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Genotype imputation from low-pass sequencing data presents unique opportunities for genomic analyses but comes with

specific challenges. In this study, we explore the impact of quality filters on genetic ancestry and Polygenic Score (PGS)

estimation after imputing 32,769 low-pass genome-wide sequences (LPS) from noninvasive prenatal screening (NIPS)

with an average autosomal sequence depth of ∼0.15×. In studies involving ultra-low coverage sequences, conventional ap-

proaches to secure genotype accuracy may fail, especially when multiple samples are pooled. To enhance the proportion of

high-quality genotypes in large data sets, we introduce a filtering approach called GDI that combines genotype probability

(GP), alternate allele dosage (DS), and INFO score filters. We demonstrate that the imputation tools QUILT and GLIMPSE2

achieve similar accuracy, which is high enough for broad-scale ancestry mapping but insufficient for high resolution prin-

cipal component analysis (PCA), when applied without filters. With the GDI approach, we can achieve quality that is ade-

quate for such purposes. Furthermore, we explored the impact of imputation errors, choice of variants, and filtering

methods on PGS prediction for height in 1911 subjects with height data. We show that polygenic scores predict 23.7% of

variance in height in our imputed data and that, contrary to the effect on PCA, the GDI filter does not improve the per-

formance of PGS in height prediction. These results highlight that imputed LPS data can be leveraged for further biomedical

and population genetic use, but there is a need to consider each downstream analysis tool individually for its imputation

quality thresholds and filtering requirements.

[Supplemental material is available for this article.]

Until recently, genotyping arrays were the only cost-effective ap-
proach for generating data for medical genomics at the scale of
tens of thousands to millions of individuals. With decreasing costs
of genome sequencing, low-pass (at coverage <1×) whole-genome
sequencing followed by imputation has become a cost-effective al-
ternative for trait mapping and estimation of polygenic scores
(PGSs) (Martin et al. 2021; Wasik et al. 2021). For evolutionary
and population genetic studies, sequencing of large numbers of in-
dividuals at low depth provides a more comprehensive representa-
tion of variation in the population than sequencing of a small
number of individuals at a higher depth (Fumagalli 2013).
Importantly, imputation performed at sufficient accuracy can offer
opportunities to reuse large volumes of already generated data.
Here, we explore the prospects to leverage hundreds of thousands
of LPS genomes, generated from cell-free DNA (cfDNA) during
noninvasive prenatal screening (NIPS) (Wang et al. 2021; Van Riel
et al. 2023), for the study of maternal genotypes via imputation.

Noninvasive prenatal screening has become an integral part
of prenatal care in many countries, although adoption rates vary

significantly across Europe. In most European countries, fewer
than 25% of individuals adopt NIPS, and in many cases, the rate
is below 5% (Gadsbøll et al. 2020). However, countries such as
Italy, Spain, Austria, the Netherlands, and Belgium demonstrate
higher uptake. Belgium, in particular, stands out due to its progres-
sive reimbursement policy for NIPS, which has facilitated its wide-
spread accessibility and seamless integration into prenatal care
(Bayindir et al. 2015; Vermeesch et al. 2016). Approximately
80% of NIPS performed in Belgium rely on low-pass genome-
wide sequencing, making this technology a cornerstone of prena-
tal care in the country.More than 200,000 LPS genomes have been
generated so far for NIPS in Belgium alone.

Imputation of maternal genotypes from NIPS data can offer
unique genomic medicine opportunities beyond fetal aneuploidy
screening at the population level, such as genome-wide associa-
tion studies (GWAS) and PGS profiling of large cohorts. In this
study, we focus on imputation strategies scalable to large cohorts
that ensure sufficient accuracy for downstream purposes by ex-
ploring suitable postimputation filtering strategies. In our study,
we demonstrate how LPS data from NIPS can be repurposed to
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support diverse biological analyses, showcasing the broader poten-
tial of cfDNA-derived LPS data.

Several tools enable efficient and accurate genotype imputa-
tion from LPS data. Among these, Beagle (Browning et al. 2018)
and Gencove’s loimpute software (Wasik et al. 2021) have been
some of themost popular examples. However, they present limita-
tions in scalability for large cohorts and increased computational
costs with large reference panels. Recently, imputation methods
like GLIMPSE (Rubinacci et al. 2021), GLIMPSE2 (Rubinacci et al.
2023), and QUILT (Davies et al. 2021), scalable for imputation
tasks of tens of thousands of low-coverage genomes, have been de-
veloped and benchmarked against other tools, showing high accu-
racy and low computation costs with reference panels of tens of
thousands individuals or more.

Theminimumcoverage fromwhich accurate genotype impu-
tation can be achieved may depend on various factors, including
the sample quality (read length, contamination, damage), variant
frequency and representation in the reference panel, and compo-
sition and size of reference panels, as well as the error sensitivity
of downstream analytical methods used. Gamba et al. (2014)
showed that imputation of common variants from European an-
cient genomes of 1× coverage can be performed at 99% accuracy
when filtering out a small proportion of variants that have low ge-
notype probability (GP<0.99). Accuracy higher than 90% in
downsampled ancient genomeswas achievable also from0.1× cov-
erage with the cost of filtering out more variants (Hui et al. 2020).
Using the 1000 Genomes Project (1kGP) reference panel and
GLIMPSE, Sousa Da Mota et al. (2023) showed that the GP≥0.99
filter retained only 20%–43% of the correctly imputed variants
per individual sample in low coverage samples. Individual-level fil-
teringwill thus produce, even in small sample sizes, substantial cu-
mulative missingness leading to a drastic reduction in the number
of sites available for downstream analyses. In search of the optimal
balance between data loss and quality with large batches of data,
we explore different filtering options and quality metrics of indi-
viduals and variants at the batch level. To do so, we implemented
a filtering strategy called GDI that incorporates filters on different
postimputationmetrics: the posterior genotype probability, the al-
ternate allele dosage, and the INFO score, a value to measure the
imputation accuracy of each imputed variant that some tools for
imputation usually report (Marchini and Howie 2010).

Genotypes imputed without reference panels from NIPS se-
quence data from large cohorts of Chinese individuals have been
used for the study of population structure in China, for replicating
and finding new genome-wide associations with height, BMI,
twinning, and gestational diabetes, and for calculation of polygen-
ic scores (Liu et al. 2018, 2024; Homburger et al. 2019; Zhen et al.
2024). Similarly, a GWAS approach applied on imputed LPS data of
140,000 NIPS profiles from the Netherlands has been successful in
identifying loci that affect the concentration and fragmentation
properties of cell-free DNA in plasma (Linthorst et al. 2024).
However, the full potential of this approach is yet to be revealed.
Because of the availability of large haplotype reference panels,
such as the Haplotype Reference Consortium (HRC) (The
Haplotype Reference Consortium 2016) with 27,165 individuals,
imputation of European samples can be achieved with increased
accuracy (Davies et al. 2021; Rubinacci et al. 2021, 2023). Yet,
the impact of imputation errors, particularly in the low minor al-
lele frequency (MAF) classes, on downstream population genetic
applications, such as PCA, or medical applications, such as PGS
analysis, is not fully known. A PGS estimates an individual’s genetic
risk to develop a certain complex trait or disease by combining trait-

associated variants into one predictive score. Adult height is a com-
plex trait that is highly polygenic in nature, with 12,111 indepen-
dent single nucleotide polymorphisms (SNPs) collectively
accounting for 40%–45% of phenotypic variance in populations
of European ancestry (Yengo et al. 2022). Its high heritability, to-
gether with the fact that height is easily measured, makes it an at-
tractive model trait to evaluate the usability of LPS data with
different imputationoptions for genome-wide association scanning
and PGS calculation. Here, we assess the accuracy of PGS calculation
from low-coverage imputedNIPS data for height and investigate the
effect of different filtering strategies, including the GDI filter on the
correlation between predicted and measured trait values.

In this study, we test the performance of QUILT (Davies et al.
2021) in genotype imputation on large batches (>1000 individu-
als) of LPS data (also referred to as NIPS data in the text) with an
average coverage of ∼0.15×. As small insertions and deletions
can be imputed with lower accuracy (Nguyen et al. 2024), require
separate handling (Rubinacci et al. 2023), and are omitted by
QUILT (Davies et al. 2021), we focus our analyses only on single
nucleotide substitutions. We impute the genotypes of 32,769
Belgian individuals and test the effect of different reference panels
and filtering steps on imputation accuracy of a single individual or
a batch of many individuals. Using the GDI approach, we evaluate
the effects of the imputation quality filters on downstream analy-
ses, including principal component analysis (PCA) and PGS.

Results

Imputation accuracy from LPS data with QUILT and GLIMPSE2

We first evaluated the performance of QUILT (Davies et al. 2021)
on LPS data through sensitivity values across multiple MAF bins
for sites imputed as homozygous for the reference (REF) or the al-
ternate allele (ALT) and for heterozygous sites (HET) that tend to be
more challenging to impute (Ausmees et al. 2022). Additionally,
we also assessed data filtered for maximum genotype probability
(max(GP)≥0.99), a commonly employed approach to enhance
the quality of imputed data (Gamba et al. 2014; Hui et al. 2020),
especially effective when working with few or individual samples.
We observed (Supplemental Fig. S1) that the average sensitivity of
raw imputed data across three test samples varies among different
MAF bins, with clear improvements after applying a GP filter.

As detailed in Supplemental Table S1, the HET sensitivity
shows an average improvement of 9.3% across all observed MAF
bins after GP filtering that allows sensitivity values to surpass
∼97% for common variants (MAF>0.05). Similarly, the ALT sensi-
tivity, which already exhibits values exceeding ∼93% across all
MAF bins in raw imputed results, demonstrates an average im-
provement of 3.33%, reaching values higher than ∼97% across
all MAF bins post-GP filter application.Moreover, the REF sensitiv-
ity presents an average improvement of 1.8%, with values surpass-
ing ∼98% across all MAF bins following GP filter application.

To provide a comparison with other available imputation
tools, we also imputed the three test samples with GLIMPSE
(Rubinacci et al. 2021) and GLIMPSE2 (Rubinacci et al. 2023).
The comparison between QUILT and GLIMPSE (Supplemental
Fig. S2A) highlighted that QUILT provides a higher number of cor-
rectly imputed genotypes (especially for heterozygous genotypes)
after the application of a GP filter max(GP)≥0.99 (Supplemental
Table S2). We observe that sensitivity values show superior perfor-
mance in QUILT forMAF bins below 5%, whereas forMAF bins ex-
ceeding 5%, QUILT maintains an average sensitivity value of
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0.9895 (SD±0.28) across the three test samples. This is lower than
with GLIMPSE, which presents an average sensitivity value of
0.994 (SD±0.14) in the same frequency category (MAF>5%).
Therefore, whereasGLIMPSE is, on average, providing an addition-
al 0.0045 sensitivity for the MAF bin including common variants
and a lower number of correctly imputed genotypes in any of
the observed MAF bins, QUILT presents a better compromise be-
tween the number of correctly imputed genotypes and their qual-
ity. In the comparisonwithGLIMPSE2 (Supplemental Fig. S2B), we
observe that, in each genotype category, both tools tend to display
similar trends, both for the raw imputed and the GP-filtered data.
Furthermore, we also tested a dual-step imputation with Beagle 5
(Browning et al. 2018) being the second imputation step after ap-
plying GLIMPSE or GLIMPSE2. With this test, we wanted to see
whether using Beagle 5 after running GLIMPSE or GLIMPSE2
could increase the quality of the already imputed data. Overall,

we observed that a dual-step imputation (Supplemental Fig. S2C,
D), with aGP filter after the first step, resulted in an increased num-
ber of correctly imputed genotypes but at the expense of reduced
sensitivity compared to QUILT.

Based on these results, we found that, among all the options
tested, QUILT and GLIMPSE2 presented the highest performance
levels, showing similar quality outcomes. Additionally, we evaluat-
ed the effectiveness of a GP filter in enhancing sensitivity values
for various MAF bins and genotype categories at an individual lev-
el. However, GLIMPSE2 was not yet available at the time of data
production, and QUILT was chosen for the analysis of the bulk
of the data. For details on the methodology, please refer to the
Methods section. The pipeline design we employed is presented
in Figure 1A.

In terms of computational efficiency, a comparative analysis
of QUILT and GLIMPSE2 showed that the imputation of one

NIPS genome on a single core with
QUILT, using a reference panel that had
been preprocessed, took 21 h and 38
min, compared to 11 h and 23 min
with GLIMPSE2 (a ratio of approximately
1:2). This difference is smaller than
the results reported by Rubinacci et
al. (2023), who observed an ∼sixfold
difference in computation cost in
favor of GLIMPSE2 when using the HRC
panel.

An additional observation drawn
from our tests is that, regardless of the
imputation tool used, a negative correla-
tion is consistently observed between
fetal fraction (SeqFF) and sensitivity
(Supplemental Fig. S3A), whereas a posi-
tive correlation exists between cover-
age and sensitivity (Supplemental Fig.
S3B).

Selection of the reference panel

We compared the effect of different refer-
ence panels on imputation accuracy of
NIPS data with QUILT, using the three
test samples. Specifically, we compared
the 1000 Genomes Project reference pan-
el of 2504 individuals and 32,140,179
variants and the HRC panel of 27,165 in-
dividuals and 36,258,911 variants (Table
1; Supplemental Table S3). Whereas the
sensitivities of heterozygote calls of com-
mon variants (MAF>0.05) are similarly
high (>0.965) with both panels, we
found that the use of the biggerHRCpan-
el enabled us to retain more correctly
imputed common variants. In total,
>65,000 heterozygous variants passed
the GP≥0.99 filter with HRC among var-
iants with MAF>0.05, which is ∼5%
more than with the 1000 Genomes
Project panel. In line with this, the total
number of missing genotype calls was
greater after the GP≥0.99 filters with
the 1000 Genomes Project panel.

A

B

Figure 1. Imputation pipeline and filtering scheme used in this study. (A) Imputation pipeline with
QUILT. The image illustrates the design of imputation of a batch of 1250 individuals, described in further
detail in the Methods section. (B) GDI filtering scheme. INFO score filter: Each column (e.g., v1, v2, v3,
etc.) represents a distinct variant, and each row (e.g., b1, b2, bn) corresponds to a batch. Variants with an
INFO score <0.4 in all batches (red dots) are excluded from subsequent steps. This exclusion applies only
when the same variant consistently displays this condition across all batches (e.g., three out of seven var-
iants in the example cartoon are excluded). Variants that pass the filter (gray dots) proceed to the next
step. GP & DS filter: Using the variants that passed the previous step, for each individual within a batch,
an LQV score (low-quality variant score) is calculated, indicating the proportion of variants that do not
meet both GP and DS thresholds. Each sample’s LQV score is then used to assess the quality of the
data. Outliers removal: The distribution of LQV scores is analyzed to identify and remove outlier samples
(represented by the red dots in the box plot). For the remaining samples (represented by the black dots in
the boxplot), the distribution of variants with low quality is assessed relative to the total number of sam-
ples. The curve in the top right subpanel illustrates how a cutoff is determined to exclude variants that
consistently exhibit low quality in more than a specified percentage of samples. Visual inspection of
UMAP plots was used to determine the optimal cutoff (additional details are provided in the main text).

Genotype imputation from low-coverage data

Genome Research 1931
www.genome.org

 Cold Spring Harbor Laboratory Press on June 5, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280175.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280175.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280175.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280175.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280175.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280175.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280175.124/-/DC1
http://genome.cshlp.org/
http://www.cshlpress.com


Cumulative missingness

Although the GP filter applied at the individual level can clearly
help to enhance imputation accuracy, it introduces cumulative
missingness when combining individual data. With large batch-
es, the cumulative missingness can result in retention of only a
small number, if any, of the sites that have GP value ≥0.99.
Supplemental Figure S4A shows the distribution of variants re-
moved by the GP filter per sample, highlighting the high degree
of variance in the batch of imputed NIPS samples, with the ma-
jority of the individuals having 20%–50% of the variants re-
moved, with an average of ∼30%. In the full set of 32,769 NIPS
individuals, we found there are no variants that pass the GP filter
in all samples. The minimum proportion of missing calls per var-
iant we observed was 0.007 (210 individuals with GP < 0.99),
with the distribution of the missingness by variants per bins of
individuals not passing the filter shown in Supplemental Figure
S4B.

To address the issue of cumulativemissingness, we attempted
first to filter out variants with an INFO score below 0.4 across all
imputed batches, but this proved insufficient in removing the
batch effect fromhigh-level PCA,wherewe observed the clustering
together of all our imputed NIPS batches separately from the refer-
ence data (Supplemental Fig. S5A). Increasing the threshold to an
INFO score below 0.6 did not improve the result (Supplemental
Fig. S5B). Hence, we adopted a more refined approach we call
GDI filtering, that removes only the most problematic sites by in-
tegrating multiple postimputation quality metrics, including pos-
terior genotype probability, alternate allele dosage, and the INFO
score from QUILT (Fig. 1B). We applied GDI filtering dynamically
on our data to optimize the maximum data quality with minimal
loss of variants, observing a range of metrics of imputation accura-
cy in light of the performance of downstream analyses tools,
PCA, and PGS.

Data filtering

Exclusion of related and duplicate samples

We used QUILT to impute 32,769 samples in batches of a maxi-
mum of 1250 individuals (Fig. 1A), as detailed in the Methods sec-
tion. The first step after imputation was to identify and remove
duplicates and related individuals with the aim of avoiding possi-
ble allele frequency biases in the downstream analyses. Duplicates
may result from separate tests for different or the same pregnan-
cies. For the identification and removal of duplicates and closer
than third degree-related individuals, we utilized IBIS (Seidman
et al. 2020), which employs the same bounds as KING
(Manichaikul et al. 2010), for the degree of relatedness. A kinship
coefficient value of 0.088 defines the level of relatedness expected
when members of the same family are within the same healthcare
system (Johnson et al. 2022). However, we applied a stricter thresh-
old, considering any pair of individuals with a kinship coefficient
above 0.044 (up to third-degree relatives) as related. Notably, when
cross-checking our results with additional metadata obtained at a
later stage of the study, we found that our results with IBIS
matched more than 90% of the recorded information related to
duplicates and relatives.

GDI validation

We compared the performance of QUILT across different postim-
putation statistics on the three test samples with high coverage
data (mean coverage∼44×) (Fig. 2).Without any filters (raw results
in Fig. 2), QUILT shows the lowest accuracy estimates for each of
the statistics we examined.

A notable improvement over unfiltered results was observed
when applying INFO score filtering alone (green line in Fig. 2).
Because the use of INFO score filtering with QUILT had not been

Table 1. Average imputation sensitivities of heterozygous genotypes obtained using HRC and 1kGP reference panels

HET sensitivity Number of HETs Missing HETs

Filter MAF bin HRC 1kGP HRC 1kGP HRC 1kGP

No filter 0.001–0.01 52.7 50.9 17,188 14,039 0 0

0.01–0.05 78.8 74.0 83,397 77,676 0 0

0.05–0.1 88.0 84.1 127,130 120,522 0 0

0.1–0.3 91.9 88.5 677,999 647,528 0 0

>0.3 93.7 90.4 789,923 755,478 0 0

max(GP)≥0.99 0.001–0.01 54.2 50.4 5046 5669 71.5 59.3

0.01–0.05 93.7 88.1 48,631 46,943 50.9 49.3

0.05–0.1 97.7 96.1 88,139 82,656 37.6 40

0.1–0.3 98.8 98.3 479,079 452,659 34.3 37

>0.3 99.3 99.1 559,099 531,081 33.2 35.9

GDI 0.001–0.01 na na na na 0 na

0.01–0.05 na na na na 0 na

0.05–0.1 93.1 na 101,500 na 0 na

0.1–0.3 96.0 na 432,852 na 0 na

>0.3 97.4 na 417,039 na 0 na

HET sensitivity: heterozygote genotype sensitivities are expressed in percentage.
Number of HETs: number of correctly imputed heterozygous genotypes in the given MAF bin#.
Missing HETs: proportion of imputed heterozygous genotypes that were set to missing by the GP≥0.99 filter in the given MAF bin.
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previously explored, we applied the method from Liu et al. (2018),
originally designed for STITCH (Davies et al. 2016), to evaluate
INFO scores withQUILT. Themost notable comparison is between
the GDI filtering approach and the GP-based filtering (max(GP)≥
0.99) (yellow vs. purple line in Fig. 2). It is evident that both filter-
ing approaches resulted in an improvement compared to the raw
data in all the statistics. Our tests confirmed that applying a GP fil-
ter at the individual level enhances data quality. Conversely, the
GDI filter shows a smaller improvement but is crucial for retaining
themajority of variant sites in large batches of data, thereby avoid-
ing the introduction of anymissing data, as shownbelow in case of
PCA analyses. Indeed, the GP filtering approach can be effectively
used only on a single genome or a few genomes, because in larger
batches, most, if not all, variants would have missing genotype
calls introduced by the GP filter in at least some individuals. To il-
lustrate the difference on a small example, Figure 3 shows results
from a batch of three individual NIPS genomes: the GDI filter re-
tains 83% of variants, whereas the GP filter, applied cumulatively,
retains only 49.2% of total sites. These differences increase with
larger sample sizes. In other words, Figure 3 illustrates on a small
sample that GP filtering at the individual level leads tomassive cu-
mulativemissingnesswhen the data is pooled. In contrast, theGDI
approach maintains a higher proportion of nonmissing variants
across the batch, avoiding these issues.

To validate the effect of the GDI filtering approach on impu-
tation accuracy in an independent data set, we used LPS and high-
quality genotype data from 138 nonpregnant healthy controls
that were not part of the GDI filter development. Figure 4 summa-
rizes the results of 138 individuals, showing that, for all MAF bins
>0.05, the GDI filtered LPS data had higher heterozygous sensitiv-
ity than the raw data. Furthermore, the GDI filtered data scored
better in other accuracy statistics as well, such as heterozygous spe-
cificity and the nonreference concordance (Supplemental Table
S5). Metrics from these additional samples validated our observa-
tions from the three NIPS samples. Moreover, these results demon-
strate that the GDI filter is robust when applied to other data sets.

GDI application

In light of the success of the GDI filtering approach inminimizing
the presence of low-quality variants across the largest possible sub-
set of samples, the 28,512 NIPS samples that passed initial quality
checks and removal of related samples were further processed us-
ing this method. We removed an additional 1158 outliers based
on the observed distribution of low-quality variants (LQV scores,
defined by the proportion of sites not passing the thresholds set
for GP values, DS values, and the INFO score provided by
QUILT) (Supplemental Fig. S6). Notably, the average coverage for

Figure 2. Comparative analysis of postimputation filters on QUILT performance by four measures of accuracy. Each panel displays results for different
postimputation statistics for those genotypes imputed as heterozygous: Sensitivity (TP/[TP+FN]), Precision (TP/[TP+FP]), Nonreference concordance
(NRC=1−[Err + Era + Eaa]/[Err + Era + Eaa +Mra+Maa], where Err, Era, and Eaa are the counts of the mismatches for the homozygous reference, heterozy-
gous and homozygous alternative genotypes, and Mra and Maa are the counts of the matches at the heterozygous and homozygous alternative geno-
types, and the dosage r-squared (Pearson’s r2 on dosage values calculated using BCFtools stats). Lines are colored based on different filtering
approaches. Results are averaged across the three test samples, with SD bars showing the variability around the mean values (refer to Supplemental
Table S2 for detailed information on the values). The lack of QUILT_GDI data points in the 0.001–0.01 and 0.01–0.05 frequency bins reflects our focus
on common variants with MAF>5% in the HRC panel.

Genotype imputation from low-coverage data

Genome Research 1933
www.genome.org

 Cold Spring Harbor Laboratory Press on June 5, 2026 . Published by genome.cshlp.orgDownloaded from 

http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280175.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280175.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280175.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280175.124/-/DC1
http://genome.cshlp.org/lookup/suppl/doi:10.1101/gr.280175.124/-/DC1
http://genome.cshlp.org/
http://www.cshlpress.com


these 1158 samples is approximately 0.09×, confirming that the
LQV metric effectively identified low-coverage samples. These
samples were classified as outliers based on their high LQV levels
prior to the application of GDI (Supplemental Fig. S11).

Furthermore, the distribution of SeqFF values revealed that
samples removed due to the LQV filter exhibited a higher median
SeqFF compared to those retained for further analyses
(Supplemental Fig. S7). Specifically, the median SeqFF for LQV
samples was 10.1, whereas for retained samples, it was 8.99
(Wilcoxon rank-sum test P-value=4.147×10−13). This confirmed
the negative effect of SeqFF on imputation accuracy.

Evaluation of GDI effectiveness across coverage levels

To evaluate the effectiveness of the GDI thresholds (INFO, GP,
and DS) across different sequencing coverage levels, we grouped
the samples into coverage bins and assessed the difference in data
quality (LQV) before and after GDI application (Supplemental
Fig. S8). The analysis revealed a consistent positive impact on ac-
curacy of the GDI method across all coverage bins, with the most
pronounced effect observed at lower coverage levels. For bins in
the range ≥0.1–<0.2×, the median indicates that the differences
between pre- and post-GDI are more uniformly distributed.
However, the internal variability is quite high, with some sam-
ples showing much larger improvements (outliers), which likely
contributes to the observed overall uniformity in this bin. A
similar trend is observed in the ≥0.2 to <0.3× bin, where the dif-
ferences remain generally uniform but with no extreme outliers.
In the ≥0.3 bins, the median indicates that the differences
between pre- and post-GDI are generally modest or small. It is im-
portant to note that, within each coverage bin, especially for
those with coverage ranges of ≥0.1 to <0.2× and ≥0.2 to <0.3×,
the large number of samples results in significant variability in
the individual sample coverage. This variability may influence
the observed results and should be considered when interpreting
the data.

PCA analyses

The final set of 27,354 samples was used
alongside 498 samples from the Genome
of the Netherlands (GoNL) (TheGenome
of the Netherlands Consortium 2014),
3643 samples from the Project MinE
(Project MinE ALS Sequencing Con-
sortium 2018), and 2495 samples from
the 1000Genomes Project (The 1000Ge-
nomes Project Consortium2015) to visu-
ally explore the distribution of genetic
ancestry in the imputed data with the
PCA and UMAP approach, aiming to as-
sess the performance of downstream
population genetic analysis methods
and to test whether imputation is caus-
ing batch effects in the data.

We applied UMAP on 20 PCs esti-
mated from the data, as this approach
has been shown to enable the detection
of regional clusters at higher resolution
than the examination of only the first
two PCs (Diaz-Papkovich et al. 2021).
Without the GDI filter (raw imputed
data), a clear batch effect can be observed

in UMAP (Supplemental Fig. S9A); as expected, as UMAP tends to
allocate more space to the most represented group (Diaz-
Papkovich et al. 2021), LPS samples occupy most of the space,
but no clear structure in the data can be observed. A similar result
is observed when plotting a UMAP after applying a filter on the
INFO score (<0.4) (Supplemental Fig. S5); the plot still shows a
strong batch effect, similar to that seen with the raw data in
Supplemental Figure S9. This suggests that, although filtering
based on the INFO score improves various postimputation statis-
tics, it does not effectively remove the batch effect. However,

Figure 3. Cumulative missingness of filtered-out variants across multiple imputed genomes. The num-
ber of imputed common variants (MAFHRC>0.05) is displayed in millions on the y-axis for each of the
three imputed NIPS samples (N1, N2, and N3). The raw imputed data of each individual had 5.4 M var-
iants. Applying GP<0.99 filter (GP99 filter) on each individual separately results in a variable number of
missing variants (red bars). The GP99 and GDI Batch bars to the right show the batch effect of cumulative
missingness when applying the respective filters. The green bar shows the number of retained sites after
removing variants with GP<0.99 (yellow) in at least one sample or variant sites not passing the GDI filter
(lilac).

Figure 4. Box plots per MAF showing the heterozygous genotype impu-
tation sensitivity before (raw) and after GDI filters. Data are derived from
138 nonpregnant healthy individuals sequenced at 0.1–0.2× coverage
and genotyped, in parallel, on Illumina Infinium Global Screening Array-
24 v3.0 for ∼700,000 SNPs. The array-based genotype calls were consid-
ered as truth.
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applying a GDI filter and removing variants with low quality in
more than 30% of the samples (Supplemental Fig. S9B) effectively
helps to remove this bias and reorganize the data more clearly. In
particular, we can see that the larger group predominantly com-
posed of LPS samples (bigger gray cloud in Supplemental Fig.
S9A) is merged after filtering with the smaller separate cluster in-
cluding individuals from the 1000 Genomes Project (GBR and
CEU), most of the MinE data set, and the GoNL group.
Furthermore, part of the LPS samples is clearly clustering with
non-European groups. This batch effect is also detectable in amild-
er form in the plot of PC1 and PC2 (Supplemental Fig. S9C), where
the distribution of the BelgianNIPS samples appears not complete-
ly alignedwith the distribution of the other data sets of individuals
with similar ancestry (MinE and GoNL).

As a general observation, the removal of variants with low
quality scores led to the elimination of ∼1.9 million variants, re-
ducing the overall data set of common variants to 3,355,663 vari-
ants. Following this removal, an average reduction of 54.1% was

observed in the LQV scores compared to prefilter values
(Supplemental Fig. S6). Upon removal of the low-quality variants,
the imputed LPS data appears to include less individuals outside
the triangular structure of the PC plot (compare Supplemental
Fig. S9, C and D).

Genetic ancestry and population structure in Belgian NIPS data

As genetic ancestry is an important confounding factor for many
medical and population genetic analysis tools, it is important to
know how sensitive methods that cluster individuals by their an-
cestry are to imputation quality. When focusing on the results of
the first two PCs (Fig. 5A), we first confirmed that imputed NIPS
samples exhibit a wide distribution in the context of global refer-
ence data: most of the samples are primarily clustered along the
European edge of the plot, representing 89.17% of the imputed
data, and the remaining 10.83% showed dispersion towards the
African and the East Asian edges of the plot.

A B

Figure 5. Principal component analysis of imputed NIPS data in the context of regional and global reference populations. (A) The plot of PC1 and PC2.
The smaller PCA plot highlights European and non-European ancestries. (B) UMAP plot of the first 20 PCs. Both plots display the distribution of 27,354
imputed NIPS samples (gray dots in the background) together with samples from the 1000 Genomes Project, the GoNL, and the MinE data sets, after
applying a GDI filter removing variants with low quality in more than 30% of the imputed NIPS samples. Population labels are displayed next to the group
they represent (samples from Iran and Poland are part of the Belgian data), with colors of the labels matching the colors of the corresponding samples.
Unlabeled imputed samples are depicted as gray dots in the background. The dotted line includes the group represented by samples from the GoNL,
the MinE, the 1000 Genomes Project (CEU and GBR only), unlabeled NIPS samples, and NIPS individuals labeled as Flanders, Wallonia, Brussels, and
the Netherlands.
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These results from PCAwere also confirmedwith a supervised
admixture, where 87.3% of the imputed NIPS samples had a
European ancestry proportion of ≥90%. Within the subset of
NIPS data where country of origin was known, 165 individuals
from Iran formed a cluster right below the European edge in the
PCA, which becomes more distinct in the UMAP conversion (Fig.
5B). Similarly, after applying the GDI filter, within the European
subset a cluster of 131 individuals from Poland becomes more
clearly pronounced (Fig. 5B; Supplemental Fig. S9). The majority
of NIPS individuals whose birthplace was identified as being in
Belgium mapped together with MinE and GoNL individuals on
PC plots (Supplemental Fig. S10), and between IBS, CEU, and
GBR populations of the 1000 Genomes Project data, consistent
with previous observations (Van Den Eynden et al. 2018).

PGS for height

For 1911 imputed NIPS samples, polygenic scores for height were
calculated at different P-value thresholds (Pt) using four approach-
es: (i) data filtered byGDI andMAF≥5%; (ii) data filtered byMAF≥
5% only; (iii) data filtered by MAF≥1%; and (iv) data limited to
HapMap SNPs. These are referred to as PGSGDI, PGSMAF5%,
PGSMAF1%, and PGSHapMap, respectively. When performing linear
regression, where the height of an individual is predicted by
PGS, PGSGDI consistently had a lower variance explained for all
Pt values than the other PGSs (Fig. 6), whereas the three other
PGSs mostly had similar values (Supplemental Table S4). Overall,
the best PGS model was PGSHapMap, with a variance explained of
0.237 at Pt = 0.1, including 62,059 SNPs. However, it is worth not-
ing that the variance explained for PGSHapMap, PGSMAF5%, and
PGSMAF1% doesn’t changemuch from Pt =0.05 onward, indicating
that the addition of SNPs with P-value> 0.05 does not have much
added value towards prediction.Wealso calculated the Spearman’s
correlation coefficient (r) of the correlation between genotypic
(i.e., the PGS) and phenotypic height. For PGSHapMap, PGSMAF5%,
and PGSMAF1%, the correlation was the same—r=0.46. This is in
contrast with PGSGDI where r= 0.36. Together, these findings indi-
cate that filtering the imputed NIPS data with the GDI filter does
not improve, at least in case of height, PGS performance in terms
of either variance explained or correlation with phenotypic
height.

Discussion

In this study, we explored the potential of genotype imputation of
large cohorts of low-pass (0.1×–0.3×) sequence data from Belgium,
for the population genetic study of genetic ancestry and PGS esti-
mation for medical risk stratification. In tests performed on an in-
dividual level, we found that imputation can be achieved with
comparable quality using QUILT (Davies et al. 2021) and
GLIMPSE2 (Rubinacci et al. 2023). When using ultralow coverage
(<0.2×) sequences without quality filters, imputation accuracy ap-
peared, however, to be too low for applications, such as PCA. Our
tests confirmed that imputed genotypes from 0.1× to 0.2× se-
quence data generatedwithQUILT andGLIMPSE2without further
quality filters exhibit heterozygote sensitivity <0.95. For down-
stream applications that require higher imputation accuracy,
an alternative approach of applying quality filters, such as GP, sep-
arately on each individual leads to high (>0.98) individual sensitiv-
ity scores but also introduces cumulative missingness when
working on batches of data. As a solution,we introduced batch lev-
el filtering approach GDI that optimizes the balance imputation

accuracy and the retention of the largest possible subset of samples
and variants. A similar result could not be achieved by filtering
solely based on INFO score (<0.4), as this approach did not resolve
the batch effect observed in the UMAP. However, our results con-
firmed the validity of using INFO score filtering as a foundation for
improving data quality, which is whywe adopted thismetric as the
first step in our GDI filtering strategy. Although we showed that
the GDI approach was effective in removing batch effects caused
by low imputation accuracy in low coverage cohorts seen in PC
analyses, the GDI approach did not improve the PGS prediction
of height. We observed negative correlation between fetal fraction
and sensitivity across the range of different coverage values
(Supplemental Fig. S3), suggesting that, although higher coverage
ensures higher imputation accuracy, this relationshipmaybe com-
promised in cases of high fetal fraction.

The best PGS for height was PGSHapMap with a variance ex-
plained of 0.237 and a correlation with phenotypic height of
0.46 (Fig. 6). PGSMAF5% and PGSMAF1% had similar results. In con-
trast, with PGSGDI only 14% of phenotypic variance of height
could be explained (Supplemental Table S4). A possible reason
for this finding could be that therewere less SNPs available to build
the PGS compared to data that was only MAF 1% or MAF 5% fil-
tered. However, the SNP count alone cannot fully explain the ob-
served difference in variance explained and correlation. This was
demonstrated by PGSHapMap, which had the best performance
even though there were less SNPs in the initial data set than the
GDI filtered data. On the other hand, it is important to note
that, even though in the HapMap filtered data set there are less
SNPs than in theGDI data set, these SNPs have been chosen to cap-
ture most of the common variability in the human genome (The
International HapMap Consortium 2005). Common SNPs, which
are predominantly the signals detected by GWAS, are consequent-
ly the ones used for PGS. Together, this could explain why the
PGSGDI is not performing as well as the other filtered data sets.
Of note, we only calculated a PGS for the complex trait height,
which is highly polygenic—or even omnigenic—in nature (Boyle
et al. 2017; Yengo et al. 2022). Hence, these results could differ
for other traits or diseases thathave a different genetic architecture.
One commonly observed cause of the drop of variance explained
in PGS models is the mismatch between genetic ancestry of the
test cohort and the GWAS cohort on which the GPS model is
based. However, we cannot think of a reason why the GDI filter
would remove specifically variants that are informative for height
PGS in Europeans. Furthermore, the imputation reference panels
we used were chosen tomaximize the success of genotype imputa-
tion in a cohort of predominantly European ancestry.

When selecting the most appropriate reference panel for im-
putation, we tried to ensure that it would be representative of all
major genetic ancestry components of the sampled population.
As the samples were predominantly from Flemish hospitals, we ex-
pected the majority of our cohort to have European ancestry, with
the addition of ∼10% of Asian or African ancestry. We compared
the performance of a global reference panel of the 1000
Genomes Project (The 1000 Genomes Project Consortium 2015)
and the Haplotype Reference Consortium panel (The Haplotype
Reference Consortium 2016) which includes the former and is en-
riched for individuals with predominantly European ancestry.
Given the larger number of individual sequences and the number
of variants the HRC panel provided, we achieved a higher imputa-
tion accuracy and found a smaller number of variants that had to
be filtered out (Table 1; Supplemental Tables S2, S3). We observed
the greatest improvement of accuracy for variants with MAF 0.01
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to 0.05, which may have importance for downstream applications
that consider variants in this low frequency spectrum. The impu-
tation accuracy of rare variants (MAF<0.01) remained too low
with both panels and filter settings for any downstream purposes
examined in this study.

One possible strategy to improve imputation quality at the
batch level is to apply filtering by summaryqualitymeasures calcu-
lated for the entire batch. INFO score is the only such measure
available in the QUILT output. However, with large cohorts that
are constantly being supplemented with new data, such as the
32,769 individuals examined here, it can be preferable for practical
reasons to carry out imputations in smaller batches and to merge
them in the end for a common set of variants. Only 131,908 vari-
ants (2.4% of common variants) had INFO score below the 0.4
threshold in all the batches of NIPS data we studied, which offered
only a minor improvement of quality over the option of using no
filters. Furthermore, we observed that incorrectly imputed variants
included many with high INFO score, a subset of which had a
wrongly imputed genotype whereas their GP and DS values point-
ed consistently to the genotype called from thehigh coverage data.
This motivated us to carry out systematic revisions of conflicts be-
tween theGT andGP values, which could be characteristic only for
ultralow coverage data, and to focus our search for optimal solu-
tions in the GDI design on the combination of INFO score, GP,
and DS filters. We acknowledge that, in ideal circumstances, se-
quencing to the minimum depth of 0.5× should be encouraged
to reach sufficient accuracy for downstream applications that
would not require further filtering (Sousa de Mota et al. 2023).
However, in case of data sets that have already been generated in
the past and/or where it is challenging, if not impossible, to gener-
ate more data, the GDI approach may offer leverages for data that
otherwise cannot be used for genomic scale genotype analyses.
Application of the GDI filter after imputation enabled us to
achieve imputation accuracy in the large batch of 32,769 individ-
uals on par with, although less superior than, that achieved with
the GP filter applied at individual level (Fig. 2). However, the ad-
vantage represented by the GDI approach over the GP filter at a

batch level was significant as it allowed
us to prevent the cumulative introduc-
tion of missing data by each individual,
keeping themajority (83%) of the imput-
ed common variants for downstream
analyses. Furthermore, when we assessed
the effectiveness of GDI across varying
coverage levels, we observed that the
method generally improved data quality
in all coverage categories. The greatest
improvements were noted in samples
with lower coverage, whereas higher cov-
erage bins displayed more variability in
the degree of improvement. This variabil-
ity may reflect factors such as differences
in sample characteristics and coverage
distribution within each bin. These re-
sults demonstrate the broad applicability
of GDI, while suggesting that fine-tuning
of the thresholds may be needed for data
sets with higher coverage.

The study by Sousa de Mota et al.
(2023) showed that individuals imputed
from 0.1× to 0.25× coverage were correct-
ly placed in the expected continental

clusters in PCA, while showing at the same time significant devia-
tions from the precise placement within those clusters. Our results
confirm this: when using imputed genotype data without filters as
the input, we find that the majority of individuals map in the PC1
and PC2 plot to the context of the reference sources from Belgium
and theNetherlands, as expected, whereas in the higher resolution
UMAP analyses of P1-20 data, we find that the unfiltered data clus-
ter separately from the others (Supplemental Fig. S9). With our fi-
nal settings of the GDI filter, which retained 3,355,663 out of
5,421,789 common variants (61.9%), we were able to remove the
separate clustering of NIPS data as a batch. Regarding the determi-
nation of the cutoff for variant removal in the GDI filter, we lever-
aged visual exploration of the sample distribution on a UMAP plot
after a series of filtering steps, with increments of 10% of LQV sites
being removed at each step, to guide our decision-making.
However, in scenarios where such visual exploration is not feasi-
ble, the fundamental principle guiding this approach is to strike
a balance between being overly conservative and excessively ag-
gressive in variant removal, avoiding the loss of a substantial num-
ber of variants. Although it might seem arbitrary, custom-oriented
handling of this step is essential, recognizing that, in principle,
each combination of a data set and a downstream data analysis
method can be unique and necessitate tailored consideration.

As we sought a solution for using 0.1×–0.3× sequence data in
ancestry analyses, we developed the specific combination GDI fil-
ters to be optimized for the performance of high resolution PCA on
Belgian NIPS data, and the same parameter settings we used may
not offer the most optimal solution in other settings. We expect,
however, that when appropriate reference panels are available
(e.g., for other European cohorts with similar coverage data), the
GDI filtering following QUILT (or GLIMPSE) imputation can be a
useful approach for genetic ancestry analyses with PCA. Other
downstream analyses, including those focused on PGS, can,
most likely, benefit from individual filter optimizations that are
different, either more conservative or stringent, from those de-
scribed and explored here. In cases where increasing the sequence
coverage is not an option, a generic strategy that may prove

Figure 6. Phenotypic variance in height explained by the PGS per P-value threshold and for different
filtering approaches. The overall best performing PGS in terms of variance explained is PGSHapMap at P-
value threshold (Pt) 0.1 with an r² of 0.237 (beta = 0.03, P-value = 2.83 × 10−114).
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effective should involve exploration of the distribution of the
number of low-quality variants against the number of samples in
which they fail, aiding in defining the most appropriate cutoffs
and optimal reduction in LQV scores. A further point worth stress-
ing here is that, because the imputation of heterozygous sites is al-
ways themost challenging, it is highly likely that such sites are the
ones with lower GP and DS values and therefore do not pass the
GDI filter. As a consequence, more stringent filters can lead to a re-
duction of heterozygosity in the sample.

Applying a genome-wide SNP array of around 300,000 sites
on 189 individual samples from Belgium, Van den Eynden et al.
(2018) showed the typical European genetic constitution of the
Belgian population. Our exploratory analyses of the downstream
effects of imputation quality filters on principal component anal-
ysis have facilitated the study of the genetic ancestry of 32,769
pregnant individuals recently collected from a hospital in pre-
sent-day Flanders at the genomic scale for more than 3 million
common variants. This has provided a higher resolution view on
the genetic ancestry of present-day Flanders andhas enabled better
quantification of the extent of recent migration. The majority of
the samples group within regional clusters of Belgian and Dutch
individuals from the MinE and GoNL projects, whereas a minor
subset clusters with other European subgroups and individuals
with non-European genetic background. These results are not sur-
prising given Belgium’s long history of immigration and integra-
tion. Historically, Belgium is known to have been a nation
characterized by persistent immigration, a phenomenon that has
undoubtedly contributed significantly to shaping its demographic
landscape. Indeed, this continuous demographic evolution has in-
creasingly enriched what is now Belgium’s population, which to
date welcomes individuals from different corners of the world
(Martiniello 2013). Notably, 10.83% of the imputed samples
mapped outside themain European cluster in PCA (Fig. 4A), which
is similar to a recent estimate, according to which 11% of the pop-
ulation living in the Flemish Region were born outside the EU.
Given that our samples come primarily from Flemish hospitals,
they represent the demographic diversity of individuals residing
in Belgium, including not only those of Belgian origin but also a
broader spectrum. As a result, our findings offer an accurate por-
trayal of the diverse population found in contemporary Belgium,
truly reflecting the cosmopolitan nature of the country and pro-
viding a realistic snapshot of its current demographics.

Methods

A concise description of the materials and methods used in this
study is provided below. For a comprehensive and detailed version
of all protocols and procedures, please refer to the Supplemental
Methods.

Data collection

Peripheral blood samples were collected from 32,769 pregnant in-
dividuals undergoing NIPS and from 140 nonpregnant healthy
controls, with ethics approval from KU Leuven and University
Hospitals Leuven (S63253, S66621, S66450). cfDNA was extracted
from plasma and sequenced at low-pass coverage (median ∼0.15×)
using Illumina platforms, following protocols previously described
(Bayindir et al. 2015). Sequence data were aligned to GRCh38
(hg38), and standard QC, deduplication, and sorting procedures
were applied. For the 140 controls, high-quality genotyping was
also performed for benchmarking imputation accuracy.

Imputation tool testing

To select the optimal imputation tool, we evaluated GLIMPSE,
GLIMPSE2, QUILT, and a dual-step strategy combining either
with Beagle. Imputation accuracy was benchmarked using three
low-pass NIPS samples (∼0.16×) with known fetal fractions and
corresponding high-coverage whole-blood genomes. All tools
were applied using the HRC reference panel, and accuracy was
assessed per genotype class andMAF bin usingmetrics such as sen-
sitivity and dosage r².

Reference panel setup

All imputation strategies used either the HRC or 1000 Genomes
Project reference panels, both of which were preprocessed using
standard liftOver and variant filtering procedures.

Imputation with QUILT

Genome-wide genotype imputation of the 32,769 samples was
performed using QUILT with the HRC panel. Samples were pro-
cessed in parallel batches using a custom pipeline (Fig. 1A), with
chromosomes divided into 5-Mb windows. Post-imputation filter-
ing retained 5.42million variantswithMAF>5% in theHRCpanel
for downstream analysis.

Postimputation filters

Removal of duplicates and related individuals

Related individuals were identified and removed based on kinship
coefficients estimated with IBIS, resulting in the exclusion of 4257
samples.

Filter on variants at batch level

To enhance the quality of the imputed data, we implemented a
filtering strategy we called GDI (Fig. 1B) that combines filters on
genotype-relatedmetrics, including the posterior genotype proba-
bility, alternate allele dosage (DS), and the INFO score provided by
QUILT. The INFO score provides a quantitativemeasure of the cer-
tainty associated with genotype imputation based on the distribu-
tion and uniformity of genotype posteriors; a low score indicates a
flat, noninformative distribution, whereas a score near 1 suggests
concentrated, confident genotypes. The DS field represents the ex-
pected number of alternate alleles for a given genotype. For diploid
genotypes, the DS values should range from 0 to 2. Ideally, a DS
equaling 0 means that both alleles are the reference allele (0/0), a
DS equaling 1 means that one allele is the reference allele and
the other is the alternate allele (0/1), and a DS equaling 2 means
that both alleles are the alternate allele (1/1). However, it is possi-
ble for the DS values to assume intermediate values between 0 and
2 for diploid genotypes. This can happen when there is uncertain-
ty in the genotype call, such as when the genotype posterior prob-
abilities in theGP field are not clearly in favor of one genotype over
another. In this light, the dosage value provides an indication of
how well the genotype is supported by imputation. As for the
GP field, it represents a measure of how likely each possible geno-
type at a site is after imputation, with values closer to 1 indicating a
higher likelihood and greater confidence in the accuracy of the
predicted genotypes following imputation.

When imputing multiple samples with QUILT, the INFO
score associated with each variant represents a consensus score.
Due to imputing our samples in separate batches, different INFO
scores were obtained for the same variants. To address this variabil-
ity, we aggregated all INFO scores for the same variants acrossmul-
tiple imputed batches. Variants consistently tagged with an INFO
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score <0.4 across all batches totaled 131,908 andwere consequent-
ly identified for removal. The initial step of the GDI strategy in-
volved generating a file containing the GT, GP, and DS fields for
each variant and individual. Subsequently, variants tagged for re-
moval from the INFO score screening were excluded from further
analysis in subsequent steps. For each sample, a list of variants to
be removed is generated, determined by a GP<0.99 and DS ranges
defined by the GT field (DS>0.1 for GT 0/0, DS<1.8 for GT 1/1,
and 0.8 >DS>1.01 for GT 0/1). The DS thresholds are determined
based on theoretical expectations and practical considerations,
rather than empirical testing. These values account for minor var-
iations and provide a margin of safety in variant classification. By
setting these thresholds, we aimed to ensure accurate classification
despite potential fluctuations in DS values. The proportion of var-
iants earmarked for removal defines the fraction of low-quality var-
iants (LQV score) for each sample, and an observation of the
distribution based on LQV scores was conducted to establish a cut-
off. Samples with an LQV score exceeding 40% were identified as
outliers, leading to the removal of a total of 1158 samples from
subsequent analyses.

The initial step concludes by generating, for each sample, a
list reporting sites that do not pass the DS andGP filters. In the sec-
ond step of the GDI strategy, these lists are used to gather informa-
tion on the quality of sites for all individuals (except those
identified as outliers in the first GDI step and those flagged as du-
plicates or relatives by IBIS). Ultimately, variants exhibiting low
quality in more than 30% of the samples were excluded, totaling
1,933,956 variants. The choice of this cutoff was defined by the vi-
sual observation of the distribution of the imputed data in the con-
text of a UMAP plot based on 20 PCs including also samples from
the 1kGP (lifted over to build GRCh38 from the HRC panel), the
MinE (lifted over to build GRCh38 with Crossmap), and the
GoNL data sets (lifted over to build GRCh38 with Crossmap).
The filtered data set comprised 27,354 samples and 3,355,663 var-
iants, reflecting a reduction of ∼11% in the sample count and
about 38% of the total variants.

The average reduction of the proportion of LQV sites was cal-
culated by taking the percentage difference for each sample, fol-
lowed by calculating the mean and standard deviation of these
differences. The standard deviation of 6.2% suggests that varia-
tions between individual samples and the mean are relatively
consistent.

After applying the GDI filter (Supplemental Fig. S12), we ob-
served that 86.4% of the variants had successfully passed all the fil-
ters, 4.3% failed the DS filter, 5.1% failed the GP filter, and 4.2%
failed both the DS and the GP filters. However, when focusing
only on the GP values, we can see that 90.7% of the variants re-
maining in the data set have aGP≥0.99, 3.06%have aGP between
0.9 and 0.99, and only 6.24%have aGP<0.9. Overall, themajority
of retained variants in our data set exhibit a GP≥0.99, highlight-
ing a significant presence of reliable genetic variations. This under-
scores the effectiveness of the GDI filter in ensuring data integrity
and enhancing overall variant quality.

Additionally, when observing the correlation between the
LQV scores and the coverage of each sample, we observed that,
as the coverage increases, the LQV score tends to decrease. This
suggests that samples with higher coverage tend to have fewer
low-quality variants, indicating a potential association between
higher coverage and improved quality of imputed variants.
Before applying the filter, we calculated the correlation between
the coverage and the LQV scores for each sample and observed a
strongly negative value (Spearman’s correlation of −0.75). This in-
dicates that higher coverage values correspond to lower LQV
scores. In practice, this suggests that samples with higher coverage
will be associated with a lower proportion of low-quality variants.

After the filter, we observed a reduction in the correlation value
(Spearman’s correlation of −0.66), indicating that, despite the re-
duction in LQV scores, the negative correlation with the coverage
persists. In addition, the observedmean LQV score decreased from
0.28 to 0.13 after the application of the filter, indicating a consis-
tent reduction in the proportion of low-quality variants among
the samples. Furthermore, the standard deviation changed from
±0.0524 to ±0.0396, indicating an increase of the consistency
and homogeneity of the postfilter data. Overall, these results
show that the application of the filter affected the distribution of
low-quality variants among the samples, contributing to increased
uniformity of LQV values and a persistent correlation between
coverage and LQV scores, albeit slightly attenuated.

Comparison with other filtering strategies

To assess the effectiveness of our GDI method compared to other
filtering strategies, we employed the three test samples and
compared the results using different postimputation statistics for
the raw imputed data, the GDI strategy, and a direct filter on
max(GP)≥0.99. Additionally, we conducted a cross-method com-
parison by applying imputation through QUILT, GLIMPSE, and
GLIMPSE2. Imputation performances were observed over different
allele frequency ranges (MAF bins).

Principal components analysis and UMAP

Population structure was assessed through PCA andUMAP embed-
ding using LD-pruned variants across imputed NIPS samples and
external references (1kGP, MinE, GoNL).

PGS calculation

To calculate the polygenic scores, we used the effect sizes provided
by the genome-wide association study for height by Yengo et al.
(2022). Duplicate, ambiguous, and multiallelic SNPs were re-
moved, and a MAF filter of 1% was applied.

Out of the 32,769 NIPS samples, only 2698 had a reported
height available. After excluding samples because of relatedness
or being an outlier (see above), non-European samples were ex-
cluded as well. Samples were included as European based on a su-
pervised admixture analysis, where samples with a proportion of
≥0.95 European ancestry were retained. Based on these criteria,
1911 samples were included for the PGS calculation.

PRSice-2 (Choi and O’Reilly 2019) was used for the calcula-
tion of PGS for height for a range of predefined P-value thresholds
(Pt) (5 × 10−8, 1 × 10−5, 1 × 10−4, 1 × 10−3, 0.05, 0.1, 0.5, 1) with the
following clumping parameters: distance to both ends from the in-
dex SNP=250 kb, r² = 0.1, and P-value threshold=1. Scores were
calculated for individuals from the non-Finnish European 1000
Genomes Project (1KG-NFE), as well as for 1911 NIPS samples, us-
ing the same SNPs per Pt as selected for the 1KG-NFE scores. Four
different filtering methods were used to calculate the scores: (1)
1KG-NFE were MAF 5% filtered, then the selected SNPs were
used to calculate scores per Pt in the GDI filtered NIPS (PGSGDI);
(2) 1KG-NFE were MAF 5% filtered, then the selected SNPs were
used to calculate scores per Pt in MAF 5% filtered NIPS
(PGSMAF5%); (3) 1KG-NFE were MAF 1% filtered, then the select-
ed SNPs were used to calculate scores per Pt in MAF 1% filtered
NIPS (PGSMAF1%); and (4) an overlap was taken between 1KG-
NFE and HapMap SNPs, then the selected SNPs were used to
calculate scores per Pt in NIPS (PGSHapMap). The 1KG-NFE data
set contained 6,064,728 SNPs, 8,743,364 SNPs, or 1,116,280 SNPs
after filtering for MAF 5%, MAF 1%, or HapMap SNPs, respectively.

After calculation of the raw scores, the first 10 principal com-
ponents (PCs) were regressed out of the scores. Subsequently, the
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PC-corrected scores were then standardized against the PC-correct-
ed scores from the 1KG-NFE individuals. Specifically, the scores of
each individual were standardized by subtracting the mean score
of individuals from the 1KG-NFE group from their own scores
and then dividing the resulting value by the standard deviation
of the scores within 1KG-NFE.Whenwe use the term PGS, we refer
to the standardized PC-corrected scores.
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