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Abstract

Tandem repeats (TRs) play essential roles in a variety of biological functions, and their abnormal expansions are significantly implicated in
phenotypic variation and cause >60 human diseases. However, long TR regions cannot be reliably detected using short-read sequencing,
and long-read sequencing enables accurate genome-wide detection of TRs. In recent years, various computational tools have been
developed to detect and genotype TRs from long-read data. In this survey, we systematically categorize and review 39 computational
tools designed for TR detection, visualization and functional interpretation. We discuss their strengths and limitations for TR detection
from long-read sequencing data, highlighting current challenges and future directions to advance long-read TR detection methodologies.
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Introduction

Tandem repeats (TRs) are directly adjacent repetitions of specific
nucleotide motifs in genomes. For example, the trinucleotide motif
‘CAG’ repeated consecutively forms a TR (Fig. 1A). Based on the
sizes of TR motifs, TRs could be grouped into three categories [1],
microsatellites (or short tandem repeats or STRs with motif lengths
of 1-9 bp), minisatellites with motif lengths of 10-99 bp and satellites
with motif lengths >100 bp. Microsatellites and minisatellites are
collectively known as variable number of tandem repeats (VNTRs)
[1]—please note that in some published works [2, 3], VNTRs solely
refer to minisatellites. TRs constitute ~6% of the human genome [4],
and are among the most dynamic and mutable regions, accounting
for >70% of structural variants [5, 6] longer than 50 bp. These
TRs regulate gene expression [7-12], influence chromatin structures
[13-16] and affect genome stability [17-19]. For example, increasing
STR length in promoter regions is associated with altered gene
expression variability in Saccharomyces cerevisiae [8], and STRs
contribute to gene expression variation [7, 10, 12] at a genome-
wide scale in humans [11]. Disease-associated STRs have also
been found to co-localize with chromatin domain boundaries [13],
and satellite TRs can influence chromatin architecture, inducing
paramutation [14] and promoting heterochromatin establishment
and spreading [16]. In addition, AT-dinucleotide repeats, as well
as CAGAGG and CACAG motifs, have been shown to drive fragile

site formation [17] and serve as structure-forming sites of fork
collapse [18, 19].

TRs exhibit high polymorphism across individuals and populations
[20] and are promising markers to study complex traits [21], genetic
diversity, population structure, evolutionary dynamics as well as
human disorders. For example, the expansions of specific TRs
are known to cause over 60 human disorders [22-39], including
Huntington’s disease [1], fragile X syndrome [1], various spinocerebel-
lar ataxias [1] and cancer [40]. The list of repeat expansion disorders
(REDs) continues to grow [41]. In many neurological REDs, the number
of motif units in TR regions inversely correlates with disease onset age
and positively with disease severity: larger expansions usually lead
to earlier and more severe disease manifestations [42, 43]. Expanded
TRs in coding or regulatory regions can influence the stability, splicing
and translation of RNA molecules, and lead to toxic RNAs or aberrant
proteins when expanded beyond normal thresholds. In summary,
TRs have been recognized as biologically and clinically important
genomic variants, serving as promising therapeutic targets and
diagnostic/prognostic biomarkers in clinical diagnostics [44], forensic
analysis and paternity testing [45]. Thus, there is an urgent need to
determine TR expansion locations and quantify TR repeat counts for
individual genomes.

TRs can be detected by several approaches, including Southern
blotting [46], Sanger sequencing [47], polymerase chain reaction
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Figure 1 Tandem repeats (TRs) and their haplotypes. (A) Schematic illustration of a trinucleotide tandem repeat and its expansion or contraction.
(B) Representative examples of three types of complex TRs. (C) Example of a homozygous TR with five repeat units on both alleles. (D) Example of a
heterozygous TR with five repeat units on the paternal allele and eight repeat units on the maternal allele.

(PCR) [48], optical genome mapping [49] and various short-read
sequencing techniques [50-57]. However, these approaches have
their own inherent limitations. The first three traditional experimental
approaches are useful to validate TRs at a known locus, but they are
labor-intensive, gene-specific, and cannot be used for genome-wide
applications. Short-read sequencing could overcome this limitation
and enable genome-wide TR profiling. Thus, various short-read based
TR detection tools are developed [50-57] including de novo detection
tools like ExpansionHunter Denovo [51], STRling [52] and superSTR
[53]. But short-read sequencing is limited by read lengths (typically
100-200 bp), which are often insufficient to span long or complex
TRs; As a result, short-read based TR tools cannot reliably detect
large TR expansions that often have the greatest biological impact.
Optical genome mapping [49] is an alternative strategy to detect
longer TRs. But optical genome mapping does not provide nucleotide-
level resolution and may yield imprecise estimates of repeat
lengths.

In contrast, long-read sequencing techniques, i.e. single-molecule
real-time sequencing (SMRT) from Pacific Biosciences [58, 59] and
Oxford nanopore technologies [60, 61] (ONT), overcome these lim-
itations. These long-read platforms generate reads spanning hun-
dreds or tens of thousands of bp, allowing direct measurements of
complete TR regions and their flanking regions. Long reads thus
enable accurate TR sizing, motif detection as well as improved align-
ment quality in low-complexity TR regions. As long-read sequencing
has become more prevalent in the last several years, the impor-
tance of TR detection has gained increasing attention particularly
in the context of long-read sequencing techniques. For example, in
2024, TRGTdb was built on 100 Pcbio HiFi sequencing data [5] to
study genomic and population-wide variability of 937 122 TRs. Sim-
ilarly, hundreds of ONT genomes have been investigated to compre-
hensively catalog human genetic variations including TR variants
[62]. In 2025, a large-scale study characterized 3.6 billion TR alleles
from 1027 long-read genomes to explore genome-wide patterns of TR
pathogenicity [63].

This long-read advancement has catalyzed the development of 24
computational tools for TR detection and quantification using long-
read data. Several publications that discussed the recent progress of
TR characterization [64, 65] included a summary of long-read TR
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Figure 2 Categorization logic for different TR-associated tools especially
for TR detection using long reads. Oval circles: categorization criteria;
rectangles: tool categories. TR: tandem repeats.

detection tools but only with at most 10 tools reviewed. A compre-
hensive survey of long-read TR detection tools is urgently needed to
guide future tool development, maximize effective utility of expanding
long-read datasets, and facilitate large-scale TR studies. In this review,
we systematically summarize computational tools for TR detection
using long-read sequencing as well as tools for TR visualization and
functional annotation according to the categorization criteria in Fig. 2.
The detailed comparison (Supplementary Table S1) of these tools will
help researchers and developers to select appropriate strategies and
drive the development of next-generation TR detection tools optimized
for long-read data.


https://academic.oup.com/bib/article-lookup/doi/10.1093/bib/bbag031#supplementary-data

Categories of tandem repeat detection tools

TR detection tools can be grouped according to their input require-
ments and algorithm design, as illustrated in Fig. 2. Based on whether
the tools require predefined TR loci, these tools can be categorized into
catalogue-based tools that focus on characterizing predefined known
TR sites (typically derived from reference genomes), and de novo
detection tools that do not require prior knowledge of TR locations
and are designed to identify novel or uncatalogued TRs directly from
the input data. Based on input data type, these tools can be categorized
into read-based tools that operate directly on long reads, signal-based
tools that work on ONT sequencing signals, and assembly-based tools
that analyze assembled sequences (e.g. contigs or reference genomes).
Assembly-based tools typically analyze reference genomes, and while
they are not considered as a primary focus of this review, we still
briefly discuss them because they are incorporated as a core compo-
nent into several read-based tools.

Most detection tools are read-based that can be further catego-
rized by their core detection strategies into two groups: (i) hidden
Markov models (HMM)-based tools, which use HMM to infer TR
boundaries, motifs, or repeat counts in a probabilistic framework,
and (ii) realignment-based tools, which rely on customized alignment
strategies (e.g. to decoy references, flanking regions, or profile models)
to improve TR boundary resolution and repeat quantification.

Based on this classification, we will discuss and highlight detection
strategies, different capabilities, limitations, and intended use cases of
existing TR detection tools, as shown in Table 1.

Assembly-based detection of de novo tandem repeats

Assembly-based detection tools require input sequences derived from
assembled genomes or reference genomes. These tools identify the
location and motifs of TRs directly from the input sequences. Most
are designed for de novo TR discovery, particularly to catalogue TRs
in reference genomes. They can also be applied to contigs or scaf-
folds generated by assembly tools. These tools can be broadly catego-
rized into three common algorithmic types, although other specialized
approaches also exist.

One type of detection strategies is pattern recognition, such as Pho-
bos [67], Tandem Repeats Finder (TRF) [70], mreps [66], vamos [73],
TRStalker [72], and XSTREAM [75]. These tools treat DNA sequences as
a string and detect TRs and their motifs using combinatorial pattern
matching. They scan the entire input sequences for adjacent TR units
of varying motif size and use a certain degree of mismatches between
TR units to detect adjacent TR units that either match exactly or
approximately. The difference is that TRF [70] uses a probabilistic
scoring system to penalize mismatches including indels, while mreps
[66] use Hamming distance to tolerate k-mismatches. The second type
of tools is to use self-alignment of input sequences (like Ribbit [68]
and Dot2dot [69]) or between local adjacent regions (tandemSWAN
[71]). These tools conduct alignment between an input sequence to
itself or its compressed sequences to identify self-similar regions.
When visualizing the alignment as dot-plot, TR regions demonstrate
diagonal stripes parallel to the main diagonal. These two types of
tools usually perform well on clean and low-error sequences from
reference genomes or assembly sequences, but they are not suitable
for noisy long-read data. The third type of detection algorithms is
wavelet analysis [74]. These tools convert DNA sequences into numer-
ical vectors based on frequency profiles of each nucleotide type in
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the input sequences, and apply wavelet transforms and image seg-
mentation for TR detection. This method can detect TR regions with
diverse or imperfect motifs, including low-complexity or degenerate
regions that may not be captured by string-based methods. However,
it requires manual parameter tuning, such as fixed energy thresholds
and color channel selection, and thus may not generalize well across
different genomic contexts. It also relies on energy thresholds and
visual segmentation rather than nucleotide-level alignment, leading
to poor base-level precision in defining repeat boundaries.

In summary, assembly-based tools are effective for curated or
assembled sequences, but they cannot directly analyze diploid or
polyploid genomes with multiple haplotypes unless haplotypes are
resolved prior to analysis. They are often used as components within
more complex long-read TR detection pipelines discussed below.

Long-read tools for catalogued tandem repeat
detection

Most TR detection tools for long-read sequencing data are designed
to detect TR regions at known or catalogued TR loci. These tools
typically require two main inputs: an alignment file of long reads
and a predefined TR locus including genomic coordinates and motif
information. Alignment files in BAM format are usually generated by
using long-read specific aligners, e.g. minimap2 [105], to map long
reads for an individual sample to a reference genome.

Then, these tools detect TRs following a three-step pipeline as shown
in Fig. 3. First, for an input TR locus, candidate reads aligning to the TR
region usually including flanking sequences are extracted. Second, the
extracted reads are processed using different algorithms to identify TR
boundaries and TR repeat counts for each sequenced read. Third, TR
counts from multiple reads are aggregated for the TR locus to genotype
TR repeat counts for each haplotype. Gaussian Mixture Model (GMM)
or hierarchical clustering is used to infer the most likely TR repeat
counts for the input samples. The output typically consists of two iden-
tical TR counts for a homozygous TR locus (Fig. 1C) and two distinct TR
counts for a heterozygous TR locus (Fig. 1D). If the input contains a list
of predefined TR loci, this detection process is repeated for each TR
locus. In this process, the key challenge is the accurate identification
of TR boundaries within each read, particularly distinguishing the
TR region from its flanking sequences. This step strongly influences
repeat count estimation and downstream genotyping accuracy. To
address this challenge, four main strategies are adopted in different
tools for TR boundary identification, which will be described in detail
below.

Read-based hidden Markov model strategies

HMMs are a powerful probabilistic framework to model sequential
data with underlying hidden structures. In an HMM, a sequence of
hidden (unobserved) states emits a sequence of observable outputs,
with both state transitions and emissions controlled by probability dis-
tributions. HMMs are particularly effective for noisy or imperfect data,
making them well-suited for TR detection in long-read sequencing
where error rates are high and motif boundaries may be ambiguous.
Inlong-read TR detection, long reads serve as the observed data, while
the underlying TR structures, such as TR motif content, repeat units
and TR boundaries, are modeled as hidden states. Then, HMMs can be
used to infer the start and end positions of TRs in long reads, TR motifs,
and/or TR repeat counts per read.
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Table 1 The summary of TR-associated tools. Tools are categorized according to the criteria in Fig. 2. TR: tandem repeats.

Category

Assembly-based de novo
TR detection

Read-based HMM
detection for
catalogued TRs

Decoy-sequence
realignment detection
for catalogued TRs

Other read realignment
strategy for catalogued
TRs

Signal-based detection
for catalogued TRs

Read-based de novo TR
detection

TR visualization

Functional prediction of
TRs

Several TR detection tools have leveraged HMMs to perform accu-
rate, flexible, and error-tolerant TR identification, including adVNTR
[76], code-adVNTR [77], LongTR [78], RepeatHMM [80], PacmonsTR
[79], TRGT [81] and TRGT-denovo [82]. These tools apply HMM on
each extracted long read that is aligned to the TR locus input and
then genotype TRs for each allele. The difference is how they train
or use HMM for TR detection. RepeatHMM [80] uses HMM to infer
TR boundaries and then calculates TR repeat counts in each long
read, while PacmonsTR [79] applies global alignment to localize TR
boundaries and then uses pair-HMM to estimate TR repeat counts in
the regions defined by TR boundaries. In contrast, TRGT [81] and TRGT-
denovo [82] apply HMM to interpret complex TR structures, while

Tools

mreps [66], Phobos [67],
Ribbit [68]/Dot2dot [69],
TRF [70], tandemSWAN [71],
TRStalker [72], vamos [73],
wavelet analysis [74],
XSTREAM [75]

adVNTR [76], code-adVNTR
[77], LongTR [78],
PacmonsTR [79],
RepeatHMM [80], TRGT [81],
TRGT-denovo [82]

NanoMnT [83], NanoRepeat
[84], NanoSTR [85], STRdust
(in pathSTR) [86]

ATaRVa [87], Repeat
Detector (RD) [88],
Tandem-genotypes [89],
TRcaller [90], TREAT [91]

DeepRepeat [92],
NanoSatellite [93], STRique
[94], WarpSTR [95]

MotifScope [96], RepLong
[97], Straglr [98], TRiICoLOR
[99]

ModDotPlot [100], pathSTR
[86], StainedGlass [101]

deepSTR [102], STRAS [103],
REXPRT [104]

Strengths

v/Robust genome-wide
TR annotation

v Capable of discovering
novel TR loci

v/Robust with
sequencing errors
v/Can handle complex
TRs with known motifs
v/High genotyping
accuracy

v Better tolerance for
extensive
insertions/deletions
(indels) within TRs
v/Improve resolution and
accuracy of TR boundary
identification

v Higher computational
efficiency

v/ Work better with
longer TR regions

v/ Work better with
higher sequencing errors

v Capable of identifying
novel, individual-specific,
or uncatalogued TR loci
in genomes

v Visualize TR structures
v'Investigate TR
distribution.

v Assesses the
pathogenicity potential
and regulatory impact of
TR variation

v Filters for biologically
relevant candidates

Limitations

v/ Cannot handle
sequencing errors
VLimited by assembly
availability and quality

v Difficult to scale to
longer TR expansions
v'Model initialization is
sensitive

v'Need known TR loci

v Computationally
expensive and
time-consuming for
ultra-long TR regions

v/ Only work with perfect
repeat

v'Need known TR loci
vLess robust for complex,
highly degenerate, or
high-error long-read data
v Low accuracy for motif
resolution

v'Need known TR loci

v Extremely high
computational resource
requirements
v/Susceptible to signal drift
v Relies on ONT
technology

v High time and space
complexity

v Higher false positive
rate, requiring complex
post-processing and
validation

v/ Do not perform TR
detection or genotyping
v/Serve only as an ancillary
tool

v'Model accuracy and
interpretability depend on
the quality of training data
v Prediction results still
require experimental
validation

Applications

v/ Annotation of reference
genome or contigs

v Allele information of TRs
is not required

v/ Accurate TR estimation

v/ Know TR loci
v/Sequencing data is
available

v'Need precise genotyping

v/ Know TR loci
v/Sequencing data is
available

VTR repeat regions are
not very long

v/ Know TR loci
v/Sequencing data is
available

v'Rapid screening for TR
variations

VTR length estimation
when extreme motif
precision is not required
v/ Know TR loci
v/Sequencing data and
ONT signal data are
available

v/Sequencing data has
higher sequencing errors
v/ TR loci are unknown
v/Sequencing data is
available

v Discovery of novel TRs

v/Result validation after TR
detection or genotyping

v Population or individual
specific TR investigation

v Prioritization and
functional annotation of
large volumes of
genotyped TR variants

v Assessing clinical
relevance

adVNTR [76] and code-adVNTR [77] train locus-specific HMMs for a
known VNTR and align long reads with the trained HMM to infer
TR repeat counts with high accuracy for targeted VNTR loci. Different
from other tools which detect TR counts and then perform genotyping,
LongTR [78] first identifies haplotype sequences to represent possible
haplotype-sensitive TR structures, and then uses HMM to align reads
to these candidate haplotypes to determine haplotype-specific TR
repeat counts.

By incorporating HMMs, these tools can handle sequencing errors,
model motif variability, and improve TR repeat count estimation.
However, HMM models have several limitations. First, HMM might
not capture long-range dependencies [106] and cannot scale well for
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of TRs in biological functions. TR: tandem repeats.

longer TRs or TR motifs. Second, HMM is sensitive to initialization
and parameter tuning, leading to suboptimal detection performance
for generalized detection of diverse TR motifs [107], unless specific
HMMs are designed for each targeted TR loci [76, 77] or sequenc-
ing technique-specific HMMs are trained [76]. Third, standard HMM
struggles to model complex TR regions [80], while heuristic strategies
are designed [81].

Read-based decoy-sequence realignment strategies

TR regions in sequenced long reads exhibit two notable character-
istics: greater variability in TR repeat counts and high-error rates

compared to their flanking and confidently mapped genomic regions.
Higher variation in TR repeat counts usually leads to large insertions
or deletions during long-read alignment, while elevated sequencing
errors can cause alignment issues to accurately map long reads across
boundaries. Both compromise alignment quality and the estimation
of TR repeat counts. To address these issues, several tools conduct
realignment of extracted TR-candidate reads against custom reference
sequences (decoy sequences).

Based on the observation of repeat count variability, tools like
NanoRepeat [84] and NanoSTR [85] construct decoy reference
sequences that contain the flanking regions as well as simulated TR
segments with predefined repeat counts. Then, they realign extracted
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reads of a TR locus to a library of decoy sequences and use the best-
matching decoy to determine TR boundaries and repeat counts. These
tools can tolerate indels and errors within TRs better than standard
genomic alignment tools. But a major limitation of these tools is the
computational cost to detect longer TR regions with thousands of
TR repeat counts: a large number of decoy sequences need to be
generated, and the realignment process is time consuming.

Alternatively, based on the observations that TR regions tend to
have higher error rates than flanking regions especially on ONT data,
tools such as STRdust in pathSTR [86] and NanoMnT [83] generate
decoy reference sequences consisting of the left and right flank regions
of a TR locus without TR regions. They realign extracted reads to the
decoy sequences to determine TR boundaries in a long read and then
TR repeat counts are calculated accordingly for genotyping. While
these tools avoid generating extensive decoy libraries and are more
computationally efficient, they do not account for the content of the TR
region itself, and therefore cannot resolve complex TR motifs and the
estimation of TR repeat counts may be imprecise especially for noisy
long reads and interrupted TRs. These tools are also sensitive to the
alignment quality of flanking sequences, while reads with longer TR
regions often have short flanking sequences which lead to low-quality
alignment.

Read-based other realignment strategies

Instead of generating decoy reference sequences with varying repeat
lengths, several tools employ customized realignment strategies to
more efficiently determine TR boundaries in long-read sequencing
data. These tools endeavor to use specialized tools to realign extracted
reads for a TR locus so that original alignment issues caused by
TR expansion/contraction are reduced. For example, Repeat Detector
(RD) [88] uses pfsearch to align long reads to predefined motif-based
profiles. The profiles model TR structures and sequencing errors, motif
variability, or partial motif units. Tandem-genotypes [89] uses last-
split, a split-read aligner from the LAST aligner suite, to support split-
read alignment. This method is particularly effective at detecting large
insertions or deletions caused by TR expansions or contractions. By
aligning reads in segments before and after TR regions, last-split can
preserve high-confidence alignment across TR boundaries and esti-
mate the size of intervening TR segments, even when the full repeat
content cannot be directly aligned due to its length or complexity.

In contrast, tools like ATaRVa [87] and TREAT [91] conduct realign-
ment against only flanking regions of a known TR locus to determine
TR boundaries in long reads. They identify TR boundaries based
on where long reads cease to align to upstream flank regions and
begin to align to downstream flank regions, and consider intervening
unaligned regions as TR regions. These tools are computationally
efficient, but they share key limitations with the second type of decoy-
based realignment strategy: they cannot robustly handle complex
or highly error-prone TRs, nor precisely estimate TR repeat counts,
especially for long or imperfect TRs. By comparison, TRcaller [90]
takes a different strategy: it determines TR boundaries according to
the alignment in a BAM file, extracts corresponding TR segments
and compares extracted segments to repeat motif sequences for TR
genotyping. TRcaller substantially reduces analysis time but relies on
alignment quality in input BAM files.

Signal-based detection strategies

In addition to basecalled reads, ONT technique generates the changes
of ionic current signals (referred to as ONT signals) which capture

electrical disruption when DNA or RNA molecules pass through
nanopores. ONT signals contain rich and fine-grained information
that might be lost after basecalling, and basecalling accuracy tends
to be lower in low-complexity regions, such as TR regions, limiting
precise TR detection of read-based tools that rely solely on basecalled
reads. To overcome this limitation, several specialized tools are
designed to detect TRs via direct analysis of ONT signals. These tools
usually first perform ONT basecalling to generate long reads, and
then conduct anchoring of ONT signals to basecalled sequences so that
each base (precisely, a 5-mer in the R9.4 chemistry) is associated with a
corresponding segment of ONT signals. After that, they conduct signal-
based comparisons for those reads aligned to a TR locus to determine
TR regions and estimate TR repeat counts within individual reads.

These signal-based detection tools often differ in how they compare
ONT signals for TR detection. STRique [94] employs a profile HMM
to align real ONT signals with predefined expected signals of TR
sequences, while NanoSatellite [93] and WarpSTR [95] use dynamic
time warping (DTW) to compare ONT signals against reference signals.
These three tools rely on precomputed reference signal templates
rather than deriving TR signals from input files, which may introduce
detection bias particularly when actual TR structures in input files
deviate from reference signals. To address this issue, DeepRepeat
[92] adopts a reference-signal-free approach by exploiting the self-
similarity of ONT signals across adjacent repeat units within the
same read. It applies a deep convolutional neural network model to
learn and recognize TR signal patterns directly from the input data,
potentially improving sensitivity and robustness of TR detection.

These signal-based tools enhance TR detection, especially in those
regions where basecalling is unreliable. However, they come with
three trade-offs. First, ONT signals are usually 10 times larger than
basecalled read data, leading to significantly higher computational
demands in both storage and data processing. Second, signal data is
affected by signal drift, scaling differences and batch effects across
sequencing runs and chemistries, requiring careful calibration to
avoid the detection of non-TR patterns. Third, ONT basecalling accu-
racy continues to improve with advances in deep learning models and
chemistry updates (e.g. R10.4.1), gradually reducing the need for ONT
signal analysis for many, though not all, TR loci. In summary, signal-
based TR detection tools offer unique advantages in quantifying TR
regions particularly in regions where basecalling fails. However, due
to their computational intensity and improving quality of basecalled
reads, these tools are best used selectively, such as in the analysis of
difficult-to-resolve loci.

Read-based detection of de novo tandem repeats

Most long-read TR detection methods described above require prede-
fined TR loci as input. As a result, they are unable to detect novel, rare,
individual-specific or population-specific TRs, especially in understud-
ied species or non-model organisms where comprehensive TR cata-
logs are lacking. To address this limitation, several de novo TR detection
tools have been developed, including RepLong [97], MotifScope [96],
Straglr [98] and TRiCoLOR [99]. These tools investigate long reads
without requiring known TR loci. Instead, they identify TRs on long
reads or within unmapped or inserted regions of alignments in a
reference-free or partially reference-guided strategy. After identifying
TR regions and estimating read-level TR repeat counts, some tools
proceed to genotyping using reference alignment, while others output
per-read TR counts without further genotyping.



The major difference in these tools is TR detection methods. Rep-
Long [97] performs pairwise alignments between long reads to iden-
tify overlapping regions enriched in repeated sequences, constructs
a read-overlap network, and applies community detection algorithms
to cluster reads sharing similar TR structures. This approach relies on
the redundancy of TRs across reads, and thus is sensitive to high error
rates in long reads. MotifScope [96] uses k-mer frequency analysis to
detect local enrichments of repeated k-mers, which can indicate TR
presence in a long read. However, its performance suffers from long-
read noise. These two methods leverage overlapping TR content across
long reads, and tend to have low boundary resolution, particularly in
the presence of motif interruptions or non-uniform repeat patterns.
Instead, Straglr [98] assumes that TR expansions often appear as
insertions, and identifies large insertions from the alignment of long
reads. It then applies TRF [70] to identify TR regions in the inserted
sequences. However, Straglr is highly dependent on accurate insertion
detection and on TRF’s capability of tolerating long-read sequencing
errors. Thus, Straglr is not robust across all repeat types or error
profiles.

Different from the tools above, TRiCOLOR [99] takes a hybrid
approach for de novo TR discovery. It first calculates Shannon entropy
across reference genome regions to identify low-complexity, TR-rich
segments. It then constructs consensus sequences from aligned reads
over each detected TR-rich region, and applies an approximate string-
matching approach to identify repeat patterns. While this method can
detect novel TRs, it has several limitations. (i) It still relies on TR regions
from reference genomes, reducing its utility in unassembled regions
or nonreference alleles in diverse populations as well as in non-model
organisms. (ii) Shannon entropy is a coarse measure of sequence
complexity, leading to false positive and false negative TR detection
from reference genomes. (iii) Pattern-matching approach cannot
handle complex TR structures. (iv) It relies on accurate consensus
sequence generation, which is often challenging in repetitive regions
due to alignment ambiguity, high error rates, and heterogeneity of
repeat length.

In summary, these de novo methods are useful to explore TR diver-
sity in long-read datasets. But their performance varies depending on
TR structures, sequencing error profiles, and the availability or quality
of reference information. Each tool faces specific trade-offs in terms of
detection accuracy, boundary resolution, and robustness to noisy or
complex regions.

Tandem repeat visualization

TR regions can be visualized at the single-read, consensus sequence or
reference sequence level to better understand their structure, period-
icity, and variability. One effective method of visualization is through
self-similarity plots (like StainedGlass [101] and ModDotPlot [100])
where each sequence is compared against itself to reveal internal
repetitive patterns. In these plots, TR regions appear as off-diagonal
parallel lines that shift consistently from the main diagonal. These
visual signatures are useful for identifying TRs with consistent or
imperfect motif structures, including compound, nested, or inter-
rupted repeats. These visualization signatures are similar to what
the assembly-based TR detection tools like Ribbit [68] and Dot2dot
[69] do. However, these tools often operate on assembled or refer-
ence sequences or polished consensus sequences, since high error
rates in raw long-read data obscure TR patterns in self-similarity
plots.
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Alternatively, pathSTR [86] is designed to operate at the individual
genome level, with a focus on both TR visualization and comparative
analysis. It generates multiple plot types to illustrate TR length distri-
butions, individual genotypes, and deviations from population distri-
bution. pathSTR [86] is designed to work with TR genotyping outputs
from existing TR detection tools and provides insightful visualizations
to assess TR variability and detect outliers.

Tandem repeat functional prediction

Given that TRs play crucial roles in various biological processes and
are known to cause dozens of human disorders, several computational
methods have been developed to predict the functional impact of TR
variants. They take TRs and/or their expansion as input to machine
learning algorithms or statistical approaches to predict how TRs are
associated with biological functions or human diseases. For example,
STRAS [103] and REXPRT [104] apply machine learning approaches
to assess the pathogenic potential of TR expansions at specific loci.
They trained classifiers to predict whether a given TR expansion is
likely to be pathogenic or benign, after incorporating features such
as genomic context, conservation, and known disease associations.
deepSTR [102] introduces a deep learning model that specifically
predicts TRs that are likely to influence transcriptional regulation, par-
ticularly those located near transcription start sites. It learns sequence
patterns associated with TR-mediated transcription initiation in the
Cap Analysis of Gene Expression (CAGE) data from the FANTOMS5
consortium [108], providing insight into how certain TR variations
may influence transcriptional regulation.

Instead of using machine learning algorithms, pathSTR [86] focuses
on population-level variation and comparative analysis. It leverages
a database of TR allele distributions derived from a large control
cohort to compare an individual TR profile against population-level
distributions. By identifying abnormal TR expansions and outlier TRs,
pathSTR can flag TR candidates that may be biologically relevant or
associated with disease phenotypes. Thus, pathSTR is powerful to
screen pathogenic TR expansions and understand population-level TR
variation.

In summary, these machine learning and population-informed tools
reflect a growing recognition that TR variation is widespread and
functionally important. They can significantly enhance TR interpre-
tation in the context of health and disease studies.

Discussion and conclusion

In this review, we discussed 24 computational tools for TR detection
using long reads. We systematically categorized these tools according
to their input requirements (e.g. basecalled reads, ONT signals and
assembled contigs as well as predefined TR loci) and core detec-
tion strategies (e.g. HMM, pattern recognition and realignment). For
each group, we discussed the core algorithms, tool-specific variations,
detection strengths and limitations. We found that most existing tools
are designed for catalogue-based detection, relying on predefined
TR loci and being incapable of discovering truly de novo TRs. They
thus have limited applications in personalized genomics, rare vari-
ant detection, and the study of population-specific or species-specific
repeats. HMM-based frameworks and realignment strategies have
been the dominant approaches for read-based tools over the past
decade, while string-based pattern recognition remains more com-
mon in assembly-based analyses.
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Applications of different tools

These tools can be applied depending on the domain requirements.
First, to detect novel TRs when allele-specific resolution is not needed
and assembly contigs are available, assembly-based tools are appro-
priate. If assembly data are unavailable or allele-specific detection is
required, read-based de novo TR tools can instead identify previously
uncatalogued TRs with allele-level detail. Second, when ONT raw sig-
nal data are available and higher precision is desired, signal-based TR
tools offer improved accuracy. Third, for simple and relatively short TR
regions, decoy-sequence realignment tools can provide more accurate
TR calls. When TR lengths or repeat structures are unknown, HMM-
based TR tools serve as a more general and flexible solution. More
details are discussed in Table 1 as well as in Supplementary Table S1.

Evaluation of tandem repeat detection

To assess the accuracy of TR detection, computational tools typi-
cally estimate repeat counts for a set of known TR loci and compare
these estimates with benchmark values. Accuracy is usually quantified
using the absolute difference between the estimated and benchmark
repeat counts, and smaller differences suggest better performance.
Benchmark repeat counts can be established using several strategies:
(i) Simulated TR sequences with predefined repeat counts [76, 77,
80, 85, 88-90, 92, 94, 98, 99]; (i) Experimental determination using
Sanger sequencing or high-quality Illumina short reads or PacBio HIFI
reads, which have low error rates [80, 82, 84, 87]; (iii) Repeat counts
inferred from assembly contigs after error correction using both short-
and long-read sequencing data [83, 84, 91, 92, 97]; (iv) Phenotype-
linked validation, in which predicted repeat counts are evaluated
based on known TR-expansion disease loci [76, 77, 80, 86, 88, 90-92,
96, 98, 103, 104, 109]. Each of these strategies provides only a partial
assessment of TR detection tools. Simulated datasets (strategy 1) fail
to fully reproduce the complex and platform-specific error profiles
present in real long-read data. Experimental validation (strategy 2)
is generally limited to shorter TR loci, whereas many long-read tools
are designed to detect much larger repeat expansions. Assembly-based
validation (strategy 3) typically yields overall TR lengths but may lack
allele-specific resolution. Phenotype-based evaluation (strategy 4) is
restricted to a small number of disease-associated loci and does not
permit broad quantitative benchmarking. As a result, comprehensive
and standardized evaluation of TR detection tools remain lacking,
and current assessments capture only portions of their strengths and
limitations.

Comparison of long-read sequencing platform

Two long-read sequencing platforms are both useful to detect TRs,
but they differ markedly in read accuracy, error structure and
read length. On one hand, existing studies found that PacBio HiFi
reads generated more accurate TR genotypes for shorter TRs [91],
while ONT outperforms PacBio HiFi to capture longer TRs [91, 110].
This is reasonable, because ONT could generate more longer reads
than PacBio HiFi, while the base accuracy of PacBio HiFi reads
is much better than ONT reads. On the other hand, ONT reads
and PacBio HiFi reads have unique TR calls [78, 110] and their
combination might be a better solution for a comprehensive TR
calling.

Further improvements

Future TR detection tools could be significantly improved in the fol-
lowing four areas. First, enabling efficient and effective discovery of
de novo TRs remains a central challenge, particularly for identifying
individual- and population-specific TRs or somatic TR expansions in
tumor samples. Although several TR tools [96-99] have been proposed
to detect de novo TR loci, they are often computationally intensive or
overly sensitive to high sequencing error rates. As a result, they can-
not provide a comprehensive, genome-wide investigation of de novo
TRs, especially when applied to large-scale or population-level long-
read datasets. Second, enhancing detection accuracy requires address-
ing the intrinsic constraints in HMM-based and pattern-matching
approaches which are two widely used approaches in TR detection.
These existing methods struggle with noisy long-read data, inter-
rupted or nested repeats, and large motif complexity of TRs, because
they assume relatively clean periodicity and stable motif structures.
Third, synergistic combinations of different approaches, such as inte-
grating long- and short-read based detection tools as well as combin-
ing assembly-based and mapping-based strategies, may substantially
improve robustness. But these hybrid strategies frequently produce
inconsistent TR calls across data types or algorithms. Resolving these
discrepancies still depends on heuristic or ad hoc filtering rules,
which limit the reliability and scalability of genome-wide TR detec-
tion. Fourth, enhancing computational efficiency and scalability is
becoming increasingly urgent given the rapid growth of long-read
sequencing datasets. Modern computing infrastructures, such as GPU-
accelerated architectures and parallelized frameworks, offer excellent
opportunities for this enhancement. However, most existing tools,
particularly those supporting de novo TR discovery, were not designed
with these advanced infrastructures. This creates a critical bottle-
neck for analyzing TR variation in large cohorts or population-scale
sequencing initiatives.

Across all these areas, advancements in artificial intelligence
(Al), particularly deep learning and large AI models, could be
transformative. On one hand, Al models, such as AlphaGenome [111],
demonstrate the ability to learn sequence features directly from raw
genomic sequences, enabling recognition of complex, degenerate, or
noncanonical TR structures that rule-based or alignment-dependent
methods fail to detect. Such models can also leverage long-range
genomic context and generalize across species or sequencing
platforms. On the other hand, AI methods are inherently optimized
for GPU-based execution, offering substantial improvements in speed
and scalability. However, applying Al models for TR detection remains
challenging. Training high-performing Al systems requires large,
accurately annotated TR datasets that are currently limited, and model
interpretability remains a major concern: it is difficult to determine
how predictions are made or whether the inferred TR structures
reflect true biological variation. Despite these obstacles, Al-based
approaches hold considerable promise. By integrating large Al models
with existing algorithmic and computational techniques, future TR
detection frameworks may achieve far greater robustness, scalability,
and accuracy in genome-wide TR discovery.

Overall, TR detection remains a rapidly evolving field. As long-read
sequencing technologies continue to advance, and more personalized
genomic data become available, next-generation TR detection tools
will play an increasingly critical role in investigating the impact of TRs
on health and disease.
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Key Points

® 24 long-read tools were proposed to detect tandem repeats on
PacBio and ONT sequencing data.

® This survey categorizes 39 TR-associated tools into several groups
and summarizes the core algorithms of each group.

® This work discusses the limitations of existing TR-associated tools.
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