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ABSTRACT
The rapid development of next-generation sequencing technologies and genomic
data sharing initiatives during the post-Human Genome Project-era has catalyzed
major advances in individualized medicine research. Genome-wide association
studies (GWAS) have become a cornerstone of efforts towards understanding the
genetic basis of complex diseases, leading to the development of polygenic scores
(PGS). Despite their immense potential, the scarcity of standardized PGS
development pipelines limits widespread adoption of PGS. Herein, we introduce
PGSXplorer, a comprehensive Nextflow DSL2 pipeline that enables quality control of
genomic data and automates the phasing, imputation, and construction of PGS
models using reference GWAS data. PGSXplorer integrates various PGS
development tools such as PLINK, PRSice-2, LD-Pred2, Lassosum2, MegaPRS,
SBayesR-C, PRS-CSx and MUSSEL, improving the generalizability of PGS through
multi-origin data integration. Tested with synthetic datasets, our fully
Docker-encapsulated tool has demonstrated scalability and effectiveness for both
single- and multi-population analyses. Continuously updated as an open-source tool,
PGSXplorer is freely available with user tutorials at https://github.com/tutkuyaras/
PGSXplorer, making it a valuable resource for advancing precision medicine in
genetic research.
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INTRODUCTION
In the post-Human Genome Project era, genomic data has become a cornerstone of
personalized medicine and health research. The availability of technologies capable of
generating vast genomic datasets has accelerated advancements in genome-wide
association studies (GWAS) and other genomic analyses, providing insights into the
genetic basis of complex diseases (Kim et al., 2012; Shi & Wu, 2017). The National
Institutes of Health’s Genomic Data Sharing Policy has facilitated the dissemination of
these datasets, improved collaboration and supported precision medicine initiatives (Shi &
Wu, 2017). Central to this progress is genomic data quality control (QC), which relies on
filtering and preprocessing genetic data to meet the stringent demands of high-throughput
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analyses and aims to ensure the accuracy and reliability of findings (Chang et al., 2015;
Gondro, Porto-Neto & Lee, 2014).

One of the most significant advances arising from the GWAS approach is the creation of
polygenic scores (also known as polygenic risk scores, PRS or PGS), which estimate an
individual’s genetic predisposition to traits or diseases by aggregating the effects of
multiple genetic variants. Calculated from genome-wide genotypes and their weights,
which are determined by effect sizes from GWAS, PGS provide a single-value estimate of
genetic propensity. These scores have shown great promise in predicting the risk of
complex diseases like Alzheimer’s (Mantyh et al., 2023), Parkinson’s (Wen et al., 2023),
cardiovascular diseases (e.g., coronary artery disease, atrial fibrillation) (Elliott et al., 2020;
Kavousi & Ellinor, 2023), prostate cancer (Schaffer et al., 2023) among others. By
improving predictive accuracy compared to earlier genetic tools, PGS support
individualized medicine by offering clinicians insights that can guide interventions.

Recent advances in PGS computation have highlighted both challenges and
opportunities in integrating diverse populations into genetic research. A major limitation
in the field stems from the overrepresentation of individuals of European ancestry in
GWAS datasets, which reduces the transferability and clinical utility of PGS for
non-European populations (Fahed et al., 2020). To address these disparities, researchers
have focused on developing population-specific PGS and adopting multidisciplinary
approaches to deliver equitable and generalizable genetic risk estimates (Page et al., 2022;
Smith et al., 2023). Emerging trends further emphasize the need to evaluate the utility of
PGS across a broad spectrum of diseases, including cancer and coronary heart disease,
while cautioning against the risks of overgeneralizing population-level data into individual
risk predictions (Khan et al., 2023). However, the calculation and interpretation of PGS
involve computationally demanding tasks, including managing large datasets and
addressing population genetics’ complexities, necessitating efficient algorithms and QC
protocols (Choi et al., 2020; Pain et al., 2020).

Automated genomic workflows, particularly those based on platforms like Nextflow,
address these challenges by providing scalable, reproducible pipelines that ensure accurate
data processing (Schulz et al., 2016). In this study, we developed PGSXplorer, a
comprehensive Nextflow DSL2 pipeline that integrates QC steps and multiple PGS
development algorithms to streamline the analysis of GWAS data. Our proposed pipeline
is fully Dockerized, enhancing its portability, reproducibility, and usability across different
platforms, while adhering to FAIR (Findability, Accessibility, Interoperability, and
Reusability) principles (Tommaso et al., 2017). PGSXplorer employs a suite of methods to
optimize PGS modeling, integrating well-established PGS algorithms. Our tool uniquely
supports multi-ancestry analyses, notably enhancing PGS accuracy and generalizability
across diverse populations. By incorporating genetic diversity across ancestries, it enables
the creation of robust and inclusive PGS models. Additionally, automating processes such
as genotype assignment, phasing, imputation, data filtering, and model construction makes
the genomic workflow more efficient, positioning PGSXplorer as a valuable tool for
advancing PGS research and facilitating large-scale genomic studies.

Yaraş et al. (2025), PeerJ, DOI 10.7717/peerj.18973 2/22

http://dx.doi.org/10.7717/peerj.18973
https://peerj.com/


MATERIALS AND METHODS
Pipeline development
PGSXplorer was developed using Nextflow (v24.04.3) (Tommaso et al., 2017) and the
DSL2 language and executed within a Docker container. Dockerization was employed to
ensure a consistent and reproducible environment through encapsulation of all
dependencies and software required for the analysis. A suite of specialized tools for PGS
model development were integrated into the pipeline, including PLINK (v1.9) (Chang
et al., 2015), PRSice-2 (Choi & O’Reilly, 2019), LD-Pred2 (Privé, Arbel & Vilhjálmsson,
2020), Lassosum2 (Privé et al., 2021), MegaPRS (Zhang et al., 2021), SBayesR-C (Zheng
et al., 2024), PRS-CSx (Ruan et al., 2022), and MUSSEL (Jin et al., 2023).

QC workflow of the pipeline
The QC workflow of our pipeline begins with the initial GWAS QC. This module
automates key QC processes for GWAS summary statistics to ensure data integrity and
reliability in downstream analyses. The QC module performs the following steps:

i) MAF filtering: Variants with MAF values below 0.01 are excluded to remove rare
variants that may cause noise in the analysis.

ii) INFO filtering: Variants with INFO (imputation score) values below 0.8 are removed
to enhance genotyping accuracy and minimize potential bias.

iii) Duplicate SNP removal: Duplicate SNPs are systematically identified and removed to
avoid redundant or conflicting data.

Following these steps, the filtered GWAS summary statistics are reconstructed and
prepared for subsequent stages of the workflow. These QC procedures follow standard
guidelines outlined by a previous study (Choi, Mak & O’Reilly, 2020).

Our pipeline was also designed to optimize the QC of the user-provided genotype data
through a series of automated steps: (i) filtering missing SNPs, (ii) filtering missing
individuals, (iii) minor allele frequency (MAF) filtering, (iv) Hardy–Weinberg equilibrium
(HWE) filtering, (v) relatedness check, (vi) heterozygosity assessment, and (vii) removal of
duplicate SNPs. These QC steps are streamlined and are executed using PLINK (v1.9) with
the parameters –geno, –mind, –maf, –hwe, –rel-cutoff, and –het (Chang et al., 2015).
Additionally, customized scripts written in R (v4.1.0) were employed to visualize
heterozygosity, HWE, relatedness, and MAF distributions of the given data. The specific
parameters and filtering criteria are detailed below:

i) Filtering missing SNPs: To preserve the integrity and accuracy of the genotype data,
the plink –geno parameter was used with a threshold value to remove SNPs with a
certain percentage of missing genotypes. A value of 0.02 was determined as the default
for PGSXplorer, eliminating variants with more than 2% missing SNP data across the
samples (Turner et al., 2011).

ii) Filtering missing individuals: After filtering missing SNPs, individuals with a high
rate of missing genotypes are filtered to maintain data quality. In this step of the
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pipeline, the plink –mind parameter with a value of 0.02 was set as the default value
(Turner et al., 2011).

iii) Filtering by MAF: The MAF threshold was determined to filter out rare variants that
may introduce noise or bias into the analysis. Generally, values of 0.01 to 0.05 are used
for this filtering step (Pavan et al., 2020). In this step, the default value was set to 0.05
using the plink –maf parameter.

iv) Filtering by HWE: Deviations from HWE were evaluated to identify genotyping
errors and ensure data quality. In our study, we applied HWE filtering in a
two-step process using PLINK. The first filtering step applied a strict HWE threshold
of 1e-6 to the control group. This step ensured removal of SNPs that deviated
significantly from HWE among controls. We then applied a second HWE threshold of
1e−10 to the case group. This less stringent step only targeted SNPs that showed
extreme deviations from HWE in the case data, as the stringent threshold had already
been applied to controls (Marees et al., 2018).

v) Relatedness checking: In population studies, the maximum degree of relatedness
between any pair of individuals is typically expected to be less than that of
second-degree relatives (Turner et al., 2011). To address this, PGSXplorer identifies
and filters possible sample mix-ups or family relationships that may introduce bias
downstream analyses. In this step, a default value of 0.1875 was defined for the
plink –rel-cutoff parameter.

vi) Heterozygosity assessment: Monitoring heterozygosity levels is essential for
identifying potential contamination or issues with genotyping data quality. In the
pipeline, heterozygosity filtering is performed based on +/− 3 Standard Deviations
(SD) from the mean.

vii) Removal of duplicate SNPs: To identify and remove duplicate SNPs from given
genotype dataset, we first listed the duplicate SNPs using the following command:
awk ‘{print $2}’ <input_bim_file> | sort | uniq -d > <output_duplicate_snps_list>

This command extracts SNP identifiers from the .bim file, sorts them, identifies
duplicates, saves them to a list file. Then PLINK –exclude command was used to remove
these duplicate SNPs from dataset. This process ensured that final dataset was free of
duplicate SNPs, improving the quality and reliability of our downstream analyses.

Integration of QC, phasing and imputation steps
Following the QC steps of the workflow, the filtered datasets in PLINK format are
automatically converted to VCF format for further processing. These VCF files are then
phased using Eagle (v2.4.1) (Loh et al., 2016) with reference files tailored to the GRCh38
genome build (details regarding the reference files are available on PGSXplorer’s GitHub
page). After phasing, imputation is performed using the same GRCh38-compatible
reference datasets with Beagle (v5.4) (Browning, Zhou & Browning, 2018). Subsequent to
imputation, additional QC is performed based on imputation scores to ensure data
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accuracy. The final files are then automatically converted back to PLINK format and made
ready for target ancestry inference and PGS calculations.

To include the QC steps, phasing, imputation, and visualizations in the PGSXplorer, the
inputs and outputs of each step were defined and assigned to different channels, with
separate modules created for each process as shown in Fig. 1. They were carefully designed
to filter out low-quality data, thereby enhancing the reliability of the downstream analyses.
The initial input, provided in PLINK (bed, bim, fam) or VCF formats, completes the target
and GWAS QC steps, phasing, and imputation in an automated and optimized manner.
This process prepares the data for PGS calculations. The default parameters used in these
steps are determined according to a previous study (Marees et al., 2018), but users can
provide the desired values as parameters.

Target ancestry inference
Detecting ancestry components in genomic data is a critical step in PGS model
development. In this study, the Fastmixture (Santander, Martinez & Meisner, 2024) tool
was integrated into the pipeline to perform target ancestry inference. Fastmixture utilizes
probabilistic modeling approaches to efficiently and accurately determine the proportions
of individuals belonging to different ancestral groups by processing genotype data
(Santander, Martinez & Meisner, 2024). The resulting outputs of the target ancestry
inference step were used in downstream analyses to account for population structure.

PGS modeling of genomic data
After completing the QC steps, PGSXplorer integrates four well-known PGS algorithms—
PLINK, PRSice-2, LD-Pred2 (both grid and auto), and Lassosum2 along with MegaPRS
and SBayesR-C—to generate robust PGS models from GWAS summary statistics. Each of
these tools was chosen for its distinct role and contribution to the development of PGS
models. Their selection in this study was based on their widespread recognition and
specialized capabilities in the field: (i) PLINK is a well-established tool in genetic
association studies, widely recognized for its efficiency in processing large-scale genetic
data. Its ability to filter SNPs meeting certain p-value thresholds significantly contributes to
PGS calculation (Purcell et al., 2007), (ii) PRSice-2 is highly regarded for its versatility in
handling large cohorts, requiring users to have a solid understanding of bioinformatics. It
enables the estimation of disease risk based on genetic variants and provides flexibility in
PGS model development by allowing adjustment of p-value thresholds to suit specific
research goals (Choi & O’Reilly, 2019), and (iii) LD-Pred2 enhances the accuracy of PGS
models by incorporating linkage disequilibrium (LD) information, a critical factor in
capturing the genetic architecture of complex traits. By leveraging LD, LD-Pred2 improves
the predictive power for identifying genetic variants associated with complex traits (Privé,
Arbel & Vilhjálmsson, 2020). (iv) Lassosum2 estimates PGS using GWAS summary
statistics alone and has demonstrated consistent improvements in prediction accuracy,
particularly when modeling multiple PGS derived from various parameters. It is a valuable
tool within a reference-standardized framework, especially for its ability to handle
high-dimensional genetic data and improve trait prediction (Pain et al., 2020; Privé, Arbel
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& Vilhjálmsson, 2020). (v) MegaPRS accurately estimates the effect of genetic variants on
phenotypic traits by incorporating complex inheritance models. Using the BLD-LDAK
model, it considers LD, MAF and functional characteristics of SNPs, which increases
accuracy and enables better modeling of genetic variance. Standing out for its
computational efficiency, MegaPRS offers an effective and flexible solution for genetic
predictions across different populations and traits (Zhang et al., 2021). (vi) SBayesR-C
calculates PGS using GWAS summary statistics and LD matrices, modeling genetic effect
sparsity through a finite mixture of normal distributions. It handles large-scale genetic data
efficiently, shows competitive prediction accuracy compared to methods such as LD-Pred2
and Lassosum, and allows integration with functional annotations to increase its power.
This makes it a valuable tool in the field of genetic epidemiology and individualized
medicine (Zheng et al., 2024).

Multi-ancestry PGS tools increase the accuracy of PGS models by exploiting genetic
variation across different populations, allowing for more precise modeling of allele
frequencies and LD patterns (Chen et al., 2014; Ruan et al., 2022). This approach helps
overcome the limitations of traditional methods that rely heavily on European-ancestry
data and leads to better estimates for non-European populations (Ge et al., 2022; Shim
et al., 2023). To improve the accuracy and comprehensiveness of PGS estimates,
PGSXplorer includes PRS-CSx and MUSSEL, both of which significantly enhance the

Figure 1 The schema illustrates the integration of QC steps into PGSXplorer. This workflow applies filters, including checks for missing SNPs,
individual genotype quality, MAF, HWE, relatedness, heterozygosity, and duplicate SNPs and illustrations of MAF, HWE, relatedness and het-
erozygosity distributions. Additionally, it outlines the GWAS QC, phasing, and imputation components of the pipeline.

Full-size DOI: 10.7717/peerj.18973/fig-1
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pipeline’s capabilities. (vii) PRS-CSx improves PGS predictions by integrating GWAS
summary statistics from multiple populations, which is crucial for accurately estimating
disease risk across diverse genetic backgrounds. This tool addresses the common problem
of reduced predictive power in non-European populations using a cross-population
approach (Ruan et al., 2022). (viii) MUSSEL further strengthens the pipeline by applying
advanced statistical techniques such as clustering, thresholding, empirical Bayes, which are
particularly effective in optimizing PGS across different ancestries (Jin et al., 2023).
Together, these tools overcome the limitations of single ancestor models, making the
PGSXplorer workflow for diverse global populations, and thus increasing its value in
personalized medicine and risk assessment.

Integration of PGS tools
Incorporating PGS models into PGSXplorer required carefully structuring the inputs and
outputs for each step, which were subsequently assigned to distinct Nextflow channels to
ensure seamless data flow throughout the pipeline. As illustrated in Fig. 2, each modeling
process is encapsulated within a separate module, enhancing modularity and flexibility of
our pipeline’s design. Tools that model PGS using GWAS data from a single population are
categorized as Single PGS, whereas those that incorporate data from at least two distinct
populations are defined as Multi PGS.

Generation and preparation of synthetic data
To validate the functionality of PGSXplorer, synthetic genotyping data were generated
using the HAPNEST (Wharrie et al., 2023). HAPNEST facilitates the creation of synthetic
genomic datasets representing various ethnicities, making it ideal for testing and validation
purposes. Specifically designed to support genomic research, HAPNEST utilizes
containerization through Docker or Singularity, ensuring reproducibility and ease of use.
Key features of HAPNEST include the ability to fetch diverse reference datasets customize
parameters for specific research needs, and standardize the software environment via
containerization.

In our study, the sizes of the synthetic datasets were chosen to present different
population sizes to test the performance and efficiency of our pipeline under various
conditions. The datasets included 500, 1,000 and 10,000 individuals of European (EUR)
origin, and 3,000 and 10,000 individuals of East Asian (EAS) origin. The datasets of 500
EUR, 1,000 EUR, and 3,000 EAS individuals were labeled as T1, T2, and T3, respectively.
Using these datasets, both the data processing capacity and computation times of the
pipeline were evaluated. Synthetic genomic data were generated for all chromosomes,
ensuring comprehensive coverage. Different populations were simulated by modifying
polygenicity and genotype proportion values in the HAPNEST configuration file. The
commands used to generate these datasets with HAPNEST are as follows:

Genotype data generation: docker run -v /HAPNEST/data:/data -it sophiewharrie/
intervene-synthetic-data generate_geno 16 /data/config.yaml

Phenotype data generation: docker run -v /HAPNEST/data:/data -it sophiewharrie/
intervene-synthetic-data generate_pheno data/config.yaml

Yaraş et al. (2025), PeerJ, DOI 10.7717/peerj.18973 7/22

http://dx.doi.org/10.7717/peerj.18973
https://peerj.com/


The configuration files used in this process, which detail the parameters and population
structures, have been shared on the PGSXplorer GitHub page (https://github.com/
tutkuyaras/PGSXplorer), along with the datasets themselves. These synthetic datasets were
also utilized to calculate GWAS summary statistics using PLINK2 (Chang et al., 2015).
Logistic regression models were employed with the command: plink2 –bfile target –pheno
phenotype_file.txt –glm hide-covar –covar target.eigenvec –ci 0.95 –out gwas_sumstat.

RESULTS
All results and figures presented in this study were derived from the analysis performed
with PGSXplorer. The figures are intended to provide users with an overview of the tool’s
output on synthetic data.

Systematic archiving and visualization of genomic quality control
PGSXplorer is designed to systematically archive the outputs generated at each stage of the
QC process in dedicated directories. This approach ensures that the data from all seven QC
steps are comprehensively recorded and filtered according to user-defined parameters,
enhancing transparency and facilitating downstream analyses. The outputs, ranging from
initial data filtration to final QC reports, are clearly organized and readily accessible for
further review.

In addition to this structured archiving, the QC module also includes automated
graphical representations of key metrics. As shown in Fig. 3, distributions of
heterozygosity, HWE, inbreeding coefficients (Pi-hat or IBD), and MAF are visualized and
automatically generated for user inspection. QC graph results for T1 and T3 are also given

Figure 2 The schema illustrates the workflow steps integrated into the Nextflow script. The QC stage
is followed by principal component analysis (PCA) to account for population structure and fastmixture.
Afterward, optional tools for PGS construction are available. These include multi-ancestry PGS tools
such as PRS-CSx and MUSSEL, alongside single-ancestry PGS tools like PLINK, PRSice-2, and LD-Pred2
(available in both auto and grid modes), Lassosum2, MegaPRS and SBayesR-C.

Full-size DOI: 10.7717/peerj.18973/fig-2
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in Figs. S1 and S2, respectively. These visual outputs offer critical insights into the quality
of genomic data, enabling rapid identification of potential issues such as population
stratification or genotyping errors. By combining progressive data archiving with real-time
graphical analysis, the QC process becomes both comprehensive and user-friendly,
ensuring high-quality data is prepared for subsequent genomic analyses.

The SNP and individual information eliminated according to the parameters used in the
QC steps are presented to the user. Table 1 shows the number of SNPs eliminated during
QC for the three datasets tested with PGSXplorer. Since a synthetic dataset was used and
the GRCh38 rsID (Reference SNP cluster ID) list provided by HAPNEST is common, the
initial number of variants is identical. However, the number of eliminated variants and the
final number of variants remaining differ across populations. The default parameters of
PGSXplorer were applied during QC steps, but users can modify these parameters to suit
their specific research objectives and study requirements.

Target ancestry inference
Fastmixture, integrated into the pipeline for target ancestry inference, offers an efficient
method for analyzing the population structure of genetic data (Santander, Martinez &
Meisner, 2024). The Q file generated by this module provides users with ancestry
proportions for individuals, indicating the probabilities of each individual belonging to
different populations. The .p file, on the other hand, contains allele frequencies specific to
each population for genetic variants. This file is particularly useful for examining genetic
differences between populations and identifying population-specific genetic patterns.

PGS modeling
The genomic data generated during the QC steps serve as input to the PGS modules,
enabling customized analyses. Users can specify which models to execute by using the
command nextflow run main.nf–help, ensuring that only the desired modules are and
unnecessary computations are avoided. By default, all tools are set to run automatically,
except for MUSSEL, which is disabled due to its high computational demands. MUSSEL
requires substantial processing power and is designed to be executed only on servers,
providing users with the flexibility to opt in for resource-intensive analyses.

As outputs of the PLINK algorithm, the first of the single PGS models, individual-based
PGS were generated across seven different p-value thresholds. The resulting scores were
stored separately in the “outputs” folder. Table S1 presents the AUC and R² values
calculated for the PGS from three different target datasets during the experimentation and
optimization phases of PGSXplorer.

The PRSice-2 module generates visual outputs that summarize the performance of PGS
models. Figure 4 illustrates the bar plot and high-resolution plot generated based on
p-value thresholds and PGS model fit. Along with these visual outputs, the pipeline
provides several additional result files, including a list of the best-fitting PGS values
determined by the regression model (.best), the number of SNPs used for PGS calculation
at each p-value threshold, along with the corresponding R2 and p-values (.prsice), a
summary of the model (.summary), and detailed log files. For the LD-Pred2 method, two
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approaches—auto and grid—have been integrated into the pipeline, offering graphical
outputs such as heritability (h2) and p-value plots for the auto model, and GLM-Z score
plots for the grid model, as shown in Fig. 5. Additionally, files containing individual
principal components and PGS are included in the outputs folder.

Figure 3 The schema illustrates the graphical analysis of key QC steps in the PGSXplorer pipeline. The graphs of HWE, pi-hat, heterozygosity
rates, MAF distributions, and overall HWE distributions shown in this figure are obtained from the analysis of the PGSXplorer QCmodule using the
target data of the European population of 1,000 individuals (T2) generated with HAPNEST. Full-size DOI: 10.7717/peerj.18973/fig-3
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Lassosum2, which leverages penalized regression to account for LD, provides an
efficient and scalable approach for large datasets. As part of the output, graphical
representations, including GLM-Z score graph and post-processed (Postp) plots, are
provided to visualize the performance of the Lassosum2 model, as shown in Fig. 6 (the plot
for T3 is presented in Fig. S3).

MegaPRS and SBayesR-C offer complementary functionalities for PGS modeling, each
providing detailed outputs tailored to user needs. MegaPRS supports various statistical
models, with BayesR set as the default, allowing users to select the most appropriate model
for their data. The outputs include summary files, parameters, correlations, and the model
that delivers the best result, all stored in the output folder. Similarly, SBayesR-C generates
comprehensive results, including SNP weights and other key metrics for PGS calculation.
The output file contains information such as SNP IDs, effective alleles, combined effects at
the genotype scale (BETA), probabilities of causation (PIP), and effects at the last iteration
(BETAlast).

PRS-CSx, a cross-population PGS modeling approach, calculates PGSs separately for
each of the two or more GWAS datasets used. If the –meta parameter is applied, the output
includes a meta PGS file that combines SNP effect sizes across populations using
inverse-variance weighted meta-analysis of the population-specific posterior effect size
estimates. All generated files are saved in the outputs folder. Figure 7 shows the
distribution of PRS-CSx module results computed with PGSXplorer, using the T2 (EUR-
1,000) and T3 (EAS-3,000) datasets. Figure S4 presents similar results for the T1 (EUR-
500) dataset. The integratedMUSSEL tool generates several important outputs. It produces
population-specific PGS files with scores calculated for each population based on their
genetic datasets and summary statistics, as well as meta-PGS files created using the inverse
variance weighted meta-analysis method to combine scores across populations.
Additionally, it includes files with SNP-level posterior effect size estimates for each
population and meta-analysis results. Configuration files detailing the parameters used in
the analysis, such as selected SNPs and population settings, are also provided to the user.

Table 1 Number of remaining SNPs after each filtering steps during the quality control process.

Ancestry Number of
individuals

Initial
number
of SNPs

Number of
remaining
SNP after
–geno 0.02

Number of
remaining
SNP after
–mind 0.02

Number of
remaining
SNP after
–maf 0.05

Number of
remaining
SNP after
–hwe 10−6

Number of
remaining
SNP after
– hwe
10−10

Number of
remaining
SNP after
–pihat
0.185

Number of
remaining SNPs
after remove
duplicates

EUR
(T1)

500 1,329,052 1,329,052 1,329,052 1,041,531 1,041,531 1,041,531 1,041,531 1,023,045

EUR
(T2)

1,000 1,329,052 1,329,052 1,329,052 1,041,708 1,041,708 1,041,708 1,041,708 1,023,224

EAS
(T3)

3,000 1,329,052 1,329,052 1,329,052 949,527 949,527 949,526 949,526 932,520
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Computational performance metrics of PGSXplorer
Computational metrics of the PGSXplorer tool, such as CPU utilization and execution
time, are provided to users through Nextflow parameters: -with-report pipeline_report.html
and -with-timeline timeline.html. These metrics offer detailed insights into the
computational performance of the pipeline. We present these metrics for three synthetic
datasets of varying sizes—T1 (EUR-500), T2 (EUR-1,000), and T3 (EAS-3,000)—used to
demonstrate the proper functioning of PGSXplorer. Analyses were conducted on
chromosomes 1 and 2, and detailed metrics, including runtime and CPU utilization for
each dataset, are provided in Table S2. This comprehensive reporting provides users with a
clear understanding of the pipeline’s resource requirements across various data sizes and
scenarios.

DISCUSSION
Herein, we developed and implemented PGSXplorer, a comprehensive and automated
workflow designed to address the challenges associated with calculating PGS from
large-scale genomic datasets. The rapid advancement of NGS technologies and the

Figure 4 Visualizations generated from the PRSice-2 module results. Bar Plots (A–C) and high-resolution plots (D–F) generated using PRSice-2
for T1 (EUR-500), T2 (EUR-1,000) and T3 (EAS-3,000), respectively. The bar plots (A–C) display the PGS model fit across different p-value
thresholds, while the high-resolution plots (D–F) provide a detailed visualization of the model’s performance for the same targets.

Full-size DOI: 10.7717/peerj.18973/fig-4

Yaraş et al. (2025), PeerJ, DOI 10.7717/peerj.18973 12/22

http://dx.doi.org/10.7717/peerj.18973/supp-3
http://dx.doi.org/10.7717/peerj.18973/fig-4
http://dx.doi.org/10.7717/peerj.18973
https://peerj.com/


increasing adoption of genomic data-sharing initiatives accelerated individualized
medicine efforts (Shi & Wu, 2017). In parallel, GWAS studies, that investigate the
relationship between genetic variants and human traits across large populations, have
increased in number and size, enabling better identification of genetic factors contributing
to complex diseases. Unlike monogenic diseases, where a single gene can be pinpointed as
the cause, complex diseases are influenced by multiple genetic and environmental factors,
making the concept of PGS pivotal for accurate risk prediction (Choi, Mak & O’Reilly,
2020; Lu et al., 2021).

The accurate calculation of PGS depends heavily on the QC of genomic data, which is
one of the most critical steps in any genomic analysis. QC processes are computationally

Figure 5 Visualizations generated from the LDpred2 auto ve grid models for T1 (EUR-500) and T2 (EUR-1,000). (A) and (C) display the auto
model results for T1 (EUR-500) and T2 (EUR-1,000), respectively, showing h2 and p-value relationships. (B) and (D) present the GLM-Z score plots
for the grid model for T1 (EUR-500) and T2 (EUR-1,000), respectively. Full-size DOI: 10.7717/peerj.18973/fig-5
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intensive and must handle the large volumes of data generated by different platforms (SNP
arrays, NGS, and other high-throughput genotyping technologies) requiring expertise in
genomics, statistics, and coding (Zhao et al., 2018). Additionally, combining data from
multiple platforms/centers increases the complexity of PGS calculations. Noise in finite
GWAS samples and ethical considerations regarding the interpretation of genetic risk
further complicate this process. Effective computational methods, such as LD-based
clustering and advanced prioritization algorithms, are critical for improving the accuracy

Figure 6 Visualizations generated from the Lassosum2 module. (A) and (B) display the auto model results for T1 (EUR-500) and T2 (EUR-
1,000), respectively, displaying the model fit and performance based on the penalized regression approach for PGS calculation.

Full-size DOI: 10.7717/peerj.18973/fig-6

Figure 7 The scatter plots illustrate the distribution of PGS calculated using the PRS-CSx model for chromosome 22. (A) represents PGS are
calculated with T2 (EUR-1,000) and (B) represents PGS are calculated with T3 (EAS-3,000). The red dots represent scores derived from the EAS
GWAS data, the blue dots represent scores derived from the EUR GWAS data, and the gray dots show the results of the meta-analysis, which
combines both datasets using inverse-variance weighted effect sizes. Full-size DOI: 10.7717/peerj.18973/fig-7

Yaraş et al. (2025), PeerJ, DOI 10.7717/peerj.18973 14/22

http://dx.doi.org/10.7717/peerj.18973/fig-6
http://dx.doi.org/10.7717/peerj.18973/fig-7
http://dx.doi.org/10.7717/peerj.18973
https://peerj.com/


of PGS (Pain et al., 2020). Moreover, proper handling of factors such as SNP quality, HWE,
relatedness, heterozygosity, and duplicate SNPs are crucial in preventing false-positive
results in association studies, underscoring the importance of robust data filtering at every
step of genomic analysis.

PGSXplorer integrates several widely used PGS modeling tools, into a streamlined
workflow that automates key steps in QC and PGS modeling. This integration not only
enhances the accuracy and efficiency of genomic data processing but also allows users to
inspect filtered genomic data at each stage, providing flexibility in the analysis. By storing
filtered data as separate files at each QC stage, PGSXplorer enables researchers to explore
results based on specific filtering criteria, making it easier to refine the data for further
downstream analysis. In addition, each PGS tool has been modularly integrated into the
pipeline, allowing users to selectively employ only the tools relevant to their specific
research objectives. This flexible design optimizes efficiency by avoiding unnecessary
computational steps, ensuring that the workflow is tailored to the precise needs of the
study, thereby enhancing both time management and resource utilization.

The results generated using synthetic datasets have demonstrated that PGSXplorer is a
scalable solution for analyzing genetic risk factors across diverse populations and genomic
dataset sizes. One of the most significant strengths of PGSXplorer lies in its support for
multi-ancestry genomic analysis through tools such as PRS-CSx and MUSSEL. These tools
transcend the limitations of traditional single-population analyses by incorporating genetic
data from multiple populations, significantly enhancing the generalizability of PGS
models. Furthermore, by facilitating cross-population risk prediction, PGSXplorer offers a
more inclusive approach to PGS modeling, which is critical for improving the accuracy of
genetic risk prediction across different ethnic groups. This inclusivity ensures that the
workflow can be adapted to various genomic studies, providing a valuable tool for
researchers aiming to understand the genetic architecture of complex diseases and develop
more accurate models. Ultimately, PGSXplorer’s automation and flexibility make it an
indispensable tool in advancing PGS research, paving the way for broader applications in
individualized medicine across diverse populations.

Currently, PGSXplorer represents a notable advancement over existing pipelines for
PGS calculations by providing an open-source, user-friendly solution that is both powerful
and accessible. What truly sets PGSXplorer apart is its ability to integrate essential tools
such as PLINK, PLINK2, R, Bcftools, Eagle, Beagle, and Python into a single Docker image
(tutkuyaras/pgsxplorer_image:v2). This encapsulation ensures that all necessary
dependencies are available in the specified versions, eliminating compatibility issues and
allowing users to focus solely on their analyses. Users can simply pull this image from
Docker Hub using the command “docker pull tutkuyaras/pgsxplorer_image:v2” to have
immediate access to the full suite of tools needed for PGS calculations. In addition to
simplifying software dependencies, PGSXplorer leverages the power of Nextflow to create a
streamlined, reproducible workflow that can be run seamlessly across different computing
environments. These flexibilities allow researchers at any skill level to perform complex
genomic analyses without needing to invest significant time in setting up software
dependencies or environment configurations.
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Upon conducting a comprehensive comparison with existing tools, PGSBuilder (Lee
et al., 2023) distinguishes itself by supporting six PGS calculation methods (Clumping and
Thresholding, Lassosum, LDPred2, GenEpi, PRS-CS, and PRSice-2) and integrating
variant annotation functionalities. One of its notable strengths is the web-based interactive
interface, which significantly enhances accessibility and ease of use for researchers lacking
computational expertise. However, PGSBuilder primarily focuses on single-ancestry data.
In contrast, PGSXplorer accommodates both single- and multi-ancestry datasets and offers
extensive flexibility by allowing users to customize QC parameters and other workflow
steps. This makes PGSXplorer highly adaptable to diverse research needs.

The PGSToolKit (van der Laan, 2018) provides a streamlined workflow through a
structured data format and a single configuration file. It supports PGS calculations with
PRS-CS, RapidoPGS, and PRSice-2 while including the allelic scoring function of PLINK2.
PGSXplorer, however, goes beyond these features by integrating phasing and imputation
capabilities, ensuring compatibility with a broader range of datasets. Additionally,
PGSXplorer offers a more comprehensive QC process that can be tailored for
multi-ancestry data and allows users to modify workflow parameters to suit their
specific objectives.

Another recent and significant tool in the field, GenoPred (Pain, Al-Chalabi & Lewis,
2024), is a user-friendly platform designed to facilitate automated and standardized PGS
generation. Its ability to handle multiple target file types, support multiple genome
assemblies (GRCh36, GRCh37 and GRCh38), perform ancestry inference, calculate scores
in the target sample, and generate detailed individual and sample-level reports are key
strengths. While our tool currently focuses on binary case-control datasets aligned to
GRCh38 in VCF and PLINK formats, it distinguishes itself with automated graphical
outputs. These outputs include visualizations for QC metrics such as HWE, MAF,
relatedness, and heterozygosity distributions, as well as results from models like PRSice-2,
LDpred2, and Lassosum2. Additionally, PGSXplorer integrates multi-ancestry tools,
including PRS-CSx and MUSSEL, to enhance accuracy when working with
diverse populations.

A noteworthy tool worth discussion is the pgsc_calc (Lambert et al., 2024) pipeline is
notable for its ancestry inference module, which matches PGS to relevant populations
based on reference datasets. This capability is a strong advantage. However, pgsc_calc
relies on preconfigured workflows with limited flexibility for parameter adjustments.
PGSXplorer, on the other hand, enables users to produce PGS using nine different tools
while offering customizable parameters. This flexibility empowers researchers to tailor
analyses to their specific research questions, significantly enhancing the pipeline’s utility
and adaptability. A valuable resource, the Michigan Imputation Server (Forer et al., 2024)
focuses on improving the interpretability of PGS results through detailed reports and
graphical outputs. While this aligns with PGSXplorer’s goal of providing automated
visualizations, PGSXplorer further stands out by integrating tools for multi-ancestry
analyses. This capability enables PGSXplorer to process datasets from diverse populations,
providing broader applicability in genetic research.
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In summary, PGSXplorer offers a modular, Nextflow-based architecture that ensures
scalability, portability, and reproducibility. By combining robust QC processes, flexible
workflows, and automated graphical outputs, it addresses key limitations of existing tools.
Its integration of multi-ancestry tools and advanced PGS construction approaches such
PRS-CSx andMUSSEL makes PGSXplorer a comprehensive solution for PGS construction
and analysis across diverse datasets. Building on this foundation, future updates will
further enhance the tool’s capabilities to support a wider range of data formats, study
designs, and genomic references. In future updates, our tool will be expanded to include
support for additional data formats such as BGEN, in addition to the currently supported
VCF and PLINK formats. Currently designed for case-control studies, the tool will also
include modules for datasets with continuous traits (such as body mass index (BMI), blood
pressure, insulin resistance etc.). Additionally, a validation module will be introduced to
enable users to assess the performance of their PGS models using independent datasets
where the phenotype of interest has been measured. Our tool, which currently only
supports GRCh38, will also be enhanced with an automatic versioning module that
ensures compatibility with GRCh37 datasets.

CONCLUSIONS
PGSXplorer stands out as a comprehensive and user-friendly tool developed to address the
challenges that arise in analyzing large-scale genomic data. By automating complex
processes such as the calculation of PGS and QC of genomic data, it increases accuracy
while significantly reducing data processing times. By integrating data from different
populations, it allows for a more inclusive and generalizable assessment of genetic
susceptibility in multi-origin analyses. Additionally, its automation and optimization
minimize the complexities associated with QC steps and PGS calculations, particularly for
binary traits, making it an indispensable resource for genomic research. By removing many
technical barriers inherent in genomic data analysis, PGSXplorer enables researchers to
focus on uncovering meaningful insights from their data, thus fostering broader adoption
in precision medicine and genetic studies.

By increasing reproducibility and portability through Docker encapsulation,
PGSXplorer offers a practical solution for both experienced and new researchers. As
detailed in the discussion, future updates are planned to add continuous feature type,
different input formats and genomic assemblies, which will further expand the impact and
application potential of PGSXplorer in the research field. In conclusion, PGSXplorer is a
step forward in genetic research, contributing to more precise and reliable risk assessments
in individualized medicine and providing a wide range of applications in genetic research.

ACKNOWLEDGEMENTS
The authors would like to thank Prof. Dr. Gül ERGÖR from Dokuz Eylül University for
her perspective and support throughout the study and Mr. Hüseyin GÜNER from İzmir
Biomedicine and Genome Center for his technical support and Ms. Leman BİNOKAY
from İzmir Biomedicine and Genome Center for her support throughout the study. The
authors also acknowledge the use of a generative AI tool (ChatGPT by OpenAI) for

Yaraş et al. (2025), PeerJ, DOI 10.7717/peerj.18973 17/22

http://dx.doi.org/10.7717/peerj.18973
https://peerj.com/


English grammar checks and minor language editing in the preparation of this manuscript.
All scientific content, interpretation, and conclusions were prepared and verified by
the authors.

ADDITIONAL INFORMATION AND DECLARATIONS

Funding
The authors received no funding for this work

Competing Interests
Gökhan Karakülah is an Academic Editor for PeerJ.

Author Contributions
. Tutku Yaraş conceived and designed the experiments, performed the experiments,
analyzed the data, prepared figures and/or tables, authored or reviewed drafts of the
article, and approved the final draft.

. Yavuz Oktay conceived and designed the experiments, performed the experiments,
analyzed the data, prepared figures and/or tables, authored or reviewed drafts of the
article, and approved the final draft.

. Gökhan Karakülah conceived and designed the experiments, performed the experiments,
analyzed the data, prepared figures and/or tables, authored or reviewed drafts of the
article, and approved the final draft.

Data Availability
The following information was supplied regarding data availability:

All data and code generated during the development of the tool are available on the
GitHub page of PGSXplorer (https://github.com/tutkuyaras/PGSXplorer) and Zenodo:

tutkuyaras. (2025). tutkuyaras/PGSXplorer: v2.1 (v2.1). Zenodo. https://doi.org/10.
5281/zenodo.14637161

Supplemental Information
Supplemental information for this article can be found online at http://dx.doi.org/10.7717/
peerj.18973#supplemental-information.

REFERENCES
Browning BL, Zhou Y, Browning SR. 2018. A one-penny imputed genome from next-generation

reference panels. American Journal of Human Genetics 103(3):338–348
DOI 10.1016/j.ajhg.2018.07.015.

Chang CC, Chow CC, Tellier LCAM, Vattikuti S, Purcell SM, Lee JJ. 2015. Second-generation
PLINK: rising to the challenge of larger and richer datasets. GigaScience 4(1):559
DOI 10.1186/s13742-015-0047-8.

Chen C-Y, Han J, Hunter DJ, Kraft P, Price AL. 2014. Explicit modeling of ancestry improves
polygenic risk scores and BLUP prediction. Genetic Epidemiology 32:1667 DOI 10.1101/012005.

Choi J, Ambalavanan A, Zhang Y, Dai R, Simons E, Sbihi H, Anand S, Paré G, Lefebvre D,
Turvey S, Mandhane P, Becker A, Azad M, Moraes T, Sears M, Subbarao P, Duan Q. 2020.

Yaraş et al. (2025), PeerJ, DOI 10.7717/peerj.18973 18/22

https://github.com/tutkuyaras/PGSXplorer
https://doi.org/10.5281/zenodo.14637161
https://doi.org/10.5281/zenodo.14637161
http://dx.doi.org/10.7717/peerj.18973#supplemental-information
http://dx.doi.org/10.7717/peerj.18973#supplemental-information
http://dx.doi.org/10.1016/j.ajhg.2018.07.015
http://dx.doi.org/10.1186/s13742-015-0047-8
http://dx.doi.org/10.1101/012005
http://dx.doi.org/10.7717/peerj.18973
https://peerj.com/


Interactions with early-life exposures modulate polygenic risk of wheeze and asthma in
preschool-aged children. Authorea DOI 10.22541/au.159986525.53189546/v2.

Choi SW, Mak TSH, O’Reilly PF. 2020. Tutorial: a guide to performing polygenic risk score
analyses. Nature Research 15(9):2759–2772 DOI 10.1038/s41596-020-0353-1.

Choi SW, O’Reilly PF. 2019. PRSice-2: polygenic risk score software for biobank-scale data.
GigaScience 8(7):2091 DOI 10.1093/gigascience/giz082.

Elliott J, Bodinier B, Bond TA, Chadeau-Hyam M, Evangelou E, Moons KGM, Dehghan A,
Muller DC, Elliott P, Tzoulaki I. 2020. Predictive accuracy of a polygenic risk score-enhanced
prediction model vs a clinical risk score for coronary artery disease. Journal of the American
Medical Association 323(7):636–645 DOI 10.1001/jama.2019.22241.

Fahed AC, Wang M, Homburger JR, Patel AP, Bick AG, Neben CL, Lai C, Brockman D,
Philippakis A, Ellinor PT, Cassa CA, Lebo M, Ng K, Lander ES, Zhou AY, Kathiresan S,
Khera AV. 2020. Polygenic background modifies penetrance of monogenic variants for tier 1
genomic conditions. Nature Communications 11:179 DOI 10.1038/s41467-020-17374-3.

Forer L, Taliun D, Lefaive J, Smith AV, Boughton AP, Coassin S, Lamina C, Kronenberg F,
Fuchsberger C, Schönherr S. 2024. Imputation Server PGS: an automated approach to calculate
polygenic risk scores on imputation servers. Nucleic Acids Research 52(W1):W70–W77
DOI 10.1093/nar/gkae331.

Ge T, Irvin MR, Patki A, Srinivasasainagendra V, Lin Y-F, Tiwari HK, Armstrong ND,
Benoit B, Chen C-Y, Choi KW, Cimino JJ, Davis BH, Dikilitas O, Etheridge B, Feng Y-CA,
Gainer V, Huang H, Jarvik GP, Kachulis C, Kenny EE, Khan A, Kiryluk K, Kottyan L,
Kullo IJ, Lange C, Lennon N, Leong A, Malolepsza E, Miles AD, Murphy S, Namjou B,
Narayan R, O’Connor MJ, Pacheco JA, Perez E, Rasmussen-Torvik LJ, Rosenthal EA,
Schaid D, Stamou M, Udler MS, Wei W-Q, Weiss ST, Ng MCY, Smoller JW, Lebo MS,
Meigs JB, Limdi NA, Karlson EW. 2022. Development and validation of a trans-ancestry
polygenic risk score for type 2 diabetes in diverse populations. Genome Medicine 14:1557
DOI 10.1186/s13073-022-01074-2.

Gondro C, Porto-Neto LR, Lee SH. 2014. SNPQC: an R pipeline for quality control of illumina
SNP genotyping array data. Animal Genetics 45(5):758–761 DOI 10.1111/age.12198.

Jin J, Zhan J, Zhang J, Zhao R, O’connell J, Jiang Y, Team R, Buyske S, Gignoux C, Haiman C,
Kenny EE, Kooperberg C, North K, Koelsch BL, Wojcik G, Zhang H, Chatterjee N. 2023.
MUSSEL: enhanced Bayesian polygenic risk prediction leveraging information across multiple
ancestry groups. bioRxiv DOI 10.1101/2023.04.12.536510.

Kavousi M, Ellinor PT. 2023. Polygenic risk scores for prediction of atrial fibrillation. Netherlands
Heart Journal 31:1–2 DOI 10.1007/s12471-022-01755-y.

Khan SS, Post WS, Guo X, Tan J, Zhu F, Bos D, Sedaghati-Khayat B, Van Rooij J, Aday A,
Allen NB, Bos MM, Uitterlinden AG, Budoff MJ, Lloyd-Jones DM, Mosley JD, Rotter JI,
Greenland P, Kavousi M. 2023. Coronary artery calcium score and polygenic risk score for the
prediction of coronary heart disease events. The Journal of The American Medical Association
329(20):1768–1777 DOI 10.1001/jama.2023.7575.

Kim D, Shin H, Song YS, Kim JH. 2012. Synergistic effect of different levels of genomic data for
cancer clinical outcome prediction. Journal of Biomedical Informatics 45(6):1191–1198
DOI 10.1016/j.jbi.2012.07.008.

Lambert SA, Wingfield B, Gibson JT, Gil L, Ramachandran S, Yvon F, Saverimuttu S, Tinsley E,
Lewis E, Ritchie SC, Wu J, Canovas R, McMahon A, Harris LW, Parkinson H, Inouye M.
2024. The polygenic score catalog: new functionality and tools to enable FAIR research.
MedRxiv: The Preprint Server for Health Sciences 8:giz082 DOI 10.1101/2024.05.29.24307783.

Yaraş et al. (2025), PeerJ, DOI 10.7717/peerj.18973 19/22

http://dx.doi.org/10.22541/au.159986525.53189546/v2
http://dx.doi.org/10.1038/s41596-020-0353-1
http://dx.doi.org/10.1093/gigascience/giz082
http://dx.doi.org/10.1001/jama.2019.22241
http://dx.doi.org/10.1038/s41467-020-17374-3
http://dx.doi.org/10.1093/nar/gkae331
http://dx.doi.org/10.1186/s13073-022-01074-2
http://dx.doi.org/10.1111/age.12198
http://dx.doi.org/10.1101/2023.04.12.536510
http://dx.doi.org/10.1007/s12471-022-01755-y
http://dx.doi.org/10.1001/jama.2023.7575
http://dx.doi.org/10.1016/j.jbi.2012.07.008
http://dx.doi.org/10.1101/2024.05.29.24307783
http://dx.doi.org/10.7717/peerj.18973
https://peerj.com/


Lee K-H, Lee Y-L, Hsieh T-T, Chang Y-C, Wang S-S, Fann G-Z, Lin W-C, Chang H-C, Chen T-
F, Li P-H, Kuo Y-L, Chen P-L, Juan H-F, Tsai H-K, Chen C-Y, Huang J-H. 2023. PGSbuilder:
an end-to-end platform for human genome association analysis and polygenic risk score
predictions. bioRxiv 78:101 DOI 10.1101/2023.04.12.536584.

Loh PR, Danecek P, Palamara PF, Fuchsberger C, Reshef YA, Finucane HK, Schoenherr S,
Forer L, McCarthy S, Abecasis GR, Durbin R, Price AL. 2016. Reference-based phasing using
the haplotype reference consortium panel. Nature Genetics 48(11):1443–1448
DOI 10.1038/ng.3679.

Lu T, Forgetta V, Keller-Baruch J, Nethander M, Bennett D, Forest M, Bhatnagar S,
Walters RG, Lin K, Chen Z, Li L, Karlsson M, Mellström D, Orwoll E, McCloskey EV,
Kanis JA, Leslie WD, Clarke RJ, Ohlsson C, Greenwood CMT, Richards JB. 2021. Improved
prediction of fracture risk leveraging a genome-wide polygenic risk score. Genome Medicine
13:1–15 DOI 10.1186/s13073-021-00838-6.

Mantyh WG, Cochran JN, Taylor JW, Broce IJ, Geier EG, Bonham LW, Anderson AG,
Sirkis DW, Joie RL, Iaccarino L, Chaudhary K, Edwards L, Strom A, Grant H, Allen IE,
Miller ZA, Gorno‐Tempini ML, Kramer JH, Miller BL, Desikan RS, Rabinovici GD,
Yokoyama JS. 2023. Early‐onset Alzheimer’s disease explained by polygenic risk of late‐onset
disease? Alzheimer’s & Dementia: Diagnosis, Assessment & Disease Monitoring 15(4):212
DOI 10.1002/dad2.12482.

Marees AT, de Kluiver H, Stringer S, Vorspan F, Curis E, Marie-Claire C, Derks EM. 2018. A
tutorial on conducting genome-wide association studies: quality control and statistical analysis.
International Journal of Methods in Psychiatric Research 27(2):289 DOI 10.1002/mpr.1608.

Page ML, Vance EL, Cloward ME, Ringger Ed, Dayton L, Ebbert MTW, Miller JB, Kauwe JSK.
2022. The Polygenic risk score knowledge base offers a centralized online repository for
calculating and contextualizing polygenic risk scores. Communications Biology 5:899
DOI 10.1038/s42003-022-03795-x.

Pain O, Al-Chalabi A, Lewis CM. 2024. The genopred pipeline: a comprehensive and scalable
pipeline for polygenic scoring. medRxiv DOI 10.1101/2024.06.12.24308843.

Pain O, Glanville KP, Hagenaars SP, Selzam S, Fürtjes AE, Gaspar HA, Coleman JRI,
Rimfeld K, Breen G, Plomin R, Folkersen L, Lewis CM. 2020. Evaluation of polygenic
prediction methodology within a reference-standardized framework. bioRxiv 8:giz082
DOI 10.1101/2020.07.28.224782.

Pavan S, Delvento C, Ricciardi L, Lotti C, Ciani E, D’Agostino N. 2020. Recommendations for
choosing the genotyping method and best practices for quality control in crop genome-wide
association studies. Frontiers in Genetics 11:e00447 DOI 10.3389/fgene.2020.00447.

Privé F, Arbel J, Aschard H, Vilhjálmsson BJ. 2021. Identifying and correcting for
misspecifications in GWAS summary statistics and polygenic scores. bioRxiv 14(8):e1002362
DOI 10.1101/2021.03.29.437510.

Privé F, Arbel J, Vilhjálmsson BJ. 2020. LDpred2: better, faster, stronger. Bioinformatics
36(22–23):5424–5431 DOI 10.1093/bioinformatics/btaa1029.

Purcell S, Neale B, Todd-Brown K, Thomas L, Ferreira MAR, Bender D, Maller J, Sklar P,
De Bakker PIW, Daly MJ, Sham PC. 2007. PLINK: a tool set for whole-genome association and
population-based linkage analyses. American Journal of Human Genetics 81(3):559–575
DOI 10.1086/519795.

Ruan Y, Lin Y-F, Feng Y-CA, Chen C-Y, Lam M, Guo Z, Akiyama K, Arai M, Baek JH,
Chen WJ, Chung Y-C, Feng G, Fujii K, Glatt SJ, Ha K, Hattori K, Higuchi T, Hishimoto A,
Hong KS, Horiuchi Y, Hwu H-G, Ikeda M, Ishiwata S, Itokawa M, Iwata N, Joo E-J,

Yaraş et al. (2025), PeerJ, DOI 10.7717/peerj.18973 20/22

http://dx.doi.org/10.1101/2023.04.12.536584
http://dx.doi.org/10.1038/ng.3679
http://dx.doi.org/10.1186/s13073-021-00838-6
http://dx.doi.org/10.1002/dad2.12482
http://dx.doi.org/10.1002/mpr.1608
http://dx.doi.org/10.1038/s42003-022-03795-x
http://dx.doi.org/10.1101/2024.06.12.24308843
http://dx.doi.org/10.1101/2020.07.28.224782
http://dx.doi.org/10.3389/fgene.2020.00447
http://dx.doi.org/10.1101/2021.03.29.437510
http://dx.doi.org/10.1093/bioinformatics/btaa1029
http://dx.doi.org/10.1086/519795
http://dx.doi.org/10.7717/peerj.18973
https://peerj.com/


Kahn RS, Kim S-W, Kim SJ, Kim SH, Kinoshita M, Kunugi H, Kusumawardhani A, Lee J,
Lee BD, Lee H-J, Liu J, Liu R, Ma X, Myung W, Numata S, Ohmori T, Otsuka I, Ozeki Y,
Schwab SG, Shi W, Shimoda K, Sim K, Sora I, Tang J, Toyota T, Tsuang M, Wildenauer DB,
Won H-H, Yoshikawa T, Zheng A, Zhu F, He L, Sawa A, Martin AR, Qin S, Huang H, Ge T.
2022. Improving polygenic prediction in ancestrally diverse populations. Nature Genetics
54(5):573–580 DOI 10.1038/s41588-022-01054-7.

Santander CG, Martinez AR, Meisner J. 2024. Faster model-based estimation of ancestry
proportions. Peer Community Journal 4(9):1655 DOI 10.24072/pcjournal.503.

Schaffer KR, Shi M, Shelley JP, Tosoian JJ, Kachuri L, Witte JS, Mosley JD. 2023. A polygenic
risk score for prostate cancer risk prediction. JAMA Internal Medicine 183(4):386–388
DOI 10.1001/jamainternmed.2022.6795.

Schulz WL, Durant TJS, Siddon AJ, Torres R. 2016. Use of application containers and workflows
for genomic data analysis. Journal of Pathology Informatics 7(1):53
DOI 10.4103/2153-3539.197197.

Shi X, Wu X. 2017. An overview of human genetic privacy. Annals of the New York Academy of
Sciences 1387(1):61–72 DOI 10.1111/nyas.13211.

Shim I, Kuwahara H, Chen NN, HashemMO, AlAbdi L, Abouelhoda M,WonHH, Natarajan P,
Ellinor PT, Khera AV, Gao X, Alkuraya FS, Fahed AC. 2023. Clinical utility of polygenic
scores for cardiometabolic disease in Arabs. Nature Communications 14:584
DOI 10.1038/s41467-023-41985-1.

Smith JL, Tcheandjieu C, Dikilitas O, Iyer K, Miyazawa K, Hilliard A, Lynch J, Rotter JI,
Chen Y-DI, Sheu WH-H, Chang K-M, Kanoni S, Tsao P, Ito K, Kosel M, Clarke SL,
Schaid DJ, Assimes TL, Kullo IJ. 2023. Amulti-ancestry polygenic risk score for coronary heart
disease based on an ancestrally diverse genome-wide association study and population-specific
optimization. medRxiv 376:1393 DOI 10.1101/2023.06.02.23290896.

Tommaso PD, Chatzou M, Floden EW, Prieto PB, Plumbo E, Notredame C. 2017. Nextflow
enables reproducible computational workflows. Nature Publishing Group 35(4):316–319
DOI 10.1038/nbt.3820.

Turner S, Armstrong LL, Bradford Y, Carlson CS, Crawford DC, Crenshaw AT, de Andrade M,
Doheny KF, Haines JL, Hayes G, Jarvik G, Jiang L, Kullo IJ, Li R, Ling H, Manolio TA,
Matsumoto M, McCarty CA, McDavid AN, Mirel DB, Paschall JE, Pugh EW, Rasmussen LV,
Wilke RA, Zuvich RL, Ritchie MD. 2011. Quality control procedures for genome-wide
association studies. Current Protocols in Human Genetics 68:315
DOI 10.1002/0471142905.hg0119s68.

van der Laan SW. 2018. swvanderlaan/PRSToolKit: Aa (v0.9-alpha). Zenodo
DOI 10.5281/zenodo.1346371.

Wen Y, Zhang J, Yu H, Liu L. 2023. Polygenic risk score-based prediction for Parkinson’s disease.
Research Square 18(5):459 DOI 10.21203/rs.3.rs-3432605/v1.

Wharrie S, Yang Z, Raj V, Monti R, Gupta R, Wang Y, Martin A, O’Connor LJ, Kaski S,
Marttinen P, Palamara PF, Lippert C, Ganna A. 2023. HAPNEST: efficient, large-scale
generation and evaluation of synthetic datasets for genotypes and phenotypes. Bioinformatics
(Oxford, England) 39(9):e3000586 DOI 10.1093/bioinformatics/btad535.

Zhang Q, Privé F, Vilhjálmsson B, Speed D. 2021. Improved genetic prediction of complex traits
from individual-level data or summary statistics. Nature Communications 12:2759
DOI 10.1038/s41467-021-24485-y.

Yaraş et al. (2025), PeerJ, DOI 10.7717/peerj.18973 21/22

http://dx.doi.org/10.1038/s41588-022-01054-7
http://dx.doi.org/10.24072/pcjournal.503
http://dx.doi.org/10.1001/jamainternmed.2022.6795
http://dx.doi.org/10.4103/2153-3539.197197
http://dx.doi.org/10.1111/nyas.13211
http://dx.doi.org/10.1038/s41467-023-41985-1
http://dx.doi.org/10.1101/2023.06.02.23290896
http://dx.doi.org/10.1038/nbt.3820
http://dx.doi.org/10.1002/0471142905.hg0119s68
http://dx.doi.org/10.5281/zenodo.1346371
http://dx.doi.org/10.21203/rs.3.rs-3432605/v1
http://dx.doi.org/10.1093/bioinformatics/btad535
http://dx.doi.org/10.1038/s41467-021-24485-y
http://dx.doi.org/10.7717/peerj.18973
https://peerj.com/


Zhao S, Jing W, Samuels DC, Sheng Q, Shyr Y, Guo Y. 2018. Strategies for processing and quality
control of Illumina genotyping arrays. Briefings in Bioinformatics 19(5):765–775
DOI 10.1093/bib/bbx012.

Zheng Z, Liu S, Sidorenko J, Wang Y, Lin T, Yengo L, Turley P, Ani A, Wang R, Nolte IM,
Snieder H, Yang J, Wray NR, Goddard ME, Visscher PM, Zeng J. 2024. Leveraging functional
genomic annotations and genome coverage to improve polygenic prediction of complex traits
within and between ancestries. Nature Genetics 56(5):767–777
DOI 10.1038/s41588-024-01704-y.

Yaraş et al. (2025), PeerJ, DOI 10.7717/peerj.18973 22/22

http://dx.doi.org/10.1093/bib/bbx012
http://dx.doi.org/10.1038/s41588-024-01704-y
http://dx.doi.org/10.7717/peerj.18973
https://peerj.com/

	PGSXplorer: an integrated nextflow pipeline for comprehensive quality control and polygenic score model development
	Introduction
	Materials AND methods
	Results
	Discussion
	Conclusions
	flink6
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile (None)
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth 8
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /FlateEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth 8
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /FlateEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Average
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


