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Introduction 
Genomic prediction (GP; Meuwissen et al., 2001) is nowadays widely used in plant and animal 

breeding. As breeding programs mature, they generate large genomic data sets spanning many 

generations, multiple genetic backgrounds (e.g., families or breeding lines), and diverse 

environments. Although the availability of large-scale genomic data has improved prediction 

accuracy, jointly analyzing these data sets is often computationally demanding and can be 

suboptimal.  

 

Transfer learning (TL) is a machine learning approach used to improve a model’s performance 

in a target data set by leveraging information from a related source data set (Li et al., 2022). 

We recently developed algorithms and software for GP via TL (GPTL, an R package). Using 

data from the UK Biobank (Bycroft et al., 2018) and the All of Us Research Program (2019), 

we showed that TL can increase the accuracy of polygenic scores for Hispanic and African 

American populations by leveraging SNP effect estimates obtained from large European-

ancestry data sets (Wu et al., 2026). Here, we provide an overview of the TL methods 

implemented in GPTL and evaluate whether TL offers a practical alternative for GP, with 

potential gains in computational efficiency and, in some settings, prediction accuracy. 

 

Transfer learning using the GPTL R-package 

  
Figure 1: Two Transfer Learning (TL) algorithms implemented in the GPTL R-package.  
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The GPTL R package implements three transfer learning (TL) algorithms: (i) gradient descent 

with early stopping (TL‑GDES), (ii) a TL penalized regression approach (TL‑PR), and (iii) a 

Bayesian TL model with an informative finite‑mixture prior (TL‑BMM). Here, we focus on 

TL‑GDES and TL‑BMM; a concise overview of these methods is provided in Fig. 1. Both 

approaches use SNP effect estimates obtained from a source data set as prior information for 

model fitting in a target data set. In TL‑GDES, source estimates are used as initial values in a 

gradient‑descent algorithm, with early stopping inducing shrinkage toward those values. 

TL‑PR and TL‑BMM are analogous to standard penalized and Bayesian regression models, 

respectively, but shrink estimates toward informative prior values rather than toward zero. 

Additional methodological details are provided in Wu et al. (2026). 

 

Benchmark 1: Fast large-scale genetic evaluations using transfer learning. 

Motivation. Genetic evaluations can accumulate hundreds of thousands of genotypes and 

phenotype records, posing substantial computational and statistical challenges. Frequent 

updates of SNP effect estimates (e.g., weekly or monthly) are computationally demanding, and 

joint analyses of all available data may be suboptimal when SNP effects differ between older 

and more recent generations (e.g., de los Campos et al., 2012; Wolc et al., 2016). In this 

benchmark, we evaluated whether transfer learning (TL) can provide an efficient strategy for 

routinely updating SNP effect estimates by using estimates from a previous cycle as prior 

information and updating them by running a TL on the newly added data only. 

 

Data. was from a breeding line of the Pig Improvement Company (PIC®, Genus®), spanning 

1999–2022 and including approximately 130,000 animals with SNP genotypes (~39,000 SNPs) 

and back-fat thickness phenotypes. The phenotypes used were pre-adjusted by contemporary 

group effects, derived from a mixed-effects pedigree model.  

 

Analyses. Prediction accuracy was assessed in a forward‑in‑time framework. For TL methods, 

predictions for year j (2014–2022) used TL estimates from year j–2 as priors and updated them 

with data from year j–1 using either GDES or BMM. As a benchmark, we used a Bayesian 

approach that re-estimated SNP effects using all data available up to year j–1. Prediction 

accuracy was measured as the correlation between genomic predictions and phenotypes. 

 

Results. Prediction accuracy increased over time, reflecting growing sample sizes (Fig. 2A), 

with a notable drop in 2017 coinciding with the introduction of genetics from other lines. 

Across years, TL methods achieved prediction accuracies nearly identical to those obtained 

with joint updates, while offering substantial computational advantages. In contrast to joint 

updates, whose computational demands increased steadily, the time required for TL updates 

remained relatively stable and depended only on the size of newly added data (Fig. 2C).  

 

Benchmark 2: Transfer learning between environments. 

Motivation. Genotype‑by‑environment interactions are pervasive in multi‑environment plant 

breeding data. In this benchmark, we evaluated whether transfer learning (TL) provides an 

effective strategy for combining information across environments by using SNP effect 

estimates from one environment (source) as prior information in a TL model fitted to data from 

a different environment (target). 

 

Data. We analyzed data from 599 wheat lines from CIMMYT’s Global Wheat Program (Crossa 

et al., 2010)–a data set widely used in genomic prediction studies. Genotypes were available 
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for 1,279 DNA markers, and grain yield (averaged over two replicates) was evaluated across 

four environments. Environments E2, E3, and E4 showed moderately positive genetic 

correlations (0.40–0.66), whereas E1 un-correlated with the others; therefore, we focused on 

TL between positively correlated environments (E2-E4). 

 

 
Figure 2: Forward‑in‑time genomic prediction using two transfer learning methods—GDES 

(gradient descent with early stopping) and BMM (Bayesian model with an informative prior)—

and a traditional joint approach (JOINT) that re‑estimates effects yearly using all available data. 

 

Analyses. We considered three source–target environment arrangements: (1) E2=>E3, (2) 

E2=>E4, and (3) E3=>E4. For each setting, we compared five prediction methods: (i) 

Cross‑Env, where SNP effects estimated in the source environment (using a SNP‑centric 

GBLUP) were used to predict the target environment; (ii) Within‑Env, which fitted a GBLUP 

model using training data from the target environment only; (iii) Multi‑Env, a two‑environment 

GBLUP model (equivalent to a two‑trait model) fitted to all data from the source environment 

and training data from the target environment; and (iv–v) the TL methods GDES and BMM, 

which used GBLUP effect estimates from the source environment as priors for model fitting in 

the target environment. In all cases, prediction accuracy was evaluated in held‑out testing data 

from the target environment. For each setting, we generated 100 training–testing partitions, 

randomly assigning 100 observations to testing and 499 to training. 

 

Results. For highly correlated environment pairs (e.g., E2–E3; r = 0.66), Cross‑Env prediction 

outperformed Within‑Env GBLUP (Fig. 3), reflecting the larger effective training sample size 

of the joint analysis. In contrast, for moderately correlated environments (E2–E4 and E3–E4; 

r ≈ 0.40), Within‑Env prediction outperformed Cross‑Env GBLUP possibly reflecting the 

larger extent of GxE. Across all scenarios, the Multi‑Env method either achieved the highest 
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accuracy or performed very close to the best‑performing approach (Fig. 3), and the two TL 

methods yielded prediction accuracies nearly identical to those of the Multi‑Env model. While 

the Multi‑Env approach jointly estimates SNP effects across environments by exploiting 

estimated genetic covariances, TL methods incorporate SNP effect estimates from the source 

environment as prior information. Despite relying only on prior means, TL showed no apparent 

loss of information, as evidenced by its near‑equivalence to Multi‑Env prediction accuracy. 

 

 
Figure 3. Using Transfer Learning for Genomic Prediction with Multi-Environment data. 

 

Discussion 
Transfer learning (TL) provides an effective framework for leveraging information across 

multiple data sources, such as different breeds, breeding lines, breeding cycles, traits, or 

environments. The three TL methods implemented in the GPTL package operate by shrinking 

estimated effects toward informative prior values. In principle, similar results can be achieved 

using approaches that analyze all data jointly (e.g., joint SNP‑effect updates or Multi‑Env 

GBLUP). However, TL offers substantial computational advantages by fitting models to 

subsets of data without sacrificing prediction accuracy. In addition, TL facilitates information 

sharing in settings where direct exchange of individual genotype–phenotype data may be 

restricted by privacy concerns. Currently, GPTL implements SNP‑centric methods; ongoing 

work on animal‑centric TL models will enable the integration of TL with Single‑Step GBLUP. 
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