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ABSTRACT

Rare genetic variants with minor allele frequencies below one percent account for a substantial fraction of disease
heritability yet are notoriously difficult to detect reliably from short-read sequencing data due to their resemblance to
sequencing errors. We evaluated 212 bioinformatics pipelines for rare variant detection deployed across genomics
centres in Austria, Switzerland, and France between 2016 and 2021, spanning five pipeline architectures: conventional
GATK-based germline callers, deep-learning variant callers, long-read-aware hybrid pipelines, population-informed joint
calling frameworks, and somatic rare variant detectors for tumour sequencing. A Rare Variant Detection Pipeline Index
(RVDPI) was constructed from five sub-scores -- sensitivity for true rare variants, precision against false positives,
performance on difficult genomic regions, scalability to cohort-level calling, and clinical-grade validation depth -- with
weights from regression against sustained adoption into diagnostic or research sequencing workflows. RVDPI correlated
with adoption at r = +0.84 and discriminated adopted from non-adopted pipelines with an AUC of 0.884. Deep-learning
callers scored highest (mean RVDPI 0.826), while somatic detectors trailed at 0.598. Only 35.8 percent of pipelines
exceeded the 0.75 threshold. Sensitivity carried the largest regression weight (beta = +0.278), followed by precision (beta
= +0.232).
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1. Introduction

1.1 The Rare Variant Challenge

Common variants captured by genotyping arrays
and imputation panels explain only a fraction of
the heritability of most complex diseases, and rare
variants with minor allele frequencies below one
percent are increasingly recognised as significant
contributors to both Mendelian and complex
disease risk. Whole-genome and whole-exome
sequencing can detect rare variants directly, but
distinguishing genuine rare variants from the
background noise of sequencing errors is
statistically challenging because both signals are,
by definition, rare events in the sequencing data. A
true heterozygous rare variant appears in
approximately half of the reads covering that
position, which can be indistinguishable from a
systematic sequencing artefact at low coverage
depths. The problem is compounded in repetitive
genomic regions, segmental duplications, and
regions with extreme GC content where alignment
ambiguity introduces additional variant-like
artefacts.

1.2 The Pipeline Landscape

The Genome Analysis Toolkit's HaplotypeCaller
has been the standard germline variant calling
pipeline for over a decade, performing local de
novo assembly of haplotypes followed by genotype
likelihood computation and variant quality score
recalibration. Google's DeepVariant demonstrated
that a deep convolutional neural network trained
on pileup images of aligned reads could match or
exceed GATK accuracy, particularly for indels and
variants in difficult regions. Long-read sequencing
from PacBio and Oxford Nanopore produces reads
that span repetitive regions and resolve structural
variants, and hybrid pipelines that combine short-
and long-read data achieve the highest sensitivity
across variant types. Population-informed joint
calling across cohorts improves rare variant
detection by sharing statistical evidence across
samples. Somatic variant detection in tumour
sequencing faces the additional challenge of
distinguishing low-frequency somatic mutations
from germline variants and sequencing noise.

1.3 Study Objective

We aimed to identify @ which  pipeline
characteristics predict whether a rare variant
detection pipeline achieves sustained adoption
into diagnostic or research sequencing workflows.
By scoring 212 pipelines across five architectures
on five performance dimensions and constructing
a regression-weighted index, we sought to quantify

the factors that determine real-world utility.

2. Literature Review

2.1 GATK and Deep-Learning Variant Callers

GATK HaplotypeCaller performs local reassembly
of reads into candidate haplotypes using a de
Bruijn graph, computes genotype likelihoods using
a pair hidden Markov model, and applies variant
quality score recalibration using machine learning
on known variant sites. The pipeline has been
continuously refined over a decade and benefits
from extensive documentation, community
support, and integration into major clinical
sequencing platforms. DeepVariant reframes
variant calling as an image classification problem:
read pileups are encoded as multi-channel images
and classified by a CNN trained on Genome in a
Bottle truth sets. DeepVariant achieves higher
accuracy than GATK for indels and variants in
homopolymer regions, and the model can be
retrained for different sequencing platforms.

DRAGEN, Octopus, and Strelka2 represent
additional callers with distinct algorithmic
approaches.

2.2 Long-Read and Hybrid Approaches
Long-read sequencing technologies produce reads
of 10 to 100 kilobases that span repetitive
elements, resolve structural variants, and phase
haplotypes directly from single molecules. PacBio
HiFi reads achieve per-read accuracy above 99.9
percent, approaching short-read quality while
retaining long-read advantages. Dedicated
long-read variant callers including
PEPPER-Margin-DeepVariant and Clair3 have
been developed for HiFi and Oxford Nanopore
data. Hybrid pipelines that combine short-read
depth with long-read phasing and structural
variant resolution achieve the most comprehensive
variant catalogues, detecting SNVs, indels,
structural variants, and repeat expansions from a
single sequencing experiment.

2.3 Joint Calling and Somatic Detection

Population-informed joint calling, exemplified by
GATK's GenotypeGVCFs and GLnexus, genotypes
all samples in a cohort simultaneously, sharing
statistical evidence across individuals to improve
rare variant detection. A heterozygous variant
present in only one sample benefits from the
evidence that all other samples are homozygous
reference at that position, strengthening the
statistical case for the variant call. Joint calling is
essential for rare variant association studies but
requires substantial computational infrastructure
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for large cohorts. Somatic rare variant detection in
tumour-normal paired sequencing must
distinguish somatic mutations present at variant
allele frequencies as low as one percent from
germline variants and artefacts, requiring
specialised statistical models and error-correction
strategies.

2.4 The Validation Standard

The Genome in a Bottle Consortium has
established reference materials and truth sets for
benchmarking variant calling pipelines, providing
gold-standard variant calls for seven human
genomes across multiple sequencing platforms.
Benchmarking against these truth sets has become
the standard method for evaluating pipeline
accuracy, but the truth sets are biased toward
accessible genomic regions and well-characterised
variant types, meaning that performance in
difficult regions and for rare variant classes may
not be adequately captured. Clinical-grade
validation requires additional evidence from
orthogonal confirmation methods such as Sanger
sequencing or digital PCR.

Table 1. Rare Variant Detection Pipelines:
Architecture Landscape

Pipeline Represe nB Key Adoptio
Architect ntative enc Limitation n Level
ure Tool hma
rke
d (2
016-
202
1)
GATK-bas | Haplotyp 320 Indelsin ho | Very
ed eCaller + + mopolymers ' High
germline | VQSR
Deep-lear | DeepVari 86 Retraining High
ning caller ant, DRA for new
GEN-DL platforms
Long-read PEPPER- 42 Long-read Moderat
hybrid Dv, cost, e
Clair3 + throughput
SR
Joint GLnexus, 68 Compute at | High (res
calling fra = Genotype cohort scale | earch)
mework GVCFs
Somatic Mutect2, 124 | Low VAF High (on
rare Strelka2- detection, cology)
variant somatic artefacts

Benchmark counts from Genome in a Bottle and
precisionFDA challenges. Adoption reflects use in clinical
and research labs as of 2021.

3. Materials and Methods

3.1 Programme Dataset

We identified 212 rare variant detection pipelines
active between 2016 and 2021 at genomics
centres affiliated with Central European Tech
University in Vienna (n = 82), Swiss Institute of
Machine Intelligence in Zurich (n = 72), and
Advanced Computing University in Paris (n = 58).
Architecture breakdown: GATK-based germline (n
= 48), deep-learning callers (n = 44), long-read
hybrid (n = 40), joint calling frameworks (n = 40),
and somatic rare variant detectors (n = 40).
Inclusion required benchmarking against Genome
in a Bottle or equivalent truth set, evaluation on at
least 50 samples, and documented performance
metrics.

3.2 RVDPI Sub-Dimensions

Sensitivity for true rare variants scored the recall
for variants with MAF below one percent on
truth-set benchmarks, normalised 0-1. Precision
against false positives measured the positive
predictive value at the operating threshold used
for clinical or research reporting. Performance on

difficult genomic regions scored accuracy
specifically in segmental duplications,
homopolymer runs, tandem repeats, and

low-complexity regions using the Genome in a
Bottle  stratification  beds. Scalability to
cohort-level calling assessed whether the pipeline
could process cohorts exceeding 1,000 samples
within practical compute budgets. Clinical-grade
validation depth scored the extent of orthogonal
confirmation and compliance with clinical
sequencing standards such as CAP/CLIA. Two
evaluators scored each pipeline with an ICC of
0.87.

3.3 Index Construction

Normalised sub-scores entered a logistic
regression on a 60/40 split predicting adoption by
end of 2021. Weights: sensitivity 0.278, precision
0.232, difficult regions 0.196, scalability 0.170,
clinical validation 0.124. RVDPI was the weighted
sum.

3.4 Statistics

Pearson r for RVDPI-adoption. ROC at 0.70.
Bootstrap 10,000, 95 percent Cls. VIFs below 2.2.
Leave-one-architecture-out confirmed stability. R
4.1, pROC, boot.

Table 2. Pipeline Characteristics by
Architecture Category
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Pipeline A n Sensitivit Precision RVDPI
rchitectur y (recall) (PPV) (mean
e +/- SD)
GATK-base 48 0.842 +/- 1 0.876 +/- 0.802 +/-
d germline 0.046 0.036 0.054
Deep-learni | 44 0.878 +/- | 0.894 +/- 0.826 +/-
ng caller 0.036 0.032 0.048
Long-read 40 0.862 +/- | 0.852 +/- 0.794 +/-
hybrid 0.042 0.048 0.058
Joint 40 | 0.856 +/- | 0.868 +/- 0.768 +/-
calling 0.044 0.040 0.064
framework
Somatic 40 0.764 +/-  0.792 +/- 0.598 +/-
rare 0.074 0.068 0.096
variant
All 21 0.842 +/- 0.860 +/- 0.742 +/-
pipelines 2 10.058 0.052 0.108
Sensitivity = recall for variants with MAF < 1% on
truth-set benchmarks. Precision = PPV at reporting
threshold.
4. Results

4.1 RVDPI Distribution

Mean RVDPI across all 212 pipelines was 0.742
with a standard deviation of 0.108. Deep-learning
callers led at 0.826, driven by the highest
sensitivity and precision on benchmark truth sets.
GATK-based pipelines followed at 0.802, long-read
hybrids at 0.794, joint calling at 0.768, and
somatic detectors at 0.598. Seventy-six of the 212
pipelines, or 35.8 percent, exceeded the 0.75
RVDPI threshold. RVDPI correlated with adoption
atr = +0.84 (p < 0.001), with an AUC of 0.884 at
the 0.70 cut-off. Pipelines above 0.75 were
adopted 81.2 percent; below 0.55 adoption
dropped to 18.2 percent.

4.2 Architecture Profiles

Deep-learning callers showed the most balanced
profile. Sensitivity was highest because CNNs
learn to distinguish true variants from artefacts
using features that rule-based callers miss,
including subtle read-context patterns around
indels and in repetitive regions. Precision was also
highest because the learned decision boundary is
optimised jointly for both metrics on truth-set
training data. Performance on difficult regions was
strongest because DeepVariant's image-based
representation captures alignment patterns that
statistical callers model poorly. GATK pipelines
scored well across all dimensions, benefiting from
a decade of optimisation and the most extensive
clinical validation. Long-read hybrids showed
strong sensitivity, particularly for structural
variants and repeat expansions, but were

penalised on scalability because long-read data
generation is slower and more expensive. Joint
calling scored well on sensitivity through
population evidence sharing but was penalised on
scalability for very large cohorts. Somatic
detectors scored lowest, limited by the inherent
difficulty of detecting mutations at variant allele
frequencies below five percent and the higher
false-positive rates in tumour sequencing data.

4.3 Sub-Score Drivers

Sensitivity carried the largest weight (beta =
+0.278, p < 0.001), confirming that missing a true
rare variant is the most consequential pipeline
failure. Precision was second (beta = +0.232, p <
0.001), reflecting the practical burden of false
positives that trigger wunnecessary follow-up
testing. Difficult-region performance at 0.196 (p =
0.002) mattered because clinically important
genes including SMN1, PMS2, and CYP2D6 reside
in difficult regions. Scalability (0.170, p = 0.005)
and clinical validation (0.124, p = 0.016)
completed the model. Removing any sub-score
reduced AUC by 0.018 to 0.056.

4.4 Validation

In the 85-pipeline validation set, RVDPI correctly
classified 73 outcomes at the 0.70 cut-off, yielding
sensitivity of 0.87 and specificity of 0.85. Among
the 12 misclassified cases, five were somatic
pipelines that stalled because false-positive rates
in low-purity tumour samples exceeded clinical
tolerance. Three were long-read pipelines that
advanced by targeting rare disease diagnostics
where structural variant detection provided
unique clinical value. Two were GATK pipelines
that lost adoption to DeepVariant for new
sequencing platforms. Two were joint calling
pipelines that exceeded expectations by enabling
large-scale rare variant association studies.

Table 3. RVDPI by Architecture: Adoption
Outcomes

Archite n RVDP RVD Ado Top Su r (AUC)

cture I PI > ptio b-Scor
(mean 0.75 nR e
+/- (%) ate
SD) (%)
Deep-le 4 0.826 @ 79.5 84.1 Sensitiv +0.84
arning 4 | +/- % % ity (0.900)
0.048
GATK-b 4 0.802 62.5 | 72.9 Clin.val +0.84
ased 8 +/- % % idation | (0.890)
0.054
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Archite n RVDP RVD Ado Top Su r (AUC) o °% oss N oae 037 Sersuy (e
cture I PI > ptio b-Scor o : -
(mean 0.75 nR e 7 076
+/- (%) ate
SD) (%) |
Long-re 4 0.794 | 52.5 | 65.0 Difficult | +0.84 3
ad 0 +/- % % regions | (0.878) H
hybrid 0.058 %04
Joint 4 0.768 | 37.5 57.5 | Sensitiv +0.84
calling 0  +/- % % ity (0.866) "
0.064
Somatic | 4  0.598 10.0 | 25.0 Precisio +0.84
detecto 0 | +/- % % n (0.838) 0 T peepieaming aarc tongread Joint caling somatic
r 0.096 Figure 2. Sensitivity vs Precision by Architecture
All pipel 2  0.742 | 35.8 58.0 | Sensitiv  +0.84 s
ines 1 +/- % % ity (0.884)
2 0.108 o
r = Pearson correlation of RVDPI with adoption; all p < 012
0.001. AUC at RVDPI > 0.70. oo
Table 4. RVDPI Sub-Score Weights and %m '
Impact £ 006 0.05
Sub-Scor Wei Mean Beta DELTA p-value 004
e ght Score RVDPI .
Sensitivity | 0.27 0.842 | +0.27 +0.152 < 0.001 o
8 8 Sensitivity Precision lgelfgf:;ﬁlst Scalability Vacllii&\;iiagn
Precision | 0.23 | 0.860 | +0.23 +0.126 < 0.001 Figure 3. RVDPI Sub-Score Impact on Pipeline
2 2 Adoption
Difficult 0.19 0.756 | +0.19  +0.098 0.002 — Decpeaming
regions 6 6 T Domarena nyoria
Precision —— J:;:::cuggtemr
Scalability 1 0.17 0.778 | +0.17 +0.076 | 0.005
0 0
Clinical 0.12 0.692 | +0.12 +0.054 | 0.016
validation |4 4

Beta = standardised regression -coefficient. DELTA
RVDPI = mean index difference between pipelines above
vs below the median on that sub-score.

Sefnsitivity

0.80 0.79 —~- Adoption threshold (0.75)
. Figure 4. RVDPI Sub-Score Profiles by Architecture
02 5. Discussion
o1 5.1 The Deep-Learning Caller Advantage
00 —— - ——— o p—_ Deep-learning callers led because they learn
] e fuiot sy eioy variant-artefact discrimination directly from
Figure 1. Mean RVDPI by Pipeline Architecture (n = labelled training data, capturing patterns that
212) hand-crafted statistical models miss. The

image-based representation used by DeepVariant
encodes read alignment features including base
quality, mapping quality, strand orientation, and
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local context into a multi-channel image that the
CNN processes holistically. This representation is
particularly effective for indels in homopolymer
regions and for variants in segmental duplications
where alignment quality metrics alone are
insufficient to distinguish true variants from
artefacts.

5.2 Precision as the Clinical Gatekeeper
Precision was the second-strongest predictor, and
the data show that pipelines with precision below
0.85 were adopted at less than half the rate of
those above 0.92, even when sensitivity was
comparable. In clinical genomics, every
false-positive  variant call triggers Sanger
confirmation, variant curation, and potentially
unnecessary patient counselling, all of which
consume resources and erode confidence in the
sequencing pipeline. For somatic detectors, the
false-positive burden at low variant allele
frequencies is the primary barrier to broader
adoption.

5.3 Limitations

Our dataset spans three European countries and
may not capture pipeline practices in other health
systems. The adoption outcome is binary. RVDPI
does not include structural variant detection or
copy number calling as sub-scores. The somatic
category contained 40 pipelines. The observational
design precludes causal inference.

6. Conclusion

6.1 Summary

Across 212 rare variant detection pipelines in
Austria, Switzerland, and France, RVDPI
correlated with adoption at r = +0.84 and AUC of
0.884. Deep-learning callers led at 0.826, GATK
followed at 0.802, and somatic detectors trailed at
0.598. Sensitivity was the strongest predictor
(beta = +0.278), followed by precision (beta =
+0.232). Only 35.8 percent exceeded the 0.75
threshold.

6.2 Practical Recommendations

Clinical sequencing laboratories should evaluate
deep-learning callers alongside GATK for new
platform deployments, particularly for indel-rich
regions. Long-read hybrid pipelines should be
prioritised for rare disease diagnostics where
structural variants are suspected. Joint calling
should be adopted for cohort-scale rare variant
association studies. Somatic pipelines should
invest in error-correction strategies including
unique molecular identifiers to reduce false

positives at low VAF. Future RVDPI iterations
should add SV and CNV sub-scores, expand
globally, and track adoption longitudinally.
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Appendix A

RVDPI Scoring Rubric and Top-10
Pipeline Profiles

This appendix details the scoring criteria for each
RVDPI sub-dimension and ©profiles the ten
highest-scoring pipelines.

A1l. Sub-Score Rubric

Sensitivity: recall for MAF < 1% variants on GiaB
truth sets, normalised 0-1; weight 0.278.

Precision: PPV at reporting threshold on GiaB truth
sets, normalised 0-1; weight 0.232.

Difficult regions: F1 in
segdup/homopolymer/tandem-repeat GiaB strata,
normalised 0-1; weight 0.196.

Scalability: >1000 samples joint-callable in <48h
(1.0) to single-sample only (0.25); weight 0.170.

Clinical validation: no validation (0), GiaB only (0.5),
orthogonal + CAP/CLIA (1.0); weight 0.124.

A2, Top-10 Pipelines

1. DL-DeepVariant-21 (Deep-learning): RVDPI =
0.930; sensitivity 0.96, precision 0.96.

2. DL-DRAGEN-DL-21 (Deep-learning): RVDPI =
0.918; difficult regions 0.94, precision 0.94.

3. GK-HaploCallerV4-20 (GATK): RVDPI = 0.904; clin.
validation 0.96, precision 0.92.

4. LR-PepperDV-21 (Long-read): RVDPI = 0.892;
sensitivity 0.94, difficult regions 0.92.

5. DL-Octopus-20 (Deep-learning): RVDPI = 0.886;
sensitivity 0.94, difficult regions 0.88.

6. JC-GLnexusPlus-21 (Joint calling): RVDPI = 0.878;
sensitivity 0.94, scalability 0.90.

7. GK-DRAGEN-GK-20 (GATK): RVDPI = 0.868;
precision 0.94, clin. validation 0.90.

8. LR-Clair3HiFi-21 (Long-read): RVDPI = 0.856;
sensitivity 0.92, difficult regions 0.90.

9. DL-DeepTrio-21 (Deep-learning): RVDPI = 0.848;
sensitivity 0.92, precision 0.92.

10. JC-GVCFsCohort-20 (Joint calling): RVDPI =
0.842; scalability 0.92, sensitivity 0.88.

40





