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State of the art of genomic prediction of complex traits

Predicting genetic merit for complex traits has long represented a major challenge in animal
breeding, being essential for the design of effective breeding programs and the achievement of
selection objectives. Complex traits are typically quantitative, influenced by numerous
interacting genes as well as by environmental factors and their interactions, which complicates
the accurate estimation of the genetic contribution to the phenotype. Despite the development
of increasingly sophisticated statistical tools, the full complexity of biological systems remains
largely unexplained, and even capturing a substantial portion of it has proven difficult.
Historically, the scientific community has devised strategies to predict the genetic merit of
selection candidates, ranging from Fisher’s infinitesimal model, Lush’s selection indices, and
Henderson’s mixed-model BLUP equations, to the integration of genomic information through
marker-assisted selection (Fernando and Grossman, 1989), the seminal work of Meuwissen et
al. (2001), and the introduction of the single-step approaches (Misztal et al., 2009).
Nevertheless, highly precise predictions remain elusive in a large number of cases.

The incorporation of genomic information has undoubtedly been the most effective approach
to enhance prediction accuracy. However, predictive performance for complex traits remains
limited, particularly for low-heritability traits or when genomic and phenotypic data are scarce.
In this article, I focus specifically on the predictive ability for yet-to-be-observed phenotypes,
distinguishing it from the reliability of estimated genetic values and, importantly, from the
goodness-of-fit of the model. Predictive ability is most commonly evaluated using cross-
validation strategies, which was rescued in the animal breeding field in the context of genomic
prediction by Meuwissen et al. (2001). Prospective evaluation studies are also possible, albeit
less frequently implemented.

Enhancing predictive ability continues to be a central goal in genetic evaluation. Strategies
pursued to date include the application of novel statistical methodologies (e.g., semiparametric
models, machine learning/artificial intelligence) and the integration of additional omics-based
information that complements genetic data (e.g., transcriptomics, metagenomics,
metabolomics). To date, these approaches have yielded only modest improvements, prompting
the question: are these limitations inherent biological constraints, or do they reflect the current
limitations of statistical methods?

This article provides a concise assessment of the contribution of big-omics data to improving
the predictive performance of models in animal breeding. I first present a brief overview of the
most common -omics features and their scope. Then the contributions of statistical modeling
approaches are critically examined, offering a provocative perspective. Finally, some
challenges and future prospects of integrating big-omics data in order to enhance genomic
prediction of complex traits are presented.
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Integration of big-omics data in predictive models

The post-genomic era has paved the path to the big-omics era, characterized by the availability
of large volumes of data from multiple -omics sources. These sources include transcriptomics
(RNA information from the animal), epigenomics (information on regulatory elements across
the individual’s genome), metagenomics (genomic information from the individual’s microbial
communities), metatranscriptomics (RNA information from those microbial communities),
metabolomics (information on the individual’s metabolites), and, importantly, phenomics
(phenotypic and environmental information associated with the individual).

Strategies to exploit this information can be broadly classified into two categories: (i) using
omics information as covariates or effects that directly explain the phenotype, or (i1) using it
as intermediate phenotypes or mediating variables (mediators).

The first case (i) can be expressed using a classical model:

m
y=XB+g,(u)+ Z g;(6;) +e

j=1
where y is the vector of phenotypes, B is the vector of solutions for systematic effects
(including the intercept) with corresponding incidence matrix X, g, () is a function linking
genetic information u (e.g. pedigree o genotypes) to phenotypes, g.(:) are functions linking
other -omic sources 0; to phenotypes, and e is the vector of residuals. Each omics source may
be associated with a different function, which can be parametric (e.g., linear regression) or
nonparametric (e.g., RKHS, machine learning, or deep learning).
The second case (ii) can be represented as:

y=XB+g,(w)+3Xv9;(0;) +e (1)
0; = Xo, Bo; + 9u (“o,-) +37%;9:(0) +eq, (2
Here, model (1) is as before, with y; being the regression coefficient of the phenotype on the -
omic effect j, Bo,- is the vector of solutions for the systematic effects associated to 0; with

corresponding incidence matrix ng, .. (+) is a function linking genetic information to the omic

variable, and g.(:) functions accounting for the potential effects of other omics sources on
omics j, and e, is the corresponding vector of residuals.

This framework can be further extended to incorporate greater complexity, such as interactions
among omics sources or alternative relationships between omics variables, including
moderation or other conditional processes (Igartua and Hayes, 2021).

To date, the omics source that has shown the most tangible impact on the predictive ability of
complex traits is undoubtedly phenomics. Predictive performance increases substantially with
a larger amount of phenotypic information (Gonzalez-Recio et al., 2014), either directly or
indirectly through correlated phenotypes. Genomic information follows, providing
considerable gains in predictive ability depending on the number of markers, trait heritability,
and the connectedness between training and prediction populations (Ahmadi and Bartholomé,
2022). By contrast, the anticipated improvements in predictive ability from other omics sources
(transcriptomics, proteomics, metabolomics, epigenomics, or metagenomics) have, in practice,
been very limited or even marginal, despite substantial research efforts.

Interestengly, in the United States and the European Union, approximately four times more
research funding is allocated to non-phenomics omics projects than to phenomics-oriented
projects in animal breeding, according to databases from CORDIS (EU)
(https://cordis.europa.eu) and USDA-NIFA CRIS (USA) (https://portal.nifa.usda.gov), based
on project classification by primary scientific objective (omics-driven vs. phenotyping-driven).
It should be emphasized that the prediction of complex traits is not the sole objective of



research policies, and that studies of other omics provide valuable insights into the biological
systems underlying animal production.

This experience raises several questions. Is it possible to overcome the predictive ability limit
imposed by heritability and SNP-based heritability? Is the gain in predictive ability from omics
sources such as transcriptomics or proteomics constrained by their redundancy with genomic
information? If omics data were available at a scale comparable to thousands or millions of
phenotypic records, would predictive ability for complex traits substantially increase?

“All models are wrong and yours are useless”; validation, interpretability,
reproducibility

Allow me to adopt this provocative title from Markowetz (2024), who highlights the odds in
favor of this statement to be true, given the vast number of published models reporting marginal
increases in predictive ability or models that have never been applied in human clinical
practice. The outlook in animal breeding is not much more optimistic. A plethora of statistical
methods has been proposed to improve predictive ability for complex traits in animal breeding,
ranging from the proliferation of the Bayesian alphabet (Habier et al., 2011; Gianola, 2013) to
a wide array of machine learning algorithms (Gonzalez-Recio et al., 2014), which have evolved
into what is now commonly referred to as deep learning or artificial intelligence.

Each of these approaches relies on different mathematical or biological assumptions, yet most
report only modest improvements in predictive ability. Studies claiming substantial gains often
lack reproducibility, or their advantages disappear when applied to new datasets. One might
argue that classical quantitative genetics models are indeed constrained by their simplifying
assumptions and by trait heritability. In response, so-called black-box prediction approaches
have proliferated, promising to detach from unrealistic biological assumptions and to capture
complex modes of gene action. However, these methods have failed to thrive in the field, due
to their limited advantages and the high computational costs.

Another common strategy is to incorporate biological assumptions and translate them into
statistical models. But this has achieved only limited success, largely confined to traits
controlled by a major QTL or to cases where a large proportion of the genetic variance is
concentrated in specific genomic regions (Zheng et al., 2024).

The proposed mathematical models span a wide range of forms and assumptions, each with its
own technical peculiarities, from simple linear regression to highly complex neural networks.
Simple linear regressions inevitably oversimplify biological reality, assuming phenotypic
changes associated with alternative omics variants while ignoring the complexity of biological
systems (Gunawardena, 2014). Meanwhile black boxes approaches let the data speak for
themselves, but in the model’s own language. It is easy to become lost in technical details and
lose sight of the broader message conveyed by the models.

Yes, we can identify genomic regions associated with the phenotype. With small sample sizes,
only regions explaining a large proportion of the variance (genetic or phenotypic) can be
detected; with large sample sizes, regions explaining small fractions of the variance can also
be identified, often at the cost of populating the literature and databases with false positives.
But have we truly developed models that outperform original black-box approaches such as
GBLUP or Single-Step in terms of genomic prediction utility?

Challenges and future perspectives

Throughout this article, we have outlined several of the main challenges currently faced by the
field of complex trait prediction using multiple omics data sources. Among the available big-
data sources, phenomics appears to be the most promising and forward-looking, as well as
those omics sources that do not introduce redundancy with the genotype and can be used as
intermediate phenotypes providing additional information (e.g., metagenomics). Another



major challenge lies in overcoming the theoretical limit imposed by heritability, if such a goal
is indeed attainable. Ideally, non-redundant big-data sources or models not constrained by a
predefined parametric space could help achieve this objective; however, to date, no results have
emerged that are compelling enough to motivate the community to depart from the established
framework. A further challenge arises from the current “publish or perish” culture in science.
On the one hand, it hinders the ability to remain up to date with the rapidly growing number of
proposed models and methods. On the other, it contributes to a scientific literature crowded
with models of limited or null practical relevance for the sector, whether due to marginal gains
in predictive ability, implementation complexity, computational constraints, or lack of
reproducibility.

It is conceivable that sustained efforts in obtaining large scale phenomics data and in modeling
approaches with reduced parametric rigidity could enable the field to move beyond the plateau
reached in the post-genomic era.

However, this can only be proved right or wrong with more big-data and well-designed cross
validation strategies.
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