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Abstract

Here, we present Lancet2, an open-source somatic variant caller designed to improve detection of small variants in short-read sequencing data.
Lancet2 introduces significant enhancements, including: (i) Improved variant discovery and genotyping through partial order multiple sequence
alignment of assembled haplotype contigs, and re-alignment of sample reads to the best supporting allele. (ii) Optimized somatic variant scoring
with explainable machine learning models, leading to better somatic filtering throughout the sensitivity scale. (iii) Integration with Sequence Tube
Map for enhanced visualization of variants with aligned sample reads in graph space. When benchmarked against enhanced two-tech truth sets
generated using high-coverage short-read (lllumina) and long-read (Oxford Nanopore) data from four well characterized matched tumor/normal
cell lines, Lancet2 outperformed other industry-leading tools in variant calling performance, especially for InDels. In addition, significant runtime
performance improvements were observed compared to Lancet1 (~10x speedup and 50% less peak memory usage), and most other state-
of-the-art somatic variant callers (at least 2x speedup with eight cores or more), making Lancet2 an ideal tool for accurate and efficient somatic

variant calling.

Introduction

Accurate and reliable detection of somatic Single Nucleotide
Variants (SN'Vs) and insertions/deletions (InDels) is crucial for
understanding the clonal structure and evolutionary dynamics
of cancer. However, achieving comprehensive characterization
of complex InDels remains a significant challenge for existing
alignment-based somatic variant callers, largely due to refer-
ence bias [1]. Lancet addressed this issue by performing local
assembly and jointly analyzing tumor and normal data with
colored de Bruijn graphs, thereby reducing reference bias and
improving sensitivity for InDels in the 30-250 bp “twilight
zone” [2, 3].

Since its introduction, Lancet has become an integral part of
the cancer genomics pipeline at the New York Genome Center
[4] for liquid biopsy [5] and other efforts [6-8]. Its effective-
ness has also been demonstrated in a variety of independent
studies across multiple cancer types, including melanocytic
naevi [9], polymorphous adenocarcinoma [10], pancreatic
cancers [11, 12], colorectal cancer [13], hyalinizing trabecular
tumors of the thyroid [14], and triple-negative breast cancer
[15].

Despite its success and increasing adoption, several limi-
tations remain in the original Lancet framework. These in-
cluded relatively long runtimes, high memory usage, and the
absence of an interactive visualization tool to examine somatic
variants with read support in graph space. To address these
shortcomings, we developed Lancet2—a redesigned and en-
hanced version of Lancet that offers improved performance, a

new genotyping strategy, and advanced somatic variant scor-
ing with custom glass-box boosting models using InterpretML
[16-18]. The scope and recommended usage of Lancet2 are
identical to that of Lancetl [2] and is intended to be it’s
successor/drop-in replacement. Like the original version [2],
Lancet2 is meant to be used with tumor and matched normal
short-read Illumina exome (or) whole-genome data for calling
somatic SNVs and small InDels.

In this work, we compare Lancet2 against Lancetl [2]
and several industry-leading somatic variant callers, including
Mutect2 [19], Strelka2 [20], DeepSomatic [21], and VarNet
[22]. To ensure thorough benchmarking, we developed en-
hanced “two-tech” truth sets for four widely used cancer cell
lines—HCC1187, HCC1143, COLO829, and HCC1395 [4,
23]—Dby integrating both high-coverage short-read Illumina
and long-read Oxford Nanopore sequencing data. Our results
demonstrate that Lancet2 not only improves variant calling
accuracy, especially for InDels, but also significantly reduces
runtime and memory usage while offering intuitive visualiza-
tion tools to facilitate variant interpretation.

Methods

Variant discovery and genotyping workflow

Lancet2 builds on the previously described joint multi-sample
colored de-Bruijn graph (cdbg)-based assembly framework
[2]. As in the original Lancet approach, it processes the
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genome in consecutive, overlapping windows to perform read
selection, graph construction, graph cleaning, active region de-
tection, and path enumeration using an Edmond-Karp-style
algorithm [24]. Building on this foundation, Lancet2 intro-
duces additional modules for variant discovery, genotyping,
and scoring.

After assembling the local graph, Lancet2 aligns the assem-
bled contigs and the corresponding reference sequence using
a SIMD-accelerated partial order multiple sequence alignment
(MSA) algorithm [25, 26]. MSA was performed using the par-
tial order graphs strategy due to its efficiency and guaranteed
optimal progressive MSA. Variants detected in these MSAs are
recorded with their genomic coordinates, MSA positions, and
reference/alternate alleles (Fig. 1, Step 2).

Subsequently, all constituent reads used in assembly are
re-aligned to both the local reference and assembled contigs
with the minimap2 library [27, 28]. Read alignments are then
sorted by descending gap-compressed identity and alignment
score before they are assigned as support using exact sequence
match to the discovered variant alleles, ensuring each read
contributes only once per variant. These support counts form
the basis for genotype determination and allele frequency es-
timation in the sample.

Building somatic glass-box boosting model

We trained the somatic glass-box boosting model using data
from HCC1395 WGS_NS_T_1 (tumor) and WGS_NS_N_1
(normal) datasets. FASTQ files for both libraries were
obtained from the Sequence Read Archive (SRA; ID:
SRR7890893 for tumor and ID: SRR7890943 for normal)
and processed through the NYGC cancer pipeline [4] to pro-
duce final alignments. Lancet2 was run on these tumor/normal
pairs to generate a full set of raw candidate variants, which
include germline, mosaic, and false-positive artifacts (non-
somatic) in addition to somatic variants. These calls were
annotated against the previously published high-confidence
truth set for HCC1395 [23], labeling them as true somatic or
non-somatic. Chromosome 1 variants were excluded for later
testing.

Each candidate variant was characterized by a number of
metrics/features, including window-level (percent high-quality
reads per sample), variant-level (type, length, depth, abso-
lute variant allele frequency (VAF) difference between tumor
and normal), and allele-level (allele counts, strand bias, base
quality, mapping quality) features, which are then utilized in
the model training process. Due to an extreme class imbal-
ance (~1 true somatic per 200 non-somatic; see Supplemen-
tary Section 1 for more details), we applied random under-
sampling to reduce the ratio to ~1:30. After under-sampling,
we trained an Explainable Boosting Machine using the In-
terpretML framework [18]. The resulting trained model was
saved to disk in Python’s native pickle format, enabling its di-
rect integration into Lancet2’s filtering pipeline for somatic
variant scoring. This integration greatly simplifies and im-
proves the filtering process compared to multiple empirical
hard cutoffs by relying on a single probabilistic score that can
be used by the end user to balance precision and sensitivity.

Enhanced “two-tech” truth set generation

The “two-tech” truth sets integrate short-read (Illumina) and
long-read (Oxford Nanopore) variant calls, leveraging cross-
technology validation to improve confidence and accuracy.

For each of the four selected cancer cell lines, we began with
the full output of the NYGC cancer pipeline [4] or the superSet
calls [23] (short-read), and the PASS-filtered clairS v0.3.0 [29]
variants (long read), intentionally including low-confidence
calls to allow subsequent cross-validation. These call sets are
compared using RTG vcfeval [30], and the resulting true pos-
itive variants from the short-read call set are included in the
“two-tech” truth set as the “common” variants.

Beyond identifying variants present in both call sets, we at-
tempted to “rescue” uniquely detected variants by performing
a pileup-based genotyping step using Freebayes [31] in pooled
continuous mode. Variants exclusive to one platform were in-
cluded in the final “two-tech” truth set only if the alternate
allele was supported by at least two reads at >20x cover-
age in the other platform data. For the HCC1395 cell line,
we excluded all variants from chromosome arms 6p, 16q, and
chrX because somatic and germline variants cannot be distin-
guished due to copy number loss in the normal sample [23].
Final variant intersections between short/long calls and the
Freebayes calls were conducted using RTG vcfeval [30], en-
suring that only cross-validated variants contributed to the
enhanced truth sets.

Architectural improvements

Lancet2 introduces several enhancements that streamline its
architecture, improve interoperability, and increase perfor-
mance. Following MSA, local assembly graphs can now be ex-
ported in GFA (Graphical Fragment Assembly) format, facili-
tating integration with a variety of external visualization and
analysis tools (e.g. Bandage [32], VG [33], Sequence Tube Map
[34]). Direct integration with htslib [35] allows Lancet2 to ac-
cept both BAM and CRAM alignment files, offering users flex-
ibility in balancing storage and analysis constraints. Adopting
modern C++20 language features ensures improved main-
tainability and testability over time. In addition, Lancet2 em-
ploys a pull-based, reactive multithreading model with a fast,
lock-free concurrent queue [36]. This model dynamically dis-
tributes “work units” (genomic regions to process) across
multiple worker threads, maximizing CPU utilization and op-
timizing performance throughout the entire runtime.

Features and improvements to Sequence Tube Map

Several enhancements were introduced to Sequence Tube Map
[34] to support visualization of Lancet2 variants using the
exported GFA graphs along with aligned supporting reads.
First, the input data selection system was generalized to han-
dle multiple read “tracks” from different sources, requiring in-
ternal refactoring, new user interface components, and in-app
documentation. Sequence Tube Map [34] can now load any
number of distinct read tracks, along with graph or haplotype
tracks, each displayed separately. This enables a clear distinc-
tion between tumor and normal read sets from Lancet2 out-
put. A new dialog provides per-read details, including graph
traversal paths.

To streamline loading Lancet2 outputs, support for pre-
defined visualizations (“chunks”) was extended to let chunks
carry their own track configuration, like UCSC Genome
Browser sessions [37, 38]. These chunks can be fetched from
remote servers using documented, testable URL formats, and
users can navigate through them easily. This workflow in-
tegrates end-to-end with Lancet2’s prep_stm_viz.sh script,
producing interactive visualizations directly from BAM/VCF
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Figure 1. lllustration of various steps in the Lancet2 variant calling workflow. Step 1—Representation of tumor and normal reads aligned to a localized
colored de Bruijn graph, showing sample haplotype paths derived from the graph’s structure. Step 2—Identification of candidate variants by performing
partial order alignment-based MSAs of assembled contigs and the reference. Variants are listed with their genomic positions, reference alleles, and
alternate alleles. Step 3—Genotyping of identified variants through the realignment of sample reads to the MSA, displaying normal and tumor allele
depths, and genotypes for each variant path.
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Figure 2. Details of four cancer cell lines, including tumor and normal sample origins, sequencing coverage, and variant call sets derived from short-read
lllumina NovaSeq 6000 data and long-read Oxford Nanopore R10.4.1 data. Each row provides information for one cell line, listing the tumor type, normal
sample origin, and corresponding coverage values for both sequencing technologies.

inputs (see “Lancet Example” in the Sequence Tube Map
demo server — https://vgteam.github.io/sequenceTubeMap).
The full end-to-end workflow showing this integration be-
tween Lancet2 and Sequence Tube Map is available in Sup-
plementary Section 5.

Finally, visualization drawing algorithms were refined to ac-
commodate higher coverage and multiple BAM files. Node
spacing was adjusted to ensure adequate horizontal space for
each read path, and the coordinate bar now supports breaks
due to these expansions. Read ordering logic was also im-
proved to handle multiple tracks under complex topologies,
including inversions and cycles.

Results

Outline of the Lancet2 workflow

Lancet2 builds upon the joint multi-sample colored de Bruijn
graph assembly strategy used in Lancet [2], introducing new
modules for variant discovery, genotyping, (Fig. 1) and filter-
ing. Similar to the Lancet [2] tool, local haplotype contigs are
generated by joint colored de Bruijn assembly of tumor and
normal sample k-mers, through a process of graph clean-up,
optimal k-mer size selection, and Edmond—Karp style path
traversal [24]. To identify variants, Lancet2 performs Partial
Order Alignment-based MSA [25, 26] of locally assembled
contigs alongside the corresponding local reference sequence.
Each sample read is subsequently re-aligned to the resulting
MSA, ensuring that allele support is accurately determined by
selecting the best-supported alleles for each read.

Following variant discovery and genotyping, candidate
variants are then scored and filtered using an interpretable,
machine learning—driven glass-box boosting model. This
model was trained on the candidate Lancet2 variant calls (in-
cluding germline and mosaic artifacts) annotated with high-
confidence somatic truth set calls for the HCC13935 cell line

[23] (Methods Section 2) using the InterpretML framework
[16-18]. Unlike opaque black-box models, this approach en-
ables researchers to easily comprehend why specific variants
are classified as somatic, providing both fine-grained explana-
tions at the individual variant level and broader insights into
the model’s overall behavior (Supplementary Figs S1 and S2).

Enhanced two-tech truth sets for cancer cell lines
We integrated high-coverage short-read (Illumina) and long-
read (Oxford Nanopore) data (Fig. 2) to enhance previously
published benchmarking truth sets for four well-characterized
cancer cell lines—HCC1187, HCC1143, COLO829, and
HCC1395 [4, 23].

Beyond identifying variants supported by both platforms
(COMMON), we systematically “rescued” variants initially
observed by only one technology by examining raw align-
ments from the other platform (Supplementary Fig. S3). This
approach yielded three additional variant categories (Fig. 3):
variants called in long-read data and confirmed in short-read
alignments (LR_ORIGIN), variants called in Illumina data
and confirmed in long-read alignments (ILMN_ORIGIN), and
variants without cross-platform evidence (DROPPED). Due
to the lower sequencing coverage of the long-read datasets,
some of the low VAF calls in Illumina are not likely to be
confirmed by long-read data. However, variants called/missed
in short/long read data due to technology specific map-
ping artifacts are greatly reduced because of this approach
(Supplementary Figs S8-523). The resulting “two-tech” truth
sets represent a robust resource for community-wide bench-
marking of somatic SNV and InDel variant callers.

Variant calling performance evaluation

Lancet2 achieves consistently higher InDel precision and F1
scores than competing variant callers across four distinct can-
cer cell lines (Fig. 4). However, for SNVs, DeepSomatic [21]
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Figure 3. Visualization of the enhanced “two-tech” truth sets for four cancer cell lines (HCC1187 HCC1143, COLO829, and HCC1395), showing variant
classifications and VAF distributions. (A) Stacked bar plots illustrating the counts of variants categorized as COMMON, LR_ORIGIN, ILMN_ORIGIN, and
DROPPED for each cell line, grouped by variant type (Combined, SNV, InDel). (B) Histograms displaying the VAF distributions for each variant category
and type, organized by cell line. Each row corresponds to a specific cell line, and each column presents the distribution of variants for SNV or InDel
categories. Short-read data are used to extract the VAF for COMMON, ILMN_ORIGIN, and DROPPED variants. Long-read data are used to extract the

VAF for LR_ORIGIN variants.

outperforms Lancet2 in precision and F1 score when evalu-
ated using our enhanced “two-tech” truth sets (Fig. 4). The
default somatic model thresholds for Lancet2 are set at 95%
probability for InDels and 90% for SNVs to ensure improved
precision with a small impact on sensitivity. Users can fine-
tune these cutoffs to prioritize higher sensitivity if their specific
study demands it.

Notably, Lancet2 maintains its performance advantage
when benchmarked against previously published high-
confidence truth sets [4, 23], reinforcing the robustness of its
improvements (Supplementary Fig. S4). Moreover, this accu-
racy advantage extends across the full VAF spectrum, particu-
larly for InDels. In COLO829, e.g. other tools’ InDel calls suf-
fer from elevated false-positive rates even at high VAFs, skew-
ing their VAF profiles (Supplementary Fig. S5). By contrast,
Lancet2 consistently delivers accurate InDel calls, underscor-
ing its robust and reliable performance in diverse benchmark-
ing scenarios.

Runtime performance evaluation

Lancet2’s local assembly approach inherently increases com-
putational demands compared to hybrid or alignment-based
methods. Nonetheless, Lancet2 achieves approximately a

10-fold speed improvement over the original Lancet, and,
in certain configurations, surpasses the performance of other
tools due to its near-ideal scalability with additional CPU
cores (Fig. 5). Memory usage is similarly optimized, show-
ing a 40% reduction compared to Lancetl. This improve-
ment becomes especially evident at higher coverage levels and
when scaling to more cores (Supplementary Fig. S6). These
results highlight Lancet2’s ability to leverage CPU resources
efficiently across a range of sequencing coverages and hard-
ware configurations while maintaining low memory-to-CPU
ratios.

Graph visualization of variants using Sequence
Tube Map

Lancet2 addresses the longstanding challenge of visualizing
complex variants, along with supporting reads from multi-
ple samples in graph space, by its integration with Sequence
Tube Map [34]. Users can easily export the MSAs used for
variant discovery as GFA-formatted graphs, which are then
directly loaded into the Sequence Tube Map environment
(Supplementary Information). Once there, somatic variants
and their supporting read alignments from multiple sam-
ples can be intuitively explored, enabling clinicians and re-
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Figure 4. Comparison of variant calling performance metrics (precision, sensitivity, and F1 score) for multiple tools (Lancet2, DeepSomatic, VarNet,
Strelka2, Mutect2, and Lancet1) benchmarked against the enhanced “two-tech” truth sets. Each panel represents a distinct variant type (SNV and
InDel), and each row corresponds to one of four cancer cell lines (HCC1187 HCC1143, COL0O829, and HCC1395). Bars indicate performance metrics for

each tool, with numerical labels displayed.

searchers to confirm allele support, understand local genomic
complexity, and gain insights into variant structures (Fig. 6
and Supplementary Fig. S7). This interoperability provides a
user-friendly, interactive web interface for examining detected
variants at a granular level, facilitating improved interpreta-
tion, verification, and communication in both research and
clinical contexts.

Discussion

We present Lancet2, a next-generation somatic variant caller
that significantly improves Lancet1 in accuracy, efficiency, in-
terpretability, and visualization. Our benchmarking results
show that Lancet2 outperforms other industry-leading tools
in InDel variant-calling performance, including Mutect2 [19],
Strelka2 [20], VarNet [22], DeepSomatic [21], and the orig-
inal Lancet [2], while maintaining competitive performance
for SNVs. This aligns with previous studies highlighting the
challenges of accurately identifying complex InDels using
alignment-based approaches [2, 3], emphasizing the value
of local-assembly methods in capturing subtle, structure-rich
variants that may profoundly influence our understanding of
tumor heterogeneity and clonal evolution.

A key advance in this work was the generation of en-
hanced benchmarking truth sets derived from integrating II-
lumina short-read and Oxford Nanopore long-read data for

four commonly used cancer cell lines. By leveraging both se-
quencing platforms and “rescuing” variants identified by only
one technology through cross-examination of raw alignments
from the other, we produced a more robust and challenging
“two-tech” truth set compared to traditional short-read-only
truth sets (Supplementary Fig. S4 and Fig. 4 together show a
general loss in sensitivity and precision across all tools when
compared with the “two-tech” truth set). One limitation of
the two-tech approach and the resulting truth set is the inabil-
ity to confirm low-VAF variants due to the cost prohibitive-
ness of high-depth long-read sequencing. Nevertheless, this
expanded resource represents a meaningful step forward, pro-
viding a more robust benchmark than purely short-read-based
sets and enabling a more realistic evaluation of variant calling
performance. As long-read sequencing becomes more perva-
sive, such integrative approaches to truth-set construction are
increasingly recognized as critical for pushing the boundaries
of somatic variant calling [23].

Beyond variant detection accuracy, Lancet2 demonstrates
marked improvements in runtime and memory efficiency.
Through careful algorithmic optimization and parallelization,
Lancet2 is ~10 times faster and 40% more memory-efficient
than the original Lancet, making it more practical for large-
scale and cloud-based analyses. Notably, Lancet2’s nearly lin-
ear scalability with increasing CPU cores and its relatively
stable resource consumption at higher coverage levels sets
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Figure 6. Sequence Tube Map visualization of a 70-bp somatic heterozygous deletion in HCC1395 tumor and normal cell lines with sample reads aligned
to the local Lancet graph. The blue tracks correspond to normal sample reads, the red tracks below them correspond to tumor sample reads, and the
gray boxes correspond to the nodes of the Lancet2's exported sequence graph. The reads (red track) that skip the middle gray box confirm the presence

of the deletion in the tumor sample.

it apart from many existing tools. While previous studies
have documented challenges in scaling variant callers to larger
datasets and higher coverage [19, 20], our findings indicate
that resource-efficient local assembly is achievable and can be
integrated into routine pipelines without compromising ac-
curacy. In fact, Lancet2’s modular nature and its speed im-
provements allow users to run pangenome style—multiple tu-
mors, multiple normals joint calling—to generate raw candi-
date variants in joint VCF format. Future work is planned
to simplify somatic variant analysis for longitudinal projects
by integrating out-of-the-box custom filtering and annotation
when using multi-sample (more than two samples) mode.

The improved interpretability of Lancet2’s somatic filtering,
achieved by incorporating a transparent, intelligible machine
learning model [18], is another important milestone. The abil-
ity to explain classification decisions both locally (for indi-
vidual variants) and globally (across the full model) stands
in contrast to more opaque “black box” filtering algorithms.
This level of model transparency is increasingly valued in both
research and clinical settings, where decision-making often re-
quires scrutiny and validation of variant calls.

In addition, Lancet2 introduces graph-based visualization
of cancer variants by its integration with Sequence Tube
Map. This capability meets a pressing need to visualize both
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simple and complex variants and their supporting reads di-
rectly in graph space. Similar graph-centric approaches have
been proposed in other genomic studies to better represent
structural complexity and reduce reference bias [39, 40],
but their adoption in routine somatic variant interpretation
has lagged. This integration allows researchers and clinicians
to intuitively navigate complex genomic regions, enhancing
transparency and confidence in variant calls—particularly
those that challenge conventional linear-reference paradigms.

Despite these advances, Lancet2 currently focuses on small
variants, and broader applicability to larger structural events
will require future work. Additionally, generating comprehen-
sive two-tech truth sets demanded extensive data, underscor-
ing the need for ongoing community efforts to produce stan-
dardized, robust benchmarks. Furthermore, the adaptability
of Lancet2’s filtering model to entirely new sequencing tech-
nologies or cancer types has yet to be comprehensively as-
sessed and may require retraining or calibration as new data
types emerge.

In summary, Lancet2 represents a substantial step forward
in the accuracy, efficiency, and interpretability of somatic
variant calling. Its performance improvements over industry-
leading methods and its validated robustness across multiple
well-characterized cancer cell lines suggest that it can serve
as a valuable tool in both research and clinical genomics
workflows.
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tech” truth set variant call files (VCF), along with the
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