized fully typed dataset of the previous experiment, markers were randomly depleted
between the selected sample dups and true 1KG relatives to a marker overlap fraction

between 5 and 100% using different random seeds. The results revealed that the kinship
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coefficient is a linear function of the marker overlap fraction, as shown in Figure 4/A. This
allows for a simple method to correct the value of the kinship coefficient for low-coverage
genomes by dividing the estimated kinship coefficient with the marker overlap fraction
between the two samples. According to the simulation, the correction of the estimated kinship
coefficient for sparsely genotyped data resulted in a reproducible Kkinship estimation
regardless of the overlap fraction, as shown in Figure 4/B. As expected, a low partially
overlapping subset of markers would lead to less complete representation of the reference
population and the test individuals, thus regression of IBD/IBS based on the PC-Relate
algorithm would have higher SD at low marker counts. Although the marker overlap fraction
correction differs more than one magnitude between very low and high marker overlap
fraction sample pairs, the analysis shows (*°, supplementary table 1) that the correction itself
does not introduce overall bias (the mean is statistically the same) and does not significantly
multiply the error rate (4x increase in SD at 20x correction factor). The results suggest that

the increase in SD of the method is likely due to the higher uncertainty of PCA.
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4. Figure The mean and the 95% confidence interval of the A uncorrected and B corrected kinship coefficient

7.4. The effect of genotyping errors on the corrected kinship coefficient
The effect of genotyping errors was tested using the same data sets and sample dups/known
first- and second-degree 1KG relatives as in previous experiments. The simulation setup has 4
scenarios: (1) only post mortem damage, (2) only endogenous contamination (using a random

Yoruba (YRI) individual as the contaminant), (3) only exogenous contamination, and (4)
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equal combination of the first three sources of genotype errors. In each scenario,
approximately twice as many genotyping errors per individual were introduced compared to a
typical aDNA dataset. The mean and standard deviation of the corrected kinship coefficients
were calculated ( %° Additional file 3: Table S2) between the selected samples. The mean and
95% confidence interval of the corrected kinship coefficients of the selected sample dup
(CEU; NA12775.SG), true first-degree relationship (HAN; HG00702-HG00657), and true
second-degree relationship (GBR; HG00119.SG-HG00124.SG) were visualized in Figure 5.
Generally, genotyping errors decreased the mean and increased the standard deviation of the
estimated kinship coefficient. The decrease in the corrected coefficients were proportional to
the expected kinship coefficients. The greatest effect (approximately 9.6% lower kinship
coefficient) was observed in the case of exogenous contamination. It is speculated that this
effect was likely due to the fact that, in this scenario (although the genotyping error affects a
different subset of markers in different samples), the markers' states were uniformly set to the
homozygote major state, leading to higher bias than that of random flips of the minor/major
state in different samples in the other scenarios. In our simulations, even with relatively high
error rates (compared to experimental aDNA error rates), the largest effect was still
significantly smaller than the 50% difference of expected kinship coefficients between
different degrees of relations, thus the estimated degree of relatedness for the analysed

relatives remained the same.
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relatedness sample match (CEU, NA12775) 1st degree (HAN, HG00702-HG00657) —e— 2nd degree (GBR, HG00124-HG00119)
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5. Figure Corrected kinship coefficients with different genotyping errors

7.5. The effect of reference population selection on Kinship analysis

In this analysis, the focus is on investigating scenarios where a proper reference population is
unknown or unavailable, a situation frequently encountered with ancient samples. Using the

same public 1KG phase 3 data set and the three known relatives HG00702-HG00657 parent-
child of the Han population, NA20526-NA20792 siblings of the TSI population, and
HG00124-HG00119 second-order relatives of the GBR population, the effect of the reference
population on the calculated kinship coefficients were investigated. Three different scenarios
were tested: (1) the reference population was the same as that to which the selected individual
belonged to; (2) the reference population was from a different superpopulation (AFR); (3) the
reference population was from the same superpopulation as the selected individual (JPT for
Han, IBS for TSI, FIN for GBR). To study the effect of overlapping marker fractions in these
more complex cases, the selected sample pairs were also marker-depleted in the range of 100

to 5% overlap fractions.

The results revealed that a reference population with significantly different genetic
backgrounds, such as African for European samples, strongly corrupts the results. In this
experimental setup, there is a deficiency in the availability of a sufficient number of unrelated
references; hence, IBS fractions are likely not represented and cannot be properly regressed
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out. Furthermore, when only a couple non-AFR individuals are included in the analysis
depending on the marker overlap fraction, the EUR/EAS-specific markers are mostly
excluded as the PCANngsd implementation uses a default 0.05 MAF marker pruning. Thus, at
low marker overlap, mainly the AFR-specific markers are kept, while at higher maker overlap
slightly more EUR/EAS-specific markers are also included in the analysis. Based on the used
marker set, the optimal number of eigenvectors and the underlying PCA based regression of
IBS components are expected to be different. The observed nonlinear kinship coefficient

estimates in Figure 6 could likely be caused by these differences.

Using a superpopulation with similar genetic background to the sample gives very similar
results as if its own reference population were used (*° Additional file 1: Figure S2).
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6. Figure A. Corrected kinship coefficients with the same reference population like the samples. B. Corrected
kinship coefficients with African reference populations.

7.6. Effect of reference population selection on kinship analysis in a complex

admixed family with multiple ethnic relations

To assess the choice of reference population in the kinship analysis of admixed individuals
(often the case in ancient populations), a complex admixed Cabo Verdean-Hungarian family
with known pedigree was analysed. In this family, multiple instances of historical and recent

admixtures have occurred, leading to individuals with varying ratios of admixture
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components. WGS data were available for siblings (1st order), differently admixed half-sibs

(2" order), and fifth order relatives as shown in Figure 7.

CB CB CB CB
EUR CB AFR cB CB
CB-EUR/1 CB-AFR/1  CB-AFR/2 CB/1 CBi2 CB/3

7. Figure Pedigree of a complex admixed modern family with Cabo-Verdean (CB, ~50%-50% old EUR/AFR
admix), AFR (100% African), EUR (100% Hungarian) family members and recently admixed offsprings. WGS

data was only available from third generation individuals denoted with numbers in their ID.

Two scenarios were tested: the reference population was (1) only African (AFR) representing
the majority of the admix sources in the tested samples; (2) African and European (EUR)
populations were included. Additionally, marker depletion was performed to investigate the
effect of coverage in this complex scenario. The results in Figure 8 demonstrate that to obtain
realistic coefficient values in the case of a complex admixture, a combined set of reference
populations is required that represents the population structure of all ancestors. Using just the
majority source as a reference significantly distorts the result. To test whether random
haploidization alters the calculation of the kinship coefficient compared to the better phased
diploid data in this complex admixed case, this analysis was also performed from the original
diploid dataset (** Additional file 4: Table S3) with the AFR + EUR reference population. It
was confirmed again that even in such a complex admixed family, the differences due to

RPsH were negligible.
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8. Figure A. Corrected kinship coefficients with African and European reference populations. B. Corrected
kinship coefficients with only African populations.

7.7. Statistical validation, assessment of technical errors

The EUR and EAS individuals were selected from the 1KG phase 3 dataset (n=1020) and
estimated the kinship coefficients between these individuals. Although there are a few true
relatives in the selected individuals, the overwhelming majority of pairwise relations are
expected to be unrelated, thus representing the variance in technical error of the entire
analysis. To test the effect of the overlapping genotyping fraction on the mean and standard
error of the corrected kinship coefficient, the set of markers in these individuals was randomly
depleted between 100,000 markers and the fully typed marker count (~1.2M), amounting to
100% of the marker count of the original data set. Using RPsH, a pseudo-haploid dataset was
also created for comparison. The pairwise kinship coefficient matrix and the estimated kinship
coefficients were created by the overlap fraction of the markers. Using the pairwise matrix of
1020 individuals, the 519,690 kinship coefficients were plotted between all combinations of
individuals for the diploid and haploid dataset (Figure 9).

The variance of the corrected kinship coefficient depends on the marker overlap fraction
between the test individuals (Figure 9). Since the marker overlap fractions between any two
ancient samples are different, applying a predefined kinship coefficient threshold to identify
relatives would lead to decreased sensitivity or specificity depending on the marker overlap
fraction. In other words, the statistical power to differentiate relatives from unrelated depends
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on the marker overlap fraction, and the same threshold should not be applied. However, based
on the experimental variance of the corrected kinship coefficient observed in the analysed
dataset, the Z score (N standard deviation from the mean) could be used as a criteria to
differentiate relatives from unrelated with the same sensitivity and specificity independent of
the marker overlap fraction. Given the inability to eliminate errors that arise from missing
genome components in the reference populations during this experiment, a conservative N=6
sigma threshold was employed to detect biological differences. As expected, the haploid
dataset resulted in higher variance due to random information loss especially at very low
(<5%) marker overlap fractions. Although the marker overlap fraction correction differs two
magnitudes (0.007-0.996) between very low and high marker overlap fraction sample pairs,
the analysis shows that similar to the corrected kinship coefficient between relatives (*°
Additional file 2: Table S1) the correction itself does not significantly multiply the error rate
of unrelated samples. Most technical errors are expected to be the result of using very sparse
data to regress IBS to identify IBD fragments using PC-Relate. Despite the higher variance,
the estimated kinship coefficients show a very high correlation between the fully typed
(~1.2M high-quality diploid markers) diploid and the corrected coefficients of the partially
typed diploid and haploid datasets (R=0.9998 and R=0.9993 respectively) compared to the
correlation with the uncorrected estimates (R=0.749 and R=0.751; *°Additional file 5: Table
S4). The results indicate that the applied pseudo-haploidization and correction in the marker-
depleted experimental data do not introduce overall bias. The method successfully identified
all known first- and second-degree relatives within the analysed subset of 1KG EUR/EAS
individuals, and it also revealed a few additional distant third or fourth relatives (*° Additional
file 5: Table S4). The analysis shows that 4th-degree relatives are expected to surpass the 6
sigma threshold in diploid data, except in cases of very low overlap marker fractions (<2%,
approximately 17,000 overlap markers). In the case of haploid data, the establishment of 3rd
degree relatedness is possible even from low marker overlap fractions, and the establishment
of fourth degree relatedness is possible when the sample pair has >10% marker overlap
fraction (equal to roughly ~85,000 markers). However, in case of 4th degree relatives
depending on the overlapping genotyping fraction, the estimated confidence interval of
corrected kinship coefficient, and true biological variation, it is expected to have more false

positive/negative and uncertain Kinship estimations at low marker overlap fractions.
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9. Figure Statistical validation of corrected kinship estimations. A. Diploid data. B. Haploid data

7.8. Kinship analysis of ancient samples with known relations using kinship

coefficient correction

To demonstrate the suitability of the methodology for ancient data, low-coverage ancient
sequences with known family relations were analysed. In the first example, the analysis
focusses on a known father-son (first-degree) relation involving two Medieval samples. Both
remains provided two types of biological samples: bone powder extracted from the teeth and
from the pars petrosa. The father's samples included three parallel DNA isolates and NGS
libraries, with two prepared from pars petrosa and an additional one from teeth. For the
offspring, one DNA isolate and an NGS library were prepared from both types of biological
samples. In total, there were 3+2 NGS sequences with significantly different genome

coverages (ranging from 0.87x to 11.9x) from these two ancient individuals.
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Marker Expected | Uncorrected | Corrected
Sample 1 |Sample2 |overlap Relation kinship kinship kinship
fraction coeff. coeff. coeff.
Father Child high | 0933804 |t 0.25 0.22883 0.24502
high degree
Father Childlow |0377769 | ™St 0.25 0.09179 0.24297
high degree
Father Child high | 0730011 | Fst 0.25 0.17604 0.24114
medium degree
Father Childlow |0296127 | F"st 0.25 0.07150 0.24144
medium degree
Father low | Child high | 0511753 | FIrst 0.25 0.12239 0.23915
degree
Father low | Child low | 0.207545 | 1"t 0.25 0.05014 0.24160
degree
Father Father 0778247 |>2MPle 145 0.38284 049193
high medium matching
Father Father low | 0.545866 | 2P |05 0.27020 0.49499
high matching
Father Sample
. Father low [0.427389 . 05 0.20863 0.48814
medium matching
Child high | Childlow | 0354511 | >3MP'€ 145 0.17286 0.48761
matching
Typed
Sample Sample Coverage marker
P type 9¢ | count
(1240k)
Father Teeth 11.997 1,148,973
high
Father mid | Petrosa 3.057 896,623
Father low | Petrosa 1.546 630,405
Child high | Petrosa 5.510 1,075,845
Child low | Petrosa 0.879 435,005

2. Table Result of the two, known related medieval person

Consequently, the robustness of the correction method was assessed in the six combinations

of these data sets. Table 2 shows the uncorrected and corrected kinship coefficients calculated

from these data. In the second example, a reanalysis was performed on a published group of
five related males from Corded Ware Culture (2500-2050 BCE) with first-, second-, third-,

and fourth-degree kinship relationships®. Table 3 presents family relations with uncorrected

and corrected kinship coefficients calculated by the methodology from ancient public 1240k

data. These individuals were initially analysed in the original READ manuscript 2, where

relations were identified to the second degree, except for the one between 11538 and 11540,

and all third and fourth relations were inferred solely from family relations.

29



Marker Expected | Uncorrected | Corrected
Sample1 |Sample2 | overlap Relation kinship kinship kinship
fraction coeff. coeff. coeff.
11538 11541 0039828 |t 0.25 0.01036 0.26006
degree
11540 11541 0079863 | "t 0.25 0.01959 0.24534
degree
11534 11541 0047882 | f4125 0.00715 0.14938
degree
11538 11534 0025735 |35 f4125 0.00335 0.13003
degree
11538 11540 0.042478 |35 [ 125 0.00456 0.10730
degree
11541 10104 0216185 | f4125 0.03394 0.15700
degree
Third
11534 11540 0.049813 0.0625 0.00405 0.08123
degree
Third
11538 10104 0.107634 0.0625 0.00846 0.07864
degree
Third
11540 10104 0.22405 0.0625 0.01812 0.08088
degree
Fourth
11534 10104 0.129456 003125 | 0.00645 0.04982
degree
Typed
marker
Sample ID | Coverage count
(1240k)
10104 4184 962767
11534 0.158 164095
11538 0.126 135269
11540 0.298 285866
11541 0.294 276299

3. Table Results of the Corded Ware Culture family relations

7.9. Kinship analysis of ancient samples from the AADR 1240K dataset

Kinship analysis was conducted on 2136 ancient Eurasian individuals from the AADR 1240K
dataset, each having more than 100K genotyped markers. Without manual curation or the use
of an additional matching reference population, potential relatives above a corrected kinship
coefficient of ~0.046875 (indicative of 3rd—4th degree kinship) were filtered. The analysis
revealed 410 related individuals organized into 184 kin groups (*° Additional file 6: Table S5).
Sample duplicates (N=26) and joint datasets (N=30) from the same sample were identified.
Notably, sample duplicates with different master IDs were found in the AADR dataset
published in different manuscripts (11526-NEO232; 17782-NEO298; 18295-NE0O230; 18296-
NEO231), where all four sample pairs originated from the same geological site, belonged to

the same population, and exhibited identical or nearly identical haploid typing, with
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differences likely attributed to missing branch-defining markers due to coverage variations.
Additionally, a probable sample mix was identified®®, involving two individuals (MJ-15
Ukraine_IA_Western- Scythian.SG and MJ-35 Ukraine_Cimmerians_02.SG) with a corrected
kinship coefficient of 0.5, equivalent to a sample match (or monozygotic twin), despite having
different population assignments. All of these individuals had same sex and identical/nearly
identical mitochondrial and Y haplogroups as well. Furthermore, all 111 previously identified
kinship relations from the AADR dataset were identified. Three relatives (18502, 18524;
MK5001, MK5004; KBD001, KBD002) previously labeled as uncertain (1st or 2nd degree)
in the AADR dataset were reclassified as 2nd-degree relatives by our analysis. Additionally,
three kin pairs initially indicated as 1st-degree relatives were reclassified as 2nd-degree
relatives (RISE1163, RISE1169; RISE1168, RISE1173; RISE1168, RISE1169). Beyond the
published data, our approach within the 184 kin groups identified 6 new 1st-degree, 108 2nd-
degree, 144 3rd-degree, and 40 4th-degree relations, involving a total of 279 new relatives (*°
Additional file 6: Table S5).

In instances where an appropriate reference population was absent in the dataset, hindering
the establishment of suitable kinship relations, the correction resulted in invalid distant 3rd—
4th-degree kinship relations highlighted in red in 3° Additional file 6: Table S5. To assess the
sensitivity of our analysis, READ * was utilized for validation. As READ relies on the proper
reference population and utilizes a global threshold to differentiate between unrelated and
potential kin, the joint set of 2136 individuals could not be analysed together. The top 10
populations with the highest number of individuals were selected, and READ analysis was
performed separately. READ identified relatives up to the 2nd degree, with no additional
relatives identified compared to our methodology in the selected populations. The degree of
kinship matched for each identified relative between the two methods. Notably, our method
identified one additional 2nd-degree relation (AITI_95 d and AITI_98) that was missed by
READ. In this case, the samples had very low genome coverage (0.145x and 0.402x) and
only ~0.05% marker overlap fraction. Although the corrected Kinship coefficient was
significantly above the 3rd degree (0.0625), it was less (0.1004) than the expected 0.125
corresponding to 2nd degree, suggesting that these relatives share less than expected genome
portions due to true biological variation (3° Additional file 7: Table S6). A similar scenario was
observed in the case of the missed 2nd-degree relation between the 11538 and 11540 CWC
individuals (Table 2), indicating that READ is less sensitive when the marker overlap is low,

and the shared genome fraction significantly differs from the statistically expected mean.
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7.10. Genetic validation of St.Ladiuslaus
DNA extraction from the herma of St.Ladislaus was performed, specifically from the pars
petrosa and tooth root, followed by analysis. Due to the careful sampling to not to damage the
relic, the DNA extraction of the tooth was low on endogenous content, but subsequently, the
tooth root, exhibiting a very high endogenous content (72.2%), underwent whole genome
sequencing. *° The whole genome sequencing resulted really high coverage, 16,4 fold in

average.

Within the Matthias Church in Budapest, a total of three Arpad dynasty remains are housed:
King III. Béla (HU3B), his wife Anna of Antioch (HUAA), and an unidentified relative
(HU52) whose identification remains uncertain to this day. These remains sequenced in an
earlier publications, and were used for kinship analysis for the sequence of St.Ladislaus. **

The samples were analysed with medieval Carpathian Basin reference from Maroti et al 2022

publication. 2 The result of the analysis summarized in Table 4.

Corrected
kinship
ID1 ID2 coefficient

HU3B HUS52 0,123
HU3B | HUAA -0,011
HU3B SZTLF 0,013
HUAA | SZTLF -0,002
HU52 | HUAA 0,102
HUS52 SZTLF 0,012

4.Table Result of corrected kinship analysis of St. Ladislaus and other members of House of Arpad. Expected
kinship coefficient for 2nd degree relatives are 0.125 and for 5th degree relatives are 0,015

As shown in Table 4 the relationship between the HU52, the unknown royal family member,
and both Anna of Antioch and King III. Béla have second degree relatives. Between the
sample from the relic and King III. Béla there is a 5" degree relationship, confirming,
considering pedigree of the House of Arpad, that the skull preserved in the relic indeed

belongs to St. Ladislaus.
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8. Discussion

Identification of relatives from the genomic data of ancestors is of great interest as it allows
the study of family relationships, but it is also a precondition for most population genetic
analyses to exclude close relatives from datasets (e.g., ADMIXTURE, PCA). To date, the best
analysis tools were able to indicate mainly first- and second-degree relatedness from very
low-coverage ancient samples 24254344 Based on simulated data, IcMLKin can accurately
infer kinship up to the 3rd degree from 2x genome coverage when the FST is low between the
reference population and analysed data®®. However, the majority of aDNA data is below 2x
genome coverage. In these data, most markers are represented by one read/genotype only. It is
untested whether it is possible to infer comparable diploid genotype likelihoods suitable for
IcMLkin from very low-coverage data. The recent heuristic method READ (Relationship
Estimation from Ancient DNA) infers relatedness up to 2nd degree from as low as 0.1x
coverage sequence data 4. In the most comprehensive AADR ancient genome data set?®, the
majority of the indicated kinship relations are 1st degree and the handful of indicated 2nd-
degree relations in all cases are uncertain. These samples are labelled with 1d.or.2d.rel tag.
Diploid variant calling and genotype likelihood-based methods with the extra information of
rare alleles allow better phasing and identification of IBD fragments leading to improved
kinship coefficient estimations from deeply genotyped WGS data. Accordingly, some methods
attempt to infer genotype likelihoods or diploid genotype calls from low-mid genome
coverage (2—4x) data®#4® KING, a method that was developed to be used for fast and
robust kinship coefficient estimation from low amounts of fully typed diploid markers (5—
150k), can infer up to 3rd-degree relations from approximately 150k markers or 1st-2nd-
degree relation from even as low as 5k diploid markers*. Even though these tools are used to
analyse low marker count ancient samples, the assumption implicit in these methods that the
data is sufficiently high-quality diploid is often false in case of low marker count extremely
low-coverage ancient samples. Therefore, when comparing samples of different genome
coverage, the inferred genotype likelihoods or diploid variants from low/variable genome
coverage samples could lead to major bias. To overcome these difficulties and mitigate the
main genotyping biases in case of low coverage ancient samples, we used a combination of
strategies to account for the effects caused by PMD and varying low genome coverage. We
used random allele sampling that is the gold standard methodology when performing PCA and
other population genetic analyses on ancient samples, as it leads to statistically equal
genotype likelihoods of genotyped markers regardless of the genome coverage. To avoid
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excessive, variable amounts of false positive variants due to the variable rate of PMD,
exogenous DNA contamination, and technical errors (alignment artifacts), we restricted our
analysis to the already known biallelic, high-frequency, and population-informative SNPs of
the 1240K AADR dataset. This strategy perfectly aligned with our choice of kinship analysis
method since the PC-Relate algorithm uses PCA to differentiate between IBD/IBS fragments.

We have demonstrated that random pseudo-haploidization of data in our analysis pipeline
does not affect the result of kinship analysis. This is also confirmed by the PCA analysis,
showing that the same modern individual from diploid or different pseudo-haploidized data

had nearly identical PCA components.

Overlapping marker fraction, according to our study, is the major factor influencing the
calculated kinship coefficient of partially genotyped samples in our analysis pipeline. Our
simulations revealed that the overlapping marker fraction and the calculated Kkinship
coefficient had a strong linear correlation. Although the PC-Relate algorithm does not require
the specification of the underlying population structure of the analysed relatives, we have
shown that a proper reference set is required for the analysis. As expected, the samples’ own
reference population resulted in proper Kinship coefficients, but using reference from a
different super-population corrupted the results. On the other hand, using the samples’ super-
population as reference resulted in comparable although slightly higher kinship coefficients
compared to the proper reference population proving the robustness of the PC-Relate
algorithm. This reference bias is not amplified by the applied correction for marker overlap;
however, it could lead to the false identification of distant relatives. We also tested the effect
of reference population choice in a complex Creole/ European admixed Cabo \erdean-
Hungarian family with known 1st- to 5th-degree family relations. We have shown that the
best result is achieved when all super-populations of the sources are included in the reference
population set. Comparing the analyses of pseudo-haploid and diploid data for this complex

admixed family confirmed the robustness of our approach, as we got nearly identical results.

In the statistical evaluation using the down sampled modern diploid/pseudo-haploid data, we
simulated marker counts similar to aDNA data. We applied the same minimum 100,000
genotyped markers per individual threshold that was used in the analysis of 2136 selected
ancient individuals from the AADR dataset. This equals roughly 0.08% genome coverage
considering the ~1.15M autosomal markers of the 1240K marker set. Thus, the simulated data
had similar marker counts and distribution as the analysed AADR dataset. Accordingly,
pairwise marker overlap was <5% (<57,000 markers) between 3.72 and 3.46% of the analysed
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sample pairs (ancient and modern respectively). Our analysis shows that when proper
reference population is available, the applied method is suitable to identify relations up to the
4th degree from low to high coverage mixed samples.

We also confirmed the robustness of our methodology on real ancient data with known family
relations. Our analysis showed that in the case of a medieval Hungarian family, a general
modern European reference super-population gave appropriate results. Despite the fact that
the uncorrected kinship coefficients varied highly due to the different genome coverages, our
methodology resulted in reproducible corrected Kkinship coefficients consistent with the
known family relation in each case. In the second example, we reanalysed published kinship
relations from Corded Ware Culture samples 24. Compared to the READ software which could
indicate relations up to the second degree of kinship and even missed one second-degree
relation, our approach could properly identify all relations up to 4th degree from this large
ancient family with very low/variable genome coverages (0.12x—4.18x), underlining the

efficiency and usefulness of our approach.

Our results exposed both the advantages and the limitations of our method. Although RPsH
combined with the choice of the 1240K marker set in our study allowed us to overcome
genotyping bias of low-coverage ancient samples, it clearly restricts the analysis to
populations that are properly represented by these markers. In the PC-Relate algorithm, PCA
is used to regress out the population-specific IBS components. Using linear regression to fit
individuals to the model, all the remaining non-regressed PC components are calculated as
IBD. Thus, insufficient amount of reference individuals, improper or missing population
components in the reference, or marker sets that are lacking informative markers of the tests
lead to underestimation of IBS and inflated kinship coefficient estimation. The greater the
difference between the structure of related individuals and the reference populations, the
greater fraction of IBS is accounted incorrectly as IBD which can seriously bias small kinship
coefficients representing very distant Kinship relations. Accordingly, the current 1240K
marker set is less suitable for the analysis of extremely old samples, and for small isolated
populations, because these supposedly have less informative markers in this marker set, and
also have insufficient reference populations in the current genome databases. Furthermore,
while PC-Relate kinship coefficient estimator is known to be appropriate even in inbreed
populations ¥, we have to caution that in case of inbreed or small drifting populations extra
care has to be taken to confirm that the test individuals are analysed with their own reference
population. When no prior knowledge exists on the reference population, FST or
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FastNGSAdmix 47 analysis could be used as an objective method to select individuals best

matching our test individual’s genome structure as a reference population.

Genotyping error simulations show that approximately double error rate compared to typical
experimental aDNA data leads to 5.4-10.4% proportionally lower corrected kinship
coefficient than the expected kinship coefficient in our workflow. The mean corrected kinship
coefficient of the validated sample dups and 1st relatives of the experimental 2136 AADR
individual was 0.48 and 0.24 respectively (approximately ~4% lower from the expected). This
is in accordance with the mean X contamination rate (1.28%) of ancient individuals of the
AADR V42.2 dataset suggesting that our kinship-estimation method can be safely used on
typical aDNA data. Nevertheless, analysis of highly contaminated (CRITICAL/FAIL) samples
containing higher rate of genotyping errors (>5%) could lead to underestimation of corrected
kinship coefficient and as a result to underestimation of the degree of relation especially in
case when the relatives share less than the expected IBD fragments due to true biological
variation. The unsupervised analysis of 2136 ancient individuals of the 1240K AADR dataset
demonstrated that our method could identify real 1st-4th degree of relatedness from very low-
coverage ancient damaged samples and fails only when the proper reference population is not
present in the dataset. Comparison with READ showed that our method has better sensitivity,
offers improved performance, and scales better on multi-core machines. On the other hand,
our results show that the 1240K marker set was sufficient to properly analyse 4000-year -old
ancient Corded Ware Culture individuals with a modern Eurasian reference population,
suggesting that the majority of the high-frequency EUR informative markers were already
present at this age.

According to our results, the used method had slight downward (2-4%) bias in the analysed
1KG dups and first-degree relatives and also in the validated first-degree ancient samples.
However, this downward bias is also present in the kinship coefficient estimation of fully
typed diploid 1KG relatives suggesting that the original PC-Relate algorithm and not the
applied correction or pseudo-haploidization is accountable for this bias. This is also supported
by our simulations on the corrected kinship coefficient calculated from marker depleted
pseudo-haploid data and the original fully typed diploid data and the very high correlation
between the kinship coefficient calculation of marker depleted pseudo-haploidized and the
original fully typed 1KG data. On the other hand, the mean of the corrected kinship
coefficient of the indicated 2nd-degree relatives (n=119) of experimental AADR data is
0.1274 that is a slightly over the expected value (~2% relative difference) suggesting that the
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bias could originate from more than a single factor. Our analysis revealed new possibilities to
improve kinship analysis from low coverage ancient data. Diploid typing with pre-capture
enrichment could result in higher sensitivity even at lower marker overlap fraction. However,
this is only feasible when a sufficient number of individuals are available from the matching
reference populations. According to our analysis, ~50-100 unrelated individuals are sufficient
as a reference in case of modern samples. We speculate that in case of populations with less
complex genome structures (like pre-iron age populations), a smaller number of unrelated
individuals could likely represent the population structure properly. This is also demonstrated
in the case of the validated relations of the analysed CWC individuals where the analysis
resulted comparable kinship coefficient estimates using modern EUR individuals as a
reference or the 25 Czech, Latvian, Estonian, and German CWC individuals of the AADR
dataset. Alternatively, using larger marker sets would increase the number of overlapping
markers between individuals resulting in higher sensitivity from the already available low-
coverage WGS data. The increasing number of aDNA studies should identify proper reference
populations and suitable high frequency marker sets for cases that are difficult to analyse at

present.

St.Ladislaus is one of our most renowned kings, who combined knightly virtues with the
development of state governance, a path initiated by his predecessor, St.Stephan. Following
his death in 1095, King III. Béla, upon a request in 1196 was canonized. Consequently, the
remains of the king interred in Vérad (present-day Nagyvarad, Romania) were exhumed and
utilized as relics. Among these relics, the most notable is the herma of the skull, preserved in
the cathedral of GyOr after enduring numerous trials. Due to the long history of the herma,
historians and archaeologists harboured doubts about the authenticity of the relic, prompting
the need for genetic examinations. The closest known ruler to have descended from the Arpad
dynasty was III. Béla, who was buried in the Basilica in Székesfehérvar, later in the Matthias
Church in Budapest. His Y-chromosome sequence were published in 2020 4!, and whole
genome sequence in 2022. Given the significant genetic distance, traditional methods for
detection were not feasible. However, the method described above opened the doors to
potential genetic validation. Figure 10 contains an extract of the family tree of Arpad Dynasty
where samples from the analysis showed in green and the suggested identity for HU52 sample
shown in orange. Our analysis shown that King Bela Ill, whose remains were reburied in
Mathias Church in Budapest was in 5" degree relation from the sample from the relic, with

this, we can validate the originality of the relic as St.Ladislaus.
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10. Figure The extract of the family tree of the Arpad dynasty starts with Taksony, the last common male
ancestor of the kings of the family. It exclusively contains the male members of the house known from historical
data, and Anna of Antioch, the wife of Béla I1l. Bald — ruler; dashed line and frame — uncertain family member;

green — identified persons with WGS data; orange — suggested identity for HU52.4°




9. Conclusion

During our work, we examined the PC-Relate algorithm, along with its potential for
development. We investigated the limitations and effectiveness of the algorithm under various

parameters.

One such parameter was the effect of random pseudo-haploidization on the Principal
Component Analysis-based method and the determination of kinship coefficients, which we
demonstrated to have no significant impact on either. Subsequently, we examined the effect of
the number of overlapping markers on the kinship coefficient value through random down
sampling, which resulted in a linear relationship. Using this, we developed a correction
method in which the number of overlapping markers is divided by the total number of
markers, and this value is then divided into the obtained kinship coefficient. We showed that
with this correction, accurate kinship estimates can be obtained even with a low number of

overlapping markers.

Using our own algorithm, we examined the corrected kinship coefficient under various
genotyping errors. A total of five experimental setups were investigated: genotyping error-free
examination; endogenous contamination; exogenous contamination; postmortem damage; and
all genotyping errors combined. The largest difference was observed with exogenous
contamination, which reduced the coefficient value by nearly 10%.

In the last set of simulation studies, we were interested in the effect of the reference
population on the study results. In this case, we examined three known relatives from the 1KG
database and a highly admixed Hungarian-Greenlandic family. In the former case, the result
was that if we do not know the exact population of a given sample pair, we can achieve
satisfactory results by using only the appropriate super-population. In the case of the highly
admixed family, the use of both superpopulations was necessary.

The method's validation was conducted on two datasets. One was published using another
method, READ, on a Corded Ware Culture family containing 5 male members. We were able
to detect all kinship relationships, including those identified by the other algorithm, as well as
second-degree and several third- and fourth-degree kinship relationships. In another case, we
compared multiple sequences of a known father-son relationship medieval family with
different coverages, successfully identifying the kinship relationship despite any coverage
differences.
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We examined kinship relationships in version 44.2 of the Allen Ancient DNA Repository,
after filtering for age and geographic location, as mentioned in the Materials and Methods
section. We successfully detected several new kinship relationships and also sample
contamination.

Finally, using the method, we successfully confirmed the authenticity of the skull relic of St.

Ladislaus preserved in Gyér, what is the first catholic Saint that was confirmed genetically.

In summary, our proposed methodology is capable of reliably identifying the relatedness up to
the 4th degree from low-coverage genome data, redefining the limits of kinship analysis from
low-coverage ancient or badly degraded forensic WGS data.
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Abstract

Kinship analysis from very low-coverage ancient sequences has been possible up

to the second degree with large uncertainties. We propose a new, accurate, and fast
method, correctKin, to estimate the kinship coefficient and the confidence interval
using low-coverage ancient data. We perform simulations and also validate correctKin
on experimental modern and ancient data with widely different genome coverages
(0.12x-11.9x) using samples with known family relations and known/unknown
population structure. Based on our results, correctKin allows for the reliable identifica-
tion of relatedness up to the 4th degree from variable/low-coverage ancient or badly
degraded forensic whole genome sequencing data.

Keywords: Kinship, Genomics, Low coverage, Ancient DNA, Forensic

Background

Kinship analysis is a method for determination of the familial relationship between
individuals from genome data. The kinship coefficient is defined as the probability that
two homologous alleles drawn from each of two individuals are the result of identity by
descent (IBD). This is a classic measurement of relatedness [1, 2]. Several algorithms
have been developed to perform kinship analysis [3] including GERMLINE [4], fastIBD
[5], GRAB [6], and ANGSD [7]. These are based on different strategies and metrics of
IBD segments for calculating relatedness from microarray or WGS data. Distinguishing
IBD which represents familial relatedness from identity-by-state (IBS) that represents
population relatedness is difficult as both result in genetic similarity based on shared
alleles. Despite the biological variation in IBD sharing due to the outcome of the sto-
chastic nature of recombination and segregation during meiosis in gametogenesis, it is
possible to infer kinship up to the 5-6th degree of relatedness from microarray or deeply
typed WGS data. Achieving such a high level of certainty also requires an appropriate
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set of reference data (except for methods like KING [8] or IBIS [9]), and clever algo-
rithms that account for biological variations resulting from familial (IBD) and popula-
tion relatedness (IBS).

Recently huge genomic datasets have been generated from ancient samples in order
to uncover the genetic relations of ancient and modern populations. From this data, it
is also of high interest to study the family organization of ancient populations. However,
analyzing ancient DNA (aDNA) poses additional difficulties due to the widely different
but generally low genome coverage and postmortem damage (PMD) observed in these
samples. The aDNA databases usually contain sequence data between 0.05 and 3x aver-
age genome coverage [10—12], since the sequencing of ancient samples with low endoge-
nous DNA content is still challenging and costly. Differences in coverage and only partial
overlap of genetic markers between samples can lead to significant bias when compar-
ing the frequencies and genotype likelihoods of genetic variants, leading to uncertainties
of the inferred genotype probabilities. An additional problem in the analysis of ancient
data is that in most cases there is limited or no information on the appropriate reference
population data to distinguish IBD from IBS.

In the present study, we wanted to address the difficulties of low-coverage aDNA
data and dissect the main factors that affect kinship calculations. To overcome typing
bias, random sampling of one allele per site (pseudo-haploid calling) was used success-
fully in aDNA studies [13-22]. In order to compare diploid and pseudo-haploid data-
sets, heterozygous alleles of diploid data need to be random pseudo-haploidized (RpsH)
by randomly assigning heterozygote alleles as either homozygote reference (REF) or
homozygote alternative (ALT). Although rare alleles can offer significant improvement
in some kinship calculation methods when analyzing high-quality WGS data, genotype
calling from the whole human genome could lead to excessive, variable amounts of false
positive calls from low-coverage, degraded aDNA datasets. To minimize this bias, we
restricted our analysis to the already known biallelic, high-frequency, and population-
informative SNPs of the V42.2 1240K Allen Ancient DNA Resource (AADR) dataset
[23]. To address the issue of unknown reference populations, we used the PC-Relate
algorithm [24]. In the presence of unspecified population structure, this algorithm pro-
poses a principal component-based, model-free approach for estimating kinship coeffi-
cients and IBD sharing probabilities. We applied a combination of techniques to mitigate
genotyping uncertainties and tested their effects and limitations on kinship analysis of
low-coverage ancient sequences. We used simulation to downsample fully genotyped
real NGS data to examine the effect of partial marker overlap between samples and we
also explored the effect of reference population choice on the kinship coefficient calcula-
tion. Based on our results, we developed a new computational approach which can reli-
ably calculate corrected kinship coefficient from poorly genotyped data.

Here we offer guidelines and a list of the necessary bioinformatics tools required to
calculate the corrected kinship coefficient. These guidelines overcome the technical
limitations of generally low genome coverage, postmortem damage, genotyping uncer-
tainties, and the partial overlapping of genetic markers between samples. As a proof of
concept, we validated our proposed methodology on both experimental modern and
ancient data with widely different genome coverages, using samples with known family

relations and known or unknown population structure.
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Results
To use marker counts similar to aDNA data, all modern dataset were downsampled to
the autosomal marker positions of the 1240K SNP set of the AADR dataset [23] in all of

our simulations.

The effect of random pseudo-haploidization (RPsH) on PCA calculations

Since the selected kinship methodology, PC-Relate, applies principal component analy-
sis (PCA) to identify population structure, we first tested the effect of RPsH on PCA. We
selected the British (GBR), Toscani (TSI), Iberian (IBS), and Finnish (FIN) populations
from the 1000 Genome Project Phase 3 (1KG phase 3) dataset (404 samples) and rand-
omized the diploid dataset with three different seeds. We performed smartpca analysis
on the original diploid and the three random pseudo-haploidized dataset. According to
our results, RPsH does not alter the PCA calculations significantly (Additional file 1: Fig-
ure S1).

The effect of random pseudo-haploidization (RPsH) on kinship coefficient calculation

We assessed the effect of RPsH on kinship calculation by selecting 509 individuals from
five populations with different population structure from the 1KG phase 3 dataset [25].
The five populations were as follows: FIN, GBR, TSI, Han (HAN), and Utah residents
with Northern and Western European ancestry (CEU). In our experiments, we gener-
ated 100 different pseudo-haploid datasets from the original diploid data using different
random seeds.

To study exclusively the effect of RPsH on kinship coefficient calculation, we included
sample duplicates with different random pseudo-haploidization. This setup does not
exclude differences between the genome structure of the test sample and the reference
population, thus we selected random individuals from the GBR (HG00244.SG), FIN
(HG00356.5SG), CEU (NA12763.SG, NA12775.5SG), and TSI (NA20798.SG) populations.
This allowed us to overcome the interference of other effects, such as skewed recom-
bination/segregation, differences in sequence alignment, genotyping, genome compo-
sition, or the population structure between the relatives. This idealized experimental
setup is the equivalent of the monozygotic twin kinship relation, in forensics referred to
as sample matching, while the maximal expected kinship coefficient (0.5) allows for the
most sensitive analysis.

To study the effect of RPsH on true first/second-order relatives, we also selected
samples with known family relations from the 1KG phase 3 dataset. (a) HG00702-
HGO00657 a parent-child relation from a Han population, where exactly 50% of genome
is shared between the two samples, (b) NA20526-NA20792 siblings from a TSI popu-
lation, where 50% of the genome comes from the same parents; however, a different
subset of the markers are found in the sibs due to segregation and recombination, and
(c) HG00124-HG00119 second-order relatives from a GBR population, where statisti-
cally 25% of genomes are shared. We calculated the kinship coefficient for each of the
selected relatives (kinl/kin2) using their own reference population for the 100 different
randomization and calculated the mean and the standard deviation of the estimated kin-
ship coefficients. Knowing the expected kinship coefficients (0.5 for sample match, 0.25
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for 1st-, 0.125 for 2nd-degree relations), we were able to validate that RPsH does not
significantly alter the calculated kinship coefficient in these settings (Additional file 2:
Table S1).

The effect of overlapping marker fraction on the kinship coefficient calculation

The original PC-Relate algorithm was created to analyze modern fully genotyped diploid
samples. However, in the case of ancient data, genome coverage and partial genotyping
is one of the factors that has the greatest variability between samples. Kinship coefficient
calculation is based on the IBD segments shared between two samples which can only
be assessed at marker positions where both samples are genotyped. To investigate the
effect of this factor, we defined a metric called overlapping marker fraction. We calculate
this metric by dividing the number of markers where both samples are genotyped with
the total number of markers in the dataset (1240K).

Using the 100 random pseudo-haploidized fully typed dataset of the previous experi-
ment, we randomly depleted the markers between the selected sample dups and true
1K@ relatives to a marker overlap fraction between 5 and 100% using different random
seeds. We calculated the mean and SD of the estimated kinship coefficients between the
selected sample pairs of the different randomizations for each overlap fraction (Addi-
tional file 2: Table S1). We visualized the mean and SD of the uncorrected kinship coef-
ficients of a sample dup (CEU; NA12775.SG), a known first-degree relation (HAN,
HG00702-HG00657) and a true second-degree relation (GBR, HG00119.SG-HG00124.
SG) in Fig. 1A.

The results revealed that the kinship coefficient is a linear function of the marker over-
lap fraction. This allows a simple method for correcting the kinship coefficient value for
low-coverage genomes by dividing the estimated kinship coefficient with the marker
overlap fraction between the two samples. According to our simulation, the correction
of estimated kinship coefficient for sparsely genotyped data resulted in reproducible
kinship estimation regardless of the overlap fraction (Fig. 1B). As expected, low par-
tially overlapping subset of markers would lead to less complete representation of the
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Fig. 1 The mean and the 95% confidence interval of the A uncorrected and B corrected kinship coefficient
between selected 1KG individuals (sample dup, known 1st and 2nd degree) at different marker overlap
fractions
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reference population and the test individuals thus regression of IBD/IBS based on the
PC-Relate algorithm would have higher SD at low marker counts. Although the marker
overlap fraction correction differs more than one magnitude between very low and high
marker overlap fraction sample pairs, the analysis shows (Additional file 2: Table S1) that
the correction itself does not introduce overall bias (the mean is statistically the same)
and does not significantly multiply the error rate (4x increase in SD at 20x correction
factor). Our results suggest that the increased SD of the method are likely due to the
higher uncertainty of PCA.

The effect of genotyping errors on the corrected kinship coefficient

We tested the effect of genotyping errors using the same dataset and sample dups/known
first- and second-degree 1KG relatives as in the previous experiments. We simulated 4
scenarios: (1) only post mortem damage, (2) only endogenous contamination (using a
random YRI individual as the contaminant), (3) only exogenous contamination, and (4)
equal combination of the first three sources of genotype errors. In each scenario, we had
approximately twice as many genotyping errors per individual introduced as in a typical
aDNA dataset (see “Methods”). We calculated the mean and SD of the corrected kinship
coefficients (Additional file 3: Table S2) between the selected samples. We visualized the
mean and 95% confidence interval of the corrected kinship coefficients of the selected
sample dup (CEU; NA12775.SG), true first-degree relation (HAN; HG00702-HG00657),
and true second-degree relation (GBR; HG00119.SG-HG00124.SG) in Fig. 2.

In general, genotyping errors lower the mean and increase the SD of estimated kinship
coefficient. The decrease in the corrected coefficients was proportional to the expected
kinship coefficients. The largest effect (~9.6% lower kinship coefficient) was seen in case
of the exogenous contamination. We speculate that it was likely due to the fact that in
this scenario (although the genotyping error affects different subset of markers in differ-
ent samples) the states of the markers were uniformly set to the homozygote major state

relatedness sample match (CEU, NA12775) 1st degree (HAN, HG00702-HG00657) —e— 2nd degree (GBR, HG00124-HG00119)

0.5
0.4
0.3

0.2

corrected kinship coefficient

0.0

Fig. 2 Effect of different aDNA-related genotype errors on the corrected kinship coefficient. In the last
case (mixed error), we introduced an equal amount of post mortem damage, exogenous and endogenous
contamination in the simulated data. The points represent the mean, and the error bars represent the 95%
confidence interval of the corrected kinship coefficient between selected 1KG individuals (sample dup,
known first and second degree)
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leading to higher bias than that of random flip of minor/major state in different sam-
ples in the other scenarios. In our simulations even at the applied relatively high error
rates (compared to experimental aDNA error rate), the largest effect was still signifi-
cantly smaller than the 50% difference of expected kinship coefficients between different
degrees of relations thus the estimated degree of relatedness for the analyzed relatives
remained the same. However, we have to note that skewed IBD sharing and high geno-
typing error in the test individuals could lead to false (one-degree higher) classification
of the analyzed relation.

The effect of reference population selection on kinship analysis

In this analysis, we wanted to investigate the scenario in which proper reference pop-
ulation is unknown or unavailable which is often the case for ancient samples. Using
the same public 1KG phase 3 dataset and the three known relatives HG00702-HG00657
parent-child of Han population, NA20526-NA20792 siblings of TSI population, and
HGO00124-HG00119 second-order relatives of GBR population, we investigated the
effect of the reference population on the calculated kinship coefficients. We tested
three different scenarios: (1) the reference population was the same as that to which the
selected individual belonged to; (2) the reference population was from a different super-
population (AFR); (3) the reference population was from the same super-population as
the selected individual (JPT for Han, IBS for TSI, FIN for GBR) (Fig. 3, Additional file 1:
Figure S2). To study the effect of overlapping marker fractions in these more complex
cases, the selected sample pairs were also marker depleted in the range of 100 to 5%
overlap fractions.

The results revealed that a reference population with significantly different genetic
background, like African for European samples, strongly corrupts the results. In this
experimental setup, we lack a proper number of unrelated references; hence, IBS frac-
tions are likely not represented and cannot be properly regressed out. Furthermore,
when only a couple non-AFR individuals are included in the analysis depending on

relatedness 1st degree (HAN, HG00702-HG00657) 1st degree (TSI, NA20526-NA20792) e 2nd degree (GBR, HG00124-HG00119)
A 0.54 B 0.54
> —
o
2 g
‘s 0.4 5 04
: -
©
2 3 *.
£ 03 § 03 o
‘S o
£ g .
g 8
8 o .
4 = 4
£ 02 202 o
g ] ©® 00 9000 g0 00600000000 E °
x
3 2 .
5 014 g 014 .
E =
5 ]
o o
b (]
s
0.0 0.0 ftecne
........................................
01 02 03 04 05 06 07 08 09 1.0 01 02 03 04 05 06 07 08 09 10
marker overlap fraction marker overlap fraction

Fig. 3 The effect of reference population choice and marker overlap fraction on the corrected kinship
coefficients between known 1st-2nd-degree 1KG relatives. A The samples own populations used as
references. B The AFR super-population was used for each sample
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the marker overlap fraction, the EUR/EAS-specific markers are mostly excluded as
the PCAngsd implementation uses a default 0.05 MAF marker pruning. Thus, at low
marker overlap, mainly the AFR-specific markers are kept while at higher maker over-
lap slightly more EUR/EAS-specific markers are also included in the analysis. Based
on the used marker set, the optimal number of eigenvectors and the underlying PCA-
based regression of IBS components are expected to be different. We speculate that
these differences could be the likely cause of the observed non-linear kinship coef-
ficient estimates in Fig. 3B.

Using a super-population with similar genetic background to the sample gives very
similar results as if its own reference population were used (Additional file 1: Figure S2).

Effect of reference population selection on kinship analysis in a complex admixed family
with multiple ethnic relations

To assess the choice of reference population in the kinship analysis of admixed indi-
viduals (often the case in ancient populations), we analyzed a complex admixed Cabo
Verdean-Hungarian family with known pedigree. In this family, we had multiple old
as well as recent admixes resulting in various admix component ratio individuals.
WGS data was available for siblings (1st order), differently admixed half-sibs (2nd
order), and 5th-order relatives as shown in Additional file 7: Figure S3.

We tested two scenarios: the reference population was (1) only African (AFR) rep-
resenting the majority of the admix sources in the tested samples; (2) both African
and European (EUR) populations were included. Additionally, we performed marker
depletion to investigate the effect of coverage in this complex scenario (Fig. 4).

The results in Fig. 4 demonstrate that in order to obtain realistic coefficient values
in case of a complex admixture, a combined set of reference populations is required
representing the population structure of all ancestors. Using just the majority source
as reference significantly distorts the result.
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Fig. 4 The effect of reference population choice and marker overlap fraction on the calculated kinship
coefficient in a complex admixed modern family with 1st- (sibs), 2nd- (half-sibs), and 5th-degree relations,
where individuals originated from populations with largely different genetic structure. Markers were depleted
between the relatives to 5-100% overlap fractions. A The reference population was a combined set of
AFR+EUR populations. B The reference populations were AFR populations
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To test whether random haploidization alters the kinship coefficient calculation com-
pared to the better phased diploid data in this complex admixed case, we also performed
this analysis from the original diploid dataset (Additional file 4: Table S3) with the AFR
+ EUR reference population. It was confirmed again that even in such complex admixed
family, the differences due to RPsH were negligible.

Statistical validation, assessment of technical errors

We selected EUR and EAS individuals from 1KG phase 3 dataset (#=1020) and esti-
mated the kinship coefficients between these individuals. Although there are a few true
relatives in the selected individuals, the overwhelming majority of pairwise relations are
expected to be unrelated, thus representing the variance of technical error of the whole
analysis. To test the effect of overlapping genotyping fraction on the mean and stand-
ard error of the corrected kinship coefficient, we randomly depleted the marker set in
these individuals between 100,000 markers and the fully typed marker count (~1.2M),
amounting to 10—100% of the marker count of the original dataset. Using RPsH, we also
created a pseudo-haploid dataset for comparison. We calculated the pairwise kinship
coefficient matrix and corrected the estimated kinship coefficients by the marker overlap
fraction. Using the pairwise matrix of 1020 individuals, we plotted the 519,690 kinship
coefficients between all combinations of individuals for the diploid and haploid dataset
(Fig. 5).

The variance of the corrected kinship coefficient depends on the marker overlap frac-
tion between the test individuals (Fig. 5). Since the marker overlap fractions between any
two ancient samples are different applying a pre-defined kinship coefficient threshold
to identify relatives would lead to decreased sensitivity or specificity depending on the
marker overlap fraction. In other words, the statistical power to differentiate relatives
from unrelated depends on the marker overlap fraction and the same threshold should
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Fig. 5 Corrected kinship coefficients calculated between 1020 EUR and EAS individuals from A diploid and
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coefficients below the threshold are displayed as small black dots, while individuals above the threshold
are displayed as larger blue dots. In case of haploid data, we marked all kinship coefficients that were above
the 6 sigma threshold in the diploid dataset for better comparison. The blue lines show the 99% confidence
interval of estimated kinship coefficients between unrelated individuals
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not be applied. However, based on the experimental variance of the corrected kinship
coefficient observed in the analyzed dataset, the Z score (N standard deviation from
the mean) could be used as a criteria to differentiate relatives from unrelated with the
same sensitivity and specificity independent of the marker overlap fraction. Since in this
experiment we could not exclude errors due to missing genome components from the
reference populations, we used a conservative N=6 sigma threshold to identify biologi-
cal differences. As expected, the haploid dataset resulted in higher variance due to ran-
dom information loss especially at very low (<5%) marker overlap fractions. Although
the marker overlap fraction correction differs two magnitudes (0.007-0.996) between
very low and high marker overlap fraction sample pairs, the analysis shows that similar
to the corrected kinship coefficient between relatives (Additional file 2: Table S1) the
correction itself does not significantly multiply the error rate of unrelated samples. Most
of the technical errors are expected to be the result of using very sparse data to regress
out IBS to identify IBD fragments by PC-Relate. In spite of the higher variance, the esti-
mated kinship coefficients show very high correlation between the fully typed (~1.2M
high-quality diploid markers) diploid and the corrected coefficients of the partially typed
diploid and haploid datasets (R=0.9998 and R=0.9993 respectively) compared to the
correlation with the uncorrected estimates (R=0.749 and R=0.751; Additional file 5:
Table S4). Our result suggests that the applied pseudo-haploidization and correction
in the marker depleted experimental data does not introduce overall bias. Our method
identified all known 1st- and 2nd-degree relatives that were included in the analyzed
subset of 1KG EUR/EAS individuals and indicated a couple of additional distant 3rd or
4th relatives (Additional file 5: Table S4). Our analysis shows that 4th-degree relatives
are expected to be above the 6 sigma threshold in the diploid data except at very low
overlapping marker fractions (<2% ~ 17,000 overlapping markers). In case of haploid
data, establishment of 3rd-degree relatedness is possible even from low marker overlap
fractions, and establishment of fourth-degree relatedness is possible when the sample
pair has >10% marker overlap fraction (equal to roughly ~85,000 markers). However, in
case of 4th-degree relatives depending on the overlapping genotyping fraction, the esti-
mated confidence interval of corrected kinship coefficient, and true biological variation,
it is expected to have more false positive/negative and uncertain kinship estimations at

low marker overlap fractions.

Kinship analysis of ancient samples with known relations using kinship coefficient
correction

To show that our methodology is also suitable for ancient data, we analyzed low-
coverage ancient sequences with known family relations. In the first example, we
present the analysis of a known father-son (first degree) relation of two Medieval
samples. From both remains, we had two types of biological samples, bone powder
taken from the teeth and from the pars petrosa. From the father, we had three parallel
DNA isolates and NGS libraries, two prepared from pars petrosa and an additional
one from teeth. From the offspring, we had one DNA isolate and NGS library pre-
pared from both types of biological samples. Altogether, we had 3+2 NGS sequences
with largely different genome coverages (0.87x—-11.9x) from these two ancient indi-
viduals. Accordingly, we assessed the robustness of our correction method on the 6
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Table 1 Correction of kinship coefficient for different genome coverage of ancient samples with
known first-degree relation. High, medium, and low refer to coverage levels

Sample 1 Sample 2 Marker Relation Expected  Uncorrected Corrected
overlap kinship kinship coeff kinship
fraction coeff coeff

Father high Child high 0.93389%4 First degree 0.25 0.22883 0.24502

Father high Child low 0.377769 First degree 0.25 0.09179 0.24297

Father medium  Child high 0.730011 First degree 0.25 0.17604 0.24114

Father medium  Child low 0.296127 First degree 0.25 0.07150 0.24144

Father low Child high 0.511753 First degree 0.25 0.12239 0.23915

Father low Child low 0.207545 First degree 0.25 0.05014 0.24160

Father high Father medium 0.778247 Sample matching 0.5 0.38284 049193

Father high Father low 0.545866 Sample matching 0.5 0.27020 0.49499

Father medium  Father low 0427389 Sample matching 0.5 0.20863 048814

Child high Child low 0.354511 Sample matching 0.5 0.17286 048761

Sample Sampletype  Coverage Typed marker

count (1240Kk)

Father high Teeth 11.997 1,148,973

Father mid Petrosa 3.057 896,623

Father low Petrosa 1.546 630,405

Child high Petrosa 5510 1,075,845

Child low Petrosa 0.879 435,005

Table 2 Kinship analysis of a large ancient Corded Ware family with multiple 1st- to 4th-degree of

relations
Sample1 Sample2 Marker overlap fraction Relation Expected Uncorrected Corrected
kinship kinship coeff kinship
coeff coeff

11538 11541 0.039828 First degree 0.25 0.01036 0.26006
11540 11541 0.079863 First degree 0.25 0.01959 0.24534
11534 11541 0.047882 Second degree  0.125 0.00715 0.14938
11538 11534 0.025735 Second degree 0.125 0.00335 0.13003
11538 11540 0.042478 Second degree  0.125 0.00456 0.10730
11541 10104 0216185 Second degree  0.125 0.03394 0.15700
11534 11540 0.049813 Third degree 0.0625 0.00405 0.08123
11538 10104 0.107634 Third degree 0.0625 0.00846 0.07864
11540 10104 0.22405 Third degree 0.0625 001812 0.08088
11534 10104 0.129456 Fourth degree  0.03125 0.00645 0.04982
Sample ID Coverage Typed marker count

(1240k)
10104 4184 962767
11534 0.158 164095
11538 0.126 135269
11540 0.298 285866
11541 0.294 276299

combinations of these datasets. We present the uncorrected and corrected kinship
coefficients calculated from this data in Table 1.

In the second example, we reanalyzed a published group of five related males
from the Corded Ware Culture (2500-2050 BCE) with first-, second-, third-, and
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fourth-degree kinship relations [19]. In Table 2, we present the family relations with
uncorrected and corrected kinship coefficients calculated by our methodology from
public ancient 1240k data.

These individuals were analyzed in the original READ manuscript [26] where relations
were identified up to the 2nd degree except the one between 11538 and 11540, and all of
the 3rd and 4th relations were inferred from only the family relations.

Kinship analysis of ancient samples from the AADR 1240K dataset

We performed kinship analysis on 2136 ancient Eurasian individuals from the AADR
1240K dataset that had more than 100K genotyped markers. Since no manual curation
or additional matching reference population was used, we filtered potential relatives
above 0.046875 corrected kinship coefficient (~3rd—4th degree of kinship). Our analy-
sis identified 410 related individuals in 184 kin groups (Additional file 6: Table S5). All
sample duplicates (N=26), and joint datasets (N=30) of the same sample were identified.
Curiously, we identified sample duplicates with different master IDs in the AADR data-
set published in different manuscripts (11526-NEO232; 17782-NEO298; 18295-NEO230;
[8296-NEO231) where all four sample pairs were from the same geological site and
belonged to the same population and haploid typing was identical or nearly identical as
some branch defining markers were likely missing due to coverage differences. We also
identified a likely sample mix [27] where two individuals (MJ-15 Ukraine_IA_Western-
Scythian.SG and MJ-35 Ukraine_Cimmerians_02.SG) had 0.5 corrected kinship coeffi-
cient equivalent with sample match (or monozygotic twin) but had different population
assignment. All of these individuals had same sex and identical/nearly identical mito-
chondrial and Y haplogroups as well. Furthermore, we identified all of the 111 previ-
ously identified kinship relations from the AADR dataset. Three uncertain (1st or 2nd)
relatives indicated in the AADR dataset (18502, 18524; MK5001, MK5004 and KBD001,
KBD002) could be classified as 2nd-degree relatives by our analysis. We reclassified three
kin pairs indicated as 1st-degree relatives as 2nd-degree relatives (RISE1163, RISE1169;
RISE1168, RISE1173 and RISE1168, RISE1169). In addition to the published data, within
the 184 kin groups our approach indicated 6 new 1st-degree, 108 2nd-degree, 144 3rd-
degree, and 40 4th-degree relations between a total of 279 new relatives (Additional
file 6: Table S5). In a few cases, when an appropriate reference population was not pre-
sent in the dataset, it is not possible to establish appropriate kinship relations as the IBS
of minor genetic components cannot be regressed out. Consequently, in those cases, the
correction resulted in invalid distant 3rd—4th-degree kinship relations highlighted with
red in Additional file 6: Table S5.

To test the sensitivity of our analysis, we used READ [26] to validate our findings. As
READ depends on the proper reference population and uses a global threshold to dis-
tinguish between unrelated and potential kins, the join set of 2136 individuals cannot be
analyzed together. We selected the top 10 populations with the highest number of indi-
viduals and performed the READ analysis separately. READ identified relatives up to the
2nd degree. In the selected populations, READ identified no additional relatives com-
pared to our methodology. For each identified relative, the degree of kinship was match-
ing between the two methods. In this comparison, our method indicated one additional
2nd-degree relation (AITI_95_d and AITI_98) that was missed by READ. In this case, the
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samples have very low genome coverage (0.145x and 0.402x) and only ~0.05% marker
overlap fraction. While the corrected kinship coefficient was significantly above the 3rd-
degree (0.0625) relation, it was less (0.1004) than the expected 0.125 corresponding to
2nd degree suggesting that these relatives share less than expected genome portions due
to true biological variation (Additional file 7: Table S6). We had very similar scenario in
case of the missed 2nd-degree relation between the 11538 and 11540 CWC individuals
(Table 2) suggesting that READ is less sensitive when the marker overlap is low and the

shared genome fraction differs significantly from the statistically expected mean.

Discussion

Identification of relatives from the genomic data of ancestors is of great interest as it
allows the study of family relationships, but it is also a precondition for most population
genetic analyses to exclude close relatives from datasets (e.g., ADMIXTURE, PCA). To
date, the best analysis tools were able to indicate mainly first- and second-degree relat-
edness from very low-coverage ancient samples [26, 28—30]. Based on simulated data,
lcMLkin can accurately infer kinship up to the 3rd degree from 2x genome coverage
when the Fgp is low between the reference population and analyzed data [28]. However,
the majority of aDNA data is below 2x genome coverage. In these data, most markers
are represented by one read/genotype only. It is untested whether it is possible to infer
comparable diploid genotype likelihoods suitable for lcMLkin from very low-coverage
data. The recent heuristic method READ (Relationship Estimation from Ancient DNA)
infers relatedness up to 2nd degree from as low as 0.1x coverage sequence data [26]. In
the most comprehensive AADR ancient genome data set [23], the majority of the indi-
cated kinship relations are 1st degree and the handful of indicated 2nd-degree relations
in all cases are uncertain. These samples are labeled with 1d.or.2d.rel tag.

Diploid variant calling and genotype likelihood-based methods with the extra infor-
mation of rare alleles allow better phasing and identification of IBD fragments leading
to improved kinship coefficient estimations from deeply genotyped WGS data. Accord-
ingly, some methods attempt to infer genotype likelihoods or diploid genotype calls
from low-mid genome coverage (2—-4x) data [8, 28, 31]. KING, a method that was devel-
oped to be used for fast and robust kinship coefficient estimation from low amounts of
fully typed diploid markers (5-150k), can infer up to 3rd-degree relations from approxi-
mately 150k markers or 1st—2nd-degree relation from even as low as 5k diploid markers
[8]. Even though these tools are used to analyze low marker count ancient samples, the
assumption implicit in these methods that the data is sufficiently high-quality diploid is
often false in case of low marker count extremely low-coverage ancient samples. Accord-
ingly, when comparing samples of different genome coverage, the inferred genotype like-
lihoods or diploid variants from low/variable genome coverage samples could lead to
major bias.

To overcome these difficulties and mitigate the main genotyping biases in case of low-
coverage ancient samples, we used a combination of strategies to account for the effects
caused by PMD and varying low genome coverage. We used random allele sampling that
is the gold standard methodology when performing PCA and other population genetic
analyses on ancient samples, as it leads to statistically equal genotype likelihoods of gen-
otyped markers regardless of the genome coverage. To avoid excessive, variable amounts



Nyerki et al. Genome Biology (2023) 24:38 Page 13 of 21

of false positive variants due to the variable rate of PMD, exogenous DNA contamina-
tion, and technical errors (alignment artifacts), we restricted our analysis to the already
known biallelic, high-frequency, and population-informative SNPs of the 1240K AADR
dataset. This strategy perfectly aligned with our choice of kinship analysis method since
the PC-Relate algorithm uses PCA to differentiate between IBD/IBS fragments.

We have demonstrated that random pseudo-haploidization of data in our analysis
pipeline does not affect the result of kinship analysis (Additional file 2: Table S1). This is
also confirmed by the PCA analysis, showing that the same modern individual from dip-
loid or different pseudo-haploidized data had nearly identical PCA components (Addi-
tional file 7: Figure S1).

Overlapping marker fraction, according to our study, is the major factor influencing
the calculated kinship coefficient of partially genotyped samples in our analysis pipe-
line. Our simulations revealed that the overlapping marker fraction and the calculated
kinship coefficient had a strong linear correlation (Fig. 1, Additional file 2: Table S1).
Although the PC-Relate algorithm does not require the specification of the underlying
population structure of the analyzed relatives, we have shown that a proper reference set
is required for the analysis. As expected, the samples’ own reference population resulted
in proper kinship coefficients, but using reference from a different super-population cor-
rupted the results (Fig. 3). On the other hand, using the samples’ super-population as
reference resulted in comparable although slightly higher kinship coefficients compared
to the proper reference population (Additional file 7: Figure S2) proving the robustness
of the PC-Relate algorithm. This reference bias is not amplified by the applied correction
for marker overlap (Fig. 4); however, it could lead to the false identification of distant
relatives. We also tested the effect of reference population choice in a complex Creole/
European admixed Cabo Verdean-Hungarian family with known 1st- to 5th-degree fam-
ily relations. We have shown that the best result is achieved when all super-populations
of the sources are included in the reference population set (Fig. 4). Comparing the analy-
ses of pseudo-haploid and diploid data for this complex admixed family confirmed the
robustness of our approach, as we got nearly identical results (Additional file 4: Table S3).

In the statistical evaluation using the downsampled modern diploid/pseudo-haploid
data, we simulated marker counts similar to aDNA data. We applied the same minimum
100,000 genotyped markers per individual threshold that was used in the analysis of 2136
selected ancient individuals from the AADR dataset. This equals roughly 0.08 x genome
coverage considering the ~1.15M autosomal markers of the 1240K marker set. Thus,
the simulated data had similar marker counts and distribution as the analyzed AADR
dataset. Accordingly, pairwise marker overlap was <5% (<57,000 markers) between 3.72
and 3.46% of the analyzed sample pairs (ancient and modern respectively). Our analysis
shows that when proper reference population is available, the applied method is suit-
able to identify relations up to the 4th degree from low to high coverage mixed samples
(Fig. 5).

We also confirmed the robustness of our methodology on real ancient data with
known family relations. Our analysis showed that in the case of a medieval Hungarian
family, a general modern European reference super-population gave appropriate results.
Despite the fact that the uncorrected kinship coefficients varied highly due to the dif-
ferent genome coverages, our methodology resulted in reproducible corrected kinship
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coefficients consistent with the known family relation in each case (Table 1). In the sec-
ond example, we reanalyzed published kinship relations from Corded Ware Culture
samples [26]. Compared to the READ software which could indicate relations up to the
second degree of kinship and even missed one second-degree relation, our approach
could properly identify all relations up to 4th degree from this large ancient family with
very low/variable genome coverages (0.12x—4.18x), underlining the efficiency and use-
fulness of our approach (Table 2).

Our results exposed both the advantages and the limitations of our method. Although
RPsH combined with the choice of the 1240K marker set in our study allowed us to over-
come genotyping bias of low-coverage ancient samples, it clearly restricts the analysis to
populations that are properly represented by these markers. In the PC-Relate algorithm,
PCA is used to regress out the population-specific IBS components. Using linear regres-
sion to fit individuals to the model, all the remaining non-regressed PC components are
calculated as IBD. Thus, insufficient amount of reference individuals, improper or miss-
ing population components in the reference, or marker sets that are lacking informative
markers of the tests lead to underestimation of IBS and inflated kinship coefficient esti-
mation. The greater the difference between the structure of related individuals and the
reference populations, the greater fraction of IBS is accounted incorrectly as IBD which
can seriously bias small kinship coefficients representing very distant kinship relations.
Accordingly, the current 1240K marker set is less suitable for the analysis of extremely
old samples, and for small isolated populations, because these supposedly have less
informative markers in this marker set, and also have insufficient reference populations
in the current genome databases. Furthermore, while PC-Relate kinship coefficient esti-
mator is known to be appropriate even in inbreed populations [24], we have to caution
that in case of inbreed or small drifting populations extra care has to be taken to con-
firm that the test individuals are analyzed with their own reference population. When no
prior knowledge exists on the reference population, Fgp or FastNGSAdmix [32] analysis
could be used as an objective method to select individuals best matching our test indi-
vidual’s genome structure as a reference population.

Genotyping error simulations show that approximately double error rate compared to
typical experimental aDNA data leads to 5.4—10.4% proportionally lower corrected kin-
ship coefficient than the expected kinship coefficient in our workflow (Fig. 2, Additional
file 3: Table S2). The mean corrected kinship coefficient of the validated sample dups and
1st relatives of the experimental 2136 AADR individual was 0.48 and 0.24 respectively
(approximately ~4% lower from the expected). This is in accordance with the mean X
contamination rate (1.28%) of ancient individuals of the AADR V42.2 dataset suggesting
that our kinship-estimation method can be safely used on typical aDNA data. Neverthe-
less, analysis of highly contaminated (CRITICAL/FAIL) samples containing higher rate
of genotyping errors (>5%) could lead to underestimation of corrected kinship coeffi-
cient and as a result to underestimation of the degree of relation especially in case when
the relatives share less than the expected IBD fragments due to true biological variation.

The unsupervised analysis of 2136 ancient individuals of the 1240K AADR dataset
(Additional file 6: Table S5) demonstrated that our method can identify real 1st-—
4th degree of relatedness from very low-coverage ancient damaged samples and fails
only when the proper reference population is not present in the dataset. Comparison
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with READ showed that our method has better sensitivity, offers improved perfor-
mance, and scales better on multi-core machines (Additional file 7: Table S6). On
the other hand, our results show that the 1240K marker set was sufficient to prop-
erly analyze 4000-year -old ancient Corded Ware Culture individuals with a modern
Eurasian reference population, suggesting that the majority of the high-frequency
EUR informative markers were already present at this age.

According to our results, the used method had slight downward (2-4%) bias in
the analyzed 1KG dups and first-degree relatives and also in the validated first-
degree ancient samples. However, this downward bias is also present in the kinship
coefficient estimation of fully typed diploid 1KG relatives suggesting that the orig-
inal PC-Relate algorithm and not the applied correction or pseudo-haploidization
is accountable for this bias. This is also supported by our simulations on the cor-
rected kinship coefficient calculated from marker depleted pseudo-haploid data
and the original fully typed diploid data (Additional file 2: Table S1, Fig. 1B) and
the very high correlation between the kinship coefficient calculation of marker
depleted pseudo-haploidized and the original fully typed 1KG data (Additional file 5:
Table S4). On the other hand, the mean of the corrected kinship coefficient of the
indicated 2nd-degree relatives (n=119) of experimental AADR data is 0.1274 (Addi-
tional file 6: Table S5) that is a slightly over the expected value (~2% relative differ-
ence) suggesting that the bias could originate from more than a single factor.

Our analysis revealed new possibilities to improve kinship analysis from low-
coverage ancient data. Diploid typing with pre-capture enrichment could result
in higher sensitivity even at lower marker overlap fraction as seen in Fig. 5. How-
ever, this is only feasible when a sufficient number of individuals are available from
the matching reference populations. According to our analysis, ~50-100 unrelated
individuals are sufficient as a reference in case of modern samples. We speculate
that in case of populations with less complex genome structures (like pre-iron age
populations), a smaller number of unrelated individuals could likely represent the
population structure properly. This is also demonstrated in the case of the validated
relations of the analyzed CWC individuals where the analysis resulted comparable
kinship coefficient estimates using modern EUR individuals as a reference or the
25 Czech, Latvian, Estonian, and German CWC individuals of the AADR dataset
(Table 2, Additional file 6: Table S5). Alternatively, using larger marker sets would
increase the number of overlapping markers between individuals resulting in higher
sensitivity from the already available low-coverage WGS data. The increasing num-
ber of aDNA studies should identify proper reference populations and suitable high-
frequency marker sets for cases that are difficult to analyze at present.

To facilitate the evaluation and use of our approach, we provide a practical work-
flow (Fig. 6, Additional file 8: Note S1) for kinship analysis of low-coverage genome
data.

Our workflow is based on publicly available free software ANGSD, PLINK, and
PCAngsd. Additionally, we also provide the correctKin tool [https://github.com/
zmaroti/correctKin] to import and shape data, calculate the pairwise overlapping
marker fraction, and filter relatives based on the empirical error model.
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Fig. 6 Step-by-step workflow to analyze kinship relation of low-coverage ancient/modern samples from
various data sources. Additional tools presented in this manuscript are denoted with bold letters

Conclusions

In summary, our proposed methodology is capable of reliably identifying the relatedness
up to the 4th degree from low-coverage genome data, redefining the limits of kinship
analysis from low-coverage ancient or badly degraded forensic WGS data.

Methods

Used software and datasets

The software requirements and the detailed instructions to perform the analysis work-
flow from various data sources are described in Additional file 8: Note S1.

In all of our analysis, we used the genome coordinates of 1240K SNP set from Allen
Ancient DNA Resource (AADR) [23]. For marker overlap simulations, we used two dif-
ferent full-typed modern datasets: the 1000 Genomes Project Phase 3 data [25], and a
large admixed Cabo Verdean-Hungarian family of known pedigree with first- (siblings),
second- (half siblings), and fifth-degree relatives from our anonymized clinical biobank.
The variants of the joint VCF (Variant Call Format) files were filtered for the 1240K SNP
coordinates and imported into plink 1.9 binary format [33, 34].
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To test the effect of genome coverage on the estimated kinship coefficients from real
ancient data, we used our unpublished 1240K genotype data of a known medieval par-
ent offspring. The dataset contains low-coverage partially typed pseudo-haploid geno-
type data from 342 separate library preparations from different biological samples of the
analyzed individuals. We deposited the unpublished medieval datasets in PLINK 1240K
binary format presented in this manuscript at Zenodo [34].

The public AADR V42.4 1240K dataset [23] was used to validate our methodology on
a wide variety of ancient individuals. We included only ancient samples with more than
100K genotyped markers (N=2810). We excluded samples older than 8000BC (N=216)
as older samples were very few and were lacking proper number of samples as a refer-
ence population (Additional file 7: Figure S4). To avoid analyzing individuals with very
few and/or inappropriate reference populations, we restricted the analyzed samples by
their geo location (in between the Longitude -12 — 120 and Latitude 28 — 65) excluding
458 individuals (Additional file 7: Figure S5). After filtration, the resulting dataset con-
tained 2136 ancient individuals (Additional file 6: Table S5).

New bioinformatics tools
To aid easy importing, manipulating, and analyzing the genotype data in our proposed
workflow, we created the essential tools:

+ importHaploCall to import pseudo-haploid genotype calls from the ANGSD

« pseudoHaplo to perform RPsH using a diploid dataset

o markerOverlap to calculate the pairwise marker overlap fraction matrix

« filterRelates to correct kinship coefficient, and filter relatives based on error model
and/or hard kinship coefficient threshold

To study the effect of partially genotyped markers in a controlled fashion and compar-
ing results with the analysis of the fully genotyped modern samples we used

+ depleteMarkers  to simulate the desired marker overlap fraction between
selected samples
+ depletelndivs to simulate a random partially genotyped sample cohort

The tools work with the main genotype data formats (PLINK, EIGENSTRAT, PACKE-
DANCESTRYMAP). We documented the usage and options of the new tools with
command examples in Additional file 8: Note S1. Tools are available in zenodo and the
GitHub repository (https://github.com/zmaroti/correctKin) [35, 36].

Random pseudo-haploidization and pairwise overlapping marker fraction calculation

We defined the overlapping marker fraction between two samples as the number of

markers typed in both samples divided by the number of all markers in the dataset.
Using our “pseudoHaplo” tool, we created 100 randomly pseudo-haploidized datasets

from the fully typed modern diploid dataset using different random seeds. In all of the

presented examples, we used our own tool “markerOverlap” to calculate the pairwise
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overlapping marker fraction matrix of samples used for the kinship coefficient correc-
tion [35, 36].

Principal component analysis

We selected the GBR, TSI, IBS, and FIN populations from 1KG dataset (404 samples)
and randomized the diploid dataset with three different seeds. We performed smartpca
[37, 38] analysis on the original diploid and the three random pseudo-haploidized data-
set with the “inbreed: YES” option. We used the R (version 4.0.5) [39] and the ggplot2
R package (3.3.5) [40] to visualize the individuals on the PC1 and PC2 axes (Additional
file 7: Figure S1).

Simulating the effect of low coverage from fully typed modern datasets

To study the effect of coverage and the resulting lower genotyping percentage on the
kinship coefficient calculation in a controlled fashion, we used “depleteMarkers” to ran-
domly deplete markers from a fully typed (PLINK, EIGENSTRAT) dataset, resulting in
the desired percentage of marker overlap between two samples [35, 36]. Using this tool,
we simulated the overlapping marker fraction in the selected samples in the range of
5-100% with step of 5 percentages.

To assess the technical error of low/variable coverage data on the whole workflow,
we selected 1020 fully typed diploid Eurasian samples (CEU, IBS, GBR, FIN, TSI, CDX,
CHB, CHS, JPT, KHV populations) of the 1KG phase 3 dataset. We applied “depleteln-
divs” to create a random, partially typed sample cohort with marker count between
100,000 and the full 1,150,639 markers. From the partially typed diploid dataset, we also
created a pseudo-haploidized dataset using the “pseudoHaplo” tool [35, 36]. We per-
formed kinship analysis with PCAngsd and corrected the estimated kinship coefficients
according to the marker overlap fraction of sample pairs on the partially genotyped data-
sets. We compared the results with the estimated kinship coefficients using the original
fully typed diploid dataset.

Simulation of aDNA-related genotyping errors
PLINK and EIGENSTRAT data format were designed for biallelic markers. There are
only 4 possible allelic states (homozygote major allele, homozygote minor allele, hete-
rozygote major/minor, and missing), thus any other nucleotide that is different than the
minor or major allele cannot be represented and the allelic state of samples with invalid
alleles are set to the “missing” state at such marker positions.

Based on the data format restriction, the three typical aDNA-related genotype errors
can be simulated in the following ways for pseudo-haploid PLINK dataset:

+ Post mortem damage; if the C->T or G->A conversion leads to different nucleotide
than the minor or major allele, the state is set to “missing,” otherwise, if the minor
and major alleles are C/T, T/C, G/A or A/G, the homozygote minor and major states
are flipped.

+ Exogenous (non-human DNA) contamination; since the exogenous DNA consist
of mainly DNA of microorganisms (usually in ancestral state), it leads to excessive
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homozygote major allele, thus random subsets of markers are set to the homozygote
major allele state.

+ Endogenous (human DNA) contamination; random subsets of markers are set to the
state of the same markers genotyped from another sample (theoretically, the largest
number of SNPs are expected to be flipped in case the population has the largest FST
from the test individuals or practically if the test is contaminated with sample from a
very different population).

From most population genetic analyses, highly contaminated samples are excluded. In
the comprehensive AADR ancient dataset, the following criteria is used to mark bad-

quality sequences:

+ ANGSD X contamination (applicable only for males) 0.02-0.05="QUESTIONA-
BLE", >0.05="QUESTIONABLE_CRITICAL" or "FAIL"

+ mtcontam <0.8 is "QUESTIONABLE_CRITICAL", 0.8-0.95 is "QUESTIONABLE",
and 0.95-0.98 is recorded but "PASS", gets overridden by ANGSD X contamination.

Accordingly, the 1240K v42.2 AADR dataset (n=3589 ancient samples) 157 is marked
CRITICAL/FAIL (>5% error rate), while the mean of the X contamination rate of all
ancient samples is 1.28%.

We simulated the three different errors separately and also made a mixed case where
all three error types were introduced in equal amount leading to the same total error
rate. In all cases, we had maximum total genotyping error rate of 5% (the threshold of
CRITICAL/FAIL tag of the AADR criteria). Accordingly, each sample had random 0-5%
genotyping error, leading to an overall ~2.5% genotype error rate of the whole dataset
that is roughly the double of the genotyping error rate of the experimental AADR aDNA
dataset. In each simulation, we used 100 different randomizations with different random
seed and calculated the mean and SD of the corrected kinship coefficients.

Uncorrected kinship coefficient estimation

Kinship coefficient estimation was performed by the PCAngsd [41] software (version
0.99) from the ANGSD package [7] that implements a fast parallelized kinship calcula-
tion from PLINK or EIGENSTRAT format based on the PC-Relate algorithm [24] with
the “-inbreed 1 -kinship” parameters.
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mation is available on request from the corresponding author (ZM). Access to the data requires noncommercial, research
only usage approved by your ethical committee.
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Letter to the editor

The archaeogenomic validation of Saint Ladislaus’ relic provides
insights into the Arpad dynasty’s genealogy

The house of Arpéd ruled Hungary for more than four centuries,
establishing dynastical relationships with numerous European noble-
and ruling houses, and giving many Catholic saints and blesseds to
the Catholic Church. They were one of the significant dynasties of
Medieval Europe (Kristo and Makk, 1996). The knight-king Saint Ladi-
slaus | (c.1040—1095, reign: 1077—1095) is one of the most
outstanding kings of this dynasty. In addition to the hand relic (the
Holy Right) of King Saint Stephanus | (c. 975—1038, reign: 1000/
1001—-1038), the skull relic in the Saint Ladislaus’ Herma
(Fig. 1A—1C) preserved in the Cathedral of Gyor, is one of the most
important relics for Hungarians (Klaniczai, 2000). By consolidating
state power and strengthening Christianity, King Saint Ladislaus
completed the work begun by Saint Stephanus |. His charismatic per-
sonality, strategic leadership and military talents resulted in the
cessation of internal power struggles and foreign military threats
(Engel, 2001; Kristof et al., 2017). He was seen as the embodiment
of the knight-king ideal to be emulated all over Europe (Pow, 2018).
He was buried in Varad (Oradea, located in modern day Romania)
in 1095 and was canonized in 1192 at the request of King Béla llI.
At this time, his body was exhumed to prepare relics from his skull
and other skeletal remains as was customary for the time
(Solymosi, 2017). The skull relic had a turbulent history: in 1406 the
wooden herm containing it was damaged in a fire, but miraculously
the skull has been preserved unharmed. Later it was placed into
the current Herma (Fig. 1A) created during the reign of Sigismund
of Luxembourg (1387—1437) (Varga, 2017). In the 16th century, the
relic had to be rescued from Véarad due to the ravage of Transylvania
by the protestants. After passing through Prague, Pozsony (now Bra-
tislava, Slovakia) and Veszprém, it reached its current location in the
Cathedral of Gyér in the first decades of the 17th century. The Herma
is still held in high esteem and Saint Ladislaus’ memory is cherished
with annual processions in the city and throughout the Carpathian
Basin (Kristof, 2017a).

As the above-mentioned events raised doubts concerning the
authenticity of the Herma by historians and archaeologists, we set
out to compare the Y chromosome sequence of the skull to that of
King Béla lll, the only Arpéd dynasty king with known and identified
remains, for whom whole genome data is available (Olasz et al.,
2019; Nagy et al., 2021). We extracted DNA from the pars petrosa
and the root of a molar tooth from the skull held inside Saint Ladi-
slaus’ Herma and built double stranded DNA libraries for Illumina
sequencing. Based on low coverage shotgun sequencing results,
the library from the petrosa contained minimal amounts of human
DNA (0.3%). As we tried to avoid damaging the valuable relic, we
drilled very carefully, which may not have reached the most compact
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part of the petrous bone. This could be the explanation of such a low
endogenous DNA content. At the same time, the library from the
tooth root (SZTLF) had 72.2% human reads, so it was suitable for
whole genome sequencing. Due to the high quality of the library,
we could obtain 16.4-fold mean coverage over the genome, and
7.4-fold coverage of Y-chromosome after collapsing the paired-
end reads. This allowed for a high precision phylogenetic analysis
of the royal paternal lineage. Sequencing data statistics for Saint
Ladislaus and three other reported royal genomes, Béla Ill (HU3B),
his wife Queen Anna (HUAA) and another Arpéd dynasty member
(HU52) are shown in Table S1 and in Nagy et al. (2021).

The Y chromosome haplogroup of the sample was determined
with the Yleaf software, based on the SNP database of ISOGG
2020. Y chromosome sequence of SZTLF was derived for the sub-
haplogroup R1alalb2a2aic3~ based on the marker R-Y2632. Ana-
lysing onward the sequence manually, it could be assigned to the
sub-Hg R-ARP (R1alalb2a2ai1c3a3b) by virtue of the SNPs ARP1,
ARP2, ARP3, ARP4, ARP5, ARP6, ARP7, ARP8 and ARP9 (Nagy
et al., 2021). This result supports the originality of Saint Ladislaus’
relic, as the Y chromosome of the skull belongs to the exclusive Hg
of the Arpad dynasty (for Y chromosome SNP data of SZTLF, see
Table S2).

This sub-Hg belongs to the R-Z2125 clade (Nagy et al., 2021),
which can be seen in individuals from the Middle-Late Bronze Age
on the Caspian Steppe, connected to the Potapovka, Sintashta and
Andronovo cultures (Narasimhan et al., 2019). In the Iron Age it was
detected in the Turan basin (Narasimhan et al., 2019) and in Scytho-
Siberians of the Minusinsk Basin (Narasimhan et al., 2019), later
among the Xiongnus (Keyser et al., 2021) and up until the Middle
Ages in Mongolia (Jeong et al., 2020) which indicates an eastward
and southward spread of the Hg. The phylogenetic analysis of Hg
R-Z2123 (a derived subclade of R-Z2125) from modern Y chromo-
somal data, suggested a Bronze Age BMAC origin of this sub-Hg
(Narasimhan et al., 2019; Nagy et al., 2021). The first appearance of
R-Z2125 in the Carpathian Basin was detected in 5th-century-CE Eu-
ropean Huns (Mardti et al.,, 2022), and 7th—8th-century-CE Avars
(Mardti et al., 2022), but it also arrived with the conquering Hungarians
in the 9th—10th century (Neparaczki et al., 2019; Mardti et al., 2022),
including Arpéd and his family (Nagy et al., 2021). Based on Y-STR
markers, a previous study suggested phylogenetic connection be-
tween the Arpéd house and a Xiongnu elite family (Keyser et al.,
2021), supporting the mythical Hun origin of the dynasty.

Nagy et al. (2021) published the Y chromosome sequence of an
additional skeletal remain (HU52) proven to be a member of the
Arpéd dynasty, derived from the Royal Basilica of Székesfehérvar,
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Fig. 1. Saint Ladislaus’ Herma and the PCA plot of the royal family members. A: The relic made during the reign of Sigismund of Luxemburg (1387—1437). B and C: The skull of the relic
from different viewpoints. D: PCA plot of the Arpéd dynasty genomes. SZTLF, HU3B, HUAA and HU52 genome data (red) were projected on the background generated from modern
Eurasian genomes (Table S4). St Ladislaus is shifted eastward from the modern Central European population cluster and other family members suggesting a greater Eastern genomic
content.
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the burial site of most Hungarian kings, until the Turkish occupation
of the city. Since genetic data was available only from a single other
Arpad house member, Béla Ill, the identity of HU52 could not be
determined (Olasz et al., 2019; Nagy et al., 2021). Even the identity
of the remains HU3B had been questioned by several historians,
claiming that the skeleton rather belongs to King Colomanus | than
Béla Ill (e.g., Téth, 2006). Thus, we examined the kinship relations
of the available Arpéd dynasty genomes to determine their exact po-
sition on the family tree (Fig. S1). The kinship analysis was carried out
with an improved approach, which is capable of inferring relatedness
up to the 4th degree from low coverage ancient genomes with high
certainty (Nyerki et al., 2022). The corrected kinship coefficient indi-
cated 5th level kinship between Saint Ladislaus and HU3B (Table
S3), which exactly corresponds to the known family relations of Saint
Ladislaus and Béla lll. Though the kinship estimation of the novel
method becomes uncertain over 4th degree, however, it seems
beyond question that the HU3B remains could not belong to Coloma-
nus, who was a second-degree relative of Saint Ladislaus (his
nephew) (Fig. S1). Thus, our kinship results indisputably settle the
identification of HU3B with Béla lIl.

The HU52 individual was buried next to Béla Ill and his wife (Olasz
et al., 2019), and although his Y-chromosome unequivocally identified
him as a member of the Arpéd house (Nagy et al., 2021; Table S2C) his
identity remained unknown. Our kinship analysis detected second de-
gree relation between HU52 and Béla lll, and further than 4th degree
distance from Saint Ladislaus (Table S3). In order to specify the loca-
tion of HU52 on the family tree, we included in the kinship analysis the
genome sequence of Queen Anna, the wife of Béla Ill. The analysis
revealed a two-step distance between the queen and HU52 as well
(Table S3). The equal distance of the individual to both the king and
the queen confutes the previous suggestion that HU52 could be
King Béla Il (the grandfather of Béla lll) (Olasz et al., 2019). On the con-
trary it definitively shows that the unidentified man was one of the five
grandsons of the royal couple (Fig. S1). It is known that HU52 was
buried in the Royal Basilica of Székesfehérvar and his age at death
was estimated multiple times by multiple experts to be between 20
and 30 years (Olasz et al., 2019). According to historical data about
the burials of the dynasty, the identity of the potential grandsons can
be narrowed. King Ladislaus Il died as a child, whereas King Béla IV
passed away in his 60’s and was buried in Esztergom (Kadar, 2012).
The age at death of all three known brothers of Béla IV fit in the esti-
mated anthropological age of HU52, however Prince Colomanus
was laid to rest in Klostar lvani¢, Croatia while Stephanus the Posthu-
mous was buried in San Michele in Isola, in Venice, Italy (Kadar, 2012).
The third one, Prince Andreas died in Halych, but his final resting place
is unknown, thus he is the best candidate to be identified with HU52.

To further characterize the genetic ancestry of the Arpéd dynasty
members we carried out population genomic analyses. First, we per-
formed Principal Component Analysis (PCA), and projected the stud-
ied genomes onto the axes computed from modern Eurasian
individuals (Figs. 1D and S2; Table S4). On the PCA plot SZTLF
was shifted eastward from the cloud of modern European popula-
tions, while the other studied royals were projected near modern
Hungarians and Croatians (Fig. S2). Latter results are in agreement
with previously reported data from Béla lll (Wang et al., 2021), while
Saint Ladislaus’ PCA position suggests that he retained more from
the Eastern genomic heritage of the dynasty than his later relatives.

Next, we carried out gpAdm analysis, to determine the potential
genomic ancestries of Saint Ladislaus, as well as of Béla Ill and
HU52. We assembled a source population list including 45 plausible
Iron Age and Medieval populations from Central and Northern
Europe, as well as from the Eurasian Steppe (for details see
Supplementary data; Table S5). We used a Right (reference) popula-
tion list, which had been optimized for the conquering Hungarian elite
(Mardti et al., 2022).
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The gpAdm resulted in 168 plausible models for Saint Ladislaus,
and after excluding suboptimal models with model competition
(Narasimhan et al., 2019; Mardti et al., 2022), we obtained 25 com-
parable passing models (for further information see Supplementary
data). In each model, the major (78%—94%) ancestry showed Euro-
pean origin, while the minor (6%—22%) component was derived
from East-Central Asia (Table S5). The best P-value models indi-
cated 85% Germany early medieval and 15% conquering Hungari-
an elite ancestries. This result perfectly reconciles with historical
data, as among the maternal ancestors of Saint Ladislaus Polish,
Russian, Germanic and Czech persons were recorded, while his
paternal lineage goes back to Arpad, leader of the conquering
Hungarians.

Model competition gave six passing models for Béla Ill of which
the three with highest P-values indicate a major (73%—88%) Lithua-
nia_Late_Antiquity component and a minor (12%—27%) component
typical for the local population of the Carpathian Basin (Mardti et al.,
2022). The best model for HU52 suggested very similar genome
composition (85% Lithuania_Late_Antiquity and 15% local Carpa-
thian basin). Alternative models with lower P-values indicated Viking,
Sweden Iron Age and Hungarian Langobard affinities. These data
also fit historical records, as Polish, Byzantian, Germanic, Russian,
French and Serbian maternal ancestors had been documented in
the family.

We validated the gpAdm results with f4-statistics: f4 (SZTLF,
other royal member; European pop, Mbuti). In accordance with the
gpAdm results f4 values indicate that Saint Ladislaus has higher af-
finity to the conquering Hungarians than the other Royal members
have (Table S6).

Our genome analysis results confirm that the Arpéd dynasty was
not a foreigner family appointed to rule the Hungarians but originated
from the same ethnic group as other members of the conquering
Hungarian elite, and that then their Central Asian genomes were pro-
gressively attenuated during the centuries through marriages with
Central European royal families.

This study reports a successful archaeogenomic analysis of a
saint’s remains. Saint Ladislaus was one of the most significant figures
of the Medieval history of Hungary and Europe as well. He was a
legendary king and a Catholic saint in one person; thus, the verification
of his most important relic has a huge historical and spiritual relevance.
Moreover, with the genetic and genomic data of the saint king the per-
sonal identity of Béla IlI’'s remains, and thanks to this, the identity of
Queen Anna remains could be established as well. Thus, the family
tree of the Arpéd dynasty was fixed on three certain points without
any discrepancy, providing a solid base for the personal identification
of the Hungarian royal remains in the future. The genomic analyses of
the royal family members are in line with the reported conquering
Hungarian-Hun origin of the dynasty in harmony with their Y-chromo-
somal phylogenetic connections.
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