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Transposable elements (TEs) make up 45% of the human genome, are a source of genetic variability 
difficult to detect, and involved in processes related to gene regulation and disease. Nanopore 
sequencing is recognized as one of the best technologies for detecting TEs; however, tools for 
analyzing of human TE insertions and deletions with nanopore-based data can be improved. 
RetroInspector is an easy to use, configurable Snakemake pipeline that performs detection, 
annotation, enrichment, and genotyping of TEs. RetroInspector requires the FASTQ files of the 
samples and the reference genome to start the identification and analysis of TEs. The user can also set 
the threshold for the number of supporting reads for the variant filtering. RetroInspector also allows 
users to compare the results of two samples. Different versions of the reference genome can be used 
and the presence of retrotransposition features can be annotated. RetroInspector has been run on 
three nanopore sequencing datasets and validated experimentally using proprietary and public data 
with over 80% precision.

Transposable elements (TEs) comprise approximately 45% of the human genome1. Part of this abundance stems 
from their ability to jump to different coordinates in the genome. Classifying TEs is a complex task due to several 
factors: first, similar to viruses, they do not share a common ancestor, which makes it difficult to construct a 
phylogeny; second, they evolve by a combination of different overlapping phenomena, such as truncated or 
nested insertions; third, the same group of TEs can originate from different events, as SINEs have2.

In general, TEs can be classified based on their transposition mechanism into two groups: class I elements, 
or retrotransposons, which produce an RNA intermediate and require retrotranscriptase activity, and class 
II elements, or transposons, which move without the need for retrotranscription. In humans, class I TEs are 
grouped by length into SINEs and LINEs (short and long interspersed nuclear elements, respectively), alongside 
SVAs. SINEs include Alu and MIR elements; and LINEs comprise L1 and L2 sequences. Currently, there are 
records of class I elements being active on the human genome (Alu, SVA, and L1), but not of class II ones1. Class 
II elements are inactive in mammals because mutations have rendered their transposase gene non-functional3.

Due to their mobility, TEs have relevant biological implications, and their detection is of great relevance for 
genetic and clinical studies. TEs are involved in the evolution of genomes4,5. SINEs influence gene regulation 
through interactions with regulatory pathways and mechanisms6–9 and by altering methylation in surrounding 
regions10.

Retrotransposition of active class I elements can affect gene function with pathological consequences11. This 
is the case for some hereditary breast and ovarian cancers, in which the responsible insertion can go undetected 
under usual protocols for molecular diagnosis12. This highlights the need for new diagnostic technologies. 
Inactive elements can also result in mutations, for example, by promoting DNA recombination between two 
elements with similar sequences13.

The abundance and repetitive nature of TEs increases the difficulty of their detection in the human genome, 
particularly by using short read sequencing (SRS) methods, although some projects have used it14. Long read 
sequencing (LRS) allows the detection of TE insertions and reporting of the inserted sequence for further 
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study. LRS is more sensitive than SRS for the study of TEs, although both report coordinates with single-base 
precision15,16.

There are multiple tools to detect TE insertions with NGS data17. Most of them process mapped reads, but 
some ones have been designed for unmapped reads, the latter requiring less computation18. MELT appears 
to be the most widely used tool14,15 for the analysis of TEs using short reads. LRS-based variant callers can 
capture the complete inserted sequence19 or provide sufficient information for subsequent reassembly15,20. 
Nanopore reads currently have relatively low accuracy21, although consensus sequence generation tools22 can 
mitigate this limitation. Similar error correction approaches have proven effective in RNA sequencing23 and 
genome assembly, which enables SV analysis including TE insertions24. Analyzing the complete sequence of 
TE insertions facilitates the identification of elements in emerging subfamilies, such as SVA F1

25, and provides 
crucial insights into their origins and evolutionary history26. These capabilities further demonstrate the value of 
LRS technology for comprehensive TE research.

Currently, researchers face a scarcity of LRS-compatible bioinformatics tools for TE analysis. For non-human 
organisms, available options include the TrEMOLO pipeline for Drosophila melanogaster27 and VariantDetective 
for bacterial variant detection28. In the human context, xTea15 detects TE insertions with both long and short 
reads. GraffiTE29 employs graph genomes but lacks gene or enrichment annotation functionality.

In this work, we introduce RetroInspector, a comprehensive pipeline for detecting, characterizing, and 
annotating TE insertions and deletions using nanopore sequencing data, advancing the current state of the field. 
RetroInspector enhances our previously published analysis framework20 through streamlined implementation, 
improved usability, and enhanced reproducibility. We also present findings from multiple datasets analyzed with 
our pipeline, demonstrating its practical applications and effectiveness. PALMER30 and GraffiTE29 served as 
comparative benchmarks for our pipeline.

Results
We have applied the RetroInspector pipeline to four distinct datasets comprising a total of 40 samples. The 
first dataset consisted of 24 samples sequenced by PromethION; the second one, of three samples (HG00733, 
HG00514, and NA19240) from HGSV (Human Genome Structural Variation Consortium)31,32; the third one, of 
two samples from monozygotic twins, also sequenced by PromethION. The fourth dataset consisted of a subset 
of 11 cases used for the HGSVC2 study24.

The first dataset was used to design the pipeline and ensure that output by any step would be properly 
formatted to function as input for the next. The second dataset was used to assess the performance of multiple 
variant callers. The third one was used to test the accuracy of the pipeline on two samples with a high degree of 
similarity. The fourth dataset was used to benchmark the genotype process.

In this section, we present the metrics and the summary of the results obtained with RetroInspector, which 
are also compared with the results obtained with state-of-the-art tools. In our experiments, we have tested three 
combinations of variant callers, and three different thresholds for supporting read evidence. Additionally, we 
have compared the performance of two criteria for filtering variants, namely, lax and strict. As a last factor, 
we show how the margin of error used in the comparison against the benchmark’s truth set (100 bp) is more 
stringent than the value used in other works (500 bp). The performance metrics were calculated for the variants 
obtained by applying the strict criterion, using cuteSV and Sniffles2 with at least 3 supporting reads, which are 
the default (and recommended) settings of RetroInspector, unless otherwise specified. These settings were used 
by default in all the experiments that we report after the benchmark results. The detailed list of settings can be 
consulted at the pipeline’s repository, which includes a template configuration file with default settings.

Validation and benchmarks
The performance for variant calling had been previously evaluated by PCR amplification and sequencing 
on the results from our previous workflow, of which RetroInspector is the streamlined version. We have 
proved the reliability of the results generated by this pipeline by validating several of the reported insertions. 
We have confirmed the results generated with our previous workflow with specific PCR amplification and 
Sanger’s sequencing in 14 out of 17 insertions selected for validation (82.4%)20. RetroInspector uses a different 
combination of variant callers than our previous work and called 13 out of these validated. Additional validation 
was performed with four of the variants detected by RetroInspector but not with the previous iteration. Two 
of such insertions were experimentally confirmed. The primers for a third one rendered amplification in both 
case and control. The last one did not yield a PCR product. In summary, 75% of insertions identified by our 
pipeline that were tested experimentally were validated (15 out of 20, since one of the previous 17 is not part of 
the current results).

To determine the best combination of variant callers, we used a truth set with three samples with SVs 
comprehensively characterized using multiple techniques31, with a total of 5,630 reported TE insertions on these 
samples. This dataset also lists which insertions are related to TE elements. The following section details the 
concordance with the dataset and the slight difference in classification of insertions as TE insertions.

The programs tested were cuteSV, SVIM and Sniffles2. Although the three combinations performed similarly, 
cuteSV and Sniffles2’s results were in better agreement with the HGSV dataset. The lax criterion found the most 
insertions from the set, but also found more insertions that were not in the benchmark set; although the loss in 
precision was lower than the gain in recall (Table 1).

Precision was above 80% for the subset classified as TEs by the HGSVC study, and above 85% when 
considering all insertions. When examining retrotransposition motifs, precision increased to 85.51%, as detailed 
later. Recall exceeded 85% for TE insertions, while remaining below 20% for the complete insertion set, because 
most insertions are not TE-related (17.72% of the insertions in the truth set are TE insertions) (Table 1 and 
Table S1).
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Increasing supporting read evidence thresholds enhanced precision. For instance, setting the threshold at 
five supporting reads yielded a precision of 82.25% (87.03% when considering all insertions) for cuteSV and 
Sniffles2. While recall decreased to 86.41%, the F1-score marginally improved to 84.28% compared to the 
previous threshold. With the minimum of five supporting reads, the combination of Sniffles2 and SVIM was still 
marginally better, with an F1-score of 84.46% (Table 1 and Table S2). Raising the threshold to seven supporting 
reads resulted in only a minimal precision increase (to 82.67% or 87.64% for all insertions, using cuteSV and 
Sniffles2), accompanied by further reductions in recall (83.98%) and F1-score (83.32%) (Table S2).

Filtering by retrotransposition features further improved precision for these higher thresholds, to 90.38% and 
90.94% for 5 and 7 supporting reads, respectively. However, this approach penalized recall (71.35% and 69.25%, 
for 5 and 7 reads, respectively) and the F1-score (78.43% and 77.37%, for 5 and 7 reads, respectively) (Table 1 
and Table S2).

When considering a broader distance margin of 500 bp for consensus comparison (matching Truvari’s 
default setting), the results improved. For instance, the combination of cuteSV and Sniffles2 reached a precision 
of 82.79%, recall of 88.72%, and a F1-score of 85.66% (Table S3). Applying these more standard parameters, 
filtering by retrotransposition characteristics further increased precision to 91.17%. Similarly, higher read 
evidence thresholds also yielded better results (Table S4).

Genotype benchmark
RetroInspector calculates genotypes from read evidence and coverage of the region supporting the insertion. 
These genotypes are then used to filter the variants that are found to have a 0/0 genotype (homozygous for the 
reference allele). To test the accuracy of this process, a subset of the HGSV2 cohort24 was used. RetroInspector’s 
results and the truth set were highly concordant, with precision exceeding 95% for all combinations of variant 
callers, and the best results were 96.99% when using cuteSV and Sniffles2 (Table 2).

Edge false negatives of calling and merging
To further validate the pipeline, we analyzed samples from two monozygotic twins using the comparison 
features of RetroInspector. Initially, with a 60 bp merge limit, 94 variants (3.87%) were found exclusively in a 
single sample. Examining the insertion list, we identified pairs of insertions unique to each sample, characterized 
by similar lengths and identical types. Expanding the maximum merging distance to 80 bp reduced the sample-
specific insertions to 82 (3.36% of total).

Callers Precision Recall F1-score

cuteSV & Sniffles2 96.99% 96.65% 96.82%

cuteSV & SVIM 95.37% 93.68% 94.52%

SVIM & Sniffles2 95.52% 93.81% 94.66%

Table 2.  Benchmark results for genotyping.

 

Combination Criterion Precision TE recall (INS recall) F1

cuteSV & sniffles2 Strict 80.90% (85.63%) 87.10% (16.34%) 83.89%

cuteSV & sniffles2 Lax 70.34% (75.58%) 90.36% (17.20%) 79.10%

cuteSV & SVIM Strict 78.39% (83.22%) 87.37% (16.43%) 82.64%

cuteSV & SVIM Lax 65.46% (70.75%) 91.92% (17.60%) 76.47%

SVIM & sniffles2 Strict 79.27% (84.81%) 89.18% (16.91%) 83.94%

SVIM & sniffles2 Lax 67.51% (73.04%) 91.99% (17.63%) 77.87%

cuteSV & sniffles2 + hallmarks – 85.51% 71.81% 78.07%

cuteSV & sniffles2 + RE = 5 Strict 82.25% (87.03%) 86.41% (16.20%) 84.28%

cuteSV & sniffles2 + RE = 5 + hallmarks – 87.06% 71.35% 78.43%

PALMER – 71.77% 52.61% 60.72%

GraffiTE – 32.33% 96.18% 48.40%

Table 1.  Benchmark results comparing combinations of variant callers and criteria. The rows for “strict” and 
“lax” specify a different callset produced according to that criterion. (The strict dataset contains only variants 
that passed the strict criterion on at least one sample.) Precision: percentage of TE insertions found present 
in both the pipeline’s and HGSVC’s results among the number of the pipeline’s calls. Recall: percentage of TE 
insertions called by the pipeline among those present in the HGSVC dataset. For each cell, the first number 
is obtained by selecting only the insertions labeled as “ME” in the HGSVC set, while the second one includes 
all HGSVC’s insertions. F1-score is shown for the TE subset of the gold standard. RE: read evidence threshold. 
Additionally, metrics are shown for the addition of retrotransposition hallmarks’ presence, the use of a higher 
read evidence threshold, and for other TE software: PALMER and GraffiTE.
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We manually examined the alignments near these variants using IGV to investigate the source of discrepancies, 
which could result from merging errors, insufficient read coverage, or genuine de novo mutations. Our analysis 
revealed that in most cases (44 variants, 53.66%), the non-shared variants were located in noisy genomic regions 
characterized by multiple inserted sequences of varying sizes within the reads, coexisting with alleles without 
insertions, which precluded the possibility of distinct insertions at the same site. These variants also exhibited 
dispersed coordinates. A smaller subset of differences (18 variants, 21.95%) stemmed from underrepresented 
inserted alleles, arising from two distinct scenarios. In the first scenario, the depth coverage was extremely low 
in one sample for the region containing the insertion, preventing the minimum number of supporting reads 
required from being detected. In the second scenario, while regional depth coverage was adequate, the inserted 
samples remained underrepresented. In both scenarios, the number of supporting reads did not reach the 
threshold of 3 reads. A minority of ten variants (12.20%) could not be matched due to low sequence similarity 
between insertions. The final ten variants (12.20%) were not identified by either program in one sample, despite 
apparently sufficient supporting reads.

Subsequently, we investigated whether the variants with few reads were reported by Sniffles2, which employs 
a read fraction-based approach instead of a fixed threshold, by examining the output files before our processing. 
It reported one out of the 18 in this category as homozygous even in the sample with minimal coverage.

Time usage and scalability
To evaluate the impact of specific analyses on runtime, we measured the duration of distinct phases within the 
pipeline across runs comprising our 24-sample and the 3-sample HGSVC cohorts.

Alignment was the most time-consuming stage, with a mean duration of 231.88 ± 32 min per sample. Sorting 
and indexing the alignment file required 12.78 ± 1.31 min per sample. Running Sniffles2 took 7.29 ± 0.33 min 
per sample, with an additional 2.10 ± 0.15 min per sample for sequence reassembly. CuteSV required 28.01 
± 0.90 min per sample, and sequence reassembly for its reported insertions took 8.2 ± 0.29 min per sample. 
Genotyping insertions and deletions consumed 37.83 ± 3.59 min per sample, with 98.3% of this time dedicated 
to calculating genome-wide coverage.

The remaining steps were conducted across samples rather than per-sample. Comparing runs with 3 and 
24 patients revealed that insertions merging took 1.76 min for three patients and 15.71 min for 24 patients. 
RepeatMasker runtime was 47.84 and 84 min, respectively. R analysis took 10.13 and 5.87 min for the two cohort 
sizes.

We also benchmarked PALMER, another long-read TE detection software, to use as a reference point, which 
analyzed the three HGSVC cases in a mean of 1,535.05 ± 1,175.95 min, totaling 4,605.15 min. In comparison, 
RetroInspector processed the same samples in 1,005.14 min. It is crucial to note that we utilized the BAM files 
generated by RetroInspector; if these were not pre-existing, PALMER’s total processing time would increase.

Identification of retrotransposition hallmarks
To explore additional filtering criteria that could enhance specificity, we investigated two key retrotransposition 
features: polyA tails at the inserted sequence’s terminus, and the presence of the consensus motif for L1’s 
endonuclease target sequence. We also run PALMER and GraffiTE, which search for similar features29,30, on the 
three HGSV samples for comparative analysis.

In our tests, PALMER demonstrated lower performance, achieving a maximum F1-score of 60.72%, with 
a precision of 71.77% and recall of 52.61% (Table 1). Using the recommended settings from the GitHub 
documentation yielded the best results (Table 1); while more strict filters, requiring more reads to preserve 
a variant call, progressively reduced recall and increased precision (Table S5). GraffiTE showed high recall 
(96.18%) and low precision (32.33%), achieving a F1-score of 48.40% (Table 1).

Our search for retrotransposition hallmarks improved precision at the cost of recall. The target sequence was 
detected in 84.46% of true positives and 57.99% of false positives. While the proportions differed significantly 
(χ2, p < 2e−16), the discrimination was imperfect. Considering that the identification of the consensus sequence 
allows for divergence, we examined whether different ratios of similarity would result in a better threshold. 
Using a ROC curve, the area under the curve (AUC) was low at 0.6774, offering minimal discriminatory value 
(Fig. S1A).

Similarly, polyA tail presence proved an unreliable indicator. A tail of at least 4 bp (with gaps not contributing 
to tail length) was detected in 92.67% of true positives and in 77.50% of the false positives, representing 
a significant difference (χ2, p < 2e−16). Additionally, other values of the tail’s length did not perform better 
(AUC=0.561), and neither did by removing the gap penalty (i.e., counting non-A bases for the length of the 
polyA tail, AUC=0.5106) (Fig. S1B and S1C). While these hallmarks did not enhance the pipeline’s overall 
performance, they marginally increased precision (Table 1).

Identification of TE insertions and deletions
Tables 3 and 4 present the results obtained for the 24 case cohort, which consist of patients with antithrombin 
(AT) deficiency. AT deficiency is a rare, autosomal disease most commonly caused by mutations in SERPINC133. 
A total of 6,714 TE insertions were identified,amounting to 48,963 occurrences across patients, of which 43,288 
met the strict criterion. Considerably fewer class II insertions were found, 21. The most populated categories of 
class I insertions were Alu and SVA insertions (Table 3), TEs that are active in humans. RetroInspector reported 
an intronic SVA insertion in SERPINC1 in one of the patients. However, it did not do so for another patient, as 
their data only contained a single supporting read.

Among the SVA, the most common insertions were classified as SVA F (598 of 1,189 total SVA insertions), 
with 6 additional SVA F1. The rarest SVA group was SVA C (Table 4). The newer family of SVA elements, SVA 
F1, is not included in Dfam, and is in turn reported by RepeatMasker as another type of SVA, normally as SVA 
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F. RetroInspector examines SVA insertions for the MAST2’s thumbprint25 and, if found, reports them as SVA F1 
(Table 4).

Figure 1 shows RetroInspector’s graphical output. First, it plots the count of TE insertions and their gene 
annotations (Fig. 1A), allowing users to visualize the genome-wide distribution, and check, for example, if the 
sex chromosomes carry more TE insertions, as is expected for L1 elements34. Second, a Manhattan plot of AFs 
is displayed (Fig. 1B), which can help to determine whether a cohort contains polymorphic insertions with high 
AFs. These two sets of plots are repeated for TE deletions. Third, enrichment results are presented as connection 
between categories for each GO group (Fig. 1C). Fourth, enrichment results are shown as bar plots (Fig. 1D) for 
each GO group and the other ontologies, which involve cancer (NCG) and other diseases (DO).

Reassembly of the inserted sequences
Given that not all variant callers report a consensus for insertions, our tool retrieves reads that support the 
insertion, and reassembles the affected region in order to obtain a new sequence.

The reassembly process excludes reads with a considerably shorter insertion (length difference greater than 
15% of the reported insertion length) to minimize the influence of noise, although callers do consider these 
reads to support the evidence (Fig. 2). These reconstructed sequences are also employed by RetroInspector’s 
sequence-aware variant merging.

The final report is divided into two sections, one for class I and class II elements. Each contains gene 
annotation (with affected gene and type of affected sequence, such as coding sequences or promoters), as well as 
the distribution across chromosomes. It also includes a comparison against the Indigen14 dataset35, which can be 
used to determine whether a TE insertion has been previously described.

Genotyping TE insertions and deletions
RetroInspector uses coverage and read support data to compute genotypes for insertions. These genotypes can 
then be used to determine allele frequencies within the sample, which are shown in a Manhattan plot (Fig. 1). 
The genotype is also compared to the strict and lax datasets, which allow users to evaluate both sets. Additionally, 
it is used to filter out insertions that are genotyped as homozygous for the reference allele in all cases, that 
is, 0 inserted alleles, or no insertions in neither of the homologous chromosomes, which are most likely false 
positives in regions with noisy alignments and high coverage20. This occurs in regions where depth coverage 
reaches values in the hundreds, in which read errors can reach an otherwise reasonable threshold for supporting 
reads. This is not the case for the variants’ genotypes, which are calculated using the coverage of their region.

Using the genotype as an additional filter is useful to remove likely erroneous calls. On the 24 sample cohort, 
the stringent criterion left 902 TE insertions (12.9%) which were genotyped as no inserted alleles in at least one 

Name Unique Total (lax) Total (strict)

SVA A 172 1,111 679

SVA B 64 574 402

SVA C 49 366 271

SVA D 96 668 384

SVA E 204 1,458 852

SVA F 598 3,971 2,128

SVA F1 6 32 25

Total 1,189 8,180 4,741

Table 4.  SVA count on the 24 sample cohort.

 

Repeat family Repeat subfamily Unique Total (lax) Total (strict)

DNA
hAT 10 141 135

TcMar 11 126 105

CR1 1 24 24

LINE L1 467 4197 3,781

L2 6 71 64

LTR

ERV1 256 1901 1,435

ERVK 30 313 286

ERVL 68 593 449

Retroposon SVA 1189 8180 4,741

SINE
Alu 4,675 33,395 32,246

MIR 1 22 22

Total – 6,714 48,963 43,288

Table 3.  Insertion count by repeat family and subfamily on the 24 sample cohort.
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sample, adding up to 1423 occurrences across samples. Regarding these, it is relevant that 268 insertions were 
genotyped as no inserted alleles on all samples they had been detected in. This number was higher for the lax 
criterion (881 unique insertions). RetroInspector discards these variants for both criteria, so that they are not 
considered in any other process.

The reference sequence for the human genome contains hundreds of thousands of TEs. RetroInspector 
matches their coordinates against the deletions reported during the variant calling process, and performs the 
same genotyping described for insertions, also removing erroneous calls and calculating AFs.

Comparison of samples
RetroInspector can also compare pairs of samples. It reports TE insertions found in common and not in common 
between the samples, as well as their annotation.

As an example, we have compared two of the samples from HGSV, NA19240 and HG00514. RetroInspector 
found 3,310 unique TE insertions across both samples, of which 870 were present in both.

Regarding sample comparison, two unrelated samples of different ancestries (NA19240’s is Yoruban, 
HG00514’s is Han Chinese) share 870 TE insertions, while they carry 3,310 insertions not in common (Table 
5). For active TEs (Alu, SVA, L1), the fraction of non-shared insertions is higher than for inactive ones (75% 
against  50%, Table 5).

This feature has interesting potential applications such as comparing the TE profile of changes in individuals 
over time, cases and controls, etc. Comparing the functional enrichment of genes in two samples can also be 
useful, as TEs can play a role in multifactorial disease. We observed that different functions were enriched. 
In HG00514, activities related to molecular signaling (cAMP hydrolysis and binding to phosphatidylinositol 

Fig. 1.  Examples of plots generated by RetroInspector with the 24 patient cohort. (A) Count of TE insertions 
(merged across patients) on each chromosome. Similar plots are produced for class I and class II insertions 
separately, and for TE deletions. (B) Manhattan plot for TE insertions, with AF calculated within the sample. 
A similar plot is produced for deletions. (C) Plot showing enriched GO categories for molecular function, and 
their connection by genes in common. This plot is also produced for the other GO categories. (D) Barplot of 
enriched GO “biological process” categories. Color indicates p-value and bar size indicates number of genes. 
Similar plots are produced for other GO categories and for the other ontologies, if significant results are found.
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phosphate and calmodulin) were enriched (Fig. 3A), whereas the results of the enrichment analysis of NA19240’s 
own insertions affect genes related to the class II MHC (major histocompatibility complex) (Fig. 3B).

Discussion
TE insertions are a significant source of genomic variability. Researchers are increasingly interested in analyzing 
these variants at the genomic level and exploring their potential phenotypical implications36,37. Long-read 
sequencing (LRS) has emerged as the most effective method for detecting TEs in the human genome15,16, yet a 
comprehensive tool for TE analysis and annotation has been lacking.

RetroInspector addresses this gap by providing a streamlined process for discovering and studying TE 
insertions. Built on Snakemake, the tool offers automatic dependency installation, ensuring both reproducibility 
and user-friendliness. The pipeline leverages multi-threaded computing to process data in parallel, utilizing 
existing tools like minimap2, cuteSV, and Sniffles2, as well as custom-developed scripts, the latter explained in 
the “Methods” section. For single-threaded programs, Snakemake optimizes resource allocation by running 
instances in parallel when sufficient computational resources are available.

Class Family Subfamily Number of unshared insertions Number of shared insertions

Class I DNA
hAT 3 2

TcMar 2 2

Class II

LINE

L1 253 152

L2 3 2

CR1 1 0

LTR

ERV1 60 48

ERVK 12 8

ERVL 16 18

Retroposon SVA 182 87

SINE
Alu 1,827 630

MIR 2 0

Total – – 2,361 949

Table 5.  Insertions in common (“shared”) and not in common (“unshared”) between samples NA19240 and 
HG00514.

 

Fig. 2.  View of the alignments around an Alu insertion found in NA19240’s genome. The insertion is reported 
to be 301 bp long by cuteSV, although one of the supporting reads (marked in red, read ID “e7811730-08a4-
4eaa-8827-bb981538051f ”) only contains a 92 bp and a 128 insertion. RetroInspector discards inserted 
sequences with a length difference greater than 15% for the allele reconstruction step.
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The results of our pipeline include inactive elements of both class I and II, presenting a more difficult 
interpretation than insertions for the ubiquitous and highly active Alus, which have an insertion frequency every 
20 human births38. Critically, we have validated insertions from these inactive elements to confirm that they are 
not the result of alignment errors from malformed reads20. They are likely not the result of (retro)transposition, 
either, as they are incomplete elements, likely arising from ectopic recombination, or representing polymorphic 
ancestral copies that are not part of the reference genome.

Generation of biological annotation
Transposable element (TE) sequences impact human health through various mechanisms, including direct 
insertional events11,33 and by facilitating genetic recombination3. Moreover, both Alu and SVA elements 
significantly influence transcription and methylation patterns, with Alu expression specifically linked to cancer10 
and aging processes39. Consequently, investigating TE variations across individuals is crucial for developing a 
comprehensive understanding of the human genome.

The annotation and enrichment analysis can inform users of genes and functions affected by TE insertions. 
Both Alu and SVA elements affect the genome by interfering with RNA and creating differentially methylated 
regions8–10, which could be of interest for cancer diagnosis40.

Using nanopore reads, RetroInspector offers a comprehensive workflow that enables researchers to create 
alignment and variant files, extract transposable element (TE) insertions, assemble inserted sequences, perform 
annotation, and conduct enrichment studies. The tool is also valuable for comparing two samples, such as 
control-proband pairs, or related individuals like twins, by identifying shared and unique TE insertions. The 
pipeline generates a user-friendly report, standard variant files (VCF), and intermediate R files that provide 
researchers with a flexible foundation for further analysis. A key innovative feature is its approach to merging 
variant sets from different callers or samples, which takes inserted sequences into account. This is critically 
important because retrotransposition tends to target specific genomic hotspots41, and insertions at similar 
coordinates across patients may actually represent distinct genetic events. By distinguishing between seemingly 
similar insertions based on their specific sequences, RetroInspector enables more precise characterization of 
population-level TE variations and more accurate allele frequency calculations.

Measurement of performance
Other reproducible tools have been developed to detect TE insertions in other species’ genomes27. With 
RetroInspector, we present an easy to use and well-performing tool that allows for TE insertions and deletions, 
as well as their characterization, on humans. We have tested RetroInspector for both accuracy and time 
consumption. The calling of insertions has a precision in the range of 80–90%. Using higher thresholds for read 
support results in an increase of precision, as so does searching for retrotransposition features, although both 
negatively affect recall.

While all current variant callers perform well for the purpose of TE detection, we have chosen Sniffles2 over 
SVIM. The difference in performance is minimal, as shown in “Results” (Table 1), but Sniffles2 can be run multi-
threaded, while SVIM cannot at the moment, which is relevant for large datasets.

Fig. 3.  GO hierarchy of enriched terms (only significant functions are colored). (A) Enrichment for intragenic 
insertions present in HG00514 and not in NA19240, and (B) enrichment for intragenic insertions present in 
NA19240 and not in HG00514.
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When compared to PALMER, it performed considerably better (difference of F1-score of 20%, ∼10% in 
precision and ∼30% in recall), although it is important to keep in mind that PALMER is designed for complete 
TE insertions, which explains the lower recall, but not necessarily the low precision, which could stem from an 
incomplete truth set. A similar argument could be made for GraffiTE’s results, which obtained a very high recall, 
but low precision.

The consideration of retrotransposition hallmarks improved the precision of the results, with precision 
values above 90% for higher supporting read evidence thresholds, with a negative impact on recall, resulting 
in an overall lower F1-score. This may be explained by several factors, for example, the consensus motif for 
endonuclease cleavage is short and does not seem to be the only factor determining targeted integration42, and 
insertion sites can be dissimilar to the motif43. For polyA tails, its low value as a classifier can be explained by 
two factors. First, the publicly available HGSVC data is a few years old, meaning it was basecalled with an older 
basecaller, and even after reassembly, sequences may be imperfect, particularly for homopolymers16. Second, 
after an insertion event, through subsequent generations, the inserted sequence may be altered.

For time metrics, the most relevant datapoint is that alignment, which is the starting point of most workflows 
and takes the most time. The length of this stage will depend on the number of samples and depth coverage, 
and not on the implementation of RetroInspector. In our tests, RetroInspector took less time than PALMER, 
while generating a more complete analysis. The long PALMER runtimes do not seem to be due to limitations 
in our infrastructure, since other studies also mention that it requires more than 48 hours per sample44, which 
is longer than it required in our case. Regarding only RetroInspector, we compared two runs with differently 
sized datasets, one having eight times the size of the other one. We found that among the multisample steps, the 
ones that could scale badly with the amount of samples, the RepeatMasker step, the longest one only doubled 
in time, probably because we run RepeatMasker after merging insertions across samples, so it does not have to 
analyze duplicates. The merging of samples did have an eight-fold increase in time, which, since it coincides 
with the increase in sample number, points to a linear scale, and the addition of ∼1 min per sample is negligible 
compared to the cost incurred by other parts. The R analysis was shorter with the larger dataset, perhaps due to 
a different number of triggers of garbage collection, connection to online resources, or other processes with a 
similarly unpredictable runtime.

Consideration and interpretation of biological aspects
The analysis of twins invites to several points of discussion. First, it reveals that the pipeline is accurate and the 
differences in identical samples are caused not by tools’ choice or parameters, but by random sampling of reads 
during sequencing, and this differences are minimal (<4%). This is similar for allele dropout, which is a problem 
in genetic diagnosis45. Since nanopore sequencing does not require the preparation of a DNA library, allele 
dropout during library preparation is not a problem, and the cases of uneven sequencing of alleles and regions 
with anomalously low depth coverage seems to be very low (<0.1%). Second, the noise in some regions is probably 
produced by errors in the basecalling due to repetitive sequences, and does not correspond to mutations. Third, 
using allele fractions instead of read support, following Sniffles2’s method, to filter variants, a single call was 
rescued from a low-coverage zone. However, most did not, and the results produced by our pipeline, which 
filters mostly by supporting reads, are still accurate. RetroInspector indirectly takes allele fractions into account, 
which are based on the number of reads that support a variant, since insertions genotyped as homozygous for 
the reference allele on all samples are discarded. Finally, it allows to explore which margin errors for merging 
intra- and inter-sample callsets yield better results, and what errors are currently unavoidable.

Retroinspector has been designed for long read sequencing, particularly nanopore sequencing, and its 
characteristics have been considered at the design of every stage. For example, the variable reads are individually 
analyzed to filter out sequences of greatly differing length that callers report as supporting reads. While some 
variant callers can return consensus sequences, removing sequences dissimilar to the rest of the reads can 
result in a better consensus. Additionally, merging insertions considers the sequence of the insertions, while 
other programs, like SURVIVOR or GraffiTE (which uses SURVIVOR) do not. The reassembled sequences 
and insertion coordinates can also be used to annotate characteristics of retrotransposition, which increases 
precision to values above 90%. We also run an additional TE detection step for SVA F1, which could be expanded 
to other elements if the need arises. Although retrotransposition features did improve performance as measured 
by F1-score, exploring target site duplications could be a future improvement, whose implementation would be 
facilitated by less variance in coordinates which still exists, as shown here by the twin analysis.

After variant detection, RetroInspector conducts additional analyses, such as gene enrichment and calculation 
of allele frequencies within the cohort. Results are presented into standard formats, such as VCF files, and also 
a human-readable report. The VCF files contain enough information so that they can be combined to files from 
other cohorts and AFs can be estimated more accurately.

Some of these steps, however, would make RetroInspector overreliant on a particular reference version, since 
when new versions of the reference genome become available, they get adopted progressively, so gene annotation 
may not be available when the sequence is released. Using newer references can be useful, since they may allow 
for alignment against previously erroneous sequences that contain genes of clinical interest46. To solve this, 
RetroInspector allows a shorter analysis that omits annotation, but keeps the rest, and in exchange allows for 
alternative reference versions. The resulting files are standard formats, meaning that they can be easily used in 
further downstream analysis with implemented support for other references.

RetroInspector seems like a promising tool to uncover the variation on human genomes. If we look at projects 
that study TEs using NGS tools47, we can compare the amount of insertions reported. For example, the Indigen 
project sequenced 1,021 genomes and discovered 9,239 Alu insertions14. Another study, using their software 
with 90 samples, reports 9,342 TE insertions, including 64,383 Alu elements48. On 24 samples, our tool reports, 
for example, 4,724 Alu insertions (of which 3,739 are 280 bp, with the length of a full element, which may have 
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been the target for the other studies). With a small fraction of the samples, the amount of TEs is comparable to 
the other studies. Additionally, Yu et al. report 5 insertions in protein coding sequence; similarly, we have found 
7. This points that nanopore sequencing data, as analyzed by RetroInspector, can uncover a hidden trove of 
genetic variation, and that these variants may be of clinical importance.

In conclusion, RetroInspector is a complete, tested and user-friendly pipeline capable of completely 
examining human TE variation on a sample, from their detection to their biological implications. It has the 
potential to help researchers to better understand a particularly complex aspect of human genetic variation. 
RetroInspector supposes an improvement in the field of TE discovery and analysis with long-read sequencing 
data, since RetroInspector outperformed PALMER and GraffiTE in our experiments. A limitation of our 
comparative evaluation is that we were not able to use xTea, whose performance according to the literature is 
promising. Additionally, it has been tuned to work with nanopore data to maximize precision and recall, and 
has additional functionality such as allele frequency calculation and gene annotation. As a Snakemake pipeline 
with its dependencies defined in conda environments is simple to deploy, and it can be used in even more 
environments with its docker container.

With the biological importance of TEs, which were first thought to be inert or “junk” DNA, becoming more 
apparent, they may become target for GWAS or other massive functional studies that will tie connections between 
variants and effect, which require a systematic and reliable method for TE detection and characterization.

Methods
RetroInspector provides a pipeline for the identification and characterization of TE insertions and deletions 
using long-read sequencing as input data.

It integrates the workflow of a previous TE study20 as its foundation. It has been improved with new features 
and uses different software and libraries (such as Sniffles and spoa) for several steps. It features a more robust 
handling of input and connection between steps, and is now implemented as a Snakemake pipeline49.

Figure 4 shows the steps included in this pipeline, which can be grouped in the following major tasks: 
alignment, variant calling, identification and annotation of TE insertions and deletions, generation of results. 
This pipeline can be applied to the data obtained by applying one sample, but it can be also adapted to perform 
a comparative analysis of pairs of samples. In this case, the pipeline is executed once per input sample, and the 
results are compared. Next, we describe the main tasks of the RetroInspector pipeline.

Alignment
Alignment is the process through which we search the region of the reference genome that provides the best 
match for each basecalled nanopore read, as a way for reconstructing the genome of the sample. In our case, the 
basecalled nanopore reads are aligned against the reference human genome version GRCh38 with minimap250, 
and the alignment is sorted and indexed with samtools51. The version of the human genome was selected by 
its annotation availability, although other versions are compatible with RetroInspector if gene annotation is 
omitted. This step generates the alignment in BAM format.

Variant calling
The variant calling process identifies the difference between the sample’s genome and the reference genome. This 
process takes the alignment obtained in the previous step as input.

The variants are called with cuteSV52 and Sniffles219, generating VCF files. This combination of programs has 
been selected based on existing benchmarks53 as well as testing for recall of insertions (results detailed in the 
Validation section of “Results”). This step generates two VCF files, one per variant caller. Variant calls are first 
filtered by read evidence, which is one of RetroInspector’s parameters. We have run RetroInspector with this 
value set for 3, 7, and 5 for the HGSVC cohort, and with 3 for the other datasets. SVIM54 is also available as a 
variant caller and was evaluated as described in the benchmark section.

We filter these VCF files to edit malformed variant records that would otherwise obstruct subsequent steps, 
mainly variants with negatives or 0 coordinates, which sometimes are reported in decoy chromosomes and other 
scaffolds. RetroInspector analyzes the insertions reported by both callers to propose the final set of variants, 
which involves a double selection: first, selecting insertions that are TE related; second, selecting which insertions 
to keep as positives or to discard as false. RetroInspector provides two criteria for keeping positive results. The 
stringent criterion requires both callers to report an insertion on a sample in order to accept it (intersection of 
insertions) at least one of them surpassing the read evidence threshold set by the user. The lax criterion only 
requires one caller to report it (union of insertions), the read evidence threshold still applying. Both criteria are 
executed and their results are provided to the user.

Identification of TE insertions and deletions
This process takes as input the variants called in the previous step and finds which correspond to insertions and 
deletions, which require different processing. The pipeline branches off for insertions and deletions.

The left branch (Fig. 4) processes insertions. The inserted sequences are reassembled retrieving them from 
supporting reads using pysam55, ensuring that the reads contain an insertion of similar size to the reported 
insertion (Fig. 2), and reassembled using the Python bindings for library spoa22, which is designed to create 
consensus sequences from noisy reads. A difference of 15% in size is allowed to account for nanopore’s error 
rate16.

After that, insertion calls within the same sample are merged into one callset per sample, then they are 
genotyped. Genotyping is performed with a reimplementation of the Sniffles2’s algorithm19 using coverage data 
generated with mosdepth56.
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Fig. 4.  The RetroInspector pipeline, consisting of 5 phases, numbered 1–5 and marked in the same color. (1) 
Reads are aligned using minimap2, and the alignment is sorted and indexed. (2) Variant calling is carried out 
with cuteSV and Sniffles2. Two processing paths diverge from here. (3) The left branch processes insertions. 
For this, inserted sequences are reconstructed. After that, insertion calls within the same sample are merged, 
then they are merged across samples. Next, TE sequences are identified by RepeatMasker, and an additional 
search for SVA F1 elements is performed. (4) The right branch uses SURVIVOR to merge all variants and 
selects deletions that overlap TE sequences in the reference genome. (5) The results of both branches are used 
by the preparatory analysis to select variants related to TE and annotates TE insertions with gene information. 
The following step involves calculating coverage and genotyping TE insertions and deletions. Afterwards, an 
enrichment analysis is conducted on genes affected by TE insertions. (6) Finally, the report is generated. In 
light mode, which allows for alternative reference sequences, only steps 1, 2, 3, selection and VCF from 5 are 
performed.
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Genotyping is also used to filter the results independently of other criteria. For this, variants genotyped as 
0/0 are discarded. This can occur in noisy regions with exceedingly high coverage (hundredths or thousands of 
reads), in which the read number cannot function as a threshold.

The genotyping process was benchmarked with a 11-case cohort from data from HGSV224, which produced 
a curated set of genotyped variants. Only variants in autosomal chromosomes were selected, and to grade 
genotyping separately from variant calling, only variants present in the truth set were selected. To calculate 
performance metrics, genotypes concordant with the truth set were considered as true positives. For example, 
if the genotype from the truth set was 1/1, a genotype of 0/1 would count as one true positive, since it agreed on 
one allele, 1/1 as two true positives, since it agreed on both alleles, and 0/0, as no true positives. The number of 
predicted positives was determined to be the number of analyzed variants multiplied by two, to account for the 
fact that each variant has two alleles. The number of positives was the number of variants present in both sets, 
again multiplied by two.

After genotyping, insertions are merged across samples into one multi-sample callset. For merging insertions, 
we have implemented our own method, similar to SURVIVOR57 in that it considers length and coordinates to 
compare insertions, although it also uses the same fields in the output to generate the same type of data. But, in 
addition, the sequence of the insertion (the only SV type processed in our method) is also compared with the 
Levenshtein distance, equivalent to a local pairwise alignment that allows for gaps and substitutions.

Insertions are determined to be TE insertions by searching the consensus sequence of the called insertions 
in the VCF files with RepeatMasker58 on Dfam2, a database of TE sequences. An insertion is accepted as a TE 
insertion when the RepeatMasker alignment covers 85% of its sequence. Some margin is given to account for 
the fact that insertions may also contain a duplicated insertion site and an extended polyA tail. An additional 
search for SVA F1 elements is performed with BLAST59 by comparing SVAs against the MAST2 fragment that 
SVA F1s contain25.

The right branch (Fig. 4) processes deletions. It uses SURVIVOR57 to merge all variants and selects deletions 
that overlap TE sequences by comparing deletions’ coordinates to TE sequences present in the reference 
genome60 and combining call sets performed with SURVIVOR. For example, if a sample carries a deletion 
spanning chr1:173,910,295–173,910,600, which overlaps the Alu present at chr1:173,910,298–173,910,599, that 
deletion would be selected at this step. The previous acceptance criteria regarding number of supporting reads 
and variant callers are also applied to these deletions.

The results of both branches are used by the R analysis to select TE variants and to annotate TE insertions. 
With the previously annotated genotypes, allele frequencies (AFs) within the studied sample can be calculated. 
The output for this steps consists of serialized data files.

Annotation of TE insertions
Gene annotation is the process through which we assign biological implications to variants. Through gene 
annotation, the insertion of interest are associated with information about whether they overlap any genes, and 
if so, if they affect an exon, intron, or a regulatory region. This task has been carried out in R61, using annotatr62.

Additionally, we perform a gene enrichment analysis of the variants of interest. Gene enrichment analysis 
consists of identifying the most relevant biological implications (e.g., molecular functions, diseases, biological 
processes, etc.) of the group of genes of interest. That enrichment is associated with statistical significance of the 
group of genes for the particular function, diseases, etc. We have implemented the Gene Enrichment analysis in 
R with the packages clusterProfiler63 and DOSE64, with data from Gene Ontology65, Disease Ontology66 and the 
Network of Cancer Genes database67.

Other tools used include data.table68, as a substitute for base R dataframes, qqman69, for Manhattan plots, 
and surpyvor70, as a wrapper for SURVIVOR.

Performance and time benchmarks
The presence of variants in the truth set was checked with SURVIVOR with a distance margin of 100 bp. Other 
SV studies use Truvari, which by defaults allow a distance of 500 bp, which results in better performance. We also 
run an additional comparison with a 500 bp limit, as shown in “Results”.

In addition to RetroInspector, we also executed PALMER and GraffiTE, as detailed in the next section.
For measuring time, Retroinspector was run with the--stats flag. We compared the results of two different 

cohorts: the 3 samples from HGSVC and the 24 patient cohort on 31 threads. PALMER was run with GNU 
parallel, as its documentation recommends, which can also report time consumption. PALMER detects one of 
four TE types at a time, so it has to be run 4 times per sample. The time per sample was calculated by adding 
the longest time for each TE type on that sample. It was run with parallel suing 20 threads. This is lower than 
the number of chromosomes, 24 (1–22, X, and Y), but some chromosomes (particularly 20–22 and Y) are much 
smaller than the rest, and in turn, take less time to analyze, so they free one of the threads sooner than the largest 
ones have finished, thus not affecting negatively speed execution. We did not use 31 threads since assigning more 
threads than chromosomes does not give an increase in speed. GraffiTE was not included because after assigning 
it 32 threads, it used 96, which make the results not comparable.

Generation of output files
The output produced by our pipeline includes alignment and variant files produced by minimap2 and the 
selected variant callers. Additionally, it produces a series of files to facilitate data inspection, visualization and 
sharing with other researchers.

First, the HTML report includes plots for visualizing AFs, counts for TE variants (both insertions and 
deletions), presented as tables, also detailing the different types of elements on active subfamilies. TE insertion 
and deletion counts, gene annotation, and enrichment results. Second, the output includes VCF files with the 
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inserted sequence, family and subfamily of TE, and AF. One of these files is produced for each of the strict and 
lax datasets. They do not include identifying information for any sample, for cases in which this would be a 
concern. All information fields are documented in the header, as the file format requires. Third, if requested, 
comparison reports are produced for each specified pair of samples with the information shown in “Results”. 
Finally, if enabled, the R objects generated for the analysis are serialized in RDS format, so they can be loaded 
onto an R session. The contents of the RDS files are explained in RetroInspector’s documentation.

Analysis of retrotransposition hallmarks
PALMER30 was executed on the same three HGSVC samples that were used for benchmarking the pipeline. The 
results were filtered to keep variants with at least 1 high confidence read and 2 supporting reads (10% of depth 
coverage, which was rounded down), per its documentation. We also tried thresholds of 3, 5, 7, and 10 high 
confidence reads. Its results were converted into VCF files with a script that preserves coordinates and length 
(included in our github repository).

GraffiTE29 was run following the instructions from its documentation. First, a repeat library was converted 
to the necessary format. This required to download a complete Dfam release (version 3.8), and then using 
FamDB toolkit (version 1.0.2, available at https://github.com/Dfam-consortium/FamDB) to extract human 
(and ancestor) repeats. Second, the same reference genome that was used for RetroInspector and PALMER was 
selected. Third, “pangenie” was selected as graph method. Finally, the path to the FASTQ files were provided 
specifying that they are long reads (via the “–longreads” argument) and that they are nanopore reads (by writing 
“ont” after each entry in the CSV file listing them.

The search of the L1 endonuclease’s target and polyA tail was done with the results of the cuteSV-Sniffles2 
combination, since it is the one selected as default based on the other benchmarks. For both characteristics it 
was taken into account that bioinformatic files usually represent one DNA strand, which implies a motif, for 
example, can be retrieved as its reverse complement.

The consensus motif for the L1’s endonuclease nicking target is TTTTT/AA42 (which may be reported as 
its reverse complement, TT/AAAAA). Since this is a consensus sequence, a retrotransposition event can occur 
on similar sequences43, which were also considered. The reference sequence ±20 bp around the insertion was 
retrieved, and a fuzzy text search, analogous to a local alignment that allows for substitutions and insertions, for 
the motif and its reverse complement was done with RapidFuzz71. If it returned more than one result, the closest 
one to the insertion coordinates was selected. Low similarity was allowed at the initial search (a ratio of 60%) 
with the purpose of later testing higher values, as shown in “Results”.

We searched for polyA (or polyT) tails on the reported inserted sequences. To do this, instances of adenine 
or thymine were recovered. Candidates were then merged into a single candidate if the gap between them was 
≤ 2bp until all candidates were separated by at least 3 bp. If several results were present, the closest to the end 
(or the start, to account for the other strand) of the inserted sequence was selected. Finally, the polyA sequence 
had to start within the last (or first) 10% of the sequence, to differentiate a tail from a low complexity repetition.

For both sequence studies, the significance of differences between true and false positives was checked with 
a χ-squared test. ROC curves were generated with the R library pROC72.

The RetroInspector Snakemake workflow
To execute RetroInspector, the users need to provide one FASTQ file per sample (and the path to the directory 
containing these files), the path to the file with the reference genome, and the output path. Sample names and 
correspondent files can be written manually or inferred from the FASTQ files. This means that it is possible to 
perform the whole workflow by specifying just the 3 previous paths. Additionally, the users can set a threshold 
for the number of supporting reads to filter variants, which pairs of samples to compare, distance margins for 
merging variants, p-value threshold for enrichment, and the number of threads to utilize. Parameters can be 
specified at the command line or in a configuration file, following Snakemake best practices. The reference used 
by default is hg38, which was selected due to the annotation availability. Nonetheless, users may choose to use a 
different reference, such as T2T46, and launch the pipeline in “light” mode, which omits gene annotation steps 
(Fig. 4) that are dependent on the reference version.

It should be noted that the compatibility between the outputs and inputs of consecutive steps has been 
ensured for all problems detected during development, such as malformed variant records not passing bcftools’51 
assertions.

The Dockerfile for the container version of the pipeline was generated by running snakemake 
--containerize> dockerfile.

PCR validation
PCR primers were designed to only allow for amplification if the insertion was present. We used the sequences 
reported by nanopore, one primer aligning against the insertion and the other one against the upstream flanking 
region, which means the amplified sequences, while indicative of the insertion’s presence, do not match its full 
sequence or length. Primers were designed with Python bindings for Primer373. PCRs were done in potential 
carriers of the inserted TE from our cohort, and in healthy controls from the Spanish general population. An 
additional blank control was also used in all PCR reactions. Information on the primers is listed in Table S6.
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Data availability
The data that support the findings of this study are available from NIHR BioResource but restrictions apply 
to the availability of these data, which were used under license for the current study, and so are not publicly 
available (study code DAA067). Requests should be addressed to Javier Corral (javier.corral@carm.es). Public 
data from other studies has also been used and is cited in Table 6. Data was downloaded from several repos-
itories (Table 6). For HGSV data31, single FASTQ files were available. For HGSV224, files with the following 
accession numbers were downloaded from SRA74: ERX12326582, ERX12326588, ERX12326570, ERX12862034, 
ERX12862031, ERX12862032, ERX12974695, ERX12326615, ERX12482129, ERX12482121, ERX12482122, 
ERX12974590, ERX12974494, ERX12482214, ERX12482212, ERX12482215, SRX20457620, ERX12974694, 
ERX12974699, ERX12974609, ERX12862162, ERX12862163, ERX12862164, ERX12326591, ERX12974551, 
ERX12862188, ERX12862189, HG03683. RetroInspector is available under the MIT license at ​h​t​t​p​s​:​/​/​g​i​t​h​u​b​.​c​o​
m​/​j​a​v​i​e​r​c​g​u​a​r​d​/​r​e​t​r​o​i​n​s​p​e​c​t​o​r​​​​​.​​
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HGSV nanopore data Chaisson et al.31 ​f​t​p​:​/​/​f​t​p​.​1​0​0​0​g​e​n​o​m​e​s​.​e​b​i​.​a​c​.​u​k​/​v​o​l​1​/​f​t​p​/​d​a​t​a​_​c​o​l​l​e​c​t​i​o​n​s​/​h​g​s​v​_​s​v​_​d​i​s​c​o​v​e​r​y​/​w​o​r​k​i​
n​g​/​2​0​1​8​1​2​1​0​_​O​N​T​_​r​e​b​a​s​e​c​a​l​l​e​d​/

HGSV2 genotyped variants Ebert et al.24 ​h​t​t​p​:​/​​/​f​t​p​.​1​​0​0​0​g​e​n​​o​m​e​s​.​e​​b​i​.​a​c​​.​u​k​/​v​o​​l​1​/​f​t​p​​/​d​a​t​a​_​​c​o​l​l​e​​c​t​i​o​n​s​​/​H​G​S​V​C​​2​/​r​e​l​e​​a​s​e​/​v​2​.​0​/​i​
n​t​e​g​r​a​t​e​d​_​c​a​l​l​s​e​t​/

HGSV2/3 nanopore data None listed See accesion numbers in text

Indigen Alu dataset Prakrithi et al.35 ​h​t​t​p​s​:​​/​/​c​l​i​n​​g​e​n​.​i​g​​i​b​.​r​e​s​​.​i​n​/​i​​n​d​i​g​e​n​​/​d​o​w​n​l​​o​a​d​/​I​n​​d​i​g​e​n​​_​A​l​u​_​f​​i​n​a​l​_​g​​e​n​o​1​0​_​​a​l​l​_​2​2​K​.​v​c​f

NCG D’Antonio et al.67 http://ncg.kcl.ac.uk/

RepeatMasker output for the human genome USCS60 ​h​t​t​p​:​/​​/​h​g​d​o​w​​n​l​o​a​d​.​​s​o​e​.​u​c​​s​c​.​e​d​​u​/​g​o​l​d​​e​n​P​a​t​h​​/​h​g​3​8​/​​b​i​g​Z​i​p​s​/​h​g​3​8​.​f​a​.​o​u​t​.​g​z

Software

annotatr Cavalcante and Sartor62 https://doi.org/10.18129/B9.bioc.annotatr

BCFtools, bgzip, tabix, and SAMtools Danecek et al.51 https://samtools.github.io/bcftools/bcftools.html

clusterProfiler Yu et al.63 https://doi.org/10.18129/B9.bioc.clusterProfiler

cuteSV Jiang et al.52 https://github.com/tjiangHIT/cuteSV

data.table Dowle and Srinivasan68 ​h​t​t​p​s​:​​/​/​c​r​a​n​​.​r​-​p​r​o​​j​e​c​t​.​o​​r​g​/​w​e​​b​/​p​a​c​k​​a​g​e​s​/​d​​a​t​a​.​t​a​​b​l​e​/​i​n​d​e​x​.​h​t​m​l

DOSE Yu et al.64 https://doi.org/10.18129/B9.bioc.DOSE

minimap2 Li50 https://github.com/lh3/minimap2

mosdepth Pedersen and Quinlan56 https://github.com/brentp/mosdepth

pysam Pysam developers55 https://github.com/pysam-developers/pysam

qqman Turner69 ​h​t​t​p​s​:​​​/​​/​c​r​a​​n​.​​r​-​p​r​o​j​e​​c​t​​.​o​​r​g​/​​​w​e​b​/​p​a​​c​k​a​​g​e​​s​/​q​​q​m​​a​n​/​i​​n​d​e​x​.​h​t​m​l

R R core team61 https://www.r-project.org/

RepeatMasker Smit et al.58 https://www.repeatmasker.org/

Snakemake Mölder et al.49 https://snakemake.github.io/

Sniffles2 Smolka et al.19 https://github.com/fritzsedlazeck/Sniffles

spoa Vaser et al.22 https://github.com/rvaser/spoa

surpyvor De Coster et al.70 https://github.com/wdecoster/surpyvor

SURVIVOR Jeffares et al.57 https://github.com/fritzsedlazeck/SURVIVOR

SVIM Heller and Vingron54 https://github.com/eldariont/svim

Table 6.  Data and tools used in this work.
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