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Abstract9

Tandem repeats (TRs) are sequences of DNA where two or more base pairs are repeated back-10

to-back at specific locations in the genome. The expansions of TRs are implicated in over 5011

conditions, including Friedreich’s ataxia, autism, and cancer. However, accurately measuring12

the copy number of TRs is challenging, especially when their expansions are larger than the13

fragment sizes used in standard short-read genome sequencing. Here we introduce ScatTR,14

a novel computational method that leverages a maximum likelihood framework to estimate15

the copy number of large TR expansions from short-read sequencing data. ScatTR calculates16

the likelihood of di↵erent alignments between sequencing reads and reference sequences that17

represent various TR lengths and employs a Monte Carlo technique to find the best match.18

In simulated data, ScatTR outperforms state-of-the-art methods, particularly for TRs with19

longer motifs and those with lengths that greatly exceed typical sequencing fragment sizes.20

When applied to data from the 1000 Genomes Project, ScatTR detected potential large TR21

expansions that other methods missed, highlighting its ability to better identify genome-wide22

characterization of TR variation. ScatTR can be accessed via: https://github.com/g2lab/23

scattr.24

Keywords: RECOMB25, tandem repeat, repeat expansion, monte carlo, simulated anneal-25

ing26
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1. Introduction27

Tandem repeats (TRs) are consecutively repeated nucleotide sequence motifs that are widespread28

throughout the human genome. Studying TR variation in the human population is important29

due to their high mutation rates and polymorphic nature, which impact various biological30

processes such as gene expression and diseases such as neurodegeneration, cancer, neurodevel-31

opmental and psychiatric disorders (Gymrek, Willems, et al. 2016; Zhou et al. 2022; Erwin et al.32

2023; Trost et al. 2020; Song et al. 2018). Pathogenic repeat expansions vary widely in size,33

with size often having a correlation with earlier onset and more severe disease phenotype. For34

example, a CGG expansion of more than 200 units located in the 5’ untranslated region of the35

FMR1 gene is known to cause Fragile-X-associated tremor/ataxia syndrome (FXTAS) (Hunter36

et al. 1993). Interestingly, the number of repeats correlates with earlier onset of tremor and37

ataxia (Tassone et al. 2007; Leehey et al. 2008). Expansions in RFC1, which cause cerebellar38

ataxia, neuropathy, and vestibular areflexia syndrome (CANVAS), typically exceed 250 repeats,39

with larger expansions also linked to earlier onset and more severe symptoms (Currò et al. 2024;40

Cortese et al. 2019). In contrast, some repeat expansions can be much larger. In Huntington’s41

disease, CAG expansions in HTT can grow somatically from 40 to over 500 repeats, driving42

neurodegeneration once a critical threshold is surpassed (Caron et al. 1993). Myotonic dys-43

trophy type 1 (DM1), caused by DMPK expansions, can range from 50 to more than 300044

units, with disease severity increasing alongside expansion size (Brook et al. 1992). Moreover,45

an expansion in the intron of C9orf72 is known to cause amyotrophic lateral sclerosis (ALS) (N46

Siddique and T Siddique 1993). Its size can exceed 2100 repeat units, with size also correlating47

with methylation status and age of onset (Gijselinck et al. 2016). Despite their critical role in48

biological processes and their link to various diseases, the precise lengths of large TR expansions49

remain underexplored due to significant technical challenges.50

Studying repetitive DNA sequences has historically been hindered by the lack of tools.51

Many genomic studies utilize short read-based whole genome sequencing (WGS), but exclude52

half of the data with RepeatMasker, a tool that identifies repetitive DNA sequences for removal.53

Currently, over 56% of the human genome is removed with RepeatMasker (Nishimura 2000).54

Repeat expansions are extremely di�cult to detect due to various reasons (Martorell et al. 1997).55

They can be highly variable in size and location, making them di�cult to detect through simple56

alignment-based methods. Their sizes can be much larger than a typical fragment length in57
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short-read-based WGS data and usually occur in regions of the genome that are di�cult to58

align. To overcome these challenges, various computational methods have been developed to59

identify repeat expansions from short-read sequencing data.60

Current tools, such as STRling, ExpansionHunter, and GangSTR, use likelihood-based ap-61

proaches to estimate TR copy number from short-read sequencing data but struggle with ac-62

curacy when the TR length exceeds the lengths of the fragments used in short-read sequencing63

(Dashnow, Pedersen, et al. 2022; Dolzhenko, Deshpande, et al. 2019; Mousavi et al. 2019).64

Danteintroduces an alternative alignment-free approach that applies Hidden Markov Models65

(HMMs) to model repeat sequences and corrects for polymerase-induced stutter artifacts. While66

Dante provides robust genotyping for complex TR loci, its accuracy is similarly limited for TRs67

that extend beyond the read length (Budǐs et al. 2019). However, many pathogenic TRs ex-68

pand to hundreds of base pairs (Hannan 2018). Moreover, these methods are constrained by the69

length of the TR unit (i.e., motif) they can analyze: STRling is restricted to motifs between70

2-6 base pairs (bp), whereas ExpansionHunter and GangSTR support repeat unit sizes from71

2 to 20 bp. While newer methods like TRGT overcome these limitations by leveraging long-72

read sequencing data, short-read sequencing data is still the overwhelming majority of currently73

available sequencing data due to its financial feasibility (Dolzhenko, English, et al. 2023) . Thus,74

there is still a need for a computational method that can accurately estimate TR copy numbers75

that are larger than fragment lengths.76

In this study, we introduce ScatTR, a novel computational method designed to accurately77

estimate the copy number of large TRs from short-read WGS data. ScatTR utilizes a novel78

maximum likelihood framework based on the best alignment of reads to reference sequences79

with variable TR copy numbers (dubbed as “decoy references”) using a combination of golden80

section search (GSS), Monte Carlo simulations, and simulated annealing. In our benchmarks81

using simulated WGS data, ScatTR demonstrates superior performance, particularly for TRs82

with longer repeat motifs and large copy numbers. Furthermore, when applied to real data from83

the 1000 Genomes Project, ScatTR identifies several large TR expansions that go undetected84

by existing methods. ScatTR provides a powerful new approach for studying TR variation in85

health and disease.86
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2. Results87

2.1. Overview of the ScatTR method88

ScatTR estimates the copy number of TR regions in a genome by reformulating copy num-89

ber estimation as an optimization problem that considers both mapped and unmapped reads90

from aligned paired-end short-read WGS data. It uses a predefined catalog of TR loci that91

specifies the chromosome, start and end positions, and the repeat motif for each region of in-92

terest. For each TR locus, ScatTR identifies relevant read pairs by scanning the alignment93

file for reads where at least one mate overlaps the flanking regions or for read pairs—mapped94

or unmapped—whose sequences show high similarity to the repeat motif. All rotations of the95

motif are taken into account to ensure sensitivity, since certain repeats can appear di↵erently96

depending on strand orientation and sequence context. These read pairs, collectively called the97

“bag of reads,” may include “anchored” in-repeat read (IRR) pairs (in which one mate maps98

to the flanking region while the other lies within the repeat) and “fully IRR” pairs (in which99

both mates are inside the repeat). This approach di↵ers from many existing methods by explic-100

itly incorporating fully IRR pairs, which provide valuable information when the repeat region101

exceeds the sequencing fragment length.102

Once the bag of reads is extracted, ScatTR estimates the copy number by defining a “decoy103

reference” for each candidate TR copy number. A decoy reference is constructed by concatenat-104

ing the flanking sequences on either side of the repeat with a specified number of repeated motif105

units. The algorithm then seeks to determine which decoy reference best explains the observed106

reads. It does so by adopting a maximum likelihood framework: if one treats the repeat copy107

number as unknown, the most likely value is the one that maximizes the probability of observing108

the bag of reads (also known as the likelihood). An exact definition of the likelihood of the bag109

involves summing over the probabilities of every combination of paired read alignments Gh-110

odsi et al. 2013. Because directly summing over all combinations is computationally infeasible,111

ScatTR approximates the likelihood of the bag by identifying the single “best alignment” of112

the reads in the bag to the decoy reference for each copy number and using that best alignment113

to calculate a likelihood value. This best alignment is found via Monte Carlo-based simulated114

annealing (SA), a process that iteratively proposes new alignments for the reads on the decoy115

reference and allows occasional acceptance of higher-cost (lower-likelihood) alignments so that116

the search can escape local minima. The cost function being minimized is the negative log like-117
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Figure 1: Overview of the ScatTR method. (A) Reads likely originating from the TR locus
are collected from reference-aligned WGS data that includes both mapped and unmapped reads
to form the “bag of reads”. Additionally, the expected read depth and insert size distributions
are extracted. These distributions are used as parameters in the likelihood function. TR
copy number estimation is done with bootstrapping. ScatTR iteratively finds the copy number
with the minimum cost using golden section search (GSS) and uses the result to update the
bootstrap distribution. Finally, the bootstrap distribution is used to output an estimate and a
95% confidence interval. (B) For a given copy number, ScatTR evaluates the cost by finding
the best alignment to a decoy reference with the given number of repeat units. It starts with an
initial alignment, then updates the alignment using Monte Carlo moves to reduce the cost and
accept changes based on a probability function. This process is done via simulated annealing.
It continues until convergence, yielding the best alignment for the given TR copy number. The
best alignment is used to calculate the cost of the copy number, which is what GSS minimizes
in (A).
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lihood of the bag, which accounts for three main factors: how well each read’s sequence aligns to118

the positions it is assigned, how the observed insert sizes compare to the sample’s overall insert119

size distribution, and how the observed depth compares to the sample’s read depth distribu-120

tion. The read depth and insert size distributions are derived by sampling random, high-quality121

regions of the reference-aligned WGS sample to capture the typical patterns one expects to see122

from a correct alignment of the reads.123

After simulating the alignment process and computing the cost for a particular copy number,124

ScatTR compares the result against other copy numbers to see which one yields the highest125

likelihood (lowest cost). Note that we also provide a number of optimizations to speed up126

this process. For example, the scores describing how well reads align to positions that place127

them fully in the repetitive region are computed once and re-used. Moreover, rather than128

testing every possible copy number, which would be time-consuming, it narrows the search129

using golden section search (GSS). GSS assumes the likelihood function is unimodal over a130

given range, successively shrinking that range in a computationally e�cient manner to find its131

minimum. To define a starting interval for the search, ScatTR calculates a rough closed-form132

estimate of the copy number based on the sample’s mean read depth and the number of IRRs.133

Multiple executions of the GSS procedure (together with repeated simulated annealing runs),134

known as bootstrapping, are then performed for robustness, and a final copy number is chosen135

based on the aggregated results. This bootstrapping step provides a measure of confidence,136

allowing ScatTR to report not only the most likely copy number but also a confidence interval137

for that estimate. Please see Methods for details of the formulations and the algorithm.138

2.2. ScatTR outperforms existing methods on simulated data139

We compared our method against STRling, ExpansionHunter, GangSTR, in addition to a140

closed-form solution (see 4.3) by calculating the Root Mean Square Error (RMSE) between141

the predicted and true sum of TR copy numbers for each allele (Dashnow, Pedersen, et al. 2022;142

Dolzhenko, Bennett, et al. 2020; Mousavi et al. 2019).Specifically, for each true copy number,143

we compute RMSE across all simulated samples with that same true copy number. A lower144

RMSE indicates that a method produces more accurate predictions. We sampled a subset of145

30 TR loci identified by Tandem Repeats Finder (TRF) with motif lengths between 2-20 bp146

(Benson 1999) and simulated and reference-aligned short-read paired-end WGS samples with147

expansions for these loci (Supplemental Table 1). We simulated the samples with 30x coverage148
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Figure 2: Benchmarking accuracy against the state-of-art with simulated data. We
estimated the TR copy number using state-of-the-art methods (ExpansionHunter, GangSTR,
and STRling), ScatTR, and a closed-form solution, and calculated the Root Mean Square Error
(RMSE) between the predicted and the true copy number of TRs on simulated data. (A) RMSE
across samples compared to true copy numbers for large TRs with motif lengths between 2-20
bp. Heterozygous expansions on the left, homozygous on the right. These estimates were
conducted on 540 simulated short-read WGS samples representing 30 TR loci and a range of
known copy numbers (200-1000). (B) RMSE as a function of TR motif length for (A). (C)
RMSE across samples compared to true copy number of small TRs with motif lengths between
2-20 bp. Heterozygous expansions on the left, homozygous on the right. These estimates were
conducted on 540 simulated short-read WGS samples representing 30 TR loci and a range of
known copy numbers (5-45). (D) RMSE across samples compared to true copy numbers for large
TRs with motif lengths between 21-50 bp. These estimates were conducted on 540 simulated
WGS samples with TR expansions, representing 30 TR loci and a range of known copy numbers
(200-1000).
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and a sequencing error profile based on the Illumina HiSeq X platform (see 4.2). We simulated149

homozygous and heterozygous expansions in 30 TR loci with copy numbers ranging from 200150

to 1000 for a total of 540 samples. We compared the predictions with respect to heterozygosity151

of TR and repeat motif length. We observe that ScatTR’s predictions yield the lowest RMSE152

across all tested heterozygous TR copy numbers and 8 out of 9 homozygous TR copy numbers153

(Figure 1A). Additionally, we observe that the copy number of heterozygous TRs is generally154

better predicted than those of homozygous TRs in all methods including ScatTR. Moreover, we155

show that the RMSE of ScatTR’s predictions is consistent across di↵erent TR copy numbers.156

While ScatTR is not designed to estimate the copy number of TRs shorter than the fragment157

length, we wanted to understand its accuracy relative to the state-of-the-art methods in such158

cases. Similar to our benchmarking for large TRs, we simulated heterozygous and homozygous159

expansions in 30 TR loci with copy numbers ranging from 5 to 45 for a total of 540 samples. We160

observe that ScatTR underperforms compared to other methods for TRs shorter than the frag-161

ment length, while ExpansionHunter consistently maintains the lowest RMSE across di↵erent162

copy numbers for these short TRs (Figure 2C).163

Next, while ExpansionHunter and GangSTR were not specifically designed for large motifs,164

we wanted to test ScatTR’s performance on long motifs compared to these tools. STRling165

was excluded from this analysis since it does not allow users to input motifs larger than 6166

bp. We sampled a subset of 30 TR loci with motif lengths 21-50 bp from TRs identified by167

TRF (Supplemental Table 2). We simulated homozygous and heterozygous expansions for the168

sampled TR loci with copy numbers ranging from 200 to 1000 for a total of 540 samples.169

We observe that ScatTR maintains the lowest RMSE across di↵erent TR copy numbers, with170

heterozygous TRs better predicted than homozygous TRs (Figure 2D).171

2.3. ScatTR captures mismapped IRRs more e↵ectively than existing methods172

Accurately capturing and mapping IRRs is a key challenge in TR copy number estimation173

(Dolzhenko, Vugt, et al. 2017; Gymrek, Willems, et al. 2016; Dashnow, Pedersen, et al. 2022).174

IRRs originating from a TR of interest may be mismapped to other genomic regions or remain175

unmapped altogether. To assess ScatTR’s ability to recover these reads, we identified the176

ground truth IRRs in the 540 simulated samples described earlier in 2.2 and compared them to177

the IRRs extracted by ScatTR. Across all samples, ScatTR achieved a mean precision of 0.999178

(SD = 0.003) and a mean recall of 0.954 (SD = 0.0635), indicating that it captures nearly all179
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Figure 3: Impact of o↵-target regions, mutation rates, and sequencing errors on
ScatTR accuracy. (A) RMSE of ScatTR compared to GangSTR, with and without o↵-target
regions, in 108 simulated samples across di↵erent true copy numbers. Heterozygous cases are
shown on the left, homozygous on the right. The simulated samples represent expansions in 12
TR loci for which GangSTR provided o↵-target regions, including SCA1–3, SCA6–8, SCA12,
SCA17, HTT, DM1, FMR1, and C9orf72. (B) RMSE of ScatTR compared to Expansion-
Hunter, with and without o↵-target regions, in 18 simulated samples across di↵erent true copy
numbers. Heterozygous cases are shown on the left, homozygous on the right. The simulated
samples represent expansions in 2 TR loci for which ExpansionHunter provided o↵-target re-
gions, including C9orf72 and FMR1. (C) RMSE of ScatTR across varying mutation rates in the
repeat sequence. (D) RMSE of ScatTR across di↵erent sequencing error rates in whole-genome
sequencing (WGS) samples.
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true IRRs, though a small fraction remains unretrieved or mismapped (Supplemental Figure 1).180

Some existing tools, such as ExpansionHunter and GangSTR, attempt to improve IRR re-181

trieval and mapping by incorporating user-defined o↵-target regions—genomic regions where182

IRRs are likely to mismap (Dolzhenko, Bennett, et al. 2020; Gymrek, Willems, et al. 2016).183

These methods scan predefined o↵-target regions to recover additional IRRs before estimating184

the TR copy number. In contrast, ScatTR scans the entire WGS alignment file (CRAM/BAM/SAM)185

without requiring predefined o↵-target regions, allowing it to adaptively identify relevant reads.186

To evaluate how ScatTR performs relative to ExpansionHunter and GangSTR when o↵-187

target regions are used, we analyzed TR loci where each tools define such regions. Expansion-188

Hunter’s catalog includes C9orf72 and FMR1, while GangSTR’s catalog contains 12 TR loci189

with o↵-target regions, including SCA1–3, SCA6–8, SCA12, SCA17, HTT, DM1, FMR1, and190

C9orf72. We simulated WGS samples with varying copy numbers for each locus and estimated191

TR copy numbers using ExpansionHunter and GangSTR both with and without o↵-target re-192

gions. As shown in Figure 3A, ScatTR’s RMSE was lower than 90.57 and 145.57 across all copy193

numbers for heterozygous and homozygous cases, respectively, while GangSTR’s RMSE was194

much higher with o↵-target regions seeming to slightly increase RMSE. Additionally, in Figure195

3B, we see that o↵-target regions help decrease ExpansionHunter’s RMSE, but it is still much196

higher than ScatTR’s RMSE, which is less than 180.08 and 249.90 across all copy numbers197

for heterozygous and homozygous cases, respectively. ScatTR consistently outperforms Expan-198

sionHunter and GangSTR, even when o↵-target regions were incorporated, demonstrating its199

superior ability to recover IRRs and accurately estimate TR copy numbers.200

2.4. ScatTR is robust against expected mutations and sequencing error201

To evaluate ScatTR’s performance in the presence of mutations in the repeat sequence, we202

sampled 5 TR loci with motif lengths 2-20 bp (Supplemental Table 3). We simulated and203

aligned WGS samples with motif copy numbers ranging from 200 to 1000, both homozygous204

and heterozygous. For each locus, we systematically varied the proportion of mutated bases205

within the repeat sequence. As expected, the accuracy of the ScatTR improved as the mutation206

rate decreased (Figure 3C). We then calculated the expected mutation rate as 0.0047 at these207

loci using long-read sequencing data across five 1000 Genomes Project samples (Logsdon et al.208

2024) (see 4.7). At the expected mutation rate, we found that the highest RMSE for ScatTR209

was 193.32 across all tested copy numbers, which is comparable to 177.59 when there are no210
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mutations present. This indicates that our method e↵ectively estimates TR copy numbers even211

in the presence of naturally occurring sequence variation.212

To assess the e↵ect of sequencing errors on ScatTR’s performance, we used the same five loci213

as above to simulate and align WGS samples with varying sequencing error rates. We generated214

reads using ART (Huang et al. 2012), a sequencing read simulator that models sequencing215

errors based on empirical error profiles from di↵erent sequencing platforms. It also allows for216

overriding the sequencing error rate with a user-specified value. The Illumina HiSeq X platform217

error profile, as provided by ART, assumes a sequencing error rate of approximately 0.0012. We218

simulated samples at error rates that were multiples of this baseline and measured ScatTR’s219

accuracy. As expected, ScatTR’s RMSE increased as the sequencing error rate increased (Figure220

3D). However, at the baseline error rate of 0.0012, the highest RMSE was 62.82 and 178.11221

across all tested copy numbers for heterozygous and homozygous cases, respectively, which is222

comparable to the RMSE of 34.33 and 77.28 when there are no sequencing errors.223

2.5. Genome-wide profiling of large expanded TRs in the population224

To demonstrate the utility of ScatTR, we used 2495 PCR-free high-coverage WGS data from225

the 1000 Genomes project (Byrska-Bishop et al. 2022). Since ScatTR and the other previous226

state-of-the-art methods require a catalog (except STRling), we first identified TR expansions227

larger than the read length with ExpansionHunter denovo (Dolzhenko, Bennett, et al. 2020),228

which detects novel repeats from WGS data and reports the number of fully IRR pairs. Since it229

only provides approximate coordinates, we overlapped the identified expanded TR regions with230

repeat regions identified by TRF to find their exact coordinates. We retained loci that had at231

least one fully in-repeat read pair in a minimum of 50 samples. ScatTR detected several large232

expansions in the 1000 Genomes population that go undetected by state-of-the-art methods233

(Figure 4A). Other methods consistently predict lengths shorter than or around the fragment234

length for the identified TR loci. In contrast, ScatTR estimates lengths larger than the fragment235

length (400 bp) for 6 out of 8 of the identified loci.236

However, because of the concern of fully IRR pairs originating from other TR loci contam-237

inating the bag of reads, we wanted to assess the false positive rate of expansions larger than238

the fragment length called by ScatTR. We used five 1000 Genomes Project samples (Logsdon239

et al. 2024) that have both long-read and short-read WGS available. We first applied TRGT240

(Dolzhenko, English, et al. 2023) to the long-read data to calculate the length of 171,146 TR loci241
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Figure 4: Evaluation of ScatTR on real WGS data. (A) Predicted sum of allele lengths
(bp) of TR expansions by ScatTR and state-of-the-art methods. The labels on the x-axis
indicate the sample size for each locus. All loci have motif lengths greater than 6 bp, except for
the locus on chromosome 5. The mean fragment length of 400 bp is shown as a horizontal line.
(B) True negative rate and false positive rate of TR expansion calls for five samples with long-
read ground truth across 171146 TR loci. Expansions are defined as exceeding the fragment
length threshold of 400 bp. (C) Predicted sum of allele lengths (bp) for 30 ALS patients based
on short-read WGS data. The dataset includes 15 samples with known C9orf72 expansions
(C9orf72+) and 15 without (C9orf72-). The vertical line indicates the pathogenic cuto↵ of 30
repeat units. All samples were correctly classified.
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provided by TRGT catalogue (see 4.7). We then used ScatTR on short-read data to estimate242

the length of the same TR loci. When the long-read data is used as gold standard, we found243

that, as shown in Figure 4B, the mean false positive rate for ScatTR is extremely low, 0.047.244

2.6. ScatTR correctly identifies samples with C9orf72 pathogenic repeat copy245

numbers246

To further validate the utility of ScatTR, we assessed its ability to estimate the size of a247

well-characterized pathogenic repeat expansion in C9orf72, a biomarker for familial ALS and248

frontotemporal dementia (FTD). We analyzed short-read WGS data from 30 ALS patients249

(Kenna et al. 2016), including 15 individuals with a known expansion (C9orf72+) and 15250

without (C9orf72-). As shown in Figure 4C, ScatTR e↵ectively distinguished C9orf72+ patients251

from C9orf72 - patients with 100% accuracy. This demonstrates that ScatTR can reliably252

identify large pathogenic repeat expansions from short-read data, a key challenge in the study253

of repeat expansion disorders.254

2.7. Algorithm resource requirements255

To evaluate ScatTR’s runtime performance, we benchmarked its execution time against state-256

of-the-art methods on five whole-genome sequencing (WGS) samples from the 1000 Genomes257

Project (Byrska-Bishop et al. 2022): HG03520, HG02282, HG02953, HG02769, and HG03452.258

Each tool was tested on randomly subsampled TR catalogs of varying sizes (1, 10, 100, 1000, and259

10,000 loci) from the TRF catalog. All benchmarks were conducted on a Dell PowerEdge R6625260

with 2 x AMD EPYC 9254 24-Core Processors, operating in single-threaded mode. Memory261

usage was negligible across all methods.262

As shown in Figure 5A, ScatTR required an average of 27.66 minutes per sample to esti-263

mate the copy number for one locus. Alternative tools such as GangSTR and ExpansionHunter264

completed the task significantly faster, while STRling performed more e�ciently than ScatTR,265

requiring about half the execution time. However, the majority of ScatTR’s runtime—an aver-266

age of 26.94 minutes—was spent on read extraction.267

As TR catalog size increased, so did the runtime for all methods. For ScatTR, the read ex-268

traction and expected distribution extraction steps remained constant, averaging 25.20 minutes269

and 0.57 minutes per sample, respectively. However, the read scoring step (which calculates270

alignment scores for reads in the bag against decoy references, see 4.1.9) and the genotyping271
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Figure 5: Runtime evaluation of ScatTR in simulated and real WGS samples (A)
Measured runtime (hours) for estimating TR copy number at a single locus across 5 real WGS
samples. Reported times are the mean of five runs. (B) Measured runtime (hours) for estimating
TR copy numbers across varying catalog sizes in 5 WGS samples, comparing ScatTR, state-of-
the-art methods, and a closed-form solution. (C) Breakdown of ScatTR runtime by processing
step for (B).
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step (which involves multiple bootstrap runs of GSS and Monte Carlo simulations, see 4.1.7)272

varied with catalog size. At the largest catalog size (10,000 loci), ScatTR required an average273

of 22.94 hours per sample, while the next slowest tool, ExpansionHunter, averaged 2.97 hours274

(Figure 5B). A breakdown of ScatTR’s runtime by processing step (Figure 5C) shows that most275

of the time was spent on scoring and genotyping. On average, ScatTR processed one locus in276

8.08 seconds, compared to ExpansionHunter’s 1.06 seconds per locus. This trade-o↵ reflects277

ScatTR’s focus on accuracy for large TRs.278

3. Discussion279

We present ScatTR, a novel method for estimating the copy number of TRs that exceed the280

fragment length in paired-end short-read WGS data. ScatTR introduces an innovative approach281

for estimating TR copy numbers. Unlike prior methods that classify reads into distinct cat-282

egories such as flanking, enclosing, spanning, or anchored IRR pairs (Gymrek, Golan, et al.283

2012; Willems et al. 2017; Dashnow, Lek, et al. 2018; Tang et al. 2017; Tankard et al. 2018;284

Dolzhenko, Vugt, et al. 2017; Mousavi et al. 2019), ScatTR uses a more flexible and compre-285

hensive approach, overcoming key limitations of these classification-based strategies.286

Existing methods typically exclude fully IRR pairs from copy number estimation unless the287

user specifies o↵-target regions where these pairs may have been incorrectly mapped. Our ap-288

proach integrates fully IRR pairs directly into the estimation process. The closed-form solution,289

which incorporates fully IRR pairs, demonstrates significant improvements in accuracy for large290

TRs. However, incorporating these reads alone is insu�cient for achieving high accuracy, ne-291

cessitating the development of a more flexible likelihood function to further refine copy number292

estimates.293

Unlike prior approaches where the likelihood is determined by the number of read pairs in294

each category and a category-specific characteristic, ScatTR adopts a likelihood model inspired295

by genome assembly methods. In genome assembly, the likelihood of an assembly is based on296

all read alignment combinations to the assumed true genome assembly (or reference). Recent297

methods approximate this likelihood by only using a few best read alignment combinations298

acquired using traditional read alignment methods such as BWA (Boža et al. 2015). However,299

ScatTR approximates the likelihood for a copy number using only the best alignment. Finding300

the best alignment to a decoy reference (containing a large repetitive region) is an ambiguous301

task since reads from within the repeat can perfectly align to multiple locations along the302
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decoy reference. Thus, traditional read alignment methods are not helpful for finding the303

best alignment in TR copy number determination. This is also why it is di�cult to assemble304

repetitive parts of genomes using short reads (Treangen and Salzberg 2012). ScatTR overcomes305

this challenge by using Monte Carlo sampling to e�ciently find the best alignment to decoy306

references. It incorporates information from both insert size and depth distribution, the latter307

of which is not used in genome assembly likelihood models, since that information is not known308

for that task.309

Our results show that this novel approach enables accurate estimation of TR lengths that310

exceed typical fragment lengths. ScatTR outperforms state-of-the-art methods, particularly for311

larger TRs and longer motifs up to 50 bp. Unlike classification-based approaches, ScatTR’s312

model does not rely on directly counting repeat units within read sequences, allowing it to313

accommodate longer motifs with greater flexibility. Additionally, ScatTR o↵ers the added314

advantage of generating a plausible alignment of reads to the predicted TR copy number. This315

alignment capability could facilitate deeper analysis of repeat mosaicism and interruptions.316

However, further testing is required to fully assess the utility of these alignment solutions.317

Although ScatTR is computationally more demanding than existing approaches, this trade-318

o↵ is a direct consequence of its design to maximize accuracy for large TRs. Unlike methods that319

optimize e�ciency by analyzing only a subset of reads associated with a TR, ScatTR processes320

all available reads spanning the repeat region, including in-repeat reads that may be unmapped321

or mismapped elsewhere in the genome. This requires scanning the entire referenced-aligned322

NGS data including both mapped and unmapped reads, which increases computational load.323

Additionally, ScatTR’s Monte Carlo approach improves accuracy beyond that of closed-form324

solutions based solely on IRR read counts. This exhaustive strategy is particularly valuable for325

large pathogenic TR expansions, where precise repeat length determination might be critical326

for clinical interpretations. Given that no current method accurately genotypes very large327

TR expansions using short-read sequencing, we believe the trade-o↵ between computational328

e�ciency and accuracy is well justified, particularly for targeted analyses of TR loci.329

While ScatTR excels in estimating simple TRs, it does not currently handle complex repeat330

structures that consist of multiple motifs or known interruptions. This limitation arises from the331

e�ciency optimizations in ScatTR that assume a simple repeat structure. Notably, tools like332

STRling and GangSTR also do not support complex loci, whereas ExpansionHunter and Dante333

can handle such loci for short TRs, provided that the repeat structure is accurately defined.334
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Future research could focus on algorithmic enhancements to extend ScatTR’s applicability to335

complex loci, an important category of TR variation with significant implications for human336

genetic studies and disease research.337

4. Methods338

4.1. The ScatTR algorithm339

In this section, we detail the steps of the ScatTR algorithm as shown in Figure 1. In 4.1.1,340

we describe how the expected distributions are extracted, and in 4.1.2 how the bag of reads is341

extracted—both of which are used as inputs to the copy number estimation process.342

The estimation process relies on optimizing the likelihood function which we derive in 4.1.3.343

To compute the likelihood of a copy number, the best alignment of the bag of reads needs to344

be found. We describe a Monte Carlo process in 4.1.7 to find the best alignment. Then, to345

e�ciently search the space of all copy numbers to find the one with the highest likelihood value,346

we describe an optimization process in Section 4.1.8. Finally, we explain how we simulated347

WGS data to test the performance of our method and how we compared it to various methods348

developed previously.349

4.1.1 Expected depth and insert size distributions350

To extract the expected read depth distribution from WGS short-read data, we sample aligned351

reads from 100 random regions, excluding those with average mapping quality  60. Each posi-352

tion’s depth within the sampled regions contributes to the distribution. Then, the distribution353

is trimmed to the 99th percentile to remove outlier depth values.354

To extract the expected insert size distribution fromWGS short-read data, we sample aligned355

reads from 100 random regions. A read’s observed insert size, as determined by the aligner, is356

included in the distribution if the read meets specific criteria: it must be a primary read, part357

of a proper pair, unclipped, and have a mapping quality of at least 60.358

4.1.2 Extracting the bag of reads359

We extract the paired-end reads that are likely to originate from the TR locus and refer to360

them as the “bag of reads”. These reads fall into three categories: anchored IRR pairs, fully361

IRR read pairs, and spanning pairs.362
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Anchored IRR pairs have one mate that lies within the repeat region and the other lies on363

either the left or right flanking region of the repeat (thus ’anchoring’ the pair). The flanking364

regions are the regions outside the repeat. Anchored IRR pairs only occur if the repeat is larger365

than the read length. Otherwise, it would be impossible to observe the mate that lies within366

the repeat region.367

Fully IRR pairs occur only when the repeat is larger than the fragment length. Otherwise,368

we would never observe such pair. Previous methods do not incorporate information from fully369

IRR pairs since they are not ’anchored’ to the flanking region of the repeat and therefore cannot370

be unambiguously assigned to the locus. An advantage of our algorithm is that it relies on an371

optimization criterion that decides whether a fully IRR pair belongs to (i.e., can be aligned to)372

a specific locus (see Section 4.1.7).373

Spanning pairs are those in which both mates map entirely within the flanking regions,374

surrounding but not overlapping the repeat itself. These pairs provide additional information375

about the repeat’s boundaries and are included in our analysis.376

To extract these read pairs, we scan the alignment file (BAM/CRAM/SAM) for reads with at377

least one mate mapped to the flanking regions of the repeat (a window of read-length size around378

the reference repeat region). This process captures both anchored IRR pairs and spanning pairs.379

Fully IRR pairs are identified separately by testing all read pairs with mapping quality  40.380

If both mates in a pair are classified as IRRs, the pair is also added to the bag of reads.381

A read is classified as an IRR if its sequence matches with the expected repeat pattern382

closely, even after being rotated or reverse complemented. Dolzhenko et al. (Dolzhenko, Vugt,383

et al. 2017) describe a weighted purity (WP) score to quantify how closely a read matches384

the expected repeat pattern. To compute the WP score, we compare the read to the nearest385

perfect repeat sequence across these transformations (e.g., a CAG repeat can manifest as CAG,386

AGC, GCA in the forward direction or as CTG, TGC, GCT in the reverse direction). The WP387

score accounts for both matching bases and mismatches, with scores of 1 for matches, 0.5 for388

low-quality mismatches, and -1 for high-quality mismatches. The resulting score is normalized389

by the read length to produce a WP value between -1 and 1. Reads with a WP score above390

the threshold are deemed likely to originate entirely from the repeat region. Here we used a391

threshold of 0.9 (default in our tool).392
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4.1.3 Likelihood of a copy number393

To determine the most probable TR copy number from a given bag of reads (i.e., set of sequenc-394

ing reads), we derive the likelihood function that quantifies how well di↵erent candidate copy395

numbers explain the observed data. This process involves defining the probability of observing396

a set of reads given a proposed copy number and an alignment of those reads to a reference397

sequence (which we call a decoy reference). In this section, we introduce a general probability398

model that accounts for all possible alignments of the reads. Next, we refine this model by399

identifying the best alignment, which allows us to approximate the likelihood function more400

e�ciently. By breaking down the likelihood into its component probabilities—in Section 4.1.4401

and Section 4.1.5–we establish a structured framework for computing the likelihood in a way402

that is both theoretically sound and computationally feasible. Finally, we put together these403

building blocks in Section 4.1.6 to define the full form of the likelihood that ScatTR uses and404

adapt it to account for diploid genomes, ensuring our model is applicable to real biological data.405

Here, we will derive Pr(R | C), the probability (or likelihood) that a bag of reads R is406

observed assuming that C is the true TR copy number from which R was sequenced. In the407

ScatTR algorithm, we use this likelihood to compare proposed copy numbers for a given bag408

of reads with the goal of finding the copy number that maximizes the likelihood. The TR copy409

number that maximizes the likelihood is the most probable TR copy number given the bag of410

reads.411

To show that maximizing the likelihood, Pr(R | C), is equivalent to maximizing the proba-412

bility of the TR copy number given the bag of reads, Pr(C | R), we apply Bayes’ rule:413

Pr(C | R) =
Pr(R | C) Pr(C)

Pr(R)
(1)

In the equation, Pr(C) is the prior probability of the TR copy number. We assume that414

this prior probability is constant across the set of reasonable copy numbers for a given R (see415

4.1.8 for how a reasonable set is calculated). Pr(R) is the prior probability of observing the bag416

of reads. Since our primary goal is to compare the likelihood of various copy numbers for the417

same bag of reads, we can assume Pr(R) is a constant. Therefore, for the purpose of comparing418

TR copy numbers, maximizing the values Pr(C | R) and Pr(R | C) over C is equivalent.419

Previous work has typically modeled the likelihood Pr(R | C) by categorizing reads into420

distinct classes like flanking, enclosing, spanning, or anchored in-repeat read pairs (Gymrek,421
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Golan, et al. 2012; Willems et al. 2017; Dashnow, Lek, et al. 2018; Tang et al. 2017; Tankard422

et al. 2018; Dolzhenko, Vugt, et al. 2017; Mousavi et al. 2019). In these studies, the likelihood423

is determined by both the count of read pairs in each class and a characteristic specific to that424

class. In contrast, we do not define the likelihood by classifying reads into classes and modeling425

their characteristics. Instead, we use an approach similar to the one used in genome assembly426

problems, where the likelihood is based on the alignments of the observed reads to the given427

genome assembly (i.e., TR copy number in our case).428

The problem of finding the TR copy number that maximizes the likelihood of observing429

a set of reads can be reduced to finding the genome assembly that maximizes this likelihood.430

Because in genome assembly, the TR copy number is determined as part of constructing the431

most likely genome sequence given the reads. When we search for the genome assembly that432

maximizes the likelihood of observing the given set of reads, we consider all possible copy433

numbers. Therefore, finding the assembly that best explains the reads directly provides the434

copy numbers that maximize the likelihood. Thus, the problem of finding the correct TR copy435

number reduces to finding the correct genome assembly.436

There exist several definitions of the likelihood of reads given a genome assembly (Rahman437

and Pachter 2013; Clark et al. 2013; Ghodsi et al. 2013). Previous studies have shown that the438

likelihood is typically maximized for correct genome assemblies. Therefore, we can adapt these439

likelihood functions with the expectation that finding their maximum will result in finding the440

correct TR copy numbers.441

However, several adaptations need to be made. Based on Ghodsi et al. (Ghodsi et al. 2013),442

we can define the likelihood Pr(R | C) by considering all possible alignment positions of the443

reads in R to the decoy reference DC . The decoy reference DC is constructed by concatenating444

the left flanking region of the repeat, C repeat units, and the right flanking region of the motif.445

Note that in the context of finding the TR copy number that maximizes the likelihood of the446

reads, we are constructing multiple decoy references with varying values of C.447

Pr(R | C) =
X

a2A
Pr(R, a | C) (2)

where A is the set of all alignments of the reads. A single alignment a is a mapping of448

each read to its positions and orientation (forward or reverse) along the decoy reference DC .449

The alignment refers to the positions only and does not include pairwise alignment information.450
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To compute the exact value of Pr(R | C), Ghodsi et al. developed a dynamic programming451

algorithm that marginalizes over all possible alignments of the reads in R to the reference.452

However, this algorithm is resource-intensive, and is mainly used to compute the quality of453

assembled genomes, and not to find a high likelihood assembly. In practice, only several best454

alignments contribute significantly to the overall probability (Boža et al. 2015). We approximate455

the likelihood with the best alignment a⇤C of the reads to decoy reference DC . So, Pr(R, a⇤C |C)456

is used to approximate the overall likelihood Pr(R|C) because it contributes the largest value.457

In 4.1.7, we describe how we find this best alignment. This likelihood is defined as:458

Pr(R | C) ⇡ Pr(R, a⇤C | C) (3)

Now, we define P (R, a | C), the probability of a fixed alignment a of R given the copy459

number C. Using the chain rule, the joint probability P (R, a | G) can be expressed as the460

product of a conditional probability and a marginal probability:461

Pr(R, a | C) = Pr(R | a, C) Pr(a | C) (4)

where Pr(R | a, C) is the probability of the reads given that the true alignment is a and the462

TR copy number is C, and Pr(a⇤C | C) is the probability of the alignment positions given that463

the true copy number is C. In sections 4.1.4 and 4.1.5, we define the two probability terms that464

make up Pr(R, a | C) in general form, independent of a⇤C . This allows us to model alignment465

probability in a general sense before incorporating the best alignment in 4.1.6.466

4.1.4 Probability of observing a set of reads given their true alignment and TR467

copy number468

The model assumes that individual reads are independently sampled, thus the overall probability469

Pr(R | a, C) is the product of the individual read mapping probabilities. To model the read470

mapping probability, we incorporate a simple sequencing model that accounts for substitution471

errors (Boža et al. 2015). Then, the probability for a single read r aligned to position j is:472

pr,j = ✏s(1� ✏)l�s (5)

where ✏ is the sequencing error rate, s is the number of substitutions relative to DC at473
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position j and l is the length of the read r.474

Then, the overall probability becomes:475

Pr(R | a, C) =
Y

r2R
pr,a[r] (6)

where a[r] is the position of r in the alignment a.476

4.1.5 Probability of observing an alignment given the true TR copy number477

The alignment a, regardless of the exact sequences of the reads, correspond to an observed478

insert size and read depth distribution. The read depth is the number of reads that overlap a479

position along the decoy reference DC . We expect both these observed distributions to be close480

to the expected distributions of the sample (see 4.1.1).481

We model the probability of the alignment a given the true TR copy number, Pr(a | C), as482

the product of the observed insert size and depth distribution probabilities.483

Pr(a | C) =
Y

i2inserts(a)

Pr(i | I)⇥
Y

d2depths(a)

Pr(d | D) (7)

where I and D are the expected insert size and read depth distributions of the sample,484

respectively. inserts(a) and depths(a) are the sets of insert sizes and read depths implied by485

the alignment, respectively.486

4.1.6 Overall likelihood of the bag of reads given a true TR copy number for a487

diploid sample488

We combine the equations 3, 6 and 7 into the the overall approximate definition of the likelihood:489

Pr(R | C) ⇡ Pr(R | a⇤C , C) =
Y

r2R
pr,a⇤C [r] ⇥

Y

i2inserts(a⇤C)

Pr(i | I)⇥
Y

d2depths(a⇤C)

Pr(d | D) (8)

where a⇤C is the best alignment of R to the decoy reference DC .490

This derivation assumes a single haplotype. In practice, human genomes are diploid and491

may have di↵erent copy numbers (also known as alleles) on each haplotype. To overcome this,492

ScatTR aligns reads to two decoy haplotypes (maternal and paternal) and assumes that read493

depth is evenly distributed between them. To adapt our derivation, let C 0 = hC1, C2i, where494
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C1 and C2 are the corresponding copy numbers on each haplotype. We redefine the likelihood495

as such:496

Pr(R | C 0) ⇡
Y

r2R
pr,a⇤

C0 [r] ⇥
Y

i2insert sizes(a⇤
C0 )

Pr(i | I)⇥
Y

d2depths(a⇤
C0 )

Pr(d | 1
2
D) (9)

The alignment a⇤C0 is now a mapping of each read to its position, orientation, and additionally497

the haplotype. A read can only be aligned to one haplotype. An alignment is only valid if all498

pairs are aligned to the same haplotype and in opposing orientations. The likelihood is not499

defined for invalid alignments where pairs are aligned to di↵erent haplotypes or have the same500

orientation. 1
2D represents the halved depth distribution, assuming that reads are equally likely501

to originate from either haplotype.502

4.1.7 Finding the best alignment for a copy number503

Here we describe a Monte Carlo optimization routine that finds the best alignment a⇤C of reads504

R to a decoy reference DC among all possible alignments AC . The alignment is a mapping of505

each read to its position and orientation on the decoy reference. In 4.1.3, we describe how this506

best alignment is used to approximate the likelihood of R given the true copy number. The507

likelihood of the alignment Pr(R, a | C) is used to approximate the overall likelihood Pr(R | C)508

because it contributes the largest value to the overall likelihood. So, we seek to find:509

a⇤C = arg max
a2AC

Pr(R, a | C) (10)

Finding a⇤C is di�cult because the search space, AC , is combinatorial in size with respect510

to C and |R|. Therefore, we use simulated annealing (SA) which is an iterative probabilistic511

technique for approximating the global minimum of a cost function (Kirkpatrick et al. 1983).512

It is especially useful when the search space is large, and often used when the search space is513

discrete.514

In our implementation, we seek to minimize the following cost function, which is the negative515

log likelihood of observing the reads R given the true alignment a and copy number C. We516

derived the likelihood in 4.1.3.517
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Cost(a) = � log Pr(R, a | C)

= �
X

r2R
log pr,a⇤C [r] �

X

i2inserts(a⇤C)

log Pr(i | I)�
X

d2depths(a⇤C)

log Pr(d | D)
(11)

We start from a randomly initialized alignment a and an initial temperature t0 (a parameter518

of the SA algorithm). In each iteration i, we choose a number of read pairs to move, and519

randomly sample new positions on the decoy reference to align them to. This forms a new520

alignment a0. The number of read pairs that are moved is proportional to the temperature ti.521

The next step depends on the costs of the alignments a and a0:522

1. If Cost(a0)  Cost(a), then the new alignment a0 is accepted and the algorithm continues523

with the new alignment524

2. If Cost(a0) > Cost(a), then the new alignment a0 is accepted with probability proportional525

to the di↵erence in cost. If a0 is rejected, the algorithm keeps the old alignment a for the526

next step527

The acceptance probability is e(Cost(a0)�Cost(a))/ti . When the temperature ti is high, changes528

to the alignment that increase the cost substantially (decrease the likelihood) are more likely to529

be accepted. We use a standard cooling schedule where ti =
T0
ln(i) at iteration i of the algorithm.530

The algorithm stops when no new best solutions are found for |R|
2 ln( |R|

2 ) iterations where531

|R|
2 is the number of read pairs. If no new best solutions are found for |R|

2 iterations, the532

algorithm resets the temperature to the initial temperature t0. When the algorithm terminates,533

the alignment with the lowest observed cost is considered the optimal alignment, denoted as534

a⇤C .535

4.1.8 Finding the copy number that maximizes the likelihood of the bag of reads536

To find the most likely copy number C⇤, we find the copy number that maximizes the likelihood537

of the observed bag of reads Pr(R | C). We explain in 4.1.3 how maximizing the former is538

equivalent to the later, and show how its value can be approximated using the best alignment539

for the given C. Thus, our goal is to find C⇤
540

C⇤ = argmax
c2N

Pr(R | c) (12)
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Every evaluation of Pr(R | c) requires finding the corresponding best alignment a⇤c , which is541

used to calculate the value of Pr(R | c). Since the search space is the set of natural numbers,542

it is ine�cient to compute the likelihood for every copy number to find the maximum likeli-543

hood. Optimization techniques such as gradient descent are not appropriate since the likelihood544

function is non-di↵erentiable.545

An applicable technique is golden section search (GSS) (Kiefer 1953). It is an iterative546

optimization technique used to find a local extremum of a unimodal function within a specified547

interval. It works by successively narrowing the interval where the extremum lies, reducing548

the search space in each iteration. It significantly reduces the number of evaluations that are549

needed to find the copy number that maximizes the likelihood. Since it requires defining an550

initial interval, we calculate a reasonable range of copy numbers using a closed-form solution551

that relies on the mean depth of the sample and the number of in-repeat reads present in the552

bag. For the minimum value of the range we compute the closed-form estimate using a depth553

value of µdepth + 3�depth, and the maximum using µdepth � 3�depth. The closed-form estimate554

takes as input the number of IRRs observed and the expected mean depth (see 4.3).555

In practice, to maintain numerical stability, we use the negative log likelihood as the min-556

imization objective of GSS. Additionally, because GSS is designed to converge to any local557

maximum within an interval, it can sometimes converge to saddle points in our likelihood func-558

tion. To improve our estimate of C⇤, we use bootstrapping to perform GSS multiple times. We559

start with an initial bootstrap distribution with the probability set to 0 for all copy numbers.560

For every bootstrap iteration, the copy number returned by GSS gets its probability incre-561

mented by the inverse of its the negative log likelihood. After bootstrapping is finished, the562

bootstrap distribution is normalized to sum to one and the median is reported as the estimate.563

This allows us to report a 95% confidence interval.564

4.1.9 E�ciently scoring reads against repeat decoy references565

When trying to find the best alignment for a set of reads to a decoy reference genome, we need566

to e�ciently compute a set of permitted alignment positions for each read and the associated567

alignment error. By default, we compute the alignment error as the Hamming distance between568

the read sequence and the corresponding reference sequence, separately for both the forward569

and reverse directions. Additionally, we provide an option for users to compute the alignment570

error using the Levenshtein distance, which accounts for insertions and deletions. This flexibility571
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allows users to choose the appropriate metric based on the characteristics of the locus being572

analyzed, particularly for loci where indels are expected to play a significant role.573

For a given read r, we first define “left flank” as the positions relative to the TR start574

position, “right flank” as the positions relative to the TR end position, and “within the TR”575

corresponds to the positions along the repeat motif. We only permit alignment positions with576

the smallest error, which could be more than one position. We store these positions in rela-577

tive coordinates (relative to start or end of the TR) to help us generate positions in absolute578

coordinates for arbitrary length reference genomes. This means that we only need to compute579

the error at FL + |r| � 1 positions for the left flank, FR + |r| � 1 for the right flank, and M580

positions within the motif where FL is the left flank length, FR is the right flank length, and M581

is the repeat motif length. To generate the set of permitted alignment positions for an arbitrary582

reference (i.e., arbitrary TR copy number), we convert the precomputed relative positions to583

absolute positions on the reference. For relative positions on the left flank, we simply add FL.584

For relative positions on the right flank, we add FL + R, where R is the length of the repeat585

region. For relative position i along the repeat motif, we generate all absolute positions j such586

that j = FL + n ⇤ i for n 2 N and j + |r|  FL + R. This follows from the periodic nature of587

the TR sequence.588

4.2. Simulating samples with tandem repeat expansions589

We obtained a set of tandem repeat loci from the Simple Repeats catalog (hg38 coordinates)590

published on the UCSC genome browser (Kent et al. 2002). The catalog was generated by591

Tandem Repeats Finder (Benson 1999). First, we removed loci with a motif length shorter592

than 2bp, longer than 20bp. Additionally, we selected for loci that perfectly lift over to the593

T2T-v2 assembly (Nurk et al. 2022; Kent et al. 2002). A locus passes the filter only if the region594

±550 bp around the repeat locus is identical in both HG38 and the T2T-v2 assembly. We then595

randomly selected 30 loci for evaluating the performance of our method (Supplemental Table596

1).597

We used the T2T-v2 assembly (Nurk et al. 2022) as the reference genome from which WGS598

with paired short-read sequencing were simulated. We used ART (Huang et al. 2012) which599

simulates reads with customized error profiles. We generated our samples with the HiSeqX600

PCR-free profile, with 30x coverage, 150 bp read length, 450 bp mean fragment size, and 50 bp601

fragment size standard deviation. All other parameters were kept to the default. Specifically,602
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the substitution error rate is approximately 0.0012. The insertion error rates are 0.00009 and603

0.00015 for the first and second reads, respectively. The deletion error rates are 0.00011 and604

0.00023, respectively. For each locus, we simulated a set of samples corresponding to copy605

numbers of 200 to 1000, with a step size of 100, as well as heterozygous and homozygous status.606

So, for each locus, we simulated 18 samples. In total we simulated 540 samples.607

4.3. Baseline closed-form solution608

As a baseline, we derived a closed-form solution to predict the copy number. The solution is609

equivalent to the copy number that maximizes the likelihood of the number of in-repeat reads610

(IRRs) observed. We counted a read as an IRR if it has a weighted-purity score � 0.9 (see611

4.1.2).612

C = round

✓
|IRRs|⇥ L

µdepth
+ L� 1

◆
(13)

where L is the read length and µdepth is the mean read depth of the sample. In the diploid613

case, we multiply the above value by 2 to get the sum of the copy numbers on both haplotypes.614

4.4. Comparison with GangSTR615

We obtained the source code for GangSTR version 2.5.0 from its Github repository (https:616

//github.com/gymreklab/GangSTR). The binary was built using htslib-1.11 bindings. We617

ran the simulated samples with the --targeted option. Since we are only interested in the618

genotype and estimated length, we used --skip-qscore. The --readlength option was set to619

150, --coverage to 30, --insertmean to 300, --insertsdev to 50. We also set --bam-samps to620

the name of the sample and --samp-sex to M since chromosome Y was included in the reference621

from which reads were simulated from. The predicted repeat copy number is extracted from the622

output JSON file selected as the allele with the least absolute error to the true copy number.623

4.5. Comparison with ExpansionHunter624

We obtained the source code for ExpansionHunter version 5.0.0 (https://github.com/Illumina/625

ExpansionHunter). We ran the simulated samples using default parameters, and set the --sex626

option to male. The predicted repeat copy number is extracted from the output JSON file627

selected as the allele with the least absolute error to the true copy number.628
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4.6. Comparison with STRling629

We obtained the source code for STRling version 0.5.2 (https://github.com/quinlan-lab/630

STRling). We ran the simulated samples using default parameters. Since STRling is not capable631

of analyzing TRs with motif lengths larger than 6, samples with such motifs were excluded from632

STRling predictions.633

4.7. Calculating the expected mutation rate of TRs634

We downloaded long-read sequencing data for HG02282, HG02769, HG02953, HG03452, and635

HG03520 from the 1000 Genomes Project portal Logsdon et al. 2024. Reads were aligned to the636

GRCh38 reference genome using pbmm2 align --sort -j 48 <reference> <reads> <output>637

using version 1.13.1. TR loci were then genotyped with TRGT (version 1.5.0) Dolzhenko, En-638

glish, et al. 2023 using trgt genotype -t 6 --genome <reference> --repeats <repeats>639

--reads <reads> --output-prefix <output>. From the output VCF file, we extracted the640

AP field from the FORMAT column for each locus, which represents the allele purity score. We641

computed the average purity across all samples and subtracted it from one to estimate the mean642

TR mutation rate.643

5. Code availability644

ScatTR is an open-source software package available for download at GitHub (https://github.645

com/g2lab/scattr). The source code, installation instructions, and documentation are pro-646

vided in the repository. The software is implemented in Rust and supports both Linux and Mac647

operating systems.648

6. Data access649

PCR-free WGS data from participants with CANVAS are available from the Sequence Read650

Archive (SRA) under project PRJNA885420, with individual SRA accessions SRR21753324-651

SRR21753328. The dataset can be accessed at https://www.ncbi.nlm.nih.gov/sra.652

PacBio HiFi long-read sequencing data were obtained from the International Genome Sam-653

ple Resource (IGSR) data portal for the following samples: HG03520, HG02282, HG02953,654

HG02769, and HG03452.655
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The individual-level data from the NYGC ALS Consortium are available to authorized656

investigators through the dbGaP via accession code phs003067.657

Additionally, PCR-free short-read WGS data from the 1000 Genomes Project are pub-658

licly available from the NIH 1000 Genomes mirror at https://ftp-trace.ncbi.nih.gov/659

1000genomes/ftp/1000G_2504_high_coverage/.660
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Figure 1: Supplemental Figure S1. Precision and recall of IRR extraction from 540
simulated WGS samples.
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