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Abstract

Germline next-generation sequencing (NGS) is the gold standard for hereditary cancer diagnostics.
However, clinical utility is limited by variants of uncertain significance (VUS), which may disrupt mRNA
processing; consequences invisible to DNA NGS alone but identifiable by parallel RNA NGS. Here, we
present paRDal (parallel RNA/DNA analytical workflow), a containerized, modular framework that
integrates matched germline DNA and RNA NGS data into a single diagnostic pipeline. paRDal
implements allele-aware two-pass alignment, automated splicing and expression outlier detection, allele-
specific expression analysis, and comprehensive variant annotation. A bidirectionally reactive filtering
engine enables both DNA-centric (variant-to-function) and RNA-centric (function-to-variant) workflows.
An R/Shiny application consolidates multilayered evidence per patient and across cohorts, linking in
silico predictions with observed transcriptomic consequences without requiring specialized
bioinformatic expertise. Validated on 204 individuals undergoing hereditary cancer genetic testing,
paRDal facilitates the application of ACMG/AMP criteria [PVS1(RNA) and PP3], improving diagnostic
yield and VUS resolution in clinical germline genomics.

Background

Next-generation sequencing (NGS) of germline DNA has become the gold standard for the analysis of
hereditary cancer predisposition, the currently dominant application of Mendelian disease diagnostics in
human clinical genetics, increasing diagnostic yield while reducing turnaround time and costs’ .
Beyond the identification of causal germline pathogenic variants (gPV) in cancer predisposition genes,
which enables the application of tailored cancer prevention strategies for high-risk carriers, NGS reveals
many variants of uncertain significance (VUS). These genetic changes, with unknown biological effects
and clinical implications, hamper the diagnostic utility of NGS and may lead to inadequate disease
surveillance®. VUS account for approximately 40% of NGS-identified variants’ and are found in up to
30% of patients”°. Their resolution has accelerated in recent years, largely driven by machine-learning
approaches leveraging large public variant datasets to provide more quantitative assessment'°.

RNA NGS offers a complementary layer of evidence for resolving VUS, particularly those affecting mRNA
processing. By capturing transcript-level consequences, RNA NGS can reveal the impact of variants on
pre-mRNA splicing, nonsense-mediated decay (NMD), and gene expression, none of which are fully
assessable by DNA NGS'716. About 13% of all gPVs disrupt canonical splice sites (+ 1/2 positions of
donor or acceptor sites), leading to aberrant splicing. However, non-canonical splicing variants, such as
those at exonic and especially deep-intronic positions, are likely substantially underreported'’1217.18 as
they often evade detection and prioritization in panel-based or whole-exome sequencing (WES)
approaches. Incorporating RNA NGS into clinical workflows has shown considerable potential for
reclassifying canonical and non-canonical splice variants alike, yielding mechanistic evidence for
pathogenicity that supports more accurate diagnosis and clinical decision-making®'®. Furthermore, RNA
NGS can identify aberrant allele-specific expression and gene expression outliers.
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Several studies have applied RNA NGS to improve variant interpretation in clinical settings, particularly
for evaluating aberrant splicing, expression outliers, and allele-specific expression, as well as for variant
calling and sample authentication'® 28, Importantly, the American College of Medical Genetics and
Genomics (ACMG) and Association for Molecular Pathology (AMP) have acknowledged the role of RNA
NGS and splicing prediction tools as evidence for variant reclassification. Under the ACMG/AMP
framework, RNA NGS can support PVS1(RNA) criterion, yet its implementation remains challenging,

partly due to the lack of standardized frameworks and practical guidance?®°.

RNA-NGS-based workflows typically rely on a combination of tools for splice junction or expression
outlier detection, and allele-specific expression analysis'®?%31. However, currently there is no
standardized or widely adopted framework that systematically integrates DNA NGS with RNA NGS into a
variant interpretation workflow, particularly in the context of hereditary cancer diagnostics. While some
frameworks address isolated aspects, none encompass the full optimized workflow: from raw data
processing and read mapping through variant calling to comprehensive variant annotation and
functional RNA analysis. This fragmentation drives variability in analytical approaches and inconsistent
application of RNA-based evidence accross clinical genomics laboratories. Additionally, the
implementation of functional evidence in clinical settings is frequently constrained by a critical technical
bottleneck: fragmented workflows generate complex, multilayered data that remain inaccessible to
geneticists and clinicians lacking specialized bioinformatic expertise.

Here we present paRDal (parallel RNA/DNA analytical workflow), a containerized (Docker) modular
framework designed for the systematic integration of matched DNA and RNA NGS data, accompanied by
an R/Shiny application, that empowers clinicians and researchers to efficiently examine patient genomic
data.

Methods
Dataset and NGS

Paired DNA and RNA samples were collected as pairs from 204 individuals of Czech and Slovak descent
who underwent germline genetic testing for hereditary cancer predisposition at the General University
Hospital in Prague (GUHP). The study was approved by the Ethics Committee of the GUHP (ethics
approval number 22/22). All participants provided informed consent, and the study was conducted in
accordance with the Declaration of Helsinki. DNA and RNA were isolated from peripheral blood
leukocytes as described previously?®. DNA and RNA panel NGS libraries were prepared using the custom
CZECANCA panel (CZEch CAncer paNel for Clinical Application) according t0?%32, and sequenced using
lllumina paired-end sequencing on NextSeq 2000. Fifty matched genomes from 1000 Genomes?3 and

134

transcriptomes from Geuvadis project* served as external controls.

General workflow
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Raw NGS data were processed using a fully containerized modular workflow (Fig. 1) implemented inside
Docker, ensuring complete reproducibility of software versions, dependencies, and reference files. All
steps, tools, folder structures, and scripts used in this workflow are defined in our GitHub repository.

All mapping steps, variant calling and annotation steps used the GRCh38 primary assembly
(Homo_sapiens.GRCh38.dna.primary.assembly.fa, release 114) and Ensembl GRCh38 GTF annotation
file (release 114)3°. All databases used for annotation, as well as tool and their versions, are listed in

Additional File Table S1 and Table S2, respectively.

DNA NGS Data Preprocessing and Variant Calling

Raw DNA NGS paired-end reads were processed according to GATK Best Practices workflow3®. Raw
FASTQ files were aligned to the reference genome using BWA-MEM2 (v2.0)%”. Sorting, duplicate marking,
and read groups assignment were performed with Picard tools (v1.129)38. Base Quality Score
Recalibration (BQSR) was applied using GATK (v4.3.0.0)3° BaseRecalibrator, employing sets of known,

high-confidence variants (Mills and 1000G gold standard indels; 1000G phase 1 SNPs)3®.

Variant calling was conducted per-sample using GATK (v4.3.0.0) HaplotypeCaller in GVCF mode. Cohort-
wide joint genotyping was subsequently performed using GATK (v4.3.0.0) GenotypeGVCFs. Multiallelic
variants were decomposed, and indels were left-aligned and normalized using BCFtools (v1.9)*? and vt
(v0.57721)*1. Standard cohort-level hard filtering was applied to retain high-quality variants (DP = 5, FS <
45,QD > 1, SOR < 4, MQRankSum = -13.5).

Single-nucleotide variants (SNVs) were extracted to support RNA NGS allele-aware alignment using the
WASP algorithm and allele-specific expression (ASE) analyses*C. Annotation was carried out using
Ensembl Variant Effect Predictor (VEP)*? with multiple plugins, as described in Additional File Table S1.

RNA NGS Data Preprocessing and Variant Calling

RNA NGS paired-end reads were aligned using STAR (v2.7.11b) utilizing a rigorous two-pass mapping
mode that supports the discovery of novel splice junctions*3. First pass mapping required an 8-bp
overhang for de novo junctions, whereas only a 3-bp overhang was needed for annotated junctions.
Export to sample-level databases was strictly gated by a 12-bp bilateral overhang; minimum coverage of
3 reads was required for non-canonical junctions, whereas coverage of 1 read sufficed for canonical
junctions. High-confidence novel junctions from the whole cohort were subsequently utilized to generate
updated genome indices for the second pass. The second pass required a minimum depth of 3 reads
across all canonical and non-canonical motifs for the export to the final splice-junctions file. To suppress
reference-mapping bias, a critical requirement for accurate ASE analysis, the second alignment pass was
executed with the WASP algorithm enabled. During this step, patient-matched variants derived from the
DNA variant calling pipeline were supplied as known variant loci.
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BAMs were processed using a workflow equivalent to DNA BAMs processing. To make RNA reads
compatible with downstream variant calling, spliced reads were processed using SplitNCigarReads

(GATK, v4.3.0.0)%°. Variant calling and VCF processing were conducted in accordance with the DNA
framework.

Variant Annotation

Normalized DNA/RNA variants were comprehensively annotated using Ensembl VEP, (offline cache
mode, GRCh38, release 114)*2. A predefined list of clinically significant transcription variants in cancer

predisposition genes was used for internal samples. MANE Select transcripts** were used for the
exomes from the Geuvadis project.

To empower the diagnostic evaluation of multiomics outliers and aberrant events, the annotation
framework was augmented with a specialized set of plugins categorized by biological mechanism
(Additional file Table S1).

By integrating a multilayered splicing prediction framework, we provided a mechanistic background for

aberrant splicing outliers detected by FRASER*®

.The SpliceAl and SpliceVault plugins were utilized to
predict cryptic donor/acceptor activation, intron retention, and exon skipping events*®#’. Standard

motifs were annotated using the SpliceRegion plugin.

To facilitate interpretation of protein dysfunction in the absence of transcriptomic outliers,
deleteriousness-prediction tools were incorporated, including AlphaMissense*®, BayesDel*?, CADD®?,

REVEL®', and SIFT®? plugins. To further elucidate the variants’ impact on protein structure and function,
the DOMAINS and ProteinLengthChange plugins were included to assess domain disruption and

changes in protein length. MaveDB®3 provides functional experimental variant effects.

Variants were placed in context using global population frequencies and clinical databases, using
gnomAD (v4.0) and the ClinVar database (obtained 11/2025), to ensure clinical relevance. Furthermore,
the annotation logic prioritizes clinical transcripts, integrating RefSeq and MANE Select identifiers to

ensure that HGVSc and HGVSp®* notations are consistent with established ACMG/AMP variant
classification standards.

Gene Expression Quantification and Expression Outlier
Detection with OUTRIDER

Gene-level read counts were quantified from the final RNA BAM files using featureCounts from the
Subread package (v2.0.2), counting paired reads spanning exons. Reads were not normalized, leaving
normalization to the user.

Page 6/29



Expression outliers were detected using the OUTRIDER package in R®°. Genes with low expression were
strictly filtered out (FPKM < 10). OUTRIDER’s denoising autoencoder was applied to correct for
unobserved confounders. Significant expression outliers were defined as events exhibiting an adjusted
p-value < 0.05.

Aberrant Splicing Detection and Splicing Outlier Identification using
FRASER

Splicing outliers were extracted from RNA NGS BAMs using the FRASER R-package®’, followed by the
calculation of the Percent Spliced In (¥ ). Significant aberrant splicing events were strictly defined using
an adjusted p-value < 0.05, an absolute A ¥ > 0.1, and a minimum junction coverage of 5 reads.
FRASER was used to generate Sashimi plots for the aberrant splice junctions.

Allele-specific Expression (ASE)

ASE profiling was restricted to heterozygous, biallelic SNPs. Allelic counts were quantified directly from
the RNA BAM files using GATK ASEReadCounter with a minimum required depth of 10 reads. Statistical
assessment of allelic imbalance was performed using the MBASED R-package (1-sample analysis mode,
unphased). ASE events were considered significant at an adjusted p-value < 0.05.

Sample Authentication

The sample authentication was performed via SNPRelate R-package®® using Identity-by-Descent
measures in order to detect sample swaps or errors in library preparation. Biallelic SNPs were LD-pruned
(MAF > 0.005; missing rate < 0.05), and the KING method was used to confirm autologous pairings. To
define the threshold for identifying identical samples, we examined the distribution of kinship
coefficients within each pair of technical replicates, and the final cut-off was set to the higher of the two
kinship values surrounding the maximum delta if it exceeded 0.4.

Multiomics Data Integration

The final diagnostic table was constructed using the R/tidyverse-based framework. Variant annotation
was joined with unannotated DNA and RNA VCFs. DNA and RNA sequencing metrics, including depth
and variant allele frequency, were aligned side-by-side to allow immediate distinction between technical
artifacts and biologically relevant phenomena such as nonsense-mediated decay (NMD), monoallelic
expression, or tissue-specific expression (column details in Additional File 3, Table S3).

The Shiny/R application was developed with an Al-assisted coding®’ approach. However, the multilayer
integration logic and data architecture were fully defined by the authors. The application underwent
rigorous testing and debugging. Results were thoroughly manually checked for biological sanity, using
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internal clinical data as positive controls, mimicking real-life manual data curation and evaluation to
verify the correctness of filtering and join engines.

Software Implementation and Containerization

The paRDal framework is implemented as a fully containerized solution using Docker (20.10.21) to
ensure both fast setup and reproducibility across diverse institutional environments. All required
bioinformatics tools, reference genomes (GRCh38), and external databases are included within the
Docker image and need about 400 GB of free space. The setup process and directory’s structure are
described on https://doi.org/10.5281/zenodo.19055361 (https://github.com/LOG-CZECANCA/pardal).
The application setup process is described at https://doi.org/10.5281/zenodo.19055389
(https://github.com/LOG-CZECANCA/pardal-app).

Code Availability

The underlying code for the paRDal workflow and R/Shiny application can be found at
https://doi.org/10.5281/zenodo.19055361 and https://doi.org/10.5281/zenodo.19055389.

ResultS

Performance and Software Testing on a Cohort of 204
Individuals

To demonstrate the scalability of paRDal, we benchmarked its performance across two distinct hardware
architectures using both targeted clinical panels (CZECANCA) and whole genome/transcriptome pairs.

On a high-end server (AMD EPYC 9654P 96-core, 768 GB RAM), the clinical cohort of 204 individuals
sequenced on the CZECANCA panel was processed in 9 hours, representing a peak aggregate
throughput of 22.7 samples per hour. Processing 50 whole genome/transcriptome pairs from the 1000
Genomes®3 and Geuvadis®* projects required 106.5 hours, yielding a throughput of 0.47 samples per
hour.

Pipeline performance was also validated on a standard workstation (2x Intel Xeon E5-2690 v2, 128 GB
RAM), where 30 individuals analyzed by the CZECANCA panel were processed in 11 hours (2.7 samples
per hour), demonstrating that paRDal performs robustly even on older infrastructure. Mean compressed
file sizes were 250 MB for DNA and 215 MB for RNA (targeted panels).

In unfiltered data, we have identified 98,325 unique variants across 204 individuals (839,163 variant-
individual pairs). To identify candidate causal variants, we filtered the original dataset to retain those
with a minor allele frequency < 1%, a valid feature (e.g., transcript or regulatory feature), and non-benign
ClinVar annotations. High-confidence variant calls were defined as those with a minimum read depth >
10 and a maximum genotype quality score (GQ =99) in either the matched DNA or RNA sequencing data.
The final dataset comprised 5,497 unique candidate causal variants across 204 individuals.
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Integration of DNA and RNA evidence

To facilitate rapid identification and prioritization of disease-causing germline variants, with an emphasis
on splicing and non-coding variants, we developed an interactive, R/Shiny-based application that bridges
genomic data (DNA and RNA variants) with functional transcriptomic evidence (RNA NGS). The
application is structured around two primary analytical modules: a cohort-wide global ‘All Variants' view
and a patient-centric ‘Patient View’ (Fig. 2).

DNA/RNA variants are annotated with their functional and structural consequences, protein
deleteriousness scores, splicing predictions, population frequencies, and clinical relevance. Annotated
variants are displayed in the List of DNA/RNA Variants, with selectable columns or column groups
tailored to the specific research or diagnostic question (Additional file Table S1).

Integrated Quality Control via Side-by-Side DNA and RNA
Variant Metrics

To facilitate rigorous technical validation and biological interpretation of identified variants, the
application features a parallel analysis module (Parallel DNA/RNA Info) that resolves variant-level data at
the individual patient level. While cohort-level summaries (Fig. 3) are useful for exploratory data analysis,
confidently interpreting a causal variant requires assessing its sequencing quality and expression status
at the individual level.

This integrated view provides direct comparisons of critical quality parameters, including total depth
(DP) for coverage assessment and genotype quality (GQ) for exclusion of low-quality calls. Allelic depth
(AD) and variant allele frequency (VAF) enable the direct DNA-to-RNA VAF comparison, facilitating
detection of allelic imbalances such as ASE and NMD.

The application embeds the Integrative Genome Viewer (IGV) through igvShiny®® for visual validation of
matched DNA and RNA BAM slices, with genomic coordinates set automatically based on the inspected
variant locus.

Functional Data Integration
The application dynamically integrates several distinct layers of functional evidence (Fig. 2):

e called and thoroughly annotated DNA/RNA variants;

o allele-specific expression (ASE);

 read counts (gene expression) with GTEx reference data;
» expression outliers (computed via OUTRIDER); and

 aberrant splicing events (computed via FRASER) with corresponding Sashimi plots (available in
Patient View only) of the affected sample and three randomly selected reference samples.
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To aid variant interpretation, the platform embeds external APIs, including multi-tissue expression
profiling from the GTEx Portal (V8)>°.

Bidirectional Multiomics Evidence Joining

A major challenge in multiomics diagnostics is accurately linking DNA variants to RNA outliers. To
resolve this, we implemented a bidirectionally reactive filtering engine. Selecting a DNA or RNA variant
(Fig. 2) instantly filters all RNA outlier tables to show only events mechanistically linked to that variant.
Conversely, selecting an RNA outlier instantly queries the DNA variant pool for a potential causal variant.
This filtering can be applied at the variant level or globally across all evidence layers, ensuring consistent
results throughout.

Biologically Bounded Integration of Splicing Outliers

Splicing aberrations present a unique integration challenge, as a causal spliceogenic variant may reside
at canonical splice sites (1,2), within an adjacent exon, or deep intronic sequences.

When a FRASER splicing outlier is selected, the application queries the reference GTF to identify the
exact physical coordinates of the nearest upstream (donor) and downstream (acceptor) exons adjacent
to the aberrant junction. The platform dynamically constructs a custom, continuous genomic window
that precisely spans from the start of the upstream exon to the end of the downstream exon.

By enforcing spatial intersections against this biologically expanded window, the application reliably
captures causative splice-site variants, deep intronic cryptic variants, and exonic regulatory disruptions,
without relying on rigid distance buffers that risk capturing adjacent and irrelevant gene variants or
missing some of the causative ones.

In Patient View, clicking on a splice junction of interest triggers a Sashimi plot alongside an IGV window
displaying the corresponding genomic range.

The paRDal framework in real-life examples

Below, we present several cases illustrating the utility of the paRDal framework across specific
functionalities, selected from analyses of individuals undergoing genetic testing for hereditary cancer
predisposition.

Splicing Landscape in a Set of 204 Individuals Tested for
Hereditary Cancer Predisposition

We have analyzed the splicing landscape in 204 individuals who underwent genetic testing for hereditary
cancer predisposition. Extraction of SNPs from the original dataset yielded 18,804 variants; regulatory
variants were excluded. Subsequent filtering for quality metrics and population frequencies (annotated
variants with GQ of 99 in either DNA or RNA, with a depth of 10 reads, and average population
frequencies < 0.01 or not available) further limited the SNP dataset to 5,034 variants. Of these, 292
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(5.8%) (Fig. 4a) mapped to splice regions (in the vicinity of the splice site or in the polypyrimidine tract);
however, most were absent from ClinVar. The largest proportion of variants with high SpliceAl scores
and positive FRASER hits were classified as pathogenic, with the majority residing at donor or acceptor
sites. In contrast, variants classified as likely benign or VUS exhibited moderate to high SpliceAl with a
positive FRASER hit predominantly located in the polypyrimidine tract. As shown in Fig. 4b, many
FRASER hits lacked an associated causal variant, suggesting causative variants may reside in deep
intronic sequences or regulatory exonic elements.

Detection of Complex Splicing Disruptions Caused by
Variants with Inconclusive Evidence (ATM:c.6197A > G)

A carrier of a rare variant affecting the penultimate nucleotide in exon 42 (ENST00000675843:c.6197A >
G; Fig. 5a, lower panel) exhibited skipping of exon 42 (E42A) in ATM. While predicted to cause a
missense amino acid change (p.GIn2066Arg), this extremely rare variant (gnomAD NFE MAF =
0.0000009) is currently classified as a VUS in ClinVar. Integrated analysis using paRDal revealed a severe
failure of the splicing machinery that in silico models failed to predict. The variant weakened the donor
splice site, leading to the use of an upstream splice donor with A¥ = 0.11. Reference samples showed
only a negligible amount of exon skipping (Fig. 5b).

This was accompanied by the retention of both flanking introns (i41 and i42; Fig. 5b), present in a
substantially more reads (A¥ = - 0.2 for i41 and A¥ = - 0.27 for i42).

Although a subset of variant-allele reads exhibited wild-type exon-exon junctions, indicating a leaky
splicing, the overall impact on transcript stability was substantial. Statistically significant ASE (p-value
adjusted < 2x10” 1) with the major allele frequency of 0.65 suggested aberrant transcript degradation,
further supported by significant transcript heterogeneity (p-value adjusted < 2x10™ %), indicating the
presence of diverse isoforms. Notably, none of the protein-based prediction tools classified the
missense variant observed in the leaky transcripts as deleterious.

Elucidation of the Impact of Deep Intronic Variants
(ATM:c.1899-123A > G)

A rare deep intronic variant in ATM (ENST00000675843:¢.1899-123A > G), located 123 bp upstream of
exon 13, was prioritized due to a high SpliceAl score (> 0.5), suggesting cryptic splice site activation.
FRASER detected a mixture of pseudo-exonizations (one dominant with AY = - 0.28) with 3 alternative
acceptors, and varying degrees of exon elongation (one dominant AY = 0.17), confirmed by IGV visual
inspection and Sashimi plots (Fig. 6).

Transcripts stability was assessed using ASE, which revealed a statistically significant MAF of 0.6. This
allelic imbalance suggests that a portion of the aberrant transcripts undergo NMD, likely due to the
introduction of a premature termination codon (PTC) within the retained intronic sequences, implying

Page 11/29



that the true level of aberrant splicing is even higher, as the damaged isoforms are depleted from the
transcript pool. Collectively, these findings support PVS1(RNA) evidence, demonstrating that the variant
directs the majority of the transcripts into a variety of non-functional isoforms, consistent with the in
silico predictions (PP3).

Two-pass STAR+WASP Mapping for Novel Splice-
Junctions Rescue (APC:c.1627-8A > G)

FRASER detected a complex splicing pattern, described as a (partial) intron retention with AY = - 0.26 of
intron 13 in APC, involving two competing alternative acceptor sites. One site, a 7-bp exon elongation
supported by only 5 reads, was linked to a variant in the polypyrimidine tract, while a seemingly distinct,
better-supported non-canonical junction (46 reads) was detected 12 bp downstream (Fig. 7a), adjacent
to a common synonymous polymorphism (ENST00000257430:¢c.1635G > A, MAX_AF = 0.84).

Despite a SpliceAl score of 0.99 for the polypyrimidine tract variant, visual inspection identified the 46-
read junction as an alignment artifact; the c.1635G > A mismatch introduced a reference bias in which
the associated mismatch penalty exceeded aligner tolerances during first-pass STAR mapping, causing
these reads to be flagged as an 18-bp insertion (Fig. 7b). Recognizing that these 46 reads and the
original 5 junction reads represented the same biological event, we unified the signal into a single 7-bp
exon elongation with 51 total supporting reads — a ten-fold improvement achieved through two-pass
STAR+WASP realignment. Although ASE was detected, the low SNP density (2 SNPs, heterogeneity = 1)
renders these results unreliable. Regardless, the 7-bp elongation is predicted to introduce a PTC and
trigger NMD, supporting the application of PVS1(RNA) (or PP3) criteria.

To further evaluate the impact of two-pass alignment on splice junction detection sensitivity, we
analyzed uniquely mapped read coverage across four clinically actionable genes (APC, ATM, BRCA1, and
MSH3) in a single run of 204 individuals. On average, the two-pass strategy rescued spanning reads for
23% of splice junctions missed during the initial pass, while only 1.7% of reads were lost (in fact, they
were not depleted but transitioned from uniquely mapping reads to multi-mappers). These results
demonstrate the utility of cohort-wide junction database construction in two-pass alignment (Fig. 8).

A Cautionary Tale: Identification and Curation of an APC Promoter Variant in Siblings with GAPPS Syndrome

In two siblings, both diagnosed with gastric adenocarcinoma and proximal polyposis of the stomach
(GAPPS), paRDal identified a regulatory variant (ENSR5_6H8TT4, g.112707527T > C, ¢.-191T > C) within
the APC promoter region. Although isolated in a non-coding regulatory element lacking standard gene-
level annotation, the framework’s integrated table-joining strategy successfully linked these variants to
APC, demonstrating paRDal's ability to capture the impact of regulatory variants.

Automated ASE analysis flagged APC as statistically significant (p-value < 0.05); however, visual
inspection of the Parallel DNA/RNA Info table, per-patient variant metric, and matched DNA/RNA BAMs
in IGV revealed that this signal was driven by an extremely low density of heterozygous SNPs within the

Page 12/29



coding region (specifically, the presence of a synonymous variant ¢.1212C > T in homozygous state)
consistent with the absence of calculated ASE heterogeneity. No expression outlier was detected.

Despite the established pathogenicity of APC promoter variants in GAPPS syndrome®9, the lack of
informative heterozygous sites precluded detection of a biologically meaningful ASE. This case
highlights the importance of the paRDal interactive interface, which enables clinicians to recognize the
limitations of automated outputs and conduct the manual investigation necessary to confirm a variant's
functional impact.

Discussion

paRDal is an integrated clinical bioinformatics framework that operationalizes the transition between
computational predictions (ACMG/AMP PP3 criterion) and functional clinical evidence (PVS1(RNA)).
Validated across extensive internal clinical cohorts and public datasets, paRDal unifies DNA/RNA variant
calling and annotation with advanced transcriptomic analyses, including allele-aware two-pass
alignment, expression outlier detection, aberrant splicing identification, and allele-specific expression,
facilitating the application of ACMG/AMP criteria and accelerating VUS resolution in routine germline
diagnostics.

Despite the potential of RNA NGS to resolve VUS''~1630 its clinical adoption remains hampered by a
lack of standardized bioinformatics workflows (Fig. 9). Existing frameworks suffer from fragmentation
or narrow analytical focus, delegating raw RNA NGS preprocessing to the user and thereby
compromising technical reproducibility and diagnostic yield. Furthermore, established tools typically rely
on a unidirectional trajectory from outliers to the potentially causal variants. To address these systemic
bottlenecks, paRDal offers optimized raw data pre-processing and employs a bidirectionally reactive
engine, allowing geneticists to initiate queries from a candidate DNA/RNA VUS or, conversely, to anchor
analysis on any observed transcriptomic signal to investigate reciprocal molecular interactions.

While frameworks like DROP and Maassen et al.®™ provide robust downstream analysis, they either

delegate the critical pre-processing of raw RNA NGS FASTQs to the user or do not optimize those steps
for downstream analysis. nf-core frameworks®2 address only isolated analytical components, requiring
manual synthesis of outputs. This fragmentation promotes non-standardized aligner settings and
directly compromises reproducibility and diagnostic yield. paRDal standardizes the entire trajectory from
raw FASTQ processing to the final interactive application, implementing two critical mapping
advancements: two-pass STAR alignment and WASP reference-allele bias correction, high-fidelity steps
that, while individually addressed by specific modules (e.qg., nf-core rnavar), are routinely omitted from
standard pipelines (Fig. 9).

In contrast to most available RNA NGS frameworks, which either do not integrate DNA variants or use
them solely as a basis for ASE analysis, paRDal employs DNA/RNA variant calling primarily for variant
exploration while also leveraging VCFs for sample authentication to exclude sample swaps.
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While diagnostic prioritization increasingly relies on splicing, expression, and ASE as primary drivers,
outlier-detection tools like FRASER and OUTRIDER frequently fail to resolve VUS in isolation'®20.23.61,
Statistical significance alone often remains inconclusive even for known splice-altering variants; the
diagnostic utility of expression outliers is primarily limited to structural variants, and ASE rarely serves as
a standalone diagnostic driver. Our findings demonstrate that successful variant classification requires
interpreting outlier detection and ASE alongside variant quality metrics, in silico predictions, and
visualization, rather than treating them as independent metrics. Manual curation remains essential when
a variant is suspected to alter the transcriptomic profile?3 (e.g., a a splice-site variant should be
evaluated in IGV, even in the absence of significant FRASER hits). paRDal specifically enables both DNA-
centric (from a variant to a functional effect) and RNA-centric (from an observed effect to a causal
variant) analytical perspectives. By consolidating conflicting scores, annotations, visual evidence, and
per-sample metrics into a single interface, paRDal enables the time-efficient application of the
PVS1(RNA) ACMG/AMP criterion, eliminating the need for manual cross-referencing and multi-step BAM
inspection.

paRDal is subject to several biological and computational limitations. The workflow currently applies
predefined parameters and thresholds optimized specifically for Mendelian diagnostics, which may
require adjustment for broader research contexts. Computationally, the autoencoders used for the outlier
detection perform optimally with a minimum cohort size of 60 samples®?, a requirement that can be
mitigated by utilizing tissue-matched public datasets as a background reference. Biologically, diagnostic
utility is limited by tissue-specific expression; although integration of GTEx data helps identify signals
absent from the examined tissue. Highly efficient NMD may deplete aberrant isoforms, leaving some
aberrant splicing events undetected. Finally, will focus on integrating Pindel®® and a dedicated CNV
analysis module to address current limitations in large indel detection and provide a truly comprehensive
multi-omics diagnostic solution.
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paRDalworkflow. The flowchart describes basic functionalities of the framework and software tools
used.
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Figure 2

The paRDal application layout. Users can toggle between All Variants view (1) displaying all variants
across the analyzed cohort (e.g. sequencing run) or Patient View (2), showing variants identified in a
given individual (3). List of DNA/RNA Variants (4) includes all variants detected by parallel DNA and RNA
NGS, Parallel DNA/RNA Info (5) displays their quality metrics. Clicking a selected variant (not shown)
loads it into parallel DNA/RNA tracks in IGV (6). Variants can be prefiltered using switchable filters (7)
and annotated using VEP plugins organized into thematically relevant groups (8). The Apply Filters
Globally (9) propagates a selected feature (e.g. variant or gene) across all functional output layers ((10),
which can be downloaded in csv format (11).
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Figure 3

Parallel IGV visualization of a selected variant in Patient View. Upon selection of a variant, matched
RNA (upper panel) and DNA (lower panel) BAM file windows are loaded from the NGS analyses (here
illustrated for an individual BRCA9904 harboring the BRCAT missense variant c.1865C>T).
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Figure 4

Splicing landscape of 292 VEP-annotated unique variants (a) located in splice regions in 204 individuals
tested for hereditary cancer predisposition. FRASER analysis (b) of the same sample set revealed 114
positive hits (splicing outliers), of which 38 (33%) were linked to a causal variant located within the splice
region. Splicing outliers with high SpliceAl scores were enriched among pathogenic/likely pathogenic
ClinVar variants; however, they were also identified among VUS and few likely benign variants. Eight (7%)
FRASER-positive hits in 13 individuals scored to variants not described in ClinVar.
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Figure 5

Visualization of the ATM ¢.6197A>G variant (a; blue arrowhead) in IGV showing parallel RNA (upper
panel) and DNA (lower panel) NGS data from a carrier in paRDal. RNA VAF is substantially reduced
relative to DNA (VAF% underlined in blue). Sashimi plots (b) for the variant carrier and a wild-type (WT)
reference sample revealed skipping of E42 (1; 179 vs. 4 events in the carrier and WT sample,
respectively) accompanied by enhanced retention of flanking introns (red arrowheads). Minor alternative
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splicing events (2 and 3) did not differ significantly between carrier and WT sample (6 vs. 11 and 9 vs. 0
events, respectively).
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Figure 6

Sashimi plots (a) and IGV view (b) for an aberrant splicing event caused by ATM:c.1899-123A>G in
paRDal, shown alongside a wild-type reference. Both panels show pseudo-exonization (*) of in an
intrinsic segment of the intron 12 and intron 12 retention (red arrowheads). The ¢.1899-123A>G variant
(b; black arrow) is shown at higher magnification (right inset) to illustrate increased proportion of the
variant allele within the retained intron sequence.
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Figure 7

Sashimi plots (a) for APC:c.1627-8A>G. The carrier RNA sample depicts two novel aberrant acceptor
sites absent from the wild-type (WT) reference, producing partial (7 bp) exon elongation (red
arrowhead). The IGV plot (b) of the carrier RNA sample shows small number of NGS reads spanning the
€.1627-8A>G variant in unprocessed RNA, common homozygous polymorphism ¢.1635G>A, and, 3
bases downstream, an erroneously mapped 18-nucleotide insertion representing the retained acceptor
site sequence of intron 13 (correctly mapped only in the read highlighted by red horizontal arrowhead).
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Figure 8

Rescue of novel splice junctions by two-pass STAR alignment across four clinically actionable multi-
exon genes. The graphs show the number of novel splice junction after the first (left) and second (right)

STAR pass across 204 samples. Junctions newly detected in the second pass and unchanged junctions
are not depicted.
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Figure 9

Comparison of state-of-art tools for integrated DNA/RNA analysis.
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