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Abstract

Motivation: The routine exclusion of admixed individuals from traditional genome-wide association studies (GWAS) due to con-
cerns about spurious associations has limited multi-ancestry genetic discovery. Tractor addresses this issue by incorporating local
ancestry into association testing, enabling the identification of ancestry-enriched signals and generating ancestry-specific sum-
mary statistics. However, adoption has been constrained by the complexity of prerequisite steps, including phasing and local an-
cestry inference, which require substantial bioinformatics expertise and introduce key analytical decision points.

Results: We developed a scalable, automated Nextflow workflow that integrates phasing, local ancestry inference, and
Tractor association testing into a reproducible end-to-end pipeline. To demonstrate its utility, we applied the workflow to
32 blood biomarkers in 6245 two-way African-European admixed individuals from the UK Biobank. This pipeline per-
formed efficiently at scale, replicating known associations and uncovering key ancestry-specific loci. These associations
were largely driven by variants present on African ancestral tracts but absent from European tracts, underscoring the
value of local ancestry-aware methods in uncovering previously masked genetic signals.

Availability and implementation: The workflow is modular, customizable, and compatible with commonly used phasing and local
ancestry tools, minimizing manual intervention while preserving analytical flexibility. By lowering technical barriers to implementa-
tion, this framework facilitates broader adoption of local ancestry-aware GWAS, paving the way for expanded genetic discovery.

1 Introduction

Genome-wide association studies (GWAS) have revolutionized the
landscape of genetic research by identifying thousands of loci asso-
ciated with complex traits and diseases, thereby deepening our un-
derstanding of their genetic architecture and informing the
discovery of therapeutic targets (Sklar et al. 2011, Ripke et al. 2014,
Ikeda et al. 2018, Pardinas et al. 2018). Despite this progress, GWAS
has traditionally excluded individuals with admixed individuals due

to statistical challenges (Tan and Atkinson 2023), limiting the gener-
alizability of GWAS findings (Popejoy et al. 2016, Martin et al. 2019,
Sirugo et al. 2019, Mills and Rahal 2020). While recent studies have
begun to increasingly include individuals from multiple ancestry
groups in meta- or mega-analysis approaches, participants with
mixed ancestry are still often excluded in early filtering stages if they
do not classify well to a particular ancestry assignment. To address
this issue and improve analyses of admixed populations, our re-
search group has developed Tractor, a local ancestry informed
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Figure 1 Overview of Tractor Nextflow workflow. The workflow comprises three modules: (1) Phasing, where QC’d unphased cohort data is phased
using SHAPEIT5 (optionally with reference panels); (2) Local Ancestry Inference, using RFMix2, GNomix or FLARE to generate ancestry segment calls
from the phased VCF and reference panels; and (3) Tractor GWAS, which combines phased genotypes, local ancestry tracts, and covariates to perform
ancestry-aware GWAS and produce ancestry-specific summary statistics. The lower panel illustrates how unphased genotypes are resolved into
haplotypes, followed by local ancestry labeling using reference populations (e.g. AFR, EUR), which are then used in Tractor GWAS.

GWAS approach that is able to perform well-calibrated regression
on admixed individuals alone or as part of cohorts with different
ancestries (Atkinson et al. 2021). Local ancestry, which refers to the
ancestral origin of specific chromosomal segments within an indi-
vidual’s genome, provides a finer-scale resolution of genetic back-
ground than global ancestry estimates. Tractor tackles the known
statistical challenge of differing genetic architecture across popula-
tions by taking local ancestry into account, allowing for fine-scale
control of allele frequency stratification at the haplotype level.

While Tractor has been a foundational resource to facilitate GWAS
in admixed populations, running Tractor involves several complex
steps, creating a barrier to entry for groups with more limited in-
house bioinformatics training or population genetics expertise.
Specifically, since Tractor factors local ancestry estimates into the re-
gression, we must phase data and determine the ancestry of haplo-
typic segments for each chromosome prior to regression, both of
which are informed by a well-curated reference appropriate for the
target population. The Tractor pipeline consists of multiple scripts
for data pre-processing and subsequent GWAS with several steps
and decision points such as selecting optimal reference panels and
linking intermediate results between stages. Automating and
streamlining the entire workflow from genotype data through
Tractor GWAS using pre-curated and benchmarked resources
reduces manual effort and ensures reproducibility. This integration
will facilitate broader use of this foundational tool and promote the
inclusion of admixed samples in genetic studies.

Here, we present a Nextflow workflow, a user-friendly and com-
prehensive pipeline that allows for running Tractor seamlessly across
distinct compute environments (Tommaso et al. 2017). Nextflow is a
Workflow Development Language used to create scalable, portable,
and reproducible workflows. Its operability across local computers,
high-performance computing (HPC) schedulers such as Slurm, AWS,
Azure, and Google Cloud, makes it highly versatile. Additionally, it
supports multiple ways to manage software dependencies, including
Conda, Docker, and Singularity. This makes the Tractor Nextflow

pipeline highly portable, requiring only basic pre-setup and configu-
rations for the compute environment by the end-user.

Our Nextflow workflow is divided into three independent mod-
ules: (i) Haplotype Phasing, (ii) Local Ancestry Inference (LAI), and
(iii) Tract Extraction and Tractor GWAS (Fig. 1). This modular design
enables users to customize the pipeline to suit their specific needs
either by running all modules sequentially as part of the complete
workflow or by substituting individual modules to incorporate al-
ternative tools not currently supported by the pipeline.

Accompanying this workflow, we have developed a comprehensive
tutorial for all steps involved in running Tractor (https://atkinson-lab.
github.io/Tractor-tutorial/). The tutorial explains each step from both
theoretical and practical perspectives, helping users gain a deeper un-
derstanding of the Tractor workflow. Additionally, it provides toy data
that allows users to complete a full walkthrough of the pipeline, offer-
ing hands-on experience and insight into the processes occurring be-
hind the scenes. This tutorial lowers the barrier to entry for new
users, empowering them to adopt the method in their own work and
demystifying each step with this fully guided training.

High accuracy of LAl is critical, as Tractor relies on these estimates
to perform its ancestry-based regression. One key component for ac-
curate LAl is identifying a well-curated reference population with the
ancestries present within the cohort (Honorato-Mauer et al. 2025).
As such, we provide several pre-curated reference panels which can
be utilized as part of our workflow for admixture types commonly
observed in empirical data. Specifically, we have curated a two-way
reference panel for samples containing predominantly African (AFR)
and European (EUR) continental genetic ancestry as well as a three-
way reference panel that additionally includes individuals with pre-
dominantly Amerindigenous (AMR) ancestry, leveraging the recently
released Thousand Genomes Project—Human Genome Diversity
Panel (TGP-HGDP) joint-call dataset. We have benchmarked this ref-
erence panel (as compared to several alternate options for sample
composition) through simulations to confirm that it provided the op-
timal performance for populations with a demographic model
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reflective of many self-identified African American individuals (Gravel
etal. 2011).

To demonstrate the scalability and utility of our Tractor
Nextflow workflow, we applied it in parallel to 6245 two-way AFR-
EUR admixed individuals identified from the UK Biobank, analyzing
9,957,312 variants across 32 blood biomarkers (Supplementary
Table S2, available as supplementary data at Bioinformatics
online). The workflow ran efficiently and successfully identified sev-
eral established loci. For example, the trait serum ApoB identified
the canonical APOE and CELSR2 loci, as well as several additional
biologically plausible associations in PCSK9 and near PMFBP1, that
were driven by AFR ancestry (Fig. 2). The lead variants for these
were absent from EUR ancestry tracts, highlighting the value of
Tractor in uncovering ancestry-enriched genetic architecture.

We hope that the development of Tractor Nextflow lowers the
barrier for researchers to perform association studies in admixed
populations. Nextflow’s interoperability across a range of computing
environments ensures that researchers can access Tractor’s capabili-
ties regardless of their level of computational expertise and will lead
to harmonized analyses. The scalable application of our workflow to
admixed cohorts has the potential to uncover valuable genetic
insights into disease architecture, identifying novel ancestry-
enriched loci that may have previously been overlooked and
advancing our understanding of disease biology across populations.

2 Materials and methods

2.1 Tractor Workflow Overview and
Implementation

2.1.1 Overview of the Tractor Workflow

The Tractor Nextflow workflow streamlines the processing of in-
put cohort and sequentially executes phasing, LAl, and Tractor

P/CSK?
/

/ CELSR2
p-value: 5 x 108

MYO1TH

GWAS. The workflow generates intermediate and final outputs
from each stage, including ancestry-specific summary statistics.
The pipeline is designed to scale to any number of ancestries.

This workflow’s division into independent modules allows
users the option to customize the pipeline to meet their needs.
The Nextflow workflow, along with its comprehensive documen-
tation is publicly available on GitHub: https://github.com/
Atkinson-Lab/TractorWorkflow.

2.1.2 Input requirements and pre-processing

As is typical for GWAS analysis, the Tractor workflow requires in-
put data that has undergone rigorous sample and variant-level
quality control to ensure the integrity of downstream analyses,
such as that recommended by the RICOPILI guidelines (Lam
et al. 2020). It is additionally typically recommended that var-
iants be filtered for a common Minor Allele Frequency (MAF)
threshold, typically 0.5%-1%, and that only biallelic SNPs are
retained. In addition, input VCF files should include relevant
variant-level annotations, such as allele count (AC), allele num-
ber (AN), as they are required by the SHAPEIT5 software which
performs the phasing (Hofmeister et al. 2023). Input genotypic
(VCF) files can be either SNP-array or WGS data.

2.1.3 Running the Tractor workflow

2.1.3.1 Full pipeline execution

The Tractor Nextflow workflow can be executed end-to-end with
a single command, requiring only the minimal mandatory input
arguments. In Module 1: Phasing, the pipeline uses SHAPEIT5 to
perform genomic phasing, a gold-standard tool for biobank-
scale data and is selected for its proven computational effi-
ciency and high-quality haplotype estimation. The workflow
employs the phase common and phase ligate tools of
SHAPEIT5 to phase common variants, with support for chunked

APOE:

100

As: 1.0167

80

LDLR:
PMFBP1 |

1 40

60

Tractor AFR

12 13 14 15 16 17 18 19 20 2122

APOE:

Tractor EUR

6 7 8 9

Genomic Position

Figure 2 Manhattan and Q-Q plots from Tractor GWAS of Apolipoprotein

13 14 15 16 17 18 19 20 2122 r T T T T T T 1

Expected -log,,(P)

12

B (ApoB) levels for AFR and EUR ancestral tracts in an admixed AFR-EUR

cohort from the UK Biobank (N=5795). (a, c) Manhattan plots showing P-values for AFR and EUR tracts, respectively. A shared genome-wide
significant locus was identified at APOE, with five additional significant loci detected on AFR tracts at PCSK9, CELSR2, MYO1H, PMFBP1, and LDLR. (b,
d) Q-Q plots for AFR and EUR tracts, indicating well-calibrated Type I error control in both ancestry-specific GWAS.


https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag124#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag124#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag124#supplementary-data
https://github.com/Atkinson-Lab/TractorWorkflow
https://github.com/Atkinson-Lab/TractorWorkflow

Bioinformatics, 2026, Vol, 42, Issue 5

phasing and automatic ligation of these segments as two sepa-
rate steps.

The workflow supports several optional arguments, including
the use of a reference panel for phasing. When provided, the
workflow automatically performs reference-based phasing,
which can improve accuracy, especially when the input cohort is
small (Loh et al. 2016). However, this might restrict the output
to variants shared between input and reference VCF files.

The phased VCF serves as input to Module 2: LAI, which cur-
rently supports three widely used tools: RFMix2 (Maples et al.
2013), GNomix (Hilmarsson et al. 2021), and FLARE (Browning
et al. 2023). These tools require a well-curated reference panel
with known continental ancestry classifications and produce
ancestry-inferred assignments in a commonly used format. The
workflow supports configuration of multiple optional parame-
ters for this step, and we strongly encourage users to familiarize
themselves with the LAI tool settings to ensure the most accu-
rate ancestry estimates. An example LAl plot for one of the two-
way admixed individuals from the UK Biobank is provided in
Supplementary Fig. S1b, available as supplementary data at
Bioinformatics online.

Finally, these ancestry estimates along with the phased VCF are
used for Module 3: Tractor GWAS which consists of two steps. First,
the extract_tracts step generates the required dosages and
haplotype count files. These files, along with the phenotypic infor-
mation provided by the user, are then used in the final step to per-
form the Tractor GWAS analyses in R. Linear regression is
performed using the 1m() function and logistic regression is
implemented using the glm() function with family = bino-
mial (1ink = “logit”) .

2.1.3.2 Running independent modules

The modular structure of the Tractor workflow allows the users
to customize the execution according to their needs. For in-
stance, users with pre-phased data or precomputed local ances-
try estimates may begin their runs directly from Module 2 or
Module 3, respectively. Each module can be executed indepen-
dently, enabling users to integrate external tools not currently
supported by this Nextflow workflow. This modularity provides
both flexibility and ease of use, accommodating a wide range of
input configurations and analytical preferences.

2.1.4 Output files and summary statistics

Each step in the Tractor Nextflow workflow produces organized out-
put, with results stored across five main directories: 1_chunk-
s_phased, 2 _chunks ligated, 3 lai, 4 extract tracts,
and 5_run_tractor. When running only specific modules,
only the corresponding output directories will be generated.
All standard output and log files from tools executed within the
workflow are stored in their respective output directories.
Module 1 (Phasing): This step performs haplotype-based
phasing for common variants using phase common from
SHAPEIT5, with the resulting phased BCF files stored in
1 chunks phased directory. Users can choose to phase the
data in chunks (recommended for large datasets) or phase it as
a single block. If chunking is performed, the chunks are subse-
quently ligated and converted to VCF format, with the outputs
saved in 2 chunks ligated directory. The phase quality
score (phaseQ), which quantifies agreement in overlapping

regions between adjacent chunks, is recorded in the logs file
generated by SHAPEIT5. If no chunking is used, the BCF file is
simply converted to VCF and stored in 2_chunks_ligated.

Module 2 (LAI): This module performs ancestry estimation using
a user-preferred tool. The resulting outputs are stored in the
3_1lai directory, with file types varying according to the selected
software. RFMix2 produces local ancestry estimates (.msp file),
global ancestry estimates (.Q file), as well as additional files not uti-
lized by the Tractor pipeline such marginal probabilities of ancestry
(.fb file) and other intermediate files. GNomix generates local an-
cestry estimates and marginal probabilities, as well as two subdir-
ectories, generated_data, which contains the simulated data,
and models, which contains the trained model that can be reused
for LAI The configuration file used for GNomix is also copied into
the output directory to document run parameters. FLARE appends
ancestry estimates directly to the input genotypic data, producing
a VCF file with embedded ancestry information, and optionally
includes probability estimates. A model file is also produced de-
scribing FLARE modeling parameters.

Module 3 (Tractor): This module consists of two steps: (i)
extracting ancestral dosages and haplotype counts, which are
saved as intermediate files in 4 extract tracts, and (i) run-
ning the Tractor GWAS, which uses these intermediate files from
previous steps and a user-provided phenotype file to generate final
association statistics and is stored in 5_run_tractor.

Note that Nextflow creates multiple temporary working direc-
tories during execution and typically symbolically links final out-
put files into the designated output directories. This can be
modified in the workflow code. Most files in this workflow will
be symbolically linked; however, summary statistics from the fi-
nal Tractor step will be moved into 5_run_ tractor.

The latest release of Tractor provides ancestry-specific allele
frequencies, local ancestry proportions, effect sizes, standard
errors, t-values, and P-values for each ancestry, along with effect
sizes and P-values for local ancestry terms. Additionally, the
updated version supports multi-threading, enabling greater effi-
ciency and reduced runtime.

2.2 Reference files and panels

2.2.1 Reference panel preparation and liftOver
to GRCh37

A high-quality reference panel is essential for accurate phasing
and LAl as it provides a comprehensive set of phased haplo-
types that can inform the haplotype structure of study cohorts.
For this purpose, we utilized the recently released joint-call
dataset from the Thousand Genomes Project (TGP) and Human
Genome Diversity Panel (HGDP), which expands upon the tradi-
tional TGP-only reference by incorporating individuals from a
broader range of global ancestries (Koenig et al. 2024). This
dataset is currently available only in the GRCh38 genome build.

Given that many widely used genetic databases and resources
remain aligned to GRCh37, including the UK Biobank dataset an-
alyzed in this study, we performed a LiftOver of the joint-call
dataset to GRCh37. Initially, we filtered the GRCh38 dataset to
retain only biallelic SNPs with a MAF of at least 0.005, excluding
INDELs and multiallelic variants. We have also annotated each
variant with AC, AN, and MAF.
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Conversion to GRCh37 coordinates was performed using the
LiftoverVcf tool from GATK Picard v3.1.1 (McKenna et al. 2010).
Variants that did not successfully lift over or mapped to a
different chromosome were excluded. Following coordinate
conversion, the dataset was re-phased using SHAPEIT5 in a
reference-free mode to generate a high-quality GRCh37-aligned
reference panel. Overall, more than 99% of the variants were
successfully lifted over and retained in the final dataset
(Supplementary Table S1, available as supplementary data at
Bioinformatics online).

2.2.2 Reference panel for phasing

For many datasets, especially for those whose sample ancestries
align with the populations represented in the TGP-HGDP joint-
call dataset, this resource provides a robust reference for phas-
ing (Koenig et al. 2024). For cohorts whose ancestries are absent
from this panel, a custom reference may yield better results. Use
of reference panels for smaller datasets has been shown to im-
proving phasing accuracy and hence is strongly recommended
(Loh et al. 2016). However, when using SHAPEIT5 for reference-
based phasing, the resulting variant calls will be restricted to
sites shared between the input cohort and the reference panel,
and thus users should recommend carefully evaluating and
selecting their reference strategy that maximizes phasing accu-
racy for their specific use case.

2.2.3 Reference panel for LAI

Accurate LAl requires a well-curated reference panel that
matches the ancestral backgrounds of the study cohort. To sup-
port analyses of populations commonly represented in GWAS
studies, we assembled reference panels from the TGP-HGDP
dataset for two-way AFR-EUR and three-way AFR-AMR-EUR
populations.

For the two-way AFR-EUR reference panel, we selected individ-
uals with largely homogenous ancestries by restricting to unre-
lated continental African and European TGP-HGDP populations.
The resulting panel includes 607 African and 664 European indi-
viduals. For the three-way AFR-AMR-EUR panel, these same AFR
and EUR samples are provided, along with a tailored subset of
individuals within the “AMR™ TGP-HGDP continental classifica-
tion. Specifically, since most of these individuals exhibit varying
degrees of admixture, to construct a list of maximally homoge-
neous AMR individuals, we selected unrelated AMR individuals
with over 80% global Amerindigenous ancestry as estimated by
ADMIXTURE (Alexander et al. 2009), yielding 91 putative high-
Amerindigenous ancestry reference individuals. This subset is re-
ferred to as “non-admixed” in our documentation, however we
recognize that minor proportions of ancestry contributions from
other continental ancestries will remain.

Users who wish to retain admixture in their reference set may
opt to include all available AFR, AMR, and EUR samples, provided
the chosen LAl software supports admixed reference panels, such
as RFMix2. In such cases, we recommend adding an expectation-
maximization (EM) iteration during LAl and benchmarking
performance to be certain of its accuracy. All pre-curated reference
individual lists are available on GitHub here: https://github.com/
Atkinson-Lab/TractorWorkflow/tree/main/resources/lai_reference_
panels and are available as supplementary data at
Bioinformatics online.

2.3 Empirical application on two-way
AFR-EUR UK Biobank cohort

2.3.1 Population selection/cohort selection

To identify African-European admixed individuals, we utilized
the Pan-UKBB classification (Karczewski et al. 2025), which for
its own efforts has already assigned ancestry based on genetic
clustering using principal component analysis (PCA), guided by
reference panels from TGP and HGDP (Supplementary Fig. Sla,
available as supplementary data at Bioinformatics online). This
genetically inferred AFR category includes both homogenous
AFR individuals and those with two-way AFR-EUR admixture
(Supplementary Fig. Slc, available as supplementary data at
Bioinformatics online).

As our study was conducted under a separate UK Biobank ap-
plication (Application ID: 95179), it was necessary to match the
sample IDs from the Pan-UKBB resource (Application ID: 31063)
with those approved under our application. The Pan-UKBB data-
set included 6636 genetically inferred, unrelated AFR individu-
als. After bridging the datasets, we identified 6245 individuals
present in our application. This final cohort serves as the basis
for all analyses presented.

2.3.2 Pre-GWAS quality control

2.3.2.1 Sample and variant QC

For our selected cohort of 6245 individuals, we applied stringent
quality control measures to retain only high-confidence var-
iants. Individuals with high autosomal genotype missingness
(>10%) were excluded. Using the UK Biobank array-based im-
puted dataset, we filtered for biallelic SNPs with an imputation
quality score (INFO) >0.8, a MAF >0.5%, and excluded variants
with high sample missingness (>10%). All input VCF files were
annotated with AC, AN, and MAF. Following filtering, 9,957,312
variants were retained for downstream analyses.

2.3.2.2 Phenotype QC and covariates

To demonstrate the scalability of our workflow, we analyzed all
32 blood biomarkers (Supplementary Table S2, available as sup-
plementary data at Bioinformatics online) available from the UK
Biobank in the selected cohort of 6245 individuals. Since all bio-
markers are continuous traits, we applied inverse rank-normal
transformation to each phenotype using the RNOmni package in
R, ensuring comparability and improved adherence to normality
assumptions in downstream association testing.

Covariates included age at recruitment (Data Field: 21022),
sex (Data Field: 31), global proportion of African ancestry as esti-
mated by ADMIXTURE (Supplementary Fig. S1c, available as sup-
plementary data at Bioinformatics online), and blood dilution
factor (Data Field: 30897).

2.3.3 Tractor Workflow runs

2.3.3.1 Arguments provided: mandatory and optional

The Tractor Nextflow workflow was executed at scale in a modu-
lar fashion. To improve phasing and LAl accuracy, we incorpo-
rated joint phasing with a reference panel. Specifically, we
combined unrelated AFR (607 individuals) and EUR (664 individ-
uals) samples from the TGP-HGDP joint-call dataset with our in-
put cohort of 6245 UK Biobank individuals at shared variant
sites. This merged dataset was processed through Module 1
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(Phasing), which employs SHAPEIT5 (v5.1.1). All chromosomes
were phased in full without chunking. Because the reference
panel was merged with the input cohort, non-reference-based
phasing was performed. ADMIXTURE was also employed to as-
sess global ancestry proportions.

Following phasing, the dataset was split into two groups:
the original 6245 UKBB individuals and the 1271 AFR + EUR ref-
erence samples. The latter served as the reference panel for
Module 2 (Local Ancestry Inference) with RFMix2. We ran
RFMix2 with default parameters, except for the inclusion of
--reanalyze reference true and --em_iterations 1,
which correspond to RFMix2’s settings to account for heterogeneity
and admixture in reference populations. The global ancestry esti-
mates obtained from ADMIXTURE and RFMix2 demonstrated a
strong concordance (> 0.99), indicating that the LAl performed
reliably in this population (Supplementary Fig. S2, available as sup-
plementary data at Bioinformatics online).

Module 3, Tractor GWAS was run using the local ancestry esti-
mates from the previous step, normalized blood biomarker phe-
notypes, and covariates using linear regression. Since the final
step of Tractor supports multi-threading, it is important to
balance the number of variants processed (using the
—-chunksize argument) with the memory and threads pro-
vided. In our case, we used four CPU with 32 Gb memory and a
—-chunksize of 40000. Users are encouraged to optimize
these parameters for their system, as larger chunk sizes or more
threads may require increased memory.

2.3.3.2 Computational framework

All analyses were performed on our local HPC Cluster running
Red Hat Enterprise Linux 7.9 and managed by the SLURM work-
load manager. Nextflow handled job orchestration, paralleliza-
tion, error handling, and resource allocation across the cluster.

2.3.3.3 Configuration file for Nextflow workflow

All Nextflow runs require a configuration file, which defines the
parameters, computational resources, and environment settings
necessary to execute the workflow. This file can be tailored to sup-
port various HPC systems, job schedulers, or cloud platforms. We
encourage users to consult the Nextflow documentation to explore
the range of available configuration options, including specifica-
tions for CPUs, memory, file paths, and custom parameters.

Each of the Tractor Nextflow steps can be configured indepen-
dently in terms of CPU count, memory allocation, and wall-time lim-
its. Additionally, steps can be automatically retried with adjusted
resources in the event of a failure, allowing for dynamic and adap-
tive execution across diverse computing environments. We allocated
increased memory for the phasing and LAl steps, as these are partic-
ularly computationally intensive. For steps that failed during initial
runs, the pipeline dynamically re-executed them with higher mem-
ory and CPU allocations to ensure successful completion.

3 Results
3.1 Scalability and computational
performance

To evaluate the scalability and robustness of our Nextflow-based
workflow, we applied it to genotype and phenotype data from

6245 individuals across 32 blood biomarkers (Supplementary Table
S2, available as supplementary data at Bioinformatics online).
Modules 1 and 2, along with the dosage extraction portion of
Module 3 need to be performed only once per dataset and can be
reused for Tractor GWAS across all traits. Only the final Tractor
GWAS step in Module 3 needs to be executed separately for each
phenotype. From a practical perspective, this means users only
need to run the full pipeline once to generate the intermediate
extract_tracts data, which represents the bulk of the com-
pute time (~7500 CPU-hours). After that, running additional phe-
notypes requires only ~5 CPU-hours per trait, as the workflow
reuses previously generated intermediate files. For typical use,
processing a new trait takes approximately 1-1.5h using four
CPUs. Given the scale of the analysis, we leveraged parallel execu-
tion across our local HPC cluster using configuration settings de-
tailed in Table 1. The entire workflow required a total of 11,375
CPU-hours, with Module 1 taking ~2600 CPU-hours, Module 2 tak-
ing ~4600 CPU-hours, and Module 3 taking ~4100 CPU-hours for
all 32 blood phenotypes.

3.2 Application of Tractor Nextflow
workflow to Apolipoprotein B levels
uncovers shared and unique genetic
associations

To confirm its ease of deployment, we ran the Tractor Nextflow
workflow at scale across 32 traits in the UK Biobank. Here, we
highlight one of them, Apolipoprotein B (ApoB), to showcase
the value of ancestry-specific association testing. Tractor sum-
mary statistics for all 32 blood biomarker traits have been pub-
licly released on GWAS Catalog with Accession Numbers
GCST907264-GCST907288. Using the Tractor GWAS framework,
we examined ApoB blood biomarker levels in 5795 admixed
individuals, leveraging local ancestry tracts to generate
ancestry-specific summary statistics for African (AFR) and
European (EUR) haplotypes. The average global proportions of
ancestry in these samples were 92.7% AFR and 7.3% EUR
(Supplementary Fig. Slc, available as supplementary data at
Bioinformatics online). We observed well-calibrated genomic
inflation factors in both ancestry tracts (AFR Agc: 1.0167, EUR
Aec: 1.0186), showing Tractor well controlled for type
I error (Fig. 2).

Our analysis identified six genome-wide significant loci in
AFR tracts and a single hit in EUR tracts (which overlapped
one of the AFR signals). This distribution is expected as the rel-
ative global proportion is higher for AFR ancestry, which con-
fers greater power to detect significant associations in
AFR tracts.

The strongest association in both ancestries localized to the
APOE locus on chr 19. Here, the lead variants differed by ances-
try, but their effect sizes were very similar (farr=—0.66;
Peur=—0.63), supporting a likely shared biological mechanism.
The P-value differences across tracts can be explained by differ-
ences in power for AFR and EUR components. Effect size esti-
mates with 95% ClI for all top loci (Table 2) are summarized in
Supplementary Fig. S3, available as supplementary data at
Bioinformatics online, which illustrates the g values for each an-
cestry and highlights two variants observed exclusively in AFR
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Table 1 Summary of computational resources used for each module of the Tractor workflow.?

Modules Steps Split level No. of Total wall-clock Total CPU-hours Median Median
jobs time memory/job CPUs/job
(GB)
Module 1 Phasing 22 chr 22 16-12:58:04 105-05:26:00 16 4
Ligation 22 chr 22 0-04:14:25 0-04:14:25 4 1
Module 2 RFMix2 22 chr 22 12-06:13:08 196-03:30:08 64 16
Module 3 Extract Tracts 22 chr 22 5-13:18:26 5-13:18:26 10 1
Run Tractor 32 phenotypes 704 41-15:21:02 166-20:32:04 20
X 22 chr
Total 792 76-04:05:05 473-23:01:03

@ The pipeline consists of three main modules and for each, we report the number of computational jobs executed and the total CPU-hours consumed. For
Module 1 (Phasing), Module 2 (LAI) and Extract Tracts step of Module 3, 22 jobs were run, one for each chromosome on the genotypic data. For the Tractor
GWAS step (Run Tractor), which performed linear regression separately for each of the 32 phenotypes across 22 chromosomes, a total of 704 jobs were run. As
expected, phasing (using SHAPEIT5) and LAI (using RFMix2) took the largest share of computational time. We also offer median memory and CPU usage per
job, as the workflow employed dynamic resource management, i.e. failed jobs were automatically rescheduled with increased resource allocations.

tracts with no corresponding EUR  estimates. We identified a
significant association in AFR tracts in CELSR2, consistent with
previous large-scale GWAS findings related to ApoB (Richardson
et al. 2022), further demonstrating Tractor’s ability to detect
known biology with admixed populations.

Tractor also enabled the discovery of several ancestry-specific
signals. A variant near the LDLR locus achieved genome-wide
significance in AFR tracts, which has been previously associated
with ApoB (Chasman et al. 2008, Locke et al. 2019). Given LDLR’s
role in lipid uptake, this locus is biologically plausible. Tractor
also identified hits in PCSK9 and near PMFBPI, both previously
associated with low-density lipoprotein and total cholesterol
(Wojcik et al. 2019). None of these variants were observed in
EUR tracts (Table 2) which can be attributed to the variant’s ex-
tremely low MAF of 0.0003 in Non-Finnish European populations
(gnomAD v3.1.2). These findings highlight both the power of
Tractor to uncover ancestry-enriched loci, resolve signals to the
local ancestry background that is driving the outcome, as well
as point to the broader importance of advantages of including
admixed populations in genome-wide studies.

3.3 Tutorial

We also provide a tutorial that walks users through each step of
the Tractor pipeline, mirroring the sequence of the Nextflow
workflow. The tutorial offers a basic framework for implementing
the Tractor pipeline and is designed to help users understand the
underlying steps of the Tractor workflow and gain insight into how
Tractor operates, providing transparency into its implementation be-
yond the automated Nextflow pipeline. The tutorial covers: (i) phas-
ing and LAl; (i) optionally, correction of switch errors in phased data
for two-way admixed data; (jii) extraction of dosage and local ances-
try information; (iv) Tractor regression analysis using either Hail or a
command-line tool; and (v) visualizing these Tractor summary statis-
tics through R. Complementing the Nextflow pipeline, the tutorial
also includes a template for running regression analysis with Hail, a
Spark-based tool that enables parallel computing that users may
find the Hail implementation useful for some biobank-scale work-
space environments.

We have prepared a tractable toy dataset consisting of 61
two-way AFR-EUR admixed individuals from the ASW (African

Ancestry in Southwest US) subpopulation of the TGP and ap-
proximately 210,000 variants from chr 22. Using this dataset, we
have simulated both binary and continuous phenotypes, assum-
ing that only one variant within the AFR tract contributes to the
trait. We also provide a reference panel for phasing and LAI,
composed of 196 YRI (Yoruba in Ibadan, Nigeria) and GBR
(British in England and Scotland) samples from TGP. Due to the
lightweight nature of the toy dataset, users can complete the
pipeline in ~10 min on a typical laptop.

4 Discussion

The inclusion of a broad range of populations in GWAS is crucial for
several reasons (Atkinson et al. 2022). Firstly, exclusion of certain
populations directly impacts the accuracy and applicability of ge-
netic research for these groups. Secondly, including more repre-
sentative samples aids gene discovery and better characterizes the
genetic underpinnings of disease for people of all ancestry back-
grounds. Per portability of GWAS findings, exclusion can miss key
variants with elevated importance for understudied populations,
as genetic variants and combinations of variants might be specific
to certain populations, leading to incomplete understandings of
diseases (The Thousand Genomes Project Consortium 2012,
Bergstrom et al. 2020). Further, the frequency of genetic variants
and patterns of linkage disequilibrium can vary significantly across
populations, affecting the statistical power and robustness of
GWAS findings, potentially increasing type | and Il errors without
proper correction.

While Tractor GWAS facilitates study of mixed collections and
cohorts, the technical complexity and prerequisite steps required
to implement Tractor, such as phasing and LAl pose barriers to its
widespread adoption. Tractor Nextflow overcomes this issue by
providing a user-friendly, scalable, and modular workflow that
lowers the technical threshold for applying Tractor, helping to de-
mocratize its use in the study of admixed populations. This
Nextflow workflow has a modular design allowing researchers to
substitute alternatives or run individual modules independently,
offering flexibility to tailor the workflow to specific datasets or
computing environments. The standardized implementation also
enhances reproducibility across research labs, simplifying cross-
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Table 2 Top genome-wide significant loci from Tractor GWAS of Apolipoprotein B (ApoB) levels in Admixed AFR-EUR individuals from UK Biobank.?

Chr Position Ref Alt Allele frequency (AF)  Effect sizes P-values Closest
gene
rsiD AFR EUR AFR EUR AFR EUR
1 55523855 G A rs28362263 0.113319 O —0.207964 NA 4.43903e—-12 NA PCSK9
1 109817590 G T rs12740374 0.258204  0.249734 —0.176602 -0.130119 1.35148e-15 0.09563 CELSR2
12 109875753 C T rs10774696 0.508278  0.367347 0.107662  0.095218 2.75360e-08 0.19942 MYOI1H
16 72216789 C A rs7200153 0.179427 0 0.159091 NA 1.79476e-10 NA PMFBP1
19 11191729 C T rs138294113 0.139417  0.136732 —0.236046 —-0.08995 4.04116e-17 0.37667 LDLR
19 45412079 C T rs7412 0.115807 0.076456 —0.657757 -0.84186 9.26679e—107  7.48356e—11 APOE
19 45413233 G T  rs1065853 0.12155 0.076456 —0.628276 -0.850655 5.83852e-102 5.16910e-11 APOE

? Variants in PCSK9 and near PMFBP1 were identified exclusively in AFR tracts due to their absence in EUR tracts (AF =0), demonstrating Tractor’s ability to
uncover ancestry-specific signals missed by conventional GWAS. Consequently, no effect sizes or P-values were computed for these variants in EUR tracts. The
APOE locus showed significant associations in both ancestries but with different lead variants. Forest plot of effect size estimates with 95% confidence interval
(CI) for these top hits can be found in Supplementary Fig. S3, available as supplementary data at Bioinformatics online. All chromosomal coordinates are based

on GRCh37.

study harmonization and enabling more robust meta- and mega-
analyses spanning multiple cohorts. Importantly, the workflow is
also computationally efficient: while the initial steps of phasing
and LAl can be time-intensive, these are performed only once on
the genotypic data per cohort, enabling rapid rerunning of the fi-
nal association step for additional phenotypes. The workflow is
also highly parallelizable, further reducing runtime and enabling
scalable application to multi-phenotype studies.

To ensure accuracy and reproducibility, we have also identi-
fied and validated optimal reference panels for both two-way
(AFR-EUR) and three-way (AFR-EUR-AMR) admixed populations
using the recently released joint-called TGP-HGDP dataset. This
publicly available resource provides broad population coverage,
allowing researchers worldwide to use a publicly available data-
set that has been optimized for estimating local ancestries.

Here, we empirically demonstrate the value of this workflow by
applying Tractor successfully to 32 blood biomarkers in 6245 AFR-
EUR admixed individuals from the UK Biobank. This large-scale ef-
fort ran in an efficient timeline and produced impactful empirical
results: we successfully replicated known hits for blood lipid traits
alongside identifying unique hits that were driven by ancestry-
specific allele frequencies. This shows the utility of Tractor GWAS
to find loci that may have been overlooked in previous studies us-
ing less representative cohorts or traditional GWAS methods.

While this workflow can scale any number of ancestries within
the cohort, several critical considerations still remain for users.
First, although Tractor enables ancestry-specific association
testing, its statistical power depends on sufficient representa-
tion of each ancestry in the dataset. As the number of ancestries
increases, the effective sample size per ancestry may decrease,
particularly if some ancestries are present at low global propor-
tions. Variants that are rare within a particular ancestry or tracts
that cover a small proportion of the genome are less powered
for robust estimation. To maximize interpretability and power,
researchers are encouraged to include ancestries with adequate
sample size and sufficient genomic representation of ancestry
tracts (e.g. >5% global ancestry of the cohort).

Second, Tractor’s performance relies on the accuracy of phas-
ing and LA, both of which remain active areas of methodologi-
cal development, and have not been optimized for cohorts of all

ancestries. Users must carefully select and optimize the referen-
ces they use to get the most accurate results. Taken together,
while Tractor can handle highly admixed cohorts, some consid-
eration to ancestry composition, sample size, and LAl resources
is essential for robust and interpretable results.

In summary, Tractor Nextflow provides an accessible and effi-
cient solution for implementing ancestry-aware association test-
ing, with the goal of expanding the inclusion of admixed
individuals in genetic research. By facilitating its broader use,
we hope this work will contribute to a more comprehensive un-
derstanding of the genetic architecture of complex traits across
ancestries and help advance equity in genomic discovery.

Acknowledgements

This research has been conducted using the UK Biobank
Resource under Application Number 95179. Members of the
PGC-PTSD Ancestry Working Group: Elizabeth Atkinson, Marcos
Santoro, Caroline Nievergelt, Adam Maihofer, Nirav Shah,
Clement Zai, Yi-Sian Lin, M. du Plessis, Jessica Honorato Mauer,
Shareefa Dalvie, Estela Bruxel, S. Hemmings, Liriel Almodobar.

Author contributions

Nirav N. Shah (Conceptualization [equal], Data curation [lead], Formal
analysis [lead], Software [lead], Validation [lead], Visualization [lead],
Writing—original draft [lead], Writing—review & editing [equal]),
Taotao Tan (Formal analysis [supporting], Software [supporting]),
Jessica Honorato-Mauer (Formal analysis [supporting], Resources
[equal]), Yi-Sian Lin (Validation [supporting]), Adam X. Maihofer
(Supervision [supporting]), Clement C. Zai (Supervision [supporting]),
Marcos Santoro (Supervision [supporting]), Caroline M. Nievergelt
(Supervision  [supporting]), and  Elizabeth G.  Atkinson
(Conceptualization [lead], Funding acquisition [lead], Supervision
[lead], Writing—review & editing [lead])


https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag124#supplementary-data
https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag124#supplementary-data

Bioinformatics, 2026, Vol, 42, Issue 5

Supplementary material

Supplementary material is available at Bioinformatics online.

Conflict of interests

The authors declare no conflict of interest.

Funding

This work was supported by funding from the National Institutes
of Health [RO1HG012869 to E.G.A.] and [RO1IMH106595 and
RO1MH134468 to C.M.N.].

Data availability

The Tractor workflow introduced in this study is openly available at
https://github.com/Atkinson-Lab/TractorWorkflow. Documentation is
provided at https://atkinson-lab.github.io/TractorWorkflow, and a
step-by-step tutorial is available at https://atkinson-lab.github.io/
Tractor-tutorial/. The exact version of the workflow used for all analy-
ses in this manuscript has been archived on Zenodo at DOI 10.5281/
zenodo.17703285. The Tractor GWAS Summary Statistics generated
here are available in GWAS Catalog under Accession Numbers
GCST907264-GCST907288.

References

Alexander DH, Novembre J, Lange K. Fast model-based estima-
tion of ancestry in unrelated individuals. Genome Res 2009;19:
1655-64. https://doi.org/10.1101/gr.094052.109

Atkinson EG, Bianchi SB, Ye GY et al. Cross-ancestry genomic re-
search: time to close the gap. Neuropsychopharmacology
2022;47:1737-8. https://doi.org/10.1038/541386-022-01365-7

Atkinson EG, Maihofer AX, Kanai M et al. Tractor uses local ances-
try to enable the inclusion of admixed individuals in GWAS
and to boost power. Nat Genet 2021;53:195-204. https://doi.
org/10.1038/s41588-020-00766-y

Bergstrom A, McCarthy SA, Hui R, et al. Insights into human genetic
variation and population history from 929 diverse genomes. human
genetic variation and population history from 929. Science 2020;
367:1-10. https://doi.org/10.1038/nature11632

Browning SR, Waples RK, Browning BL. Fast, accurate local an-
cestry inference with FLARE. Am J Hum Genet 2023;110:
326-35. https://doi.org/10.1016/j.ajhg.2022.12.010

Chasman DI, Paré G, Zee RYL et al. Genetic loci associated with
plasma concentration of low-density lipoprotein cholesterol,
high-density lipoprotein cholesterol, triglycerides, apolipoprotein
Al, and apolipoprotein B among 6382 white women in genome-
wide analysis with replication. Circ Cardiovasc Genet 2008;1:
21-30. https://doi.org/10.1161/CIRCGENETICS.108.773168

Gravel S, Henn BM, Gutenkunst RN et al.; 1000 Genomes Project.
Demographic history and rare allele sharing among human
populations. Proc Natl Acad Sci USA 2011;108:11983-8.
https://doi.org/10.1073/pnas.1019276108

Hilmarsson H, Kumar AS, Rastogi R et al. High resolution ancestry
deconvolution for next generation genomic data. Preprint, 21
September 2021. https://doi.org/10.1101/2021.09.19.460980

Hofmeister RJ, Ribeiro DM, Rubinacci S et al. Accurate rare vari-
ant phasing of whole-genome and whole-exome sequencing
data in the UK Biobank. Nat Genet 2023;55:1243-9. https://
doi.org/10.1038/s41588-023-01415-w

Honorato-Mauer J, Shah NN, Maihofer AX et al.; Psychiatric
Genomics Consortium for PTSD Ancestry Working Group.
Characterizing features affecting local ancestry inference per-
formance in admixed populations. Am J Hum Genet 2025;112:
224-34. https://doi.org/10.1016/j.ajhg.2024.12.005

Ikeda M, Takahashi A, Kamatani Y et al. A genome-wide associ-
ation study identifies two novel susceptibility loci and trans
population polygenicity associated with bipolar disorder.
Mol Psychiatry 2018;23:639-47. https://doi.org/10.1038/mp.
2016.259

Karczewski KJ, Gupta R, Kanai M et al. Pan-UK biobank genome-
wide association analyses enhance discovery and resolution
of ancestry-enriched effects. Nat Genet 2025;57:2408-17.
https://doi.org/10.1038/s41588-025-02335-7

Koenig Z, Yohannes MT, Nkambule LL et al.; gnomAD Project
Consortium. A harmonized public resource of deeply se-
quenced diverse human genomes. Genome Res 2024;34:
796-809. https://doi.org/10.1101/gr.278378.123

Lam M, Awasthi S, Watson HJ et al. RICOPILI: Rapid Imputation
for COnsortias PlpelLlne. Bioinformatics 2020;36:930-3.
https://doi.org/10.1093/bioinformatics/btz633

Locke AE, Steinberg KM, Chiang CWK et al.; FinnGen Project.
Exome sequencing of Finnish isolates enhances rare-variant
association power. Nature 2019;572:323-8. https://doi.org/10.
1038/s41586-019-1457-z

Loh PR, Danecek P, Palamara PF et al. Reference-based phasing
using the Haplotype Reference Consortium panel. Nat Genet
2016;48:1443-8. https://doi.org/10.1038/ng.3679

Maples BK, Gravel S, Kenny EE et al. RFMix: a discriminative
modeling approach for rapid and robust local-ancestry infer-
ence. Am J Hum Genet 2013;93:278-88. https://doi.org/10.
1016/j.ajhg.2013.06.020

Martin AR, Kanai M, Kamatani Y et al. Clinical use of current poly-
genic risk scores may exacerbate health disparities. Nat Genet
2019;51:584-91. https://doi.org/10.1038/s41588-019-0379-x

McKenna A, Hanna M, Banks E et al. The genome analysis toolkit:
a MapReduce framework for analyzing next-generation DNA
sequencing data. Genome Res 2010;20:1297-303. https://doi.
org/10.1101/gr.107524.110

Mills MC, Rahal C. The GWAS Diversity Monitor tracks diversity by
disease in real time. Nat Genet 2020;52:242-3. https://doi.org/
10.1038/s41588-020-0580-y

Pardinas AF, Holmans P, Pocklington AJ et al; CRESTAR
Consortium. Common schizophrenia alleles are enriched in
mutation-intolerant genes and in regions under strong back-
ground selection. Nat Genet 2018;50:381-9. https://doi.org/
10.1038/s41588-018-0059-2

Popejoy, Alice B, Fullerton SM. Genomics is failing on diversity.
Nature 2016;538:161-4.

Richardson TG, Leyden GM, Wang Q et al. Characterising metabolo-
mic signatures of lipid-modifying therapies through drug target


https://academic.oup.com/bioinformatics/article-lookup/doi/10.1093/bioinformatics/btag124#supplementary-data
https://github.com/Atkinson-Lab/TractorWorkflow
https://atkinson-lab.github.io/TractorWorkflow
https://atkinson-lab.github.io/Tractor-tutorial/
https://atkinson-lab.github.io/Tractor-tutorial/
https://doi.org/10.1101/gr.094052.109
https://doi.org/10.1038/s41386-022-01365-7
https://doi.org/10.1038/s41588-020-00766-y
https://doi.org/10.1038/s41588-020-00766-y
https://doi.org/10.1038/nature11632
https://doi.org/10.1016/j.ajhg.2022.12.010
https://doi.org/10.1161/CIRCGENETICS.108.773168
https://doi.org/10.1073/pnas.1019276108
https://doi.org/10.1101/2021.09.19.460980
https://doi.org/10.1038/s41588-023-01415-w
https://doi.org/10.1038/s41588-023-01415-w
https://doi.org/10.1016/j.ajhg.2024.12.005
https://doi.org/10.1038/mp.2016.259
https://doi.org/10.1038/mp.2016.259
https://doi.org/10.1038/s41588-025-02335-7
https://doi.org/10.1101/gr.278378.123
https://doi.org/10.1093/bioinformatics/btz633
https://doi.org/10.1038/s41586-019-1457-z
https://doi.org/10.1038/s41586-019-1457-z
https://doi.org/10.1038/ng.3679
https://doi.org/10.1016/j.ajhg.2013.06.020
https://doi.org/10.1016/j.ajhg.2013.06.020
https://doi.org/10.1038/s41588-019-0379-x
https://doi.org/10.1101/gr.107524.110
https://doi.org/10.1101/gr.107524.110
https://doi.org/10.1038/s41588-020-0580-y
https://doi.org/10.1038/s41588-020-0580-y
https://doi.org/10.1038/s41588-018-0059-2
https://doi.org/10.1038/s41588-018-0059-2

10

Bioinformatics, 2026, Vol, 42, Issue 5

mendelian randomisation. PLoS Biol 2022;20:e3001547. https://
doi.org/10.1371/journal.pbio.3001547

Ripke S, Neale BM, Corvin A et al. Biological insights from
108 schizophrenia-associated genetic loci. Nature 2014;511:
421-7. https://doi.org/10.1038/nature13595

Sirugo G, Williams SM, Tishkoff SA. The missing diversity in hu-
man genetic studies. Cell 2019;177:26-31. https://doi.org/10.
1016/j.cell.2019.02.048

Sklar P, Ripke S, Scott LJ et al. Large-scale genome-wide associ-
ation analysis of bipolar disorder identifies a new susceptibil-
ity locus near ODZ4. Nat Genet 2011;43:977-85. https://doi.
org/10.1038/ng.943

© The Author(s) 2026. Published by Oxford University Press.

Tan T, Atkinson EG. Strategies for the genomic analysis of admixed
populations. Annu Rev Biomed Data Sci 2023;6:105-27. https://
doi.org/10.1146/ANNUREV-BIODATASCI-020722-014310

The 1000 Genomes Project Consortium, An integrated map of
genetic variation from 1,092 human genomes. Nature 2012;
491:56-65. https://doi.org/10.1038/nature11632

Tommaso PD, Chatzou M, Floden EW et al. Nextflow enables
reproducible computational workflows. Nat Biotechnol 2017;
35:316-9. https://doi.org/10.1093/database/bar026

Wojcik GL, Graff M, Nishimura KK et al. Genetic analyses of di-
verse populations improves discovery for complex traits.
Nature 2019;570:514-8. https://doi.org/10.1038/s41586-019-
1310-4

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0/), which permits
unrestricted reuse, distribution, and reproduction in any medium, provided the original work is properly cited.

Bioinformatics, 2026, 42, 1-10
https://doi.org/10.1093/bioinformatics/btagl24
Original Paper


https://doi.org/10.1371/journal.pbio.3001547
https://doi.org/10.1371/journal.pbio.3001547
https://doi.org/10.1038/nature13595
https://doi.org/10.1016/j.cell.2019.02.048
https://doi.org/10.1016/j.cell.2019.02.048
https://doi.org/10.1038/ng.943
https://doi.org/10.1038/ng.943
https://doi.org/10.1146/ANNUREV-BIODATASCI-020722-014310
https://doi.org/10.1146/ANNUREV-BIODATASCI-020722-014310
https://doi.org/10.1038/nature11632
https://doi.org/10.1093/database/bar026
https://doi.org/10.1038/s41586-019-1310-4
https://doi.org/10.1038/s41586-019-1310-4

	Active Content List
	1 Introduction
	2 Materials and methods
	3 Results
	4 Discussion
	Acknowledgements
	Author contributions
	Supplementary material
	Conflict of interests
	Funding
	Data availability
	References


