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Most genetic studies have historically centered on single-nucleotide polymorphisms 

(SNPs) in individuals of European ancestry, overlooking both complex genomic variants and 

global diversity. This thesis focuses on improving our understanding and analysis of tandem 

repeats (TRs)—a major, yet underexplored, source of genomic variation—through a multi-
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ancestry lens. First, we developed EnsembleTR, a genotyping framework that harmonizes TR calls 

across methods, and used it to construct a reference panel of 1.7 million TRs from 3,550 

individuals in the 1000 Genomes Project and H3Africa cohorts. This panel enabled various 

analyses, such as identifying ancestry-specific repeat expansions, expression quantitative trait loci 

(eQTL) mapping, and investigating sequence determinants of TR stability. To further improve our 

understanding of TRs, we built LongTR, a new tool for accurate TR quantification from both 

PacBio and Oxford Nanopore data, demonstrating superior accuracy and scalability over existing 

tools. Finally, we investigated two novel approaches for constructing multi-ancestry polygenic risk 

scores (PRS). First, we developed imPRS, that jointly models posterior effect sizes across 

populations and introduces a correlation parameter to enforce similar effect sizes for the shared 

variants among population. Second, we explored building the PRS model without reliance on 

ancestry labels in genome-wide association studies (GWAS), linkage disequilibrium (LD) 

estimation, and PRS calculation, by pooling all samples from every ancestry into one single cohort. 

Together, these contributions advance the inclusion of structurally complex variants and diverse 

populations in genetic analyses, with implications for improved variant discovery and equitable 

risk prediction.
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Introduction 

Genetic variation and underrepresentation of complex variants 

Genetic variation underlies the diversity of human traits and influences susceptibility to a 

wide range of diseases. With the advent of whole genome sequencing (WGS), researchers can now 

systematically identify and study these variations across the entire genome, enabling a deeper 

understanding of both rare and common forms of genetic diversity. The functional consequences 

of genetic variants depend heavily on their genomic context.1 Variants in protein-coding genes can 

lead to loss of function, gain of function, or altered protein products. Variants located in non-coding 

regions—such as promoters, enhancers, and other regulatory elements—can modulate gene 

expression by influencing transcription factor binding or chromatin state.2 

Genetic variation occurs at multiple scales and takes on many forms, each with the potential 

to affect biological function in distinct ways. Single nucleotide polymorphisms (SNPs), which 

involve a change at a single base pair, are the most common form of genetic variation. Though 

many individual SNPs have modest effects, they collectively contribute to variation in traits such 

as disease risk, physical characteristics, and drug response3 (reviewed in4). Short insertions and 

deletions (indels), involving the gain or loss of a few nucleotides, can have more substantial 

consequences, especially when they disrupt protein-coding regions or alter regulatory sequences. 

Beyond these small-scale variants, the genome also harbors larger and more complex forms of 

variation—including structural variants such as deletions, duplications, inversions, and 

translocations, often span hundreds to thousands of base pairs.  
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While complex variants are less frequent than SNPs, their functional effects can be more 

dramatic. Many of these more complex variants have historically been difficult to detect and 

interpret due to sequencing and computational limitations, but recent improvements have begun to 

reveal their contribution to human phenotypes. Emerging evidence suggests that complex variants 

may account for portions of the missing heritability not explained by SNPs or simple indels alone, 

highlighting their potential importance in shaping a wide range of traits and diseases (reviewed 

in5). 

An Overview of Tandem Repeats 

Tandem repeats (TRs) are another class of more complex genetic variants, characterized 

by the presence of DNA sequences repeated adjacently in the genome. These repetitive elements 

are broadly categorized into short tandem repeats (STRs), which have repeat units ranging from 1 

to 6 base pairs, and variable number tandem repeats (VNTRs), which typically consist of longer 

repeat units6. Together, TRs constitute approximately 3% of human genome and represent one of 

its most mutable components, with mutation rate estimated around 5.5 * 10−6 (compared to ~1.2 

× 10⁻⁸ for SNPs) due to high rates of replication slippage and other mutational processes7,8. 

TRs are increasingly being recognized for their contribution to both rare and common 

traits. Expansions of specific STRs are known to cause dozens of Mendelian disorders, including 

Huntington’s disease9, Fragile X syndrome10, and other (reviewed in11). Beyond rare diseases, 

recent work has also implicated TR variation in complex traits such as height12, blood cell 

phenotypes13, and neuropsychiatric conditions7. Additionally, TRs can influence gene expression14 

and alternative splicing15,16, often through changes in local chromatin accessibility, transcription 

factor binding, or RNA processing17–19. 
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Despite their prevalence and functional potential, TRs have historically been 

underrepresented in large-scale genomic studies. This is due, in part, to their complexity, which 

makes them difficult to genotype using standard variant calling pipelines optimized for SNPs and 

short indels. Since their emergence, short-read sequencing technologies have provided broad and 

affordable coverage of the human genome and serve as the backbone of most large-scale 

population sequencing efforts. Over the past decade, multiple tools have been developed to enable 

characterization of tandem repeats from short-read sequencing data20–26. However, accurately 

genotyping TRs from short reads is challenging due to their repetitive nature, sequencing errors 

within repeats, and alignment ambiguities, especially for longer or imperfect repeat regions 

(reviewed in27). These limitations have constrained the scope and resolution of TR analyses in 

many cohorts. Long-read sequencing technologies provide a promising path forward. By 

generating reads that span entire repeat regions, they enable more direct and accurate 

characterization of tandem repeat length and structure. Several tools have been developed to 

leverage long-read data for tandem repeat genotyping and have demonstrated the ability to resolve 

longer and more complex repeats than is possible with short-read sequencing28–32. However, long-

read technologies still lag behind short-read sequencing in throughput, accuracy, and cost-

efficiency, and large cohorts with long-read data are not yet widely available (reviewed in27). 

As tools and technologies for TR genotyping continue to evolve, integrating TR variation 

into broader studies of human genetics will be crucial. Doing so has the potential to uncover novel 

biological insights and to help explain portions of heritability that remain unresolved by more 

tractable forms of variation. 
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Ancestral Bias in Genomic Research 

Over the past decade, most of the large-scale sequencing and genotyping efforts have 

disproportionately focused on individuals of European ancestry33–35. As a result, much of our 

current understanding of human genetic variation—and its relationship to traits and disease—has 

been shaped by a relatively narrow slice of global diversity. This imbalance has important scientific 

and ethical consequences. From a scientific perspective, limiting studies to a single ancestry group 

reduces our ability to uncover the full spectrum of human genetic variation. Many genetic variants 

that are common in other populations may be rare or absent in Europeans, meaning key 

contributors to phenotypic variation and disease risk remain undiscovered or poorly understood. 

This becomes a significant barrier for use of genetic findings in clinical settings36. Furthermore, 

while emerging evidence suggests that for most traits the overall genetic architecture is broadly 

similar across populations, important exceptions exist. In some cases, key variants or regulatory 

mechanisms appear to differ, potentially due to population-specific selection, demographic history, 

or environmental exposures37,38. Accounting for this diversity is essential—not only for improving 

the accuracy and equity of genetic research, but also for uncovering novel biology that may 

otherwise remain hidden. 

In recent years, several initiatives have sought to address this gap by building more diverse 

genomic resources. The 1000 Genomes Project (1KG), for example, included individuals from 

multiple global populations and provided a foundational reference panel for human genetic 

variation39. While early phases of the project used low-coverage sequencing, more recent phases 

have produced deep WGS data, offering improved resolution across variant types. Another major 

effort is the All of Us (AoU) Research Program, which aims to recruit over one million participants 

with a strong emphasis on diversity, including racial and ethnic minorities historically 
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underrepresented in biomedical research40. These efforts represent important steps toward building 

a more equitable and comprehensive picture of human genomics. 

Complementing these large short-read datasets, long-read sequencing technologies are now being 

applied to individuals from diverse backgrounds. Although these long-read datasets are still 

smaller in size, they provide a crucial layer of information, enabling the characterization of 

complex and previously intractable variants across different populations (reviewed in41). 

Together, these resources are expanding our ability to study population-specific patterns of 

variation, such as differences in allele frequencies, mutation rates, and linkage disequilibrium 

structures. They also enable more robust inferences about shared and unique features of human 

biology.  

Genome-wide association studies 

Genome-wide association studies (GWAS) have become a foundational tool in human genetics for 

identifying genetic variants associated with complex traits and diseases. In a typical GWAS, 

researchers test millions of genetic variants across the genome—most commonly single nucleotide 

polymorphisms (SNPs)—for statistical association with a phenotype of interest in a cohort of 

individuals. This is generally done using linear or logistic regression models depending on whether 

the trait is quantitative or binary.42 

To ensure that observed associations reflect true genetic effects rather than artifacts of population 

structure or other confounders, GWAS models include various covariates. Among the most 

common are principal components (PCs), which are derived from genetic data using principal 

component analysis. PCs capture broad patterns of population structure and ancestry, helping to 
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adjust for differences among individuals due to their genetic background rather than the 

phenotype.43 Additional covariates often include age, sex, and technical variables such as batch or 

sequencing platform. 

Despite these precautions, interpreting GWAS results is not straightforward. One of the primary 

challenges is the presence of linkage disequilibrium (LD)—a phenomenon where nearby genetic 

variants tend to be inherited together44. As a result, a significant GWAS signal at a given locus 

often implicates multiple correlated variants, making it difficult to pinpoint the true causal 

variant45. Further, LD patterns differ across populations due to their unique demographic histories, 

which adds another layer of complexity. 

An ongoing debate in the GWAS field concerns how best to handle genetic diversity in the 

analysis. Current common approach is to stratify analyses by ancestry groups, performing separate 

GWAS within each population. This can reduce false positives from population structure but limits 

the sample size and may miss shared genetic effects. Alternatively, meta-analysis combines results 

from population-stratified GWAS while accounting for differences in allele frequency and effect 

sizes46,47. A third option is to pool all individuals together into a single GWAS, using covariates 

like PCs to control for structure48. 

However, these approaches are not without limitations. For example, the strategy of assigning 

individuals to discrete populations is often biologically simplistic. Human genetic variation exists 

along a continuum, and many individuals—particularly those from admixed populations like 

African Americans or Latino individuals—do not fit neatly into one ancestry group49. For these 

individuals, it is not always clear whether they should be analyzed within a specific population 

group, in pooled GWAS, or excluded altogether. This raises concerns about equity and 
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generalizability in genetic research, as admixed individuals are frequently underrepresented or 

analytically sidelined. 

Another key consideration is statistical power: larger sample sizes increase the ability to detect 

small-effect variants, motivating pooled analyses. Pooling samples together might have the 

potential to improve prediction for populations with limited sample size, by borrowing information 

from well represented populations. Yet this should be weighed against contamination of ancestry-

specific signals, specific to the smaller cohort ancestries, dominated by the other cohorts.  

Polygenic risk score 

Many human traits and common diseases are polygenic—influenced by the cumulative 

effect of many genetic variants, each contributing a small amount to overall risk or variation. Traits 

like height, body mass index (BMI), and educational attainment, as well as diseases such as type 

2 diabetes, coronary artery disease, and schizophrenia, all exhibit this highly polygenic 

architecture50–55. 

Polygenic risk scores (PRS) aim to estimate an individual's genetic liability to such traits 

by aggregating the effects of many loci across the genome. Typically, PRS construction begins 

with summary statistics obtained from GWAS. To build a predictive model, various methods are 

used to select and weight SNPs—ranging from simple p-value thresholding56 to more complex 

approaches like LASSO-based regression57 and Bayesian shrinkage models58 that account for LD 

and effect size distributions. These models attempt to balance including true signals while 

minimizing noise and overfitting. 
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While early PRS methods were designed for single populations, recent developments have 

focused on multi-ancestry PRS59,60. These approaches aim to improve accuracy and 

generalizability by sharing information across populations, often through statistical structures that 

model correlations in effect sizes61,62. Importantly, because GWAS sample sizes for non-European 

populations are typically much smaller, building ancestry-specific PRS in these groups has limited 

power. Multi-ancestry models, by leveraging information from larger studies, can partially address 

this limitation and improve performance in underrepresented populations. While multi-ancestry 

PRS models are generally more robust than single-ancestry ones, their performance still lags 

significantly in non-European individuals.  

This performance gap is partly due to the differences in LD patterns and allele frequencies 

across populations, and the way it influences how effectively SNPs tag causal variants. Although 

specialized fine-mapping tools exist to identify likely causal variants within associated regions, 

using approaches such as sum of single effects63, Bayesian inference45, and functional annotation 

integration64, PRS generally do not aim to pinpoint causality. As a result, if a causal variant is 

missing, poorly tagged, or represents a complex variant not captured by SNP-based GWAS in a 

target population, the predictive accuracy and transferability of the PRS decline36,65. 

As mentioned in previous section, this challenge is further compounded by population 

structure. Individuals from admixed or intermediate backgrounds do not fit neatly into discrete 

categories. Because multi-ancestry PRS models typically assume well-defined population labels, 

this makes application to such individuals more difficult60,62.  
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Contributed research 

Chapters 1 and 2 present full reprints of peer-reviewed papers that form the core of my 

doctoral research, in order of publication. Chapter 1 details my work leading the construction of a 

reference panel of 1.7 million high-quality tandem repeat genotypes across 3,550 samples from 

diverse populations, which we further used to study TRs in various contexts, including their effects 

on gene expression. Chapter 2 describes the development of a tool for TR genotyping from long-

read sequencing data, including benchmarking against both short- and long-read methods and 

discussion of implications for the future of TR analysis. Chapter 3 describes two approaches to 

build PRS in diverse ancestries. 
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1 Chapter 1: A deep population reference panel of 
tandem repeat variation 

 

Abstract: Tandem repeats (TRs) represent one of the largest sources of genetic variation 

in humans and are implicated in a range of phenotypes. Here we present a deep characterization 

of TR variation based on high coverage whole genome sequencing from 3550 diverse individuals 

from the 1000 Genomes Project and H3Africa cohorts. We develop a method, EnsembleTR, to 

integrate genotypes from four separate methods resulting in high-quality genotypes at more than 

1.7 million TR loci. Our catalog reveals novel sequence features influencing TR heterozygosity, 

identifies population-specific trinucleotide expansions, and finds hundreds of novel eQTL 

signals. Finally, we generate a phased haplotype panel which can be used to impute most TRs 

from nearby single nucleotide polymorphisms (SNPs) with high accuracy. Overall, the TR 

genotypes and reference haplotype panel generated here will serve as valuable resources for 

future genome-wide and population-wide studies of TRs and their role in human phenotypes. 

1.1 Introduction 

The availability of whole genome sequencing (WGS) datasets from thousands of 

individuals has enabled characterization of human genetic variation at unprecedented scale. Initial 

variant discovery efforts using low-coverage WGS were focused on single nucleotide 

polymorphisms (SNPs) and short insertions or deletions (indels)1. More recently, high-coverage 

WGS has enabled more accurate catalogs of short indels and structural variation2. Although 

multiple large WGS datasets now exist2–4, variants in tandem repeat (TR) regions are largely 

underrepresented, in part because they require more specialized bioinformatics approaches. 
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Here we consider two types of TRs: short tandem repeats (STRs) consist of repeat units of 

1-6bp in tandem, whereas variable number tandem repeats (VNTRs) have longer repeat units. TRs 

experience rapid mutation rates that result in frequent changes in copy number5. Collectively, they 

comprise around 3% of the human genome6 and occur at more than 2 million distinct loci7,8. TRs 

have been implicated in a variety of Mendelian disorders9 and complex traits10. Although TRs 

represent one of the largest sources of human genetic variation, they are technically challenging to 

genotype, and are only partially captured by general SNP and indel genotyping tools used in 

standard variant calling pipelines. 

Over the last decade, TR genotyping has rapidly matured. Variants, including large 

expansions, at STRs and VNTRs can now be reliably detected by multiple methods from high-

coverage short read WGS7,8,11–14. These methods have been applied to catalog genome-wide TR 

variation across thousands of individuals from diverse populations. One of the earliest catalogs 

profiled nearly 700,000 STRs using low-coverage WGS from phase 1 of the 1000 Genomes Project 

(1000GP) cohort15. Subsequent studies have analyzed TR variation in deep WGS from other 

cohorts4,10,16–20. However, these have faced important limitations. Most available large WGS 

datasets have been biased toward European individuals. Those including more diverse populations 

were either low-coverage, resulting in low accuracy and high rates of missing genotypes, or had 

relatively small sample size.  

Another important limitation of existing TR catalogs is that none provides a comprehensive 

view of TR variation. Most tools begin with a reference set of TRs based on a reference genome. 

However, reference sets vary dramatically across tools due to differences in parameters used to 

define repeats, which are often based on limitations of individual genotyping approaches. For 

example, GangSTR13 can identify large expansions but only genotypes TRs with no sequence 
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imperfections, whereas imperfect repeats are considered by HipSTR8. ExpansionHunter12 models 

imperfect repeats, but the reference set must be semi-manually defined by the user and may differ 

from that used by other tools. Further, the set of repeat unit lengths considered differs by tool 

(HipSTR considers 1-6bp units, GangSTR 1-20bp, adVNTR 6+bp). Thus, no single tool captures 

the full spectrum of TR variation. 

Here, we develop a new method, EnsembleTR, which takes TR genotypes output by 

existing tools (currently ExpansionHunter, adVNTR, HipSTR, and GangSTR) as input, and 

outputs a consensus TR callset by converting TR genotypes to a consistent internal representation 

and using a voting-based scheme. We apply EnsembleTR to genotype 1.7 million TRs based on 

the hg38 reference genome across deep PCR-free WGS for 3,202 individuals from the 1000GP2 

and PCR+ WGS data for 348 individuals from H3Africa Project21. We apply this resource to 

characterize population-specific TR variants, identify novel sequence-context features 

contributing to TR variability, identify TRs associated with gene expression, and generate an 

improved phased SNP-TR reference haplotype panel. The full set of phased genotypes as well as 

population-specific summary statistics are made publicly available to facilitate use by the 

genomics community. Overall, we envision this will be a powerful resource enabling study of TR 

variation across a wide range of future applications. 

1.2 Results 

1.2.1 A genome-wide catalog of TR variation 

We performed genome-wide genotyping of TRs using high-coverage PCR-free WGS data 

available for 3,202 samples from the 1000 Genomes Project (1000GP) and PCR+ WGS data for 

348 samples from the H3Africa Project (Methods). Both datasets were sequenced to an average of 
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approximately 30x coverage. We applied four separate TR genotyping methods which consider a 

variety of TR classes, including short STRs (HipSTR, ExpansionHunter, GangSTR), STR 

expansions (GangSTR, ExpansionHunter), and VNTRs (GangSTR, adVNTR). All four methods 

take as input a reference set of TRs and output inferred diploid repeat lengths in each sample. 

HipSTR additionally identifies sequence differences between repeat alleles. Genotypes from each 

method were filtered to remove poor quality calls (Methods).  

We next developed a novel ensemble calling method (EnsembleTR) which takes as input 

VCF files from different TR genotypers and outputs a consensus set of genotypes (Fig. 1.1a). TRs 

genotyped by a single tool do not require merging and are simply added to the output. EnsembleTR 

then identifies overlapping TR regions genotyped by two or more tools, infers a mapping between 

alternate allele sets reported by each method, and outputs a consensus genotype and quality score 

for each call (Methods). We applied EnsembleTR to jointly genotype all samples, which resulted 

in consensus calls at 1,785,572 unique TRs (42% homopolymers) on autosomal chromosomes. 

After removing TRs called in fewer than 75% of samples, 1,714,353 TRs (41% homopolymers) 

remained. Of those, 55% were only genotyped by a single method (Fig. 1.1b), largely reflecting 

differences in TR reference sets published for each tool.  

We evaluated whether the resulting consensus genotypes capture the expected patterns of 

genetic variation in our cohort. We first examined patterns of Mendelian inheritance (MI) in the 

602 available trios (Methods). Overall, 94% of calls follow MI, and this rate increases with 

increasingly stringent score thresholds (Fig. 1.1c). TRs called by multiple methods typically show 

higher MI rates (Fig. 1.1b). Further, TRs called by HipSTR and ExpansionHunter have higher 

overall MI rates than TRs called by GangSTR and adVNTR (Fig. 1.1b).  
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Some improvement in MI at TRs genotyped by multiple methods could result from 

differences in TR composition across reference sets for each method, with TRs considered by 

multiple methods being potentially easier to genotype compared to those genotyped by a single 

method. To test this, we computed MI separately for each genotyper at calls on Chromosome 1 

that are shared vs. unique across methods. adVNTR was excluded from this analysis since it 

genotypes a largely distinct set of TRs (Fig. 1.1b). For all methods, MI was highest at calls 

genotyped by all 3 methods compared to those called by a single method (Supplementary Data 1). 

This difference was most pronounced for GangSTR, which showed MI of 98.2% at shared calls 

vs. 88% for calls made by GangSTR alone.  

Next, to determine whether ensemble-based calling improves genotype quality beyond 

what can be explained by differences in TR composition alone, we compared the MI of 

EnsembleTR calls vs. that obtained by individual methods at TRs on Chromosome 1 genotyped 

by multiple tools. For most combinations of methods, although in most cases the different 

genotypers were highly concordant (range 80-95%), we still observed that EnsembleTR calls either 

exhibited greater Mendelian consistency or achieved comparable MI to the genotyper with the 

highest MI level (Supplementary Data 2). For example, at 15,250,413 calls genotyped by both 

HipSTR and GangSTR, the EnsembleTR MI rate is 99.3%, compared to 99.1% for HipSTR and 

98.1% for GangSTR. The only exception was for TRs called only by GangSTR and 

ExpansionHunter but not HipSTR, for which EnsembleTR calls showed lower MI than 

ExpansionHunter alone. However, these TRs make up a small percentage (approximately 0.1%) 

of the total callset, and typically are longer (mean 30bp in hg38 vs. 19bp for other TRs) making 

them more difficult to genotype precisely. We also observed that in 72% of calls that were 

genotyped by multiple methods but where at least one method did not follow MI, EnsembleTR 
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calling resulted in Mendelian consistency, compared to 65% obtained by a naïve approach of 

always choosing the HipSTR genotype. Overall, our results suggest that while TRs called by 

multiple methods tend to be easier to genotype in general, EnsembleTR still improves call quality 

over any single method at these loci. For downstream analyses, we filtered calls from TRs with 

Mendelian error rates above 5% which resulted in 1,443,686 unique TRs. 

To further evaluate our callset we performed fragment analysis via capillary electrophoresis 

to genotype 48 TRs on a subset of samples. Our validation panel includes 11 TRs implicated in 

repeat expansion disorders, plus an additional 37 TRs spanning a range of repeat classes. Each TR 

in our panel was tested on 48 samples, including 25 samples chosen to represent diverse population 

groups from the 1000GP, 17 additional samples from the “Platinum Genomes” multi-generational 

pedigree (6 of which are included as 1000GP trios), and 6 samples from the Genome In a Bottle 

project (Supplementary Data 3-7; Figs. 1.2-1.3; Methods). Out of 1,395 mutual calls between 

EnsembleTR and fragment analysis, 1,362 (98%) were concordant (96% concordance for 

GangSTR and 98% for HipSTR calls). Of the 33 discordant calls, 9 were from a single TR 

(C9orf72), a GC-pure repeat (which comprise 0.67% of our catalog). Nearly all errors including 

those at C9orf72 resulted either from discrepancies of a single unit or by dropout of one of the 

alleles at a heterozygous locus in either technology. Notably, our validation focused on TRs that 

could be readily genotyped by PCR, and thus excluded more complex repeats as well as 

homopolymer loci, for which error rates are likely higher. Still, our results suggest that most non-

homopolymer TR genotypes in our catalog based on WGS are of comparable accuracy to those 

obtained by the experimental gold standard of fragment analysis. 

Next, we examined population-specific allele frequencies at well-characterized TRs, 

including known pathogenic loci and those used for forensics analysis, and found that EnsembleTR 
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results recapitulated published results for these loci (Methods; Figs. 1.4-1.5), with mean Jensen-

Shannon divergence ranging between 0.03-0.21 for forensic loci and 0.1-0.31 for pathogenic loci 

across all superpopulations (compared to mean 0.43 and 0.55 when permuting loci; Methods). We 

then examined genome-wide patterns of TR variation across populations. Initial inspection of the 

number of variant TR alleles per sample showed that H3Africa samples had far higher rates of 

polymorphism even compared to African samples in the 1000GP (Fig. 1.6). However, we 

hypothesized this could be driven by the PCR+ nature of the H3Africa samples, which induces 

high error rates, in particular at homopolymer TRs22. Repeating this analysis, but excluding 

homopolymer loci, revealed similar patterns as were observed for other classes of variants2 (Fig. 

1.1d). Individuals from African populations had the highest number of variant TR alleles compared 

to the reference, whereas Europeans had the fewest. Further, admixed African individuals showed 

the highest variability in the number of variants per sample. As expected, the rate of discovery of 

new TR alleles slows with each new individual, but this rate increases after the addition of African 

samples and continues to increase when H3Africa samples are added (Fig. 1.7). Performing 

principal component analysis (PCA) on a matrix of the sum of repeat lengths at each TR for each 

sample captured expected patterns of population structure (Fig. 1.8).  

1.2.2 Characterizing population-specific TR variation 

We next characterized patterns of TR variation and how they vary across populations. After 

filtering, we identified an average of 184,056 and 184,759 TRs in each sample for which one or 

both alleles did not match the reference genome, respectively (Supplementary Data 8). Our callset 

contains 6,758 TRs entirely inside coding exons, corresponding to 0.5% of TRs genotyped 

genome-wide (Supplementary Data 9). On average, each sample contained at least one non-

reference allele at 295 coding TRs. As expected, TRs with repeat unit lengths that are multiples of 
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3 are over-represented in coding exons whereas mononucleotide, dinucleotide, and tetranucleotide 

TRs are far more prevalent in non-coding regions of the genome (Fig. 1.9a). Additionally, a far 

lower percentage of TRs in coding regions are polymorphic (51% for coding exons compared to 

78% genome-wide; Fig. 1.9b).  

We then summarized the variability in the length of each TR by computing the 

heterozygosity (H) (and counting the number of alleles with frequency ≥ 1%; Fig. 1.10; Methods). 

TRs in our catalog show a wide range of polymorphism rates, with 56% of non-homopolymer TRs 

(6% of homopolymers) fixed or nearly fixed at a single allele length (H <0.001), 11% (29% of 

homopolymers) with two common alleles, and 17% (50% of homopolymers) with three or more 

common alleles. TR heterozygosity and the number of common alleles are highly correlated across 

populations (Figs. 1.11-1.12), with few TRs being polymorphic in one population but not others.  

The majority of alleles identified in each sample differ in length from the reference genome 

by only a small number of repeat units, and this trend is consistent across populations (Fig. 1.13a-

b).  All populations show a slight bias toward alleles that are shorter than the reference allele, and 

exhibit the highest rates of variation at homopolymer TRs. Overall, alleles closest in length to the 

reference allele tend to be common, whereas alleles tend to decrease in frequency as a function of 

their length difference from the reference (Fig. 1.13c). However, we observed 196 TRs at which 

more than 95% of observed alleles differed from the reference by more than 2 repeats 

(Supplementary Data 10). Many of these consisted of highly imperfect repeats or TRs with 

multiple distinct repeat units. We manually inspected available PacBio “HiFi” reads from a single 

sample (Methods) overlapping each of these TRs, and found that the EnsembleTR allele was 

supported at 194/196 loci (examples shown in Fig. 1.14). We further investigated these in the new 

T2T reference genome23 and found that for 194/195 TRs that could be successfully lifted over, the 
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T2T reference matched the most common allele called by EnsembleTR. Overall, this suggests that 

a subset of complex TRs may not be correctly represented in the hg38 reference but are resolved 

in T2T. 

We also observed a subset of common alleles with large expansions compared to the 

reference (Fig. 1.13c). To identify population-specific polymorphic repeat expansions, we 

searched for TRs with common expansions in either Africans or non-Africans but not both. We 

filtered homopolymer TRs and only considered expansions as outlier alleles with copy number 

>10 (Methods). This method identified 264 candidate TRs (Supplementary Data 11). Of these, 198 

were specifically expanded in Africans and 66 in non-Africans. We additionally applied two 

methods specifically designed to detect pathogenic repeat expansions (STRetch24 and 

ExpansionHunter Denovo11) to identify candidate expansions in the H3Africa cohort. Of the 264 

candidate TRs, 11 were supported by at least one and 5 were supported by both methods. Two TRs 

had particularly dramatic Africa-specific expansion alleles (Fig. 1.13d-e), both of which were 

supported by STRetch and ExpansionHunter Denovo. These include an intronic CAG repeat in 

CA10 (1.6% of African alleles have >+65 copies relative to hg38 compared to 0.13% in non-

Africans, originally genotyped by ExpansionHunter, HipSTR, and GangSTR) and a CTT repeat 

upstream of NEXN (14% of African alleles have >+39.7 copies relative to hg38 compared to 1.2% 

in non-Africans, originally genotyped by ExpansionHunter and HipSTR). Notably, previous 

studies of the CA10 locus reported expansions at up to 30% of alleles25 , far more than reported 

for any population here. While we still likely underestimate expansion rates (see below), we note 

these studies used a threshold of 40 total copies to define expansions, compared to 86 total copies 

here (+65 relative to the 21 copies in hg38) based on our outlier detection approach. 



 30 

To further validate the CA10 and NEXN expansions, we compared EnsembleTR calls to 

genotypes obtained by manual inspection of PacBio HiFi reads available for 27 1000GP samples 

(Supplementary Data 12). Notably, long alleles at both repeats are much longer than the Illumina 

read length, and so repeat length estimates are inexact. Still, allele lengths estimated by 

EnsembleTR are strongly correlated with length estimates based on HiFi reads (Pearson 

r=0.78/0.89, two-sided p=1.5e-6/3.6e-10 for CA10 and NEXN respectively). Further, all large 

expansion alleles identified by EnsembleTR were supported by PacBio, although some large 

expansions were missed as a result of a bias in EnsembleTR’s voting scheme which down-weights 

lower confidence alleles (see Discussion). We additionally performed PCR amplification of the 

CA10 repeat in four 1000GP samples with a range of allele lengths, which confirmed EnsembleTR 

genotypes including a large expansion at this locus (Fig. 1.15). Interestingly, manual inspection of 

both TRs in HiFi reads revealed common variation not only in TR length, but also in TR sequence. 

At the CA10 TR, which is annotated as a CAG repeat in hg38, most alleles are perfect CAG repeats 

but expansions of CCG or CGG were also observed (Fig. 1.15c). Similarly, at the NEXN TR, which 

is annotated as a CTT repeat, many observed alleles instead consist of repeats of the hexamer 

sequence CTTCTC. This alternate repeat unit was observed on both expanded and normal range 

allele lengths.  

Finally, we assessed whether these sequence imperfections are captured by HipSTR, the 

only method used here that attempts to infer the sequence as well as the length of TR alleles. We 

used TRViz26 to visualize sequence structure for alleles at the CA10 and NEXN TRs (Fig. 1.16). 

HipSTR successfully identified the CTTCTC motif in shorter alleles at NEXN as well as CAC and 

CAT motifs at the CA10 locus. Longer alleles could only be genotyped by ExpansionHunter or 

GangSTR, which report perfect repeats even for genotypes where manual inspection of PacBio 
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reads confirmed the presence of alternate motifs. Notably, EnsembleTR output annotates the 

method of origin of each call, which could be used to determine in which cases repeat allele 

sequence information is reliable.  

1.2.3 Sequence determinants of TR heterozygosity 

We next used our catalog to examine determinants of polymorphism patterns across 

different TRs by correlating sequence features with TR heterozygosity. As widely observed 

previously15,27,28, we found that TR heterozygosity is most strongly correlated with total repeat 

length and the length of the repeat unit (Fig. 1.17a), with TRs with longer total stretches of 

uninterrupted repeat sequence and shorter repeat units being typically the most polymorphic. This 

trend is consistently observed across populations (Fig. 1.18). Among TRs in our catalog with the 

same repeat unit length, heterozygosity also varies to a lesser extent across different repeat unit 

sequences (Fig. 1.17b-e). For example, CG and AT dinucleotide repeats have higher average 

heterozygosities at a given length compared to AG or AC repeats. For tetranucleotides and 

pentanucleotides, AGAT and AAAAG repeats tend to have the highest heterozygosities across a 

range of repeat lengths. When visualizing reference TR length in bp vs. abundance in the genome, 

we additionally observed an unexpected periodic pattern for multiple repeat classes. Trinucleotides 

with length 0 mod 3 are less abundant than those consisting of a non-integer number of total repeat 

copies, consistent with a previous observation29. Similarly, dinucleotides with an even total length 

(e.g. ACACAC) tend to be slightly less abundant than those with an odd total length (e.g. 

ACACACA). Similar periodic trends were observed for other repeat unit lengths (Fig. 1.17a). 

Beyond the sequence of the TR, we reasoned that features of the genomic sequence 

flanking a TR may also impact its variability. To investigate this further, we focused on non-’GC’ 

dinucleotide STRs in our catalog with repeat units AC/GT, AT, or AG/CT with reference length 
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between 12-17bp. We first classified TRs as either “stable” (major allele frequency = 1) or 

“polymorphic” (major allele frequency <0.99), resulting in a set of 3,435 polymorphic STRs and 

6,922 stable STRs (Fig. 1.17f). Of these 4,829 had an AC/GT repeat unit, 3,051 had AG/CT, and 

2,477 had AT. We then applied two methods to identify sequence features characteristic of stable 

TRs. First, we applied HOMER30, a motif discovery tool, to sequences extracted from a 64bp 

window on each side of the TRs of each repeat unit separately. For AC repeats, HOMER identified 

five motifs enriched in the context of polymorphic vs. stable TRs. Of these, four contain a 

repetitive motif with a dinucleotide repeat unit (Fig. 1.17g). Similar top motifs were identified for 

AT, but not AG/CT repeats (Fig. 1.19). 

Second, we trained a convolutional neural network (CNN) using 58bp flanking each TR 

plus 6 directly adjacent bases that make up the TR from both sides, and used gradient-based 

attribution scores to quantify the importance of each input base (Methods). Our model achieved 

an overall accuracy of 73% on a held out test set with area under the precision recall curve 

0.82/0.62 when considering stable/polymorphic STRs as the target class (precision=0.76/0.64 for 

stable/polymorphic and recall=0.87/0.46 for stable/polymorphic). Visualization of attribution 

scores for the TRs most confidently and correctly predicted to be polymorphic identified that 

nearby dinucleotide repeat-like sequences have the strongest influence on whether the model 

predicted an STR to be polymorphic (Fig. 1.17h). This pattern was not visible in TRs confidently 

correctly predicted to be stable (Fig. 1.20). This result is consistent with our HOMER findings that 

dinucleotide repeat-like sequences in the flanking regions of dinucleotide TRs results in increased 

heterozygosity.  

To validate these results and quantify the strength of the relationship, we found the count 

of all 4-mers composed of adjacent dinucleotide or mononucleotide motifs (e.g. ATAT, ACAC, 
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AAAA, etc.) in a 64 bp window around all dinucleotide STRs. When dividing the counts of these 

repetitive 4-mers in context regions into quintiles, polymorphic STRs are highly prevalent in the 

upper quintile (27.6% of polymorphic STRs fall into this bin, compared to 15.5% of stable STRs) 

and depleted in the lowest quintile (which contains 16.1% of polymorphic STRs and 23.1% of 

stable STRs). Overall, the count of these context 4-mers is significantly correlated with STR 

heterozygosity both overall and individually for STRs with AT, AC/GT, and AG/CT repeat units 

(Bonferroni corrected P-values 1.5 × 10-124, 9.7 × 10-10, 5.3 × 10-30, and 1.0 × 10-5). Although these 

context dinucleotides are predictive, in all cases the strength of the correlation with these sequence 

context features is less than the correlation with copy number (Fig. 1.17i; Supplementary Data 13).  

1.2.4 Detecting TRs associated with gene expression 

To assess the utility of our catalog in identifying trait-associated TRs, we performed 

expression quantitative trait loci (eQTL) discovery in 452 unrelated samples (363 EUR and 89 

AFR) with available RNA-sequencing derived from lymphoblastoid cell lines (LCLs) from the 

Geuvadis project31. We tested for association between the sum of the repeat length of the alleles of 

each individual and gene expression for each TR within 100kb of each gene (Methods; 

Supplementary Data 14-15; Data Availability; Fig. 1.21a). Tests were performed separately in the 

EUR and AFR cohorts. In total, we identified 74,340 (EUR) and 400 (AFR) individual significant 

TR-gene pairs (FDR<0.05) and 3,664 (EUR) and 81 (AFR) total eGenes (gene-level FDR<0.05). 

Effect sizes of eTRs significant in at least one cohort (EUR or AFR) were strongly correlated 

across these two cohorts (Pearson r=0.40; p<10-200; n=64,760; Fig. 1.21b). For comparison, a 

previous eTR analysis we performed in this cohort32 based on low-coverage WGS from the 

1000GP identified only 2,060 eGenes at the same FDR threshold.  
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We compared eTR effects measured here to eSTRs we identified previously across 17 

tissues in the Genotype-Tissue Expression (GTEx) cohort16. Effect sizes computed for overlapping 

sets of TR-gene pairs across studies were significantly correlated in all tissues (p<10-200 and 

p=5.7e-12 in all tissues considering eTRs significant in European and African Geuvadis cohorts, 

respectively) but were most strongly correlated with Cultured Fibroblasts (Supplementary Data 

16, Fig. 1.21c-d). The previous GTEx analysis excluded LCLs due to low sample size, and so we 

could not directly compare to data from the same cell type. eQTLs discovered here recapitulate 

known signals, and also identify novel trait-associated TRs. For example, one of our top eTR 

signals is a dodecamer repeat in the promoter of CSTB, which has been reported by multiple 

previous studies16,33 and is associated with myoclonus epilepsy34 (Fig. 1.21e). We identified a total 

of 2,996 eTRs significant at the gene-level that were either not previously tested (2,917) or did not 

reach at least nominal significance (79) in any tissue tested in GTEx. An example novel association 

of a dinucleotide AT repeat with TIMM10 expression is shown in Fig. 1.21f.  

1.2.5 Phased reference panel allows accurate imputation of TR variants  

Finally, we generated a phased reference haplotype panel of SNPs/short indels and TRs 

from the 1000GP samples. We used our previously published pipeline35 to phase each TR 

separately onto a backbone of phased SNPs in a +/-50kb window, resulting in a single panel 

containing both phased SNPs and TRs (Methods). The resulting panel contains a total of 1,091,550 

TRs, compared to 453,671 TRs in the previously published panel. We assessed the utility of this 

panel for imputing TRs by performing a leave-one-out analysis at TRs on chromosome 21 and 

observed an average concordance of 99% between imputed genotypes and observed genotypes in 

all 5 superpopulations of 1000GP. For comparison, we performed a naive imputation method in 

which each genotype is imputed as the most common diploid genotype, which resulted in an 
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average concordance of 87%. As expected, imputation performance is strongest at the least 

polymorphic TRs, and weakest at those that are highly multi-allelic and/or have the highest 

heterozygosity (Fig. 1.22; Fig. 1.23a). 

We then evaluated the effectiveness of our panel in imputing medically relevant TRs. 

Utilizing our panel, we imputed genotypes for 92 repeats, comprising 16 widely recognized 

pathogenic loci involved in expansion disorders as well as 76 potential causal variants associated 

with blood traits that were included in our panel (Supplementary Data 17). Notably, our panel is 

comprised of healthy controls, and thus imputation is restricted to common normal range alleles 

for the known pathogenic loci. Our analysis revealed an average concordance range 0.95-0.97 

across populations for all examined loci. Performance was lower at known pathogenic TRs, with 

highly polymorphic TRs implicated in Huntington’s Disease and spinocerebellar ataxia 3 being 

most challenging (concordance range 0.68-0.90). Overall the average concordance across all 

pathogenic loci remained high (range 0.89-0.92 across populations) indicating that common, non-

pathogenic alleles at a range of medically relevant repeats can be accurately imputed. 

Multiple TRs have recently been implicated as causal drivers of genotype-phenotype 

associations discovered using genome-wide association studies (GWAS)10,36. In these cases, 

although the TRs are likely causal, the signals were originally identified using nearby tagging 

SNPs in at least moderate linkage disequilibrium (LD) with the TR. We used our haplotype panel 

to explore the ability of nearby SNPs or small indels to tag TRs. We determined the best tag SNP 

for each TR as the SNP/indel within a ±50kb window with the strongest LD (Supplementary Data 

18). As expected, TRs that are largely bi-allelic are often well-tagged by nearby SNPs (mean best 

tag SNP r2=0.90), whereas the LD of the best tag SNP decreases for TRs with an increasing number 

of common alleles (Fig. 1.23b). For example, for TRs with five common alleles the mean r2 of the 
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best tag SNP in Europeans is 0.68, with generally weaker tagging in the African superpopulation. 

The majority of tag SNPs are located within a small window around the TR, and in some cases the 

top tag SNP is within or directly adjacent to the TR (Fig. 1.23c). Overall, these results indicate that 

while bi-allelic TRs are likely well captured by existing variant panels used by GWAS and other 

studies, more polymorphic TRs are often not well tagged by a single nearby SNP or indel. 

1.3 Discussion 
TRs represent some of the most polymorphic regions of the genome, but have so far not 

been systematically included in large genetic variation databases, in large part due to technical 

challenges in genotyping as well as discrepancies in how TRs are defined by different tools. Here, 

we developed a novel framework, EnsembleTR, which uses an ensemble approach to integrate the 

output of multiple TR genotypers and generate a deep catalog of TR variation in the 1000GP and 

H3Africa cohorts. After filtering low-quality calls, our ensemble approach genotyped more than 

1.7 million TR loci. We applied EnsembleTR to identify population-specific repeat expansions, 

characterize sequence determinants of TR stability, perform eQTL analysis, and generate a phased 

TR-SNP reference haplotype panel. 

Our TR catalog based on EnsembleTR contains substantially more TRs than can be 

genotyped with any single method. The largest gain comes from the fact that recommended 

reference TR sets have low overlap across tools (Fig. 1.1b), with many TRs included only by a 

single method.  This lack of overlap stems from the algorithm design of each tool. For example, 

whereas HipSTR can genotype TRs with sequence imperfections, GangSTR is restricted to perfect 

repeats. On the other hand, adVNTR is designed specifically for VNTRs and not STRs. Beyond 

improving the quantity of TRs called, ensemble-based genotyping also increases genotype quality 

at TRs called by more than one method. For example, at TRs called by multiple methods in almost 
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all cases EnsembleTR genotypes showed Mendelian consistency levels that were either better than 

any individual method or comparable to the best-performing method (Supplementary Data 2). 

The TR dataset presented here provides important improvements over previous population-

wide TR panels and their applications. Previous TR panels were primarily based on hg19 and on 

a single TR genotyper4,15,37, or are under controlled access restrictions and have limited 

representation of diverse ancestries16,18,20,36. In contrast, this dataset is made freely available, is 

based on the hg38 reference genome, and integrates TR calls from four different tools. We also 

improve upon published efforts to identify TRs acting as eQTLs. We previously identified eTRs 

using low-coverage Phase 3 1000GP data32, which was underpowered due to low TR genotyping 

quality. A separate study performed eTR analysis based on targeted sequencing of promoter TRs 

but focused on TRs within 1kb of transcription start sites38, therefore missing the majority of TRs. 

More recently, we analyzed eSTRs16 and eVNTRs17 in the GTEx dataset, but excluded LCLs in 

the STR analysis due to low sample number. The current study shows high concordance with these 

previous eTR efforts, but identifies 2,996 novel TR-gene associations in LCLs. Finally, we present 

a new TR-SNP reference haplotype panel, with 1,091,550 loci compared to our previous panel of 

453,671 TRs35. This panel can be used for imputing TRs into external GWAS datasets, an approach 

which has already proven successful by us and others to identify novel trait-associated STRs36 and 

VNTRs10.  

While overall patterns of TR variation are highly similar across populations, detailed 

analysis of individual TRs revealed individual loci with population-specific patterns. For example, 

we identified multiple Africa-specific repeat expansions, including common trinucleotide 

expansions in an intron of CA10 and in the promoter of NEXN which often involve expansions 

containing multiple distinct repeat units. These expansions are supported by both the African 
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cohorts within 1000GP as well as within H3Africa. Common expansions of the repeat in CA10, a 

brain-expressed gene, have been previously reported (previously referred to as the ERDA1 

locus39), and have been speculated to be associated with psychiatric disorders40. NEXN mutations 

have previously been shown to result in dilated cardiomyopathy41, which is particularly prevalent 

in Africa42. Because 1000GP and H3Africa do not have phenotype information available, future 

efforts are needed to determine the potential phenotypic impacts of these population-specific 

expansions. 

This study faced several limitations, many of which will be overcome as sequencing 

technology and genotyping algorithms continue to improve. First, our TR catalog is based on 

genotypes obtained from short reads. While this enables reliable genotyping of nearly 2 million 

TRs, including TRs longer than Illumina read lengths, it is far from comprehensive and many long 

and complex TRs are still missing. In particular, long alleles with complex structures consisting of 

multiple repeat units, such as pathogenic alleles in RFC1 linked to CANVAS43, or the imperfect 

repeats at long alleles at the NEXN and CA10 repeats described above, are still challenging to 

resolve with short reads. Long reads such as PacBio HiFi show great promise to genotype the 

majority of these loci. Intriguingly, the new TRGT method44 can reliably infer both repeat length 

and sequence structure even at complex repeats such as RFC1. However, PacBio data is currently 

only available for several dozen 1000GP samples. Second, while the 1000GP data is PCR-free, 

WGS from H3Africa is PCR+, likely resulting in high error rates in particular at homopolymer 

TRs and preventing reliable assessment of repeat expansions specific to that cohort. Third, several 

technical improvements to the EnsembleTR pipeline may improve future genotyping efforts. For 

example, it currently only merges TR records from two or more methods if the repeat unit is 

determined to be identical for that locus across all methods. This occasionally fails, for example at 
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the CSTB promoter TR which is called as a 5-mer by HipSTR but a 12-mer by adVNTR. Further, 

EnsembleTR currently prioritizes allele lengths that can be most precisely estimated, which in 

some cases such as the CA10 TR results in incorrectly choosing high-confidence HipSTR calls 

over large but inexact expansions identified by ExpansionHunter. Another future improvement is 

to incorporate ensemble-calling of TRs into pangenome-based methods, which have resulted in 

important improvements to variant calling at other variant types but are still not optimized for 

TRs45. 

Overall, this study presents a dataset of 1.7 million TRs across 3,550 diverse individuals, 

as well as a phased TR-SNP reference haplotype panel. These calls are made publicly available 

(see Data Availability) and will serve as an important resource for future efforts to identify 

population-wide patterns of TR variation and study the effect of genetic variation at TRs on human 

phenotypes. 

1.4 Methods 

1.4.1 Dataset description 
Whole genome sequencing CRAM files for 3,202 1000GP samples, including 1,598 males 

and 1,604 females, aligned to GRCh38 were obtained from European Nucleotide Archive 

accessions PRJEB31736 [https://www.ebi.ac.uk/ena/browser/view/PRJEB31736] (unrelated 

samples) and PRJEB36890 [https://www.ebi.ac.uk/ena/browser/view/PRJEB36890] (related 

samples). Population and superpopulation labels for each sample were obtained from the 1000GP 

data portal (https://www.internationalgenome.org/data-portal/sample). As described on the 

1000GP data portal (https://www.internationalgenome.org/1000-genomes-summary/), all 

collections included in the 1000GP Project followed their ethical guidelines and model informed 

consent language. 

https://www.internationalgenome.org/data-portal/sample
https://www.internationalgenome.org/1000-genomes-summary/
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CRAM files for 348 H3Africa samples are available from the European Genome-Phenome 

Archive with accession code EGAS00001002976 [https://ega-

archive.org/studies/EGAS00001002976/] and were generated as part of the H3AChip Design 

project. The samples in the H3Africa dataset represent individuals from West, Central, and South 

African countries. Gender information for samples in the H3Africa cohort was not available to the 

authors. CRAM files were accessed through the H3Africa Genome Analysis Working Group. As 

previously described in the original paper21, all samples were collected after appropriate approvals 

had been obtained from local Ethics Boards and Committees in each of the represented countries, 

and participants gave informed consent. 

Information on age of samples was not available for any of the cohorts. Gender of samples 

was not used in any of the downstream analyses. 

1.4.2 TR genotyping with published tools 
We first used each tool (HipSTR, GangSTR, adVNTR, ExpansionHunter) to genotype TRs 

and generate raw calls in VCF format, with a single VCF file per population.  

GangSTR: GangSTR13 v2.4.5 was run on each sample separately with non-default 

parameters --str-info str_info_file (see below), --bam-samps sample_id, --samp-sex sample_sex, 

and --grid-threshold 250. We generated an initial set of reference TRs for the hg38 assembly using 

Tandem Repeats Finder46 with the following parameters: match=2, mismatch=5, indel=17, 

maxperiod=20, pm=80, pi=10 and minscore=24. We then refined the reference set by applying a 

series of filtering steps. First, we removed repeats longer than 1kb. Then, we kept a single repeat 

with the shortest repeat unit length among those with identical start or stop coordinates. Compound 

and imperfect repeats were removed and any extra bases not matching the repeat motif were 

trimmed from both sides. Any duplicated repeats were discarded post-trimming. We then removed 
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any repeats from the reference that did not have a minimum number of 10, 5, 4, and 3 copies for 

homopolymers, di-, tri-, and tetra/penta/hexa-nucleotide repeats respectively. Finally, we filtered 

out any overlapping repeats if their motifs consisted of identical nucleotide types. The reference 

set is available at https://s3.amazonaws.com/gangstr/hg38/genomewide/hg38_ver17.bed.gz.  

The file str_info_file contains the per-locus stutter parameters obtained by training the 

stutter model on 19 samples using a modified version of HipSTR v0.6.2 

(https://github.com/mikmaksi/HipSTR) with non-default parameters --stutter-model-only (to skip 

genotyping), --chrom (to run separately for each chromosome), --min-reads 20, and --output-

filters. mergeSTR47 v3.0.3 was used to merge the VCF files of each sample into a unified VCF file 

for each population.  

HipSTR: We used HipSTR8 v0.6.2 with non-default parameter --max-reads 2000000 to 

perform joint autosomal STR genotyping separately for each population using the hg38 STR 

reference available at https://github.com/HipSTR-Tool/HipSTR-

references/blob/master/human/hg38.hipstr_reference.bed.gz.  

adVNTR: adVNTR7 v1.4.0 was run on each sample separately with a custom reference TR  

set (https://cseweb.ucsd.edu/~mbakhtia/adVNTR/vntr_data_recommended_loci_hg38.zip). For 

adVNTR’s reference set, a total of 10,264 loci were selected. We started with TRs detected by 

Tandem Repeats Finder46 to identify an initial set of VNTRs located in coding, untranslated, or 

promoter regions. To identify VNTRs in coding exons and UTRs, we used RefSeq gene 

coordinates downloaded from UCSC Table Browser48. For VNTRs within promoter regions, we 

considered 500 bp upstream of the transcriptional start sites of genes as the promoter regions. A 

total of 13,081 VNTRs were identified, of which 10,262 VNTRs were within the size range for 

short-read genotyping. We subsequently added two VNTRs known to be linked to human disease49. 

https://s3.amazonaws.com/gangstr/hg38/genomewide/hg38_ver17.bed.gz
https://github.com/HipSTR-Tool/HipSTR-references/blob/master/human/hg38.hipstr_reference.bed.gz
https://github.com/HipSTR-Tool/HipSTR-references/blob/master/human/hg38.hipstr_reference.bed.gz
https://cseweb.ucsd.edu/~mbakhtia/adVNTR/vntr_data_recommended_loci_hg38.zip
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mergeSTR v4.0.1 was used to merge the VCF files of each sample into a single VCF file for each 

population.  

ExpansionHunter: ExpansionHunter11 v5.0.0 was run separately on each sample using a 

variant catalog of polymorphic STRs  (https://github.com/Illumina/RepeatCatalogs/blob/release-

v0.1.x/polymorphic_STR/hg38/polymorphic_STR.json). mergeSTR v4.0.1 was used to merge the 

VCF files of each sample into a unified VCF file for each population.  

1.4.3 Filtering initial TR genotypes 
Prior to EnsembleTR calling, all population-level VCF files from each tool were leniently 

filtered with dumpSTR47 v3.0.3 with the following options: --min-locus-callrate 0.75 (to remove 

TRs with low call rate), --min-locus-hwep 0.000001 (to remove TRs whose genotypes do not 

follow Hardy-Weinberg Equilibrium), and --filter-regions hg38_segdup.sorted.bed.gz --filter-

regions-names SEGDUP (to remove TRs overlapping segmental duplications obtained from the 

UCSC Genome Browser50). For GangSTR, we additionally used options --gangstr-filter-

spanbound-only and --gangstr-filter-badCI to remove low quality calls. For AdVNTR calls, we 

additionally devised a motif complexity filter, which discards TRs where the consensus motif has 

imperfect internal repeat structures. For example, a VNTR with consensus motif TTTTTCTT may 

actually be capturing a homopolymer repeat resulting in incorrect VNTR calls. 

For this filter, we iteratively mask out characters in the motif and compute the Hamming 

distance between the masked motif against a sliding window of itself, while allowing the masked 

character to match any other character in the motif. Let 𝑀 be a motif of length 𝑛, we first compute 

𝑀′ by masking 𝑘 characters. For a pre-selected 𝑘 and 𝑖 ∈ [0, *!"+ − 1] (using 0-based string 

indexing), 𝑀′#," is defined a string matching the original motif except characters that are in the 𝑖’th 

subset of length 𝑘	of the motif are masked. 

https://github.com/Illumina/RepeatCatalogs/blob/release-v0.1.x/polymorphic_STR/hg38/polymorphic_STR.json
https://github.com/Illumina/RepeatCatalogs/blob/release-v0.1.x/polymorphic_STR/hg38/polymorphic_STR.json
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For each 𝑀′#,", we concatenate it to itself to form 𝑀′′#," to identify any possible internal 

repetitions. The motif score is then computed as follows: 

 

 Score(𝑀) = max
	#∈'(,'!")*+),,∈(+,!*+)

dist(𝑀/
#," , 𝑀#,"

// [𝑗: 𝑗 + 𝑛 − 1]) (1) 

where dist(𝑥, 𝑦) gives the Hamming distance between two strings 𝑥 and 𝑦 with equal 

length. The value 𝑘 is determined based on the motif length 𝑛: 𝑘 = 	 ; !
+(
< 	𝑖𝑓	𝑛	 ≤ 40, 𝑒𝑙𝑠𝑒	1. 

Finally, Score(𝑀)	is normalized by motif length 𝑛, to ensure Values are between [0,1], 

with values closer to 1 indicating the presence of an internal repeat structure. We filtered all 

VNTRs with motif score > 0.8. 

1.4.4 Merging all populations 
Finally, filtered population-level VCF files from each tool were merged using mergeSTR 

v4.0.1 to generate a single VCF file containing all samples. HipSTR in some cases adjusts the 

coordinates of an STR region to encompass polymorphic flanking regions around the repeat. In 

some cases, this can lead to the same STR having slightly different genomic coordinates in the 

VCF output for different populations. Thus, merging HipSTR VCF files across populations 

required specific modifications in mergeSTR code. When mergeSTR tries to merge records from 

different populations, three scenarios can happen: 1) A TR has the same starting position and 

reference allele sequence in populations A and B, in which case mergeSTR correctly merges them 

into one record. 2) A TR has different starting positions in populations A and B, in which case 

mergeSTR writes two distinct records for repeat X in the output. 2) A TR has the same starting 

position in populations A and B, but the end coordinate and reference allele sequence is different 
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in these populations, in which case mergeSTR will skip the locus due to the inconsistency in the 

reference allele. To address this issue, we first modified mergeSTR to write the loci with different 

reference alleles and identical starting position as multiple records. The motified version of 

mergeSTR is available at (https://github.com/gymreklab/TRTools/tree/conf_ref). Then, a python 

script (https://github.com/gymreklab/1000Genomes-STRs/blob/main/Hipstr_correction.py) was 

used to correct the output VCF file of mergeSTR. First, all the records with the same repeat ID are 

collected, then the largest overlapping region among all reference alleles is identified and all alleles 

are trimmed accordingly. If an allele sequence is empty after trimming, all genotypes with that 

allele were considered as no call. Genotypes are updated based on the new list of alleles and a 

corrected merged record is written in the output VCF file.  

Finally, for GangSTR calls, after merging samples from all populations, we identified 

repeats with overlapping coordinates and among them, we only kept the first one. 

1.4.5 Ensemble genotyping 
EnsembleTR takes VCF files from multiple TR genotypes as input and outputs a merged 

consensus callset. The specific steps of EnsembleTR are described below. 

Identifying overlapping TRs between callsets: EnsembleTR starts by finding the mutual 

samples across all callers. Then EnsembleTR walks through the list of TR loci (records) called by 

each method in sorted order to identify sets of mergeable calls. Records are deemed mergeable if 

they have overlapping coordinates and identical repeat unit sequences. EnsembleTR allows at most 

one record from each caller in each mergeable set.  

Matching alleles: Mergeable sets may contain records from multiple callers, each of which 

might have genotyped a locus using slightly different representations of the possible alleles (see 

https://github.com/gymreklab/TRTools/tree/conf_ref
https://github.com/gymreklab/1000Genomes-STRs/blob/main/Hipstr_correction.py
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Fig. 1.1a for an example). To overcome this issue, EnsembleTR forms an internal representation 

of the consensus set of alleles such that alleles will be directly comparable across methods. It first 

extends all alleles to the maximum region spanned by all records. In this way, all alleles from 

different callers will start and end at the same position on the genome. It then extends the original 

alleles to span this entire region by prepending or appending flanking sequences extracted from 

the reference genome. 

After identifying mergeable alleles, a representative sequence is determined for each allele 

set. If the mergeable set contains a HipSTR record, EnsembleTR uses the HipSTR allele sequences 

and discards alleles from other methods with the same length as the HipSTR alleles. This is done 

because HipSTR is the only method of the four used which reports the actual allele nucleotide 

sequence rather than only copy numbers. If there are two HipSTR alleles with the same length but 

different sequences in the allele set, both allele sequences are stored, and the original allele called 

by HipSTR for each sample is retrieved. In the case that an allele set contains two different HipSTR 

alleles, but a sample does not have a HipSTR call at that locus, we choose the most common allele 

of that length output by HipSTR. If a HipSTR record is not in the mergeable set, allele sequences 

are retrieved from one of the available callers randomly. 

Ensemble calling: For each sample at each locus in a mergeable set, EnsembleTR matches 

calls from each method to the consensus alleles determined in the previous step. It then determines 

a consensus genotype by choosing the diploid genotype with the highest score as defined below. 

In case of ties, it gives priority to callers with the order of HipSTR, GangSTR, ExpansionHunter, 

and adVNTR. Let 𝑆0	 be the score for a diploid genotype 𝑔. 𝑆0	 is computed as:  
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𝑆0 =	

∑ 𝑄0,11∈𝐌

∑ ∑ 𝑄0#,11∈𝐌0#∈𝐆
∗ max
1∈𝐌

𝑄0,1 
(2) 

Where 𝐌 is the set of methods considered, 𝐆 is the set of possible diploid genotypes (pairs 

of consensus alleles), and  𝑄0,1	 is the quality score for method 𝑚 for genotype 𝑔. If the genotype 

returned by method 𝑚 is not equal to 𝑔, then 𝑄0,1 is set to 0. Otherwise, 𝑄0,1 is set to a quality 

score specific to each method. For HipSTR, AdVNTR, and GangSTR the quality score is obtained 

from the Q score of the original VCF file, which ranges from 0 to 1. For ExpansionHunter, we 

defined a quality score based on the copy numbers and confidence intervals of each allele in the 

called genotype. Each allele’s score is calculated by the formula: 

 1

exp(4	 ∗ 	 𝐶𝐼𝐶𝑁)
 (3) 

where 𝐶𝑁 is the copy number and 𝐶𝐼 is the length of the confidence interval. Then a final 

score for the ExpansionHunter genotype is calculated as a weighted average between two alleles’ 

scores. A coefficient of 0.8 is used for the lower score and 0.2 for the higher one to give prominence 

to the low-quality genotype. We tried coefficients other than (0.8, 0.2) in score definition and 

compared their performance in terms of alignment with the Mendelian Inheritance rates in 

ExpansionHunter calls. While all settings of score coefficients are effective in capturing the true 

quality of calls according to MI error rates, differences in their performance are negligible. 

EnsembleTR outputs a new VCF file with the final genotypes with the highest score, along with 

the score 𝑆0	for each call. 
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1.4.6 Experimental validation of TR genotypes 
For each candidate TR, we obtained primers to amplify the TR and surrounding region 

(Supplementary Data 3). A universal M13(-21) sequence (5’-TGTAAAACGACGGCCAGT-3’) 

was appended to each forward primer. We then amplified each TR using a three-primer reaction 

previously described51 consisting of the forward primer with the M13(-21) sequence, the reverse 

primer, and a third primer consisting of the M13(-21) sequence labeled with a fluorophore. 

The forward (with M13(-21) sequence) and reverse primers for each TR were purchased 

through IDT. The labeled M13 primers were obtained through ThermoFisher (#450007) with 

fluorescent labels added to the 5’ ends (either FAM, VIC, NED, or PET). TRs were amplified using 

the forward and reverse primers plus an M13 primer with one of the four fluorophores with GoTaq 

polymerase (Promega #PRM7123) using PCR program: 94°C for 5 minutes, followed by 30 cycles 

of 94°C for 30 seconds, 58°C for 45 seconds, 72°C for 45 seconds, followed by 8 cycles of 94°C 

for 30 seconds, 53°C for 45 seconds, 72°C for 45 seconds, followed by 72°C for 30 minutes. 

For several loci which were difficult to amplify using the above conditions, we used 

separate PCR conditions. Full experimental details for these loci are provided in Supplementary 

Methods. For HTT, C9orf72, and FMR1 we used available kits from Asuragen for genotyping 

(HTT: AmplideX® PCR/CE HTT Kit52, C9orf72: AmplideX® PCR/CE C9orf72 Kit53, FMR1: 

AmplideX® PCR/CE FMR1 Kit54). 

Fragment analysis of PCR products was performed on a ThermoFisher SeqStudio 

instrument using the GSLIZ1200 ladder, G5 (DS-33) dye set, and long fragment analysis options. 

Raw PCR product sizes are given in Supplementary Data 3. Product sizes were converted to allele 

lengths using a binning process described in the Supplementary Methods. 
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Asuragen results are reported in Supplementary Data 5. To make Asuragen results (reported 

in total repeat copy number) comparable to WGS calls (reported as the number of repeat units 

relative to hg38), we applied an offset of -3 and -19 for C9orf72 and HTT genotypes, respectively. 

While AmplideX® PCR/CE FMR1 Kit results are also reported for FMR1, we did not include that 

locus in our validation analysis since our WGS calls include only autosomal loci. 

For HTT only, we performed a sequence-specific analysis to compare WGS and 

experimentally validated genotypes. The repeat region in HTT consists of the sequence 

(CAG)nCAACAGCCGCCA(CCG)n. While EnsembleTR identifies changes in either the CAG or 

CCG repeat, the AmplideX® PCR/CE HTT Kit calls specifically analyzes only the CAG repeat. 

Therefore, we extracted the total number of CAG repeats, rather than the entire repeat length, from 

EnsembleTR before performing comparisons. Notably, the SCA1 locus consists of an imperfect 

repeat. While EnsembleTR, HipSTR, and the capillary electrophoresis calls measure the total 

change in repeat length, GangSTR considers only the longest perfect repeat stretch, which likely 

accounts for the discrepancy with GangSTR calls at this locus. 

1.4.7 Published allele frequencies for forensics and disease-associated TRs 
Population-specific allele frequencies for the CODIS forensics TRs in EUR, AMR, AFR, 

and EAS populations were obtained from NIST STRBase (https://strbase.nist.gov/, 

https://strbase.nist.gov/1036-Revised-Allele-Freqs-PopStats-July-19-2017.xlsx). SAS allele 

frequencies were obtained from literature sources55,56. Control allele frequencies for disease-

associated TRs were obtained from various sources: (1) HTT: Validated repeat lengths were 

previously obtained13 from Huntington’s Disease patients (dbGaP accession “phs000371.v2.p1 

[https://www.ncbi.nlm.nih.gov/projects/gap/cgi-bin/study.cgi?study_id=phs000371.v2.p1]”). We 

used non-expanded alleles from table pht002988.v1.p1.c1 to estimate control allele frequencies in 

https://strbase.nist.gov/
https://strbase.nist.gov/1036-Revised-Allele-Freqs-PopStats-July-19-2017.xlsx
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European samples. For other populations, allele frequencies were extracted from Masuda, et al.57 

(EAS), Baine, et al. (AFR and H3Africa)58, Saleem, et al.59 (SAS), and Paradisi, et al.60 (AMR); 

(2) DMPK: Allele frequencies were obtained from Ambrose, et al.61 (EAS), Acton, et al.62 (AFR), 

and Magana, et al.63 (AMR); (3) PPP2R2B: Allele frequencies for Europeans were obtained from 

Majounie, et al64. Similarity between published allele frequencies and those obtained from 

EnsembleTR was measured using Jensen-Shannon divergence, implemented in the python scipy 

library65 v1.5.2 to obtain a null value for the divergence. For each locus/population pair, we first 

calculated the average Jensen-Shannon divergence between its EnsembleTR frequency and the 

published frequency for all other locus/population pairs. We then calculated the mean over all 

pairs. 

1.4.8 Mendelian inheritance analysis 
We analyzed 602 trios available in 1000GP. For each trio, we only assess the Mendelian 

Inheritance if 1) calls were available for all three samples and 2) at least one of the samples is not 

homozygous for the reference allele. The score assigned to each trio is the minimum score reported 

by EnsembleTR among all samples in the trio. In all analyses except the TR expansion analysis, 

TRs with Mendelian error rates >5% were filtered, leaving 1,443,686 total TR loci. 

1.4.9 Characterization of population-specific TR variation 
We performed principal component analysis on a matrix X!,1 where 𝑛 is the number of 

TR loci and 𝑚 is the number of samples. Each cell 𝑐#,, of X denotes the sum of allele lengths for 

a diploid call of 𝑗th sample at 𝑖th locus. In the case of a no call, 𝑐#,, is set to NaN. Due to the large 

size of X, we used a memory-efficient method, Incremental Principal Component Analysis (IPCA), 

implemented in the python scikit-learn library66 v1.0.2.  
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1.4.10  Inspecting TRs not matching hg38   
To validate the 196 TRs for which the majority of alleles (>95%) differ by more than 2 

repeat units from the hg38 reference (Supplementary Data 10), we examined the length of those 

TRs separately in both the T2T23 reference and PacBio HiFi reads for sample HG00438 obtained 

from the Human Pangenome Reference Consortium67 (HPRC) (https://s3-us-west-

2.amazonaws.com/human-pangenomics/index.html?prefix=working/HPRC/). For the PacBio 

HiFi dataset, we used the Integrative Genomics Viewer68 to manually inspect reads aligning to 

each TR. To compare to the T2T reference v1.1 (https://s3-us-west-2.amazonaws.com/human-

pangenomics/T2T/CHM13/assemblies/chm13.draft_v1.1.fasta.gz), hg38 coordinates of the 196 

TRs were converted to T2T v1.0 first and then converted to v1.1 using the UCSC liftOver50 utility 

with the corresponding chain files at http://t2t.gi.ucsc.edu/chm13/hub/t2t-chm13-

v1.0/hg38Lastz/hg38.t2t-chm13-v1.0.over.chain.gz and  

https://s3-us-west-2.amazonaws.com/human-

pangenomics/T2T/CHM13/assemblies/changes/v1.0_to_v1.1/v1.0_to_v1.1_rdna_merged.chain. 

For TRs that failed to convert due to partial deletion, we added additional flanking sequences (up 

to 1,000bp) to the start and end coordinates and reattempted liftOver, which resulted in successful 

conversion of 195/196 TRs to T2T v1.1. One TR failed due to deletion in the T2T v1.1 reference. 

For each TR, We used samtools69 v1.5 to extract its sequence with flanking regions from both the 

T2T v1.1 and hg38 references and compared the two sequences using BLASTN70 v2.13.0+. We 

used a similar method to compare the TR lengths between the T2T v1.1 reference and the major 

alleles called in EnsembleTR by replacing the hg38 reference with the EnsembleTR major allele 

at each TR.    

https://s3-us-west-2.amazonaws.com/human-pangenomics/index.html?prefix=working/HPRC/
https://s3-us-west-2.amazonaws.com/human-pangenomics/index.html?prefix=working/HPRC/
https://s3-us-west-2.amazonaws.com/human-pangenomics/T2T/CHM13/assemblies/chm13.draft_v1.1.fasta.gz
https://s3-us-west-2.amazonaws.com/human-pangenomics/T2T/CHM13/assemblies/chm13.draft_v1.1.fasta.gz
http://t2t.gi.ucsc.edu/chm13/hub/t2t-chm13-v1.0/hg38Lastz/hg38.t2t-chm13-v1.0.over.chain.gz
http://t2t.gi.ucsc.edu/chm13/hub/t2t-chm13-v1.0/hg38Lastz/hg38.t2t-chm13-v1.0.over.chain.gz
https://s3-us-west-2.amazonaws.com/human-pangenomics/T2T/CHM13/assemblies/changes/v1.0_to_v1.1/v1.0_to_v1.1_rdna_merged.chain
https://s3-us-west-2.amazonaws.com/human-pangenomics/T2T/CHM13/assemblies/changes/v1.0_to_v1.1/v1.0_to_v1.1_rdna_merged.chain
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1.4.11  Detecting population-specific expansions 
For each TR with repeat unit length >1bp, we defined an expanded allele to be any allele 

with copy number greater than Q3 + 3*IQR, where Q3 is the third quartile, and IQR is the 

difference between the third and first quartile.  We calculated the frequency of expansions in 

African (1000GP AFR and H3Africa) and Non-African populations (all other 1000GP super-

populations). We defined TRs with population-specific expansions as those for which 1) the 

expansion threshold copy number (Q3 + 3*IQR) is greater than 10, 2) the frequency of expansions 

is greater than 0.01 in at least one population and, 3) the expansion frequency in one population is 

at least 10 times larger than the other population. Gene annotations for repeat expansions were 

based on Ensembl version 108 available at https://ftp.ensembl.org/pub/release-

108/gtf/homo_sapiens/Homo_sapiens.GRCh38.108.gtf.gz. 

To support these results, we applied two additional TR genotypers (STRetch24 and 

ExpansionHunter Denovo11) to identify expansions in the H3Africa cohort. STRetch v.0.4.0 takes 

as input a reference genome with decoy STR contigs of length 2000bp, a CRAM or BAM file and 

a bed file with genome locations of TRs. A STRetch STR catalog was generated for GRCh38 and 

the recommended pipeline for WGS was run for each sample. We ran STRetch twice, once using 

143 control samples provided and once without any controls and using all samples in one batch. 

However, due to the distinct nature of the sequencing data for control samples in STRetch, which 

were PCR-free unlike the H3Africa samples, we consider the results from the second analysis to 

be more reliable and therefore use them for downstream analysis. STRetch results for each sample 

were then merged into a single file and filtered using the criteria p_adj < 0.05, locuscoverage >=3 

and outlier Z-score >= 8. The filtered loci were annotated using the OrganismDbi71 R package 

v1.40.0. 

https://ftp.ensembl.org/pub/release-108/gtf/homo_sapiens/Homo_sapiens.GRCh38.108.gtf.gz
https://ftp.ensembl.org/pub/release-108/gtf/homo_sapiens/Homo_sapiens.GRCh38.108.gtf.gz
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ExpansionHunter Denovo v.0.9.0 was used to generate genome-wide STR profiles for each 

sample with default parameters of --min-unit-len 2, --max-unit-len 20, --min-anchor-mapq 50, and 

--max-irr-mapq 40 in order to restrict the search of motif lengths of up to 20 bp. Unlike STRetch, 

ExpansionHunter Denovo does not require prior knowledge of the location of repeats in the 

genome. A manifest file was synthesized where each sample was labeled as a case and STR profiles 

were merged to allow comparisons among samples after read depth normalization. Outlier locus 

and motif analyses were performed using scripts available in the ExpansionHunter Denovo 

package and the output was ranked using Z scores. Annotation of locus-based analysis results was 

done using ANNOVAR72. To find the overlap between our set of expansions and expansions found 

by ExpansionHunter Denovo and STRetch, for each repeat expansion r in our list, we checked if 

there is any expanded repeat reported by either ExpansionHunter Denovo or STRetch that meets 

two conditions: 1) it is located in the surrounding ±1000bp window of the r, 2) the repeat unit 

sequence of both expansions are the same.  

To validate the candidate repeat expansion in an intron of CA10, we designed primers to 

amplify the TR and surrounding region using the three-primer reaction described above. consisting 

of the forward primer with the M13(-21) sequence (5’-

TGTAAAACGACGGCCAGTTGGCTCCAAGTAGCACATCTT-3’), the reverse primer (5’-

TGCAACTAGCGGTGACCTTA-3’), and a third primer consisting of the M13(-21) sequence 

labeled with a fluorophore. Primers were purchased through IDT. The labeled M13 primers were 

obtained through ThermoFisher (#450007) with FAM fluorescent labels added to the 5’ ends. The 

locus was amplified with GoTaq polymerase (Promega #PRM7123) using the PCR program: 94°C 

for 5 minutes, followed by 30 cycles of 94°C for 30 seconds, 59°C for 45 seconds, 72°C for 45 

seconds, followed by 8 cycles of 94°C for 30 seconds, 53°C for 45 seconds, 72°C for 45 seconds, 
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followed by 72°C for 30 minutes. We tested on 4 samples from 1000GP (HG119, NA20847, 

NA19434, NA12878). Fragment analysis of PCR products was performed on a ThermoFisher 

SeqStudio instrument using the GSLIZ1200 ladder, G5 (DS-33) dye set, and long fragment 

analysis options. We used the reference allele 

AAGCAGCAGCAGCAGCAGCAGCAGCAGCAGCAGCAGCAGCAGCAGCAGCAGCAGC

AGCAGCAGCAG (22 repeats) to set up bins for analysis using the Genemapper software.  

1.4.12  Visualizing repeat composition with TRviz 

We used TRviz v1.0.126, a python library to visualize EnsembleTR alleles for a subset of 

27 1000GP samples. 

1.4.13  Finding sequence determinants of TR heterozygosity 

We summarized the variability of each TR using heterozygosity, computed as 1 − ∑ 𝑝#4!
#5+ 	, 

where 𝑝# is the frequency of allele 𝑖 and 𝑛 is the total number of alleles. Heterozygosity was 

computed using the statSTR utility from TRTools47 v4.2.1 with flags --het --vcftype hipstr.  

For classifying dinucleotide TRs as stable vs. polymorphic, we used pure (no sequence 

imperfections) dinucleotide STRs with lengths of 12-17 bp based on the HipSTR STR reference 

set that were genotyped in at least 3,000 samples between 1000GP and H3 Africa. The 82 perfect 

‘GC’ motif STRs were omitted to prevent overfitting and due to the low number of those TRs. 

HOMER30 v4.11.1 was run twice for each TR repeat unit type (AC/GT, AT, and AG/CT), 

alternating having the variable or stable STRs as the foreground set and the other the background. 

For each sequence, we input either the forward or reverse complement sequence such that the TR 

repeat unit matched the canonicalized repeat unit sequence (AC for AC/GT repeats, AT for AT 

repeats, and AG for AG/CT repeats). The input sequences for each group were the 64 bp flanks on 
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either side of the TRs. The sequences before and after each STR were separate examples but part 

of the same variable or stable set. HOMER was run to find motifs 4-12 bases long without GC 

correction with the command findMotifs.pl <targetSequences.fa> fasta <output directory> -fasta 

<background.fa> -len 4,5,6,7,8,9,10,11,12 -noweight . 

Our neural network model consists of a 1-D CNN with inception blocks73 implemented 

with Pytorch. Instead of applying convolutional kernels of a single width, inception blocks in 

parallel apply filters of multiple widths in addition to a pooling and single-width convolution. Our 

best performing model used six inception blocks with kernel sizes 5, 9, and 15 followed by global 

average pooling and a single linear layer. The data was split 70:15:15 into train, validation, and 

test splits and reverse complements were added to the same split as the forward strand sample. 

To blind the model from STR length and focus on nearby sequence information, the model 

input is the 58 bp flanking the STR and the 6 directly adjacent bases that make up the STR from 

both flanks. The model input is then these two flank sequences concatenated together into a single 

sequence. The input was represented using one-hot encoding, so a zero matrix was used as a 

baseline for generating attribution scores with Integrated Gradients74. We found that using a global 

average pooling layer instead of a global max pooling layer led to more informative attribution 

scores. 

1.4.14  eQTL analysis in the GEUVADIS cohort 
We obtained gene-level reads per kilobase of transcript per million mapped reads (RPKM) 

values for 452 unrelated individuals generated from lymphoblastoid cell lines by the GEUVADIS 

project31 (https://www.internationalgenome.org/data-portal/data-collection/geuvadis). Duplicated 

samples were removed by arbitrarily keeping the first dataset for each. Genes with RPKM above 

0.1 in more than 10 samples were kept for downstream analysis. Expression values for remaining 

https://www.internationalgenome.org/data-portal/data-collection/geuvadis
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genes were quantile-normalized on sample level followed by quantile-normalization to a standard 

normal distribution separately for each gene. Genes overlapping segmental duplications were 

removed, and analysis was restricted to protein-coding genes based on GENCODE v12 annotation. 

Gene coordinates were adjusted from hg19 to hg38 using the liftOver available from the UCSC 

Genome Browser50. After filtering, 12,607 genes remained for analysis. 

To control for population structure, we obtained publicly available genotype data on 2,318 

unrelated individuals from the 1000GP genotyped with Omni 2.5 SNP genotyping arrays 

(http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/supporting/hd_genotype_chip/). We 

removed all indels, multiallelic SNPs, and SNPs with a minor allele frequency of less than 5%. We 

then used plink75 v.1.90b3.44 to subset these remaining SNPs to a set of SNPs in approximate 

linkage equilibrium with the command --indep 50 5 2. We excluded any remaining SNPs with a 

missingness rate of 5% or greater. We lastly ran principal component analysis using smartpca76,77 

v.13050 with default parameters.  

Association tests were performed separately on the African and European populations. For 

each TR, we tested for association with each gene within 100kb. We performed a linear regression 

for each test between the TR dosage (the sum of allele lengths relative to the hg38 reference 

genome) and normalized gene expression. We included the top 10 genotype principal components 

as computed above, 44 PEER factors78, and sex as covariates. The number of PEER factors was 

chosen based on the recommended 1/10 of the sample size. PEER factors were calculated using 

PEER v1.0 based on the normalized gene expression data of all 452 samples. In cases where fewer 

than 50 samples had non-missing TR genotypes, the TR was removed from analysis in that 

population. 

http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/release/20130502/supporting/hd_genotype_chip/
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To identify individual significant eTRs, we obtained adjusted p-values using the 

Benjamini-Hochberg approach for controlling the false discovery rate79 applied to p-values for all 

TR-gene pairs separately in Europeans and Africans. To identify gene-level significant eTRs, we 

followed the steps in our previous eTR analyses16,32. For each gene, we determined the TR 

association with the strongest P-value. This P-value was adjusted using a Bonferroni correction 

for the number of TRs tested per gene to give a P-value for observing a single eTR association for 

each gene. We then used the list of adjusted P-values (one per gene) as input to the Benjamini-

Hochberg method to obtain a q-value for the best eTR for each gene. 

eTR summary statistics based on the GTEx dataset used for effect size comparisons were 

obtained from Supplementary Dataset 2 of Fotsing et al16. TR coordinates were lifted over to hg38 

for comparison. Because coordinates can vary slightly between callsets, we identified TRs as 

overlapping if their coordinates were within 20bp. 

1.4.15  Phasing and imputation 
Phased SNPs for 1000GP samples were downloaded from the 1000GP FTP server 

(http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/workin

g/20201028_3202_phased). We used Beagle v4.080 to phase each TR separately. To produce a 

high-quality TR callset for phasing, we performed additional filtering to remove all calls with 

quality score below 0.9, TRs with call rate below 0.8, and TRs with average Mendelian Error rate 

> 5%. We manually included three pathogenic loci (HTT, SCA1, and SCA3) that did not meet the 

filtering criteria. 

Our pipeline is based on our previously published framework35 and takes the unphased TR 

and surrounding phased SNPs from a 50kb window centered at the TR as input (--gt). We set the -

-usephase parameter to True to allow Beagle to use the phase information of provided phased SNPs 

http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/working/20201028_3202_phased
http://ftp.1000genomes.ebi.ac.uk/vol1/ftp/data_collections/1000G_2504_high_coverage/working/20201028_3202_phased
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to phase the target TR. This step outputs a phased VCF file containing both SNPs and the target 

TR. We apply a custom script to ensure the phase order matches the original SNP input. We then 

extract and concatenate phased TR genotypes from each locus and combine them with the original 

phased SNPs into a single phased VCF file. In order to comply with Beagle's requirement of a 

maximum of 126 alleles per record, manual modifications were made to the VCF entries for HTT 

and SCA1. The alteration involved unifying alleles with the same length but different sequences, 

and subsequently updating the corresponding genotypes to meet the specified requirement. 

We then used Beagle v5.481 to perform a Leave-One-Out analysis to assess concordance. 

This analysis was restricted to chromosome 21 due to the high computational burden. For each 

sample S, phased SNPs+TRs for all samples except S are given to Beagle as --ref and phased SNPs 

for sample S are given to Beagle as reference panel (--gt). Beagle will use these inputs to impute 

the missing TRs for S. After performing imputation for n = 100 randomly chosen samples from 

each population (excluding trio samples), concordance for each locus is computed as follows: For 

each sample 𝑆# 	, 𝑖	 ∈ {1. . 𝑛}, let 𝐱#,	 be the EnsembleTR genotype and 𝐲#, be the imputed TR 

genotype for sample 𝑆# at the 𝑗th locus. Each genotype for a diploid sample contains two alleles, 

therefore we will define 𝐱#, 	= 	 (𝑥#,+, 𝑥#,4)  and  𝐲#, 	= 	 (𝑦#,+, 𝑦#,4). Then concordance 𝑐#, for 𝑆# 

at the 𝑗th locus is computed as: 1 if both genotypes match: sorted(𝑥#,+	, 𝑥#,4	) 	== 		 sorted(𝑦#,+	,

𝑦#,4	)	; 0 if neither imputed allele matched an EnsembleTR allele; else 0.5 if one but not both 

imputed alleles matched the EnsembleTR alleles. Total concordance for the 𝑗th locus 𝑐, is 

computed by averaging over concordance values for each sample 𝑐, 	= 	
+
!
∑ 𝑐#,# .  

To compute LD between each TR and a nearby SNP, we calculated the squared Pearson 

correlation coefficient between the SNP and TR genotype vectors, where each vector has 2n 
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elements, n is the number of samples and each sample has two alleles. We used the phased and 

imputed TR genotypes for this analysis and we selected the SNP with the highest r2 as the candidate 

tag SNP for each target TR.  

To evaluate imputation of trait-associated TRs (Supplementary Data 17), we obtained 

coordinates of 95 blood-trait associated loci from Supplementary Table 4 of Margoliash, et al36. 

TR coordinates were converted from hg19 to hg38 using the UCSC liftOver tool50. 

1.5 Data Availability 
TR genotypes, the phased TR-SNP reference panel, and population-specific summary 

statistics generated in this study are available from the EnsembleTR Github webpage 

[https://github.com/gymrek-lab/EnsembleTR]. Summary statistics are also made available in 

browsable format at WebSTR [webstr.ucsd.edu]. Summary statistics of all tested TR-gene pairs in 

African and European samples are deposited in the Figshare database 

[https://figshare.com/articles/dataset/1000GenomesH3Africa_SuppData16_zip/24164367]. The 

WGS datasets for the 1000GP samples used in this study are available from the European 

Nucleotide Archive under accessions PRJEB31736 

[https://www.ebi.ac.uk/ena/browser/view/PRJEB31736] (unrelated samples) and PRJEB36890 

[https://www.ebi.ac.uk/ena/browser/view/PRJEB36890] (related samples). The H3Africa WGS 

datasets used in this study are available in the European Genome-Phenome Archive under 

accession EGAS00001002976 [https://ega-archive.org/studies/EGAS00001002976/]. Geuvadis 

datasets used in this study are available from the 1000GP website 

[https://www.internationalgenome.org/data-portal/data-collection/geuvadis]. Analyses are based 

on the GRCh38 reference genome [https://storage.googleapis.com/genomics-public-

data/resources/broad/hg38/v0/Homo_sapiens_assembly38.fasta]. 
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1.6 Code Availability 
EnsembleTR is available on GitHub: https://github.com/gymrek-lab/EnsembleTR82. 
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1.8 Appendix 

Experimental validation of TR genotypes 

The following loci were amplified using separate PCR conditions than those described in 
Methods: 

● SCA1(ATXN1): 95°C for 5 mins, 28 cycles of 95°C for 1 min, 61°C for 1 min, 72°C for 
1.5 min; 8 cycles of 95°C for 1 min, 53°C for 1 min, 72° C for 1.5 mins, and a final 
extension at 72°C for 10 min. 

https://github.com/gymrek-lab/EnsembleTR
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● ATN1: 95°C for 15 min, 27 cycles at 94°C for 20 s, 65° C for 30 s, 72°C for 1.5 min; 8 
cycles of 94°C for 20 s, 53°C for 30 s, 72°C for 1.5 mins and a final extension at 72°C for 
10 min. 

Several additional loci were initially analyzed by capillary electrophoresis but were filtered from 

downstream analysis since we determined they produced unreliable genotypes: 

● Known pathogenic repeats at HOXD13 

(F:tgtaaaacgacggccagtAAGGAGAGGAGGGAGGAGG, 

R:GACATACGGCAGCTGTAGTAGC  and PAPBN1 

(F:tgtaaaacgacggccagtCCAGTGCCCCGCCTTAGA, R: 

ACAAGATGGCGCCGCCGCCCCGGC) were excluded since all samples were called as 

homozygous reference by both EnsembleTR and capillary electrophoresis. 

● A known pathogenic repeat in FXN was genotyped but excluded from comparisons since 

it was not genotyped by EnsembleTR. 

● A known pathogenic repeat for SCA2 (F:6FAM-GGGCCCCTCACCATGTCG, 

R:CGGGCTTGCGGACATTGG) was excluded since many capillary calls had evidence 

of three alleles in a single sample, and we could not determine the correct diploid call. 

● A known pathogenic repeat in PHOX2B 

(F:tgtaaaacgacggccagtCCAGGTCCCAATCCCAAC, R:GAGCCCAGCCTTGTCCAG) 

was excluded since all capillary calls were heterozygous for the same alleles, which is 

unlikely to be correct. 

● We additionally excluded known pathogenic loci on chrX, since our calls focus on 

autosomal TRs. Results for the FMR1 repeat, which is on chrX, are reported from 

Asuragen but are not included in comparison.  
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Fragment analysis was performed in separate batches for Platinum Genomes (17 samples; 

“PG”) and the remaining 31 samples (“Coriell”). Product sizes were converted to repeat 

differences from reference to be comparable to our WGS genotypes. In some cases, product sizes 

were offset by a constant value from the expected values. We binned product sizes to allele lengths, 

with binsets manually set for each locus in each batch. For each locus, we set the minimum 

(minval) and maximum (maxval) product size, the repeat unit length (period), and allele 

assignment of the minimum product size (start). We then determined the allele for a given product 

size (psize) using the following rule:  

1. Set allele=start and i=minval 

2. While i<maxval: if psize>=i and psize<i+period return allele. Else allele+=1, i+=period 

3. If no matching allele was found, return NA 

The bin definitions for each locus/batch are provided in Supplementary Table 7.  

Supplementary Data 1-17 can be found here: 

https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-023-42278-
3/MediaObjects/41467_2023_42278_MOESM4_ESM.xlsx 

 

Supplementary Data 18 can be found here: 

https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-023-42278-
3/MediaObjects/41467_2023_42278_MOESM5_ESM.zip 

 

  

https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-023-42278-3/MediaObjects/41467_2023_42278_MOESM4_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-023-42278-3/MediaObjects/41467_2023_42278_MOESM4_ESM.xlsx
https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-023-42278-3/MediaObjects/41467_2023_42278_MOESM5_ESM.zip
https://static-content.springer.com/esm/art%3A10.1038%2Fs41467-023-42278-3/MediaObjects/41467_2023_42278_MOESM5_ESM.zip
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Figure 1.1: A deep catalog of TR variation across human populations 

a. Overview of EnsembleTR workflow. Aligned reads are input to four TR genotyping tools 
(GangSTR, HipSTR, adVNTR, and ExpansionHunter). Filtered VCFs are input to EnsembleTR. 
EnsembleTR first identifies sets of mergeable loci (step 1) and identifies sets of compatible alleles 
between callers (step 2). Finally, it scores each possible diploid genotype (step 3) and outputs the 
best genotype and its score. The resulting VCF file is used to generate a phased SNP+TR reference 
haplotype panel. b. Overlap of TRs called by each method. Annotations below the bars indicate 
the combination of methods a TR was called in. Numbers next to each method indicate the number 
of unique TRs in each category. Numbers below the plot indicate the Mendelian Inheritance (MI) 
rate across all calls in each category. Categories with fewer than 10 total TRs were excluded. c. 
Mendelian Inheritance as a function of EnsembleTR quality score. The x-axis gives the 
EnsembleTR quality score threshold used, and the y-axis gives the percent of genotyped trios 
which follow MI. Line colors denote repeat unit lengths. Each trio/TR pair was only included in 
each category if all calls in the trio passed the score threshold. Trio/TR pairs for which all samples 
were homozygous for the reference allele were excluded from analysis. d. Distribution of the 
fraction of non-reference alleles in individuals by population. Boxplots summarize the 
distribution of the fraction of variant alleles in each sample. Horizontal lines show median values, 
boxes span from the 25th percentile (Q1) to the 75th percentile (Q3). Whiskers extend to Q1–
1.5*IQR (bottom) and Q3+1.5*IQR (top), where IQR gives the interquartile range (Q3-Q1). 
Homopolymer TRs are excluded. Box colors denote superpopulations. Gray denotes H3Africa. 
Other colors denote 1000 Genomes superpopulations. 
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Figure 1.2: Per-locus comparison between WGS-based TR genotypes and capillary 
electrophoresis results 

Each point gives the percent of genotypes that were concordant (y-axis) between capillary 
electrophoresis and WGS (black=EnsembleTR; red=HipSTR; blue=GangSTR) for each TR (x-
axis). TRs are arranged by category (left=non-disease associated TRs; right=disease-associated 
TRs). Within each category, TRs are sorted by EnsembleTR concordance. Horizontal lines denote 
the % matching corresponding to the different possible numbers of concordant genotypes (out of 
a maximum of 31 samples). Full genotype comparison results are provided in Supplementary 
Table 6. Note, for HTT, GangSTR does not distinguish between the CAGn and CCGn repeats, 
whereas the Asuragen test used for PCR counts only CAG copies. Similarly, SCA1 consists of an 
imperfect repeat, and GangSTR only considers the length of perfect repeat stretches. This likely 
accounts for lower concordance of GangSTR compared to EnsembleTR and HipSTR at those loci. 
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Figure 1.3: Comparison of genotypes called by capillary electrophoresis vs. EnsembleTR 

The length of each allele relative to the hg38 reference was computed and lengths of the two alleles 
were summed for each call. The x-axis gives the capillary result, and the y-axis gives the result 
called by EnsembleTR. Bubble size scales with the number of genotype calls at each coordinate. 
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Figure 1.4: Comparison of population-specific allele length distributions called by 
EnsembleTR vs. published frequencies at the CODIS forensic loci 

Rows represent 1000GP superpopulations and H3Africa (gray=H3Africa, blue=EUR, green=EAS, 
orange=AFR, red=AMR, purple=SAS). Each column represents a different CODIS locus. Colored 
bars give the frequency (y-axis) of each allele length (x-axis) observed in EnsembleTR results in 
terms of the number of repeat units. EnsembleTR alleles at the TH01 locus, a tetranucleotide repeat 
with a common 3bp interruption, were rounded down to the nearest repeat unit. All EnsembleTR 
alleles at D5S818 were adjusted down by one repeat unit since the EnsembleTR call contains an 
extra imperfect repeat unit not counted in published frequency data. Black dots give the expected 
frequency of each length based on previous literature (see Methods). For each locus/population 
pair, the Jensen-Shannon divergence between expected frequencies and EnsembleTR frequencies 
is annotated at the top of the plot.  
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Figure 1.5: Comparison of population-specific allele length distributions called by 
EnsembleTR vs. published frequencies at the disease-associated loci 

Rows represent 1000GP superpopulations and H3Africa (gray=H3Africa, blue=EUR, green=EAS, 
orange=AFR, red=AMR, purple=SAS). Each column represents a different locus implicated in a 
TR expansion disorder. Colored bars give the frequency (y-axis) of each allele length (x-axis) 
observed in EnsembleTR results in terms of the number of repeat units. Black dots give the 
expected frequency of each length based on previous literature (see Methods). For each 
locus/population pair, the Jensen-Shannon divergence between expected frequencies and 
EnsembleTR frequencies is annotated at the top of the plot. For HTT, we counted only the number 
of CAG repeats in alleles returned by EnsembleTR to be consistent with counts obtained in the 
literature, which do not count the adjacent CCG repeat. 
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Figure 1.6: Distribution of the fraction of non-reference alleles in individuals by population 

Boxplots summarize the distribution of the fraction of variant alleles in each sample. Horizontal 
lines show median values, boxes span from the 25th percentile (Q1) to the 75th percentile (Q3). 
Whiskers extend to Q1–1.5*IQR (bottom) and Q3+1.5*IQR (top), where IQR gives the 
interquartile range (Q3-Q1). Data is the same as in Fig. 1.1d except homopolymer TRs are 
included.  
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Figure 1.7: Cumulative number of TR alleles with each additional sample 

The y-axis gives the number of unique TR alleles discovered with each additional sample. Samples 
on the x-axis are sorted by superpopulation. Orange=polymorphic alleles (allele count > 2), 
purple=doubleton (observed twice), blue=singleton (observed once). Data is based on 
chromosome 21.  
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Figure 1.8: TR variants capture known population structure. a. Principal components 
analysis of all samples 

PCA was performed using TR genotypes on all samples (Methods). The projection of each sample 
along PC1 and PC2 are shown. b. Principal components analysis of African populations. A 
separate PCA was performed on only the H3Africa and 1000GP AFR samples. Samples of similar 
origin cluster despite being sequenced and genotyped separately (e.g. YRI [Yorubans from 
Nigeria] from 1000G and Nigeria from H3Africa are clustered together). For a-b, each dot 
represents a single individual. Dots are colored based on the population or superpopulation of 
origin.   
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Figure 1.9: Comparison of TR patterns in coding regions vs. genome-wide. a. Comparison 
of TR repeat unit length distributions 

While homopolymer and dinucleotide repeats are most prevalent genome-wide, trinucleotide TRs 
are over-represented in coding regions. b. Comparison of the distribution of the number of 
common alleles at each locus. Common alleles are defined as having a frequency > 1%. As 
expected, coding TRs are less polymorphic and have fewer common alleles per TR compared to 
genome-wide TRs. In both panels, red bars denote TRs in coding regions and blue bars denote 
genome-wide TRs.  
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Figure 1.10: TRs exhibit a range of polymorphism levels across loci 

a. shows data for only homopolymer TRs, and b. shows data for non-homopolymer TRs. Both 
panels show heterozygosity as a function of the number of common alleles. The y-axis gives the 
distribution of heterozygosity values for TRs with the number of common alleles specified in the 
x-axis.  Boxplots summarize the distribution of heterozygosity values. Horizontal lines show 
median values, boxes span from the 25th percentile (Q1) to the 75th percentile (Q3). Whiskers 
extend to Q1–1.5*IQR (bottom) and Q3+1.5*IQR (top), where IQR gives the interquartile range 
(Q3-Q1). In a-b, top panels show the number of TRs with each number of common alleles.  
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Figure 1.11: Comparison of TR heterozygosity values across populations 

Each scatterplot compares the heterozygosity of each TR across two superpopulations. The black 
line denotes the diagonal. Heatmap shading indicates the number of TRs falling into each bin. The 
Pearson correlation comparing heterozygosity values in each pair of superpopulations is annotated 
above each panel. Data is shown for non-homopolymer TRs.
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Figure 1.12: Comparison of TR heterozygosity values across populations 

Each scatterplot compares the heterozygosity of each TR across two superpopulations. The black 
line denotes the diagonal. Heatmap shading indicates the number of TRs falling into each bin. The 
Pearson correlation comparing heterozygosity values in each pair of superpopulations is annotated 
above each panel. Data is shown for homopolymer TRs.  
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Figure 1.13: Characterizing population-specific TR variation. a-b. Distribution of variant 
allele sizes 

Bars show the percent of variant alleles that have a specified difference in length compared to the 
hg38 reference. Positive numbers indicate expansions and negative numbers indicate contractions 
relative to the reference. Panel a shows data for all non-homopolymer TRs and b shows data for 
homopolymer TRs. Bar colors denote superpopulations. Gray denotes H3Africa. Other colors 
denote 1000 Genomes superpopulations. c. Allele frequency vs. allele length. The x-axis shows 
allele lengths relative to the reference genome and the y-axis shows the frequency of each allele 
across all populations. Different panels denote different repeat unit lengths. Dots corresponding to 
expansion alleles highlighted in the text are annotated with dashed boxes. Only alleles with 
frequency at least 0.1% are shown. Alleles with the same length as the reference allele are 
excluded. d-e. Population-specific allele distributions at example loci. In each panel, the x-axis 
denotes allele length (number of repeats relative to hg38) and the y-axis denotes the frequency of 
each allele. Each panel shows a different superpopulation. Panel d shows a trinucleotide repeat in 
intron 4 of CA10. Panel e shows a trinucleotide repeat upstream of NEXN. Both repeats have 
expansion alleles common in African populations compared to non-Africans.  
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Figure 1.14: Example TRs for which the majority of observed alleles show dramatic 
deviations from the hg38 reference 

In each panel, the TR region is denoted by a black box. Aligned PacBio HiFi reads from HPRC 
for sample HG00438 are visualized using the Integrative Genomics Viewer (IGV). The major 
allele length (repeat units relative to hg38) and frequency are annotated in each panel.  
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Figure 1.15: Experimental validation of genotypes at the CAG repeat in an intron of CA10 

In a., PCR was used to amplify the TR region in four 1000GP samples. Sample names and 
EnsembleTR calls (expected product size in bp) are annotated below each lane. We identified an 
expansion in NA20847, which is validated by PCR. Panel b. Shows results of fragment analysis 
on the same PCR products using the GeneMapper software. Samples are annotated with 
EnsembleTR calls (bp difference from hg38). Panels c-d show IGV screenshots of Pacbio Hifi 
reads aligned to the TRs in CA10 and NEXN for which Africa-specific common repeat 
expansions were identified. 
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Figure 1.16: Allele sequence visualization with TRviz 

We used TRviz to visualize allele sequences for 27 samples in 1000Genomes samples. a. Allele 
sequences for the repeat upstream of NEXN described in the text are shown. Although it is 
annotated as a CTT repeat, many observed alleles consist of repeats of the hexamer sequence 
CTTCTC. For longer alleles, ExpansionHunter calls were chosen, therefore sequence 
imperfections are not reported. b. Allele sequences for the intronic repeat in CA10 described in the 
text are shown. While the repeat is annotated as CAG, other motif sequences such as CAT and 
CAC are frequently seen. Similar to the NEXN repeat, long alleles are genotyped by 
ExpansionHunter where the sequence imperfections are not reported. A “*” next to a haplotype 
indicates it was obtained from ExpansionHunter, and therefore no imperfections could be detected. 

 

 

 

 



 78 

Figure 1.17: Sequence determinants of TR polymorphism. a. Heterozygosity is correlated 
with total TR length 

The x-axis denotes the length of each TR in hg38 (bp of the longest perfect repeat). The top panel 
gives the number of repeats in each category. The bottom panel shows the mean heterozygosity 
for TRs with each length. b-e are the same as the bottom panel of a, except for different repeat unit 
sequences. Homopolymers are not shown separately as most have the same repeat unit (An). Gray 
lines are shown every other bp in b, every third bp in c, every fourth bp in d, and every fifth bp in 
e. f. Overview of approach to classify TRs as stable vs. polymorphic based on sequence 
context. We used two approaches (HOMER and convolutional neural networks) to classify 
dinucleotide TRs based on 64bp of sequence context upstream and downstream of the TR. g. Top 
motifs enriched in the context of AC dinucleotide TRs. All other discovered motifs were flagged 
as likely false positives by HOMER. One-sided unadjusted binomial P-values are shown. h. 
Attribution scores of three example AC TRs predicted to be polymorphic. Each row denotes 
a different TR. Within each row, the matrix has a row for each nucleotide and a column for each 
position (centered on the TR). Color denotes the attribution score of each base in each position 
(green and purple denote positive and negative contributions toward polymorphism prediction, 
respectively). i. Correlation of TR and context features with heterozygosity. Blue bars denote 
the Spearman correlation of TR length (reference copy number) with heterozygosity. Orange 
denotes correlation of the counts of dinucleotide-like or homopolymer-like 4-mers in the context 
region (+/- 64bp) with heterozygosity. Error bars give 99% confidence intervals around the 
estimated Spearman correlation found by bootstrapping with 1,000 70% subsets. 
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Figure 1.18: Heterozygosity is correlated with total TR length 

The x-axis denotes the length of each TR in the reference genome (in total bp of the longest 
uninterrupted repeat) and the y-axis shows the mean heterozygosity for TRs with each length. 
Figures are the same as Fig. 1.17a but plotted separately based on heterozygosity values in each 
superpopulation. Colors denote different repeat unit lengths. Superpopulation labels are annotated 
on the top of each panel.  
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Figure 1.19: Significant HOMER results not marked as likely false positives 

Motifs enriched in the context regions for polymorphic vs. stable were identified using HOMER. 
Results marked as significant by HOMER are shown. Reverse complements were used such that 
the AC motif category includes information from all AC and GT motif STRs on the forward strand.  
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Figure 1.20: Integrated Gradients attribution scores for most confidently predicted true 
positive (correctly predicted polymorphic) and true negative (correctly predicted stable) 
STRs by the CNN model 

Each row denotes a different TR. Within each row, the matrix has a row for each nucleotide (A, C, 
G, T) and a column for each position (centered on the TR). Color denotes the attribution score of 
each base in each position, where green indicates a base positively contributed towards the model 
predicting polymorphic and purple indicates contributing towards the model predicting stable.  
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Figure 1.21: TRs associated with gene expression in LCLs. a. Schematic overview of eTR 
detection 

A separate association test between TR dosage (sum of repeat lengths) and expression is performed 
for each TR within 100kb of a gene. b. Comparison of effect sizes across populations. The x-
axis gives effect sizes based on European samples and the y-axis gives effect sizes based on African 
samples from GEUVADIS. Each dot represents a TR-gene pair (eTR). eTRs with consistent effect 
directions are colored in red. Only eTRs reaching FDR<0.05 in at least one population are 
included. r gives the Pearson correlation between effect sizes. The P-value is two-sided and not 
adjusted for multiple comparisons. c-d. Comparison of effect sizes in GEUVADIS vs. GTEx. 
The x-axis gives effect sizes measured in GEUVADIS in Europeans (c) or Africans (d). The y-axis 
of each plot gives the effect sizes measured in Fotsing et al.16 in cultured fibroblasts. Each dot 
represents a TR-gene pair (eTR). Only eTRs with adjusted P-values <0.05 in the GEUVADIS 
analysis are shown. r gives Pearson correlation between effect sizes. The P-value is two-sided and 
not adjusted for multiple comparisons. e. Example replication of a previously identified eTR. 
The x-axis gives the number of repeats of a TR upstream of the gene CSTB. The y-axis gives 
normalized CSTB expression. f. Example novel eTR. The x-axis gives the number of repeats of a 
TR near TIMM10. The y-axis gives normalized TIMM10 expression. 
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Figure 1.22: Imputation accuracy decreases with the number of common alleles 

The x-axis denotes the number of common alleles (frequency > 1%) for each TR. The y-axis 
denotes the mean imputation concordance for TRs in each bin based on a Leave-One-Out analysis 
on chromosome 21. 
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Figure 1.23: Phasing and imputation at TRs. a. Imputation accuracy decreases with 
heterozygosity 

The x-axis denotes TR heterozygosity. The y-axis denotes the mean concordance for TRs in each 
heterozygosity bin based on a Leave-One-Out analysis on chromosome 21. b. TRs are often 
tagged by common SNPs. The x-axis denotes the number of common alleles (frequency >0.01) 
for each TR. The y-axis denotes the mean LD (r2) of the best tag SNP for TRs in each bin. For a-
b, colors denote 1000G superpopulation. c. Distribution of the distance between each TR and 
its best tag SNP. The y-axis is given on a log10 scale.    
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2 Chapter 2: LongTR: genome-wide profiling of genetic 
variation at tandem repeats from long reads 

Abstract: Tandem repeats are frequent across the human genome, and variation in repeat 

length has been linked to a variety of traits. Recent improvements in long read sequencing 

technologies have the potential to greatly improve tandem repeat analysis, especially for long or 

complex repeats. Here we introduce LongTR, which accurately genotypes tandem repeats from 

high fidelity long reads available from both PacBio and Oxford Nanopore Technologies. LongTR 

is freely available at https://github.com/gymrek-lab/longtr and 

https://zenodo.org/doi/10.5281/zenodo.11403979. 

2.1 Introduction 
Tandem repeats (TRs), including short tandem repeats (STRs; repeat unit 1-6bp) and 

variable number tandem repeats (VNTRs; repeat unit 7+bp), refer to regions of the genome that 

consist of adjacent repeated units. TRs are a large source of genetic variation in humans1 and are 

implicated in a growing list of Mendelian and complex traits2. In the last decade, multiple tools 

have been developed to estimate the repeat length and/or sequence of TRs using short reads 

(e.g.[3–6]) but certain repeats such as highly complex TRs have remained intractable. Long-read 

sequencing technologies offer a promising solution. However, tools designed for short reads are 

ineffective on long reads given the considerable differences including in read length, base calling 

accuracy, error profiles at STRs (Fig. 2.1) and paired-end vs. single-end format. 

2.2 Results and Discussion 
Here, we introduce LongTR, which extends the HipSTR3 method originally developed for 

short read STR analysis in order to genotype STRs and VNTRs from accurate long reads available 

from both PacBio7 and Oxford Nanopore Technologies8 (ONT). LongTR takes as input sequence 
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alignments for one or more samples and a reference set of TRs and outputs the inferred sequence 

and length of each allele at each locus. It uses a clustering strategy combined with partial order 

alignment to infer consensus haplotypes from error-prone reads, leveraging read phase information 

when available, followed by sequence realignment using a Hidden Markov Model which is used 

to score each possible diploid genotype at each locus (Methods; Fig. 2.2). Unlike other existing 

long read TR genotypers, LongTR supports multi-sample calling, employs a technology-specific 

homopolymer error model, and outputs genotype quality scores.  

We ran LongTR to genotype repeats in a reference set of 937,122 human TRs from Project 

Adotto9 using 30x PacBio HiFi reads from HG002 (Data Availability). To evaluate the accuracy 

of genotype calls, we extracted alleles for genotyped TRs from the haplotype-resolved genome 

assembly of HG00210, which was generated using multiple technologies and orthogonal 

computational methods, and is thus treated as a ground truth here. LongTR outputs inferred allele 

sequences in addition to repeat length, enabling sequence level comparisons of the alleles to the 

assembly. Of 814,319 repeats for which exactly two alleles were extracted from the assembly, 

LongTR showed 84.7% sequence concordance and 98.5% length concordance allowing for 1 bp 

differences. To further evaluate the accuracy of LongTR, we performed TR genotyping in an 

Ashkenazi trio (HG002, HG003, and HG004) using the same reference set and determined the 

Mendelian inheritance (MI) of TR genotypes. Overall, LongTR showed 86% MI at sites where at 

least one trio member was not homozygous for the reference allele. Mendelian consistency 

monotonically increases with genotype quality scores computed by LongTR, which can be used 

to filter low quality calls (Fig. 2.3a). Homopolymer repeats showed the lowest consistency with 

MI of 78.3%. We trained a PacBio HiFi homopolymer error model at 840,248 homopolymer 

repeats from the HipSTR reference, which contains homopolymers with more precise boundaries 
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than the Adotto set, by comparing observed repeat lengths at HiFi reads to those obtained from the 

HG002 assembly (Table 2.1). In the Ashkenazi trio we observed an MI of 83% and 81% for 

LongTR with and without error modeling (Fig. 2.4). Further, we observed a 13% increase in 

concordance of LongTR alleles with the HG002 assembly when using the homopolymer error 

model. 

Multiple methods for genotyping TRs from long reads have been developed over the last 

several years11–14. We first focused on benchmarking LongTR against TRGT15, a recently 

developed TR genotyper that outperforms previous methods on PacBio HiFi reads. Similar to 

LongTR, TRGT outputs inferred sequences in addition to estimated repeat length. We ran TRGT 

on HG002 using the same sequencing data and reference set as LongTR. Both tools had similar 

running time, with TRGT taking 436 minutes and LongTR taking 428 minutes to finish. TRGT 

and LongTR genotyped 99.83% and 99.18% of the repeats respectively. At sites called by both 

methods, 86.0% of alleles have identical lengths and 98.5% differ in length by at most a single 

copy number. TRGT calls in the Ashkenazi trio showed reduced Mendelian inheritance rates 

compared to LongTR (79% for TRGT vs. 86% for LongTR). 

LongTR and TRGT showed similar length concordance with the HG002 assembly, with 

LongTR performing slightly better (97.8% for TRGT and 98.5% for LongTR allowing for 1 bp 

differences). LongTR showed further gains when evaluating sequence concordance. In both cases, 

the advantage of LongTR over TRGT was highest at long (>500bp) repeats (Fig. 2.3b). We 

identified multiple scenarios in which LongTR calls match the assembly and TRGT does not, 

including regions with a high number of truncated reads or regions called as large insertions by 

TRGT that had low read support. Further, LongTR detected 514 TRs with large structural deletions 

that remove the entire repeat, resulting in a null allele, whereas these cases are not reported by 
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TRGT (Fig. 2.4). Overall, these results suggest both tools perform similarly at TRs in regions that 

are easier to genotype, whereas LongTR obtains higher quality genotypes at longer or structurally 

complex regions. Notably, we observed multiple instances where both LongTR and TRGT 

reported identical genotypes that differed from the assembly. These cases usually occurred in 

complex genomic regions such as large insertions or segmental duplications or regions of high 

homozygosity. While complex regions tend to be more accurate with assembly-based approaches, 

regions of high homozygosity are known to pose challenges to diploid assemblies16 and thus likely 

represent assembly errors rather than errors from LongTR or TRGT (Fig. 2.5). 

We next benchmarked LongTR against two alternative methods for genotyping TRs from 

long reads, Straglr14 and Tandem-genotypes13. Both comparisons were done using 30x PacBio 

HiFi reads for HG002. Unlike LongTR and TRGT, these methods output estimated repeat copy 

number but not inferred allele sequences at each locus. We ran Straglr and LongTR to genotype 

repeats from HipSTR reference set, which contains repeats with simpler motif structure, as Straglr 

automatically infers the motif sequence and more complex repeats caused large discrepancies 

between LongTR and Straglr calls. Out of 20,592 repeats on chromosome 21, LongTR genotyped 

20,158 and Straglr genotyped 13,705. From 13,655 repeats genotyped by both, they matched on 

both alleles for 47% of the repeats and matched for one allele for another 5% allowing for 1bp off. 

For benchmarking LongTR against Tandem-genotypes, we used the Adotto reference set as input 

to both tools. Out of 12,802 repeats on chromosome 21, Tandem-genotypes and LongTR 

genotyped 97% and 96% of regions respectively. Regions skipped by LongTR lacked a sufficient 

number of high quality reads and were filtered. Since Tandem-genotypes only reports the copy 

number, we checked if the difference between copy number of LongTR alleles and Tandem-

genotypes was less than 1. Out of 12,232 repeats genotyped by both, LongTR and Tandem-
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genotypes agreed on both alleles for 75% of TRs and agreed on one allele in 24% of repeats. 

Overall these comparisons suggest modest concordance between Straglr and Tandem-genotypes 

vs. LongTR which may be driven in part by differences in how alleles are reported (imprecise copy 

number count vs. allele sequences).  

We sought to further assess the ability of LongTR to genotype longer repeats. First, we 

compared LongTR genotypes in HG002 to those from adVNTR17, a tool specifically designed for 

genotyping VNTRs, on a reference set of 10,186 autosomal gene-proximal VNTRs (Data 

Availability). When allowing for differences in up to a single copy number (Methods), LongTR 

and adVNTR showed 96% concordance. adVNTR required approximately 23 hours to genotype 

HG002, compared to 1.5 hours for LongTR on this repeat set. Second, we determined whether 

LongTR could identify large expansions in HiFi reads obtained from patients harboring long 

pathogenic alleles implicated in Huntington’s disease (n=4) and Fragile X Syndrome (n=3). 

LongTR correctly identified expansions in HTT and FMR1, including alleles consisting of up to 

several thousand bp for both loci (Table 2.2). Allele sequences reported by LongTR match repeat 

unit copy number counts for these reads reported on the dataset website for the tested samples 

(Data Availability,  Fig. 2.7, visualized using TRviz18). 

 We next evaluated the ability of LongTR to genotype TRs in a separate long read 

technology, using ONT’s recently released Duplex reads (average length 27kb compared to 15-

20kb for PacBio HiFi reads) available for HG00219. Overall, we observed high concordance 

between genotypes obtained from phased ONT duplex and PacBio HiFi (90% allowing for 1bp 

off; Fig. 2.8a) with the latter showing higher concordance with the assembly (99% for PacBio HiFi 

vs 88% for ONT, allowing for 1bp off; n=798,291 TRs called for both ONT and PacBio HiFi). We 

found that phasing ONT reads improved performance, with 87% and 89% concordance against the 
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assembly for unphased and phased reads, respectively, across 12,503 TRs on Chromosome 21. We 

further evaluated ONT using haplotagged simplex SUP reads on Chromosome 21 and found that 

SUP and duplex reads showed similar concordance with the assembly (88.9% for duplex vs. 88.7% 

for SUP).  

We identified several large repeat expansions uniquely detected by the ONT and not PacBio 

HiFi data, which were consistent with the alleles in the assembly. These repeats are enriched in the 

GIAB set of hard-to-map regions20 (Fisher’s Exact Test two-sided p=1.75e-292) (Data 

Availability). Examining these expansions showed that discrepancies often occurred in regions 

where few or no PacBio HiFi reads aligned to or spanned the insertion, leading LongTR to 

inaccurately genotype the locus (Fig. 2.8b). Our observations suggest that the longer read lengths 

of ONT enhance the detection accuracy particularly for regions with large insertions compared to 

the reference. 

 Finally, we compared TR genotypes obtained from HipSTR on Illumina short reads and 

LongTR on PacBio HiFi reads for HG002. For this analysis, we used the hg38 reference set of 

1,638,945 STRs available from HipSTR’s website, of which only 1.6% are longer than 100bp. Of 

1,556,278 STRs that were genotyped by both methods, 88% were concordant, increasing to 97% 

if allowing for 1bp length difference (Fig. 2.9a). HipSTR reported homozygous reference for all 

repeats with length above 250bp (the Illumina read length) and no read distribution information, 

indicating genotypes for longer repeats are not reliable. Concordance (by allowing 1bp off) 

decreases with increasing length of the repeat (Fig. 2.9b).   

2.3 Conclusions 
Overall, LongTR provides accurate sequence-resolved TR genotyping from long reads for 

nearly 99% of TRs in mappable regions of the genome and outperforms existing methods for this 
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task. While the majority of TRs can be resolved, we identified multiple TRs with large, complex 

insertions relative to the reference that are challenging to span even with long reads and may in 

some cases be misrepresented by reference assemblies. These cases may represent the limits of 

mapping-based approaches. Future work is needed to incorporate alternative approaches, such as 

pangenome or assembly-based methods, that do not suffer from these limitations. We envision 

these improvements will enable systematic incorporation of TRs into genome-wide analyses for a 

range of applications. 

2.4 Methods 

2.4.1 Overview of the LongTR method 
LongTR extends HipSTR3, which was originally developed to analyze short reads, to 

genotype both VNTRs and STRs using accurate long reads. Here, we use accurate long reads to 

refer to PacBio HiFi and ONT duplex reads, each of which have been shown to have per-base error 

rates comparable to those of Illumina reads22,23. Like HipSTR, LongTR begins with aligned reads 

for one or more samples and the reference coordinates for a predefined set of TRs. Predefined TRs 

may be simple repeats (e.g. [AC]n) but can also comprise more complex TRs with multiple distinct 

repeat units (e.g. [AC]n[GT]k[T]l). Then for each TR, it extracts reads encompassing the repeat, 

infers candidate TR haplotypes, and uses a Hidden Markov Model to realign all the reads 

overlapping a repeat region to the candidate haplotypes. Finally, it outputs a VCF file containing 

each individual’s TR genotypes and corresponding quality scores (Fig. 2.2). Below we discuss key 

steps where LongTR differs from the HipSTR method to enable analysis of TRs from long reads. 

Haplotype identification: LongTR uses a new method for the identification of candidate 

haplotypes from input reads of samples at each TR. It starts by trimming all reads aligned to the 

target TR of interest to include the repeat plus a user-defined window of context sequence. It then 
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iterates over all trimmed sequences and includes any sequence supported by a sufficient number 

of reads by one or more samples (at least two reads and more than 20% of reads in a single sample, 

or more than 5% of all reads across all samples) as a candidate haplotype.  

In some scenarios, typically when the repeat is long or the region is complex with multiple 

insertions and deletions, reads from a haplotype fail to meet the criteria set in the first stage, 

resulting in their exclusion from the set of haplotypes. To address this, we perform a second 

iteration during which we identify samples for which over 25% of aligned reads lack a 

corresponding representative haplotype and form additional candidate haplotypes using excluded 

reads for each of these samples. These previously excluded reads for each sample are then sorted 

by length of the sequence aligned to the repeat region, after which a greedy clustering algorithm 

is applied to form the initial sequence clusters. In this method, the first cluster is formed by 

designating the first sequence as its centroid. Starting with the second sequence S we evaluate 

whether there exists a centroid C within the centroids set for which the edit distance between S 

and C is below a given threshold T. T is initially set to a small number (10). We then refine the 

initial sequence clusters through the following steps: (1) A consensus sequence for each cluster is 

generated using partial order alignment24 (POA) on read sequences within each cluster. The 

consensus is used to update the cluster centroid. (2) After updating the centroids for all clusters, 

we again sort the clusters in order of the length of their revised centroids. (3) We iterate through 

the clusters, merging two clusters whenever the edit distance between their updated centroids is 

below T. (4) This process is repeated until no further clusters can be merged. (5) After cluster 

refinement, we only include clusters with a number of reads above min(10,0.1×n_s) where n_s is 

the number of excluded reads per sample s. Finally, we check if the total number of reads in all 

remaining clusters are more than 0.8×n_s, otherwise we will increase T (attempting in order the 
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following values: 20, 50, 80, 100, 150, 200, 300, 400, 500, 600, 700) to relax the constraints on 

sequence similarity for both adding sequences to existing clusters and merging cluster and repeat 

the steps above. Centroid sequences of final clusters are added to the set of potential haplotypes. 

Edit distance is calculated using Needleman-Wunsch algorithm with parameters gap_score = 1, 

match_score = 0, mismatch_score = 1. We optimized the algorithm by computing a lower bound 

of total edit distance at each row of the dynamic programming table dp[n][m], where n and m are 

length of sequences. For each cell in a row i, we iterate over columns j and compute min(dp[i ,j]+ 

abs((n- m)-(i-j))). This value shows the minimum number of insertions or deletions needed to reach 

cell dp[n,m]. If the minimum value per row exceeds the threshold T, computation stops.  

Alignment of reads to candidate haplotypes: The original HipSTR approach employs a 

rigid alignment technique for aligning repeat sequences to candidate haplotypes, operating under 

the assumption that errors occur in multiples of the repeat unit length and happen only once within 

the repeat. However, these assumptions do not hold true for long reads (Fig. 2.1), likely due to the 

fact that errors are driven by other processes than PCR. Instead, numerous errors can be present at 

different positions of the repeat rather than being strictly tied to the repeat unit size (Fig. 2.1), with 

single base insertions or deletions most prevalent. To allow for a more flexible error model, we 

used a Hidden Markov Model approach based on that of Dindel25 to align reads to each candidate 

haplotype. 

LongTR models errors in homopolymer repeats using a geometric distribution as follows: 

𝑝(𝑒𝑟𝑟𝑜𝑟	𝑠𝑖𝑧𝑒 = 𝑙) = X
1 − 𝑖 − 𝑑, 𝑙 = 0

𝑖	 × 	𝜌(1 − 𝜌)6*+, 𝑙 > 0
𝑑	 × 	𝜌(1 − 𝜌)*6*+, 𝑙 < 0		

 



 104 

Where ρ controls the size of error, i and d are the probability of error increasing or 

decreasing the length of repeat respectively. To obtain the values for i, d, and ρ, we used the 

ALLREADS format field in LongTR output to extract the observed read lengths at each locus and 

use assembly genotypes as ground truth to compute the base pair differences s with the actual 

genotype. Then 𝜌 = #8!9:6;
∑ =>;(;)

, 𝑖 = ##!;:?@#A!
#?:=B;

, 𝑑 = #B:6:@#A!;
#?:=B;

 were computed for homopolymers 

falling in each specific length range.  

Phasing information: We leverage HipSTR’s existing option to use read phase information 

from haplotagged reads (and renamed the option from --10x-bams to --phased-bams) to accurately 

identify sample haplotypes. To consider phasing information, LongTR requires that at least one 

read from each haplotype be present, and unphased reads constitute no more than 20% of the total 

sample’s reads. 

Genotyping: LongTR iterates over all pairs of haplotypes (𝐻# , 𝐻,) (including homozygous 

pairs) and calculates a score for each possible genotype 𝐺*𝐻# , 𝐻,+	based on all observed reads R 

using the following formula: 

𝑆 `𝐺*𝐻# , 𝐻,+a = 	b𝑃(ℎ? = 1) ∗ 𝑆?C$ 	+ 	𝑃(ℎ? = 2) ∗ 𝑆?C%
?∈D

 

where 𝑆?C$ 	is the alignment score from aligning read 𝑟 to haplotype 𝐻# and 𝑃(ℎ? = 1)	is 

the probability that read r is generated from the first haplotype. When read phase information is 

available, 𝑃(ℎ? = 𝑘)	is set to 0 or 1 based on the haplotag field. Otherwise we set the probability 

to come from haplotype 1 vs. 2 as equally likely. The score for each haplotype pair is then 

normalized by the sum of scores for all possible genotypes and the result is reported as the quality 

score of the genotype in LongTR output, defined as Q. 
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Implementation: LongTR is implemented in C++. It leverages the HTSlib26 library to read 

directly from cloud addresses or URLs, which can avoid the costly step of downloading large 

sequence alignment files.   

2.4.2 Evaluating LongTR 
LongTR v1.0 was run using non-default parameters --min-reads 4, --haploid-chrs 

chrX,chrY, --max-tr-len 10000, --skip-assembly, --indel-flank-len 25, and --phased-bam to 

genotype repeats with at least 4 overlapping reads, consider chromosome X and  chromosome Y 

as haploid chromosomes, genotype repeats with length up to 10,000bp, skipping assembly of 

flanking regions, considering InDels up to 25bp around the repeat as InDels affecting the repeat 

size, and leveraging haplotag information when genotyping, respectively. This set of parameters 

was used for all the following experiments, unless otherwise stated. To evaluate repeat allele 

sequences returned by LongTR, the HG002 assembly v1.0.110 (Data Availability), with higher 

accuracy at homopolymers, was mapped to the GRCh38 reference genome using minimap227 

v2.26-r1175. For each repeat on autosomal chromosomes, allele sequences from the maternal and 

paternal haplotypes that completely span the repeat were extracted and compared to allele 

sequences reported in the output VCF files of LongTR. For Mendelian Consistency analysis on 

autosomal chromosomes, LongTR was used to perform joint genotyping in all three samples. We 

only considered a repeat in the Mendelian consistency analysis if 1) all samples were successfully 

genotyped at that repeat and 2) the genotype for at least one sample was not homozygous for the 

reference allele. The minimum quality score reported by LongTR among all three samples is 

considered the assigned score for that repeat. 
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2.4.3 Benchmarking against TRGT 
TRGT v0.5.0 was used to genotype TRs from PacBio HiFi reads using non-default 

parameters --karyotype XY, --flank-len 25, and --max-depth 10000. For Mendelian Consistency 

analysis on autosomal chromosomes, TRGT was run separately on each sample. We ran both 

LongTR and TRGT on the same computer clusters running Rocky Linux 9. HPC hardware 

specification is as follows: CPU: (Intel(R) Xeon(R)) Platinum 8358 CPU @ 2.60GHz) with 1 TB 

RAM. All analyses were performed on a single core with 4GB memory. Each experiment was run 

5 times and the mean value was reported. Timing was performed with the UNIX time command 

and the sum of the sys and user times was reported. 

2.4.4 Benchmarking against Straglr 
We ran Straglr v1.5.0 using the non-default parameters --min_support 4,  --

genotype_in_size, --min_str_len 1, and --max_str_len 1000 to genotype repeats with at least 4 

overlapping reads, report genotype in terms of allele sizes instead of copy numbers, genotype 

homopolymers, and genotype repeats with motif length up to 1000bp. 

2.4.5 Benchmarking against Tandem-genotypes 
Input sequencing data should be aligned using LAST28 prior to TR genotyping with 

Tandem-genotypes. The aligned BAM file for HG002 was converted to fastq format using 

samtools26 and then realigned using LAST v1542 to the GRCh38 reference genome as described 

in the Tandem-genotypes documentation. Tandem-genotypes v1.9.1 was then run using non-

default parameters -o2 and -u1 to report 2 alleles per repeat and genotype homopolymers. 

2.4.6 Benchmarking against adVNTR 
For evaluation of adVNTR and LongTR on VNTRs, adVNTR v1.5.0 was run with non-

default parameters --accuracy-filter, --pacbio, and --log-pacbio-reads. The reference set of VNTRs 
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was downloaded from the adVNTR GitHub (see Data Availability). Since adVNTR represents 

alternative alleles as integer multiples of the consensus repeat unit, direct allele length comparison 

was not possible. Therefore, we computed the concordance between LongTR and adVNTR copy 

number estimates allowing for one copy number difference to accommodate the complex VNTRs 

consisting of multiple motifs with different sequences. This analysis was done on autosomal 

chromosomes.  

2.4.7 Evaluation on ONT reads 
Oxford Nanopore Duplex data for HG002 (Data Availability) was aligned to GRCh38 

using minimap2 v2.26-r1175. We used WhatsHap29 v2.2 to haplotag sequencing data with small 

variants called by DeepVariant30 as input (Data Availability). The simplex SUP dataset was already 

aligned and phased (Data Availability). LongTR was then run on the Adotto reference restricting 

to autosomal chromosomes. 

2.4.8 Comparison to short read STR calls 
HipSTR v0.7 was used to genotype STRs from 250bp paired-end PCR-free Illumina reads 

for HG002 (Data Availability) with non-default parameters --min-reads 4, --def-stutter-model, and 

--haploid-chrs chrY,chrX to genotype repeats with at least 4 overlapping reads, use default values 

for the stutter error model, and to consider chromosome Y and X as haploid chromosomes.  

2.5 Declarations 
Ethics approval and consent to participate: Not applicable 

Consent for publication: Samples HG002, HG003, and HG004 are part of the Personal 

Genome Project collection and have been consented for commercial use and for public posting of 

Personally Identifying Genetic Information (PIGI), which allows open-access, public posting of 

extensive genetic data. 
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2.6 Availability of data and materials:  
LongTR is implemented as a C++ package and is accessible on GitHub 

(https://github.com/gymrek-lab/LongTR31) under GNU General Public License v2.0. An archived 

version of LongTR is available on Zenodo (https://zenodo.org/doi/10.5281/zenodo.11403979)32. 

Project Adotto Tandem-Repeat Regions and Annotations33: 

https://zenodo.org/record/8329210/files/adotto_repeats.hg38.bed.gz?download=1 

PacBio HiFi reads aligned to GRCh38 for HG002, HG003, and HG00434: 

https://downloads.pacbcloud.com/public/revio/2022Q4/ 

PacBio HiFi reads for patients with pathogenic expansions and metadata34: 

https://downloads.pacbcloud.com/public/dataset/RepeatExpansionDisorders_NoAmp. 

HG002 assembly10: 

https://s3-us-west-2.amazonaws.com/human-

pangenomics/T2T/HG002/assemblies/hg002v1.0.1.fasta.gz 

adVNTR reference set of repeats17: 

 https://drive.google.com/file/d/1DetpBQySPNe2YAJa4FsjHn9qiRNS3wEV/view 

Oxford Nanopore Duplex data for HG00219: 

https://human-pangenomics.s3.amazonaws.com/index.html?prefix=submissions/0CB931D5-

AE0C-4187-8BD8-B3A9C9BFDADE--

UCSC_HG002_R1041_Duplex_Dorado/Dorado_v0.1.1/stereo_duplex/ 

Oxford Nanopore aligned and haplotagged Simplex SUP data for HG00235: 

https://github.com/gymrek-lab/LongTR
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https://42basepairs.com/download/s3/ont-open-

data/giab_2023.05/analysis/variant_calling/hg002_sup_all/hg002.haplotagged.bam 

DeepVariant SNP calls used by WhatsHap34: 

https://downloads.pacbcloud.com/public/revio/2022Q4/HG002-

rep3/analysis/HG002.m84005_220827_014912_s1.GRCh38.deepvariant.phased.vcf.gz 

GIAB set of difficult to map regions20: 

https://ftp-trace.ncbi.nlm.nih.gov/ReferenceSamples/giab/release/genome-

stratifications/v3.3/GRCh38@all/Union/GRCh38_alllowmapandsegdupregions.bed.gz 

Illumina reads for HG00236: 

https://ftp-

trace.ncbi.nlm.nih.gov/ReferenceSamples/giab/data/AshkenazimTrio/HG002_NA24385_son/NI

ST_Illumina_2x250bps/novoalign_bams/. 

HipSTR hg38 reference TR set3: 

https://github.com/HipSTR-Tool/HipSTR-

references/raw/master/human/hg38.hipstr_reference.bed.gz  
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2.8 Appendix 

 

Figure 2.1: Base pair error distribution for PacBio HiFi and Illumina reads. Bars show the 

Bars show the square root of the frequency of error sizes for PacBio HiFi (blue) and Illumina 
(orange) reads from sample HG002. a. bp difference with the maximum likelihood genotype for 
homopolymers with total length between 20-60bp; b. bp difference with the maximum likelihood 
genotype for trinucleotides with total length between 30-100bp; c. bp difference with the maximum 
likelihood genotype for tetranucleotides with total length between 40-100bp. Notably, for b-c, 
PacBio reads show a higher rate of errors that are not a multiple of the repeat unit length. 
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Figure 2.2: LongTR workflow 

Users may first optionally haplotag (phase) the input reads. The aligned reads, along with a 
reference set of TRs, are input to LongTR for genotyping. LongTR uses a clustering strategy 
combined with partial order alignment to infer consensus haplotypes from error-prone reads, 
followed by sequence realignment using a Hidden Markov Model to infer the highest scoring 
genotypes. Finally, it outputs a VCF file with inferred genotypes, quality scores, and other fields 
that can be used to further filter low quality calls. 
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Figure 2.3: Benchmarking LongTR against TRGT 

a. Assessing Mendelian consistency of TR calls in an Ashkenazi trio using PacBio HiFi reads. The 
x-axis gives the LongTR score threshold to include calls and the y-axis gives the percentage of 
TRs for which genotypes in the trio follow Mendelian consistency. Trio-TR pairs for which all 
members were called as homozygous for the reference allele were excluded. Dashed=TRGT; 
solid=LongTR. Note TRGT does not report a quality score and thus a single horizontal line is 
shown. Color indicates the size of the repeat unit (in bp) considered. b. Concordance of TR 
genotypes obtained from PacBio HiFi with assembly alleles in HG002. TRs were binned by length 
of the repeat (in bp, bin size = 250bp) in GRCh38. The x-axis shows the TR length and the y-axis 
shows the percent of alleles that match the assembly. Blue lines show when only length is 
considered. Orange lines show when both length and sequence are considered. Dashed=TRGT; 
solid=LongTR. The top panel shows the number of repeats in each bin, on a logarithmic scale. 
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Figure 2.4: Mendelian Inheritance for an Ashkenazi Trio at homopolymer TRs as a 
function of LongTR quality score. 

The x-axis shows LongTR quality score threshold, and the y-axis shows the percent of genotyped 
loci that follow Mendelian Inheritance. The green line shows LongTR with stutter error modeling, 
the red line shows LongTR without using stutter error modeling, and the blue dashed line shows 
TRGT. Each locus was included if all 3 samples passed the score threshold. Loci where all three 
samples were homozygous for the reference allele were excluded from the analysis. 
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Figure 2.5: IGV screenshots of examples where LongTR matches the assembly but TRGT 
does not. 

The top window shows alignments of the maternal and paternal assemblies and the bottom window 
shows aligned HiFi reads to GRCh38. Red and blue denote PacBio HiFi reads from the two 
haplotypes of HG002 based on haplotag information. Gray reads have no haplotag information. 
The screenshot was generated using the Integrative Genomics Viewer21. a. LongTR detects 
structural deletions resulting in null TR alleles. The repeat boundary is denoted by the green box. 
Note no reads from the haplotype labeled in blue are visible since those reads harbor a 2,731bp 
deletion at this locus (denoted by the black lines). b. The window shows the repeat boundary. 
TRGT reports deletion in regions with high number of truncated reads. 
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Figure 2.6: IGV screenshots comparing HG002 assembly alleles with PacBio HiFi reads 
aligned to GRCh38 at loci where TRGT and LongTR agree but do not match the assembly. 

The top window shows alignment of the maternal and paternal assemblies and the bottom window 
shows aligned HiFi reads. Red and blue denote PacBio HiFi reads from the two haplotypes of 
HG002 based on haplotag information. Gray reads have no haplotag information. The repeat 
boundary is denoted by the green box. a. shows a VNTR with a 141bp repeat unit and total length 
of 474bp on GRCh38. Example of a highly homozygous region where assembly alleles are most 
likely incorrect as neither contain the 142bp deletion supported by multiple reads. b. shows a 
VNTR with repeat unit of CCAAGCCAG and total length of 5,180bp on GRCh38 where the 
insertion on the red haplotype is missing from the assembly due to a nearby highly divergent 
tandem repeat that causes a break in assembly alignment. 
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Figure 2.7: Waterfall plots for reads from samples with an HTT expansion genotyped by 
LongTR. 

Each row in each plot represents a single HiFi read. The x-axis shows the count of each motif 
identified in each read. LongTR precisely identified heterozygous allele sequences for which the 
repeat unit with the expansion can be inferred. From the left, plots show reads for samples 
NA13505, NA13509, NA20253, and NA14044. Plots were generated using TRviz18. 
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Figure 2.8: ONT vs PacBio 

a. Comparison of LongTR genotypes on ONT Duplex vs. PacBio HiFi data. For each call, we 
computed the average of the length of each allele relative to the GRCh38 reference. The x-axis 
gives the calls using PacBio data and the y-axis gives the calls using ONT Duplex data. Bubble 
size scales with the number of calls at each coordinate. b. IGV21 screenshot comparing PacBio 
HiFi reads vs. ONT duplex reads at a TR genotyped by LongTR. The top window shows the 
assembly alignment, the middle window shows aligned HiFi reads, and the bottom window shows 
aligned ONT duplex reads at a (AGTAAATAATG)n VNTR. All data is aligned to GRCh38. Red 
and blue denote PacBio HiFi reads from the two haplotypes of HG002 based on haplotag 
information. Gray reads have no haplotag information. HiFi reads were clipped at the large repeat 
insertion, resulting in an incorrect genotype call.  
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Figure 2.9: Comparison between STR calls by HipSTR using Illumina short reads vs. 
LongTR on PacBio HiFi reads from sample HG002 

a. Length concordance between HipSTR (short reads) vs. LongTR (long reads) genotypes. 
The x-axis and y-axis show the average base pair difference from the GRCh38 reference genome 
for the two alleles at each TR. Bubble size shows the number of points at each coordinate. b. Most 
discordances are at longer TRs. The x-axis shows the repeat length on hg38. The y-axis shows 
the fraction of concordant calls between HipSTR and LongTR. 
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Table 2-1: Inferred error model parameters at homopolymer TRs in PacBio HiFi reads 
from HG002. 

Parameters u and d indicate the probability to see an expansion or deletion error in each read. The 
step size of errors (length difference from the true allele in bp) is characterized by a geometric 
distribution with a parameter 'p'. We computed separate error models for different length ranges of 
homopolymers. As expected, errors become larger and more frequent with the increase in 
homopolymer repeat length. 

Homopolymer repeat 
length (bp) 

Step-size (p) Deletion 
coefficient (d) 

Insertion coefficient (u) 

10-19 0.92 0.15 0.10 

20-29 0.86 0.23 0.13 

30-39 0.80 0.28 0.14 

40-49 0.75 0.31 0.14 

>=50 0.71 0.34 0.15 
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Table 2-2: Benchmarking LongTR against TRGT in patients with pathogenic expansions 

Base pair differences from the reference genome at four TR loci were measured by LongTR using 
PacBio HiFi data. The first four patients have expansions in HTT. The next three have expansions 
in FMR1. HEK293 has no known expansion at these loci. None of the samples have expansions in 
ATXN10 or C9orf72. 

Sample 
HTT ATXN10 C9orf72 FMR1 

TRGT LongTR TRGT LongTR TRGT LongTR TRGT LongTR 

NA12505 9,96 9,96 0,20 0,20 24,42 24,42 30,33 30,33 

NA13509 -3,168 -3,168 -10,30 -10,30 12,18 12,18 30,33 30,33 

NA20253 9,273 9,276 -5,10 -5,10 -6,-6 -6,-6 0,0 0,0 

NA14044 6,1876 6,2115 -10,-10 -10,-10 -6,-6 -6,-6 30,33 30,33 

NA13664 -6,0 -6,0 0,0 0,0 -6,-6 -6,-6 30,99 30,99 

NA06896 -18,3 -18,3 -5,20 -5,20 -6,30 -6,30 9,509 9,426 

NA07537 -18,-6 -18,-6 -10,10 -10,10 -6,-6 -6,-6 27,954 27,1000 

HEK293 -6,-3 -6,-3 10,10 10,10 -6,6 -6,6 30,33 30,30 
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3 Chapter 3: Improving polygenic risk score prediction in 
multi-ancestry cohorts 

 

Abstract: Polygenic risk score portability across populations has long been a major 

challenge, largely due to differences in linkage disequilibrium structure, allele frequencies, and 

genetic architecture across ancestries. We propose two main frameworks for polygenic risk score 

(PRS) prediction in multi-ancestry settings: a novel multi-ancestry approach using our new 

method, imPRS, and a pooled ancestry approach using PRS-CS on a combined GWAS of multiple 

ancestries. imPRS extends existing Bayesian models by introducing a correlation parameter for 

shared variants across ancestries and jointly updates the posterior effect sizes simultaneously for 

all ancestries. We compared imPRS, along with other multi-ancestry methods (PRS-CSx, 

SDPRX), against the pooled PRS-CS approach. In simulations, we found that the pooled GWAS 

approach yielded comparable PRS performance for the majority European ancestry samples when 

causal variants were shared across populations, but its performance declined for the 

underrepresented African ancestry samples, particularly under population-specific genetic 

architectures. For real data, we trained PRS models on All of Us dataset and tested on the UK 

Biobank across 6 quantitative biomarker traits in individuals of African and European ancestries. 

Our results show that for most traits examined, pooled PRS improves prediction in the target 

populations by 5–46% relative to multi-ancestry methods, with the largest gains observed in 

samples of African ancestry. White blood cell count is an exception, where ancestry-specific 

approaches achieve higher accuracy by 4-9%. This likely reflects its highly ancestry-specific 

genetic architecture, driven in large part by a single locus with a large effect. 
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3.1 Introduction 

The use of PRS represents a shift in risk prediction and disease classification, offering the 

potential for more personalized medical care in which genetic risk information can inform clinical 

decision-making. However, this potential is limited by substantial differences in PRS predictive 

performance across populations. Most Genome-Wide Association Studies (GWAS), which precede 

PRS construction, have been conducted primarily in individuals of European ancestry. As a result, 

PRS developed from these data tend to perform less well in individuals from other ancestries, 

reducing their generalizability and risking the reinforcement of existing health disparities.1,2 

To address this challenge, the field has increasingly focused on developing methods that 

can leverage GWAS summary statistics from multiple, diverse populations. Initial efforts to simply 

meta-analyze multi-ancestry GWAS often failed to account for heterogeneity in linkage 

disequilibrium (LD) structure and differences in allele frequencies and causal effect sizes between 

populations3,4. More sophisticated PRS approaches have emerged, such as PRS-CSx5 and 

SDPRX6, BridgePRS7, and JointPRS8, which jointly model GWAS summary statistics from 

multiple ancestries while using ancestry-specific LD reference panels. These methods estimate 

population-specific posterior effect sizes, borrowing strength across populations to improve 

statistical power. 

Importantly, many complex traits are governed by largely shared causal variants across 

populations, with effect sizes that are correlated but not identical due to differences in LD structure, 

allele frequencies, and environmental context.9,10 Explicitly modeling this cross-population 

correlation is therefore critical for efficient information sharing, particularly when GWAS sample 

sizes are highly imbalanced across ancestries. PRS-CSx has demonstrated strong empirical 

https://paperpile.com/c/u9l1LK/ddwq+8Xk2
https://paperpile.com/c/u9l1LK/Hu5i
https://paperpile.com/c/u9l1LK/4dKv
https://paperpile.com/c/u9l1LK/3iXY
https://paperpile.com/c/u9l1LK/wRKR
https://paperpile.com/c/u9l1LK/bHJm
https://paperpile.com/c/u9l1LK/0F0H
https://paperpile.com/c/u9l1LK/bQGd
https://paperpile.com/c/u9l1LK/sncC
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performance by borrowing strength across populations through shared variant-specific shrinkage 

parameters, but it does not explicitly model correlations in effect sizes among shared variants 

across ancestries. While other methods, such as SDPRX and XPASS11, do attempt to explicitly 

model cross-population effect-size correlations, these approaches have shown variable or reduced 

performance across traits and are restricted to modeling only two populations8, motivating the 

development of multi-ancestry models that directly incorporate cross-population effect-size 

correlations within a unified and flexible Bayesian framework.  

Moreover, despite the improvements achieved through these multi-ancestry methods, a 

shared limitation is their reliance on discrete, predefined ancestry labels. These labels, whether 

based on self-report or genetic clustering, often fail to adequately represent the complex and 

continuous nature of human genetic variation. The reliance on discrete ancestry classifications is 

particularly problematic for admixed populations, where individuals possess a mosaic of 

ancestries, and for underrepresented populations, where small GWAS sample sizes can lead to less 

power in finding significant genetic associations within that cohort. Furthermore, cohorts labeled 

as a single superpopulation for tuning and evaluation often encompass substantial genetic 

heterogeneity, contributing to variability in predictive accuracy.12,13 Recent work has shown that, 

despite limitations related to population heterogeneity, pooling GWAS data across ancestries can 

increase statistical power for association discovery, particularly for traits with similar genetic 

architectures14. 

Building on these observations, we investigate two approaches to build PRS in this 

manuscript. First, we evaluate a label-free framework in which GWAS summary statistics are 

generated from pooled multi-ancestry cohorts and used for label-free PRS construction. Second, 

we propose a multi-ancestry extension of PRS-CS, imPRS (integrated multi-population PRS), 

https://paperpile.com/c/u9l1LK/naYG
https://paperpile.com/c/u9l1LK/0F0H
https://paperpile.com/c/u9l1LK/m5x6
https://paperpile.com/c/u9l1LK/rHHC
https://paperpile.com/c/u9l1LK/p23a


 129 

which incorporates an inter-population correlation parameter and a shared variant-level shrinkage 

parameter to jointly infer posterior effect sizes across populations within a single Bayesian model.  

We evaluate these two approaches using simulated data for traits with a range of shared and 

population specific genetic architectures. Finally, we construct PRSs for six quantitative traits 

trained in the multi-ancestry All of Us (AoU) cohort and tested in individuals of European and 

African ancestry from UK Biobank. Overall, our results demonstrate that the pooled approach 

achieves similar or better performance across most scenarios tested compared to PRS methods that 

explicitly consider ancestry. 

3.2 Results 

3.2.1 Overview of PRS analysis 

In this study, we introduce a novel multi-ancestry PRS method (imPRS) and evaluate two 

general frameworks for computing PRS (Figure. 3.1a): 

(1) In the multi-ancestry framework, we applied three multi-ancestry PRS methods—

imPRS, PRS-CSx5, and SDPRX6—to GWAS results obtained from separate cohorts for each 

ancestry considered. Each method outputs posterior effect sizes per ancestry, which were further 

used to compute ancestry-specific PRS. 

(2) In the pooled framework, samples from all ancestries in the training dataset were 

combined to perform a single GWAS. The resulting summary statistics were used as input to PRS-

CS15, a single-ancestry PRS method, to generate one set of posterior effect sizes, which were 

applied to all ancestries in the test dataset to compute the ancestry-specific PRS. 

https://paperpile.com/c/u9l1LK/3iXY
https://paperpile.com/c/u9l1LK/wRKR
https://paperpile.com/c/u9l1LK/xcsb
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All PRS methods evaluated in this study operated on summary statistics and did not require 

individual-level genotype or phenotype data. For analyses on real data, linkage disequilibrium 

(LD) reference panels were derived from Phase 3 of the 1000 Genomes Project (1KG) for each 

PRS method. 

3.2.2 Overview of imPRS 
imPRS employs a Bayesian framework similar to the one incorporated in PRS-CS to model 

and predict polygenic risk scores in multi-ancestry settings. To share information across 

populations, imPRS applies a common local shrinkage factor to variants shared among ancestries 

and incorporates a variance-covariance matrix that encourages similar posterior effect size 

estimates across populations through correlation parameter. imPRS relies only on the GWAS 

summary statistics and LD information to predict the posterior effect sizes. Notably, in each 

iteration of the posterior inference algorithm (Gibbs sampling), imPRS jointly updates model 

parameters across all ancestries within a single integrated model, rather than fitting ancestry-

specific models independently. Posterior beta estimates are then produced for each ancestry 

(Figure 3.1b) (see Methods for detailed model description and comparison to other methods). 

3.2.3 Simulations 

We used simulated genotype data generated by [6], comprising 3,000 HapMap316 variants 

(minor allele frequency > 0.05 in East Asians (EAS), Europeans (EUR), and Africans (AFR)) on 

chromosome 10. The training dataset in the multi-ancestry setting included 40,000 samples of 

European ancestry and 10,000 samples of African ancestry, reflecting real-world imbalances in 

population representation. For the pooled setting, we pooled all 50,000 samples from both 

ancestries into one single cohort. The validation dataset contained 5,000 samples per ancestry and 

was used to generate LD reference panels and to tune hyperparameters. For the pooled analysis, 

https://paperpile.com/c/u9l1LK/80LC
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we combined all 10,000 samples in the validation dataset to generate the pooled LD reference 

panel. The test dataset contained 5,000 samples per ancestry. Samples in the training, validation, 

and test datasets were non-overlapping. 

We randomly selected 0.5% of variants as causal, explaining either 10% or 30% of the 

phenotypic variance. Three architectures were simulated: (1) all causal variants shared across 

ancestries, (2) 20% of causal variants specific to the European population, and (3) 20% of the 

causal variants specific to the African population. In the latter two settings, causal variants were 

either absent in the other population (defined here as ancestry-specific variants, ASVs) or present 

but non-causal (defined here as ancestry-specific effects, ASEs). Per-population effect sizes were 

modeled jointly under a multivariate normal distribution with a specified cross-population 

correlation structure (Methods). We ran imPRS with 𝑠	 ∈ {0, 0.2, 0.4, 0.6, 0.8) and selected the 

optimal value for each scenario using the validation dataset.  

We next compared the performance of all methods tested here as measured by the variance 

explained 𝑅4 between the predicted phenotype and the simulated phenotype. Across all scenarios, 

imPRS either matched or exceeded the performance of other methods. In all scenarios, PRS-CS 

performed worse in the African samples, where the performance drop is the most visible in the 

presence of ASE variants in either population. This is probably because 1) in the pooled GWAS, 

marginal effect sizes are highly influenced by the values in European samples, due to the larger 

sample size, and 2) LD matrix in the pooled setting was calculated using LD boundaries from 

European population (Figure 3.2, Supplementary Figure 3.4).  

We next tested 3 populations scenario with 40,000, 10,000, and 10,000 samples from 

European, African, and East Asian populations, respectively. Similar to the two-populations 



 132 

setting, we randomly selected 0.5% of variants as causal, explaining either 10% or 30% of the 

phenotypic variance. Causal variants are shared across all populations, and their effect sizes were 

modeled using a multivariate normal distribution with cross populations effect sizes. PRS-CS, 

imPRS, and PRS-CSx were used for comparison, as SDPRX is only designed for the two-

populations setting. Once again, we observed superior performance from imPRS for all 

populations, and the performance drop of the pooled method was most visible for African samples. 

(Figure 3.5). 

3.2.4 Real Data analysis 
We used the All of Us cohort as our discovery dataset, and we performed GWAS analysis 

for 6 traits: HDL cholesterol, platelet count, white blood cell count, red blood cell count, glycated 

haemoglobin, and triglycerides. Sample sizes per trait and per ancestry are provided in 

Supplementary Table 1. For each trait, we conducted three GWAS analyses using individuals who 

passed quality control: (1) European ancestry samples, (2) African ancestry samples, and (3) all 

samples combined across ancestries (see Methods, Supplementary Table 1). Manhattan and Q-Q 

plots for all GWAS results are shown in Figures 3.6-3.11.  

Next, we evaluated the predictive performance of different polygenic prediction methods 

using the same 6 traits from UKBB (Figure 3.3). Samples in the UKBB were filtered as described 

in Margoliash et. al.17, leading to 452,453 unrelated, QCed samples in total. We assigned each 

target sample to one of the six self-reported ethnicities summarized by UKB showcase data field 

21,000, White British, Black, Chinese, Irish, South Asian, and Other White (Methods). We used 

the samples from White British and Black populations to assess the prediction accuracy, measured 

by variance explained 𝑅4 in linear regression, separately, adjusting for age, sex, and top 20 

principal components (PCs) of the genotypes.  

https://paperpile.com/c/u9l1LK/FCVx
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For 5 out of 6 traits, per-trait predictive performance of all methods was consistently higher 

in European samples, likely reflecting the substantially larger sample sizes available for EUR-

dominated GWAS, which improve effect-size estimation and downstream PRS accuracy. We 

observed that PRS-CS matched or outperformed other multi-ancestry PRS methods across both 

AFR and EUR populations in most traits. A notable exception to both observations was white 

blood cell count, where pooled approach showed degraded performance in both EUR- and AFR-

ancestry individuals, and in general, we had better prediction power in African samples. This 

pattern is consistent with the well-established African-specific effect at the Duffy (ACKR1) locus 

on chromosome 1, where the near-fixation of the Duffy-null allele in African populations drives 

large ancestry-specific effects on leukocyte counts; pooling across ancestries or enforcing shared 

effects can potentially dilute this signal and harm prediction. imPRS achieved the best performance 

for white blood cell count. This pattern suggests that while pooled approach is generally well-

suited for most traits, explicitly modeling population-specific signals while allowing for shared 

effect sizes—as done by imPRS—provides a clear advantage in scenarios with strong ancestry-

specific effects. 

3.3 Methods 

3.3.1 Overview of imPRS 

We introduce a joint Bayesian framework for polygenic risk score (PRS) construction 

across multiple populations that extends PRS-CS by modeling genetic effect sizes across 

populations within a single hierarchical model. This approach explicitly captures cross-population 

correlation in effect sizes while allowing population-specific variation due to differences in linkage 

disequilibrium (LD), allele frequencies, sample sizes, and environmental effects. 
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We consider  populations indexed by . For each population, phenotypes are 

modeled using a linear regression framework. Stacking all populations yields: 

 

Where  is the phenotype vector,  is the standardized genotype matrix, 

and  denotes population-specific genetic effect sizes. Residual errors are assumed 

independent across populations: 

 

Stacking all populations yields a block-diagonal regression with: 

 

 

We assume no residual correlation across populations. Inference is performed using GWAS 

summary statistics: 

 

Where  is the LD matrix for population , estimated from an ancestry-matched reference panel 

and  is the marginal effect estimates for population . We define the stacked parameters as:  

 

With . 
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For each variant  shared across populations, we model the vector of population-specific effects 

 

using a multivariate normal prior . Where  is a variant-specific shrinkage 

parameter, and  captures cross-population covariance: 

 

Here,  is a sharing parameter controlling genetic correlation between populations 

and  for the shared variants . This structure allows effect sizes to be correlated but not identical 

across populations, reflecting shared causal variants with population-specific modulation. Variants 

present in only a subset of populations are naturally accommodated by omitting the corresponding 

entries in . 

Following PRS-CS, we impose continuous shrinkage priors: 

 

Where  controls local (variant-specific) shrinkage,  controls global sparsity, and  are 

fixed hyperparameters. Under this formulation, the posterior distribution of the full effect-size 

vector  is multivariate normal,  with  

  

where  is a block-diagonal matrix encoding the local shrinkage parameters and cross-

population covariance for each variant. Posterior inference is performed using Gibbs sampling. 
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3.3.2 Overview of Existing PRS Methods 

3.3.2.1 PRS-CS 

PRS-CS is a single-ancestry Bayesian polygenic prediction method that models SNP effect 

sizes under continuous shrinkage priors. It assumes that true SNP effect sizes follow a hierarchical 

prior that adaptively shrinks small, likely non-causal effects toward zero while allowing large 

effects to remain relatively unshrunk. The model uses GWAS summary statistics together with an 

external linkage disequilibrium (LD) reference panel to jointly model SNP correlations and infer 

posterior effect sizes. PRS-CS employs a Gibbs sampling algorithm for posterior inference, which 

iteratively updates SNP effect estimates while accounting for LD. 

3.3.2.2 PRS-CSx 

PRS-CSx extends PRS-CS to a multi-ancestry setting by inferring posterior effect sizes for 

each population separately while sharing the same local shrinkage parameter across variants 

present in multiple populations. This design enables information sharing across ancestries during 

inference while preserving population-specific signals. PRS-CSx produces one set of posterior 

effect sizes per population, which can subsequently be linearly combined using weights derived 

from a validation dataset to generate ancestry-specific PRS for the trait of interest. 

3.3.2.3 SDPRX 

SDPRX is a multi-ancestry PRS tool that employs a hierarchical Bayesian model to jointly 

integrate GWAS summary statistics and LD information from two populations. The model 

partitions SNPs into four categories to represent different genetic architectures: null (no effect) in 

both populations, causal in only one of the populations, or causal and shared across populations. 

The shared component is central to the framework and is modeled using a mixture of bivariate 
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Gaussian distributions parameterized by a pre-estimated genetic correlation, allowing the model 

to capture the shared genetic architecture between populations.  

3.3.3 Simulation setting 

We sampled effect sizes from a multivariate normal distribution as follows: 

 

 

Where 𝜇#	 = 	0 and 𝜎#	 =	
E&

1$
. ℎ4 is the heritability of the trait and 𝑚# is the number of 

causal variants in the 𝑖′𝑡ℎ population. We set the correlation parameter ⍴	 = 	0.98 to reflect high 

similarity between genetic settings across populations.  

Phenotypes were simulated using GCTA18, setting --simu-hsq according to the heritability 

defined for each scenario. GWAS was conducted using PLINK219 on the simulated genotypes and 

phenotypes, with the top 20 PCs included as covariates to adjust for population structure. In the 

pooled GWAS setting, PCs were derived from the pooled genotype dataset from all ancestries 

included in the analysis. PCs were computed using PLINK20.  

PRS-CSx and SDPRX were run using the LD blocks available by SDPRX. For imPRS, LD 

matrices for African and East Asian samples were recalculated based on European LD block 

boundaries. For PRS-CS, LD was recalculated on the pooled samples using European boundaries. 

LD calculation was performed using 5,000 validation samples from each population. 

https://paperpile.com/c/u9l1LK/eGm6
https://paperpile.com/c/u9l1LK/CW9X
https://paperpile.com/c/u9l1LK/4ygK
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3.3.4 Building PRS models 

PRS-CS, PRS-CSx, and imPRS were all run with global shrinkage factor 𝜙 set to 

1 × 10*(F. Number of iterations for the MCMC was set to 1000, with 400 iterations as burn-in. 

SDPRX was run using default values.  

3.3.5 Real Data Analysis 

GWAS analysis in the All of Us cohort 

Samples in the All of Us cohort were filtered and assigned ancestry as described in the 

original study21, resulting in 119,184 samples from European White ancestry, 44,386 samples from 

African black ancestry, and 225,116 samples in the pooled cohort. Phenotypes were preprocessed 

as described in Rivera et. al.22 Association analyses were conducted using Hail 0.223. Each model 

included age, sex, and the top ten ancestry principal components computed on all samples 

combined (provided by the All of Us Research Program) as covariates. Phenotypes were rank-

based inverse normal transformed prior to the GWAS analysis.  

Before performing association testing, the ACAF dataset was filtered to retain only high-

quality genotypes. We excluded genotypes that did not have the filter field set to “PASS” or had a 

genotype quality below 20. Samples with a call rate below 0.9 were removed, as were variants that 

(1) had more than two alleles, (2) showed a call rate <0.9, (3) had a minor allele frequency (MAF) 

≤ 0.01, or (4) showed extreme deviation from Hardy–Weinberg equilibrium (p ≤ 1×10⁻¹⁰⁰). 

Association testing was performed using Hail’s linear_regression_rows function. 

For the pooled GWAS, we first ran the analysis with --MAF 0.001 and --HWE -1, and then 

filtered the variants to those that passed minor allele frequency and Hardy-Weinberg equilibrium 

filters in at least one of the African or European cohorts.  

https://paperpile.com/c/u9l1LK/6ZNs
https://paperpile.com/c/u9l1LK/8gEO
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Building PRS on AoU data 

imPRS, PRS-CSx, and SDPRX were applied to ancestry-specific GWAS summary 

statistics derived from European White and African Black samples in the AoU cohort. For imPRS, 

we tested three values of the hyperparameter 𝑠	 ∈ 	 (0.0, 0.2, 0.4), as informed by simulation 

results. 

PRS-CS was applied to the pooled GWAS using LD reference panels and allele frequencies 

constructed from EUR, AFR, and AMR superpopulations in the 1000 Genomes Project, reflecting 

the primary ancestries represented in the All of Us dataset. For imPRS, PRS-CS, and PRS-CSx, 

the global shrinkage parameter was set to 10⁻⁵. Each model was run for 1,000 MCMC iterations, 

with the first 400 iterations as burn-in. 

Testing on UKB samples 

We used the preprocessed UK Biobank genotype phenotype data as described in the 

previous study17. For each trait, additional trait-specific filters—such as restricting to unrelated 

individuals with non-missing phenotype values—were applied, which resulted in smaller sample 

sizes per trait. Phenotype values were further normalized as described in the original study. The 

top 40 PCs used for adjusting 𝑅4	were provided by the UKB team (field 22009). 

3.4 Discussion 

In this study, we systematically evaluated label-free pooled GWAS and PRS construction 

alongside multi-ancestry methods across both simulated and real-world data. Our results 

demonstrate that, in most of tested phenotypes, pooling samples across ancestries and applying 

PRS-CS yields predictive performance that matches or exceeds that of more complex multi-

ancestry approaches. In real-data analyses using All of Us (AoU) for training and UK Biobank 

https://paperpile.com/c/u9l1LK/FCVx
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(UKB) for evaluation, the pooled PRS-CS framework consistently performed well across both 

African- and European-ancestry target populations for most traits, highlighting the benefits of 

increased effective sample size for polygenic prediction. 

Beyond predictive accuracy, a key advantage of the pooled, label-free approach lies in its 

practical simplicity. Conducting GWAS and PRS analyses in admixed and ancestrally diverse 

cohorts presents substantial methodological and computational challenges, including the need for 

population assignment, ancestry-specific principal component analysis, LD estimation, and 

repeated model fitting across groups. Population-stratified analyses further require duplicated 

GWAS, LD reference construction, and PRS computation, leading to increased computational cost 

and complexity. By avoiding population labels altogether, the pooled framework circumvents these 

challenges, offering a streamlined alternative that reduces analytical overhead and improves 

scalability—an advantage that becomes increasingly important as biobanks grow in size and 

diversity. 

However, our simulation and real-world analysis also demonstrate that when ancestry-

specific causal variants or effect sizes are present, the performance of pooled models deteriorates, 

indicating an inherent limitation of ignoring cross-population heterogeneity. As an example, our 

real-data analyses reveal that traits such as white blood cell count with strong population-specific 

genetic effects can challenge pooled approaches, motivating the need for methods that explicitly 

model ancestry-dependent architectures in such cases. 

Together, these findings suggest that pooled, label-free GWAS and PRS construction 

provide a powerful and pragmatic baseline for multi-ancestry genetic prediction, particularly in 

large, diverse cohorts where population assignment is ambiguous and computational efficiency is 

paramount. At the same time, they highlight the continued importance of developing flexible 
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models that can accommodate ancestry-specific effects when the genetic architecture demands it. 

Balancing these considerations will be essential for the equitable and effective application of 

polygenic risk scores in increasingly diverse populations. 

3.5 Code Availability 

imPRS is available on GitHub: 

https://github.com/heliziii/PRS_analysis_new/tree/master/imPRS 

AoU GWAS workflow for this project is available on GitHub: https://github.com/cast-

genomics/cast-workflows 
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Supplementary Data 1 can be found here: 
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Figure 3.1: Overview of PRS construction 

a. Two approaches for PRS construction. Top: A pooled framework in which GWAS is 
performed on a combined multi-ancestry cohort, and the resulting summary statistics together with 
pooled linkage disequilibrium (LD) are used as input to a single-ancestry PRS method (e.g., PRS-
CS), yielding a single set of posterior effect sizes for the union of variants across populations. 
Bottom: A multi-ancestry framework in which GWAS summary statistics and LD are estimated 
separately for each population and jointly analyzed using a multi-ancestry PRS method (e.g., PRS-
CSx or imPRS) to produce population-specific posterior effect sizes. b. Overview of the imPRS 
model. A shared Bayesian framework explicitly incorporates a cross-population correlation 
parameter to enable information sharing across ancestries at shared variants. Posterior effect sizes 
for all populations are simultaneously inferred using population-specific GWAS summary 
statistics. 
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Figure 3.2: Benchmarking PRS prediction accuracy across ancestral architectures. 

Prediction accuracy is compared for PRScs, imPRS, PRScsx, and SDPRX across African (AFR) 
and European (EUR) populations. Heritability is fixed at 0.1. The top row illustrates a baseline 
where causal architecture is shared between ancestries. Lower panels display performance under 
ancestry-specific causal configurations (Causal AFR and Causal EUR), further stratified by 
Ancestry Specific Variation (ASV) and Ancestry Specific Effect (ASE). SDPRX performance is 
reported for the baseline and ASE evaluations only, consistent with its methodological design in 
simulation setting.  
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Figure 3.3: Benchmarking PRS prediction accuracy across 6 traits in UKB samples 

For each trait, variance explained (R2) for PRS-Cs, imPRS, PRS-CSx, and SDPRX are shown for 
African and European ancestry samples. The imPRS model presented here has the 𝑠	value that 
demonstrated optimal predictive performance. 
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Figure 3.4: Benchmarking PRS prediction accuracy across ancestral architectures. 

Prediction accuracy is compared for PRScs, imPRS, PRScsx, and SDPRX across African (AFR) 
and European (EUR) populations. Heritability is fixed at 0.3. The top row illustrates a baseline 
where causal architecture is shared between ancestries. Lower panels display performance under 
ancestry-specific causal configurations (Causal AFR and Causal EUR), further stratified by 
Ancestry Specific Variation (ASV) and Ancestry Specific Effect (ASE). SDPRX performance is 
reported for the baseline and ASE evaluations only, consistent with its methodological design in 
simulation setting.   
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Figure 3.5: Benchmarking PRS prediction accuracy in EAS, AFR, and EUR populations 

The top panel presents results with heritability fixed at 0.1, bottom panel shows for heritability 
fixed at 0.3. From left to right, prediction 𝑅4 is shown for East Asian, African, and European 
samples. Within each population, the green bars denote PRScs predictions using pooled samples 
across ancestries, the blue bars represent imPRS performance at the optimal 𝑠	value selected on 
the validation set, and the red bars correspond to PRS-CSx prediction accuracy. 
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Figure 3.6: GWAS for platelet count. 

Left panels show Manhattan plots for GWASs run separately in each of the 3 cohorts of AoU ALL, 
AoU EUR, AoU AFR. Right panels show quantile-quantile plots visualizing the distribution of p-
values for the corresponding GWAS.  
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Figure 3.7: GWAS for triglycerides. 

Left panels show Manhattan plots for GWASs run separately in each of the 3 cohorts of AoU ALL, 
AoU EUR, AoU AFR. Right panels show quantile-quantile plots visualizing the distribution of p-
values for the corresponding GWAS.  
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Figure 3.8: GWAS for red blood cell count. 

Left panels show Manhattan plots for GWASs run separately in each of the 3 cohorts of AoU ALL, 
AoU EUR, AoU AFR. Right panels show quantile-quantile plots visualizing the distribution of p-
values for the corresponding GWAS.  
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Figure 3.9: GWAS for HDL cholesterol. 

Left panels show Manhattan plots for GWASs run separately in each of the 3 cohorts of AoU ALL, 
AoU EUR, AoU AFR. Right panels show quantile-quantile plots visualizing the distribution of p-
values for the corresponding GWAS.  
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Figure 3.10: GWAS for white blood cell count. 

Left panels show Manhattan plots for GWASs run separately in each of the 3 cohorts of AoU ALL, 
AoU EUR, AoU AFR. Right panels show quantile-quantile plots visualizing the distribution of p-
values for the corresponding GWAS.  
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Figure 3.11: GWAS for glycated haemoglobin. 

Left panels show Manhattan plots for GWASs run separately in each of the 3 cohorts of AoU ALL, 
AoU EUR, AoU AFR. Right panels show quantile-quantile plots visualizing the distribution of p-
values for the corresponding GWAS.  
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