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Abstract

Accurate detection of insertions and deletions (indels) is critical for applications in disease genomics, population
genetics, and personalized healthcare. Despite advancements in sequencing technologies, indel detection remains
challenging, particularly in difficult-to-map genomic regions. In this study, we present a universal machine
learning-based filtering workflow that significantly improves indel detection accuracy for both long-read and
short-read sequencing data, utilizing only publicly available genomic annotation datasets, eliminating the need for
sequencing workflow-specific information, such as read depth. Our method (a gradient-boosting classifier powered
by XGBoost) enhances precision by ~26% for long-read and ~24% for short-read data while maintaining high recall

rates (~90%). We validate our approach using the Genome in a Bottle (GIAB) dataset and 62 indel call sets from
the precisionFDA Truth Challenge V2, demonstrating its effectiveness in handling complex genomic regions and
diverse sequencing workflows. Our tool is open-access and workflow-agnostic, making it a valuable resource for
improving indel calling accuracy across various applications.
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Introduction

Accurately identifying short genomic insertions or dele-
tions (indels) remains challenging for conventional
alignment-based variant calling methods [1]. The focus
on indel detection has increased due to advancements in
long-read sequencing technologies [2—6], such as Pacific
Biosciences [7] and Oxford Nanopore Technologies [8].
Indels are variations involving the insertion or deletion of
fewer than 50 base pairs [9], and although less common
than SNPs, they account for 16%-25% of genetic varia-
tion [10, 11]. Indels are linked to numerous genetic dis-
orders, including Mendelian diseases, fragile X syndrome
[12], and cancers such as lung cancer and AML [13, 14].
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Additionally, by altering promoter structures, indels can
impact gene expression [15]. Indels also contribute to
genetic diversity across populations [16], making their
accurate detection crucial for clinical genomics and pop-
ulation genetics, especially in rare somatic mutations and
de novo germline mutations.

Next-generation sequencing (NGS) technologies,
particularly long-read sequencing, are advancing and
becoming more accessible in clinical applications. The
“Genome in a Bottle” (GIAB) benchmark dataset primar-
ily uses long-read sequencing data [17], achieving high
SNP detection accuracy (99th percentile) and improved
indel detection in easily mappable regions. However,
in difficult-to-map regions, indel detection accuracy
remains limited, with common indel callers achieving
around 60% accuracy across the entire genome [18, 19].
In the PrecisionFDA truth challenges V1 [20]and V2
[21], tools like DeepVariant exhibit precision rates above
99% for high-confidence regions (HCRs), but this drops
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to 63% genome-wide [22]. Indel detection accuracy is
influenced by sequencing workflows, aligners, callers,
and genomic context, with different workflows producing
unique error patterns [23].

Many tools (e.g., GATK [24], Samtools [25], SOAPIndel
[26], Pindel [27], SplazerS [28], VarScan [29], FreeBayes
[30], and more) have been developed for indel detection,
but our approach differs by serving as a post-filter applied
to any variant calling method. This filter reduces false
positives by incorporating prior knowledge to improve
precision without sacrificing sensitivity. Lately, deep
learning methods have been integrated into genomic
variant calling for both short (Illumina, Complete
Genomics) and long (Oxford Nanopore, Pacific Biosci-
ences) sequencing read data. Notable tools for short-read
data include GATK4 [31], DeepVariant [23], NeuSomatic
[32], and for long-read data, Clair [33], Clairvoyante [34],
Sentieon DNAscope LongRead [35], NanoCaller [36]
can be cited. Their performances have also been demon-
strated in other bioinformatics classification problems,
such as predicting piRNAs, sumoylation sites, and RNA
5-methyluridine (m5U) modifications [37-39]. Although
deep learning models are capable to learn effective fea-
tures from the training, all three above-mentioned papers
emphasize the importance of workflow-independent fea-
ture extraction and selection, which is also a cornerstone
of our method.

This paper demonstrates that enhancing indel caller
precision for both short-read and long-read platforms is
possible using a gradient-boosting-based filtering scheme
trained on high-fidelity datasets and genomic features.
This method maintains high sensitivity and is particu-
larly useful for analyzing publicly available datasets like
Haplotype Reference Consortium [40] and Exome Aggre-
gation Consortium [41]. We validate our method using
the GIAB dataset and 62 indel call sets from the preci-
sionFDA Truth Challenge V2, showcasing its ability to
refine datasets by eliminating false positives and enrich-
ing genuine indels.

In summary, our main contributions in this paper can
be summarized as follows:

« Building upon our prior work [22], we demonstrate
the efficacy of our machine learning-driven
probabilistic intelligent filtering to effectively detect
inaccurate short indel calls for both long-read and
short-read sequencing platforms. This enhancement
substantially boosts performance, especially when
dealing with whole-genome call sets, even those
encompassing non-high confidence regions (NHCR).
Furthermore, we have made this tool open-access
to researchers and practitioners for further research
and development.
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+  We experimentally affirm that performance shows
improvement as more training samples are added,
albeit with a rapidly diminishing improvement rate.
This provides us with an estimate of the optimal
number of training samples needed to achieve
a specific level of performance. Additionally, we
demonstrate that this performance enhancement
is independent of the particular samples used for
training; it is sample-agnostic.

+ Furthermore, we verify the effectiveness of our
method, particularly on long-read sequencing
technologies, by examining submissions in the
precisionFDA Truth Challenge V2, which exclusively
featured sequencing reads generated from Oxford
Nanopore and Pacific Biosciences. We also
validate whether our approach can handle complex
genomic regions, resulting in an average precision
improvement of around 25% when evaluating 62
indel call sets submitted in the precisionFDA Truth
Challenge V2.

Results

Improvement in performance following variant filtering
We define pre-filter performance as the precision of the
indel callsets prior to applying our filtering model, and
post-filter performance as the precision after filtering.
The effectiveness of our approach is examined by com-
paring the pre-filter and post-filter precision metrics. In
Fig. 1, we present pre-filter precision (computed before
filtering) and post-filter precision (computed after filter-
ing) for eight distinct variant calling workflows. These
workflows encompass combinations of sequenced base
callers, read aligners, and variant callers, including three
long-read sequencing platforms. We evaluate these work-
flows across three types of indels, as discussed below, and
also outlined in Supplementary Table 2.

1. Homopolymers: Homopolymers are the type of
indels where both the added or removed nucleotides
and the neighboring nucleotide (either prefix or/
and suffix) are composed exclusively of a specific
nucleotide. For instance: [G - GG], [TT — T].

2. Tandem repeats: These are not homopolymers;
instead, they involve multiple inserted or deleted
nucleotides preceded or followed by a similar
sequence. For example: [CG - CGCG].

3. Aperiodic indels: Every deletion or insertion that is
not a tandem repeat or a homopolymer belongs to
this group. For instance: [C — CAT].

For each of these eight workflows, we have access to
four samples for which gold-standard data is available
by GIAB, enabling us to utilize one for testing and three
samples for training purposes. Additionally, we assessed
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Fig. 1 Improvement of precision (Y-axis) across eight different workflows (names mentioned in the top part of each subfigure) and four variant catego-
ries (X-axis). Blue columns denote pre-filter precision, and the orange columns denote post-filter precision improvement
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the performance across all indels collectively, denoted as
‘Combined’ in later discussions, and Fig. 1.

The Complete Genomics pipeline with CGATools
achieved the highest pre-filter precision of 77.65% for
aperiodic indels, followed by Illumina (mate pair reads)
and GATK at around 70.45%, and Illumina (paired-end
reads) with BWA-MEM and FreeBayes at 70.40%. PacBio
(long-read) with DeepVariant had the lowest pre-filter
precision at 64.33%. After applying our filter, all platforms
saw performance improvements, with PacBio showing
the largest gain of 28.73%, reaching 93.06% post-filter
precision and 89.30% recall. Illumina (paired-end reads)
using FreeBayes achieved the highest post-filter precision
at 94.36% with 91.24% recall. Illumina (mate pair reads)
with BWA-MEM and GATK had the lowest post-filter
precision of 89.43% and a recall of 90.55%. Further details
can be found in Supplementary Table 2. For combined
indels, including homopolymers, precision increased,
with some workflows, like Illumina and FreeBayes, show-
ing a 33.49% improvement while maintaining 90.86%
recall. Tandem repeat workflows consistently achieved
over 90% post-filter precision with over 88% recall.

Performance vs. Training data size

We examine how varying the training sample size affects
precision in the context of four distinct (comprising three
long-read and one short-read) sequencing workflows.

1
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This investigation holds significance because, in the
future, more samples with a gold standard callset may
become accessible. Our study encompassed training sam-
ple sizes ranging from one to six.

In Fig. 2, the initial data point, i.e., zero in the X-axis,
represents the pre-filter precision. It is evident from the
figure that the initial training samples lead to the most
significant improvement in precision. Gradually the
improvement rate decelerates, and after the inclusion
of the sixth sample, the improvement tends to level off.
This pattern holds true across all four workflows. For a
detailed breakdown of the precise enhancements attrib-
utable to each additional sample, please refer to the Sup-

plementary Table 3.
In Fig. 3, we demonstrate that the precision of a par-
ticular workflow remains similar across different

training samples for all four sequencing workflows (com-
prising three long-read and one short-read workflows).
This clearly indicates that the performance is not affected
significantly by any particular training sample. In this
context, the training sample (European) and the test sam-
ples (Ashkenazi Jews and Han Chinese) refer to distinct
individuals from different populations. When the test
and training samples differ, there is still a possibility of
the existence of a set of insertions and deletions (indels)
that are present in both the test and training datasets.
For samples from a similar population, this shared set of
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Fig. 2 Precision vs. Size of Training Samples for Different Workflows. True Positives are taken from True Workflow Calls
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for Four Different Workflows

indels will be bigger, which can positively influence the
performance of the classifier. To mitigate this potential
bias, we employ HGOO01 as the test sample, which has a
different ethnicity compared to the other samples, help-
ing to reduce the influence of shared indels on classifier
performance.

If we compare with Fig. 1, the exclusion of the four Illu-
mina combinations (iI2F, iI2G, iMF, iMG) from Figs. 2
and 3 is based on two key reasons. First, we wanted to
focus on the long-read sequencing workflows, which are
more error-prone. Second, we have only included work-
flows with all seven training samples used by GIAB to
ensure a robust and unbiased evaluation of the method’s
performance.

Discrimination ability

While we opt for precision as our primary performance
metric, the precision-recall graph from Fig. 4, clearly
illustrates that our workflow has consistently yielded a
robust AUC (Area Under the Curve) across all eight dis-
tinct sequencing workflows under consideration. These
workflows encompass three long-read and five short-
read methods, with the highest AUC recorded at 0.9642
for the Complete Genomics workflow. Given that AUC
serves as a measure of the capability to distinguish true
indels from false ones, the filtering scheme is demon-
strated to work effectively as a classifier.

Our approach permits the adjustment of this thresh-
old to align with specific precision and recall prefer-
ences, thereby catering to diverse practical scenarios. In
our analysis, we set the threshold at 0.5, implying that if
the likelihood of an indel being a true positive exceeds
0.5, we accept it. The highest F1 score is achieved at this
threshold. For certain applications where we need to pri-
oritize sensitivity over specificity, a lower threshold value
can be chosen. In extreme cases, such as a threshold of
zero, our filter would allow all variants to pass through.
Conversely, clinical applications that demand heightened
precision can opt for a higher threshold probability, albeit
at the expense of sensitivity.

Performance over PrecisionFDA truth challenge V2
benchmark dataset

We not only extensively analyse the eight GIAB work-
flows, but also conduct a thorough examination of the
combined indel call sets consisting of 62 submissions as
part of the precisionFDA Truth Challenge V2. Our find-
ings regarding the precision enhancement for this com-
bined indel callset are detailed in Supplementary Table 4.
In our analysis, we trained our models using only a single
training sample for each workflow (since the gold stan-
dard data was provided for only one sample in the chal-
lenge). Among the 62 workflows assessed, an impressive
58 of them displayed a precision improvement of over
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20% (and all of them having positive improvement), with
an average improvement exceeding 25%. Figure 5 visually
represents the histogram of pre-filter and post-filter pre-
cisions, clearly illustrating a shift towards higher preci-
sion values and a reduction in variance.

Discussions

The accurate identification of indel mutations holds
great importance in various applications within per-
sonal genomics. Thanks to the widespread adoption of
long-read sequencing technologies, we now have exten-
sive repositories of indel and structural variant data at
our disposal. However, most of these datasets lack pub-
licly available detailed sequence read information. Our
sequencing-read-independent method can detect poten-
tially true indels from these large datasets. We can com-
pute required features from publicly available annotation
databases.

Performance comparison between long vs. Short read
sequencing technologies

In our study, we compare the performance of long-read
sequencing technologies against short-read sequenc-
ing technologies. Regardless of the pre-filter precision,
the specific sequencing technology used, or the work-
flow tools applied, our tool demonstrates a significant
improvement in indel mutation calling accuracy. Notably,
it enhances the performance of less robust workflows to
a greater extent. Consequently, employing our tool as a
filter ensures consistent and reliable performance for any
workflow that leverages the indel callset of one or more
GIAB samples. Supplementary Table 2 reveals that long-
read technologies tend to benefit slightly more from our
filtering workflow. For instance, PacBio, a long-read tech-
nology, combined with DeepVariant, exhibits the most
substantial improvement, elevating the performance
of this particular workflow from the lower ranks to the
top. Additionally, as the number of training samples
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Fig.5 Histogram of the Pre-filter Precisions (Green) and Post-filter Precisions (Red) of 62 Indel Call Sets Submitted in the precisionFDA Truth Challenge V2

increases, the performance of the same workflow experi-
ences the most significant enhancement, which saturates
eventually.

Different performance measure

Similar to our previous work [22] using short-read
sequencing technologies, our primary focus is on elimi-
nating false positive results from detected indels rather
than attempting to identify every true positive. Conse-
quently, we emphasize on precision as the key perfor-
mance metric. However, it is worth noting that since our
filtering process learns a logistic regression model with
binary outcome, it does not maximize precision specifi-
cally. We also include other standard performance met-
rics, such as F1-score, the area under the precision-recall
curve (AUPRC) and recall according to their applicability.
Our filtering approach demonstrates good performance
across all these metrics.

Our reported recall measures explicitly the proportion
of true indels supported by our workflow (those identi-
fied by the workflow) that our filter correctly identifies
as positives. It does not calculate the percentage of true

indels backed by the GIAB gold standard callsets, part of
which the workflow may not detect. This approach is log-
ical because our filter does not have the opportunity to
assess an indel that was not called by the workflow in the
first place. Consequently, meaningfully determining the
true recall of our filter is challenging, if not impossible,
further underscoring our choice to prioritize precision as
our primary metric.

Model interpretability

A major trend in genomic data analysis is the extensive
use of deep learning architectures. We have already dis-
cussed the potential of DeepVariant, which has shown
promising outcomes for variant calling. However, a sig-
nificant drawback of deep neural network models is their
inherent black-box nature, making it challenging to inter-
pret their inner workings. Nevertheless, lots of research
are currently addressing this interpretability issue [42].
In contrast to other domains, interpretability holds great
importance in biology, as it forms the basis for a deeper
comprehension of living systems.
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Another drawback lies in the presence of adversarial
examples—samples with minimal noise that the model
misclassifies disproportionately. Additionally, the com-
plexity is compounded by the need for substantial
amount of training data (no clear and established method
are there for augmenting sequencing data), high-per-
formance GPUs, and intricate hyperparameter tuning.
In our context, gradient tree boosting model directly
provides the importance of features, facilitating model
interpretation. Furthermore, annotation data used for
learning does not change with an increase in samples
since we do not employ read data or model-specific error
patterns. Increasing the amount of training data should
contribute to refining our knowledge about the genomic
contexts associated with potentially false indel calls gen-
erated from a specific sequencing workflow.

Limitations

While our proposed filtering workflow demonstrates
significant improvements in indel detection accuracy,
several limitations and areas for future work should be
acknowledged as discussed below.

1. Sensitivity to Rare or Novel Variants:

Our method may struggle to distinguish rare or
novel genetic variants from sequencing errors, as it
does not utilize sequencing-read-specific informa-
tion (e.g., read depth or alignment quality). In this
context, our filtering approach shares similarities
with a masking method, although there are some
significant distinctions as follows. Firstly, our filter
is not rigid in its determination of whether an inser-
tion or deletion at a specific genomic location is true
or false; this determination can change if additional
data suggests otherwise. Secondly, the determina-
tion varies from one analysis workflow to another,
depending on the error patterns specific to each
workflow.

2. Dependence on High-Quality Training Data:

As with any machine learning model, the perfor-
mance of our model relies on the availability of
high-quality and unbiased training data. While
our method is sample-agnostic, its effectiveness may
vary when applied to datasets with lower-quality or
less comprehensive gold-standard callsets. Expand-
ing the training data to include more diverse popu-
lations and sequencing platforms could further
improve generalizability.

3. Limited Scope to Indels:
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Currently, our method focuses exclusively on indel
detection and does not address other types of
genomic variations, such as structural variants or
complex rearrangements. Extending the framework
to include these variants would broaden its applica-
bility in genomic research and clinical diagnostics.

4. Lack of Direct Comparisons:

To our knowledge, there are no directly comparable
methods that serve as post-filters for indel detection.
It is important to note that our tool is not a variant
caller but can enhance the performance metrics of
any caller when used with the appropriate dataset.
While this highlights the novelty of our approach, it
also limits our ability to benchmark against simi-
lar tools. Future research could focus on developing
standardized evaluation frameworks for indel filter-
ing methods.

Uniqueness of our universal method

The proposed universal method distinguishes itself from
other methods by its workflow independence, reliance on
publicly available genomic features, and ability to act as
a post-filter for any variant calling workflow. These char-
acteristics make it broadly applicable to diverse datasets
and sequencing platforms, while also improving perfor-
mance in challenging genomic regions. The method’s
interpretability and flexibility further enhance its utility
for clinical genomics and population genetics.

Methods
To find more details about our methodology, please see
Supplementary Methods. Our approach involves formal-
izing the detection of erroneous indel calls as a super-
vised classification problem. We conduct our training
and testing using the “Genome-in-a-Bottle” (GIAB)
dataset, specifically its latest release. For annotation pur-
poses, we employ RepeatMasker [43] to identify different
types of repetitive regions, such as tandem and inter-
spersed repeats. To assess the level of conservation, we
utilize GERP scores [44]. We.

compute all the DNA sequence contexts based on the
hgl9 reference genome [45]. However, for the preci-
sionFDA Truth Challenge V2 dataset, we switch to the
hg38 reference genome. In our quest to identify a robust
set of genomic features independent of specific work-
flows, we experiment with various genome annotations
and combinations thereof. It is worth noting that we can
generate all these features using publicly available anno-
tation and sequence databases. We intentionally avoid
using population or workflow-specific features like geno-
type calls, allele frequency, read alignment, read quality
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Fig. 6 Flow Chart of the Filtering Steps

and read depth. A Flow-Chart of our filtering steps has
been depicted in Fig. 6.

In our experiments, we harness the power of XGBoost
[46], an efficient and scalable implementation of gradi-
ent tree boosting. XGBoost is designed to handle spar-
sity and takes advantage of cache optimization, making it
well-suited for distributed computing. It also employs a
second-order approximation (Taylor series) of a regular-
ized loss function to expedite computation. To evaluate
our model’s performance, we primarily report precision,
also known as positive predictive value (PPV). For our
experiments, we tune the XGBoost hyperparameters as
follows: tree depth =16, learning rate =0.25 and boosting
rounds =250. However, for a single training sample, we
set the boosting rounds to 100.

The computational complexity of our proposed method
is primarily determined by two main components: fea-
ture annotation and model training/prediction. The

annotation process involves extracting genomic features
whose time complexity is linear with respect to the num-
ber of input instances. Time complexity of model training
and prediction with XGBoost is O(Td-nlogn), where T =
number of trees, d = maximum depth of each tree, and n
= number of training samples.

Conclusions

In our previous work [22], we showed the effectiveness of
our intelligent filtering tool using the gold standard GIAB
dataset, which focused on short-read technologies like
Nlumina and Complete Genomics. Now, with updated
data from additional short-read and newly added data
from long-read technologies, e.g., Oxford Nanopore and
Pacific Biosciences, this paper demonstrates that our
method works just as well, if not better, for long-read
sequencing.
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Recently, there has been a rise in machine learning-
based variant callers, especially for difficult-to-map
regions, as seen in the precisionFDA Truth Challenge V2,
which used both long- and short-read data. Our previous
work showed that our filter was highly effective for diffi-
cult regions in GIAB short-read datasets. This paper vali-
dates its ability to enhance variant calling in challenging
regions regardless of the sequencing technologies (long-
read or short-read) or variant calling workflows (based
on deep learning, graph algorithm, etc.).

Our findings confirm the method’s utility for both
long-read and short-read sequencing, helping research-
ers identify reliable indels. Future plans include extend-
ing the filter to detect more complex variants, such as
rare, somatic, and multi-allelic indels, and potentially
using sequencing information like read depth. While
we've had promising initial results, further exploration is
needed. Another goal is establishing reliable indel callsets
from public databases, even without sequencing-read-
specific data.
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The online version contains supplementary material available at https://doi.or
9/10.1186/513104-025-07445-3.
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