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Introduction 

Rapid growth of phenotypic, pedigree, and genomic data in animal breeding has substantially 

increased the computational and methodological demands. Addressing this requires software 

that is both methodologically flexible and computationally scalable. BLUPF90 is one of the 

most widely used, free software packages in animal breeding and genetics (for up to 30,000 

genotyped animals), with over 2500 monthly downloads from users worldwide. This is 

primarily due to its flexibility and ability to perform a range of tasks in our field, including 

variance component estimation (VCE), breeding value estimation, accuracy computation, and 

genome-wide association studies (GWAS), among others. This software suite is dynamic, 

with weekly updates, constant bug fixes, and new tools being developed periodically. What 

was initially intended as a teaching tool, developed by Ignacy Misztal, became the most 

popular and versatile software suite for solving mixed model equations (MME) and their 

derived computations. BLUPF90 is almost 30 years old but is still current, as it incorporates 

all the latest algorithms for genetic analyses, allowing the fitting of virtually any models used 

in animal breeding and, to some extent, in plant breeding. 

Recent developments have focused on extending the scope of genetic models, improving 

validation and inference, and enabling analyses in populations with millions of genotyped 

animals. These advances include new tools for formal model validation, post-processing of 

random regression and reaction norm models, modeling genetic heterogeneity of residual 

variance, scalable variance components estimation under single-step GBLUP (ssGBLUP), 

memory-efficient computing strategies, improved approximation of genomic reliabilities, 

single-step GWAS (ssGWAS) for large datasets, and the extension of threshold models to 

multiple traits, a feat previously deemed unattainable. Together, these developments 

substantially expand the analytical capabilities of BLUPF90, reinforcing its role as a central, 

scalable framework for contemporary genetic and genomic analyses. Here, we describe all 

the new features and developments in the BLUPF90 software suite.  

 

Materials & Methods 

BLUPF90 consists of 13 freely available programs that can be downloaded from 

https://nce.ads.uga.edu/html/projects/programs/. Those programs are used for renumbering 

data, breeding value and variance component estimation under frequentist and Bayesian 

approaches, pre-processing and quality control of genomic data, calculation of SNP effects, 

indirect prediction of GEBV, inbreeding computation, parentage discovery, validation of 

predictions, and post-processing outputs from random regression models. The last two are in 

the group of tools developed recently. 

 

New tools. We recently added validationf90, software that performs model validation 

based on predictive ability and linear regression (LR) (Bermann et al., 2025a), with standard 

errors and confidence intervals (Bermann et al., 2024a), providing a framework for proper 

validation. It uses solutions from the BLUPF90 breeding values estimation software (e.g., 
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blupf90+, gibbsf90+), therefore, it can validate any model supported by BLUPF90. 

This software computes bias, dispersion or inflation, ratio of accuracies, accuracy, and 

predictive ability for a group of focal animals. All statistics have associated standard errors 

and analytical confidence intervals to facilitate comparisons, which are based on exact 

formulations for small datasets and approximations for large datasets.  

Another software recently added was rrmebvf90, which is a post-processor tool for 

solutions obtained with blupf90+ or gibbsf90+ for random regression models. The 

program outputs solutions, variances, and reliabilities for a specific point of the longitudinal 

scale (e.g., 100 days in milk), for a cumulative interval of the longitudinal scale, or with a 

user-specified vector of coefficients. The program calculates solutions, variances, and 

reliabilities for a weighted average of different traits. Additionally, it can compute 

(co)variances and heritabilities for each value of the longitudinal scale.  

A third tool that is going to be released soon is dhglmf90, software for estimating genetic 

heterogeneity of residual variance using double hierarchical generalized linear models 

(DHGLM). The DHGLM allows estimation of variance components for the residual and 

separates the model into two parts: the mean part, representing the phenotype itself, and the 

variance part, representing the residual variance, where the response variable is based on 

residuals from the mean part of the model (Rönnegård et al., 2010).  

 

New methods and algorithms. We recently developed and implemented a method to 

estimate variance components for very large genomic datasets. The algorithm combines 

Monte Carlo restricted maximum likelihood (REML), which uses a Monte Carlo estimator of 

the trace term of the first derivatives of the restricted log-likelihood to avoid inverting the 

MME, with an efficient simulation of GEBV under the ssGBLUP framework (Bermann et 

al., 2025b). This was named MC-ssGREML and implemented in blup90iod3+. Software 

names ending in + indicate they perform breeding value and variance component estimation. 

Another breakthrough was the development of a method for jointly predicting multiple 

categorical and continuous traits under threshold-linear models within a BLUP-based 

framework. Although Gibbs sampling can handle multivariate models with several 

categorical and continuous traits, its computational and memory demands limit its 

applicability in mid- and large-scale genomic predictions. We derived Newton-Raphson and 

Expectation-Maximization algorithms to handle multiple categorical and continuous traits in 

threshold-linear models. Both are implemented in blup90iod3. Although this is currently 

limited to breeding values estimation, an extension to variance component estimation is 

possible.  

The algorithm in the accf90GS3 software was recently updated to approximate reliabilities 

for random regression models (Bermann et al., 2024b), as no algorithms were available to 

compute reliabilities for such a model with genomic information under ssGBLUP. 

Additionally, the Tier and Meyer (2004) algorithm for extracting contributions from data and 

pedigree was updated to account for the herd-sire interaction effect when present in the 

model (Tabet et al., 2025a). 

As the number of genotyped animals increases and interest in dissecting the genetic 

architecture of traits grows, there was a need to update the ssGWAS algorithm in 

postGSf90 to include millions of genotyped animals and more data to increase the 

resolution. Instead of using the inverse of the left-hand side of the MME, we approximated 

the PEV for core animals in the algorithm for proven and young (APY), then backsolved to 

SNP variance and obtained p-values for SNP effects (Leite et al., 2024). We used the same 

framework to enable approximating the reliabilities of indirect predictions (Tabet et al., 

2025b), which are obtained with predf90. 
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Efficient implementations. Dealing with modern datasets in animal breeding and genetics 

can be challenging due to the number of genotyped individuals and the availability of 

historical data and pedigrees. Effectively handling these datasets requires a range of efficient 

computational techniques and skillful implementations. Besides APY to avoid inverting the 

genomic relationship matrix (G), we have implemented several modifications to reduce the 

computational time and memory usage. For the latter, we implemented memory mapping, an 

efficient method for working with large files by mapping a segment of virtual memory to a 

portion of a file stored on disk.  In this way, the file can be accessed as if it were regular 

memory, without occupying large chunks of RAM, since large files are not loaded into RAM. 

This modification was applied to preGSf90, blup90iod3, predf90, and accf90GS2 

and accf90GS3. Another modification was the ability to perform iteration on memory 

(IOM) and iteration on data (IOD).  

 

Results & Discussion 

All changes and developments in the BLUPF90 software suite were to expand its capabilities 

and scalability amid increased dataset sizes. Some of the developments are discussed here. 

Developing new tools, such as validationf90 provided an easy, simple way to perform 

model validation while obtaining confidence intervals and standard errors for validation 

statistics. These metrics help judge whether differences across models are significant, and 

avoid the use of bootstrap, when possible, which often provides less accurate confidence 

intervals than the method implemented in validationf90 for simulated data (Bermann et 

al., 2024a). The rrmebvf90 is a timely tool as people usually struggle to compute genetic 

parameters, breeding values, and reliabilities for random regression models. In the case of 

dhglmf90, it allows studying the environmental sensitivity of individuals, where genotypes 

with lower dispersion may show greater resilience to environmental perturbations and more 

consistent phenotypes. Although not officially released to the public, this software is under 

testing by several research groups.  

Under extensive testing is also MC-ssGREML, although initial results confirmed the 

feasibility of the method for datasets with up to 300,000 genotyped animals. Using a small 

beef cattle dataset with 100,000 animals in the pedigree, 10,000 genotyped, and 33,000 with 

records for body weight, weaning weight, and post-weaning gain, 14 parameters were 

estimated, which required 1.1 GB of RAM and 22 hours to finish with MC-ssGREML. In all 

the tests, MC-ssGREML provided nearly identical results to the benchmark methods. The 

regular ssGREML used 105.5 GB of RAM and took 6.5 days. Using a large dataset with 7 

million animals in the pedigree, 331,000 genotyped animals, and 5.8 million phenotypes for 

birth weight required 53.5 GB of RAM and took 5 days with MC-ssGREML (Bermann et al., 

2025b). To avoid convergence issues in MC-ssGREML, we used a new convergence 

criterion based on the coefficient of variation of the five previous approximated restricted 

log-likelihood values. 

As we recently implemented the Newton-Raphson and Expectation-Maximization algorithms 

for handling multiple categorical and continuous traits in threshold-linear models, we 

performed only a couple of tests, benchmarking them against Gibbs sampling using datasets 

that the latter can handle. One example included a simulated dataset with two categorical and 

two continuous traits recorded for 1.8 million animals. Correlations between the methods 

were always greater than 0.99, given that the expectation-maximization algorithm converged. 

Computing times for Gibbs sampling, Newton-Raphson, and Expectation-Maximization were 

3 days, 29 minutes, and 66 minutes, respectively, with the second method being 

recommended for genetic evaluations. This development solved a decades-old problem of 
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performing large-scale, BLUP-based evaluations of multiple categorical and continuous traits 

using threshold-linear models efficiently. 

The updated computational efficiency of the BLUPF90 software suite, enabled by APY and 

memory mapping, allowed many companies and breed associations to perform seamless 

weekly genomic evaluations. One example is the genomic evaluation of US dairy cattle, with 

50 million records and 2.2 million genotyped animals, which used around 300 GB of RAM 

and finished in less than two days. We also tested ssGBLUP for 3.9 million genotyped US 

dairy cattle in a three-trait model and obtained results in less than two days.  

 

Conclusions 

Recent updates and methodological developments further consolidate BLUPF90 as a leading 

and versatile software suite for animal breeding. Major algorithmic advances, including MC-

ssGREML and efficient implementations of multi-trait threshold-linear models, enable 

analyses that were previously computationally infeasible. Improvements in scalability allow 

routine evaluations in populations with millions of genotyped animals. Updates to genomic 

reliability approximation and single-step GWAS further strengthen inference in large 

datasets. Together, these developments ensure that BLUPF90 remains a robust, flexible, and 

scalable framework for modern genetic and genomic analyses. Future developments will 

keep BLUPF90 methodologically up to date and innovative, showing that nearly 30 years is 

still young in software years. 
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