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ABSTRACT
Ongoing advances in population genomic methodologies have recently enabled the study of millions of loci across hundreds 
of genomes at a relatively low cost, by leveraging a combination of low-coverage shotgun sequencing and innovative genotype 
imputation methods. This approach has the potential to provide abundant genotype information at low costs comparable to 
another widely used cost-effective genotyping approach—that is, SNP panels—while avoiding potential issues related to loci 
being ascertained in distantly related populations. Nonetheless, the wide adoption of imputation methods in humans and other 
species is currently constrained by the lack of publicly available reference panels that capture diversity representative of the 
target genomes—though the recent development of ‘joint’ imputation approaches, which allow genetic information from the 
target population to be used in genotype calling, may potentially mitigate this shortcoming. Here, we assess the performance 
of multiple genotyping approaches on eight low coverage genomes (range ~3× to ~5×) sourced from different Indonesian popu-
lations—including a joint imputation approach that leverages 248 additional low coverage genomes (mean ~2.4×) from related 
populations. The inclusion of these related genomes in the joint imputation process resulted in more accurate genotype calls and 
produced population genetic inferences with similar accuracy but improved precision compared to pseudohaploid calls—even 
though the reference panel was only weakly representative of the target genomes. These results highlight the enormous potential 
of joint imputation to enable economical population genetic research for taxa that are currently poorly represented in publicly 
available reference panels.
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1   |   Introduction

The past decade of population genomic research has seen a 
notable expansion in the taxonomic breadth of published 
studies in conjunction with an inflation in the number of 
individual genomes under study. Because costs associated 
with generating deeply sequenced genomes (≥ 30× coverage) 
at a population scale remain high, much of this growth has 
been driven by the availability of more affordable methods 
that provide reduced genomic sampling. In studies of human 
evolution and population genetic history, SNP arrays have 
been a particularly popular low-cost strategy for gathering 
population genomic data. Further, the increasing availability 
of large (e.g., (McCarthy et al. 2016; Taliun et al. 2021)) and 
region-specific (e.g., (Flanagan et  al.  2024; Li et  al.  2021)) 
panels of high-quality human genomes have made it possible 
for researchers to further expand the number of usable SNPs 
through genotype imputation against these genome panels. 
Despite the growth in publicly available resources, however, 
the widespread use of imputed SNP array datasets is currently 
hindered by inherent biases toward variants that are common 
in the populations used to design the arrays (which tend to 
be Eurasian groups)—a bias that can be amplified when im-
puting against a reference panel that lacks genomes represen-
tative of the target population (Lachance and Tishkoff 2013). 
Accordingly, while imputed SNP array datasets are an attrac-
tive option to economically generate millions of genotypes for 
human groups with Eurasian ancestry, this approach is less 
effective for other populations that remain poorly represented 
in existing genomic resources.

In the past decade, new imputation methods have emerged 
that are able to work with low coverage whole genome se-
quencing (WGS) data (e.g., Beagle (Browning et  al.  2018), 
Minimac2 (Fuchsberger et  al.  2015), Impute2 (Howie 
et al. 2012), GLIMPSE (Rubinacci et al. 2021)) in addition to 
SNP arrays. Imputed WGS datasets are less prone to ascer-
tainment bias while remaining a cost effective way of gen-
erating large numbers of SNPs, and have become popular in 
genome-wide association studies (GWAS) where they out-
perform imputed SNP array data, especially at rare variants 
(CONVERGE consortium  2015; Gilly et  al.  2016). Moreover, 
the development of ‘joint’ imputation methods has allowed 
genetic data from the target population genomes to be used 
alongside reference panel information in the imputation pro-
cess—for example, Beagle (Browning et  al.  2018), STITCH 
(Davies et al. 2016), GLIMPSE (Rubinacci et al. 2021)—a fea-
ture that facilitates accurate genotype calls even when repre-
sentative genomes are missing from available reference panels 
(Rubinacci et al. 2021).

Another economical approach to population genomic inference 
that is capable of overcoming ascertainment biases makes use 
of genotype likelihoods (GLs) in place of definitive (i.e., ‘hard’) 
genotype calls (Korneliussen et  al. 2014). GL approaches di-
rectly incorporate genotyping uncertainty into statistical infer-
ence procedures, with GL-based versions for many widely used 
population genetic analyses now available (Lou et  al.  2021). 
Despite these advantages, GL approaches remain less popular 
than hard genotype calls in population genomic applications, 
possibly as a result of the unavailability of GL scores in large 

publicly available datasets as well as researchers' widespread 
familiarity with hard calls. The shortcomings associated with 
SNP array and GL-based approaches suggest that imputed low 
coverage WGS datasets could become an increasingly popular 
option for population genomics researchers in the near future – 
particularly if high genotyping accuracy is possible even when 
target populations are poorly represented in available reference 
panels. Despite this promise, detailed benchmarks for imputed 
genotype calls from low coverage WGS data in populations 
poorly represented among available reference panels are scarce, 
while systematic exploration of the efficacy of joint imputation 
for analyses of demographic and evolutionary history remain 
absent (Lou et al. 2021).

In this study, we evaluate the performance of jointly imputed 
low coverage human genomes obtained from eight different 
Indonesian populations, assessing the quality of genotyping 
calls along with inferences made in three widely used statistical 
procedures for inferring population structure and history—that 
is, PCA (Patterson et al. 2006; Price et al. 2006), ADMIXTURE 
(Alexander et al. 2009) and f4 statistics (Patterson et al. 2012). 
Because Indonesian populations currently lack suitable high 
quality genomic resources, the imputation was performed 
using a reference panel only weakly representative of the tar-
get genomes; however, we were able to assess potential perfor-
mance gains by supplementing the eight target genomes with 
a cohort of ~250 additional low coverage genomes from related 
Indonesian groups. We show that the addition of these related 
genomes greatly improves both the number and accuracy of 
called genotypes and produces robust population genetic infer-
ences with comparable accuracy to pseudohaploid calls (where 
the allelic state is determined by randomly sampling a single se-
quence read), while attaining even higher precision. Our results 
highlight the capacity for joint imputation to preserve genotype 
information in low coverage genomes, especially when a large 
set of related target genomes is used, emphasising the enormous 
potential of this economical approach for population genomic 
research in the future.

2   |   Material and Methods

2.1   |   Sample Collection and Ethics

The genetic data for this project comes from 256 individuals 
from 11 different populations across the Wallacea Archipelago 
(i.e., Kei, n = 20; Aru, n = 23; Tanimbar, n = 22; Seram, n = 27; 
Ternate, n = 30; Sanana, n = 19; Daa [in Central Sulawesi], 
n = 22; and Rote-Ndao, n = 29) and West Papua (Keerom, 
n = 26; Mappi, n = 11; and Sorong, n = 27). Permission to con-
duct the research was granted by the National Agency for 
Research and Innovation, under the auspices of the Indonesian 
State Ministry of Research and Technology. Informed consent 
for all 256 individuals was obtained for the collection and use 
of all biological samples during community visits that were 
overseen by the Indonesian Genome Diversity Project (IGDP) 
team, following the Protection of Human Subjects protocol es-
tablished by Eijkman Institute Research Ethics Commission 
(EIREC). The study is also approved by The University of 
Adelaide Human Research Ethics Committee (Ethics ap-
proval no. H-2020-211).
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2.2   |   Whole Genome Sequencing, Read Processing 
and Alignment

DNA was extracted from whole blood samples for all 256 sam-
ples at the Eijkman Institute for Molecular Biology Jakarta 
using the Gentra Puregene Blood Core Kit C (QIAGEN) follow-
ing the manufacturer's protocol. DNA sequence libraries were 
prepared using the Nextera DNA Flex Library Preparation Kit 
(Illumina) following the recommended protocol. After quantify-
ing DNA concentrations for each sample using the Qubit dsDNA 
BR Assay Kit (Thermo Fisher Scientific), all 256 samples were 
multiplexed into a single pool and submitted to 150 bp paired-
end sequencing across three lanes of the Illumina NovaSeq 
S4 flowcell. To obtain high (~30×) coverage samples for com-
parison, 8 of the 256 samples were chosen for sequencing on a 
single NovaSeq S4 lane, with one sample coming from each of 
the following populations (sample ID in parentheses along with 
specific island/region of origin if this is not denoted in the popu-
lation name)—Seram (HLU013); Daa (Sulawesi; KAL007); Rote 
(RTE045); Sanana (TNT160); North Maluku (TNT172); Aru 
(ARU-LRK007); Sorong (West Papua; SRG059); and Keerom 
(West Papua; KRM048).

For all samples sequenced at high coverage, raw sequence 
reads in the fastq format were pre-processed with fastp to re-
move adapters and trim poly-G and poly-X tails, with the first 
20 and last 5 nucleotides being trimmed if they fell below a 
quality threshold of 20 (Chen et al. 2018). The sequencing reads 
were then mapped and processed following the recently pub-
lished protocol of the Human Genome Diversity Panel (HGDP) 
dataset, as outlined in Bergström et al. (Bergström et al. 2020). 
Briefly, processed reads were mapped to the human reference 
genome GRCh 38 (hg38) using BWA mem v0.7.17 with the -T 0 
parameter (H. Li 2013). Mapped sequencing reads were sorted 
and duplicated reads marked using biobambam2 (Tischler 
and Leonard  2014), with nucleotide bases recalibrated using 
baseRecalibrator from the GATK software suite v3.5 (McKenna 
et al. 2010). These pre-processing and mapping protocols were 
also used for the low coverage genomes, with the exception that 
reads from all low coverage genomes were merged into a single 
file using samtools v1.9 (Li et al. 2009) prior to the sorting and 
duplicate marking step of the merged reads.

2.3   |   Determining ‘Truth’ Genotype Set Using 
High Coverage Sequencing Data

Of the 256 individuals, eight were selected for both low- and 
high-coverage sequencing (see Table S1), with the latter being 
used to determine a set of ‘true’ genotypes against which the 
complementary low coverage genomes were assessed. To obtain 
a set of high quality ‘truth’ genotypes, we replicated the relevant 
protocols used for the recently published HGDP dataset, as out-
lined in (Bergström et al. 2020). Briefly, single nucleotide poly-
morphisms (SNPs) and indel variants were called using GATK 
Haplotypecaller and GenotypeGVCFs (Poplin et  al.  2017). 
Genotypes were set to missing if the genotype quality (GQ) was 
equal to or lower than 20, or the coverage depth (DP) was equal 
to or greater than 1.65 times the genome-wide coverage for each 
sample. Next, the GATK Variant Quality Score Recalibration 
tool (VSQR) was used to compute call quality annotations (QD, 

MQRankSum, ReadPosRankSum, FS, MQ, VQSRMODE) to SNPs 
(files: hapmap_3.3.hg38.vcf.gz, 1000G_omni2.5.hg38.vcf.gz 
and 1000G_phase3.snps.highconfidence.hg38.vcf.gz) and in-
dels (files: Mills_and_1000G_gold_standard.indels.hg38.vcf.gz 
and Homo_sapiens-assembly38.known_indels.vcf.gz) (all files 
available from: gatk.​broad​insti​tute.​org/​hc/​en-​us/​artic​les/​36003​
58908​11-​Resou​rce-​bundle). Regions with excess heterozygosity 
(ExcHet) were calculated on a per-allele basis using the bcftools 
fill-tags plugin (Danecek et  al.  2021). All SNPs with a VQSR 
score below −8.3929, or indels with VQSR score below −1.0158 
and ExcHet value of at least 60 (corresponding to a p-value of 
10−6) were set to missing.

2.4   |   Genotyping Approaches on Low Coverage 
Genomes

The following four classes of genotype calls were assessed for all 
eight low coverage WGS genomes:

1.	 Naive genotypes; denoted in results by ‘Naive’ label.

For each of the eight tested individuals, standard genotype calls 
were made for all SNPs in the associated truth set. SNPs with 
genotyping quality (RGQ and GQ) of at least 20 were retained, 
with all other SNPs set as missing.

2.	 Imputed genotypes jointly called on the eight target samples; 
denoted by ‘Impute_8’ label.

Joint imputation was performed on the low coverage genomes 
of eight individuals that were also sequenced at high coverage 
using GLIMPSEv1.1 (Rubinacci et  al.  2021) using a reference 
panel comprising 3202 phased genomes from the 1000 Genomes 
Project sample collection (Byrska-Bishop et al. 2022). For each 
imputed low coverage genome, SNPs with posterior genotype 
probabilities (GP) less than 90% were excluded from the final set 
of genotype calls for that individual.

3.	 Imputed genotypes jointly called on all 256 low coverage 
samples; denoted by ‘Impute_all’ label.

These genotypes were produced using the same joint imputa-
tion process as the Impute_8 genotypes, with an additional 248 
low coverage samples being jointly imputed in combination 
with the eight tested individuals. Because the additional 248 ge-
nomes either come from the same source population as the eight 
tested genomes or exhibit significant shared ancestry (Purnomo 
et al. 2024), this approach could potentially improve genotyping 
accuracy in the eight tested individuals by leveraging genetic 
information from related individuals. Again, genotypes with 
posterior genotype probabilities (GP) less than 90 were excluded.

4.	 Pseudohaploid calls; denoted in results by ‘Pseudohap’ label.

For each low coverage genome from the eight tested individuals, 
a single read was randomly sampled for each non-missing SNP 
observed in the corresponding high coverage genome, creating 
‘pseudohaploid’ calls at these sites. This is a standard practice 
in ancient DNA studies, where endogenous DNA yields are 
low, and is known to produce unbiased analyses at the cost of 
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halving the potential information available at each locus (Green 
et al. 2010). Pseudohaploid calls were made using the sequenc-
eTools software (https://​github.​com/​stsch​iff/​seque​nceTo​ols.​git), 
which is widely used in paleogenomic research, with only reads 
having both base and mapping quality ≥ 30 being used in the 
random sampling process.

For all low coverage genomes, variant discovery was per-
formed using Haplotypecaller with parameters “-ERC GVCF” 
and “-includeNonVariantSites” to ensure that monomorphic 
sites were retained, and intermediate gVCFs were generated 
for individual samples. GATK CombineGVCFs was used to 
amalgamate all gVCFs on a population basis, with joint vari-
ant calling on each amalgamated gVCF being performed using 
GenotypeGVCFs, thereby allowing variant information from all 
samples in each population to be used in individual genotype 
calls. This step produces VCF files with Phred-scale Likelihood 
(PL), a normalised form of genotype likelihood, that are used in 
the subsequent imputation process.

Imputation was performed following the protocols outlined on 
the official GLIMPSE github repository website using default 
parameterisations (https://​odela​neau.​github.​io/​). First, genomic 
‘chunks’ were defined by running the GLIMPSE_chunk algo-
rithm on the 3202 phased genomes from the Thousand Genomes 
Project (TGP) that were used as the reference panel, with each 
chromosome being processed in parallel to expedite computa-
tion. Genotype imputation was performed for each resulting 
chromosome chunk using GLIMPSE_phase and the result-
ing VCF files for each chunk were then merged together using 
GLIMPSE_ligate. All imputed loci with genotype probabilities 
(GP) lower than 0.9 were set to missing using BCFtools and ig-
nored in subsequent analyses.

2.5   |   Performance Metrics

Genotype concordance was quantified for each of the eight 
tested low-coverage genomes as the proportion of true positive 
genotypes amongst all SNPs with genotypes called in the com-
plementary truth set. Because this measure does not account for 
chance concordance events, we evaluated a second concordance 
metric (i.e., the imputation quality score; (Lin et al. 2010)) that 
makes this correction. Two classes of discordant genotypes were 
evaluated that are based on the number of allelic mismatches be-
tween the inferred and ‘true’ genotype at each SNP (Watowich 
et al. 2023).

We also benchmarked the performance of the four different ge-
notyping approaches in three widely used population genetic 
methods: principal component analysis (PCA) using the smart-
pca function from EIGENSOFT v7.1.2 (Patterson et  al.  2006; 
Price et  al.  2006), ancestry estimation using ADMIXTURE 
v1.3.0 (Alexander et  al.  2009) and f4 statistics using the 
ADMIXTOOLS2 v2.0.0 package (Maier et al. 2023; Maier and 
Patterson 2024). For these analyses, the high coverage genomes 
were merged with publicly available genomes from the Simons 
Genome Diversity Project (~300 genomes from 142 different eth-
nic groups; SGDP (Mallick et  al.  2016)), along with data from 
Indonesia (Jacobs et  al.  2019) and New Guinea (Malaspinas 
et  al.  2016), to create a comparative global dataset (Table  S1). 

Because all genomes in this global dataset had been mapped 
to an earlier reference genome version (GRCh37 with decoy se-
quences), all SNPs were converted to GRCh38 coordinates using 
the liftover tool available in Genozip v.12.0.34 (https://​genoz​
ip.​readt​hedocs.​io/​dvcf.​html; (Lan et  al.  2021; Lan et  al.  2022)) 
with the relevant chain file obtained from the UCSC Genome 
Browser. In this merged dataset, SNPs missing in more than 5% 
of the combined samples, or having a minor allele frequency less 
than 1% across all samples, were removed using PLINK v.1.987 
(Purcell et al. 2007), leaving a total of 5,166,352 SNPs available 
for further analysis.

The merged and masked dataset was further pruned to remove 
SNP windows exhibiting moderate to strong levels of linkage 
disequilibrium (LD) (i.e., r > 0.4). LD was measured across slid-
ing windows containing 200 SNPs, with new measurements 
taken every 25 SNPs, using PLINK v.1.987 (i.e., parameter 
indep-pairwise 200 25 0.4; (Lazaridis et  al.  2016)), which re-
duced the number of remaining SNPs to 528,617. Both PCA and 
ADMIXTURE analyses were performed using this final pruned 
SNP set, with f4 statistics measured on the final merged SNP set 
both before and after pruning.

For the PCA, the first 10 principal components (PCs) were es-
timated for the combined set of global samples and eight high 
coverage genomes using the smartpca function with no outlier 
removal step. Genotype calls from the eight low coverage sam-
ples were projected onto these 10 PCs. To test the optimal fit 
between low coverage genotypes and the truth set, Euclidean 
distances were measured between the low and high coverage 
genotypes for each sample.

For the ADMIXTURE analysis, ancestry components from K = 3 
to K = 12 were estimated using the combined set of global samples 
and eight high coverage genomes, with cross validation indicating 
eight latent ancestry clusters provided the optimal fit for the genetic 
structure observed in our global dataset (Figures S1 and S2). The 
inferences from the optimal ADMIXTURE run were subsequently 
used to estimate the representation of the eight ancestry compo-
nents in the low coverage genotype data. The Euclidean distance 
between the values of the eight inferred ancestry components was 
measured between low coverage genotypes and the truth set in 
order to infer the optimal genotype calls for each sample.

Finally, f4 statistics of the form f(Truth, Target = Low cover-
age; Test = Papuan or East Asian, Africa) were computed using 
the ADMIXTOOLS2 function qpDstat with f4mode = ‘YES’ 
(Maier et al. 2023). Under this f4 configuration, perfect agree-
ment between high and low coverage genotypes would result 
in f4 = 0, with the magnitude of the f4 statistic expected to in-
crease as the low coverage genotypes become less consistent 
with the truth set. The direction of the f4 statistic can also be 
informative about the causal nature of the underlying discrep-
ancies and is discussed further in the results. In these tests, 
the combined set of Papuan Highlander samples (38 samples) 
and East Asian samples (32 samples) in the global dataset were 
used as proxies for Papuan and East Asian ancestry, respec-
tively, with four Mbuti samples from the SGDP project being 
used to represent the African ancestry (Mallick et  al.  2016). 
Separate analyses were performed on the complete and LD-
pruned SNP sets.
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3   |   Results

We generated benchmarks for eight genomes that were sourced 
from different Indonesian populations in the Wallacean 
Archipelago (i.e., Seram [HLU013], Sulawesi [KAL007], 
Rote [RTE045]; Sanana [TNT160], Ternate [TNT172], Aru 
[LRK007]) and West Papua (i.e., Sorong [SRG059]; and Keerom 
[KRM048]) (see Table S1 for complete list). The mean cover-
age of the eight high coverage genomes used to generate the 
‘true’ genotypes for each individual ranged from ~21× to ~39× 
(mean = 28.7×). The comparative low coverage genomes at-
tained between ~3× and ~5× coverage (mean = 3.4×), with the 
extended set of 256 low coverage genomes used in the Impute_
all approach ranging between ~1× and ~11× (mean = 2.4×) 
(Table S2). Merging the eight high coverage samples with the 
global dataset resulted in a joint variant set with 5,989,969 
SNPs, with between ~5.27 M and ~5.53 M of these SNPs (i.e., 
~88% to ~92%; Table S3) resulting in genotype calls for each of 
the eight tested individuals.

3.1   |   Genotype Missingness

A fundamental utility of imputation is the recovery of genotypes 
at SNPs that would otherwise be missing when using naïve ge-
notyping due to insufficient sequencing coverage. As expected, 
the proportion of missing genotypes was uniformly high across 
the eight low coverage genomes when naïve genotyping was 
used, with no calls being made for more than two thirds of the 
> 5 M SNPs in all eight samples (range 68.7% to 93.1%). In con-
trast, the proportion of missing genotypes decreased to below 
one third (range 31.2% to 24.3%) when joint imputation was per-
formed on the eight low coverage genomes (i.e., Impute_8 ap-
proach) and impacted less than 10% of SNPs (range 6.6% to 9.4%) 
when the extended target cohort was used (i.e., Impute_8 ap-
proach). Notably, all approaches, including pseudohaploid calls, 
showed a relatively linear increase in genotype missingness as 
coverage decreased–though the Impute_all method tended to 
produce fewer missing genotypes than the pseudohaploid ap-
proach when coverage levels dropped below 4×. This result im-
plies that joint imputation may have improved ability to recover 
allelic information in low coverage genomes even when using a 
distantly related reference panel—provided that a sizable cohort 
of target genomes is used.

3.2   |   Genotype Accuracy

While joint imputation is able to recover a high proportion of 
genotypes in a reference panel, robust usage in downstream 
population genomic analyses also requires that genotype calls 
are highly accurate. To assess the accuracy of the different gen-
otype calling methods, for each of the eight tested individuals 
we classified called genotypes as concordant when both alleles 
matched with those in the truth set, or as discordant genotypes 
otherwise. For discordant genotypes, we further distinguished 
cases where mismatches occurred at one allele (i.e., homozy-
gotes vs. heterozygotes) or at both alleles (i.e., homozygotes of 
different classes), as the latter class has the highest potential 
to distort subsequent population genetic analyses (Watowich 
et  al.  2023). To facilitate analogous truth set comparisons for 

pseudohaploids, we limited our comparisons to SNPs that were 
homozygous in the truth set and treated pseudohaploid calls at 
these loci as homozygous for a randomly sampled allele.

When examining the accuracy of the different genotyping ap-
proaches, the benefits of imputation for low coverage samples 
are once again clearly evident through their vastly improved 
concordance levels (> 97.6% for Impute_8 and > 99.3% for 
Impute_all) relative to naive genotype calls (between 55% and 
80%; Figure  1). Indeed, the Impute_all approach displayed 
concordance levels approaching those observed for pseudo-
haploid calls (> 99.9%; Figure  1) and—while the majority of 
discordant genotypes were single allele mismatches for all 
four genotyping approaches—the lowest frequency of double 
mismatches is observed for Impute_all genotypes (< 0.01% for 
Impute_all vs. < 0.13% for Impute_8 and < 0.07% for pseudo-
haploids). Notably, the low concordance values observed for 
the naive genotyping were almost entirely due to large num-
bers of heterozygous loci that were incorrectly called as ho-
mozygous reference genotypes (Figure  S3 and Table  S3). 
While imputed genotypes also have their lowest precision at 
heterozygous sites—indicative of the general difficulty in im-
puting heterozygotes from low coverage data—these values 
achieved appreciably higher concordance (> 95% for Impute_8 
and > 98% for Impute_all across all eight tested individuals; 
Figure S3) than naive calls.

The improvements in genotyping accuracy from imputation 
become even more apparent when using the imputation qual-
ity score (IQS), which accounts for chance concordance events 
(Lin et  al.  2010). Naive genotypes produced scores that are 
~20% lower than standard concordance measures, with IQS 
values ranging between 30% and 70%, whereas imputed geno-
types had IQS values only a few percent lower at most than the 
corresponding concordance value for all eight tested individu-
als (Figure 1).

The accuracy of all genotype calling approaches also exhibits 
strong dependencies upon sequencing coverage, though this 
dependency was substantially reduced for imputed genotypes. 
When using naive genotyping, IQS values increase by ~20.67% 
per unit of coverage, whereas the Impute_all approach produced 
unit-wise increases of ~0.22% over the same coverage range, a 
100-fold reduction in dependency that approached the values ob-
served for pseudohaploid calls (~0.08%) (Figure 1). Sequencing 
coverage also had a major impact on the proportion of uncalled 
genotypes (i.e., missingness) in each genotyping approach, with 
the Impute_all approach showing the weakest dependency over-
all (i.e., missingness decreasing ~10.70% per unit of increase of 
coverage for naive genotypes, vs. ~1.25% and 7.22% for Impute_
all and pseudohaploids, respectively) (Figure 1). As a result, the 
Impute_all approach returned between 94.3% and 97.2% of all 
callable SNPs in each individual, a significant improvement 
from the Impute_8 and pseudohaploid approaches (ranges: 
71.9%–78.3% and 81.1%–96.1%, respectively), particularly at the 
lowest coverages (i.e., ~1×).

When assessing the accuracy of the imputed genotypes against 
the allele frequencies of all > 5 million callable SNPs for each 
individual, the Impute_all method once again outperformed 
the two other biallelic genotyping methods. For the Naive and 
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6 of 12 Molecular Ecology Resources, 2025

Impute_8 approaches, genotypes were least accurate at interme-
diate allele frequencies (Figure 2), as both approaches suffer from 
poor heterozygote calling accuracy and these genotypes are most 
frequent at intermediate frequencies (Figure S3). In contrast, gen-
otypes called by the Impute_all approach are least accurate when 
one of the two alleles is rare in the reference panel, though this 
approach still manages to achieve consistently higher accuracies 
across all frequencies relative to the other imputation approaches 
(e.g., achieving > 99% IQS values for minor allele frequencies in 
excess of 2% in the folded spectrum, vs. > 95% and > 23% for the 
Impute_8 and for Naive approaches, respectively).

Taken together, our results demonstrate that joint imputation 
is a particularly effective means of making highly accurate 
genotype calls across millions of sites, achieving low levels of 
genotype missingness and high levels of accuracy that are com-
parable to pseudohaploid methods, while also retaining infor-
mation on both alleles.

3.3   |   PCA and ADMIXTURE

To investigate the performance of the genotyping approaches 
in PCA, genotype calls from low coverage genomes were pro-
jected onto principal component axes defined by the eight 
high coverage genomes (the ‘truth’ set) and a global human 
genomic dataset and their positions compared to the truth set 
(Figure 3; see Methods). When measuring Euclidean distances 
between the projected and truth set genotypes, the pseudohap-
loid calls consistently produced the closest match to the truth 
set in the first PC (Figure 4), though the Impute_all method 
tended to be the best performing across all PCs, with similar 
results obtained after rescaling the distance by the eigenvalue 
associated with each PC (which captures the variation con-
tributed to each PC and therefore places more emphasis on 
the first few PCs). Accordingly, while the Impute_all method 
provides the best performance overall, its advantage over the 
pseudohaploid approach is largely due to having improved 

FIGURE 1    |    Percentage of ~6 million genotypes called as missing, concordant, or discordant relative to sequencing coverage for the eight low 
coverage samples (see key) using four different genotyping methods (separate facet rows). Concordance was measured using a standard approach 
and a method that corrects for chance concordance events (IQS; see key), while discordance was measured according to the number of allelic ‘errors’ 
between the true and inferred genotypes. SNP concordance tended to improve proportionately with coverage, with discordance and missingness 
both exhibiting negative linear trends (blue lines; see key). Note that pseudohaploid calls were only compared against homozygote genotypes in the 
truth set, such that all discordant SNPs are classified as doubleton errors.
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accuracy across lower PCs, and pseudohaploid calls may ac-
tually be preferable when visualising relationships in the first 
two PCs.

For the ADMIXTURE analyses, performance was evaluated 
by measuring the distance between the ancestry proportions 
estimated using the four different low coverage genotyping ap-
proaches against the values predicted by the truth set (Figure 5 
and Figure S4; see Methods). Unlike the PCA results, the most 
accurate ADMIXTURE estimates were consistently produced 
by the pseudohaploid calls, though both the Impute_all and 
Impute_8 approaches once again performed markedly better 
than the naive genotype calls (Figure 6). Notably, the naive gen-
otype calls tend to underestimate contributions of Papuan and 
East Asian ancestry and predict excessive amounts of African 
and South Asian ancestry relative to the truth set for all eight 
samples, reflecting PCA results where the naive genotypes are 
shifted away from the truth set and toward individuals with 
these ancestries in the first PC (Figure 6).

In contrast to the genotyping results, the accuracy of PCA 
and ADMIXTURE estimates was indifferent to the level of se-
quencing coverage (Figures 4 and 6). Only the naive genotype 
approach showed a significant decline in accuracy as coverage 
decreased, suggesting the other approaches are buffered from 
this effect across the narrow range of low coverage sequencing 
used in this study (i.e., ~3–5×).

3.4   |   f4 Statistics

For each of the eight tested individuals, we evaluated f4 statis-
tics of the form f(Truth, Test = Low coverage; X = Papuan or East 
Asian, Y = Mbuti), where f4 = 0 indicates perfect accuracy and 
higher magnitude f4 statistics indicate increasingly inaccurate ge-
notyping calls (due to artefactual relationships between the low 
coverage sample and either the X or Y population). The observed 
f4 statistics reiterate the general trends observed in the PCA and 
ADMIXTURE analyses, with the naive genotype calls producing 
the largest f4 values, and the three other genotyping approaches 
producing f4 values close to 0 (Figure 7). Significantly positive f4 
values (i.e., absolute standardised score greater than 3 standard 
errors from 0; i.e., |Z| > 3) were observed for the naive genotypes, 
regardless of whether the Papuan or East Asian populations were 
included as the X population, or whether the complete or LD-
pruned SNP sets were used. This result is consistent with PCA and 
ADMIXTURE findings—where the naive genotypes are pulled 
toward African samples or show excess African ancestry, respec-
tively—which suggests that low coverage samples may appear 
more ‘African’ relative to the truth set as more SNPs are evaluated, 
resulting in larger positive f4 values.

For the imputed genotypes, the impact of the SNP dataset on 
the f4 values depended on the composition of the f4 population 
quartet. When the f4 statistic was evaluated using the Papuan 
population in the X position, both imputed genotype methods 

FIGURE 2    |    Genotype concordance relative to the allele frequency in the reference panel for the three different imputation approaches (panel 
rows). Concordance was measured using a standard approach and a method that corrects for chance concordance events (IQS; see key). Results are 
shown for the folded and full frequency spectra (panel columns). Concordance decreases appreciably when using IQS to rule out chance concordance 
events, and this decline is particularly notable for imputed variants where the alternate allele is nearly fixed in the reference panel.
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returned positive f4 values, but these values were always lower 
when the full SNP set was used. In contrast, when the X posi-
tion was occupied by an East Asian population, the sign of the 
f4 values depended on whether the pruned or unpruned SNP 
set was used (being +ve for the former and −ve for the latter; 
Figure  7). These results suggest that the imputation process 
tended to underestimate the true degree of Papuan ancestry 
amongst low coverage genomes but overestimated the East 
Asian component—possibly reflecting the lack of Papuan sam-
ples in the reference panel, such that increasing the number of 
SNPs either reduced or accentuated the bias in the f4 statistic, 
respectively. Echoing previous results, the Impute_all method 
tended to have f4 values much closer to zero than the Impute_8 
method for all samples regardless of which SNP set was used, 
further emphasising the potential for improved population ge-
netic estimation by leveraging genetic information from pop-
ulation cohorts.

Finally, the pseudohaploid calls displayed the least bias amongst 
all genotyping methods, having no significant f4 statistics 
amongst all evaluated scenarios (Figure 7). While being the least 
biased method overall, however, the pseudohaploid f4 statistics 
exhibited substantially more uncertainty than the Impute_all 
genotypes when using comparable SNP sets. This suggests that 
the pseudohaploid method was more accurate, but less precise, 

than the imputed data for measuring f4 statistics under the cur-
rent testing framework.

4   |   Discussion

Here we demonstrate the utility of low coverage WGS in popu-
lation genomic research when using pseudohaploid or imputed 
genotypes, achieving high concordance (e.g., > 98% for im-
puted genotypes across ~6 million SNPs) and robust inferences 
for PCA, ADMIXTURE and f4 analyses that align closely to 
the truth sets. In general, inferences from imputed genotypes, 
particularly those leveraging genetic information from large 
cohorts of related individuals in the target populations (i.e., 
Impute_all), were comparable to pseudohaploid calls—which 
are generally regarded to be highly robust to statistical artefacts 
resulting from SNP ascertainment (Patterson et al. 2012)—with 
the best choice differing depending on the statistic. Importantly, 
the results of the f4 tests in this study suggest improved accuracy 
of pseudohaploid calls over the imputed genotypes observed for 
some statistics (i.e., first few PC dimensions, ADMIXTURE, 
f4) may ultimately come at the cost of lower precision. In other 
words, while pseudohaploids produce results that are closer to 
the expected value on average than the imputed genotypes, they 
also exhibit more variation, meaning that a single estimate from 

FIGURE 3    |    The first 10 principal components from a PCA based on a global human dataset and the eight high coverage Wallacean and Papuan 
genomes. Genotypes for low coverage Wallacean and Papuan genomes were projected onto the PC space, with different symbols used for each ge-
notyping approach (see key). To assist comparison of high and low coverage individuals, global samples lying beyond the PC space occupied by the 
projected samples are omitted (see Figure S4 for visualisation of the entire dataset).
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pseudohaploid data will frequently be further from the truth 
than an estimate made from imputed genotype data. This trade-
off between precision and accuracy is a fundamental property of 
statistical estimation, with lowered precision of pseudohaploid 
data likely stemming from only having half the information of 
standard biallelic genotypes and the imputed genotypes being 
prone to bias that is dependent upon the composition of the ref-
erence data.

Importantly, analyses of GLIMPSE imputation on simulated ge-
nomic datasets (Rubinacci et al. 2021) indicate that more precise 
genotype imputation should be possible than what is reported 
here, simply by increasing the number of samples in the target 
population. While several hundred target samples were used in 

the current study, the number of samples per target population 
was relatively small (~20 to ~30). Thus, it remains to be seen 
what further improvements are possible when joint imputation 
is performed on 100 s to 1000s of samples from the same popu-
lation. In particular, it is important to understand the trade-off 
between sequencing coverage and sample size in target popula-
tions when using GLIMPSE—i.e., whether to sequence a hand-
ful of samples at reasonably high coverage versus sequencing 
more samples at proportionately lower coverage. This question 
has been examined using another low coverage WGS imputation 
algorithm that does not require a reference panel (i.e., STITCH; 
(Davies et al. 2016)), though, to our knowledge, this question has 
not been thoroughly explored for genotypes called from a joint 
imputation algorithm.

FIGURE 4    |    Distances between truth sets and each low coverage genotyping method calculated across PCs 1 to 10. (A) Distances were measured 
directly (i.e., Euclidean; top panel) or reweighted according to the eigenvalue of each dimension (bottom panel), with minimal distances (circle 
symbols) typically being achieved by the Imput_all approach. (B) A negative linear dependency is present between the eigen-weighted distance (i.e., 
accuracy) and coverage for naive genotypes but is absent for other approaches.
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FIGURE 5    |    Optimal ADMIXTURE results revealed eight ancestry components amongst worldwide human samples and eight high coverage 
Papuan genomes (top panel). These components were used to estimate ancestry proportions for the four low coverage genotyping methods (bottom 
panel; IA, Impute_All; I8, Impute_8; Nv, Naive; Ps, Pseudohaploid), with the truth set estimates (TS) also being included to facilitate comparison.
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Since undertaking this study, several new genomic panels have 
been released that cater for specific regional groups, including the 
Southeast Asian-Specific Reference Panel (SEARP; (Cengnata 

et al. 2024)) that comprises ~2,500 genomes that are more rep-
resentative of the samples in our study. As expected, analyses of 
Southeast Asian genomes showed that imputed genotype calls 

FIGURE 6    |    Euclidean distances between truth sets and each low coverage genotyping method calculated for optimal ADMIXTURE results (i.e., 
K = 8). (A) Euclidean distance was minimal (circles) for the pseudohaploid method. (B) A negative linear dependency is present between the eigen-
weighted distance (i.e., accuracy) and coverage for naive genotypes but is absent for other approaches.
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FIGURE 7    |    The f4(Truth set, Test = Low coverage; X = Papua|East Asia, Y = Mbuti) statistics calculated for four different genotyping approaches 
using both LD-pruned and full (i.e., unpruned) SNP sets (see key). For this population configuration, f4 = 0 indicates perfect accuracy, and higher 
magnitude f4 statistics indicate increasingly inaccurate genotyping calls (due to artifactual relationships between the low coverage sample and ei-
ther the X or Y population). Results for LD-pruned and unpruned SNP sets are included with confidence intervals included (see key)—absolute stan-
dardised f4 values less than 3 are indicated as circles; those greater than three are indicated as crosses.
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that leveraged the SEARP panel were much improved compared 
to those made from less representative resources such as the 1KGP 
reference panel, with rare alleles especially benefitting, though 
the authors did not explore imputation performance under a joint 
imputation approach. Accordingly, a key outstanding question 
concerns whether the gains obtained from including population-
specific genomes in the reference panel can offset those acquired 
from using a large number of target population genomes under 
joint imputation. More work on this question is needed to help re-
searchers to decide whether they should invest in supplementing 
existing reference panels with high quality population-specific 
genomes or allocate their resources to producing a larger number 
of target population genomes.

5   |   Conclusion

Studies of increasingly larger genomic datasets are continuing to 
emerge as sequencing costs steadily decrease, though standard 
laboratory budgets mean that SNP panels have remained the 
most common way to produce human population genomic data 
for cohorts exceeding dozens of individuals. In recent years, the 
development of increasingly efficient imputation algorithms has 
led to genotype imputation on low coverage genomes becoming 
more cost effective than SNP panels, with recent improvements 
further facilitating highly accurate rare allele calls when using 
suitable reference datasets with 100,000's of genomes (Rubinacci 
et al. 2021). Our study highlights that the benefits of imputation 
can also be extended to populations that lack representation in 
available reference panels, by using joint imputation to draw 
upon the information available in the target genomes. When this 
information is obtained from a large set of related individuals, 
GLIMPSE's joint imputation facility produces highly accurate 
genotype calls and population genomic inferences, and the broad 
applicability of this approach suggests that it will play a growing 
role in population genomic research in humans and other taxa 
in the future.
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