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Summary
Genetic variants are the foundation of biological diversity, they play a crucial role in the
adaptability, survival, and evolution of populations. Discovering which and how genetic variants
affect human traits is an ongoing challenge with applications in healthcare and medicine. In
some cases, genetic variants have an obvious effect because they change the coding sequence
of a gene and thus its function. In the vast majority of cases however, variants occur in
sequences of unknown function and could impact human traits or disease mechanisms in
complex ways. TarGene is a Nextflow pipeline leveraging highly flexible machine-learning
methods and semi-parametric estimation theory to capture these complex genetic dependencies
including higher-order interactions.

Statement of Need
All currently existing software for the estimation of genetic effects are based on parametric
distributions, additionally assuming linearity of the relationship between variants and traits (Loh
et al., 2018; Purcell et al., 2007; Yang et al., 2011; Zhou et al., 2018). If these assumptions are
violated, the reported effect sizes will be biased and error rates inflated. In particular, this can
lead to inflated false discovery rates and suboptimal allocation of computational resources and
research funding. Some recently published software also account for more complex relationships
but do not offer the full modelling flexibility provided by TarGene. REGENIE fits a two-stage
whole-genome model for each phenotype of interest but still assumes linearity and normality
(Mbatchou et al., 2021). DeepNull is a semi-parametric method which models non-linear
covariate effects but also assumes genetic effects to be linear and does not allow complex
interactions between covariates and genetic variants (McCaw et al., 2022). KnockoffGWAS
(Sesia et al., 2021) is non-parametric but does not estimate effect sizes, instead it aims at
controlling the false discovery rate of variant selection in a genome-wide manner. In comparison,
TarGene is the only method able to model arbitrarily complex genetic effects while preserving
the validity of statistical inference. It does so by leveraging Targeted Learning (Van der Laan
et al., 2011), a framework combining methods from causal inference, machine learning, and
semi-parametric statistical theory. The estimation process works as follows. In a first step,
flexible machine-learning algorithms are fitted to the data. In the second, targeting step,
TarGene regularises the estimate of the quantity of interest in a theoretically optimal way.

Labayle et al. (2026). TarGene: A Nextflow pipeline for the estimation of genetic effects on human traits via semi-parametric methods. Journal of
Open Source Software, 11(119), 9603. https://doi.org/10.21105/joss.09603.

1

https://orcid.org/0000-0002-3708-3706
https://orcid.org/0000-0002-1400-6599
https://orcid.org/0000-0002-1119-2576
https://orcid.org/0000-0003-1432-5511
https://orcid.org/0000-0003-0202-7816
https://orcid.org/0000-0001-5203-2205
https://orcid.org/0000-0002-7998-4262
https://doi.org/10.21105/joss.09603
https://github.com/openjournals/joss-reviews/issues/9603
https://github.com/TARGENE/targene-pipeline
https://doi.org/10.5281/zenodo.19202203
https://www.abhishek-tiwari.com
https://orcid.org/0000-0003-2222-2395
https://github.com/ZeyuanSong
https://github.com/kescobo
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.21105/joss.09603


Features
TarGene is a Nextflow pipeline which can be run as follow:

nextflow run https://github.com/TARGENE/targene-pipeline/ \

-r TARGENE_VERSION \

-c CONFIG_FILE \

-resume

where the CONFIG_FILE provides the list of problem-specific parameters (data, arguments,
options). Below we list some important features of TarGene. For detailed explanations, please
refer to the online documentation.

Scalability
Machine learning methods are computationally intensive, however statistical genetics analyses
need to scale to hundreds of thousands of variants and thousands of traits. For this reason,
TarGene leverages Nextflow (Di Tommaso et al., 2017), a pipeline management system that
can parallelize independent estimation tasks across HPC platforms.

Databases
TarGene works with standard formats, plink .bed and .bgen formats for genotypes, .csv or
.arrow format for human traits. Furthermore, TarGene has direct support for two large scale
biomedical databases, the UK Biobank (Bycroft et al., 2018) and the All of Us cohort (All of
Us Research Program Investigators, 2019). The example considers the UK Biobank for which
genotypes and traits are provided via BED_FILES and TRAITS_DATASET respectively. Because
the UK Biobank has a non-standard format, the UKB_CONFIG provides trait definition rules. The
following is an illustration for the body mass index phenotype, but the default is to consider
all 768 traits as defined by geneAtlas (Canela-Xandri et al., 2018).

traits:

- fields:

- "21001"

phenotypes:

- name: "Body mass index (BMI)"

Study Designs
TarGene supports traditional study designs in population genetics, that is, genome-wide
association studies (GWAS) and phenome-wide association studies (PheWAS). Because TarGene
has a focus on complex effects, interactions (e.g. gene-gene, gene-environment, gene-gene-
environment) can also be investigated up to any order.

Estimators
In TarGene we default to using Targeted Maximum-Likelihood Estimation (Van der Laan &
Rose, 2018) and XGBoost (Chen & Guestrin, 2016) as the machine-learning model but any
estimators defined in TMLE.jl is valid (Labayle, Ponting, et al., 2025). These defaults provided
the best performance in simulations across a variety of genetics tasks (Labayle, Roskams-Hieter,
et al., 2025). In the presence of computational restrictions, tradeoffs can be made and lighter
models can be used.
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