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Abstract—With capabilities of sequencing ancient DNA to high
coverage often limited by sample quality or cost, imputation
of missing genotypes presents a possibility to increase power
of inference as well as cost-effectiveness in analysis of ancient
data. However, the high degree of uncertainty often associated
with ancient DNA poses several methodological challenges, and
performance of imputation methods in this context has not
been fully explored. To gain further insights, we performed
a systematic evaluation of imputation of ancient data using
BEAGLE 4.0 and reference data from phase 3 of the 1000
Genomes project, investigating the effects of coverage, phased
reference and study sample size. Making use of five ancient
samples with high-coverage data available, we evaluated imputed
data with respect to accuracy, reference bias and genetic affinities
as captured by PCA. We obtained genotype concordance levels of
over 99% for data with 1x coverage, and similar levels of accuracy
and reference bias at levels as low as 0.75x. Our findings suggest
that using imputed data can be a realistic option for various
population genetic analyses even for data in coverage ranges
below 1x. We also show that a large and varied phased reference
set as well as the inclusion of low- to moderate-coverage ancient
samples can increase imputation performance, particularly for
rare alleles. In-depth analysis of imputed data with respect to
genetic variants and allele frequencies gave further insight into
the nature of errors arising during imputation, and can provide
practical guidelines for post-processing and validation prior to
downstream analysis.

I. INTRODUCTION

The possibility to sequence ancient DNA (aDNA) has
increased capabilities to study archaeological remains and
provided new insights into various aspects of human evolution-
ary history. Notable findings such as the detection of genetic
introgression between anatomically modern humans and other
hominins, confirmation of the African origin of modern humans,
and an increased understanding of the spread of agriculture
into Europe have been achieved through population genetic
analyses of ancient and contemporary genomes [1].

Due to the age and varying preservation conditions that
ancient samples may have been exposed to, aDNA has
unique properties that pose methodological and computational
challenges not present when working with data from living

humans. Contamination of DNA from microbes and other non-
target sources can result in low proportions of endogenous
DNA [2, 3], leading to limitations in sample availability that
can cause sequencing to high coverage depth to be impossible
or prohibitively expensive. Contamination also leads to issues
regarding data authenticity. In addition, the degradation of the
DNA molecule that occurs over time leads to damage in the
form of fragmentation and nucleotide misincorporations [4,
5]. Although the identification of patterns of damage unique
to aDNA has allowed for methods of data authentication and
improved the process of reconstructing ancient genomes [6, 7, 8,
9], these characteristics nonetheless cause biases in sequencing
and mapping that can impact variant calling and other forms
of downstream analysis. [3, 10, 11] Consequently, studies of
aDNA samples are often limited to low- to moderate-coverage
data with higher degrees of uncertainty than modern samples
typically exhibit.

Genotype imputation is a powerful tool that can increase
the information content in a sample by inferring unobserved
genotypes. Imputation has been widely applied in various
scenarios analyzing modern data, e.g. to increase power of
inference in genome-wide association studies and to conform
samples from different studies for merged analysis [12, 13,
14]. For aDNA, the possibility to increase information content
of sparse and noisy data can potentially improve the quality
of results as well as expand the range of analyses that are
possible to perform.

Many common imputation methods for unrelated samples
rely on sequential probabilistic models in which missing
genotypes are inferred based on similarity to other individuals.
The estimation is founded on an assumption of the presence
of short stretches of shared haplotypes that have been passed
down from a distant common ancestor. Given the individual’s
genotypes, its haplotype phase is inferred, allowing missing
variants to be predicted based on similarity to other samples.
Most methods are able to leverage the information in the study
sample as well as an additional panel of phased reference
haplotypes when performing the phase estimation. Many widely
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employed tools, such as MACH [15], IMPUTE2 [16] and
PHASE [17, 18], are based on variants of the ’the product of
approximate conditionals’ (PAC) framework [19]. This model
represents the sample sequence as an imperfect mosaic of
the reference haplotypes, generally considering all possible
transitions over the state space, with explicit modeling of
mutation and recombination. A slightly different method is
implemented in the software BEAGLE [20], which is based on
a model of local haplotype clusters based on similarity. This
results in a smaller state space with not all possible transitions
considered at every position, reducing the computational burden.
The effects of mutation and recombination are not explicitly
modeled, but the change of cluster membership along the
sequence can be seen as implicitly representing these biological
processes.

The accuracy of genotype imputation depends on several
factors, mainly related to the quality of the sample data
and the properties of the phased reference panel. A larger
sample size, as well as increased marker density and genotype
accuracy generally results in better performance [21]. For
data with high levels of uncertainty, imputation based on
a probabilistic framework using genotype likelihoods rather
than called genotypes is preferable [21, 22, 23], an option
that is supported by some software tools, including BEAGLE
4.0. Studies comparing different phased reference panels
have yielded varying results, with some finding that highest
performance is gained by using population-specific panels [24,
25] and others indicating the benefits of a large reference with
a high level of diversity, particularly for admixed population
with no clearly matching reference [26, 27, 28].

Using a modern phased reference panel is currently the
only option for ancient data, introducing a possible source of
bias as it means that only variants that exist in the population
today can be reproduced. Leveraging information in other
ancient individuals by increasing study sample size may be
a way to mitigate reference divergence, particularly as more
sequenced ancient genomes become available, but benefits may
be diminished in the context of sparse and uncertain data. The
limits of imputation methods with respect to low quality sample
data have not been fully explored, particularly in combination
with low coverage levels below 1x.

Genotype imputation has previously been performed on
ancient human data in e.g. [29, 30, 31]. In these studies,
imputation was used to maximize the information content
of ancient samples and allow for analyses such as Runs of
Homozygosity (RoH) that require dense, diploid genotypes.
Performance evaluation was mainly done by comparison of
genotypes imputed from masked data to corresponding high-
coverage calls, and showed satisfactory concordance to motivate
the use of imputed data for downstream population-genetic
analyses. The goal of this study is to complement and extend
previous work by performing a systematic evaluation of the
use of imputation on ancient data. We investigate how the
particular issues of sample quality and reference divergence
associated with aDNA affect imputation, focusing on practi-
cal considerations regarding methodology and performance

evaluation.

II. MATERIALS AND METHODS

A. Data description and preprocessing

1) Ancient samples: The ancient genome data used in this
study consisted of five individuals for which high-coverage data
between 19x to 57x was available (ans17, LBK, Loschbour,
and ne1), as well as a set of 61 samples with low- to moderate-
coverage ranging from 0.1x to 16x. See Supplementary Table 1
and Supplementary Table 2 for sample specifics and references
to source publications.

The Genome Analysis Toolkit (GATK) v3.5.0 [32] tool
UnifiedGenotyper was used to generate genotype likelihoods
from alignment data for each of the ancient samples individually.
The allele callset used was that of the 1000 Genomes phase
3 panel [33], filtered to keep only autosomal, biallelic SNPs,
resulting in a total of 77818182 markers. In order to avoid
introducing a possible bias from nucleotide misincorporations
due to post-mortem damage, the generated VCF files were
filtered to exclude all sites where the most likely genotype
could have been inferred from a deaminated allele. For C→T
deaminations, this was done by removing sites where the SNP
was a C↔T transition and the most likely genotype contained
a T allele. The corresponding treatment was performed for
G→A deaminations. The software bcftools v1.6 [34] was used
for filtering.

As in the previous studies [31, 29, 30], assessment of
imputation performance was done by comparison of imputation
results to corresponding high-quality (HQ) genotypes. For this,
the five samples for which high-coverage data was available
were used. The HQ genotypes considered as gold standard
were called from the original high-coverage data, following
the same pipeline as described in their respective publications
(Supplementary Table 1). The called genotypes were filtered
to keep only biallelic SNPs with a minimum depth of 15
and a QUAL score of at least 50. Heterozygote sites were
further filtered for both alleles having a minimum allele
depth of 25% of the total depth. Low-coverage data for each
evaluation sample was generated by downsampling reads using
Picard version 2.0.1 [35], after which estimation of genotype
likelihoods and filtering were performed in an identical manner
to the method described above for the low- to moderate-
coverage samples. The sparse data was used as input for
imputation, and the resulting genotypes were compared to
HQ data.

2) Reference panels: The reference material used for im-
putation was the 1000 Genomes phase 3 v5a panel of phased
haplotypes and the GRCh37 genetic maps provided along with
the BEAGLE software. The reference panel was filtered to
only include biallelic SNPs, resulting in 27904756 markers
over chromosomes 1-22. In order to evaluate the effects of the
reference on imputation, two panels were considered: the entire
data set of 2504 samples, and a smaller one of 254 samples
from European populations only. The two panels are denoted
as ”FULL” and ”EUR”, respectively. The former was also used
to estimate Minor Allele Frequency (MAF) of SNPs when
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analysis of imputed data over the allele frequency spectrum
was performed.

B. Imputation methodology

Imputation was performed using BEAGLE 4.0, with sample
data split into segments of 50,000 markers with an overlap
of 25,000, using genotype likelihoods as input. The effects of
including multiple ancient samples in the panel were evaluated
by performing imputation jointly as well as separately. In the
first case, all 61 low-to-moderate coverage samples as well as
the 5 evaluation samples were included in the panel to imputed.
In the second case, imputation was performed separately per
study individual, meaning only the phased reference haplotypes
were used in the genotype estimation.

C. Performance evaluation metrics

1) Genotype concordance: The main metric employed
for assessing imputation accuracy was genotype concor-
dance/discordance, defined as the fraction of genotypes that
were imputed correctly/incorrectly. This was measured sepa-
rately for each of the 5 evaluation samples by comparison to
the HQ genotypes derived from dense data. For each of the
five evaluation samples, we extracted the imputed markers for
which there were corresponding HQ genotypes available, and
divided them into two disjoint sets denoted as ”overlapping” and
”non-overlapping”, based on whether or not the corresponding
downsampled individual data had overlapping reads for the
site or not. Supplementary Table 3 shows the sizes of these
sets for each evaluation sample and coverage level.

2) Reference affinity: To assess whether imputed genotypes
show a systematic bias towards the reference panel, the degree
to which a sample showed an affinity towards the reference was
compared between imputed and HQ genotypes. Here, reference
affinity was measured as the fraction of markers that have the
same genotype as the most frequently occurring one in the
reference panel.

3) PCA: Principal Component Analysis (PCA) is a method
of projecting data onto a basis that maximizes the variance
of the data, possibly revealing previously unseen patterns
or features. PCA can be used to reduce the dimensionality
of data, e.g. for visualization purposes, and in the field of
aDNA it is commonly used to show ancient samples in the
context of modern variation. Here, it was used as a means of
illustrating the difference between imputed and corresponding
high-coverage genotypes.

PCA was performed on diploid genotypes, with a modern
panel consisting of 429 European samples from the Human
Origins data set of [36], filtered to remove variants with MAF
under 1% or missing call rates exceeding 10%. In order to
handle the fact that the ancient samples did not have observed
genotypes for all sites used in the PCA, we used the method of
Known Data Regression (KDR) [37]. A reference PCA based
on the modern panel was initially defined. Estimation of scores
for each ancient sample based on this model proceeded by
considering the data of the reference samples corresponding
to observed ancient genotypes, and fitting a linear regression

model to their original PCA scores in the reference model.
The software SMARTPCA from EIGENSOFT 7.2.1 was
used to define the reference PCA, and the Python library
scikit-learn was used for solving linear least squares
problems.

Configuration Reference Study Sample
1 EUR single
2 EUR all ancient
3 FULL all ancient

TABLE I: Imputation configurations

III. RESULTS

A. Effects of reference set and study sample size

1 2 3
Imputation configuration
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Fig. 1: Concordance of imputed genotypes for the three
configurations in Table I. Imputation was performed on data
in which the five evaluation individuals were downsampled
to 1x coverage, and the evaluation was based on unfiltered
results, with fully colored bars indicating overlapping markers
and shaded non-overlapping ones.

Imputation performance was assessed for three combinations
of reference set and study sample size, denoted as imputation
configurations and shown in Table I. In the first configuration,
imputation was performed individually per evaluation sample,
using the EUR phased reference set. For configurations 2 and 3,
all ancient individuals were included in the imputation, using
the EUR and FULL reference sets, respectively. All results
in this section are for imputation performed on sample data
with 1x coverage, and in order to perform a comprehensive
evaluation of the effect of imputation configuration, no posterior
filter was imposed on the imputed genotypes. Results are shown
for each of the five evaluation samples, with results split into
overlapping and non-overlapping marker sets.

Figure 1 shows genotype concordance for the three impu-
tation configurations. Overall, concordance rates were similar
between samples and reached 0.99 in all cases. The results
indicate that the larger reference set as well as the inclusion of
ancient samples in the imputation panel improved performance.
For overlapping markers, concordance rates increased slightly
from just under 0.997 to somewhat above. Concordance was
lower among the non-overlapping markers in general, and it
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Fig. 2: Log-log plots displaying discordance of heterozygote genotypes for the five evaluation samples, with the same legend
as in Figure 1. Subplots A-C show results obtained using imputation configurations 1-3 described in I, with markers binned
according to MAF. Results are shown for unfiltered imputed genotypes of data downsampled to 1x coverage, with solid lines
indicating overlapping markers and dashed non-overlapping ones.

was also among these that the effects of varying imputation
configurations were the most pronounced.

In order to investigate imputation performance over the allele
frequency range, the imputed markers were binned according
to MAF, and the average genotype discordance assessed per
bin. Since there is a high risk of chance agreement between
homozygous genotypes and the reference majority in the case
of low MAF markers, only sites at which the HQ data was
heterozygous were considered, thus measuring the ability of
the imputation to recover heterozygotes. Results for imputation
configurations 1-3 are shown in Figure 2 A-C respectively,
and again indicate that using a larger reference panel and
study sample size increases performance. The effects were
particularly visible among non-overlapping markers and in the
low MAF ranges, where heterozygotes are the most difficult
to recover.

B. Effects of coverage

Next, we assessed the effects of coverage
on imputation performance. For every level
C ∈ {0.1, 0.25, 0.5, 0.75, 1.0, 1.25, 1.5, 1.75, 2}, an imputation
run was performed using the five evaluation samples
downsampled to Cx. Imputation configuration 2 was used was
used for all runs, and as in the previous section, no posterior
filter was imposed on the resulting genotypes.

Figure 3 shows the concordance between imputed and
HQ genotypes for all markers (A) and for heterozygotes
(B), separated into overlapping and non-overlapping marker
sets for every evaluation sample and coverage level. A total
concordance rate of 0.99 was reached around 0.25x for
most samples, with a planing out visible at 1x where levels
around 0.9975 and 0.995 were obtained for overlapping and
non-overlapping sites, respectively. For heterozygote sites,
concordance levels were below 0.97 throughout, reaching 0.95
at 1x and as low as 0.825 for the lowest coverage level of
0.1x.

In order to assess the level of systematic bias towards the
variant that is most common in the reference, we compared

the level of reference affinity of the imputed data to that of the
corresponding HQ genotypes, considering these as a baseline
for the similarity between the true genotypes and the reference.
Figure 4 shows the difference in measured affinities between the
HQ and imputed data for the 9 coverage levels, over the allele
frequency spectrum, averaged over the 5 evaluation samples.

The negative values in the lower MAF ranges indicate that
the imputed data shows a larger affinity towards the reference.
While the extremely low coverages showed significantly higher
levels of bias, the rates decreased and showed little variation
for coverages 0.75x and higher. The results indicate a reduction
in bias towards the reference with increasing MAF, showing
little differences around MAF 0.3 for most coverage levels.
A possible explanation for the positive difference at higher
MAF values is that at these markers, imputation errors do not
tend towards the reference majority as strongly as in the lower
MAF ranges. Overall concordance is also lower at high MAF
due to higher frequency of heterozygotes.

C. In-depth performance analysis

In this section we present further evaluation of imputed
genotypes to assess properties relevant to downstream analysis.
We considered results of imputation configuration 3 on data
with 1x coverage, and imposed a filter of minimum posterior
genotype probability of 0.99 on the imputed data. First,
performance for different genotypes was evaluated. Figure
5 shows concordance of sites split according genotype in the
high-coverage data. Although performance remained poorer
for heterozygote sites, the filtered data showed improved levels
of over 0.99 throughout. The filtered results also showed little
difference between overlapping and non-overlapping marker
sets at homozygote sites, while larger differences remained for
heterozygotes. Inspection of performance for heterozygote sites
across the allele frequency spectrum showed that discordance
levels below 0.01 were reached around MAF 0.1, with over
85% of sites retained post-filter (Figure 6).

Finally, PCA was used to visualize and compare genetic
affinities of imputed and high-coverage data. Figure 7 shows
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Fig. 3: Genotype concordance of imputed data for different levels of coverage of the input data, for A: all markers and B:
markers at which the HQ genotype was heterozygote. Results are shown for the five evaluation samples according to the same
legend as in Figure 1, with solid and dashed lines indicating SNPs with overlapping and non-overlapping reads, respectively.
Imputation was performed using configuration 2, with no posterior filter imposed on the resulting genotypes.

0.1 0.2 0.3 0.4 0.5
MAF

−0.020

−0.015

−0.010

−0.005

0.000

0.005

0.010

0.015

0.020

Re
fe

re
nc

e 
af

fin
ity

 d
iff

er
en

ce

0.10
0.25
0.50
0.75
1.00
1.25
1.50
1.75
2.00

Fig. 4: Comparison of levels of reference bias for different
coverage levels. Input data for imputation in which the
evaluation samples were downsampled to coverages ranging
between 0.1-2.0x was generated, and the difference in reference
affinity between HQ and resulting imputed genotypes estimated.
Imputation was performed using configuration 2, with no
posterior filter imposed on the resulting genotypes. Results are
shown for all markers, binned according to MAF, and averaged
over the evaluation samples.

that, within the variation represented by the first two principal
components, scores of imputed genotypes map closely to those
of the HQ data, particularly for the three samples ans17, LBK
and ne1. For each of the five samples, relative distances to the
HQ data are larger for low-coverage than imputed genotypes,
indicating that information lost by the downsampling process
has been retained by imputation.

IV. DISCUSSION

This study provides a systematic investigation of the appli-
cation of imputation to human aDNA. We have corroborated
results from similar experiments showing that overall genotype
concordance levels of over 0.99 can be reached for data with 1x
coverage, and provided an in-depth analysis of the qualities of
imputed genotypes. Investigation of performance at coverage
levels tending to the ultra-low indicated that the quality of

imputed genotypes began to plateau around 0.75-1x, and that
common variants were more robust to different reference sets as
well as less prone to reference bias overall. The results suggest
a MAF threshold of at least 0.1 for reliable heterozygote
calls, and that in cases where rare alleles are of interest, an
increased diversity and size of the phased reference as well as
the imputation panel are particularly beneficial. The fact that
information from ancient samples can be leveraged to improve
imputation, along with the genotype concordance levels shown,
may in some cases motivate the sequencing of more ancient
samples to lower coverage as a cost-effective alternative to that
of fewer samples to higher coverage.

The presented work provides a framework for practical
considerations regarding imputation execution, as well as a
basis for further investigations. A systematic evaluation of
different imputation methods and adaptation of the statistical
models to the context of sparse and uncertain data may increase
performance for ancient samples. Further insights may also be
gained by assessment of imputed data by means of different
population genetic analyses, considering e.g. haplotype-based
methods such as RoH as well as those based on allele
frequencies. For the five evaluation samples considered, in-
depth performance analysis showed lower performance for
the two hunter-gatherer genomes sf12 and Loschbour, both
in terms of genotype concordance and similarity in PCA-
space to HQ data. Further investigations of the effects of
sample ancestry and reference divergence will be required
to customize imputation pipelines to samples of varying
backgrounds. As more sequenced ancient samples become
available, both imputation accuracy as well as the ability to
assess various aspects of performance will be improved.

REFERENCES

[1] Rasmus Nielsen et al. “Tracing the peopling of the
world through genomics”. In: Nature 541 (Jan. 2017),
pp. 302–310.

5



RR RA AA
Genotype in high-quality sample

0.990

0.992

0.994

0.996

0.998

1.000
Ge

no
ty

pe
 c

on
co

rd
an

ce

Fig. 5: Concordance of imputed genotypes, split according to
genotype in the HQ data. Imputation was performed on data in
which the five evaluation individuals were downsampled to 1x
coverage, using imputation configuration 3 (Table I), and the
resulting data was filtered for minimum genotype probability
of 0.99. Fully colored bars indicate overlapping markers and
shaded non-overlapping ones, the color legend is the same as
in Figure 1.

10 2 10 1

MAF

10 3

10 2

10 1

Ge
no

ty
pe

 d
isc

or
da

nc
e

0.6

0.7

0.8

0.9

Retained m
arkers

Fig. 6: Log-log plot of genotype discordance at heterozygote
sites, over the allele frequency spectrum. Input data for
imputation was downsampled to 1x and configuration 3 used,
after which a posterior filter of minimum genotype probability
of 0.99 was applied. The fraction of markers retained after the
filter, averaged over the five evaluation samples, is shown in
blue, with shaded regions indicating minimum and maximum.
The color legend is the same as in Figure 1, dashed lines
indicate non-overlapping markers and solid overlapping ones.
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Supplementary material for

An empirical evaluation of genotype

imputation of ancient DNA

1 Data

High-coverage samples
Sample Coverage (approx) Reference

1 Loschbour 22 Lazaridis et al. 2014
2 LBK 19 Lazaridis et al. 2014
3 ans17 27 Fraser 2018
4 ne1 22 Gamba et al. 2014
5 sf12 57 Gunther et al. 2018

Table 1: The high-coverage samples used for performance evaluation.

Low- to moderate-coverage samples
Sample Coverage (approx) Reference

1 BA64 9.68 Cassidy et al. 2016
2 Gok2 1.19 Skoglund et al. 2014
3 LC41 0.95 Martiniano et al. 2017
4 LC42 2.60 Martiniano et al. 2017
5 LC44 1.77 Martiniano et al. 2017
6 CA122A 1.52 Martiniano et al. 2017
7 CM9B 2.56 Martiniano et al. 2017
8 DOLDA96B 1.69 Martiniano et al. 2017
9 CB13 0.85 Olalde et al. 2015
10 Iceman 4.44 Keller et al. 2012
11 ne5 0.71 Gamba et al. 2014
12 ne6 0.86 Gamba et al. 2014
13 ne7 0.83 Gamba et al. 2014
14 CO1 0.79 Gamba et al. 2014

1



15 Bar8 6.28 Hofmanová et al. 2016
16 Bar31 3.37 Hofmanová et al. 2016
17 ATP2 8.71 Günther et al. 2015
18 ATP16 12.98 Günther et al. 2015
19 ATP12 2.43 Günther et al. 2015
20 mur 3.33 Valdiosera et al. 2018
21 ans8 1.94 Sánchez-Quinto et al. 2019
22 ans14 2.58 Sánchez-Quinto et al. 2019
23 ajv70 1.34 Günther et al. 2018
24 ajv58 2.68 Günther et al. 2018
25 prs2 1.16 Sánchez-Quinto et al. 2019
26 prs9 1.89 Sánchez-Quinto et al. 2019
27 prs13 1.56 Sánchez-Quinto et al. 2019
28 prs16 1.78 Sánchez-Quinto et al. 2019
29 bal4 1.54 Sánchez-Quinto et al. 2019
30 kol6 1.48 Sánchez-Quinto et al. 2019
31 CO1CP 0.17 Mathieson et al. 2015
32 ne1CP 0.08 Mathieson et al. 2015
33 ne6CP 0.21 Mathieson et al. 2015
34 ne7CP 0.20 Mathieson et al. 2015
35 Motala12CP 0.30 Mathieson et al. 2015
36 BranaCP NA Mathieson et al. 2015
37 KO1CP 0.20 Mathieson et al. 2015
38 Kotias 15.40 Jones et al. 2015
39 Satsurblia 2.16 Jones et al. 2015
40 Motala12SG 1.94 Lazaridis et al. 2014
41 Bichon 13.52 Jones et al. 2015
42 KO1 0.94 Gamba et al. 2014
43 LaBrana 2.78 Olalde et al. 2014
44 Paliambela 1.22 Hofmanová et al. 2016
45 Kleitos 1.92 Hofmanová et al. 2016
46 Revenia 1.02 Hofmanová et al. 2016
47 LatH1 0.86 Jones et al. 2017
48 LatH2 2.70 Jones et al. 2017
49 LatH3 0.62 Jones et al. 2017
50 LatMN1 0.12 Jones et al. 2017
51 Canes1 0.87 González-Fortes et al. 2017
52 SC1 0.98 González-Fortes et al. 2017
53 SC2 2.70 González-Fortes et al. 2017
54 OC1 1.51 González-Fortes et al. 2017
55 H26 4.00 Günther et al. 2018
56 SF9 1.15 Günther et al. 2018
57 sbj 0.43 Günther et al. 2018

2



58 H22 0.71 Günther et al. 2018
59 steigen 1.24 Günther et al. 2018
60 Kunila2 0.31 Mittnik et al. 2018
61 Gyvakarai1 2.00 Mittnik et al. 2018

Table 2: The low- to moderate-coverage samples inclued in the imputation
panel in configurations 2 and 3.

Number of markers used in performance evaluation
ans17 sf12 LBK Loschbour ne1

total 26317153 27072696 15907150 17655877 19148120

0.1x
overlap 2064457 2054700 1437112 1516225 1516936

no overlap 24252696 25017996 14470038 16139652 17631184

0.25x
overlap 4728775 4697958 3243931 3440090 3454067

no overlap 21588378 22374738 12663219 14215787 15694053

0.5x
overlap 8223690 8159398 5535230 5888457 5974794

no overlap 18093463 18913298 10371920 11767420 13173326

0.75x
overlap 10816510 10737175 7147381 7629381 7801581

no overlap 15500643 16335521 8759769 10026496 11346539

1.0x
overlap 12738211 12661508 8282383 8871611 9136265

no overlap 13578942 14411188 7624767 8784266 10011855

1.25x
overlap 14160480 14098034 9073516 9747395 10105258

no overlap 12156673 12974662 6833634 7908482 9042862

1.5x
overlap 15225117 15186672 9625059 10370551 10801828

no overlap 11092036 11886024 6282091 7285326 8346292

1.75x
overlap 16011058 15999422 10002613 10811681 11307364

no overlap 10306095 11073274 5904537 6844196 7840756

2x
overlap 16600114 16620928 10262561 11120285 11666168

no overlap 9717039 10451768 5644589 6535592 7481952

Table 3: The number of markers considered for performance evaluation for each
high-coverage sample and coverage level. The first row specifies the number
of markers at which the filtered HQ data overlaps with the loci used in the
imputation; these are the sites for which genotype concordance can be calcu-
lated. Subsequent rows show, for each coverage level that the high-coverage
data was downsampled to, how many of the total sites had overlapping reads in
the low-coverage data, and how many did not.
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