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Abstract

Transposable element (TE) annotation is crucial for understanding genetics, genomics and
evolution, yet current methods struggle to identify TEs in graph-based pangenomes. We
developed a framework PanTE to construct accurate and representative TE libraries for
both single genomes and graph pangenomes. PanTE is the first of its kind capable of being
directly applied to graph-based pangenomes to build population-level TE libraries. By
partially reimplementing RepeatModeler2 and integrating key innovations, including
graph pangenome disassembly, alignment-free LTR structure detection, a machine
learning-based classifier and efficiency-boosting strategies, PanTE outperformed
RepeatModeler2 by efficiently handling large genomes, detecting high-abundance TEs and
LTR-retrotransposons, and providing robust TE classification with superior computational
efficiency. Compared to EDTA, it annotated ~ 26% more TEs in the grapevine genome
and achieved up to 13 times faster runtimes in the wheat genome. PanTE represents a
significant advancement in population-wide TE discovery, making it particularly valuable

for pangenomic studies.

Keywords: Transposable element discovery, Graph-based pangenomes, Population-level

TE libraries
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Background

Transposable Elements (TEs) represent a substantial source of genetic variation and are
key drivers of evolutionary processes due to their capacity to jump within the genome [1].
TEs can lead to gene inactivation or the generation of novel genes through disruption of
coding regions [2], while also contributing to the regulation of gene expression and the
maintenance of genome stability by modulating the three-dimensional organization of the
genome [3]. Historically, the detection of TEs has been challenging because of their
repetitive nature and substantial length. In the era of short-read sequencing, the
technologies were limited in resolving the full extent of repetitive sequences, thus impeded
the accurate assembly of TEs within the genome. Subsequently, the advent of long-read
sequencing and the Telomere-to-Telomere (T2T) assembly approach have largely
improved genome quality [4-6]. As a result, the primary challenge in TE research has now

shifted towards the computational identification and annotation of these elements.

The genome-wide annotation of TEs involves their identification, classification and
mapping across the entire genome to elucidate their locations and functions. The first two
steps, collectively referred to as TE discovery, are implemented as: 1) detecting and
constructing TE consensus sequences, and 2) classifying these sequences into distinct TE
families. A widely used method, RepeatModeler2, relies heavily on k-mer and alignment-
based methods, which are computationally intensive [7]. Additionally, the sampling size
of RepeatModeler?2 is restricted to 40 Kbp per time, with a maximum genome coverage of
363 Mbp through multiple samplings and repeated iterations [7]. This sampling constraint

hinders the identification of long TE sequences, and the overall coverage is insufficient for
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comprehensive TE scanning in large genomes, such as those of wheat and maize. Another
prominent approach, Extensive de-novo TE Annotator (EDTA), generates a non-redundant
TE library by filtering TEs identified through various programs that primarily rely on
detecting contextual structures [8]. Consequently, its capacity to capture novel TEs with
previously uncharacterized structures is inherently limited. While EDTA incorporates
RepeatModeler?2 to target TEs based on their repetitive nature, this step is applied only to
unmasked regions after structure-based TE detection. If novel TEs are partially
misclassified as known structures during earlier steps, the corresponding regions are
masked, preventing RepeatModeler2 from processing them and reducing the likelihood of
their identification. Thus, the effectiveness of EDTA in detecting novel TEs depends

heavily on the accuracy of its initial structure-based detection steps.

In addition, due to rapid evolutionary dynamics, TEs exhibit substantial variability in
sequences and structures across species [9] and even among different cultivars [10,11].
Consequently, TE discovery based on a single genome is inherently biased, underscoring
the necessity of constructing population-level TE libraries. However, it is posing
considerable challenges for population-level TE discovery, as there remains a notable lack
of tools capable of detecting TEs in a graph-based pangenome, which integrates all genetic
variations from individuals within a population [12—14]. A pragmatic approach involves
filtering and combining individually constructed TE libraries into a pan-library, as
exemplified by the panEDTA tool [15]. Nevertheless, this method may overlook or filter
out low-frequency TEs, leading to false negatives. This omission can adversely impact

subsequent genome annotation at both individual and population levels.
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Results

To bridge this gap, we propose PanTE, a comprehensive framework specifically designed
for the identification and classification of TEs by leveraging their intrinsic structural
characteristics and repetitive nature. This framework enables the generation of population-
level TE libraries, applicable to both individual genomes and graph-based pangenomes

generated from the Minigraph-cactus [16] and PGGB [17] frameworks.

For single genomes (FASTA files), our framework performs a standard pre-processing step
including data cleaning, sequence renaming and indexing. In contrast, for pangenomes
(GFA files), the pre-processing step involves core segment selection and extension, which
are deliberately designed to disassemble graph-based pangenomes while preserving
sequence diversity and avoiding redundancy (Fig. 1a, 2h). The resulting sequences are then
processed through two principal algorithms for TE detection: 1/ traditional detection based
on k-mer and alignment using RepeatScout [18] and RECON [19], reimplemented from
the RepeatModeler2 architecture, and 2/ signature-based detection using Look4LTRs [20].
Traditional algorithms detect TEs by leveraging their repetitive nature. We adopted the
algorithm of RepeatScout to identify the youngest and most abundant TE families using k-
mer and multiple alignments, while we adapted RECON to detect older TE families via
cross-alignment. To complement these traditional approaches, PanTE also integrates the
algorithm of Look4LTRs, which is specifically designed to detect Long Terminal Repeat
(LTR) structures, an essential component of LTR-retrotransposons, which are the most
abundant type of TEs in plant genomes, comprising up to 74.19% in species such as maize

[6,21]. Look4LTRs depends on k-mer matching and a graph-based algorithm, making it
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nearly alignment free and computationally efficient. The combination of these two types
of detection algorithms in our framework targets the general structural and repetitive
properties of TEs simultaneously, allowing for the identification of novel TEs without

known specific structural signatures.

To generate high-quality TE libraries with high accuracy, complete genome coverage, and
efficient process, we implemented a masking and iteration strategy. For each iteration of
the RECON unit (see Methods section “TE detection”), the TE sequences identified by
RepeatScout and Look4LTRs algorithms are pre-masked in the genome samples which
serve as the input for RECON unit. Newly detected TEs in each iteration are similarly
masked before subsequent iterations. Compared to RepeatModeler2, PanTE is featured
with superior capability, with a maximum genome coverage of up to 5.6 Gbp per iteration
and a sampling size of up to 200 Kbp per time. Through iterative processing, PanTE can
efficiently handle large genomes exceeding 10 Gbp in size. In addition, we introduced a
refinement approach in PanTE to filter out satellite DNAs and reduce false discoveries.
This approach also constructs TE consensus sequences, which summarize the most
common characteristics of the corresponding TE classes but do not exist as physical entities
in nature. These computationally constructed sequences from different detection units are
further filtered and aggregated to enhance representative capacity, reduce redundancy, and

ensure greater accuracy in downstream classification (see Methods section “TE detection”).

To classify consensus sequences into TE families, PanTE integrates two types of

algorithms: 1/ homology-based and 2/ machine learning-based. While homology-based



131

132

133

134

135

136

137

138

algorithms provide high accuracy in classification, they are constrained by the limited
number of TE entries available in the reference databases. This limitation is further
exacerbated by the fact that most reference databases are protein-based and therefore
incapable of classifying TEs that lack coding regions. Machine learning algorithms
therefore complement this by identifying a substantial number of TE sequences that remain
unclassified by homology-based methods. The integration of these two types of algorithms
maximizes both the scope and accuracy of classification, ensuring a comprehensive and

reliable categorization of TE sequences.
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Fig. 1|Overview of PanTE and benchmarking against other methods on simulations. a, PanTE
framework. The steps highlighted in brown are newly designed in this framework. b-c, Evaluation
metrics for TE detection by RepeatModeler2 and PanTE on single TE libraries and pan-libraries
integrated from individual libraires within each population. Each color represents a different
method, and each shape represents a different level of within-population diversity. d, Evaluation
metrics for TE classification globally. Different colors represent precision, recall and F1-score. e-
g, Precision, Recall and Fl-score for TE classification by ClassifyTE, Deep-TE, PanTE,
RepeatModeler2 (RepeatClassifier), and TERL across 15 ground-truth families. Different colors

represent different classification methods, and each node represents a TE family.

We benchmarked PanTE against RepeatModeler2 using simulated data and against both
EDTA and RepeatModeler2 using real genomes with curated TE libraries from various
species (see Methods). For TE classification, PanTE was evaluated alongside
RepeatModeler2 [7] (RepeatClassifier), ClassifyTE [22], Deep-TE [23] and TERL [24],

though this comparison was conducted exclusively on simulated data.

To evaluate TE detectability across methods, we simulated genomes embedded with
known TE sequences from RepBase [25] (see Methods section “Simulations for TE
detection). EDTA relies on contextual structures of TEs, such as Target Site Duplications
(TSDs) [26], which are challenging to simulate, and was therefore not included in our
comparisons. When benchmarking PanTE to RepeatModeler2, for both single TE libraries
derived from individual genomes and pan-libraries generated through population-level

aggregation, PanTE outperformed RepeatModeler2 in recall and F1 score while
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maintaining comparable precision (Fig. 1b and ¢, Supplementary Table 1). In single
libraries, when TE content was as low as 30% and within-population diversity exceeded
1200/1600, indicating the presence of very low-frequency TEs, the recall of PanTE
decreased dramatically. However, even in these challenging scenarios, PanTE still
achieved substantially higher recall than RepeatModeler2. For RepeatModeler2, we
observed high recall when TE content was substantial (in single libraries) and within-
population diversity was low (in pan-libraries), suggesting its limitation in detecting low-
frequency TEs. While PanTE shares some of these limitations, it demonstrates a greater

capacity for detecting low-frequency TEs compared to RepeatModeler2.

When comparing TE classification performance across methods, PanTE thoroughly
outperformed the others, achieving the highest overall Recall, F1 score, and a competitive
Precision against RepeatModeler2 (RepeatClassifier; Fig. 1d, Supplementary Table 2).
While Deep-TE demonstrated superior performance in certain TE families, such as
Helitron and CACTA, its performance was suboptimal in other families. For
comprehensive performance across all 15 TE families, as displayed by the areas in radar
plots (Fig. le-g, Supplementary Table 3), PanTE surpassed the other methods with higher
recall and F1 scores. RepeatModeler2, which classified a considerable number of
sequences as “unknown” or into families outside the 15 ground-truth families, achieved

slightly higher precision than PanTE but at the cost of lower recall.

10
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Fig. 2|Benchmarking PanTE with EDTA and RepeatModeler2 on real genomes. a, Recall for
genome annotation using TEs identified through EDTA, RepeatModeler2 and PanTE. Each color
represents a different method. b, TE libraries for various species generated by different methods.
The bars represent the number of TE sequences identified, with the light-colored portion indicating
the number of low-frequency TE sequences (<10 repeats in the genome). The points indicate the
average TE length in each TE library. c-e, Annotation percentage of various TE families in the
maize genome (GCA_022117705.1) using TEs identified through different methods. f, Runtime of
each method across different genomes. The bars represent the genome size of each species, while
the points, displayed in different colors, indicate the runtime for TE library construction by different
methods. g, Annotation percentage of the grapevine genome (GCF_030704535.1) by integrating
multiple individual TE libraries. h, Graph-based pangenomes disassembly, which involves: 1) core
segment selection, 2) core segment extension, and 3) generation of multiple sequences. i, Recall
for rice genome (GCF _034140825.1) annotation using pan-libraries of TEs constructed by
panEDTA and PanTE. Each color represents a different mapping parameter: -div 20 or -div 40. The
points indicate the runtime for TE library construction. All runtime values were calculated on an

Intel 6230R processor with 384 GB RAM and 12 threads.

Given the limitation of our simulations in assessing the efficiency of EDTA, we compared
PanTE with EDTA and RepeatModeler2 using real genomes with curated TE reference
libraries from various species, including Vitis vinifera (grapevine), Zea mays (maize),
Oryza sativa (rice), Arabidopsis thaliana (Arabidopsis), and Homo sapiens
(human). Additionally, to compare the runtime for TE library construction, an additional

species, Triticum aestivum (wheat) was included.
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For different species, we first generated individual TE libraries and compared them to their
corresponding curated reference libraries (Supplementary Table 4). The performance of
each method was evaluated based on recall rather than precision, as the curated libraries
may not fully encompass all true TEs. We found that the individual libraries generated by
PanTE exhibited lower recall in rice, Arabidopsis and maize compared to EDTA, but
outperformed EDTA in human and grapevine, while consistently surpassing
RepeatModeler2 in all species except for human (Supplementary Table 4). To further
assess the quality of these generated libraries, we mapped these identified TEs to their
corresponding genomes and compared the actual proportion of the genomes correctly
annotated by the different libraries using recall as the evaluation metric (Fig. 2a,
Supplementary Table 5). PanTE either outperformed or was competitive with the other
methods across all species, with the exception of rice, where EDTA achieved the best
performance. Therefore, EDTA demonstrated superior performance in library comparison
compared to genome annotation. This discrepancy may arise from EDTA's focus on
detecting TEs through contextual structures rather than their frequencies, potentially
leading to the omission of certain high-frequency TEs. Additionally, we compared genome
annotation by each TE family across methods (Supplementary Table 6). For LTR-
retrotransposons, PanTE effectively targeted the LTR structures and leveraged the
repetitive nature of TEs, achieving a higher or competitive recall compared to the other
methods, particularly for families such as Gypsy and Copia (Supplementary Table 6).
PanTE also excelled in identifying relatively high-abundance TE families without LTR
structures, such as LINE-1 in most species. However, in Arabidopsis, where LINE-1

elements are highly truncated and less active due to adaptation to a compact genome [27],
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PanTE did not achieve a strong performance. Notably, for MuDR, a TE family
characterized by known TSDs [28], PanTE obtained superior recall compared to EDTA in
the grapevine genome, relying on its high frequency rather than contextual structures

(Supplementary Table 6).

In other aspects, the individual TE libraries generated by EDTA contained the highest
proportion of low-frequency TEs (<10 repeats in the genome), whereas RepeatModeler2
detected very few (Fig. 2b, Supplementary Table 7). EDTA tended to identify more TE
families with longer sequences compared to the other two methods, likely sacrificing
precision in favor of higher recall in both library comparison and genome annotation. In
contrast, RepeatModeler2 detected fewer and shorter TE sequences (Fig. 2b), and
annotated a larger proportion of the exemplar maize genome (GCA _022117705.1) as
“No_Repetitive” (not TEs, Fig. 2¢), likely prioritizing precision over recall. This inference
is further supported by our simulation results, where the performance of RepeatModeler2
is much better in precision rather than recall (Fig. 1b,c). Our PanTE achieved a balance
between these extremes (Fig. 2e). Despite EDTA generating a larger library, indicating it
detected a wider variety of TEs than the other two methods, the proportion of the exemplar
genome it annotated was not higher than that annotated by PanTE (Fig. 2d,e). In the
grapevine genome, PanTE annotated ~ 26% more TEs compared to EDTA (Supplementary
Fig. 1). This indicates that the representativeness of TE consensus sequences identified by
EDTA may be lower than that of PanTE. As shown in Fig. 2d (also see Supplementary
Table 6), EDTA excelled at detecting TEs with specific contextual structures but without

high abundances, such as Helitron elements, which rely on these structures to support their
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rolling-circle mechanism for replication [29]. However, the efficiency of EDTA may be
compromised if the structures are disrupted or nested, as can occur through evolutionary

Processes.

In addition, we calculated the overlap of identified TEs between each pair of methods
(Supplementary Table 8). PanTE displayed greater overlap with either EDTA and
RepeatModeler2 than the overlap between EDTA and RepeatModeler2 themselves,
indicating broader coverage across both methods. Regarding runtime (Fig. 2f,
Supplementary Table 9), we found that the performance of RepeatModeler2 might be
largely influenced by genetic complexity with respect to gene density and TE activity,
rather than genome size. For instance, RepeatModeler2 processed large genomes such as
the human genome, relatively quickly, but was slower with smaller yet more complex
genomes, such as rice and maize. In contrast, the runtimes of PanTE and EDTA were
strongly influenced by genome size. Notably, PanTE demonstrated dramatically faster
processing speeds than EDTA across species with varying genome sizes, particularly for
large genomes such as wheat, where its speed was up to 13 times faster than EDTA
(Supplementary Table 9). The efficient performance of PanTE is attributed to its practical
sampling strategy using masking and iteration, allowing it to process large genomes within

a more moderate timeframe.

For grapevine genomes [5,30-32], we also constructed individual TE libraries for each of
the eight varieties using different methods and progressively aggregated them into pan-

libraries. These pan-libraries were then used for genome annotation. We observed that the
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proportion of the genome (GCF _030704535.1 [5]) annotated as TEs increased as more
individual TE libraries were incorporated (Fig. 2g, Supplementary Table 10). This finding
highlights the importance of establishing a pan-library of TEs for a population.
Furthermore, PanTE consistently outperformed the other two methods when the same
number of individual libraries were considered, proving the superior efficacy of PanTE in

constructing comprehensive TE libraries.

Unlike EDTA and RepeatModeler2, our framework PanTE can be directly applied to
graph-based pangenomes (Fig. 2h). Among the methods compared, only EDTA includes
an extended tool (panEDTA) for combining individual TE libraries from single genomes
into a pan-library. Therefore, we compared PanTE with panEDTA in terms of runtime for
TE library construction and recall for genome annotation using the TE library generated
from a rice graph-based pangenome. The graph genome was constructed using seven
individual rice genomes through the PGGB framework. PanTE directly utilized the
pangenome as input, while panEDTA used the seven individual genomes (Supplementary
Table 11). In terms of runtime, PanTE was over seven times faster than panEDTA, largely
widening the performance gap observed in single genome analysis, where PanTE was less
than twice as fast (Fig. 2i, Supplementary Table 9). This efficiency difference is expected
to increase as more individual genomes are incorporated. Regarding recall in rice genome
annotation (GCF_034140825.1), PanTE demonstrated substantial improvement. For the
TE library built based on the single genome, PanTE achieved a recall of 95% using the
lenient mapping setting on the genome (RepeatMasker: -div 40), slightly lower than EDTA

which was 97% (Fig. 2a). However, with the pan-library, PanTE performed better than
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when using its single genome TE library, even with the more stringent setting (-div 20),
and outperformed panEDTA (Fig. 2i, Supplementary Table 12). Notably, the pan-library
generated by panEDTA contained fewer sequences than the TE library from a single
genome, decreasing from 10,596 to 3,648 due to its stringent filtering threshold. In contrast,
PanTE detected a higher number of TEs, increasing from 4655 to 13375. This suggests that
panEDTA may fail to capture some low-frequency TEs, particularly those present in only
a few individuals. These findings also emphasize the necessity of direct TE detection on

graph-based pangenomes.

Conclusions

In summary, these results demonstrate that PanTE, which identifies TEs based on their
general structural characteristics and repetitive nature, is highly effective at detecting a
wide variety of TEs without being constrained by specific TE structures. PanTE
proficiently handles large genomes and graph pangenomes with superior performance,
offering significant computational efficiency. Its ability to reliably detect high-abundance
TEs and LTR-retrotransposons surpasses that of currently available methods. For TEs with
specific contextual structures but without high abundances, EDTA retains an advantage,
but at the cost of computational resources. However, this insufficiency of PanTE can be
mitigated by using pangenomes, which have the potential to increase the TE frequency.
Importantly, the application of PanTE to graph pangenomes enables comprehensive TE
detection across entire populations, ensuring broader coverage of genetic diversity and the
identification of population-specific TEs, making it particularly valuable for studying

genetics, genomics and evolution of TEs.
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Methods

Framework of PanTE

PanTE is a robust computational framework designed for the discovery of TEs in both
single genomes and graph-based pangenomes. The framework is divided into three main

steps: pre-processing, TE detection and TE classification.

Pre-processing

PanTE accepts input files in either FASTA or GFA format, where FASTA files correspond
to single genomes and GFA files represent pangenomes. In the case of FASTA format, all
non-standard nucleotide bases, i.e., those other than A, T, C, G are replaced with “N” to
ensure uniformity across the dataset (data cleaning). Next, sequence identifiers (IDs) are
standardized to maintain consistency (sequence renaming). Finally, sequences are indexed
by matching sequence IDs with their corresponding chromosome lengths (sequence
indexing), a crucial step that facilitates downstream analyses. For pangenomes, PanTE
processes GFA format files generated by software such as PGGB, Minigraph-Cactus and
Minigraph. In this case, the pre-processing involves the random selection of core genome
fragments ranging in length from 50 bp to 40,000 bp. These core segments are subsequently
extended symmetrically on both sides until the terminal ends of the sequences are reached.
Only the extended segments with a total length exceeding 40,000 bp, and with less than
40% overlap in length compared to previous retained sequences, are preserved and indexed

for further analysis.
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TE detection

The second step of the PanTE framework involves the adaption of three widely used

algorithms for the detection of TEs — Look4LTRs, RepeatScout and RECON. Each

algorithm targets different aspects of TE structure and sequence similarity, enhancing the

overall detection accuracy.

Look4LTRs is specifically designed to detect LTR structures, a characteristic feature of
LTR-retrotransposons. This algorithm is graph-based and leverages machine learning
techniques to efficiently identify LTR structures genome-wide. By focusing on structural
detection rather than sequence alignment, Look4LTRs significantly improves
computational speed compared to previous LTR detection methods. It is particularly
effective in detecting recently generated or structurally intact TEs, including nested
elements. Look4LTRs is capable of processing whole genomes at large scales and reports

LTR positions with a confidence level greater than 0.95.

RepeatScout identifies repetitive sequences by detecting high-frequency k-mers, which are
considered as dispersed repetitive seeds representing short regions of homology. The
algorithm performs multiple alignments and iterative extension around the aligned seeds
to build complete repetitive sequences. For the detection process, RepeatScout requires an
input of genome fragments approx. 400 Mbp in length, which are randomly sampled from
genomes typically larger than 400 Mbp. The output consists of representative sequences of

potential TEs.
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After the initial detection by Look4LTRs and RepeatScout, the candidate sequences are
subjected to filtering using Tandem Repeat Finder (TRF) [33] to remove tandem repeats.
To further refine the results and reduce false positives, the candidate sequences are aligned
back to the reference genome using RMblast, allowing for the identification of all possible
TE sequences. These sequences are then clustered using Ninja [34]. For each cluster, a
consensus sequence is constructed using multiple sequence alignment through MAFFT

[35].

RECON is a more sophisticated algorithm that employs cross-alignment of input sequences
to generate TE representative sequences based on sequence similarity. This algorithm is
particularly sensitive to the detection of older TE sequences, but it is computationally
intensive. To address the computational burden, especially for large genomes, the TE
detection process with RECON unit is divided into iterations. For genomes smaller than
500 Mbp, detection is performed in a single iteration with multiple samplings to achieve
full coverage, typically 40 Kbp at length for each sampling. For genomes larger than 500
Mbp, detection is performed in multiple iterations, with progressively increasing genome
coverage for each iteration. For example, in genomes exceeding 10 Gbp in size, five
iterations are performed with expected genome coverages of 240 Mbp, 480 Mbp, 720 Mbp,
1400 Mbp and 5600 Mbp, respectively. In each iteration, the genome is sampled randomly
with fragments of 200 Kbp in length until the required coverage is reached. To further
improve computational efficiency, genome samples (e.g., 240 Mbp for a 10 Gbp genome)

are pre-masked using RepeatMasker [36] based on the candidate TE consensus sequences
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generated from Look4LTRs and RepeatScout units. After each iteration, the detected TE
sequences are refined, as described for the previous units, to generate consensus sequences.

These new consensus sequences are then masked prior to subsequent iterations.

Finally, the candidate TE consensus sequences obtained from all detection units are merged
using the 80-80 rule [37], which considers two sequences as members of the same family
if they share at least 80% sequence identity over 80% of their length. Sequences meeting

this criteria are considered redundant and are merged using cd-hit-est [38].

TE classification

In the final step, the detected TE consensus sequences, constituting a comprehensive TE
library, are classified into families using two complementary algorithms: RepeatClassifier
and ClassifyTE. RepeatClassifier, a homology-based algorithm, compares the TE
consensus sequences against established databases such as the Repeat Protein Database,
Dfam and RepBase. To minimize false positives, RepeatClassier includes a quality control
step that filters out sequences failing to meet a specified alignment score (e.g., match score >
250), labeling these sequences as “Unknown”. For sequences that do not match any entries
in the reference databases, ClassifyTE, a deep-learning algorithm, is employed to classify
unknown TEs into existing classes using a stacking-based machine learning algorithm [22].
This unit ensures that all detected TEs are classified into their respective families to the

greatest extent possible, thereby minimizing the occurrence of "Unknown" labels.
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Simulation strategies
Simulations for TE detection

To simulate single genomes for TE detection, we generated a total of 150 genomes equally
distributed across five populations, each representing different levels of TE diversity.
Within each population, individuals were simulated across six levels of gradient-increasing
TE content, with five replicates for each level. Specifically, we began by constructing five
ancestral TE repositories for the five populations, achieved by randomly sampling 1600,
1800, 2000, and 2200 TE sequences from the RepBase database. Subsequently, five
distinct TE libraries were established by randomly sampling 1200 sequences from each
ancestral repository without replacement, thereby simulating varying degrees of within-

population diversity of TEs.

To simulate TE-free genomes and insert TE sequences into these genomes, we developed
a workflow termed simuTE, which consists of two components: simu-fa and simu-ins. The
simu-fa component is designed to simulate TE-free genomes and is executed using the
command -L 150 Mbp (to specify genome length) and -S 3 (to specify the nucleotide
expectation ratio). This ratio indicates the relative probability of different nucleotides
versus the same nucleotide occurring at successive positions in the sequence, with higher
ratios reducing the likelihood of consecutive identical nucleotides. For example, in this
study, the nucleotide expectation ratio was 3, meaning the probability of each of the four
nucleotides (A, T, C, G) occurring at the initial position was set to 0.25. For subsequent
positions, the probability of the same nucleotide as the previous position was adjusted to

0.1, while the probability for alternative nucleotides was set to 0.3.
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The second component, simu-ins, is designed to randomly insert predefined TE sequences
into a given genome. In this study, to simulate genomes with varying TE contents, the
previously generated TE libraries were duplicated 20, 30, 40, 50, 60 and 70 times to achieve
TE content in the genome ranging from 30% to 80%, corresponding to the TE content
levels observed in natural genomes. This process was executed using the command -i lib.fa
(to specify the TE library), -g genome.fa (to specify the input genome), and -x 20 (to

specify the number of duplications for the TE library).

Since the TE sequences were inserted randomly into the simulated genomes, the resulting
TE locations were unpredictable, leading to considerable genomic heterogeneity. As a
result, constructing a coherent pangenome from these simulations proved impractical,

limiting the scope of simulations for pangenome analysis.

Simulations for TE classification

Regarding the simulations for TE classification, we randomly selected 100 sequences from
each of 15 prevalent TE families, including hAT, Gypsy, Copia, CACTA, Bel, TC1, SINE,
RTE, R2, R1, Piggybac, MuDR, LINE-2, LINE-1, and Helitron, from the RepBase
database. These sequences were used to test and validate the ability of PanTE to classify

TEs.

Real Genomes

23



457

458

459

460

461

462

463

464

465

466

467

468

469

470

471

472

473

474

475

476

477

478

479

The real reference genomes analyzed in this study include the most recent releases of
complete genome assemblies for Arabidopsis thaliana (Arabidopsis, GCF_000001735.4),
Homo sapiens (human, GCF_009914755.1), Oryza sativa (rice, GCF_034140825.1), Zea
mays (maize, GCA 022117705.1), Vitis vinifera (grapevine, GCF_030704535.1) and
Triticum aestivum (wheat, GCA_ 910594105.1). Among these species, the manually
curated TE reference library for the rice single genome was sourced from the work of Ou
et al [8]. For Arabidopsis, human, maize, and grapevine, we constructed the corresponding
curated TE libraries using the available TE representative sequences from Repbase, which
is widely recognized as a reference standard for TE annotation [25]. The TE annotated
genomes were then achieved using RepeatMasker by applying the command:
RepeatMasker -lib lib.fa (to specify the input TE library) -e rmblast -lcambig -dir ones -pa
3 -s -gff -dvi 40 genome.fa (to specify the genome to be annotated). The parameters used
in the command line were optimized based on recommendations provided in the

RepeatMasker documentation (https://www.repeatmasker.org/webrepeatmaskerhelp.html).

In addition to the reference genomes, we included seven additional genome assemblies of
grapevine variates, and six additional genome assemblies of rice variates, which were
downloaded from the respective databases (see Supplementary Table 11). The seven rice
genomes, including the previously used reference genome, were further assembled into a
graph-based pangenome using PGGB wunder default parameters, providing a

comprehensive dataset for pangenome analysis.

Benchmarking and Assessment
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Simulations for TE detection

PanTE was benchmarked against RepeatModeler2 for TE detection. To evaluate the
performance of each method, we applied blastn to compare the sequences from the
simulated reference TE library with those generated by each detection method. Due to the
inherent complexity of TE insertions and the differing detection preferences of each
method, the identified TE sequences were not expected to match exactly across methods.
For instance, multiple TEs may form nested structures resulting in chimeras, particularly
in simulations with high TE contents, where TE insertions occur frequently. Such TE
chimeras may be detected either entirely as a single entity or partially as one or more
entities. To account for these complexities, we implemented specific alignment criteria for
the calculation of accuracy metrics, including precision and recall, to better reflect the

detection efficiency of each method.

For precision, detected sequences were considered true positives if at least 80% of their
length aligned to reference sequences (not necessarily a single reference) with a minimum

of 80% sequence similarity. The precision metric was calculated as:

Precision = number of detected sequences meeting the 80-80 criteria / total number of

detected sequences.

For recall, reference sequences were considered accurately detected if at least 80% of their
length aligned to the detected sequences with a minimum of 80% similarity. The recall

metric was calculated as:
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Recall = number of reference sequences meeting the 80-80 criteria / total number of

reference sequences.

The overall performance was summarized using the F1 score, calculated as:

F1 score =2 * precision * recall/ (precision + recall).

The pan-library of TEs for each population was generated by aggregating TE libraries from

multiple single genomes using cd-hit-est following the 80-80 rule.

Simulations for TE classification

For the evaluation of TE classification, we benchmarked PanTE against four existing
methods using their default parameters: ClassifyTE, Deep-TE, RepeatClassifier (as part of
RepeatModeler2), and TERL. Accuracy metrics were calculated both collectively across

all TE families and individually for each family.

For the evaluation across all families, precision was defined as the proportion of TEs

correctly classified into their respective families, calculated as:

Precision = number of TEs correctly classified into the right family/total number of TEs

that were not classified as “unknown”.

Recall represented the proportion of TEs from the reference library that were correctly

identified, calculated as:
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Recall = number of TEs correctly classified into the right family/ total number of sequences

in the reference TE library

When evaluating each TE family separately, precision was defined as the proportion of

TEs classified into a given family that were accurately classified, calculated as:

Precision (each family) = number of TEs correctly classified into a specific family /total
number of TEs classified into that family. Recall, in this context, referred to the proportion
of TEs in a given family from the reference library that were accurately classified,

calculated as:

Recall (each family) = number of TEs correctly classified into a specific family/total

number of sequences in that family within the reference TE library
The F1 score was then calculated as:
F1 score =2 * (precision * recall)/ (precision + recall).

This approach enabled a comprehensive assessment of the classification accuracy of each

method, providing insights into their effectiveness across various TE families.

Real genomes

For the real reference genomes of various species including Arabidopsis, human, rice,
maize, and grapevine, we constructed TE libraries for each genome using three methods:
EDTA, RepeatModeler2 and PanTE. Wheat was included solely to compare the runtime

for TE library construction, given its large genome size but absence of a curated TE library.
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For each generated TE library, we calculated both the total number of TE consensus
sequences and their average length. These TE libraries were then compared with their
corresponding curated libraries using recall as defined in the section “Simulations for TE
detection”. In addition, the TE libraries generated by the different methods, along with the
curated libraries from Repbase, were used to annotate the corresponding genomes. For each
genome, the proportion annotated as different classes of TEs was calculated and visualized.
TE sequences that matched fewer than 10 locations in the genome were categorized as low-
frequency sequences. The performance of each method was further evaluated by
calculating recall, both collectively across all TE families and individually for each family,
to quantify the proportion of the genome correctly annotated with TEs. Specifically, recall

was defined as:

Recall = overlap between the regions annotated with the curated TE library and those

annotated with the generated library/ total region annotated with the curated TE library.

For the eight grapevine genomes, individual TE libraries were constructed using EDTA,
RepeatModeler2, and PanTE. These libraries generated from each genome were
subsequently merged into a pan-library using panEDTA.sh for EDTA or cd-hit-est for
RepeatModeler2 and PanTE according to the 80-80 rule. The high-quality reference
genome (GCF_030704535.1) was then annotated based on the pan-libraries of TEs using

RepeatMasker, and the proportion of the genome annotated as TEs was calculated.
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For the seven rice genomes and their corresponding pangenome, panEDTA constructed
seven individual TE libraries, which were subsequently merged into a pan-library using the
parameter -sensitive 1, while PanTE directly constructed a TE-library for the pangenome.
RepeatMasker, configured with two mapping settings (lenient: -div 40; stringent: -div 20)
was then used to annotate the rice reference genome (GCF_034140825.1) using both the
generated TE libraries and a manually curated TE library. The recall for the genome

annotation was subsequently calculated.
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