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Abstract
Background  Low-coverage whole-genome sequencing (lcWGS) has emerged as 
a cost-effective and robust approach for population genomic studies. Despite its 
advantages, publicly available resources for large-scale lcWGS datasets remain limited. 
To our knowledge, there is yet a bioinformatics tool capable of directly simulating 
lcWGS datasets from variant call format (VCF) files. To address this gap, we developed a 
tool called lcSimVCF, which leverages multivariate Gaussian mixture models (MGMMs) 
to simulate lcWGS genotype likelihood distributions directly from high-coverage 
whole-genome sequencing (hcWGS) VCF files. In this study, we introduced a tool called 
lcSimVCF that aims to use 30× hcWGS VCF files to simulate 1× genotype likelihood 
distributions as a demonstration.

Results  We trained an MGMM framework for three genotypes: homozygous reference, 
heterozygous, and homozygous non-reference, each simulating its respective lcWGS 
genotype likelihood distribution. Our results demonstrate the robustness of the MGMM 
approach in capturing genotype likelihood distributions compared to a single Gaussian 
model (SGM). Simulated lcWGS data exhibited representative patterns in population 
stratification analyses and showed potential for applications in polygenic risk score 
(PRS) modeling. Analysis of 81,271,745 imputed single nucleotide polymorphisms 
(SNPs) revealed strong correlations among the PRS derived from different phenotypes: 
PRSCAD, PRST2D, and PRSAF. The correlations demonstrated high coefficients of 
determination (R2) of 0.94, 0.87, and 0.85, respectively. Furthermore, we assessed 
simulation time across various configurations (1-16 CPUs, 1-800 individuals, 100-10,000 
variants), finding its capability in simulating 10,000 variants across 800 individuals in 
under 30 seconds with 16 CPUs.

Conclusions  The developed simulation tool has demonstrated its capability in 
generating large-scale lcWGS datasets. This tool holds significant potential to facilitate 
the development and evaluation of bioinformatics tools and analytical pipelines that 
rely on access to extensive lcWGS data resources.

Keywords  open source, Python, multivariate Gaussian mixture models, low-coverage 
whole-genome sequencing, genome-wide association studies (GWAS)

http://crossmark.crossref.org/dialog/?doi=10.1186/s12859-025-06184-3&domain=pdf&date_stamp=2026-5-6
https://doi.org/10.1186/s12859-025-06184-3
mailto:kchen@scripps.edu
mailto:raquel.dias@ufl.edu
http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/


Page 2 of 20Chen et al. BMC Bioinformatics          (2026) 27:111 

​Introduction
Coupled with genotype imputation, lcWGS has emerged as a cost-effective approach, 
offering an alternative to hcWGS and genotyping arrays for conducting genome-wide 
association studies (GWAS) [1–5]. lcWGS enables analysis across a wider range of 
genomic regions than genotyping arrays, allowing for the discovery of novel and rare 
variants. Furthermore, imputed lcWGS data has found applications in various down-
stream analysis [6–8]. However, the development of robust inference models for popula-
tion genetics analyses, such as PRS analysis, population stratification studies for ancestry 
adjustment, and GWAS, requires large-scale lcWGS datasets. Despite the advantages 
of lcWGS, generating large-scale lcWGS datasets remains laborious, time-consuming, 
and storage-intensive because intermediate files such as mapped Binary Alignment 
Map (BAM) files must be retained. Moreover, unlike hcWGS, public repositories pro-
vide only limited lcWGS VCF resources. Converting existing public data into lcWGS 
VCFs requires several preprocessing stages: downloading BAM, Compressed Reference-
oriented Alignment Map (CRAM), or FASTQ files; downsampling; performing quality 
control measures such as deduplication and base quality score recalibration (BQSR); 
and finally variant calling. Each step demands substantial computation and additional 
storage capacity. These constraints underscore the need for simulation methods capa-
ble of generating large-scale lcWGS datasets in a user-friendly output format, enabling 
researchers to mitigate data scarcity and to develop and validate robust models in popu-
lation genetics. Several simulation tools have been developed to address the limitations 
of available sequencing data resources and facilitate the evaluation of statistical meth-
ods as well as bioinformatics algorithm development [9–15]. Yet, there is currently no 
tool specifically designed to directly simulate genotype likelihood distributions for the 
purpose of generating lcWGS VCF files from existing hcWGS VCF files. To address 
this gap, we propose leveraging MGMMs to simulate lcWGS genotype likelihood dis-
tributions. Gaussian mixture models (GMM) have been proposed to simulate probabil-
ity distributions by representing the overall distribution as a combination of multiple 
Gaussian components [16]. This allows GMMs to capture complex, multimodal data dis-
tributions by adjusting the weights, means, and covariances of the individual Gaussian 
components. When applied to multivariate data, GMMs become MGMMs, which are 
recognized as robust statistical methods for clustering and density estimation in vari-
ous fields. In the fields of bioinformatics and genomics, MGMMs have been utilized for 
various applications such as capturing gene expression patterns [17], clustering GWAS 
metadata with high missingness rate [18], estimating population stratification[19], and 
discovering patterns in human chromatin structure [20]. Here, we leveraged MGMMs to 
capture heterogeneous genotype likelihood information from lcWGS data and provide 
a new strategy for lcWGS simulation. This tool can simulate representative lcWGS gen-
otype likelihood distributions that closely resemble ground-truth lcWGS. We demon-
strated that our simulated data has potential for downstream analysis and applications, 
including population stratification analysis [21, 22] and polygenic risk score calculation 
[23–25].
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Methods
Dataset: New York Genome Center 1000 Genomes Project data

The 1000 Genomes Project (1KGP) [26] aimed to provide a comprehensive overview of 
common human genetic variation by performing whole-genome sequencing (WGS) on 
a diverse group of individuals representing multiple populations. Previously, the New 
York Genome Center (NYGC) re-sequenced all 2504 samples at 30× depth of coverage. 
The re-sequencing was conducted on an Illumina NovaSeq 6000 system with 2 ×150 bp 
reads, aligned to the GRCh38 reference genome. In our work, we used 36 individuals of 
African and European ancestry for the purpose of MGMMs training and 100 sequenced 
sample data containing five global populations: East Asians (EAS), Europeans (EUR), 
Africans (AFR), South Asians (SAS), and Admixed Americans (AMR). We also used 
NA12878 WGS data to demonstrate our simulation results.

Downsampling

SAMtools (v.1.10) was used to downsample the selected 30× mapped 1KGP genomes 
(n = 100) and the sample NA12878 genome randomly at a coverage level of 1×. We per-
formed downsampling using the command “samtools view-T ${ref_genome}-s 1. 0333-
bo ${output_ bam} ${input_bam}”, where we used the human genome reference genome 
(v.hg38) as ${ref_genome}. The downsampled BAM files were indexed with command 
“samtools index ${output_ bam}”.

Reference panels

We used haplotypes derived from 3202 individuals across 26 ancestry populations re-
sequenced by NYGC at depth of 30× from 1000 Genomes Project phase (GRCh38) as 
reference panel. We downloaded the reference panel from (http ://ftp.1000genomes.ebi.
ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/working/20201028_3202_
phased/CCDG_14151_B01_GRM_WGS_2020-08-05_${chroms}.filtered.shapeit2-
duohmm-phased.vcf.gz{,.tbi}). We then extracted biallelic variant sites from the 
downloaded reference panel using the command “bcftools view-m 2-M 2-v snps -Oz-o 
${output_vcf } ${input_vcf }” and indexed the output VCF files by using “tabix-p vcf 
${output_vcf }” to create the final reference panel for this study.

Genotype likelihoods calculation and variant extraction

First, to call genotypes on lcWGS and hcWGS NYGC 1KGP sequencing data, we 
extracted 61,715,567 biallelic variable positions from the NYGC 1KGP reference panel, 
including the reported reference (REF) and alternative (ALT) alleles. Then, we ran 
“bcftools mpileup” and “bcftools call” commands on the CRAM/BAM files to extract 
these biallelic variable positions and performed genotype calling. Genotype likelihoods 
were calculated by default during the “bcftools mpileup” step and were passed directly to 
“bcftools call”.

Genotype imputation and phasing

We performed genotype imputation and phasing using GLIMPSE v1.1.0 with default 
settings using NYGC 1KGP as reference panel with a total of 61,715,567 biallelic vari-
ant sites. First, we used the GLIMPSE_chunk tool to split the chromosomes into chunks 
with commands “--window-size 2,000,000” and “-buffer-size 200,000”. Next, we applied 
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the GLIMPSE_phase tool to perform phasing and imputation by refining genotype like-
lihoods. This was followed by the GLIMPSE_ligate tool to merge imputed chunks into 
complete chromosome sequences. Lastly, we used GLIMPSE_sample tool to generate 
haplotype calls.

Genotype likelihood distributions and allele presence probability calculations

A VCF file is a commonly used standard text file format in bioinformatics that stores 
genetic variations such as SNPs and indels [27], and is widely used in next-generation 
sequencing analysis. For each genotype derived from hcWGS VCF files, we trained 
MGMMs to learn noise patterns from the corresponding variant position using lcWGS 
genotype likelihood information. This process involved extracting genotype and Phred-
scaled likelihood information from 30× (ground-truth) and 1× coverage VCF files, 
respectively. Phred-scaled genotype likelihood is a three-dimensional vector PLi,j[gi,j] 
that can be converted and normalized to genotype likelihoods as described [28] (1):

GLi,j = 10−
P Li,j [gi,j ]

10

∑
gi,j

10−
P Li,j [gi,j ]

10
� (1)

A genotype likelihood refers to the likelihood of observing the sequencing reads [29] at 
a specific genomic location. In the absence of available reads, the likelihood distribu-
tion remains uniform, but it converges towards a specific genotype as the number of 
supporting reads for that genotype increases. In this work, the genotype likelihoods for 
individual i were calculated across filtered variant position j at sequencing read D. This 
is denoted by gij  ∈ {rr, ra, aa}, which indicates homozygous reference, heterozygous, 
homozygous non-reference genotypes. The allele presence probabilities of the REF allele 
Pr (rij) and the ALT allele Pr (aij) were calculated from the given genotypes (2 and 3):

Pr (rij) = GL (gij = rr|D) + GL (gij = ra|D)� (2)

Pr (aij) = GL (gij = aa|D) + GL (gij = ra|D)� (3)

To convert the allele presence probability distribution back into genotype likelihoods 
and express them in dosage format compatible with VCF file fields, we applied the fol-
lowing conversion formula (4–6):

GL (gij = 0|D) = Pr (rij) ∗ (1 − Pr (aij))� (4)

GL (gij = 1|D) = Pr (rij) ∗ Pr (aij)� (5)

GL (gij = 2|D) = (1 − Pr (rij)) ∗ Pr (aij)� (6)

Overview of MGMMs and model training

lcWGS data often lacks sufficient sequencing depth for unambiguous genotype determi-
nation. To address this limitation, we employed allele presence probability distributions 
to characterize the inherent uncertainty in lcWGS genotypes. This probabilistic repre-
sentation captures lcWGS allele presence uncertainty without requiring a genotype call. 
We captured lcWGS allele presence probability distributions by first converting geno-
type likelihood information to allele presence probabilities using formulas (2) and (3). 
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We then used the converted lcWGS allele presence information to train a MGMM with 
K  components for each hcWGS genotype. We defined lcWGS allele presence probabil-
ity distributions as an m × 2 matrix denoted by X, where m represents the total number 
of variants across all input sample individuals. We used 36 individuals of AFR and EUR 
ancestry for model training. Each row [xi1, xi2] in matrix X  indicates the presence prob-
abilities for the REF allele and the ALT allele at the i-th variant site, with each allele pair 
treated as mutually independent observations. Each MGMM component k (k = 1, 2…, 
K) comprises a two-dimensional multivariate Gaussian component parameterized by a 
mean vector µk and a 2 × 2 covariance matrix Σk. In this study, biallelic variants were 
used to train the model. The MGMMs simulate the overall distribution of the m × 2 data 
as a mixture of these k two-dimensional Gaussian components. The probability density 
function of the MGMMs is expressed as a weighted linear combination of K  Gaussian 
components (7):

f(X) =
K∑

k=1

πkN (X|µk, Σk)� (7)

where:

 	• X  is the two-dimensional allele presence probability vector [xi1, xi2] composed of 
the REF allele and the ALT allele at the i-th variant site.

 	• πk is the weight of component k in the mixture models that satisfy the constraint ∑K
k=1πk = 1 with the condition πk ≥ 0.

N (X|µk, Σk) is the multivariate Gaussian density with mean µk and covariance Σk 
evaluated at X denoted by (8):

N (X|µk, Σk) = 1√
2πd|Σk|

exp

(
−1

2
(X − µk)T Σ−1

k (X − µk)
)

� (8)

where:

 	• d = 2 represents the dimensionality of the data (REF allele and ALT allele).
 	• µk = [µREF,k, µALT,k]T is the mean vector of the k-th Gaussian component.
 	• Σk​ is a 2 × 2 covariance matrix of the k-th Gaussian component.
 	• ​|Σk| denotes the determinant of the covariance matrix of the k-th Gaussian 

component.

The complete parameter set θ = (π1, µ1, Σ1, π2, µ2, Σ2 . . . , πk, µk, Σk) was estimated 
using the expectation–maximization (EM) algorithm to obtain maximum likelihood 
estimates [30]. The EM process begins by initializing the algorithm, where existing 
sample coordinates are randomly assigned as initial centroids, denoted as θ0. During 
the initialization step, the weight πk for each component is assigned to 1/K . The EM 
algorithm involves alternation between two steps: the expectation step (E-step) and the 
maximization step (M-step). During the E-step, based on the current parameter values 
θ, the algorithm calculates the conditional probabilities that each allele presence prob-
ability set [xi1, xi2] belongs to component k. During the M-step, the parameters θ are 
updated by maximizing the likelihood using the conditional probabilities derived in the 
E-step. These two steps alternate until the change in parameter estimates falls below a 
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predefined tolerance threshold. MGMM models were trained to simulate the allele pres-
ence probabilities for the REF and ALT alleles in lcWGS for each genotype class (9):

(Pr (ri,j) , Pr (ai,j)) ∼
K∑

k=1

πkf (µk, Σk)� (9)

We used the sklearn.mixture package [31] in Python [32] to fit MGMMs. It assessed the 
two-dimensional allele presence probability distributions of each variant as a multivari-
ate distribution across the dataset. We performed EM optimization on these Gaussian 
distributions using the built-in algorithm in sklearn.mixture.GMM, with a tolerance of 
1×10⁻⁸ as the convergence threshold. All other hyperparameters were set to their default 
values for training the MGMMs.

For each genotype class in hcWGS, the corresponding lcWGS allele presence probabil-
ity distribution was modeled using the maximum likelihood estimate ln

(
L̂

)
 computed 

from the observed lcWGS allele presence probability distributions (10):

L̂ =
N∏

i=1

(
K∑

k=1

πkN (X|µk, Σk)

)
� (10)

We utilized the Bayesian information criterion (BIC) for model selection to determine 
the number of components K  for a MGMM for each genotype class [33, 34] (11):

BIC ≡ −2 · ln
(

L̂
)

+ c · ln (N)� (11)

where c represents the number of estimated parameters, N denotes the number of 
variants.

Overview of data preparation and simulation workflow

The computational workflow of lcSimVCF is shown in Fig. 1a. The simulation pipeline 
requires a hcWGS VCF file as input to generate the corresponding lcWGS simulation. 
To prepare the data for model training, we downloaded and downsampled 36 samples 
from the NYGC re-sequenced dataset, followed by variant calling. Next, we performed 
a liftover on both hcWGS and lcWGS sequencing data from the GRCh38 to GRCh37 
reference genome build. Genotype and genotype likelihood information were extracted 
from ground-truth hcWGS and lcWGS VCF files, respectively, using the scikit-allel 
Python module, specifically assessing the “calldata/GT” field for genotypes and “calldata/
PL” field for Phred-scaled genotype likelihoods. For each genotype class, an MGMM 
model was trained to learn patterns of lcWGS allele presence probabilities from hcWGS. 
The optimal number of components for each model was determined by BIC. The trained 
MGMMs were subsequently employed to simulate lcWGS allele presence probabilities, 
which were then further converted to genotype likelihood information as described in 
Eqs. (4)–(6) for VCF file export (Fig. 1b). To mimic missing genotypes in lcWGS data, we 
calculated the missing ratio of ground-truth lcWGS compared to 30 × hcWGS VCF files. 
We noticed that approximately 37% of the variants were absent in lcWGS data. There-
fore, 37% of allele presence probability pairs were masked with sentinel values (−1) and 
recorded as missing genotypes in the output VCF files.
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Fig. 1  a Overview of data preparation and simulation workflow. Mapped BAM files were downsampled to low-
coverage BAM files. Variant calling was conducted on both lcWGS and hcWGS BAM files. Genotypes extracted from 
hcWGS VCF files and genotype likelihoods extracted from lcWGS VCF files were used to train MGMMs. The trained 
MGMMs were then used for lcWGS VCF simulation given hcWGS genotype information. The simulated lcWGS VCF 
files were imputed before downstream applications such as polygenic risk score prediction, population stratifica-
tion, and data augmentation. At each variant site, alleles were encoded using 0 and 1, where 0 represented the 
reference allele matching the reference genome and 1 denoted the alternative allele differing from the reference 
genome. b Detailed simulation process using one MGMM per genotype. Genotypes and their associated geno-
type likelihoods were extracted from hcWGS VCF files and lcWGS files, respectively. Genotype likelihoods were 
initially represented as Phred-scaled scores, which were then converted into allele presence probabilities. For each 
genotype class, an MGMM was trained to learn intrinsic patterns within the genotype likelihood distributions from 
the lcWGS data
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Our simulation pipeline transforms input hcWGS VCF files into corresponding lcWGS 
VCF files while maintaining structural consistency and format compatibility. The simula-
tion framework employs MGMMs to model the relationship between hcWGS genotypes 
and lcWGS genotype likelihood distributions. Output VCF files contain standardized 
fields including genotype calls (‘FORMAT/GT’), allelic dosage (‘FORMAT/DS’), and 
Phred-scaled genotype likelihoods (‘FORMAT/PL’), with results recorded in the ‘FOR-
MAT/GT’ field. We implemented the simulation tool in a Python3.8 environment.

Results
Comparison of allele presence probability distribution between simulated 1× WGS and 

ground-truth 1× WGS

The selected NYGC re-sequenced 1KGP data, which included samples for model train-
ing data and NA12878, were downloaded as CRAM files from The International Genome 
Sample Resource (IGSR) via FTP site ​(​​​h​t​t​p​​s​:​/​/​f​​t​p​.​1​0​0​​0​g​e​n​​o​m​e​s​.​e​b​i​.​a​c​.​u​k​/​v​o​l​1​/​f​t​p​/​d​a​t​a​_​c​
o​l​l​e​c​t​i​o​n​s​/​1​0​0​0​G​_​2​5​0​4​_​h​i​g​h​_​c​o​v​e​r​a​g​e​/​​​​​)​. The SAMtools [14] command “samtools view-
s” was used to downsample 30 × CRAM file to 1 ×  BAM file for the preparation of lcWGS 
data. We marked and removed duplicative reads [35, 36] using LocusCollector algorithm 
and Dedup algorithm in Sentieon® Genomics software [37, 38]. Base quality score reca-
libration (BQSR) was performed with the QualCal algorithm to generate recalibration 
tables, after which variants were called with the Haplotyper algorithm [39]. During 
the variant calling step, we applied default parameters for 30x  WGS data and specified 
--emit_mode all, --emit_conf 0 for 1 × WGS. All biallelic variable positions in the 1KGP 
reference panel were extracted, along with their reported REF and ALT alleles. We then 
conducted liftover on called variants from human reference genome [40, 41] assembly 
GRCh38 [42] to human reference genome assembly GRCh37 [43–45] on both 1× WGS 
and 30× WGS using Picard (Institute 2019) LiftoverVcf. We developed a MGMM for 
each genotype class based on a randomly selected sample of 100,000 variants from an 
admixed population of 36 AFR and EUR descents in the NYGC re-sequenced 1KGP 
dataset (Table S1). SGM has been widely used for density distribution profiling due to its 
simplicity and effectiveness. Alternatively, MGMMs are often employed as a more flex-
ible approach, where the density distribution is modeled using a combination of multiple 
Gaussian components [46, 47]. Therefore, we established an SGM as a baseline to deter-
mine whether the added complexity of MGMMs provided significant improvement. The 
mean vectors and covariance matrices that modeled the two-dimensional allele pres-
ence probability distributions are shown in Table 1. SGM used a single component to 

Table 1  Optimal parameters and component metrics for the SGM
Gaussian component Mean Covariance matrix Weights Angle Bhattacharyya 

distance (BD)
Homozygous reference

1 [0.9945, 0.2618]
[

0.0012 −0.0012
−0.0012 0.0095

]
1.0 98.25° 0.156

Heterozygous

1 [0.7426, 0.7226]
[

0.1156 −0.0706
−0.0706 0.1195

]
1.0 134.22° 0.0031

Homozygous non-reference

1 [0.2634, 0.9974]
[

0.0099 −0.0007
−0.0007 0.0006

]
1.0 175.51° 0.183

https://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/
https://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/
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capture the two-dimensional allele presence probability distribution. For MGMMs, we 
used BIC to determine the optimal number of Gaussian components for model selection 
as shown in Fig. 2. The optimal numbers of Gaussian components for homozygous ref-
erence, heterozygous, and homozygous non-reference genotypes were 7, 6, and 4, with 
BIC values of - 213,054.64, - 185,821.192, and - 207,949.01 respectively (Table  2). We 
evaluated the simulated allele presence probability distribution on chromosome 22 and 
on the remaining chromosomes. This evaluation involved calculating the Bhattacharyya 
distances (BD) between SGM-simulated 1 × WGS and ground-truth 1 × WGS, as well as 
between MGMM-simulated 1 × WGS and ground-truth 1 × WGS, without masking or 
excluding missing data points [48]. In chromosome 22, the BD values between SGM-
simulated 1 × WGS and ground-truth 1 × WGS for each genotype were 0.156, 0.0031, and 
0.183, respectively. In contrast, the BD values between MGMM-simulated 1x WGS and 
ground-truth 1 × WGS were substantially lower at 0.004, 0.0023, and 0.0046, respectively 
(Fig.  3; Figs. S1 and S2). These results suggest that MGMM-simulated 1 × WGS data 
exhibited higher probability distribution similarity to ground-truth 1 × WGS data com-
pared to SGM-simulated 1 × WGS data, demonstrating the superior ability of MGMMs 
to capture the complex nature of genotype likelihood distributions.

Population stratification

Population genomic analysis allows detection of allele frequency variations [49] driven 
by evolutionary mechanisms such as natural selection, population migration, and 

Fig. 2  MGMMs training results for each genotype. a 36 samples representing EUR and AFR subpopulations from 
the 1KGP cohort for training SGMs and MGMMs. We trained models for three genotypes: homozygous reference, 
heterozygous, and homozygous non-reference. The position and orientation of the Gaussian variance of each 
cluster is indicated with a blue circle. The cluster centroids are indicated with red dots. b The optimal number of 
components for a MGMM was determined by BIC
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genetic drift [50–52]. Over time, these processes lead to accumulated differences in allele 
frequencies between populations, resulting in distinguishable genetic patterns, a phe-
nomenon known as population stratification [53, 54]. Understanding population stratifi-
cation is crucial for capturing genetic traits and reducing confounding effects in GWAS 
[55–57]. The motivation to infer ancestry differences among individuals from various 
populations [58, 59] or to identify population structure stems from several applications, 
including population genetics, GWAS [60], and prediction of specific traits for individ-
uals [61–63]. Until recently, stratifying individuals into populations was feasible using 
only a few markers. However, advancements in technology and decreasing costs now 
make it possible to use whole genomes for these analyses [64–66]. This allows for highly 
detailed population analyses based on thousands of markers [67–69]. To demonstrate 
our simulation tool's performance on population stratification analysis, we followed 
a protocol similar to that used for sample NA12878. We downloaded selected NYGC 

Table 2  Optimal parameters and component metrics for the MGMMs
Gaussian 
component

Mean Covariance matrix Weights Angle Bhat-
tacharyya 
distance

Homozygous reference

1 [0.9999,0.2008]
[

1.052 × 10−6 −4.166 × 10−8

−4.166 × 10−8 1.033 × 10−6

]
0.296 141.37 ◦ 0.004

2 [0.9993,0.3343]
[

1.065 × 10−6 −4.352 × 10−8

−4.352 × 10−8 1.029 × 10−6

]
0.532 146.33 ◦

3 [0.9999,0.0519]
[

1.005 × 10−6 −9.983 × 10−8

−9.983 × 10−8 1.764 × 10−4

]
0.037 127.63 ◦

4 [0.57, 0.7285]
[

0.0093 −0.0059
−0.0059 0.0038

]
0.002 90.03 ◦

5 [0.7904,0.4734]
[

1.000 × 10−6 6.163 × 10−33

6.163 × 10−33 1.000 × 10−6

]
0.0139 147.36°

6 [0.9999,0.1118]
[

1.0037 × 10−6 −3.3056 × 10−9

−3.3056 × 10−9 1.0029 × 10−6

]
0.096 138.39°

7 [0.94, 0.3365]
[

0.0032 0.0008
0.0008 0.0034

]
0.022 -130.72°

Heterozygous

1 [0.9957, 0.9929]
[

2.02 × 10−5 −5.23 × 10−7

−5.23 × 10−7 2.93 × 10−4

]
0.262 90.11° 0.0023

2 [0.3358, 0.997]
[

1.6 × 10−4 −2.39 × 10−4

−2.39 × 10−4 3.6 × 10−4

]
0.282 123.67°

3 [0.9964, 0.3357]
[

5.25 × 10−4 −2.9 × 10−4

−2.9 × 10−4 2.07 × 10−4

]
0.282 149.17°

4 [0.196, 0.9998]
[

2.8 × 10−3 −2.57 × 10−5

−2.57 × 10−5 1.45 × 10−6

]
0.084 179.48°

5 [0.9999, 0.1118]
[

1.00 × 10−6 −5.49 × 10−16

−5.49 × 10−16 1.00 × 10−6

]
0.019 138.39°

6 [0.9999, 0.2007]
[

1.04 × 10−6 −2.8 × 10−8

−2.8 × 10−8 1.02 × 10−6

]
0.071 141.37°

Homozygous non-reference

1 [0.3343, 0.9993]
[

1.014 × 10−6 −2.16 × 10−8

−2.16 × 10−8 1.032 × 10−6

]
0.549 123.67° 0.0046

2 [0.2007, 0.9999]
[

1.004 × 10−6 −5.56 × 10−9

−5.56 × 10−9 1.01 × 10−6

]
0.31 128.63°

3 [0.4191, 0.8942]
[

0.0264 −0.029
−0.029 0.0334

]
0.027 131.59°

4 [0.0988, 0.9999]
[

5.53 × 10−4 −3.12 × 10−10

−3.12 × 10−10 1.000 × 10−6

]
0.114 180°
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re-sequenced 30 × CRAM files from 100 samples from IGSR, performed downsampling 
and variant calling using “samtools view -s” and “bcftools mpileup”, and conducted coor-
dinate liftover from GRCh38 to GRCh37. For genotype imputation, we used the 1KGP 
Phase 3 public dataset on GRCh37 as the reference panel, which includes haplotypes 
across 81,271,745 biallelic variant sites. Both the 30 × VCF files and 1 × VCF files were 
imputed using default parameters in GLIMPSE v1.1.0. Target samples were excluded 
from the reference panel during the imputation process. Principal components analysis 
(PCA) represents the most widely recognized method for population structure identi-
fication [70, 71]. PLINK v1.9 [72] was applied for PCA projection, with results visual-
ized using R4.3.0 [73]. To quantitatively evaluate population clustering performance, 
we employed the adjusted Rand index (ARI) [74], a semi-supervised spectral clustering 
metric [75]. Our analysis achieved an ARI of 1.0 for post-imputation simulated 1 × WGS 
with a Euclidean distance of 0.02841 compared to the corresponding 30 × gold standard 
WGS dataset. PC1(principal component 1) and PC2(principal component 2) captured 
the two major sources of genetic variation within our dataset. Two-dimensional cluster 
representation of genetic variation was achieved by plotting PC1 against PC2, where dis-
tinct clusters indicated genetic similarity and provided insights into population structure 
and relationships. Our results suggested that simulated 1 × WGS data can produce popu-
lation stratification patterns representative of those derived from ground-truth 30 × gold 
standard WGS dataset following genotype imputation (Fig. 4).

Fig. 3  Evaluation results by genotype on NA12878 chromosome 22. The GMM randomly selected 5000 variants 
for each genotype class at the corresponding chromosome 22 positions of NA12878 from a SGM-simulated data, 
b MGMM-simulated data, and c ground-truth lx WGS data
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PRS analysis

PRSs are essential for assessing genetic predisposition to complex diseases, as they 
aggregate data from multiple risk variants pinpointed in GWAS [6, 76–80]. To assess 
the technical reproducibility of using simulated lcWGS versus 30 × WGS-based data in 
PRS analysis, we simulated 100 lcWGS samples selected from the 1KGP phase 3 dataset 
using MGMMs. We calculated PRSs as the sum of the N  genome-wide genotype dosage 
Xi weighted by their corresponding effect sizes β̂ derived from GWAS summary statis-
tics (12):

PRS =
N∑

i=1

β̂i · Xi� (12)

We imputed simulated lcWGS samples through GLIMPSE v1.1.0 [28] using 1KGP phase 
3 reference panel. We excluded the target sample from the reference panel during the 
imputation process. We evaluated the variability of previously published PRSs for three 
phenotypes: atrial fibrillation (AF) [83], coronary artery disease (CAD) [81], and type 
2 diabetes (T2D) [82].These PRSs were obtained through various scoring methodolo-
gies detailed in the PGS Catalog [84]. The CAD, T2D, and AF risk scores incorporated 
168, 403, and 6,730,542 SNPs, respectively. PRSs derived from simulated lcWGS samples 
were compared with those derived from corresponding 30 × WGS-based data. Statisti-
cal analyses were conducted in R v4.0.0. Across 81,271,745 imputed loci, we found that 
PRSCAD, PRST2D, and PRSAF were highly correlated (Fig. 5a–c), with R2 of 0.94, 0.87, and 
0.85, respectively. These results demonstrate that simulated lcWGS has the potential to 
enable accurate PRS calculation compared to 30 × WGS-based data.

Fig. 4  Comparison of simulated 1 × WGS with 30 × gold standard WGS in population stratification. To demonstrate 
the utility of our tool, we conducted population stratification analysis on a WGS dataset from the NYGC re-se-
quenced 1KGP dataset. This dataset comprises genotypes from 100 individuals sampled across five super-ancestry 
groups. The two panels show the projection of the first two principal components derived from 1KGP samples 
(n = 100) for a ground-truth 30 × gold standard WGS and b post-imputation simulated 1 × WGS. Observations are 
colored according to super-ancestry population
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Computational performance

We evaluated the total runtime of the simulation tool on a processor with 30 GB RAM 
using different CPU configurations (1 and 16 cores). We tested simulation performance 
across varying numbers of variants (100, 500, 1000, 5000, and 10,000) and individuals 
(1, 10, 50, 100, 200, 400, and 800). Including the simulator's initialization time, we simu-
lated a genomic region of approximately 130 kbp containing 10,000 variants across 800 
individuals. The simulation completed in less than 30  seconds using 16 CPUs and in 
150 seconds using a single CPU. In addition, we performed whole-genome simulations 
on sample NA12878 using a per-chromosome approach. We observed that all chromo-
somes were processed within 1700  seconds using 16 CPUs and 2600 seconds using a 
single CPU. Since chromosome 1 represents the computational bottleneck due to its 
size, we conducted scalability testing with expanded RAM (120 GB) using the same CPU 
configurations. We simulated the entire chromosome 1 with varying sample sizes of 1, 
10, 50, and 100 individuals. The chromosome 1 simulation using 16 CPUs demonstrated 
significant computational efficiency. The process included input data reading, allele 
presence probability conversion to genotype likelihoods, and VCF file export. The total 
time complexity of the simulation is O(n · v), where n is the number of samples and v is 
the number of variants (Fig. 6a–d).

Discussion
We designed a lcWGS simulation tool lcSimVCF to facilitate development of large-
scale machine learning models, PRS calculations, ancestry analysis methods, and other 
lcWGS-related bioinformatics pipelines. lcWGS has emerged as a cost-effective strategy, 
serving as an alternative to genotype arrays while preserving whole-genome information 
[4, 85–87]. However, current methods for generating lcWGS data are time-consuming 
and laborious. We developed lcSimVCF to enable the simulation of large-scale lcWGS 
data from hcWGS data. Genotype likelihoods preserve haplotype information in a 
probabilistic manner [88], which is particularly advantageous for low-coverage whole-
genome sequencing data. Due to the inherent noise and uncertainty associated with 
low-coverage sequencing, employing a probabilistic approach to capture genotype infor-
mation is more effective compared to non-probabilistic methods that may fail to account 
for the stochastic nature of such data [86, 89, 90]. MGMMs are a robust probabilistic 

Fig. 5  Correlation of PRSs between the simulated 1 × lcWGS post-imputation and the 30 × WGS-based data in 100 
selected 1KGP samples. After genotype imputation using GLIMPSE v1, we calculated R2 between PRSs derived 
from simulated lcWGS data and 30 × WGS-based data using 100 selected samples collected from 1KGP phase 3 
dataset
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modeling approach that can effectively capture complex, multimodal data distributions 
by representing them as a mixture of multiple Gaussian component distributions. This 
flexibility renders MGMMs particularly advantageous for density estimation tasks, espe-
cially when dealing with heterogeneous datasets exhibiting distinct subpopulations or 
clusters that cannot be adequately modeled by a single Gaussian distribution. MGMMs 
have found widespread applications in genomics, including estimating the polygenicity 
and discoverability of phenotypic traits [91], characterizing the nature of genotype-trait 
associations [92], clustering gene expression data [17, 93], and identifying key transcrip-
tomic regulators [94, 95]. Therefore, the MGMMs framework presents itself as a suitable 
methodological approach for estimating genotype likelihoods from lcWGS data.

MGMMs in capturing lcWGS genotype likelihoods

Our findings demonstrate the robustness of MGMMs in estimating genotype likelihoods 
[95] represented as allele presence probability distributions. MGMMs outperformed 
the benchmark SGM, reflecting their ability to effectively capture the heterogeneous 
[96] and potentially multimodal nature of genotype likelihood distributions. During the 
training of MGMMs, we observed that the homozygous reference genotype required 
more components than the homozygous non-reference genotype to accurately cap-
ture patterns of allele presence probability distributions. This finding suggests that in 

Fig. 6  Runtime assessment. Runtime performance after simulating specified numbers of individuals and variants, 
across two distinct computational configurations: a a single CPU and b a 16-CPU system, including initialization 
time for the simulation process. c Runtime across all chromosomes for sample NA12878 conducted on both CPU 
core environment. d Computational scalability testing performed on chromosome 1
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homozygous reference genotypes, low coverage and potential sequencing errors may 
lead to the presence of alternative allele reads, making genotype likelihood calculations 
less certain. Consequently, additional components are needed to accurately model such 
noise patterns. Whereas in homozygous non-reference genotypes, even with low cover-
age, this pattern might be clearer and less affected by noise, requiring fewer components 
to model.

Linkage disequilibrium is independent of lcWGS genotype likelihood simulation

While variants within linkage disequilibrium (LD) blocks are correlated due to their 
shared haplotype structures [97], this biological correlation does not translate to depen-
dencies in sequencing noise. Our model is specifically designed to simulate stochastic 
noise in lcWGS data using hcWGS data as a reference. The noise being modeled reflects 
technical artifacts, such as sequencing errors and coverage variability, rather than bio-
logical processes. Consequently, while LD blocks capture correlations between variants 
due to inheritance, these correlations do not directly affect the noise characteristics 
being simulated. Each variant’s noise profile primarily depends on local sequencing 
quality and coverage, which is treated as an independent event in our model. In addition, 
lcWGS data simulated using this MGMM-based computational tool exhibits utility for 
applications in population stratification. The simulated lcWGS generated by our devel-
oped tool accurately represents the patterns of genetic variation observed among five 
different superpopulations. It demonstrates concordance with the population structure 
inferred from ground-truth 30× WGS data.

lcSimVCF shows potential for PRS analysis and reasonable simulation timeframes

PRSs are dynamic estimates that can vary over time due to several key factors, including 
loci number, genetic architecture, variant weighting, effect size, and underlying genetic 
model [98–101]. In this analysis, we are able to demonstrate that using lcWGS data sim-
ulated from our developed MGMM tool reproduced a significant portion of the variance 
in PRS results. Furthermore, the simulations can be completed within a reasonable time-
frame. Computational efficiency is expected to be enhanced in a multi-core CPU envi-
ronment, leveraging parallel processing capabilities. Compared to other genetic variant 
and sequencing data simulators, lcSimVCF stands out as the first tool to offer an effi-
cient and innovative strategy for simulating lcWGS VCF files. It provides a cost-effective 
approach for obtaining lcWGS SNP markers, which is crucial for enhancing the statisti-
cal power of population genetic studies and developing data-greedy models for lcWGS 
applications. This makes it a valuable resource for researchers.

Limitations and future directions

While the presented simulation approach demonstrates promising capabilities, there are 
potential limitations. First, the simulated lcWGS VCF files only provide unphased geno-
type information, even though the tool utilizes genotype likelihoods sampled from the 
trained MGMMs. To obtain phased genotype data, the application of appropriate impu-
tation or phasing tools would be necessary as a subsequent step [102, 103]. The second 
limitation is that the trained MGMMs do not account for potential differences in these 
distributions across varying minor allele frequency (MAF) ranges. The primary objective 
of lcSimVCF is to simulate allele presence likelihoods and genotype likelihood patterns 
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in lcWGS data, given a known genotype from hcWGS. As such, the tool is designed to 
model the probabilistic nature of lcWGS data rather than directly reflect ground-truth 
information about rare variants. Yet, developing MGMMs that incorporate MAF infor-
mation could potentially enhance the model's resolution in capturing noisy genotype 
likelihood distributions for rare variants [104, 105]. This refinement may prove benefi-
cial for accurately simulating genotype likelihoods for variants with MAF < 1%. Third, 
although the simulated lcWGS data demonstrated high accuracy in PRS prediction, 
there remains scope for further improvement. Imputation accuracy for rare variants 
using lcWGS data is currently suboptimal. Leveraging larger, diverse reference panels 
could potentially enhance imputation performance, particularly for low-frequency vari-
ants [28, 106–108]. This limitation could be mitigated by the proposed development of 
MAF-aware MGMMs. Fourth, the current version of the simulation tool can only gen-
erate 1× lcWGS datasets. Future work can involve simulating a broader range of low-
coverage data using Bayesian inference techniques. Lastly, lcSimVCF currently does 
not demonstrate its utility for sex chromosomes and has exclusively focused on biallelic 
variants. This is primarily due to the additional complexity involved in variant calling 
and genotype imputation specifically required for sex chromosomes, arising from their 
unique genomic architecture. Future work will therefore include expanding lcSimVCF's 
capabilities to accurately model genotype likelihoods for sex chromosomes and develop-
ing a robust framework to accommodate multiallelic variants. We aim to improve this 
tool to simulate various low-coverage levels, enhancing the tool's utility for a broader 
range of applications. This expansion will further increase the tool's utility across diverse 
research contexts in population genetics and personalized medicine.

Conclusions
The developed simulation tool demonstrates high reproducibility and efficiency in gen-
erating large-scale lcWGS datasets. It accurately simulates lcWGS allele presence prob-
ability distributions that closely resemble those observed in empirical lcWGS data. 
Furthermore, simulated data has shown promising potential for downstream applica-
tions, such as population stratification and PRS analysis. Notably, the simulation process 
can be completed within a reasonable timeframe across various computational environ-
ments. This tool holds significant promise in facilitating the development and evaluation 
of bioinformatics tools that rely on access to extensive lcWGS data resources.
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