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Abstract
Motivation: Qualifying variants (QVs) are genomic alterations selected by defined criteria within analysis pipelines. Although crucial for both re
search and clinical diagnostics, QVs are often seen as simple filters rather than dynamic elements that influence the entire workflow. In practice 
these rules are embedded within pipelines, which hinders transparency, audit, and reuse across tools. A unified, portable specification for QV 
criteria is needed.
Results: Our aim is to embed the concept of a “QV” into the genomic analysis vernacular, moving beyond its treatment as a single filtering 
step. By decoupling QV criteria from pipeline variables and code, the framework enables clearer discussion, application, and reuse. It provides a 
flexible reference model for integrating QVs into analysis pipelines, improving reproducibility, interpretability, and interdisciplinary communica
tion. Validation across diverse applications confirmed that QV based workflows match conventional methods while offering greater clarity and 
scalability.
Availability and implementation: The source code and data are accessible at the Zenodo repository https://doi.org/10.5281/zenodo. 
17414191. Manuscript files are available at https://github.com/DylanLawless/qvApp2025lawless. The QV framework is available under the MIT 
licence, and the dataset will be maintained for at least two years following publication.

1 Introduction
Qualifying variants (QVs) are genomic alterations selected by 
specific criteria within genome processing pipelines, serving 
as dynamic elements essential for both research and clinical 
diagnostics. QVs are not merely static filters applied at a sin
gle step in an analysis pipeline; rather, they are dynamic, mul
tifaceted elements that permeate the entire workflow, from 
initial data quality control to final result interpretation. This 
nuanced perspective underscores that QVs play an integral 
role in shaping the fidelity and reproducibility of genomic 
analyses, enabling the iterative refinement of data and facili
tating the integration of diverse analytical strategies through
out the pipeline.

Often, QV selection adheres to established variant classifi
cation and reporting standards (Richards et al. 2015, Li et al. 
2017, Li and Wang 2017, Riggs et al. 2020, Tavtigian et al. 
2020) and standardized workflows (Anderson et al. 2010, 
Pedersen et al. 2021, Uffelmann et al. 2021). However, a uni
fied framework for QVs is lacking, despite the recognized 
benefits of similar initiatives, such as Polygenic Risk Score 

(PRS) reporting standards (Lambert et al. 2021, Wand et al. 
2021). Tools such as vcfexpress (Pedersen and Quinlan 2025) 
enable flexible filtering and formatting of Variant Call 
Format (VCF) files using user-defined expressions. Treating 
QV criteria as an external parameter layer complements these 
tools by externalizing their thresholds and logic. This ap
proach improves reproducibility across distributed comput
ing environments (Bal et al. 1989) and integrates seamlessly 
with workflow managers like Snakemake (M€older et al. 
2021) or Nextflow (Di Tommaso et al. 2017).

QV selection criteria vary by application. In Genome- 
Wide Association Study (GWAS), thresholds favor common 
variants, yielding datasets with over 500 000 variants per 
subject, whereas rare disease analyses use stringent filters 
producing fewer than 1000 variants, often limited to known 
genes or pathogenic loci. Although targeted filtering is valu
able (Cirulli et al. 2015, Povysil et al. 2019), no unified ap
proach exists. In practice, QV sets range from broad quality 
control filters to specific disease panels, and their definition 
is critical for reproducibility and accurate reporting, 
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influencing results as much as the pipeline itself (Olson 
et al. 2023).

As Whole Genome Sequencing (WGS) becomes standard 
for large cohorts (Lee et al. 2018, Jansen et al. 2019), the in
tegration of diverse QV protocols is critical for data cleaning 
and analysis. During sequencing analysis several layers can be 
responsible for triggering QV protocols, including pre- 
existing metadata, technical Quality Control (QC) results, 
and post-calling annotations, highlighting the need for a 
clear, unified approach.

We introduce the QV as a standalone entity, independent 
from other pipeline variables. Structured human- and 
machine-readable criteria, aligned with FAIR principles 
(Wilkinson et al. 2016), facilitate integration across databases 
(Tour�e et al. 2023, van der Horst et al. 2023). We advocate 
for the use of standard vocabularies, unique identifiers, and 
flexible file formats to support this integration.

Building on this framework, we propose an openly docu
mented registry model for QV files that assigns a unique 
qv_set_id and records a SHA-256 checksum for each re
lease, enabling direct retrieval and verification for audit and 
re-analysis. Our accompanying HTML-based QV builder 
converts simple key¼value statements into structured 
YAML and can be embedded in public, private, or commer
cial websites to simplify the authoring of consistent criteria 
(Zenodo repository). The framework is designed to support 

the emergence of a shared, widely adopted registry 
over time.

2 Methods
2.1 Implementation
The QV file provides a structured, human- and machine- 
readable definition of variant qualifying criteria. It is com
posed of five logical components that define its structure and 
metadata. It is portable across tools, transparent in content, 
and verifiable through unique identifiers and checksums. 
Each file is a lightweight YAML or JSON document specify
ing the variables and thresholds used in analysis. It can be 
read programmatically at runtime, e.g. using yq in shell- 
based workflows or yaml::read_yaml() in R, providing 
the same parameters that would otherwise be embedded 
within pipeline configurations, as illustrated in Fig. 1. The 
output is identical to that of the native workflow, with the 
added benefit of an explicit, versioned, and shareable config
uration file.

� 1. Meta: Descriptive metadata including qv_set_id, title, 
version, author list, creation date, and tags. These fields 
ensure traceability and version control across analyses. 

� 2. Filters: Simple rule-based statements that apply inclu
sion or exclusion logic based on variable thresholds (e.g. 

Figure 1. Summary of the QV application for a WGS pipeline. QV1 and QV2 are applied as sequential protocol steps. In this example, QV2 differs from 
QV1 by retaining only likely/pathogenic variants (indicated by a X). The QV file loaded by the analysis pipeline comprises a description field (optional) and a 
variables field (mandatory). The QV criteria may be distributed across multiple pipeline steps.
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minimum allele frequency or coverage depth). Filters can 
also restrict the analysis to defined genomic regions, such 
as a target gene panel or BED file. 

� 3. Criteria: Compound logic blocks that combine one or 
more conditions into interpretable rules, corresponding to 
concepts such as ACMG criteria or study-specific thresholds. 

� 4. Notes: Optional free-text annotations providing con
text, assumptions, or technical caveats. 

� 5. Descriptions (optional): Plain-language fields, such as 
description_patient and description_ppie, that can record 
patient preferences or public involvement input. These 
complement the technical definitions without affecting 
computational logic. 

2.1.1 Example QV structure
We include an HTML-based QV builder that can be embed
ded in research or commercial platforms to simplify the crea
tion of consistent, versioned criteria files (available via Zenodo 
repository). A minimal QV YAML file is shown in Box 1, 
equivalent to the configuration generated by this builder. QV 
files are composed of key¼value statements, ensuring that 
all filtering and interpretation rules are explicit, versioned, and 
reproducible. In simple terms, Box 1 specifies that only var
iants overlapping a curated disease gene panel are retained and 
that variants classified as pathogenic or likely pathogenic are 
prioritized. It also records patient context and patient-public 

involvement notes, thereby linking the technical filtering logic 
with its clinical and ethical rationale.

2.1.2 FAIR mapping and patient involvement
Each QV file includes a persistent identifier (qv_set_id) that 
links criteria across analyses and databases. The framework 
aligns with the Findable, Accessible, Interoperable, and 
Reusable (FAIR) principles of findability, accessibility, interop
erability, and reusability (Wilkinson et al. 2016). Findability is 
achieved through unique identifiers; accessibility through open, 
human- and machine-readable YAML or JSON files; interoper
ability through standardized syntax (i.e. key¼value) and se
mantic mappings such as Resource Description Framework 
(RDF) or Systematized Nomenclature of Medicine-Clinical 
Terms (SNOMED CT) (Tour�e et al. 2023, van der Horst et al. 
2023); and reusability through embedded metadata, checksum 
verification, and versioned registry records.

Optional metadata fields such as description_pa
tient and description_ppie allow patient input and 
Public and Patient Involvement and Engagement (PPIE) feed
back to be recorded in a manner appropriate to the study or 
application, with patient notes provided through consent- 
linked forms and PPIE groups offering structured review or 
approval of criteria within the same FAIR-compliant file.

2.1.3 Example QVs in WGS analysis
A typical WGS pipeline applies several QV sets sequentially, 
as the genetic cause of disease may stem from different vari
ant types such as SNVs, CNVs, or structural variants. Each 
pass filters data for its purpose, producing both cohort-level 
and single-patient results within one reproducible framework 
(Auwera and O’Connor 2020, Li et al. 2025). As illustrated 
in Fig. 1 and Box 2, the description can be written as: 

“A cohort of patient WGS data was analyzed to identify 
genetic determinants for phenotype X. A flexible QV set 
was applied using the pipeline v1, which implements 
the QV_SNV_INDEL_1 criteria to produce the prepared 
dataset (dataset v1). This dataset was analyzed alongside 
other modules (e.g. PCA_SNV_INDEL_v1 and statis
tical_genomics_v1) to derive a cohort-level associa
tion signal (Result 1). It was then re-filtered with stricter 
QV_SNV_INDEL_2 criteria to identify known causal 

Box 1: qv_disease_panel_example.yaml  
meta:

qv_set_id: qv_disease_panel_v1_20250828
version: 1.0.0
title: Disease panel filter

filters:
region_include:

description: >
Restrict to curated disease gene panel

logic: keep_if
field: OVERLAP(targets.disease_panel.bed)
operator: 0> =0

value: 1
criteria:

pathogenic:
description: >

Variant classified as pathogenic or likely pathogenic
logic: and
conditions:

- group: any_of: start
- ffield: CLASS, operator: 0==0, value: Pg
- ffield: CLASS, operator: 0==0, value: LPg
- group: any_of: end

meta:
description_patient: >

We have a strong family history of early heart attacks.
description_ppie: >

The PPIE group reviewed the criteria and approved them
on 2025-08-15.

notes:
- Gene panel file defines the target regions.
- Additional quality filters may be added as needed.

Box 2: Example diagrammatic representation  
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variants, yielding (dataset v2) and single-patient reports 
(Result 2).”

2.2 Usage in a rare disease cohort validation study
We validated the QV framework on an in-house rare disease 
cohort of 940 individuals using Whole Exome Sequencing 
(WES) comparing a conventional manual implementation 
with a QV-based YAML configuration. The analysis targeted 
rare variants [Minor Allele Frequency (MAF) <0:01] in 
known disease genes from the Genomics England “Primary 
immunodeficiency or monogenic inflammatory bowel dis
ease” panel, retrieved via PanelAppRex (Quant Group et al. 
2025). This yielded 6026 candidate variants annotated with 
376 information sources, prepared in R using the GuRu vari
ant interpretation tool and imported from gVCF files proc
essed by Variant Effect Predictor (VEP).

We applied the first eight American College of Medical 
Genetics and Genomics (ACMG) criteria for pathogenicity 
scoring (Richards et al. 2015), six of which were relevant to 
this cohort. The manual pipeline encoded each criterion di
rectly, while the QV workflow read the same definitions from 
a YAML file. The YAML criteria included ACMG_PS1 (known 
pathogenic amino acid change), ACMG_PS3 (supporting func
tional evidence), ACMG_PS5 (compound heterozygosity), and 
frequency- and segregation-based criteria (PM2, PM3). Criteria 
PS2 and PS4 were not applicable in this cohort.

2.3 Usage in a GWAS validation study
We next applied the QV criteria framework to a GWAS using 
HapMap3 Phase 3 (R3) consensus genotypes on 1397 indi
viduals (Fairley et al. 2020). Again, two pipelines were exe
cuted with identical inputs and parameters: one hard-coded 
and one driven by the QV file. This QV set defined common 
GWAS thresholds: restriction to autosomal, biallelic SNPs; 
minimum sample call rate of 95%; variant call rate of 95%; 
minor allele frequency ≥1%; and Hardy–Weinberg equilibrium 
p≥1×10− 6. After quality control, variants were LD-pruned 
and principal components (PC1–PC10) were computed, with 
sex included as an additional covariate. Logistic regression un
der an additive model was then performed with a binary simu
lated phenotype using PLINK. The outputs of the two pipelines 
were captured and compared across each main PLINK stage. 
Manhattan plots, Principal Component Analysis (PCA) plots, 
and md5 checksums were used to confirm exact reproducibility 
between the hard-coded and QV-driven analyses.

For benchmarking, Message-Digest Algorithm 5 (MD5) 
checksums were uniquely reported for the GWAS study be
cause PLINK output files are exactly reproducible between 
runs. In contrast, VCF files used in the other validation stud
ies include variable header fields such as BCFtools view com
mand with a timestamp, which changes with each run and 
alters the MD5 value. For those cases, we instead report vari
ant count and content.

2.4 Usage in a WGS validation study with GIAB 
and Exomiser
We next applied the QV framework to a WGS trio analysis us
ing the Genome In A Bottle Chinese Trio (HG005-HG007, 
PRJNA200694, GRCh38 v4.2.1) of the National Institute of 
Standards and Technology (Wagner et al. 2022). Two pipeline 
phases were executed with identical inputs and parameters: 
one hard-coded and one driven by the QV file. Both phases 

applied identical QC and study filters and included a gene- 
panel style analysis using the pediatric disorders panel [panel 
486; 3853 genes (Quant Group et al. 2025)]. The upstream 
processing used BCFtools for region restriction using BED 
overlap, site-level thresholds on QUAL and INFO/DP (using 
computed site depth from per-sample FORMAT/DP when ab
sent), and per-sample thresholds on FORMAT/DP and 
FORMAT/GQ with exclusion of missing genotypes. 
Composite criteria were applied to require either all samples to 
pass or at least one sample to pass. The downstream filtered 
trio VCF was analyzed with Exomiser using the same trio . 
ped input and without using Human Phenotype Ontology 
(HPO) terms.

3 Results
3.1 Validation rare disease cohort case study
We validated the QV framework using WES analysis with 
ACMG-based criteria on a rare disease cohort of 940 individ
uals, comparing a conventional pipeline with parameters de
fined internally (QV manual) to the new external YAML- 
based implementation (QV yaml). As shown in Fig. 1, avail
able as supplementary data at Bioinformatics online, the out
puts from both methods were identical, demonstrating a 
100% match. This confirmed that our framework of a stand
alone, shareable, QV criteria file can be imported and applied 
programmatically with equivalent accuracy, providing a re
producible resource that is adaptable across different pipe
lines and programming environments.

3.2 Validation in a common variant GWAS
To demonstrate the integration of the QV framework with 
established best practices in GWAS (Uffelmann et al. 2021), 
we validated it in a standard HapMap3 Phase 3 GWAS by 
again running two equivalent analyses: a conventional pipe
line with parameters defined internally and a YAML-based 
implementation that externalized all settings. As shown in 
Fig. 2, available as supplementary data at Bioinformatics on
line, the Manhattan and Principal Component Analysis 
(PCA) plots were identical between the two methods, and the 
MD5 checksums of all PLINK outputs matched exactly. 
These results confirm that QV parameterization reproduces 
the original workflow precisely while improving clarity, 
transparency, and reusability.

3.3 Validation in a WGS study with GIAB 
and Exomiser
To demonstrate the ease and benefit of using QV parameteri
zation in established WGS analysis pipelines, we conducted a 
trio validation study using the Genome In A Bottle Chinese 
Trio (HG005-HG007, GRCh38 v4.2.1) and the Exomiser 
tool for variant annotation and interpretation (Cipriani et al. 
2020). Two equivalent analyses were run: one with hard- 
coded thresholds and one using an external QV YAML file 
specifying the same parameters. Both applied identical QC 
and study filters and restricted analysis to the PanelAppRex 
pediatric disorders panel (3853 genes). Results were identical: 
variant counts matched at each step, and Exomiser outputs 
produced the same candidate genes and variants. Figure 3, 
available as supplementary data at Bioinformatics online 
shows this agreement. This validation confirms that a share
able QV file reproduces the full variant interpretation work
flow exactly, while aligning with established variant effect 
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predictors and interpretation tools (Cipriani et al. 2020, 
Holtgrewe et al. 2020, Riccio et al. 2024). Benchmarking 
showed that QV files introduce no computational overhead 
and scale equivalently to conventional implementations 
(Supplemental benchmark, Fig. 4, available as supplementary 
data at Bioinformatics online).

4 Implications
4.1 General applicability and reproducibility
Across validation studies, the QV framework reproduced 
conventional workflows in which parameters are embedded 
within scripts, while externalizing those same variables into a 
portable, shareable format. The framework itself performs 
no filtering, calling, annotation, or interpretation, but pro
vides a machine-readable layer for defining and reusing the 
qualifying variables that underpin these analyses. It comple
ments tools such as GATK and BCFtools for processing, 
Ensembl VEP, SnpEff, FAVOR, and WGSA for variant effect 
prediction (Riccio et al. 2024), and Exomiser and VarFish for 
interpretation (Cipriani et al. 2020, Holtgrewe et al. 2020), 
by making their analytic criteria explicit.

4.2 Scalability and interoperability with 
genomic tools
The validation studies, covering clinical interpretation, 
genome-wide association analysis, and WGS trio interpreta
tion, demonstrate that the QV framework generalizes across 
distinct genomic contexts without altering analytical out
comes or adding computational overhead. The format further 
allows users to define, combine, and extend their own QV 
sets using simple declarative syntax, providing a scalable ap
proach for reproducible genomics.

4.3 Traceability and confirmation of applied 
clinical standards
Each QV file includes a persistent identifier and checksum 
that can be stored in Electronic Health Record (EHR) or lab
oratory systems such as EPIC, Cerner, Clinisys, or REDCap. 
This links each patient’s analysis (including any associated 
PPIE input) to the exact QV set used, enabling transparent, 
auditable, and FAIR-compliant reporting. A clinician or mo
lecular pathologist viewing a result in EPIC or Cerner can ac
cess the linked qv_set_id to verify the applied standards 
and filtering criteria. Automated genomic reports should in
clude these details by default, ensuring full traceability with
out requiring access to the pipeline. For example, if a patient 
asks whether their genome was screened for breast cancer 
due to variants in BRCA1 or BRCA2, the EHR-linked report 
referencing “qv acmg sf v3.3 20250828.json” confirms that 
the ACMG secondary findings guideline (v3.3) (Miller et al. 
2023) was applied, including its defined gene set, thresholds, 
version, and standard.

5 Summary
This paper introduces a framework for integrating qualifying 
variants into genomic analysis pipelines, enhancing reproduc
ibility, interpretability and the seamless translation of re
search findings into clinical practice.
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