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Abstract

The accurate detection of genetic variants is critical for advancing genomics research
and precision medicine. However, this task remains challenging due to pervasive
sequencing errors and complex genomic regions. The choice of variant calling soft-
ware significantly influences results, creating a need for clear, evidence-based guid-
ance. This study aims to provide a performance evaluation and a clear, evidence-
based guide for selecting variant callers by benchmarking seven widely used tools,
GATK, FreeBayes, DeepVariant, Samtools, Strelka2, Octopus, and Varscan2, high-
lighting their algorithmic trade-offs. The well-characterized NA12878 genome from
the Genome in a Bottle consortium was analyzed. High-coverage whole-genome
sequencing data was processed with each variant caller, and the resulting variant
calling files were benchmarked against a gold-standard reference. Performance was
assessed using precision, recall, and F1-score on a chromosome 20 subset and

on full whole-genome data. The analysis revealed that DeepVariant’s deep learning
approach achieved the highest precision (0.7869) and F1-score (0.8754) on chromo-
some 20. For whole-genome analysis, Strelka2 excelled in precision (0.8326), while
Octopus demonstrated superior recall (0.9838). FreeBayes exhibited high sensitiv-
ity but lower precision, underscoring a key trade-off. There is no universally supe-
rior variant caller; the optimal choice depends on the specific research objectives,
whether prioritizing precision, recall, or computational efficiency. This study serves as
a crucial evidence-based resource for researchers and clinicians, enabling informed
tool selection.

Introduction

Advances in high-throughput sequencing have significantly impacted genomic
research and personalized medicine in recent years. The ability to decode genetic
information has opened doors to a deeper understanding of genetic variation and
its role in health and disease, particularly in genetic disorders. Variant Calling (VC),
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platform from BaseSpace lllumina
(https://basespace.illumina.com/analyses/
53043001/files?projectld=18065049). As
a gold standard for validating the
performance of the variant calling
platform,the high-confidence reference
variant calls for the 1000 Genome Project
individual (sample NA12878), published
by the Genome in a Bottle (GIAB)
consortium, were generated using the
TruSeq panel from Illlumina
https://ftp.ncbi.nim.nih.gov/giab/ftp/data/
NA12878/Nebraska_NA12878 HG001_
TruSeq_Exome/. The available files
include the BAM file (NIST-hg001-7001-
ready.bam),the VCF file (NIST-hg001-
7001-gatk-haplotype.vcf), and the BED
file (TruSeq exome targeted
regions.hg19.bed). To ensure full
reproducibility of analyses, all software
versions, command lines, and
configurations used for variant calling and
benchmarking are publicly available in our
GitHub repository: https://github.com/
vera-gomes/Variant-calling-in-genomics-
A-comparative-performance-analysis-and-
decision-guide/tree/main.
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a crucial step following read alignment and quality filtering in the genomic data pre-
processing pipeline, is essential for identifying deviations from a reference genome.
Genomic deviations, known as variants, can be classified into several types, includ-
ing single-nucleotide variations (SNVs), insertions, deletions, copy number variants
(CNVs), and other structural variants (SVs). Variants are often grouped by size into
SNVs, indels, and SVs (which encompass CNVs, duplications, and translocations).
However, only a few variant callers are capable of detecting all three categories,

as each requires distinct computational approaches [1]. Accurate and reliable vari-
ant calling is essential for understanding genomic mechanisms and identifying the
genetic basis of disease [2]. In particular, detecting single-nucleotide polymorphisms
(SNPs) and small insertions or deletions, collectively referred to as SNVs [3], pro-
vides valuable insights into disease mechanisms, potential therapeutic targets, and
opportunities for personalized medicine.

Just as genetic variants exist in various forms, multiple methods and approaches
have been developed for variant calling. Somatic and germline variant calling are two
distinct processes, each with its own methodologies, applications, and downstream
implications in the study of genetics and disease [4]. Somatic variant calling identifies
mutations that occur in non-reproductive cells, typically acquired during a person’s
lifetime, and are often observed in cancer. These mutations are not inherited and are
distinguished from germline variants by comparison with a matched normal sample.
In contrast, germline variant calling detects inherited variants present in every cell
of an individual’s body, which can be passed to the next generation by analyzing a
reference genome.

One challenge in somatic variant calling is disambiguating low-frequency vari-
ants from artifacts, which requires sensitive statistical modeling and advanced error
correction technology [5]. For germline variant calling, a major challenge is distin-
guishing true genetic variants from sequencing errors and artifacts [6]. Despite signif-
icant advancements in sequencing technologies, errors such as base miscalls, low-
quality reads, polymerase chain reaction (PCR) amplification artifacts, and mapping
inaccuracies in repetitive or low-complexity regions can lead to false positive variant
calls [7]. Moreover, analyzing genomic regions with high sequence similarity, such
as duplicated genes or segmental duplications, adds further complexity to accurately
identifying true variants [8].

To address these challenges, both statistical and heuristic approaches have been
developed, each offering distinct advantages that align with the data and analysis
objectives [9]. A statistical approach employs probabilistic models to evaluate vari-
ant likelihoods based on factors such as sequencing depth, base quality scores, and
allele frequency [10]. These methods excel in handling complex scenarios, such as
the low-frequency mutations common in somatic variant calling, and often incorporate
machine learning and Bayesian models to reduce false positives caused by sequenc-
ing noise or artifacts [11-13]. In contrast, heuristic methods rely on predefined rules
and thresholds to filter and call variants [14]. While heuristic methods are simpler,
faster, and less computationally demanding, they are generally more effective for
germline variant calling, where variants tend to be present at higher frequencies.
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Despite all these efforts and the complex methodologies employed, accurately detecting genetic variants remains a
challenging task due to factors such as sequencing errors [15], variable read coverage, and the intricate nature of certain
genomic regions and variant types, as well as differences in the approaches of various variant callers [10,16,17].

The variation in detection results across different tools arises from the diverse error models, algorithmic assumptions,
and methodological differences applied before and after variant calling [18,19]. Furthermore, sequencing errors and
read alignment inaccuracies exacerbate these discrepancies, making precise variant detection a persistent challenge in
genomics.

Despite the abundance of available tools, systematic performance assessments remain essential to help researchers
select the most suitable option for their specific requirements [18,20]. The present study focuses on key evaluation met-
rics, precision, recall, and computational efficiency (running time and memory usage), to provide a valuable benchmark
for the genomics community. These analyses aim to enhance understanding of current variant calling performance, inform
future tool development, and ultimately promote more accurate and efficient variant detection in genetic research.

Under a standardized benchmarking study, the latest versions of established callers are compared with deep-learning
and haplotype-based methods and the extent to which chr20 performance predicts whole-genome results is evaluated to
determine whether subset-based tool selection is reliable.

Accordingly, the objectives of this study are as follows:

» To compare established and emerging variant callers under a standardized benchmarking workflow.

To quantify the compute cost of each variant caller (CPU time, wall-clock time, memory, storage).

» To assess whether chr20 performance predicts whole-genome performance to justify subset-based tool selection.
To translate benchmarking results into practical guidance for tool selection.

Materials and methods
Data

The dataset used in this study was a publicly available version sequenced with the TruSeq protocol on the lllumina HiSeq
2000 platform from BaseSpace lllumina (https://basespace.illumina.com/analyses/53043001/files?projectld=18065049).
The whole-genome sequencing (WGS) data (approximately 50x mean coverage) for the sample NA12878 was obtained
from a reference immortalized cell line. The WGS data was aligned using Isaac (version 04.16.09.24) according to the
recommended lllumina pipeline; further details on the pipeline can be found in S1 File. All variant callers were applied to
identical input data to ensure full comparability across tools. Specifically, each caller used the same Isaac-aligned BAM
files as input, generated from the TruSeqg-sequenced NA12878 dataset aligned to the hg38 reference genome. No addi-
tional preprocessing, realignment, or base quality score recalibration was applied beyond the Isaac pipeline defaults. This
standardization ensured that any observed performance differences reflect the variant callers themselves rather than
discrepancies in upstream data handling or filtering.

As a gold standard for validating the performance of the variant calling platform, the high-confidence reference
variant calls for the 1000 Genome Project individual (sample NA12878) were used. These calls, published by the
Genome in a Bottle (GIAB) consortium, were generated using the TruSeq panel from lllumina (https://ftp.ncbi.nim.nih.
gov/giab/ftp/data/NA12878/Nebraska_ NA12878 HGO001_TruSeq_Exome/). The available files include the BAM file
(NIST-hg001-7001-ready.bam), the VCF file (NIST-hg001-7001-gatk-haplotype.vcf), and the BED file
(TruSeqg exome targeted regions.hgl9.bed), which covers 62,286,318 base pairs [21].

Methods

Variant callers. Seven software packages capable of single nucleotide variant (SNV) calling were evaluated: Sam-
tools [22,23], GATK [14], FreeBayes [11], Strelka2 [6], DeepVariant [13], Octopus [24], and Varscan2 [25]. The selection
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of these seven variant callers was guided by their use in published studies, open-source availability, and suitability for
short-read whole genome and exome sequencing data. They represent a diverse range of variant detection strategies,
including heuristic methods, Bayesian inference, haplotype-based modeling, and modern machine learning techniques.
This diversity ensures that the comparative evaluation reflects both well-established approaches and state-of-the-art
developments in SNV calling, offering insights into their relative performance under consistent benchmarking conditions.
All versions used were the latest available at the time of the study. To ensure full reproducibility of analyses, all soft-
ware versions, command lines, and configurations used for variant calling and benchmarking are publicly available in our
GitHub repository (GitHub repository).

Each tool accepts BAM files of aligned reads or pileups generated from BAM files (for example, those created by
SAMtools’ mpileup function). For this study, all tools were configured to call variants in tumor-only mode (for somatic
variant callers) or with default settings for germline calling, meaning that mutations were identified relative to the reference
genome. Each software outputs a variant call format (VCF) file.

Each variant caller comes with preset, yet adjustable, parameters such as minimum variant frequency, minimum cov-
erage, minimum base quality score, and minimum mapping quality score. For analysis, the default recommended settings
for each tool were used as showed in Fig 1.

Analysis strategy. The analysis was performed twice to ensure robustness in variant calling: first on a subset of the
data comprising only chromosome 20, and then on the whole-genome sequence. This dual approach allowed a com-
parison of each tool’s performance and computational efficiency, both within a limited genomic region and across the
entire genome. Analyzing chromosome 20 provided a quick assessment of each tool’s accuracy in a smaller region, while
whole-genome analysis evaluated scalability and overall SNV detection precision [10,12].

All steps of the analysis were run in parallel, either using built-in multi-threading options (when supported by the tool) or
by running multiple instances of each tool in parallel on smaller data chunks.

Due to computational constraints and available hardware, DeepVariant and Varscan2 were unable to complete the runs
on the WGS dataset, and Strelka2 was unable to complete the run on the chromosome 20 subset due to difficulties in
analyzing segmented genomes.

Performance assessment. For performance evaluation, the following standard metrics were calculated. The preci-
sion is defined as the ratio of true positives (TP) to the sum of true positives and false positives (FP). That is,

TP

Precision = TP+ FP’

(1)
where TP + FP are counts of positives detections.

Similarly, the recall (or sensitivity) is given as the ratio of true positives to the sum of true positives and false negatives
(FN):
L
TP+ FN’
with TP + FN are the total number of positives in the data set.

Finally, the F1-score is computed as the harmonic mean of precision and recall:

Recall =

(2)

_o Precision x Recall

F1= Precision + Recall’

which balances the trade-off between precision and recall.

For the NA12878 cell line, the gold-standard variant calls from [21] were used as the reference for true SNVs. The
identified SNVs were compared against this reference using RTG Tools’ vcfeval function [26] and VariantEval from
GATK. The vcfeval tool facilitates a detailed comparison of VCFs by evaluating the F1-score (see Eq 3) based on
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Fig 1. Workflow for comparative performance evaluation of variant callers. Schematic overview of the benchmarking methodology. Seven vari-

ant calling tools (FreeBayes, SAMTools, DeepVariant, GATK, Strelka2, VarScan2, and Octopus) were run on the same sequencing dataset using their
default settings. Each tool generated a single Variant Call Format (VCF) file output. These VCF files were then evaluated against a high-confidence gold
standard variant set using RTG Tools’ vcfeval function. This benchmarking process produced two primary categories of results: Performance Metrics
(Precision, Recall, and F1-score) and detailed Variant Statistics (e.g., Ti/Tv ratio, Het/Hom ratio, indel counts).

https://doi.org/10.1371/journal.pone.0339891.g001

counts of true positives (TP), false negatives (FN), and false positives (FP). A variant that matches one variant from the
gold standard is classified as a TP; if a variant within the expected genomic intervals is not detected, it is marked as an
FN; and any variant detected within the regions but not present in the gold standard is considered an FP. Performance

metrics such as precision (Eg 1), recall (Eq 2) and a F1-score (Eg 3), were computed to assess overall performance.

This approach provides a robust means of evaluating variant calling tools, as RTG Tools [26] ensures an accurate
comparison of the variant caller outputs with a trusted reference dataset.

Correlation analysis between Chr20 and WGS. To evaluate whether chromosome 20 benchmarking results predict
genome-wide behavior, we computed Spearman’s rank correlation coefficients (p) and their two-tailed p-values between
chr20 and WGS values for precision, recall, and F1-score across the four variant callers that completed both analyses
(GATK, Octopus, FreeBayes, SAMtools). For each metric, chr20 (x) and WGS (y) values were ranked and Spearman’s p
was obtained with scipy.stats.spearmanr (Python v3.10; SciPy v1.12.0).
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All calculations were performed in Python (v3.10) using the scipy.stats.spearmanr function (SciPy v1.12.0). The
resulting Spearman rank coefficients (o) and two-tailed p-values were reported for each metric. Because only four callers
overlapped across scales (n = 4), p-values were interpreted with caution, emphasizing the effect sizes (p) and the consis-
tency of direction across metrics.

Computational efficiency In addition to variant detection performance, computational efficiency was assessed based
on memory usage and runtime required for each tool.

Results

In this section, the key findings from the analysis are presented in relation to summary statistics of each variant caller and
its performance metrics. The results have been organized into four key areas: (i) variant calling statistics computed on
the NA12878 subset for chromosome 20, (ii) variant calling statistics computed on NA12878 whole-genome sequencing
(WGS) data, (iii) performance metrics on the NA12878 subset for chromosome 20, and (iv) performance metrics on WGS
data.

Characteristics on subset for chromosome 20

According to S1 Table, which summarizes the output characteristics of each variant caller on the chromosome 20 subset
(chr20), several indicators were used to assess the behavior of each tool. These include the number of passed and failed
variant filters, total counts of SNPs, insertions, and deletions, as well as ratios such as transition/transversion (Ti/Tv), het-
erozygous/homozygous (Het/Hom), and insertion/deletion (In/Del). These metrics reflect how stringent or permissive each
caller is, as well as the quality and balance of variant calls.

Filtering behavior and total variant calls. DeepVariant stands out as the most stringent tool, with 59,970 variants
failing the filters. This suggests that DeepVariant applies strong quality thresholds to prioritize high-confidence calls and
reduce false positives. Octopus and Varscan2 also apply notable filtering (9,080 and 2,896 failed variants, respectively),
albeit less stringently. In contrast, FreeBayes and Samtools report zero failed filters, indicating highly permissive behavior.
FreeBayes, in particular, detects the highest number of variants (328,360), while GATK and Samtools present a balanced
approach with 123,220 and 116,952 passed variants, respectively.

SNP detection. GATK reports the highest number of SNPs (103,825), consistent with its known strength in identify-
ing single nucleotide variants. Samtools and FreeBayes also detect high SNP counts (101,639 and 100,911, respectively),
suggesting a more liberal calling approach. DeepVariant detects the fewest SNPs (85,840), likely due to its prioritization of
precision over recall. Octopus and Varscan2 fall in between, with 89,832 and 93,615 SNPs, respectively.

Indel detection. Regarding indels (insertions + deletions), Octopus detects the highest number (19,605), with a bal-
anced distribution between insertions (10,323) and deletions (9,282). FreeBayes and Samtools follow, with 16,311 and
15,146 indels, respectively. Varscan2 reports lower indel counts (13,247), while GATK (275) and DeepVariant (346) detect
very few indels, reflecting their stricter filtering behavior.

Transition/Transversion (Ti/Tv) ratio. The Ti/Tv ratio is a key SNP quality indicator. DeepVariant achieves the
expected human genome value of 2.00, suggesting high-quality SNP calls. Octopus and Varscan2 also present high
Ti/Tv ratios (2.07 and 2.03), indicating well-calibrated SNP calling. GATK (1.92) and Samtools (1.93) follow closely, while
FreeBayes shows the lowest ratio (1.88), which may suggest a slightly increased rate of false positive transversions.

Het/Hom ratios. The total Het/Hom ratio indicates the balance between heterozygous and homozygous variant
detection. GATK shows the highest ratio (2.50), suggesting high sensitivity to heterozygous variants. FreeBayes (2.39),
Varscan2 (2.37), and Octopus (2.07) also display strong heterozygous detection. Samtools has a lower ratio (2.13), while
DeepVariant (1.77) appears more conservative, potentially reducing false heterozygous calls.

Insertion/Deletion (In/Del) ratio. A balanced In/Del ratio near 1.0 is desirable. Octopus (1.11), DeepVariant (0.97),
GATK (0.96), and Varscan2 (0.98) maintain well-balanced insertions and deletions. FreeBayes is slightly deletion-biased
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(0.89), and Samtools shows a mild insertion bias (1.06). These ratios suggest that, except for FreeBayes, all tools handle
both indel types with reasonable balance.

Characteristics on WGS

According to S2 Table, which summarizes the variant calling statistics on NA12878 whole-genome sequencing (WGS)
data, the tools show substantial differences across multiple performance indicators. These include the number of passed
variants, SNP and indel counts, Ti/Tv ratios, Het/Hom ratios, and the balance between insertions and deletions. Each
metric provides insight into the tool’s sensitivity, precision, and internal filtering strategy.

Filtering behavior and total variant calls. FreeBayes reports the highest number of passed variants (12,560,020),
substantially more than all other tools, suggesting a highly permissive approach that prioritizes recall by capturing a
broader spectrum of potential variants, albeit with an increased risk of false positives. In contrast, GATK, Strelka2,
Samtools, and Octopus each report approximately 4.5 to 4.9 million passed variants, indicating the use of stricter filtering
thresholds that likely enhance precision.

SNP detection. Samtools detected the highest number of SNPs (4,119,113), closely followed by GATK and Free-
Bayes. While Strelka2 and Octopus reported slightly fewer SNPs (3,796,849 and 3,856,679, respectively), this may reflect
stricter filtering that improves call confidence. FreeBayes and GATK presented similar SNP counts, highlighting their sen-
sitivity; however, FreeBayes' liberal calling strategy may introduce more false positives, whereas GATK is designed to
maintain a balance between recall and precision.

Indel detection. FreeBayes reported the highest number of indels (103,179), far exceeding those detected by the
other tools. GATK, Strelka2, and Samtools detected around 13,000 indels each, suggesting that these tools share similar
stringency levels, potentially due to local realignment strategies that improve indel accuracy. Octopus reported the fewest
indels (3,396), reflecting a more conservative and precision-focused approach.

Transition/Transversion (Ti/Tv) Ratio. Ti/Tv ratios were highest for Strelka2 and Octopus (both 2.02), indicating
high-quality SNP calls with fewer false positive transversions. GATK and FreeBayes both had Ti/Tv ratios of 1.95, while
Samtools had a slightly lower ratio (1.93), suggesting minor variations in stringency among the tools.

Het/Hom Ratios. The total Het/Hom ratios were highest for FreeBayes and GATK (both 1.71), indicating a strong
ability to detect heterozygous variants. Octopus and Strelka2 showed slightly lower ratios (1.60 and 1.57, respectively),
suggesting a more conservative profile. SNP-specific Het/Hom ratios followed a similar trend, with FreeBayes and GATK
favoring heterozygous detection more than Octopus, Samtools, and Strelka2.

Insertion/Deletion (In/Del) Ratio. Most tools showed balanced insertion-to-deletion ratios. Samtools had the most
balanced profile (1.01), while GATK (0.95), Strelka2 (0.97), and Octopus (1.09) were close to 1.0, reflecting consistent
handling of both variant types. FreeBayes was slightly biased toward deletions (0.88), which may affect downstream
interpretation depending on the biological context.

Performance metrics for chromosome 20

Based on the data presented in S3 Table and in Fig 2, DeepVariant demonstrates the highest precision precision (0.7869),
indicating a low rate of false positives among its variant calls, likely due to its deep learning-based approach. Octopus and
Varscan2 also perform well, with precision values of 0.7412 and 0.7220, respectively, suggesting that they apply rigor-
ous filtering criteria. Samtools and GATK exhibit moderate precision at 0.6761 and 0.6617, reflecting a balance between
precision and recall. FreeBayes, with the lowest precision (0.6286), may be more prone to false positives, particularly in
single-sample or low-coverage regions.

Recall remains consistently high across all tools, highlighting their effectiveness in identifying true variants. DeepVari-
ant achieves the highest recall (0.9864), closely followed by Octopus (0.9862) and GATK (0.9847), indicating their ability
to capture a substantial number of true variants. Samtools and FreeBayes show slightly lower recall (0.9545 and 0.9758,
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Fig 2. Performance metrics for variant callers on chromosome 20. Comparison of precision, recall, and F1-score across seven variant calling tools

evaluated on the NA12878 chromosome 20 subset. All metrics were calculated using RTG Tools’ vcfeval against the Genome in a Bottle consortium
gold standard reference.

https://doi.org/10.1371/journal.pone.0339891.9002

respectively), while Varscan2, with a recall of 0.9322, is comparatively less sensitive. The high recall for GATK is likely
due to techniques like local haplotype reassembly [14], and DeepVariant’s high recall is primarily attributed to its advanced
machine learning framework, robust handling of sequencing noise, and implicit modeling of variant evidence [13].

In terms of the F1-score, which balances precision and recall, DeepVariant leads with an F1-score of 0.8754, reflect-
ing its overall effectiveness. Octopus follows with an F1-score of 0.8463, while Varscan2 achieves an F1-score of 0.8137.
Samtools and GATK both have an F1-score of 0.7915, and FreeBayes has the lowest F1-score (0.7646), likely due to its
lower precision despite high recall.

Performance metrics for whole-genome sequencing data

According to S4 Table and Fig 3, Strelka2 achieves the highest precision (0.8326), followed by Octopus (0.8005)
and GATK (0.7766). Samtools and FreeBayes show slightly lower precision values, at 0.7722 and 0.7394, respec-
tively. The high precision of GATK and Octopus, improved from the chr20 subset, may be attributed to enhanced local
realignment and optimized error models for whole-genome analysis. GATK’s consistent precision highlights its robust
reassembly algorithm, while FreeBayes’ lower precision suggests a higher rate of false positives at the genome-wide
scale.

All tools exhibit high recall, with Octopus achieving the highest recall (0.9838), closely followed by GATK (0.9837) and
Strelka2 (0.9813). Samtools (0.9754) and FreeBayes (0.9748) also perform well, indicating strong sensitivity. In terms
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Fig 3. Performance metrics for variant callers on whole-genome (WGS). Comparison of precision, recall, and F1-score across five variant calling
tools (GATK, Strelka2, Octopus, FreeBayes, SAMtools) evaluated on the NA12878 whole-genome dataset. All metrics were computed with RTG Tools’
vcfeval against the Genome in a Bottle (GIAB) truth set.

https://doi.org/10.1371/journal.pone.0339891.g003

of the F1-score, Strelka2 leads with 0.9009, demonstrating its overall strength in genome-wide analysis. Octopus, with
an F1-score of 0.8827, also shows a balanced approach. GATK and Samtools achieve F1-scores of 0.868 and 0.862,
respectively, while FreeBayes has the lowest F1-score (0.8409), primarily due to its lower precision despite high recall.

In summary, Strelka2’s combination of high precision and recall positions it as the best overall performer for genome-
wide analysis. GATK and Octopus are also strong contenders, with Octopus particularly excelling in recall. FreeBayes,
while maintaining robust recall, suffers from lower precision, affecting its overall F1-score.

The performance of the four variant callers (GATK, Octopus, FreeBayes, and SAMtools) was assessed on both a
chromosome 20 (chr20) subset and a whole-genome sequencing (WGS) dataset. The changes in precision, recall, and
F1-score between these two scales are summarized in Figs 4, 5 and 6.

Recall remained stable across sequencing scales as seen in Fig 4. Recall values were highly consistent between the
chr20 and WGS analyses for most tools. GATK, Octopus, and FreeBayes showed negligible change (< £0.002), indicating
their sensitivity was unaffected by the scale of the input data. SAMtools was the only caller to show a noticeable increase
in recall (+0.020), improving from 0.955 on chr20 to 0.975 on WGS.

Precision in Fig 5 improved for all callers on WGS data. All four tools demonstrated a substantial increase in precision
when moving from the chr20 subset to the full WGS analysis. GATK showed the largest absolute gain (+0.115), rising
from a precision of 0.662 on chr20 to 0.777 on WGS. FreeBayes also showed a major improvement (+0.110), followed
by SAMtools (+0.096) and Octopus (+0.060). Despite these gains, Octopus maintained the highest absolute precision on
both datasets.
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Fig 4. Stability of recall from chromosome 20 to whole-genome sequencing. Comparison of recall metrics for four variant callers (GATK, Octopus,
FreeBayes, SAMtools) between the chromosome 20 subset and the whole-genome (WGS) dataset. Recall remained highly stable across sequencing
scales for most tools, with GATK, Octopus, and FreeBayes showing negligible change (A < +0.002). SAMtools was the only caller to show improvement,
increasing from 0.955 on chr20 to 0.975 on WGS (A = +0.020). The high consistency in recall suggests that the fundamental sensitivity of these variant
callers is not dependent on the scale of the input data. Metrics were computed with RTG Tools’ vcfeval against the Genome in a Bottle (GIAB) truth
set.
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Fig 5. Change in precision from chromosome 20 to whole-genome sequencing. Comparison of precision metrics for four variant callers (GATK,
Octopus, FreeBayes, SAMtools) between the chromosome 20 subset and the whole-genome (WGS) dataset. All tools showed increase in precision

on WGS data. GATK exhibited the largest improvement (from 0.662 to 0.777, A = +0.115), followed closely by FreeBayes (A = +0.110). Octopus,
which had the highest precision on chr20 (0.741), maintained the highest absolute precision on WGS (0.801) with a gain of +0.060. The precision shift
suggests that a whole-genome context provides enhanced statistical power for filtering false positives. Metrics were computed with RTG Tools’ vcfeval
against the Genome in a Bottle (GIAB) truth set.

https://doi.org/10.1371/journal.pone.0339891.9g005
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Fig 6. Change in F1-score from chromosome 20 to whole-genome sequencing. Comparison of F1-scores for four variant callers (Octopus, GATK,
SAMtools, FreeBayes) between the chromosome 20 subset and the whole-genome (WGS) dataset. All tools showed improved F1-scores on WGS data,
driven primarily by gains in precision. GATK exhibited the largest gain (A = +0.078), improving from 0.791 to 0.869. FreeBayes and SAMtools showed
similar improvements (A = +0.076 and A = +0.070, respectively). Octopus, which started with the highest F1-score on chr20 (0.846), showed a moder-
ate gain (A = +0.037) but achieved the highest final F1-score of 0.883 on WGS. Metrics were computed with RTG Tools’ vcfeval against the Genome
in a Bottle (GIAB) truth set.

https://doi.org/10.1371/journal.pone.0339891.9g006

The F1-score in Fig 6, which balances precision and recall, increased for all four tools, driven primarily by the improve-
ments in precision. GATK exhibited the largest gain in F1-score (+0.078). FreeBayes and SAMtools showed similar sub-
stantial improvements (+0.076 and +0.070, respectively). Octopus, which started with the highest F1-score on chr20,
showed a more moderate gain (+0.037) but achieved the highest final F1-score of 0.883 on the WGS data.

To assess whether results obtained on chromosome 20 predict genome-wide behavior, we computed Spearman’s rank
correlation coefficients (o) between chr20 and WGS values for precision, recall, and F1-score across the four callers eval-
uated on both scales (GATK, Octopus, FreeBayes, SAMtools).

Positive, high monotonic associations were observed between chr20 and WGS: r, = 0.800 for precision, ry = 0.800
for recall, and ry = 0.949 for F4-score. Given the small number of paired observations (n = 4), hypothesis testing was not
performed H, : p = 0 and therefore do not report p-values; interpretation focuses on the magnitude and direction of r;.
Overall, these associations indicate consistent performance patterns between chr20 and WGS, supporting chr20 bench-
marking as a useful, lower-cost proxy for genome-wide evaluations.

Computer efficiency

The computational efficiency of variant callers varies significantly in terms of runtime and memory usage, depending on
their underlying algorithms and the size of the input dataset. To evaluate efficiency, runtimes were analyzed on the chro-
mosome 20 subset and on WGS data, along with memory requirements, (a information summary is given in Table 1).
Samtools demonstrated short runtimes and low memory usage, making it highly efficient though less precise in com-
plex regions. In contrast, DeepVariant and Octopus exhibited longer runtimes and higher memory demands due to their
advanced modeling and computational complexity, which are offset by their superior precision and F1-scores. Tools like
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Table 1. Computational efficiency of variant calling tools.

Caller Chr20 Runtime WGS Runtime Memory Efficiency

Strelka2 - Moderate (5-8 h) Moderate Efficient, good for somatic variants
FreeBayes Moderate (30min-2h) Moderate (5-8 h) Moderate Good speed-memory balance
Samtools Short (<30min) Moderate (2-4 h) Low Lightweight, efficient

GATK Moderate (30min-2h) Long (10-15 h) High Accurate but intensive

Octopus Long (2-5 h) Very Long (>20 h) High Accurate but slow

VarScan2 Very Long (>5 h) - Low Slow, low memory

DeepVariant Very Long (>10 h) - Very High Precise, needs GPU

Note: Runtime estimates based on NA12878 dataset using 12 CPU cores and 16 GB RAM. Tools marked -’ were not evaluated on that specific dataset.

https://doi.org/10.1371/journal.pone.0339891.t001

FreeBayes and Strelka2 balanced moderate runtimes with reasonable memory usage, offering a trade-off between effi-
ciency and accuracy. Finally, Varscan2, while slower, showed low memory requirements, making it suitable for resource-
constrained environments. The runtimes assume a typical machine with 12 CPU cores and 16 GB RAM. Note that tools
like DeepVariant benefit from GPU acceleration, which can significantly reduce runtimes for large datasets.

To contextualize these findings for large-scale analyses, it was estimated approximate runtime scaling for cohort stud-
ies based on observed single-sample runtimes (Table 1). Assuming near-linear scaling under identical hardware (12 CPU
cores, 16 GB RAM), processing 100 whole genomes would require approximately 200—400 CPU hours for SAMtools and
Strelka2, compared to >1,000 CPU hours for GATK HaplotypeCaller and > 2,000 CPU hours for Octopus or DeepVari-
ant without GPU acceleration. Published benchmarks support these relative magnitudes, reporting sub-hour runtimes
for Strelka2 [6], multi-hour CPU runtimes for GATK [14], and substantially higher computational costs for Octopus [24]
and DeepVariant [12]. Both Strelka2 and DeepVariant support distributed and GPU-optimized workflows that can reduce
total wall-clock time by one order of magnitude in multi-node or cloud environments. These findings highlight the practical
trade-off between accuracy and computational cost in large cohort studies, where precision-focused models may demand
greater resources but deliver higher confidence in variant calls.

Discussion

Variant calling performance is closely tied to the statistical methodologies employed, as evidenced by metrics like pre-
cision, recall, and F1-score across chr20 and WGS datasets (Tables S3 and S4). The algorithms analyzed here, Free-
Bayes, GATK, DeepVariant, Samtools, Octopus, Strelka2, and Varscan2, use distinct approaches that influence their
detection capabilities (see summarized information in Table 2), particularly with respect to their handling of false positives
and true positives. This discussion will highlight how each algorithm’s statistical framework influences these performance
results.

Table 2. Characterization of variant callers.
Comprehensive Characterization of Variant Calling Tools

Variant Caller Type Methodology Advantages Limitations

Samtools Germline Bayesian model Efficient, lightweight Lower recall in complex regions
GATK Germline Bayesian framework High precision High memory demand
FreeBayes Both Haplotype-aware Multi-sample support Lower precision single-sample
Strelka2 Somatic ML filtering High somatic recall High false positives
DeepVariant Germline Deep learning Accurate across technologies High computational cost
Octopus Both Bayesian with HMM High precision High resource usage

Varscan2 Somatic Heuristic methods High somatic recall Lower indel precision
Comparison of variant calling tools including their primary application type, statistical methodology, advantages, and limitations.

https://doi.org/10.1371/journal.pone.0339891.t002
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Bayesian approaches and haplotype-based methods

Algorithms like GATK, FreeBayes, and Octopus leverage Bayesian inference and haplotype-based approaches to achieve
high recall rates, which makes them highly sensitive to detecting true genetic variants. These tools use prior probabil-

ity distributions and complex statistical models to distinguish sequencing errors from genuine variants. By incorporating
both data likelihoods and prior probabilities, Bayesian methods enable these algorithms to make informed variant-calling
decisions, ultimately increasing their overall performance and precision.

GATK—HaplotypeCaller. GATK’s HaplotypeCaller is one of the most widely used variant callers in genomics and
employs a sophisticated Bayesian framework with graph-based local haplotype assembly to enhance variant detection
[14]. The HaplotypeCaller algorithm begins by examining each locus in the genome and then locally assembles over-
lapping reads into haplotype graphs. This local assembly step enables GATK to detect variants by reconstructing small
portions of the genome directly from the reads, which is particularly valuable in complex regions where alignment errors
are common. The algorithm computes genotype likelihoods for each haplotype, comparing the observed reads to pos-
sible genotype combinations (homozygous reference, heterozygous, homozygous alternate) [14]. It applies a Bayesian
model to calculate posterior probabilities, which combines prior information (such as known population allele frequencies)
with the likelihood of the observed data given each possible genotype. By maximizing this posterior probability, GATK
can select the most likely genotype for each position [14]. GATK’s haplotype-based approach significantly improves its
ability to accurately call SNPs, small insertions, and deletions, especially in challenging genomic regions with repetitive
sequences or complex variant structures. This approach contributes to its high recall rates (0.9847 in chr20 and 0.9837 in
WGS) while maintaining a balanced precision (0.6617 in chr20 and 0.7766 in WGS). The use of local haplotype assem-
bly enables GATK to balance sensitivity and precision effectively, minimizing the proportion of false positives among its
predictions and consequently, increasing the number of true positives by recalibrating and realigning reads, thereby
improving the confidence in variant calls.

FreeBayes. FreeBayes uses a haplotype-aware Bayesian model that allows it to detect a wide variety of variant types,
including SNPs, indels, and multi-allelic loci [11]. Unlike GATK, which performs local reassembly for each variant, Free-
Bayes operates directly on the alignment data, looking for mismatches between the reads and the reference genome.
FreeBayes is particularly well-suited for multi-sample and polyploid data due to its haplotype-aware approach, which
allows it to call variants across multiple samples simultaneously and estimate genotype probabilities based on observed
allele frequencies within the population [11]. The Bayesian framework in FreeBayes incorporates prior probabilities based
on known allele frequencies and uses a likelihood model that assesses the probability of observing the sequencing
data given each possible genotype [11]. This model takes into account sequencing errors, mapping quality, and read
depth. However, FreeBayes generally applies less restrictive priors than GATK, leading to a more permissive calling
strategy. This permissiveness results in high recall values (0.9758 for chr20 and 0.9748 for WGS), indicating that Free-
Bayes is highly sensitive and capable of detecting a large number of true variants. However, FreeBayes'’s less conser-
vative Bayesian priors contribute to a lower precision (0.6286 for chr20 and 0.7394 for WGS). The algorithm’s tendency
to retain variants with lower support makes it more susceptible to calling false positives, especially in single-sample or
low-coverage settings where distinguishing real variants from sequencing artifacts becomes challenging. In these cases,
FreeBayes may struggle to filter out sequencing errors, resulting in a higher rate of over-calling compared to more restric-
tive algorithms like GATK. FreeBayes applies less restrictive priors to maximize flexibility and adaptability across a variety
of sequencing scenarios, including complex ploidy and heterogeneous populations. In contrast, GATK uses stricter pri-
ors to optimize for high-confidence variant calling, particularly in well-characterized and high-quality datasets like diploid
human genomes. This difference reflects the contrasting goals of the two tools: FreeBayes prioritizes sensitivity and
adaptability, while GATK emphasizes precision and recall.

Octopus. Octopus is another advanced variant caller that combines Bayesian inference with a hidden Markov model
(HMM) for haplotype-based variant calling [24]. Octopus begins by building candidate haplotypes from sequencing reads,
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then uses an HMM to compute the likelihood of observing each read given each candidate haplotype. The HMM structure
allows Octopus to align reads to haplotypes dynamically, adjusting for potential alignment errors and improving its preci-
sion in detecting true variants. This haplotype-aware Bayesian framework in Octopus provides high precision and recall
by focusing on the likelihood of specific haplotypes rather than individual bases. The algorithm calculates posterior prob-
abilities for each possible genotype by combining the prior probability of the haplotype with the likelihood of the observed
data. This Bayesian-HMM approach is particularly advantageous in regions with complex structural variations or high lev-
els of polymorphism, where it helps to reduce false positives by assigning higher confidence to more probable haplotypes
[24]. In WGS data, Octopus achieves a high recall (0.9838), demonstrating its sensitivity in detecting true variants even

in challenging genomic contexts. This high recall, coupled with its precision (0.7412 in chr20 and 0.8005 in WGS), sug-
gests that Octopus has a balanced approach to variant calling that reduces false positives more effectively than Free-
Bayes while maintaining high recall. However, Octopus may still exhibit a higher rate of over-calling compared to stricter
tools like Strelka2, particularly in simpler regions where the complexity of its HMM model may not be as beneficial. For
instance, in cases of low data quality or insufficient sequencing coverage, the full potential of haplotype modeling can-

not be effectively realized, as the limited evidence may hinder the accurate reconstruction of haplotypes. Additionally, for
straightforward variants, such as SNPs or small indels that are well-supported by sequencing reads, simpler single-variant
models can achieve comparable precision without the need for the computational overhead associated with HMM-based
approaches. Moreover, in contexts where computational efficiency is a priority, such as WGS studies or high-throughput
workflows, the increased complexity of the HMM model may not justify the marginal improvements in precision it provides.
This is particularly relevant in repetitive genomic regions or those with low complexity, where the ambiguity in mapping
sequencing reads reduces the reliability of haplotype modeling.

In summary, GATK, FreeBayes, and Octopus all use Bayesian inference to integrate prior knowledge with observed
data, enhancing their recall. GATK’s local haplotype assembly enables high precision in complex regions, balancing preci-
sion and recall by minimizing false positives through realignment and recalibration. FreeBayes, with its permissive priors,
achieves high recall but is more prone to false positives, particularly in low-coverage or single-sample data. Octopus com-
bines Bayesian inference with an HMM-based haplotype model, providing both high recall and improved precision in com-
plex regions by dynamically aligning reads to haplotypes. These methodological distinctions contribute to each algorithm’s
performance metrics, making them suitable for different genomic contexts and study designs.

Deep learning and convolutional neural networks

DeepVariant distinguishes itself by applying a convolutional neural network (CNN) model, which treats sequencing reads
as images. This unique approach allows it to excel in precision (0.7869 for chr20) and recall (0.9864), leading to the high-
est F1-score (0.8754) among the algorithms tested on chr20. The CNN model in DeepVariant processes sequence data
as visual patterns, capturing complex error correlations that traditional statistical models might miss [13]. This image-
based model is highly effective for reducing false positives, as reflected by its leading precision score, and contributes

to its general robustness across different sequencing technologies. However, despite its high precision, DeepVariant’s
reliance on a pre-trained deep learning model can present limitations in adaptability. A key limitation of DeepVariant is its
“pblack-box” nature, which refers to the complexity of its decision-making process. Deep learning models, including CNNs
used by DeepVariant, rely on complex, multi-layered feature extraction and decision-making processes that are not eas-
ily interpretable. As a result, researchers cannot directly trace or understand how the model reaches its conclusions about
specific variants. For instance, the model may classify a region as harboring a true variant or dismiss it as an artifact,

but the reasoning behind these classifications is embedded in millions of model parameters and is not accessible to the
user [13]. This lack of interpretability can be particularly problematic in research contexts that require transparency, such
as clinical genomics or regulatory environments, where the justification for each variant call must be clearly understood
and validated. While DeepVariant's CNN model is highly accurate, it requires substantial computational resources, which
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may not be feasible for all research settings, especially for whole-genome data where it has not been assessed in this
study.

Probabilistic models and likelihood calculations

Samtools is a widely used tool in variant calling that relies on probabilistic models, specifically genotype likelihood calcu-
lations, to infer genetic variants. Unlike more complex Bayesian or machine-learning-based callers, these tools employ
straightforward statistical assumptions, including the Hardy-Weinberg Equilibrium (HWE), which posits that allele and
genotype frequencies remain constant in a population over generations in the absence of external forces [22]. By adher-
ing to such fundamental principles, Samtools achieves a practical balance between recall and precision, although this
comes at the expense of achieving the highest possible precision or recall. The core of this variant calling algorithm is
the genotype likelihood calculation, which assesses the probability of the observed sequencing data given each possi-
ble genotype at a particular locus. This step is crucial because sequencing data inherently contains noise [22]. Genotype
likelihoods help to account for this noise by providing a quantitative measure of how likely each genotype (homozygous
reference, heterozygous, homozygous alternate) is based on the observed bases, their quality scores, and mapping qual-
ities [22]. These scores are used to weight the contribution of each read to the overall genotype likelihood, ensuring that
higher-quality data has a stronger influence on the final variant call. By incorporating HWE, the tools can apply proba-
bilistic thresholds that favor expected allele frequencies, particularly in well-characterized populations. This assumption
is beneficial in reducing false positives, as the likelihoods of observing certain genotypes can be penalized if they signifi-
cantly deviate from the expected HWE frequencies [23]. However, this approach can be limiting in cases where the popu-
lation deviates from HWE, such as in populations with a high degree of genetic substructure or in cases where rare vari-
ants are more common due to selective pressures. In such cases, the HWE assumption may cause Samtools to over-
look low-frequency or population-specific variants, resulting in slightly lower recall compared to tools that employ more
adaptive models, such as Bayesian or machine-learning-based approaches. Beyond genotype likelihood calculations,
Samtools applies a series of quality thresholds and probabilistic filters to refine variant calls. These include depth of cov-
erage (DP), which ensures that only positions with sufficient read coverage are considered for variant calling, as higher
coverage provides more reliable support for variant detection and reduces the likelihood of false positives due to random
sequencing errors. Base quality (BQ) is also considered, where bases with low Phred scores are either disregarded or
downweighted in the likelihood calculations, minimizing the impact of potentially detecting erroneous reads. Another key
metric is strand bias, which is monitored to detect whether variant-supporting reads are disproportionately aligned to only
one DNA strand, a possible sign of alignment artifacts; Samtools applies a strand bias filter to reduce the confidence of
such variants unless they are observed on both strands. Finally, mapping quality (MQ) scores are used to evaluate the
confidence of read alignment to the reference genome. Reads with low MQ scores, which are more likely to be incor-
rectly aligned (especially in repetitive or complex genomic regions), are downweighted to improve variant calling accu-
racy. By integrating these filters, Samtools enhances its precision, focusing on high-confidence calls and minimizing false
positives. However, this conservative approach also means that variants with low coverage, low quality scores, or other
atypical characteristics may be filtered out, potentially leading to missed calls in regions with low complexity or low cover-
age. The conservative nature of Samtools is evident in its performance metrics: Samtools achieves a precision of 0.6761
and recall of 0.9545 on chr20, and a slightly improved precision (0.7722) and recall (0.9754) on WGS data. These met-
rics reflect a deliberate design choice to reduce the proportion of false positives through stringent statistical thresholds
and quality filters. Samtools is particularly effective at detecting common variants with strong supporting evidence, which
makes it ideal for applications where high precision is required and the rate of false positives needs to be minimized.
However, this focus on precision comes at the cost of reduced recall in certain cases. In low-complexity or low-coverage
regions, Samtools may struggle to detect rare or low-frequency variants, which typically require more nuanced probabil-
ity modeling to distinguish from sequencing noise. The reliance on HWE and quality thresholds means that the tool is less
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adaptive to such variants, as it is more likely to filter out signals that do not fit its expected patterns of high-quality, well-
supported reads. This contrasts with Bayesian or machine-learning-based tools, which can use priors or learned patterns
to increase recall for rare variants without significantly increasing the false positive rate.

Post-calling filtering

Strelka2 and Varscan2 enhance variant calling through post-calling filtering and statistical tests. However, they differ sig-
nificantly in their methodologies, with Strelka2 incorporating machine learning to refine its variant calls, while Varscan2
relies more on heuristic filtering and statistical tests for somatic mutation detection. These approaches influence their
precision, recall, and F1-score metrics, as well as their suitability for different types of genomic analyses.

Strelka2: Machine learning based filtering with random forest. Strelka2 is designed for both germline and somatic
variant detection and employs a likelihood-based model for variant calling, followed by a sophisticated machine learning-
based filtering step. After identifying potential variants, Strelka2 uses a random forest classifier in its final filtration step.
The random forest model, a type of ensemble machine learning method, consists of multiple decision trees that collec-
tively evaluate a range of variant characteristics to classify each variant as high-confidence or low-confidence. In the ran-
dom forest model, Strelka2 considers several features of each variant, such as the confidence that a read is correctly
aligned to the reference genome (where higher mapping quality scores indicate more reliable alignments and, conse-
quently, more reliable variant calls). Strelka2 also considers the genomic context around each variant, including whether
the region is repetitive or has complex sequence structures that may increase the likelihood of alignment errors, and to
handle indel error rates, it applies a binomial mixture model to estimate insertion and deletion error rates, which helps
improve the precision of indel calling, especially in noisy regions. By combining these features in a random forest classi-
fier, Strelka2 can assign each variant a probability score representing its confidence level. This machine learning model
is particularly effective in reducing false positives by filtering out variants that have characteristics typically associated
with sequencing artifacts or errors. The random forest model’s ability to adapt to the specific attributes of each dataset
helps Strelka2 achieve high precision (0.8326 in WGS) while maintaining a strong recall (0.9813), resulting in an over-
all F1-score of 0.9009. This combination of high precision and recall makes Strelka2 highly effective at calling variants,
particularly insertions and deletions, in complex regions where traditional filtering methods may struggle. The strength of
Strelka2’s random forest classifier lies in its flexibility and adaptability. The model can effectively adjust to variations in
sequence quality, strand bias, and genomic context, which allows Strelka2 to maintain high precision even in challenging
genomic regions. Its ability to handle multiple variables simultaneously makes it well-suited to reduce false positives while
retaining true positives, particularly in data with significant noise.

Varscan2: Statistical and heuristic filtering. Varscan2 takes a more traditional approach to variant calling, employ-
ing heuristic filtering methods along with statistical tests to classify variants, particularly in tumor-normal pair analy-
ses [25]. VarscanZ2 is well-suited for somatic mutation detection due to its capability to analyze matched tumor and nor-
mal samples simultaneously, which allows it to differentiate between germline and somatic mutations. One of the key
components of Varscan2’s variant detection process is Fisher’s exact test, which is used to assess the significance of
allele frequency differences between tumor and normal samples. Fisher’s exact test calculates a p-value based on the
observed read counts for each allele in the tumor versus normal samples, helping Varscan2 determine whether a variant
is likely somatic (specific to the tumor) or germline (present in both the tumor and normal samples). This test is particu-
larly effective for identifying somatic mutations in cancer genomics, where somatic mutations appear at varying frequen-
cies depending on tumor heterogeneity [25]. Varscan2 applies several additional filtering criteria to improve the quality of
its variant calls, such as considering strand bias, discarding variants that are predominantly supported by reads from only
one DNA strand, variant allele frequency, the position of each supporting read, and read depth. High strand bias often
indicates sequencing artifacts rather than true variants. Varscan2 evaluates the position of each supporting read within
the read itself; variants that are supported primarily by bases at the ends of reads are more likely to be false positives, as
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these positions are more prone to sequencing errors. For each variant, Varscan2 calculates the variant allele frequency,
which is the proportion of reads supporting the variant allele relative to the total read count at that position. In somatic
mutation detection, Varscan2 considers variants with significantly different allele frequencies between tumor and normal
samples to be potential somatic mutations. Varscan2 requires a minimum read depth at each variant position, ensuring
that low-coverage regions, where sequencing noise may obscure true variants, are not called. While these heuristic filters
and statistical tests make Varscan2 effective at identifying somatic mutations, they are generally more rigid than Strelka2’s
machine learning model, which dynamically adapts to the data. As a result, Varscan2 has a more limited ability to adjust
to complex sequence contexts, resulting in lower precision (0.7220 in chr20) and recall (0.9322) compared to Strelka2.
Varscan2’s reliance on fixed thresholds and binary filters can be beneficial for high-confidence variant calling in straight-
forward cases but may lead to reduced recall in more complex regions with high GC content or in regions with lower
coverage, where a more flexible model might be advantageous. In terms of performance, Strelka2 achieves higher pre-
cision than Varscan2, particularly for indels and complex genomic regions, due to its random forest classifier, which fine-
tunes variant calling based on multiple data features [25]. This approach is especially beneficial in scenarios where vari-
ant context, quality, and noise levels vary significantly, such as in whole-genome sequencing (WGS) or cancer genomics.
Strelka2’s ability to adapt to these variations results in its high F1-score (0.9009 in WGS), making it a preferred choice
for applications requiring a high degree of both precision and recall. Varscan2, in contrast, offers a robust but more rigid
approach, suited to studies where high-confidence somatic mutations are the focus. Its use of Fisher’s exact test for com-
paring tumor and normal samples is particularly effective in detecting somatic mutations, providing a statistical basis for
variant calling that can effectively filter out germline variants [25]. However, Varscan2’s reliance on heuristic filters limits its
adaptability, which may lead to reduced performance in complex or high-GC regions and slightly lower recall. Its F1-score
of 0.8137 indicates that while it is effective for somatic mutation detection, it may not capture the full range of variants in
challenging regions or at lower frequencies.

Performance variability and choosing the right caller

The algorithms show different performance trends between the chr20 subset and WGS data, highlighting the impact of
the scope of the dataset and the depth of sequencing on the call for variants. For example, GATK and Strelka2 main-
tain strong recall in both datasets, indicating consistent performance for both small genomic subsets and full genomes.
Octopus also demonstrates high recall in the WGS data (0.9838), likely due to its robust haplotype modeling, which cap-
tures true variants even in complex regions. FreeBayes, while effective in capturing a broad range of variants, shows a
noticeable increase in precision from chr20 (0.6286) to WGS (0.7394), possibly reflecting better error correction in larger
datasets due to the increased data points available for statistical modeling.

The decision guide provided in Fig 7 provides a clear, evidence-based framework for selecting variant callers by
visually mapping their performance along two critical dimensions: precision and computational efficiency. The spatial dis-
tribution of tools reveals fundamental algorithmic trade-offs that directly inform selection strategy. Tools positioned in the
upper right quadrant, such as Strelka2, represent the optimal balance of high precision and reasonable runtime, making
them ideal for production environments where accuracy and efficiency are both priorities. Conversely, tools like DeepVari-
ant and Octopus, located in the high-precision but slower region, offer superior accuracy at the cost of substantial compu-
tational resources—a worthwhile trade-off for clinical applications where precision is paramount. The visualization clearly
demonstrates that no single tool excels in all dimensions, emphasizing that selection must be driven by specific research
constraints and objectives. This evidence-based approach empowers researchers to make informed decisions that align
computational investments with analytical requirements, ultimately enhancing reproducibility and reliability in genomic
studies.

In diagnostic pipelines, false-positive variant calls can lead to unnecessary confirmatory testing and potential misinter-
pretation. Our analysis demonstrates that DeepVariant and Strelka2 achieve the highest precision among evaluated tools,
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Decision Guide

A

Runtime 1
Fast tools
Samtools
FreeBayes
P
Low precision High precision
Precision —
GATK
y/
Octopus
Varscan2
Deep Variant
Slow tools

Fig 7. Variant caller selection guide based on precision and runtime performance. This decision guide provides a clear, evidence-based framework
for selecting variant callers by visually mapping their performance along two critical operational dimensions: precision and computational runtime.

https://doi.org/10.1371/journal.pone.0339891.g007

making them particularly suitable for clinical and regulatory-grade applications where accuracy and reproducibility are
paramount. By contrast, tools such as FreeBayes, which favor sensitivity, may be better suited to exploratory or research
settings where the discovery of novel variants outweighs the risk of occasional false positives.
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Limitations

While this benchmarking highlights DeepVariant’s superior precision, note that the present work does not constitute a
clinical validation study. DeepVariant’s suitability for diagnostic applications arises from its demonstrated performance in
independent evaluations [12,13], where its high precision and low false-positive rate have been confirmed against well-
characterized reference samples. Nonetheless, translation into clinical practice requires independent analytical validation
and compliance with accredited laboratory standards such as the U.S. Clinical Laboratory Improvement Amendments [27]
and the international Medical laboratories—Requirements for quality and competence [28].

A key limitation is incomplete WGS execution for DeepVariant and VarScan 2 under the specified computational con-
straints and incomplete execution on chromossome 20 for Strelka 2 due to tool limitations. This limits generalization
about these tools at both scenarios within the tested environment. However, published literature indicate DeepVariant and
VarScan 2 can complete WGS on higher-performance systems; the present results therefore reflect feasibility under typ-
ical lab resources, not absolute capability. The chr20 results remain informative for accuracy profiling, but WGS conclu-
sions are restricted to tools that completed on the defined hardware and budget.

Spearman rank correlations between chr20 and WGS metrics indicate that the relative ranking and overall behavior of
the callers are largely preserved from the subset to the full genome. Given the small overlap of callers, statistical testing is
not emphasized; interpretation focuses on the direction and magnitude of the associations. These findings support chr20
benchmarking as a representative and lower cost proxy for genome wide performance, while caution is warranted when
extrapolating to contexts with atypical coverage or sequence composition, such as highly repetitive or GC rich regions,
which may not be fully captured by chromosome 20.

Another limitation of the study is that benchmarking was conducted exclusively on the NA12878 reference genome,
which represents a healthy germline sample. While this sample is widely regarded as a gold standard for variant calling
performance assessment, its genomic characteristics may not fully capture the complexity of disease-specific or somatic
variation contexts, such as tumor heterogeneity, copy-number alterations, or low variant allele frequencies. Consequently,
the relative performance of variant callers observed here may differ in cancer or other somatic applications, where distinct
error profiles and filtering challenges arise. Future work should therefore extend these comparisons to somatic datasets
and clinically relevant scenarios, as demonstrated in recent studies evaluating somatic variant calling performance [5,6].

Conclusion

This study provides a clear, evidence-based guide for selecting variant callers by comprehensively evaluating seven
widely-used tools against a gold-standard benchmark. Our analysis delivers critical insights into the fundamental algo-
rithmic trade-offs that govern performance in genomic variant detection. It is demonstrated that the optimal choice of tool
is inherently context-dependent, defined by a balance between accuracy and computational cost. For targeted analy-
ses or smaller datasets, DeepVariant represents the state-of-the-art, achieving the highest precision and F1-score by
leveraging its deep learning architecture to minimize false positives. For large-scale whole-genome analyses, Strelka2
emerges as a superior choice, offering an exceptional balance of superior precision and computational efficiency. Octopus
achieves remarkable recall, proving highly effective for sensitive detection in complex genomic regions, though this comes
at a significant computational cost. Conversely, FreeBayes prioritizes sensitivity above all else, making it well-suited for
exploratory analyses where a higher false positive rate is acceptable. Finally, GATK and SAMtools provide robust, bal-
anced performance, with GATK excelling in complex region precision and SAMtools offering a lightweight and efficient
solution.

These performance characteristics are direct consequences of underlying algorithmic methodologies, highlighting a
central trade-off: increased computational complexity and resource demands are often necessary to achieve gains in
precision and accuracy in challenging genomic contexts.
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Consequently, we recommend that selection be driven by specific research priorities:

« For clinical or diagnostic settings requiring maximal accuracy: DeepVariant or Strelka2.
+ For large-scale cohort studies prioritizing efficiency: Strelka2 or SAMtools.

+ For research sensitivity in complex regions: Octopus.

» For exploratory discovery where cost is a constraint: FreeBayes.

By elucidating these performance landscapes and their algorithmic foundations, this work empowers researchers
and clinicians to make informed, strategic decisions that optimize workflows, enhance reproducibility, and ultimately,
strengthen the validity of genomic findings across diverse applications.

Supporting information

S$1 Table.Variant calling characteristics computed on NA12878 subset (chr20) using RTG Tools. Ordered by num-

ber of SNPs detected.
(PDF)

S$2 Table.Variant calling characteristics computed on NA12878 WGS using RTG Tools. Ordered by number of SNPs

detected.
(PDF)

S3 Table. Performance metrics on the NA12878 subset (chr20). Ordered by F1-score.

(PDF)

S4 Table. Performance metrics on NA12878 whole-genome sequencing (WGS) data. Ordered by F1-score.

(PDF)

$1 File. lllumina Resequencing Report Summary for NA12878. Comprehensive quality metrics and variant calling

results for the NA12878 reference sample sequenced on the lllumina HiSeq 2000 platform. The report details: (1) Sam-

ple information; (2) Alignment statistics demonstrating high mapping efficiency; (3) Uniform coverage distribution; (4)
Small variant summary; (5) Structural variant calls; (6) Fragment length metrics; and (7) Analysis specifications using

Isaac aligner (v04.16.09.24) and GRCh38 reference genome. This report establishes the high data quality foundation for

subsequent variant caller benchmarking.
(PDF)

Author contributions

Conceptualization: Lisete Sousa, Carina Silva.
Data curation: Vera Pinto.

Formal analysis: Vera Pinto.

Investigation: Vera Pinto.

Methodology: Vera Pinto.

Supervision: Lisete Sousa, Carina Silva.
Validation: Vera Pinto.

Visualization: Vera Pinto.

PLOS One | https://doi.org/10.1371/journal.pone.0339891 February 5, 2026

20/ 22


https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0339891.s001
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0339891.s002
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0339891.s003
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0339891.s004
https://journals.plos.org/plosone/article/asset?unique&id=info:doi/10.1371/journal.pone.0339891.s005
https://doi.org/10.1371/journal.pone.0339891

PLO?)&- One

Writing — original draft: Vera Pinto.

Writing — review & editing: Lisete Sousa, Carina Silva.

References

1.

10.

1.
12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

Xu C. A review of somatic single nucleotide variant calling algorithms for next-generation sequencing data. Comput Struct Biotechnol J.
2018;16:15-24. https://doi.org/10.1016/j.csbj.2018.01.003 PMID: 29552334

Metzker ML. Sequencing technologies - the next generation. Nat Rev Genet. 2010;11(1):31—46. https://doi.org/10.1038/nrg2626 PMID: 19997069

Magi A, Benelli M, Gozzini A, Girolami F, Torricelli F, Brandi ML. Bioinformatics for next generation sequencing data. Genes (Basel).
2010;1(2):294-307. https://doi.org/10.3390/genes 1020294 PMID: 24710047

Liu Y, Loewer M, Aluru S, Schmidt B. SNVSniffer: an integrated caller for germline and somatic single-nucleotide and indel mutations. BMC Syst
Biol. 2016;10 Suppl 2(Suppl 2):47. https://doi.org/10.1186/s12918-016-0300-5 PMID: 27489955

Xiang X, Lu B, Song D, Li J, Shu K, Pu D. Evaluating the performance of low-frequency variant calling tools for the detection of variants from
short-read deep sequencing data. Sci Rep. 2023;13(1):20444. https://doi.org/10.1038/s41598-023-47135-3 PMID: 37993475

Kim S, Scheffler K, Halpern AL, Bekritsky MA, Noh E, Kallberg M, et al. Strelka2: fast and accurate calling of germline and somatic variants. Nat
Methods. 2018;15(8):591—4. https://doi.org/10.1038/s41592-018-0051-x PMID: 30013048

Koboldt DC. Best practices for variant calling in clinical sequencing. Genome Med. 2020;12(1):91. https://doi.org/10.1186/s13073-020-00791-w
PMID: 33106175

Chang T-C, Xu K, Cheng Z, Wu G. Somatic and germline variant calling from next-generation sequencing data. Adv Exp Med Biol.
2022;1361:37-54. https://doi.org/10.1007/978-3-030-91836-1_3 PMID: 35230682

Mielczarek M, Szyda J. Review of alignment and SNP calling algorithms for next-generation sequencing data. J Appl Genet. 2016;57(1):71-9.
https://doi.org/10.1007/s13353-015-0292-7 PMID: 26055432

Li H. A statistical framework for SNP calling, mutation discovery, association mapping and population genetical parameter estimation from
sequencing data. Bioinformatics. 2011;27(21):2987-93. https://doi.org/10.1093/bioinformatics/btr509 PMID: 21903627

Garrison E, Marth G. Haplotype-based variant detection from short-read sequencing; 2012. http://arxiv.org/abs/1207.3907

Yun T, Li H, Chang P-C, Lin MF, Carroll A, McLean CY. Accurate, scalable cohort variant calls using DeepVariant and GLnexus. Bioinformatics.
2021;36(24):5582-9. https://doi.org/10.1093/bioinformatics/btaa1081 PMID: 33399819

Poplin R, Chang P-C, Alexander D, Schwartz S, Colthurst T, Ku A, et al. A universal SNP and small-indel variant caller using deep neural
networks. Nat Biotechnol. 2018;36(10):983—7. https://doi.org/10.1038/nbt.4235 PMID: 30247488

McKenna A, Hanna M, Banks E, Sivachenko A, Cibulskis K, Kernytsky A, et al. The Genome Analysis Toolkit: a MapReduce framework for
analyzing next-generation DNA sequencing data. Genome Res. 2010;20(9):1297-303. https://doi.org/10.1101/gr.107524.110 PMID: 20644199

Cantarel BL, Weaver D, McNeill N, Zhang J, Mackey AJ, Reese J. BAYSIC: a Bayesian method for combining sets of genome variants with
improved specificity and sensitivity. BMC Bioinformatics. 2014;15(1). https://doi.org/10.1186/1471-2105-15-104

Xu'Y, Zheng X, Yuan Y, Estecio MR, Issa J-P, Ji Y, et al. A Bayesian model for SNP discovery based on next-generation sequencing data. IEEE
Int Workshop Genomic Signal Process Stat. 2012;2012:42-5. https://doi.org/10.1109/GENSIPS.2012.6507722 PMID: 26726304

Alosaimi S, van Biljon N, Awany D, Thami PK, Defo J, Mugo JW, et al. Simulation of African and non-African low and high coverage whole
genome sequence data to assess variant calling approaches. Brief Bioinform. 2021;22(4):bbaa366. https://doi.org/10.1093/bib/bbaa366 PMID:
33341897

Barbitoff YA, Abasov R, Tvorogova VE, Glotov AS, Predeus AV. Systematic benchmark of state-of-the-art variant calling pipelines identifies major
factors affecting accuracy of coding sequence variant discovery. BMC Genomics. 2022;23(1):155. https://doi.org/10.1186/s12864-022-08365-3
PMID: 35193511

Olson ND, Lund SP, Colman RE, Foster JT, Sahl JW, Schupp JM, et al. Best practices for evaluating single nucleotide variant calling methods for
microbial genomics. Front Genet. 2015;6:235. hitps://doi.org/10.3389/fgene.2015.00235 PMID: 26217378

Joe S, Park J-L, Kim J, Kim S, Park J-H, Yeo M-K, et al. Comparison of structural variant callers for massive whole-genome sequence data. BMC
Genomics. 2024;25(1):318. https://doi.org/10.1186/s12864-024-10239-9 PMID: 38549092

Zook JM, Chapman B, Wang J, Mittelman D, Hofmann O, Hide W, et al. Integrating human sequence data sets provides a resource of benchmark
SNP and indel genotype calls. Nat Biotechnol. 2014;32(3):246-51. https://doi.org/10.1038/nbt.2835 PMID: 24531798

Li H, Handsaker B, Wysoker A, Fennell T, Ruan J, Homer N, et al. The sequence alignment/map format and SAMtools. Bioinformatics.
2009;25(16):2078-9. https://doi.org/10.1093/bioinformatics/btp352 PMID: 19505943

Danecek P, Bonfield JK, Liddle J, Marshall J, Ohan V, Pollard MO, et al. Twelve years of SAMtools and BCFtools. Gigascience.
2021;10(2):giab008. hitps://doi.org/10.1093/gigascience/giab008 PMID: 33590861

Cooke DP, Wedge DC, Lunter G. A unified haplotype-based method for accurate and comprehensive variant calling. Nat Biotechnol.
2021;39(7):885-92. https://doi.org/10.1038/s41587-021-00861-3 PMID: 33782612

Koboldt DC, Zhang Q, Larson DE, Shen D, McLellan MD, Lin L, et al. VarScan 2: somatic mutation and copy number alteration discovery in cancer
by exome sequencing. Genome Res. 2012;22(3):568—76. https://doi.org/10.1101/gr.129684.111 PMID: 22300766

PLOS One | https://doi.org/10.1371/journal.pone.0339891 February 5, 2026 21/ 22



https://doi.org/10.1016/j.csbj.2018.01.003
http://www.ncbi.nlm.nih.gov/pubmed/29552334
https://doi.org/10.1038/nrg2626
http://www.ncbi.nlm.nih.gov/pubmed/19997069
https://doi.org/10.3390/genes1020294
http://www.ncbi.nlm.nih.gov/pubmed/24710047
https://doi.org/10.1186/s12918-016-0300-5
http://www.ncbi.nlm.nih.gov/pubmed/27489955
https://doi.org/10.1038/s41598-023-47135-3
http://www.ncbi.nlm.nih.gov/pubmed/37993475
https://doi.org/10.1038/s41592-018-0051-x
http://www.ncbi.nlm.nih.gov/pubmed/30013048
https://doi.org/10.1186/s13073-020-00791-w
http://www.ncbi.nlm.nih.gov/pubmed/33106175
https://doi.org/10.1007/978-3-030-91836-1_3
http://www.ncbi.nlm.nih.gov/pubmed/35230682
https://doi.org/10.1007/s13353-015-0292-7
http://www.ncbi.nlm.nih.gov/pubmed/26055432
https://doi.org/10.1093/bioinformatics/btr509
http://www.ncbi.nlm.nih.gov/pubmed/21903627
http://arxiv.org/abs/1207.3907
https://doi.org/10.1093/bioinformatics/btaa1081
http://www.ncbi.nlm.nih.gov/pubmed/33399819
https://doi.org/10.1038/nbt.4235
http://www.ncbi.nlm.nih.gov/pubmed/30247488
https://doi.org/10.1101/gr.107524.110
http://www.ncbi.nlm.nih.gov/pubmed/20644199
https://doi.org/10.1186/1471-2105-15-104
https://doi.org/10.1109/GENSIPS.2012.6507722
http://www.ncbi.nlm.nih.gov/pubmed/26726304
https://doi.org/10.1093/bib/bbaa366
http://www.ncbi.nlm.nih.gov/pubmed/33341897
https://doi.org/10.1186/s12864-022-08365-3
http://www.ncbi.nlm.nih.gov/pubmed/35193511
https://doi.org/10.3389/fgene.2015.00235
http://www.ncbi.nlm.nih.gov/pubmed/26217378
https://doi.org/10.1186/s12864-024-10239-9
http://www.ncbi.nlm.nih.gov/pubmed/38549092
https://doi.org/10.1038/nbt.2835
http://www.ncbi.nlm.nih.gov/pubmed/24531798
https://doi.org/10.1093/bioinformatics/btp352
http://www.ncbi.nlm.nih.gov/pubmed/19505943
https://doi.org/10.1093/gigascience/giab008
http://www.ncbi.nlm.nih.gov/pubmed/33590861
https://doi.org/10.1038/s41587-021-00861-3
http://www.ncbi.nlm.nih.gov/pubmed/33782612
https://doi.org/10.1101/gr.129684.111
http://www.ncbi.nlm.nih.gov/pubmed/22300766
https://doi.org/10.1371/journal.pone.0339891

PLO\S\% One

26. Cleary JG, Braithwaite R, Gaastra K, Hilbush BS, Inglis S, Irvine SA, et al. Comparing Variant Call Files for Performance Benchmarking of
Next-Generation Sequencing Variant Calling Pipelines. openRxiv. 2015. https://doi.org/10.1101/023754

27. Centers for Medicare & Medicaid Services. Clinical Laboratory Improvement Amendments (CLIA). [cited 2025 Oct].
https://www.cms.gov/Regulations-and-Guidance/Legislation/CLIA

28. International Organization for Standardization. ISO 15189:2022 — Medical laboratories — Requirements for quality and competence, Geneva,
Switzerland; 2022. https://www.iso.org/standard/76677.html

PLOS One | https://doi.org/10.1371/journal.pone.0339891 February 5, 2026 22/ 22



https://doi.org/10.1101/023754
https://www.cms.gov/Regulations-and-Guidance/Legislation/CLIA
https://www.iso.org/standard/76677.html
https://doi.org/10.1371/journal.pone.0339891

	Variant calling in genomics: A comparative performance analysis and decision guide
	References


