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Abstract 

Telomeres protect chromosome ends and their length varies significantly 
between organisms. Because telomere length variation is associated with various 
biomedical and eco-evolutionary phenotypes, many biological fields are interested 
in understanding its biological significance. Here, we introduce Topsicle, a compu-
tational method that estimates telomere length from whole genome long-read 
sequencing data using k-mer and change-point detection analysis. Simulations show 
Topsicle is robust to sequencing errors and coverage. Application of Topsicle to plant 
and human cancer cells shows high accuracy and comparable results to direct 
telomere length measurements. We predict Topsicle will be a useful tool for studying 
telomere biology.

Background
Telomeres are nucleoprotein complexes found at the ends of eukaryotic chromosomes 
and protect the genome against instability [1]. During DNA replication, the lagging 
strand of chromosome ends will lose DNA with every cellular replication (i.e., the chro-
mosome end replication problem [2, 3]). In addition, exposed DNA from the telomere 
has the potential to be mistaken as damaged DNA resulting in cellular arrest (i.e., the 
chromosome end protection problem [4]). To prevent such issues, telomeres are bound 
by specialized proteins for protection, and the telomerase maintains chromosomal ends 
through reverse transcribing telomere DNA sequences from a noncoding RNA gene [5, 
6]. Abnormal telomere length can have catastrophic consequences, where shortened tel-
omeres can result in chromosome end-to-end fusions [7, 8] and cellular senescence [9], 
meanwhile, elongated telomeres are typically associated with cancer and tumorigenesis 
[10, 11]. With such deleterious consequences, selection should maintain an optimal tel-
omere length for all organisms.

Telomere length, however, varies substantially between species (e.g., telomeres of mice 
can be 10 times longer than humans [12]), and even within species between individuals, 
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the length of the telomere varies significantly as well (e.g., human telomere lengths range 
from 5 to 15 kb [13] and Arabidopsis thaliana telomere lengths range from 1 to 12 kbp 
[14]). Why does the length of a crucial chromosomal structure vary within organisms 
across multiple kingdoms? The answer might lie in the association between telomere 
length and life history traits (i.e., phenotypes that affect the reproduction and survival 
of an organism at different developmental stages), which affects fitness (i.e., traits that 
determine reproductive success) and is subjected to natural selection. Because of the 
association between the telomere and cellular senescence [15, 16], hypotheses have pro-
posed telomere length variation is a result of life history tradeoffs relating to the aging 
trajectory of an organism [17, 18]. In mammals, the shortening rate of the telomere 
is correlated with the lifespan of different species [19], consistent with the model that 
selection on aging underlies the telomere length variation. In plants, on the other hand, 
the process of aging differs significantly from animals [20] so that it has been unclear 
whether aging or lifespan-related traits were also driving their telomere length variation. 
Recent studies, however, have shown that telomere length is associated with flowering 
times in three evolutionary divergent plant species A. thaliana, maize, and rice [14] and 
direct manipulation of telomere lengths through mutations in key telomere maintenance 
genes can alter both vegetative and reproductive traits in A. thaliana [21]. In the end, 
these studies have highlighted the potential biological link between life history strategies 
and chromosomal structures such as the telomere, but what genetic and evolutionary 
mechanism underlies this link is largely unknown.

An initial step towards understanding the biological significance of the telomere 
length variation requires an accurate measurement of the telomere in multiple different 
individuals, genotypes, or species. The gold standard for measuring telomere length is 
the terminal restriction fragment (TRF) assay [22], which involves restriction enzymes 
to digest the DNA to release the telomeric region and is visualized using a Southern 
blot with a telomere sequence probe [23]. TRF is a highly accurate method for meas-
uring the length of the telomere, but the method does have challenges and drawbacks 
that act as a barrier for widespread usage in a standard laboratory, which includes the 
requirement of high amounts of DNA (~ 5 μg), the requirement of radioactive primers 
(although see [24] for non-radioactive based labeling) that are not easily accessible, and 
depending on the restriction enzyme it could incorporate subtelomeric regions into the 
length estimates. Alternative methods have combined microscopy and chromosomal 
labeling such as quantitative fluorescence in situ hybridization (Q-FISH) that quantifies 
telomere length signals from cells with metaphase chromosomes [25], and Flow-FISH 
that uses flow cytometry and measures telomere length from individual cells [26]. These 
microscopy-based methods require cells from a specific developmental stage, which may 
not be readily available depending on the organism. In addition, both TRF and micros-
copy-based methods are labor intensive, and it is a challenge to scale up and conduct 
high throughput screens in many samples. On the other hand, increased throughput has 
been accomplished by applying quantitative PCR (qPCR) and quantifying the amount 
of telomere repeats as a way to approximate telomere lengths [27]. But due to the inher-
ent complications of amplifying a tandemly repeating sequence such as the telomere, a 
qPCR-based method requires careful designing of PCR primers to avoid dimerization 
and careful calibration to account for potential differences in PCR conditions between 
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samples. In this regard, noticeable variation in qPCR-based telomere length results 
between laboratories has raised concerns about adopting the qPCR method for length 
measurements [28]. Lastly, none of the aforementioned techniques are designed to esti-
mate telomere lengths of specific chromosomes. To measure telomere lengths from spe-
cific chromosomes, methods such as STELA [29] and PETRA [30] were developed, but 
these require known subtelomeric sequences to design primers and amplify the telom-
eres of specific chromosomes. We refer to [31] for an in-depth review of the advantages 
and disadvantages of each method.

With major advancements in genome sequencing technology, computationally based 
methods have become an alternative approach for estimating telomere lengths. Meth-
ods such as TelSeq [32], K-seek [33, 34], Computel [35], Telomerecat [36], and Telom-
ereHunter [37] have been used to analyze short read sequencing data (usually generated 
from the Illumina sequencing platform) for estimating the telomere length of a sample 
using an approach analogous to a qPCR-based method. These short read sequencing-
based bioinformatic methods have a common theme of quantifying the telomere repeat 
in every sequencing read, and the total abundance of the repeat represents the sam-
ple’s telomere length. But before comparing telomere length estimates between sam-
ples, proper normalizations should be done to reduce batch effects between sequencing 
libraries [38]. For instance, a tagmentation-based or physically shearing-based fragmen-
tation of DNA can result in biases in the sequenced genomic regions [39], or PCR ampli-
fication on DNA fragments after adapter ligation could introduce amplification bias 
during sequencing [40, 41]. Overall, short read sequencing-based computational meth-
ods are well correlated with experimentally based methods. For example, across 112 
A. thaliana ecotypes, Spearman’s ρ is 0.55 between K-seek versus TRF-based telomere 
length estimates [14], and across 100 Populus genotypes, Pearson’s r is 0.62 between 
K-seek versus q-PCR-based telomere length estimates [42]. A major advantage of com-
putationally based methods is the ease of estimating telomere length, as it only requires 
a whole genome sequencing dataset. Hence, computationally based approaches can be a 
powerful method for investigating telomere length variation.

Long read sequencing technology (advanced by Pacific Biosciences (PacBio) and 
Oxford Nanopore Technologies (Nanopore)) is revolutionizing the genomics field [43] 
and it has major potential to be a powerful computational tool for investigating the tel-
omere length variation within populations and between species. Read length from long 
read sequencing platforms is orders of magnitude longer than short read sequencing 
platforms (tens of kilobase pairs versus 100–300 bp). These long reads have greatly aided 
in resolving the complex and highly repetitive regions of the genome [44], and near gap-
less genome assemblies (also known as telomere-to-telomere assembly) are generated 
for multiple organisms [45, 46]. The long read sequences can also be used for estimating 
telomere length, since whole genome sequencing using a long read sequencing platform 
would contain reads that span the entire telomere and subtelomere region. Computa-
tional methods can then be developed to determine the telomere–subtelomere bound-
ary and use it to estimate the telomere length. As an example, telomere-to-telomere 
assemblies have been used for estimating telomere length by analyzing the sequences at 
the start and end of the gapless chromosome assembly [47–50]. But generating gapless 
genome assemblies is resource intensive and cannot be used for estimating the telomeres 
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of multiple individuals. Alternatively, methods such as TLD [51], Telogator [52], and Tel-
oNum [53] analyze raw long read sequences to estimate telomere lengths. These meth-
ods require a known telomere repeat sequence but this can be determined through 
k-mer based analysis [54]. Specialized methods have also been developed to concen-
trate long reads originating from chromosome ends. These methods involve attaching 
sequencing adapters that are complementary to the single-stranded 3′ G-overhang of 
the telomere, which can subsequently be used for selectively amplifying the chromo-
some ends for long read sequencing [55–58]. While these methods can enrich telom-
eric long reads, they require optimization of the protocol (e.g., designing the adapter 
sequence to target the G-overhang) and organisms with naturally blunt-ended telomeres 
[59, 60] would have difficulty implementing the methods.

An explosion of long read sequencing data has been generated for many organisms 
across the animal and plant kingdom [61, 62]. A computational method that can use this 
abundant long read sequencing data and estimate telomere length with minimal require-
ments can be a powerful toolkit for investigating the biology of telomere length vari-
ation. But so far, such a method is not available, and implementing one would require 
addressing two major algorithmic considerations before it can be widely used across 
many different organisms. The first algorithmic consideration is the ability to analyze 
the diverse telomere sequence variation across the tree of life. All vertebrates have an 
identical telomere repeat motif TTA​GGG​ [63] and most previous long read sequencing 
based computational methods were largely designed for analyzing human genomic data-
sets where the algorithms are optimized on the TTA​GGG​ telomere motif. But the tel-
omere repeat motif is highly diverse across the animal and plant kingdom [64–67], and 
there are even species in fungi and plants that utilize a mix of repeat motifs, resulting in 
a sequence complex telomere structure [64, 68, 69]. A new computational method would 
need to accommodate the diverse telomere repeat motifs, especially across the inher-
ently noisy and error-prone long read sequencing data [70]. With recent improvements 
in sequencing chemistry and technology (HiFi sequencing for PacBio and Q20 + Chem-
istry kit for Nanopore) error rates have been substantially reduced to < 1% [71, 72]. But 
even with this low error rate, a telomeric region that is several kilobase pairs long can 
harbor substantial erroneous sequences across the read [73] and hinder the identifica-
tion of the correct telomere–subtelomere boundary. In addition, long read sequenc-
ers are especially error-prone to repetitive homopolymer sequences [74–76], and the 
GT-rich microsatellite telomere sequences are predicted to be an especially erroneous 
region for long read sequencing. A second algorithmic consideration relates to identify-
ing the telomere–subtelomere boundary. Prior long read sequencing based methods [51, 
52] have used sliding windows to calculate summary statistics and a threshold to deter-
mine the boundary between the telomere and subtelomere. Sliding window and thresh-
old based analyses are commonly used in genome analysis, but they place the burden 
on the user to determine the appropriate cutoff, which for telomere length measuring 
computational methods may differ depending on the sequenced organism. In addition, 
threshold based sliding window scans can inflate both false positive and false negative 
results [77–82] if the cutoff is improperly determined.

Here, we introduce Topsicle, a computational method that uses a novel strategy to 
estimate telomere lengths from raw long read sequences from the entire whole genome 
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sequencing library. Methodologically, Topsicle iterates through different substring sizes 
of the telomere repeat sequence (i.e., telomere k-mer) and different phases of the tel-
omere k-mer are used to summarize the telomere repeat content of each sequencing 
read. The k-mer based summary statistics of telomere repeats are then used for selecting 
long reads originating from telomeric regions. Topsicle uses those putative reads from 
the telomere region to estimate the telomere length by determining the telomere–sub-
telomere boundary through a binary segmentation change point detection analysis [83]. 
We demonstrate the high accuracy of Topsicle through simulations and apply our new 
method on long read sequencing datasets from three evolutionarily diverse plant species 
(A. thaliana, maize, and Mimulus) and human cancer cell lines. We believe using Top-
sicle will enable high-resolution explorations of telomere length for more species and 
achieve a broad understanding of the genetics and evolution underlying telomere length 
variation.

Results
Spatial distribution of telomere repeats in raw long read sequencing data 

from chromosome ends

Initially, we investigated the distribution of telomere repeats in raw long read sequences 
originating from chromosome ends and focusing specifically on the reads that were 
spanning the telomere–subtelomere boundary region. We focused on A. thaliana 
ecotype Col-0 due to the wealth of telomere-related knowledge gained from molecular 
studies [84], and the abundant genomic data that can be used for computational analysis. 
We obtained published nanopore sequencing data for Col-0 [85] and aligned the long 
reads to the A. thaliana Col-0 genome assembly generated from long read sequencing 
[86], which has 8 out of the total 10 chromosome ends completely assembled. Chromo-
some 2L and 4L telomeres are directly adjacent to the nucleolar organization regions [87] 
and because of that, the assemblies of these regions are incomplete. We first extracted 
reads aligning to the ends of chromosome 1 to examine the spatial distribution of the 
telomere repeat in raw nanopore sequencing reads. In Fig. 1A, we display the long reads 
and highlight the regions that exactly matched the A. thaliana telomere repeat sequence 
AAA​CCC​T [88] (Note the conventional denotation would be TTT​AGG​G to indicate the 
repeat synthesized by the telomerase on the G-rich strand. Here, we consider it as a sim-
ple k-mer and denote it as the alphabetically ordered sequence).

We classified long reads from the telomeric region into three types based on the 
spatial distribution of the telomere repeat. Type I reads have a high density of AAA​
CCC​T sequence at the 5′ region or a high density of TTT​GGG​A sequence at the 3′ 
region of the sequencing read. These are likely the long reads spanning the telomere 
and subtelomere region, and the cluster of exact matching telomere repeats suggests 
these reads have an overall low sequencing error. A drop in telomere repeat density 
occurs between 2,000 and 3,000 bp for all reads, which is hypothesized to be where 
the telomere–subtelomere boundary is located. The telomere length of a read can 
then be estimated as the length between the start of the telomere repeat and the 
boundary position. In contrast, type II reads are those that had minimal telomere 
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repeats across the read. We hypothesized these reads were largely sequenced from 
the subtelomere region; hence, they would need to be excluded for downstream 
analysis as their inclusion would deflate telomere length estimates (our approach of 
excluding these reads will be discussed later). Type III reads were those that had a 
cluster of telomere repeats but with large gaps interspersed between clusters. We 
hypothesized these reads are like Type I reads and originated from the telomere, 
except there were significant sequencing errors within the telomere regions of the 
read. Type III can also be used for estimating the telomere length, but the sequenc-
ing errors needed to be accommodated in order to accurately determine the tel-
omere–subtelomere boundary for estimating the telomere length of the read.
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Fig. 1  Analysis of telomere repeat k-mers in long read sequences from A. thaliana Col-0. A Example Type I, 
II, and III reads from A. thaliana Col-0 Nanopore reads. Each color represents an exact match to the telomere 
repeat AAA​CCC​T and the position found across the sequencing read. Reads are shown so the 5′ end of the 
sequence is enriched for the AAA​CCC​T repeat and reads with 3′ end enriched for the complement sequence 
TTT​GGG​A; we show the reverse complement sequence. B Co-occurrence heatmap displaying the frequency 
of a telomere repeat 5-mer (original telomere repeat sequence is AAA​CCC​T) with all possible dinucleotide 
sequences that can be found at the end of the 5-mer. Top shows frequencies from analyzing reads aligning 
to chromosome 1R for Nanopore reads, and bottom shows frequencies from PacBio reads aligning to 
chromosome 1R. C An example type III Nanopore sequencing read displaying the occurrence of a 4-mer 
and 5-mer of the original telomere repeat sequence AAA​CCC​T (Top). A sliding window analysis where each 
window is size 100 bp and it slides 7 bp (bottom). In the window, the average k-mer count is calculated and 
a change point detection method is applied to determine the window where there is a drop in telomere 
repeat count (red dotted line). D Telomere length estimates for Nanopore sequencing reads aligning to 
chromosome 1L and 1R
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Profiling the sequencing errors within the long read sequences from telomeric regions

We investigated the sequencing errors of Type III reads while specifically focusing on 
the errors involving the telomere repeat sequence. The sequencing errors were exam-
ined by quantifying the frequency of the nucleotides that ended after a telomere repeat 
k-mer. For instance, in A. thaliana, if there are low sequencing errors, an AAACC 5-mer 
would predominantly end with CT dinucleotides in the long reads. But due to sequenc-
ing errors, we will also observe non-CT dinucleotides, and if the sequencing errors are 
random, we would expect similar frequencies of the non-CT dinucleotides. We investi-
gated this expectation by iterating through all phases of a telomere repeat k-mer (e.g., for 
5-mer it is AAACC, AACCC, ACCCT, CCCTA, CCTAA, CTAAA, and TAAAC) and 
counted the frequencies of the terminating nucleotides with the condition that the total 
length equals the telomere repeat size (e.g., for 5-mer it will be examining the sequences 
of the terminating 2 nucleotides).

We used A. thaliana Col-0 nanopore reads that aligned to the end of chromosome 
1R and investigated its sequencing error by counting the frequency of the dinucleotide 
sequences terminating the 5-mer telomere repeat. Results showed there were two types 
of biased sequencing errors for the Nanopore reads (Fig.  1B). First involved the CCC 
homopolymer of the AAA​CCC​T telomere repeat as evidenced by the AAACC 5-mer. 
For this 5-mer, we discovered the most commonly terminating dinucleotide was TA and 
not CT as expected. This would occur if the AAA​CCC​T sequence was repeatedly mis-
basecalled as AAA​CCT​. The second biased sequencing error involved the AA homopol-
ymer as evidenced by the CCCTA 5-mer. We discovered both AA and GG dinucleotides 
were equally terminating the 5-mer repeats. This indicated the telomere repeat CCC​
TAA​A (Note this is the same sequence as the telomere repeat AAA​CCC​T but in a dif-
ferent phase) was being repeatedly mis-basecalled as CCC​TAG​G. These results were 
not due to the sequences in the subtelomere region since an analysis of Col-0 PacBio 
sequencing reads [89] aligning to chromosome 1R did not show the same frequen-
cies (Fig. 1B). For the PacBio sequencing reads, each 5-mer had only a single dinucleo-
tide with high frequency and it corresponded to the expected terminating nucleotide 
sequence if there were no sequencing errors. In summary, the Nanopore reads had 
unique biases in the sequencing errors involving the telomere repeat sequence and these 
would need to be accommodated for an accurate estimation of telomere length.

Delineating the telomere–subtelomere boundary by summarizing k‑mer frequencies

Because of the unique sequencing errors in the Nanopore reads, a search for exact 
matching telomere repeat sequences would result in gaps in between telomere clusters 
as observed for type III reads (Fig. 1A). In addition, the sequencing errors were idiosyn-
cratic (Fig. 1B) that it would be hard to predict the error for every type III read. The erro-
neous telomere repeats, however, can be detected by analyzing telomere repeat k-mer 
sequences that were not affected by the sequencing error (i.e., CCTAA or CTAAA from 
Fig. 1B). But because the type of sequencing error would differ for each sequencing read, 
we quantified the frequency of telomere repeat k-mers of various sizes and sequence 
phases across the sequencing read. As an example, we labeled all phases of the 4- and 
5-mer with the complete 7-mer telomere repeat for a Type III long read from the A. thal-
iana Col-0 Nanopore sequencing data (Fig.  1C). Regions without the 7-mer sequence 
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had matching 4- and 5-mers, suggesting these regions had telomere repeats that were 
masked by sequencing errors. There was a high density of telomere repeat k-mers up 
to ~ 3000 bp (Fig. 1C), which we hypothesized was the boundary point between the tel-
omere and subtelomere regions for the analyzed type III read.

We then investigated if the telomere repeat k-mer density can be used for inferring 
the telomere length of a sequencing read. The telomere–subtelomere boundary was 
determined using a sliding window analysis and detecting the window with a significant 
reduction in the telomere repeat density through change point detection analysis [90]. 
Change point detection is commonly applied in time series data and aims to determine 
when there is an abrupt shift in the data series. We applied the binary segmentation 
method [83] to detect the window with a stepwise change in the telomere repeat k-mer 
density, and telomere length was measured as the distance between the start of the long 
read and the telomere–subtelomere boundary position. Applying this to the example 
type III read, the estimated telomere length of the read was 2900 bp (Fig. 1C).

We further tested our approach by using the type I and III nanopore reads from chro-
mosome 1 of A. thaliana Col-0, and compared it to experimentally based telomere 
length estimates. In Col-0, Southern blots have shown chromosomes 1L and 1R have 
similar telomere lengths [30], and previous PETRA analysis from two studies has esti-
mated Col-0 chromosome 1L telomere length as 2440 bp [21] and nearly 3000 bp [91]. 
Long reads aligning to the ends of chromosome 1 were manually checked to remove type 
II reads, which resulted in 29 reads for chromosome 1L and 31 reads for 1R. For every 
read, we estimated its telomere length, and the median telomere length for chromosome 
1L was 2800 bp, and chromosome 1R was 2410 bp (Fig. 1D).

Telomere Repeat Count (TRC) statistic selects for telomere long reads in A. thaliana

The median telomere length of A. thaliana Col-0 chromosome 1 measured from our 
computational approach was comparable to direct telomere length measurements. But 
this was conducted on a manually curated dataset of long read sequences that were likely 
to harbor telomere repeats. We aimed to increase the throughput for selecting the reads 
containing the telomere repeats by using the same k-mer density approach that was 
used for measuring telomere length of individual reads. For each sequencing read, we 
calculated a Telomere Repeat Count (TRC) statistic, which represented the density of 
telomere repeat k-mers at the ends of a sequencing read. Initially, we calculated TRC 
values using the 4-mer telomere repeat on the manually curated type I, II, and III reads 
(TRC distribution for 5-, 6-, and 7-mer repeat are plotted in Additional file 1: Fig. S1). 
On the manually curated dataset, the long reads that were visually verified to contain 
telomere repeats (type I and III) had significantly higher TRC values (Mann–Whitney 
U test p-value < 0.0001) compared to the reads that were visually screened to not harbor 
telomere repeats (Fig. 2A). This indicated that with an appropriate TRC value cutoff, it 
would be possible to select for long reads that harbored telomere repeats, which can 
then be used for estimating telomere length. In the case of type I, II, and III reads, that 
cutoff value may correspond between 0.2 and 0.4.

We then investigated an approach that can determine an appropriate TRC cut-
off from the whole genome sequencing dataset and select for reads that were likely 
sequenced from the telomere region. To determine an appropriate TRC cutoff value, 
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we first examined the TRC statistics for reads that aligned to chromosome ends and 
compared them to all long reads from the A. thaliana Col-0 Nanopore sequencing 
library. The former group of reads would be enriched for telomere repeat containing 
reads (i.e., type I and III reads) while the latter would be highly enriched for non-
telomere repeats (i.e., type II reads). We analyzed every read that aligned to chromo-
some ends and calculated TRC values using the frequencies of the 4-mer telomere 
repeat. From the TRC distribution, we could visually identify two groups of reads 
that were separated by a threshold value of 0.4 (Fig.  2B left). We hypothesized that 
the reads with values higher than 0.4 TRC were those sequenced from the telomere 
region. We then calculated TRC values for all reads from the whole genome sequenc-
ing data, and the results showed a similar distribution as chromosome end reads, 
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where most reads had TRC values lower than 0.4, with a select few having higher than 
0.4 TRC values (Fig. 2B right). This indicated that from the whole genome sequenc-
ing data, selecting for reads with higher than 0.4 TRC values would selectively choose 
those that were Likely from the telomere region. The median length of the telomere 
across the selected reads was 2410 bp (Fig. 2E; see boxplot of 4-mer and TRC cutoff 
of 0.4), which was comparable to the TRF based telomere length for Col-0 at 3044 bp 
[14]. We increased the stringency of selecting the long reads that were sequenced 
from the telomere region by increasing the TRC cutoff (i.e., selecting for reads with 
higher proportion of telomere repeats) and examining longer k-mer sizes (i.e., match-
ing closer to the complete telomere repeat sequence), and used the reads that passed 
this newer conservative criterion to estimate the telomere length. Results showed that 
even at more stringent criteria, the median telomere length estimates did not change 
and were consistent at ~ 2400  bp (Fig.  2E). At a lower TRC value cutoff, using the 
4-mer telomere repeat resulted in a higher variation in the telomere length estimates, 
but the median was still at ~ 2400 bp.

For Col-0, the ecotype has also been sequenced on a PacBio platform [89] and because 
we observed differences in error profiles between Nanopore and PacBio reads from the 
telomere (Fig. 1), we investigated the Col-0 telomere length using the PacBio sequencing 
data. Using the 4-mer telomere repeat and 0.4 TRC value cutoff to search for telomere 
reads in the PacBio sequencing data, Topsicle calculated the median telomere length 
as 2290 bp, and this was not significantly different from the Nanopore read-based esti-
mate (Mann–Whitney U test p-value > 0.05 Additional file  1: Fig. S2). Using the same 
data, we estimated telomere length by searching for a 7-mer (i.e., exact match to AAA​
CCC​T telomere repeat) and examined the effect of using a longer k-mer on telomere 
length estimates. Results showed for PacBio reads the telomere length estimates were 
not significantly different whether a 4-mer or 7-mer telomere repeat was used for length 
estimation (Mann–Whitney U test p-value = 0.66), but for the Nanopore reads, using a 
7-mer resulted in significantly shorter telomere length estimates compared to using a 
4-mer telomere repeat (Mann–Whitney U test p-value = 0.02).

Application of TRC statistics based filtering on maize long read sequencing data

We then tested if our approach can also be applied to plant species with larger genomes 
compared to A. thaliana. These plant genomes will harbor increased repetitive DNA that 
could be an obstacle for applying our method. Maize has an identical telomere repeat 
sequence as A. thaliana [92] but its genome size is almost 15-fold longer (~ 2.5 Gb) and 
more than 80% of its genome consists of repetitive DNA [93, 94]. We obtained PacBio 
sequencing data for maize genotype B73 [95] and calculated the TRC value for all reads 
using the 4-mer telomere repeat, which was the parameter also used for A. thaliana 
(Fig. 2B). But in contrast to A. thaliana, the TRC values for reads that aligned to chro-
mosome ends did not display a bimodal distribution (compare chromosome end read 
TRC values from Fig. 2B and C). This indicated in the maize long read sequencing data 
that there were Type II reads with increased proportions of telomere-like repeats that 
caused elevated levels of TRC values when the 4-mer repeat is used. We also calcu-
lated TRC values for all reads from the whole genome sequencing data using the 4-mer 
repeat, and there was an elevated level of TRC values where the majority of reads had 
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TRC values of 0.7 and lower, which contrasts with A. thaliana results (compare the TRC 
values for all reads from Fig. 2B and C). This suggested that compared to analyzing the 
A. thaliana dataset, a more conservative k-mer repeat search or TRC value cutoff would 
be needed for analyzing the maize dataset.

We increased the stringency of the telomere repeat matching by re-calculating TRC 
values using the 5-mer telomere repeat (see Additional file 1: Fig. S3 for 6-mer and 7-mer 
TRC distributions). Results showed, compared to TRC values calculated with the 4-mer 
telomere repeat, using the 5-mer telomere repeat had fewer reads with high TRC values 
(Fig. 2D). In addition, at a TRC value cutoff between 0.3 and 0.4, the reads from chromo-
some ends could be divided into two groups where the reads with higher TRC values 
are Likely to be those sequenced from the telomere region. We selected reads that had 
higher than 0.4 TRC values from the whole genome sequencing data and estimated the 
telomere length. There were 2818 reads, and the median estimated telomere length was 
1420 bp (Fig. 2F; see boxplot of 5-mer and TRC cutoff of 0.4). For B73, the TRF-based 
telomere length estimate was 2950 bp [92, 96]. The estimated telomere length did not 
change when increased TRC value cutoff or k-mer size were used (Fig. 2F), but with the 
7-mer (i.e., using the complete telomere repeat sequence) there were no telomere long 
reads with higher than 0.7 TRC values, and a telomere length could not be estimated. 
For the 4-mer telomere repeat, using a TRC value cutoff of 0.7, the telomere lengths 
were similar to the length estimates from other parameters (Fig. 2F). But at lower TRC 
value cutoffs, the telomere lengths were highly elevated, likely due to the inclusion of 
non-telomere long reads (Fig. 2C) during the telomere length estimation.

Topsicle: a method to estimate telomere length from long sequencing data

From our findings, we developed Topsicle (Fig. 3), a software package that can analyze 
long read data generated from whole genome sequencing to search for reads from the 
telomere region and use those reads to determine the telomere–subtelomere boundary 
for estimating the telomere length of the sequenced sample. Topsicle does not require 
any prior methodology to concentrate telomeric long read sequences as it searches for 
reads that were likely sequenced from the telomere region by checking for high con-
centration of telomere repeats using the TRC statistics. An appropriate TRC cutoff to 
select for telomere long reads can be determined through plotting the TRC distribution 
for all reads or by using different incremental cutoff values and investigating the result-
ing telomere length estimates. For each candidate telomere read, Topsicle estimates the 
telomere length by quantifying the density of the telomere repeats and demarcating the 
region of the sequence where there is a significant reduction in the repeat density using 
change point detection method. Topsicle estimates the telomere length from all reads 
of a sequencing library, and the median length among those reads would represent the 
overall telomere length of the sequenced sample.

Topsicle can estimate telomere lengths from a reference genome assembly

If a telomere to telomere genome assembly is available, Topsicle can also be used to esti-
mate the length of the telomere directly from the genome assembly. We obtained the 
reference genomes for A. thaliana Col-0, maize B73, and maize Mo17 as they are near 
telomere to telomere genome assemblies and have TRF based telomere length estimates 
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Fig. 3  Overview of Topsicle estimating telomere length from long read sequencing data
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for comparison. We extracted the chromosome end sequences as inputs for Topsicle 
and compared them to raw long read based telomere length estimates (Additional file 2: 
Table  S1). Results showed the telomere length from the maize B73 reference genome 
was closer to the TRF based length estimate (difference of 1950  bp). But for A. thali-
ana Col-0 and maize Mo17, the raw read based estimates were closer to the TRF based 
length estimates (difference of 634.62 bp and 2409.58 bp respectively). In particular, for 
Mo17, the reference genome based telomere length estimate was over two fold longer 
than the TRF based length estimates.

Simulation of Topsicle performance

We investigated the performance of Topsicle through simulations and tested the effects 
of variations in read length, proportion of the telomere repeats in a read, error rate, and 
genome-wide coverage have on the telomere length estimates. Initially, we simulated 
reads with varying lengths and proportions of telomere repeats under three different 
error rates (10%, 20%, and 30% of the sequence) and used Topsicle with the 4-mer tel-
omere repeat search and a TRC value cutoff of 0.4. Results showed Topsicle estimated 
telomere length estimates decreased with increasing sequencing errors, but this under-
estimation was usually < 5% of the simulated telomere length (Fig. 4A). It is only at very 
high sequencing error rates of 30% that there was more than a 10% telomere length 
underestimation, but this type of error is not usually seen in recent long read sequencing 
platforms. Using the same simulated reads, we applied longer telomere repeat k-mers 
and estimated the telomere length. With the 6-mer and 7-mer, there were no reads with 
sequencing errors of 30% that passed the 0.4 TRC value cutoff, and no telomere length 
could be estimated. But at lower sequencing errors, the size of the k-mer did not largely 
affect the telomere length estimates and were all < 5% of the true telomere length (Addi-
tional file 1: Fig. S4).

Because recent long read sequencing data have significantly reduced error rates, we 
also simulated reads with lower than 5% error rates and applied Topsicle. We simulated 
1%, 2%, and 5% error rates and estimated telomere length using the 4-mer or 7-mer tel-
omere repeat. Results showed that under these low error rates, the estimated telomere 
lengths from Topsicle were within 100 bp compared to the true telomere length, regard-
less of the telomere length and the sequencing read size (Additional file 1: Fig. S5).

We next investigated how genome-wide coverage could affect Topsicle estimates of 
telomere length. Using the A. thaliana Col-0 Nanopore sequencing library, we gener-
ated datasets that differed in its genome-wide coverage (from 2 × to 25 ×) by randomly 
subsetting the original dataset, which has 37 × genome-wide coverage. Results showed 
(Fig. 4B) at the lowest simulated coverage depth (2 ×), the median telomere length esti-
mate from each dataset varied the most compared to higher coverage simulations (maxi-
mum difference of median of telomere length estimated between two simulated datasets 
with a coverage of 2 × was 600 bp). At higher coverage simulations, there was a notice-
able reduction in variation across the telomere length estimates between simulated data. 
In addition, across the simulated coverages, the median telomere length estimates were 
consistent (~ 2400 bp), which is close to the median telomere length estimate when the 
whole genome sequencing data was used for the telomere length analysis (2410 bp).
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Applying Topsicle to A. thaliana long read sequencing based population genomic dataset

We applied Topsicle to a long-read-based population genomic dataset from two A. 
thaliana studies [85, 89] and estimated the telomere length for 104 ecotypes. Results 
showed our telomere length estimates ranged from 1720  bp in Ket-10 to 4720  bp 
in ws-4 (Additional file  2: Table  S2, with a mean telomere length of 2898 ± 608  bp 
(± standard error) and a median telomere length of 2800 bp (Fig. 5A). These telomere 
lengths were estimated without using the A. thaliana reference genome and select-
ing for reads with TRC values higher than 0.4. We also estimated the telomere length 
for each ecotype but using reads that were aligning to the chromosome ends of the 
A. thaliana reference genome. There was a high correlation in the telomere length 
estimates between reads that were filtered from the whole genome sequencing data 
and the reads that were aligning to chromosome ends (Additional file 1: Fig. S6; Pear-
son’s r = 0.93 and p-value < 0.0001; Spearman’s ρ = 0.94 and p-value < 0.0001). Further 
analysis revealed that the reads that were filtered based on the TRC statistic from 
the whole genome sequencing data were also the same reads that were aligning to 

Fig. 4  Applying Topsicle on simulated dataset. A Telomere length was estimated with Topsicle using the 
4-mer and TRC value cutoff of 0.4 on 30 simulated reads with error rates of 10%, 20%, and 30% for reads 
with varying length and proportion of telomere repeat. For each simulation, the read length is indicated on 
the right side of the bar (“|”) and the length of the telomere repeat is on the left side of the bar. B Coverage 
simulation by random sampling the whole genome sequencing data and using Topsicle to estimate 
telomere length. For each coverage, the random sampling was done 20 times and Topsicle was used to 
estimate the telomere length using the 4-mer telomere repeat and TRC value cutoff of 0.4 to select for 
telomere reads. Each point represents the median telomere length from the sampled dataset
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chromosome ends (Additional file 1: Fig. S7), indicating the TRC value-based cutoff 
was selecting for reads that were sequenced from the telomere regions. We investi-
gated if the sequencing library would affect the telomere length estimates for Topsi-
cle and found no significant correlations between telomere length and the number of 
total sequences, the total number of sequenced base pairs, or read length N50 (Addi-
tional file 1: Fig. S8).

For 31 ecotypes, there were TRF-based telomere length estimates from our previ-
ous study [14] and we found a significant positive correlation between the telomere 
length estimated by Topsicle and TRF (Fig. 5B; Pearson’s r = 0.74 and p-value < 0.0001; 
Spearman’s ρ = 0.63 and p-value < 0.0001). We noticed the telomere length estimates 
for Topsicle were lower compared to TRF-based estimates, where the median dif-
ference was 898.85 bp (Additional file 1: Fig. S9). We compared the Topsicle results 
to two short-read-based computational methods (k-Seek [33] and Computel [35]) 
for predicting telomere lengths. These two methods can predict telomere lengths 
for any telomere repeat sequence, and the results were compared to the TRF-based 
length estimates (Additional file  1: Fig. S10). Results showed Topsicle telomere 
lengths were highly correlated with k-Seek telomere repeat abundance (Pearson’s 
r = 0.76 and p-value < 0.0001) and Computel telomere length (Pearson’s r = 0.77 and 

BA r = 0.74

C

Fig. 5  Application of Topsicle on A. thaliana long read sequencing dataset. A Distribution of telomere 
length estimates from analyzing whole genome long read sequencing data of 104 A. thaliana ecotypes. Red 
dotted line indicates the median (2815 bp). B Scatter plot of telomere lengths from 31 ecotypes that have 
telomere length estimates from TRF and Topsicle. Pearson’s r is shown in the upper-left side, and the line of 
best fit is shown in red line (TRF telomere length = 1.71 × Topsicle telomere length – 1118.13). C Boxplot of 
chromosome-specific telomere lengths across the 104 A. thaliana ecotypes. Note for chromosome 2L and 4L 
the majority of the ecotypes did not have reads aligning to those chromosome ends, which prevented the 
estimation of their chromosome-specific telomere length with Topsicle
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p-value < 0.0001). When comparing each computational method’s telomere length 
prediction to TRF telomere length estimates, Topsicle had the highest correlation 
(Pearson’s r = 0.85 and p-value < 0.0001) compared to k-Seek (Pearson’s r = 0.57 and 
p-value < 0.05) and Computel (Pearson’s r = 0.6 and p-value < 0.001).

We expanded our analysis of comparing Topsicle to k-Seek and Computel estimates 
by examining the telomere lengths in a diverse group of plant species. We assembled a 
panel of 33 plant species that synthesize a telomere with the A. thaliana type AAA​CCC​
T repeat sequence. All plants belong to the angiosperm group and spanned 21 families 
with genome sizes ranging from ~ 220 Mbp to ~ 2.3 Gbp and a number of chromosomes 
ranging from 6 to 28 (Additional file 2: Table S3). We chose plant genomic data from 
studies that generated both long and short read sequencing data from the same plant 
genotype. For each plant, the long read sequencing data were analyzed by Topsicle, and 
the short read sequencing data were analyzed by k-Seek and Computel. Results showed 
Topsicle telomere length estimates had significant positive correlations (Additional 
file 1: Fig. S11) with k-Seek (Pearson’s r = 0.48 and p-value < 0.001) and Computel (Pear-
son’s r = 0.42 and p-value < 0.05), suggesting the variation in the telomere lengths across 
species can be captured by the three computational methods.

Our telomere length analysis was based on manually choosing a TRC threshold to fil-
ter telomere reads, but we explored if an automated procedure could be implemented to 
choose the appropriate TRC cutoff for length estimation. From Fig. 2, we noticed that 
with increasing TRC values, the telomere length was converging, and at the highest TRC 
thresholds, the telomere length estimates were not changing. Here, an asymptotic TRC 
point could be determined, which is the threshold point where no further changes in the 
telomere length are observed with increasing TRC threshold. Using the Lian et al. [85] 
dataset, we implemented the asymptotic TRC threshold to calculate the telomere lengths 
of the long reads and compared it to the hard TRC threshold telomere length estimates 
from Fig.  5A. Results showed high correlation (Pearson’s r = 0.99 and p-value < 0.001) 
between the telomere lengths estimated using an asymptotic TRC threshold and a hard 
cutoff TRC threshold (Additional file 1: Fig. S12).

We then took advantage of the chromosome level genome assembly of A. thaliana 
and used the long read population genomic dataset to investigate the chromosome end 
specific telomere length variation across the ecotypes. A recent study of A. thaliana 
subtelomere sequences adjacent to the telomere revealed high haplotype diversity and 
genetic structure, where ecotypes had stronger sequence similarities for subtelomeres 
from the same chromosome ends compared to those from different chromosome ends 
[97]. This suggested the chromosome end sequences from the reference A. thaliana 
genome can be used for selecting chromosome end specific long reads and use Topsicle 
to estimate the telomere length. Results showed for each chromosome end (excluding 
chromosome 2L and 4L), we were able to estimate the telomere length for almost all of 
the ecotypes (between 96 and 99% of the total ecotypes, Additional file 2: Table S4). For 
chromosome 2L and 4L, because the rDNA cluster is immediately adjacent to the tel-
omere sequence [87], the majority of the ecotypes did not have sequencing reads align-
ing to the region and a telomere length could not be estimated. But for the rest of the 
chromosomes, across the ecotypes the Topsicle estimated chromosome end specific 
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telomere lengths had a median length close to 3000 bp (Fig. 5C), and there were no sig-
nificant differences in length between chromosomes (F7,810 = 1.393 and p-value = 0.205).

Applying Topsicle to maize long read sequencing data

We obtained long read sequencing data for 27 maize genotypes [48, 95] and applied 
Topsicle. Because of the large genome size for maize, past studies have sequenced each 
genotype with multiple libraries ranging from 16 in OH43 to 36 libraries in Mo17 that 
we analyzed (Additional file 2: Table S5). This provided an opportunity to apply Topsi-
cle on each whole genome sequencing library from the same genotype and investigate 
the telomere lengths from replicated sequencing libraries. We first examined genotype 
B73 that was sequenced using 18 PacBio libraries and initially analyzed in this study 
to explore the TRC statistics (Fig. 2). For each sequencing Library, we applied Topsicle 
using a 5-mer repeat and a TRC cutoff of 0.4 to estimate the library-specific telomere 
length variation. Comparing the lengths between libraries, there were no significant 
differences (Fig. 6A; F17,918 = 1.49, p-value = 0.09). We then examined genotype OH43, 
which has a four-fold longer telomere compared to B73, and examined the potential var-
iation in telomere length between different sequencing libraries. OH43 was sequenced 
using 16 libraries that had a median telomere length of 6,705 bp, and there were no sig-
nificant differences in telomere length between the libraries (Fig.  6B; F15,1113 = 1.438, 
p-value = 0.122). For all 27 genotypes, none had significant differences in telomere 
length between sequencing libraries, highlighting the consistency of Topsicle-based 
length estimates between libraries (Additional file 2: Table S6; 5 genotypes had ANOVA 
p-value < 0.05 but these were not significant after multiple hypothesis correction).

Across the 27 genotypes, there was over tenfold variation in telomere lengths (Fig. 6C) 
where the shortest was 1010  bp in Mo18W and the longest was 11,745  bp in Mo17, 
with a mean telomere length of 5356 ± 25 bp (± standard error) and a median telomere 
length of 4130 bp. These telomere lengths were estimated without using a maize refer-
ence genome and selecting for reads with TRC values higher than 0.4 that were calcu-
lated using a 5-mer repeat sequence. Nine of the genotypes have been previously assayed 
with TRF to estimate their telomere lengths [92, 96], and Topsicle-based telomere 
length estimates were well correlated with TRF estimates (Fig. 6C; Pearson’s r = 0.81 and 
p-value < 0.0001; Spearman’s ρ = 0.95 and p-value < 0.0001). But Topsicle estimates were 
on average 1358.2 bp shorter compared to TRF-based telomere length estimates.

Length estimate from TRF will include subtelomere region sequences in addition to 
the telomere DNA. This could explain why TRF-based telomere lengths were longer 
compared to Topsicle-based telomere lengths. To test this, we conducted an in silico TRF 
analysis by using the highly contiguous genome assembly of maize genotype B73 [94]. 
Previously, the restriction enzymes AluI, HaeIII, and MboI were used to digest genomic 
DNA for the TRF protocol, resulting in a telomere length of 3.03 kbp for B73 [96]. We 
identified the cut site in the subtelomere region of the B73 genome assembly, and the in 
silico TRF telomere length was measured as the distance between the start or end of the 
chromosome and the cut site. Results showed the median telomere length of the in silico 
TRF was 2.86 kbp, which was 1.10 kbp longer than the Topsicle-based telomere length 
(Additional file 2: Table S7). This indicated TRF-based telomere lengths were longer due 
to the subtelomere regions being incorporated into the length measurement estimates.
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Applying Topsicle to Mimulus species with sequence heterogeneous telomeres

Recently, we discovered an intriguing case of telomere evolution occurring across 
three closely related Mimulus species (M. cardinalis, M. lewisii, and M. verbena-
ceus), where the telomere sequence had changed since the last common ancestor (~ 2 

Fig. 6  Application of Topsicle on maize long read sequencing dataset. A Telomere length estimates for the 
18 PacBio libraries for B73. B Telomere length estimates for the 16 PacBio libraries for OH43. C Boxplot of 
telomere length estimates for the 27 maize genotypes using Topsicle. The plot shows the telomere length 
estimates of reads from all sequencing Libraries of a genotype that passed a TRC cutoff of 0.4 calculated 
using a 5-mer repeat sequence. For the genotypes that were previously analyzed with TRF, the telomere 
length estimates are indicated with a red diamond
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million years ago) of the three species [68]. M. cardinalis and M. verbenaceus synthe-
size a telomere with a AAA​CCG​ repeat sequence, whereas M. lewisii has a telomere 
with a mixed AAA​CCG​ and AAA​CCC​G repeat sequence, suggesting the telomere 
sequence was turning over in M. lewisii. We analyzed the Nanopore sequencing data 
for each species [68] to test if Topsicle can also accurately estimate the length of a tel-
omere that has naturally varying sequence variation.

Because our initial analysis of A. thaliana Nanopore reads showed significant evidence 
of sequencing errors (Fig. 1B), we initially examined the telomere repeat k-mer profile 
from the reads aligning to the telomere regions for each Mimulus species (Fig. 7A). Spe-
cifically, for the AAA​CCG​ 6-mer telomere sequence, we examined the 4-mer telomere 
sequence and the terminating dinucleotide sequence, and for the AAA​CCC​G 7-mer 
telomere sequence, we examined the 5-mer telomere sequence and the terminating 
dinucleotide sequence. Results showed the Mimulus Nanopore reads from the telomere 
had different dinucleotide frequencies compared to A. thaliana Nanopore reads. Most 
noticeable was the absence of the mis-basecalling involving the AA and GG dinucleo-
tides observed in A. thaliana Nanopore reads, but there were Mimulus Nanopore read 
specific errors such as the AAA​CCG​ telomere repeat being mis-basecalled as AAA​CCA​ 
sequence. In M. lewisii, the k-mer frequencies were able to show the telomere reads had 
a mix of 6-mer AAA​CCG​ and 7-mer AAA​CCC​G repeats. For example, the 4-mer AACC 
is followed by the dinucleotide CG, and the 5-mer AACCC is followed by the dinucleo-
tide GA in M. lewisii but not in its sister species M. cardinalis or M. verbenaceus.

We estimated the telomere length of each species with Topsicle using the 4-mer of 
the AAA​CCG​ telomere repeat sequence and applying a TRC cutoff of 0.4. The telomere 
length of M. cardinalis was estimated as 2560 bp, M. lewisii as 3385 bp, and M. verbena-
ceus as 2590 bp (Fig. 7B). These estimates were very similar to the TRF-based telomere 
length estimates of 2543 bp for M. cardinalis, 3511 bp for M. lewisii, and 2594 bp for M. 
verbenaceus [68]. We then used Topsicle with varying k-mer sizes (4-mer, 5-mer, and 
6-mer of the AAA​CCG​ telomere repeat) and TRC cutoff (0.3 to 0.7) and estimated the 
telomere length for each species. Results showed telomere length estimates were largely 
consistent across the different parameters. However, using an exact match 6-mer AAA​
CCG​ telomere repeat underestimated the telomere length for M. lewisii at high TRC 
cutoffs (greater than 0.6); meanwhile, for all three species, there were no reads that 
passed a stringent TRC cutoff of 0.7 calculated using a 6-mer (Additional file 1: Fig. S13).

Performance of Topsicle on long read sequencing data from human genomics and cancer 

cell lines

Telogator2 [98] is a method that can analyze long read sequencing data from human tel-
omeres and estimate the length of the telomere. We compared the results from Topsicle 
and Telogator2 by applying each method to the Telo-seq dataset of Schmidt et al. [58], 
which had enriched long read sequences from the telomere region and estimated the tel-
omere length of each sequencing read for 10 cancer cell lines. We applied Topsicle and 
Telogator2 to estimate the telomere length from the long read sequences of each can-
cer cell line and compared it to the Telo-seq estimates. Results from both methods were 
highly correlated with the telomere length from Telo-seq (Fig.  8A), and Topsicle had 
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M. cardinalis M. lewisii M. verbenaceus

M. cardinalis M. lewisii M. verbenaceus

A

B

M. cardinalis M. lewisii M. verbenaceus
Fig. 7  Application of Topsicle on Mimulus Nanopore sequencing data. A Co-occurrence heatmap displaying 
the frequency of a telomere repeat. Top shows the telomere repeat 4-mer (original telomere repeat sequence 
is 6-mer AAA​CCG​) with all possible dinucleotide sequences that can be found at the end of the 4-mer. 
Bottom shows the telomere repeat 5-mer (original telomere repeat sequence is 7-mer AAA​CCC​G) with all 
possible dinucleotide sequences that can be found at the end of the 5-mer. Frequencies were counted from 
Nanopore reads that aligned to chromosome ends of the reference genomes of each respective species. 
B Boxplot of telomere length estimated from Topsicle. For each species, the TRF-based telomere length is 
indicated with a red diamond. Significant differences in Topsicle estimated telomere length after a Mann–
Whitney U test are indicated with *** (p-value < 0.0001)
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higher correlations for 9 of the cancer cell line datasets. Topsicle also had lower memory 
usage and computing time compared to Telogator2 (Fig. 8B and C).

We further evaluated the performance of Topsicle on human genomics data by com-
paring telomere length estimates to prior computational methods (i.e., Telogator2, 
k-Seek, Computel, and Telseq [32]). Telogator2 can analyze long read sequencing data; 
meanwhile, k-Seek, Computel, and Telseq can analyze short read sequencing data to 
estimate telomere length. We applied the computational methods on 10 human genomic 
samples [52] that were sequenced on either Pacbio or Illumina sequencing platforms. All 
computational methods were able to report the telomere length for each human sample, 
except for Telogator2, which did not estimate any telomere lengths for 6 out of the 10 
samples. Correlations between computational methods were highly positive and signifi-
cant (Additional file 1: Fig. S14). For Topsicle, its lowest correlation was with Computel 
(Pearson’s r = 0.896) and highest correlation was with Telogator2 (Pearson’s r = 0.944). 
The high correlations with prior methods suggested Topsicle was properly estimating 
the variation in telomere lengths for the human genomic dataset.

In addition, because of the ancestral telomere to telomere fusion of human chromo-
some 2 [99], we investigated if any interstitial telomeric sequences would have affected 
the Topsicle telomere length estimates for the 10 human genome samples. We com-
pared Topsicle telomere length estimates from analyzing all whole genome sequencing 
reads versus only analyzing reads aligning to chromosome ends. If interstitial telomere 
sequences were affecting the telomere length estimation, this would affect Topsicle 

Fig. 8  Comparing the performance of Topsicle and Telogator2 on long read sequences from human cancer 
cell lines. (A) Pearson’s correlation coefficient calculated by comparing telomere length estimates from 
Telo-seq and Telogator2 (green bars) or Topsicle (orange bars). Comparison of Telogator2 and Topsicle (B) run 
time and (C) memory usage
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estimates when reads from the whole genome sequencing data are used, since this data 
would be comprised of both true telomere originating reads and potential spurious 
interstitial telomeric sequence reads. On the other hand, reads sequenced from an inter-
stitial telomere sequence region should not be found on chromosome ends; for instance, 
the chromosomal fusion on human chromosome 2 created a head-to-head inverted 
fusion of a telomere sequence with degenerated flanking sequences [99]. A discrepancy 
between the telomere lengths estimated through whole genome reads versus chromo-
some end specific reads would indicate spurious effects caused by interstitial telomere 
sequences. Results showed (Fig. S15) the whole genome-based and chromosome end 
specific-based telomere length estimates had high positive correlation (Pearson’s r = 0.97 
and p-value < 0.001), indicating Topsicle estimates for the human genomic data were not 
affected by potential interstitial telomere sequences.

Discussion
The biological significance of telomere length variation has been of great interest to bio-
medical [100] and eco-evolutionary studies [101, 102], but a largely open question is why 
the telomere length varies between species or between individuals of the same species 
and what its function is. A major step towards addressing this question involves meas-
uring the length of the telomere in a wide range of organisms and through compara-
tive analysis of the length variation with varying life history strategies and traits [103, 
104]. Here we introduce Topsicle, a new computational method that takes advantage of 
the reads generated from long read sequencing platforms and estimates accurate and 
high-resolution telomere lengths from the sequencing data. The major advantages of 
our method is that it does not require a chromosome-level reference genome assem-
bly or an experimental step to concentrate telomere long reads, and it can be applied to 
any organism with a telomerase-based mechanism of extending short telomere repeat 
sequences at chromosome ends. Our method does require prior knowledge of the tel-
omere repeat sequence that will be searched across the sequencing library, but this can 
be determined from telomere sequence databases [105, 106] or the repeat motif can be 
identified de novo using tandem repeat detection methodologies [33, 107, 108]. Overall, 
we predict Topsicle would be a useful computational method for estimating the length 
of the telomere for many organisms and assist telomere biology studies that are aimed at 
understanding the biological significance of the length variation.

Topsicle can search the entire sequencing library to determine reads sequenced from 
the telomere–subtelomere region, which greatly increases the accessibility of estimat-
ing telomere length to whole genome sequencing data without any specialized require-
ments. Topsicle calculates TRC values for all long reads to search for high telomere 
repeat content in the start or end of the reads and uses those reads that pass a user-
defined TRC cutoff to calculate telomere length. Through this process, it is possible to 
include interstitial telomeric sequences [109, 110], which would result in false telomere 
length estimates. We recommend using a series of stringent TRC cutoffs and k-mer sizes 
to investigate the changes in the telomere length estimates; for example, as we discov-
ered in maize B73, a less stringent parameter for Topsicle resulted in an overestimation 
of telomere lengths. Topsicle is also able to analyze the telomeric regions of genome 
assemblies and complement the estimations made from raw long read sequences. 
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Though the accuracy of assembling a repetitive region such as the telomere is not clear, 
caution is advised in the analysis of genome assembly-based length measurements.

By using a change point detection method, Topsicle utilizes the underlying repeat den-
sity to detect rapid changes in telomere repeat content to estimate the telomere length. 
This sharp transition of telomere repeat to non-telomere sequence has been a commonly 
used metric for determining the end of a telomere [52, 57, 97], and we use the signal 
to demarcate the telomere–subtelomere boundary for telomere length estimation. We 
applied Topsicle on three example plant species that greatly differed in their genome size 
and the overall repeat content (i.e., A. thaliana and maize) or had naturally varying tel-
omere repeat sequences (i.e., Mimulus species group). Telomere lengths estimated from 
Topsicle were highly correlated with the gold standard TRF-based estimates, and in the 
case of Mimulus, the Topsicle-based estimates were nearly identical to the TRF-based 
telomere length estimates. On the other hand, for A. thaliana and maize, the lengths 
from Topsicle were often shorter (~ 1 kbp for A. thaliana and maize) compared to TRF-
based telomere length. Similar results have also been observed from long read sequences 
of human telomeres, where computational estimates were several thousand base pairs 
shorter compared to TRF estimates [111]. This can be partially explained by the method-
ology of TRF, where the restriction enzyme cut sites are aimed to digest the subtelomere 
region, and the extra subtelomere sequences will be included in the length estimates. 
It should be noted that the quality of the library preparation would affect the length 
estimate, and this could also explain the length discrepancy between Topsicle and TRF. 
Although, from our maize analysis, there were no significant differences between librar-
ies sequenced from the same genotype, suggesting minimal variation in length measure-
ments at least between sequencing libraries. A future study testing library preparation 
methods and the resulting Topsicle estimated telomere lengths could clarify our under-
standing of how much of the estimated telomere length variation arises from differences 
in generating the sequencing library.

Our analysis discovered the reads from the Nanopore sequencing platform had unique 
errors involving the telomere repeats that were not observed in the PacBio sequenc-
ing reads. Basecalling errors in Nanopore telomere reads have been detected in several 
organisms, including A. thaliana, where CCC​TAA​A were miscalled as CCT​GGG​ [73]. 
With our k-mer analysis, we also discovered CCC​TAA​A was miscalled as CCC​TAG​G 
(Fig. 1B) and we found additional errors involving the homopolymer repeat sequence. 
These errors can be fixed by re-basecalling the Nanopore data with a basecaller trained 
from a telomere model [73], but this is not always possible since high-quality ground 
truth sequencing reads from the telomere are required for the training, and the raw 
Nanopore sequencing signal data may not be available. Topsicle can overcome these 
sequencing errors by using smaller sized telomere repeat k-mers at different phases 
and count the telomere repeat sequence that is unaffected by the basecalling error. For 
instance, our analysis showed that by using a 4-mer telomere repeat, Topsicle estimated 
telomere length with the Nanopore sequencing data were not significantly different 
from the PacBio sequencing data for A. thaliana Col-0. But when using a perfect match-
ing 7-mer telomere repeat sequence on the Nanopore reads, the telomere length esti-
mates were significantly lower compared to the 4-mer telomere repeat based telomere 
length estimates. Our simulations showed that increasing sequencing errors resulted 
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in a reduction of telomere length estimates, suggesting telomere length estimates from 
Nanopore reads would be underestimated if the errors are not taken into account. In 
addition, naturally varying sequence heterogeneous telomeres are commonly found in 
eukaryotic telomeres [64, 101] and this would complicate computational methods esti-
mating telomere lengths. For instance, from our analysis, we discovered in M. lewisii, 
which has a sequence heterogeneous telomere consisting of both AAA​CCG​ and AAA​
CCC​G telomere repeats [68], its telomere length was underestimated when an exact 
matching AAA​CCG​ 6-mer repeat was used for length estimation. However, applying the 
strategy implemented in Topsicle and using a shorter telomere k-mer repeat, the Topsi-
cle based telomere length estimates were almost identical to TRF based telomere length 
estimates. This suggests using different sized k-mer repeats is a promising approach to 
estimate the length of telomeres in various scenarios.

Conclusions
In summary, Topsicle can accurately estimate telomere lengths from long read 
sequences. Importantly, it adds to the available telomere length measuring toolkits, 
especially by allowing the analysis of whole genome long read sequencing datasets with 
minimal requirements. We hope Topsicle would assist the computational analysis of 
telomere length in various organisms and facilitate our understanding of the telomere 
length variation.

Methods
Topsicle algorithm

The overall strategy of Topsicle involves (1) identifying telomere repeat k-mers in a 
sequencing read, (2) calculating the density of telomere repeats, and (3) using the den-
sity to estimate telomere length by applying a change point detection method. Topsicle 
accepts FASTQ/FASTA long read sequences and zipped versions of them as the input 
data, and these reads can be those that are aligned to chromosome ends (i.e., from tel-
omere and subtelomere region) or all whole genome sequencing reads. Initially, a basic 
quality control process is implemented where each read will be checked for a minimum 
length threshold (parameter -minSeqLength) and the initial sequences of the reads can 
be trimmed on both ends of the reads (designated by parameter -trimfirst) to remove 
potential adapter sequences.

Topsicle will then search for the user-defined telomere repeat sequence (parameter 
-pattern) and use the user-defined k-mer size (parameter -telophrase) to search for tel-
omere repeat patterns in all input reads. Reads that pass the TRC value cutoff (decided 
by user with parameter -cutoff) will be used for telomere length estimation. TRC value 
is measured for all input reads by checking the first or last 1000 bp of a sequencing read, 
and the side with the higher TRC value is chosen. TRC is calculated as the proportion of 
observed telomere repeat given the expected repeat count. For example, for the 6 base-
pair telomere repeat AAA​CCG​, a 1000 bp would expect to hold 166 repeats, and with 
a TRC cutoff of 0.4, it will only analyze reads with at least 66 repeats in the first or last 
1000 bp of a sequencing read. Reads that pass the TRC cutoff were subjected to a slid-
ing window analysis (parameter -windowSize determines size of the window and -slide 
determines the increment size), where in each window, it counts the total number of 
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k-mer repeats for all phases of the k-mer sequence. The average k-mer counts are then 
calculated for the window. To determine the telomere–subtelomere boundary, the k-mer 
count windows are scanned, and change point is detected using the binary segmenta-
tion algorithm [83] from the ruptures package [112]. A user-defined maximum telomere 
length filter can be implemented (parameter -maxlengthtelo) to remove potential inter-
stitial telomere repeats (e.g., maximum telomere length was set as 20 kbp for A. thaliana 
and Mimulus, while as 60 kbp for maize). Topsicle is written in Python3 and is available 
at https://​github.​com/​jaeyo​ungch​oilab/​Topsi​cle.

Simulation analysis

Performance of Topsicle was assessed through simulations that generated telomere 
reads with varying lengths and error rates. We constructed an artificial sequence rep-
resentative of the telomere–subtelomere region by repeating the A. thaliana telomere 
repeat sequence AAA​CCC​T multiple times and the remainder of the sequence filled 
with random nucleotides. Variable proportions of the telomere repeat were used for 
simulating long read sequences. We used PBSIM3 [113] on the artificial telomere–sub-
telomere region as a reference to simulate Nanopore long reads. Error rates were incor-
porated using the ERRHMM-ONT model with the parameter -accuracy-mean to adjust 
the overall accuracy rate of sequencing to 0.7, 0.8, and 0.9. Reads are simulated 30 times 
and tested for their telomere lengths with Topsicle.

Asymptotic TRC threshold calculation

For automatically deciding an appropriate TRC threshold, we implemented aan asymp-
totic method of  threshold determination. For each sequencing, we calculated the tel-
omere length and its TRC value. A quadratic function was then fit using the equation:

To calculate the asymptotic TRC threshold, we calculated the derivative of the quad-
ratic equation set to zero.

A. thaliana data analysis

Long read sequences from the two prior studies [85, 89] were downloaded from the 
Sequence Read Archive (SRA). For chromosome-end specific analysis, reads were 
aligned to the A. thaliana Col-0 chromosome-level genome assembly using minimap2 
[114] with options -L -ax map-ont for ONT sequences and -L -ax map-pb for PacBio 
sequences. Sequencing reads from chromosome ends were extracted from the sorted 
genome alignment BAM file using seqkit [115] and selecting for reads found in the first 
and last 4000 bp of each chromosome. We used Topsicle with parameters of a TRC cut-
off of 0.4 and using the 4-mer repeat (based on AAA​CCC​T) to estimate the telomere 
lengths from the whole genome sequencing data. k-Seek analysis was done with default 
parameters and searching for the AAA​CCC​T pattern, while for Computel we specified 

Telemere length = a × TRC2
+ b × TRC + c

Asymptotic TRC =
−b

2 × a

https://github.com/jaeyoungchoilab/Topsicle
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the genome size of 135 Mbp, number of chromosomes as five, and the telomere pattern 
as AAA​CCC​T.

Angiosperm data analysis

The List of 33 angiosperm plant species that were analyzed can be found in Additional 
file  2: Table  S3. We used Topsicle on the long read sequencing data searching for the 
5-mer of the AAA​CCC​T repeat sequence with a TRC cutoff of 0.7, minimum length for 
reads to be analyzed as 7 kbp, and the maximum telomere length as 50 kbp. For estimat-
ing telomere length with the short read sequencing data, similar to A. thaliana analysis, 
we used default parameters for k-Seek and with Computel, we specified genome size and 
number of chromosomes for each species accordingly.

Maize data analysis

Long read sequences of 27 maize genotypes [48, 95] were downloaded from Sequence 
Read Archive (SRA), then analyzed using Topsicle with the 5-mer repeat sequence 
(based on AAA​CCC​T) and a TRC cutoff of 0.4.

Mimulus data analysis

Mimulus reference genomes were downloaded from Mimubase (http://​mimub​ase.​org/). 
The genome versions of each species we used are as follows: M. cardinalis v2.0 (CE10g_
v2.0), M. lewisii v2.0 (LF10g_v2.0), and M. verbenaceus v2.0 (MvBLg_v2.0). The whole 
genome sequencing Nanopore data were downloaded from SRA under the identifier 
PRJNA1049363. For chromosome-end specific telomere length analysis, each species 
was aligned to its reference genome with similar procedures as in A. thaliana data analy-
sis, and we used Topsicle parameters of the 4-mer repeat sequence (based on AAA​CCG​
) and a TRC cutoff of 0.4.

Human genomics and cancer cell line analysis

The long read sequences from Telo-seq study [58] were obtained from SRA under the 
identifier PRJNA1040425. For each cell line, we randomly extracted 2000 reads that were 
reported to have telomere sequences from Schmidt et al. [58] and ran Telogator2 with 
option -r ont and -n 4; we ran Topsicle with parameters TRC cut off of 0.2, minimum 
read length of 3000 bp, and maximum read length of 50,000 bp. We also attempted to 
implement TLD [51] and TeloNum [53], which can also analyze long read sequencing 
data to estimate telomere lengths; however, in the case of TLD, the program could not 
be installed, and TeloNum would not estimate any telomere lengths in the dataset. Com-
puting time and memory usage were measured using the seff command available on the 
slurm environment.

For the 10 human genomics samples, we obtained the sequencing data using the SRA 
identifiers from Supplementary Table 2 of Stephens et al. [52]. The long read sequenc-
ing data were analyzed with Topsicle by searching for the 4-mer of TTA​GGG​ telomere 
repeat from reads that were longer than 7 kbp with TRC of 0.7 and the longest possi-
ble telomere length of 20 kbp. For the same long read sequencing data, Telogator2 was 

http://mimubase.org/
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executed using the default reference genome and parameter -r hifi for PacBio sequencing 
data. For the short read sequencing data, because Telseq and Computel are optimized 
for human sequences, we used default parameters, and k-Seek analysis was conducted 
by searching for the TTA​GGG​ repeat sequence. We also attempted to implement Tel-
omereHunter [37] and Telomerecat [36], but TelomereHunter could not be installed, 
and Telomerecat reported errors during its execution that we could not evaluate its 
performance.

Supplementary Information
The online version contains supplementary material available at https://​doi.​org/​10.​1186/​s13059-​025-​03783-4.

Additional File 1: Fig S1. Distribution of Telomere Repeat Countvalues from Nanopore sequencing long reads. In each 
panel TRC values were calculated using 4-mer, 5-mer, 6-mer, or 7-mer telomere repeat for the A. thaliana Col-0 Nano-
pore reads that were aligning to chromosome ends and visually categorized as Type I, II, or III reads. Fig S2. Telomere 
length estimates from the Nanopore sequencing or PacBio sequencing read data. Red stars indicate significant 
differenceafter Mann–Whitney U test. Fig S3. Distribution of Telomere Repeat Countvalues from PacBio sequencing 
long reads. In each panel TRC values were calculated using 6-mer or 7-mer telomere repeat for the maize B73 PacBio 
reads that align to chromosome end or all reads from the genome. Fig S4. Applying Topsicle on simulated dataset. 
Telomere length was estimated with Topsicle using the 5-mer, 6-mer, or 7-mer telomere repeat and TRC value cutoff 
of 0.4 on 30 simulated reads with error rates of 10%, 20%, and 30% for reads with varying length and proportion of 
telomere repeat. For each simulation the read length is indicated on the right side of the barand the length of the 
telomere repeat is on the left side of the bar. Fig S5. Applying Topsicle on simulated dataset with low sequencing 
errors. Telomere length was estimated with Topsicle using the 4-mer or 7-mer telomere repeat and TRC value cutoff 
of 0.4 on 30 simulated reads with error rates of 1%, 2%, and 5% for reads with varying length and proportion of 
telomere repeat. For each simulation the read length is indicated on the right side of the barand the length of the 
telomere repeat is on the left side of the bar. Fig S6. Scatter plot of telomere length estimates from 104 A. thaliana 
ecotype long read sequencing data. Telomere lengths were estimated using reads aligning to chromosome ends or 
from the whole genome sequencing data. Topsicle was used for length estimation with 4-mer telomere repeat and 
a TRC value cutoff of 0.4. Pearson’s r = 0.93 and p-value < 0.0001; Spearman’s ρ = 0.94 and p-value < 0.0001. Fig S7. 
Counts of the reads that were used by Topsicle to estimate telomere length. Each row corresponds to a long read 
sequencing data of an A. thaliana ecotype from the Kang et al.or Lian et al.study. Each cell is the number of reads 
used by Topsicle for length estimation using reads that were aligning to chromosome ends, reads that were selected 
from the entire whole genome sequencing data, or reads that were found in both cases. Fig S8. Scatter plot of the 
median Topsicle based telomere length of the 104 A. thaliana ecotypes and its genome sequencing statistics. Fig 
S9. Distribution of the difference in telomere length estimated by TRF and Topsicle for the 31 A. thaliana ecotypes. 
Fig S10. Correlations of 18 A. thaliana ecotypes with Topsicle, k-Seek, Computel, and TRF based telomere length 
estimates. * indicate significant after p-value < 0.05, ** indicate significant after p-value < 0.001, and *** indicate 
significant after p-value < 0.0001. Fig S11. Correlations of 33 angiosperm plants with Topsicle, k-Seek, Computel, 
and TRF based telomere length estimates. * indicate significant after p-value < 0.05, ** indicate significant after 
p-value < 0.001, and *** indicate significant after p-value < 0.0001. Fig S12. Correlation of telomere length estimates 
using the asymptotic TRC threshold or manual thresholdTRC cutoff. A. thaliana long read sequencing data from Lian 
et al.were used for the analysis. Fig S13. Boxplot of Topsicle based telomere length estimates for the three Mimulus 
species. Varying k-mer sizeand TRC cutoffs were used for estimating the telomere length. Fig S14. Correlations of 
10 human samples with Topsicle, Telogator2, k-Seek, Computel, and Telseq based telomere length estimates. * 
indicate significant after p-value < 0.05, ** indicate significant after p-value < 0.001, and *** indicate significant after 
p-value < 0.0001. Fig S15. Scatter plot of telomere length estimates from 10 human genomics data. Telomere lengths 
were estimated using reads aligning to chromosome ends or from the whole genome sequencing data. Topsicle 
was used for length estimation with 4-mer telomere repeat and a TRC value cutoff of 0.7. Pearson’s r = 0.97 and 
p-value < 0.0001.

Additional File 2: Table S1. Comparison of telomere length estimates from Topsicle analyzing genome assembly 
or raw long read sequences for Col-0, B73 and Mo17. Table S2. Telomere length statistics for the 104 A. thaliana 
ecotypes with short and long read sequencing data using TRF, Computel, k-seek and Topsicle. For Topsicle, the analy-
sis was done using reads that were selected from the entire whole genome sequencing data and reads that were 
aligning to chromosome ends. Table S3. Telomere length statistics for the 33 angiosperm plant species data and 
length estimation from short and long read sequencing data using Topsicle, k-Seek and Computel. Table S4. Propor-
tion of A. thaliana ecotypes with a chromosome specific telomere length over 104 ecotypes. Table S5. Topsicle based 
telomere length estimates for the sequencing Libraries of the 27 maize genotypes. Table S6. ANOVA F-statistic table 
for the 27 maize genotypes testing variability in telomere length between sequencing libraries. Table S7. In silico TRF 
analysis on maize B73 genotype by identifying expected cutting point of restriction enzymes, Topsicle estimation, 
and the difference between in silico TRF and Topsicle.
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