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Summary

The DMU-package for Analyzing Multivariate Mixed Models has been under constant
development for more than 30 years. This paper gives an overview of modules in the package, new
features and the recent developments in the DMU-package, including: Genomic prediction (SNP-
BLUP, G-BLUP and “Single-Step”), horizontal models, models with social genetic effects, models
for traits recorded for groups of individuals, survival models, and double hierarchical generalized
linear mixed models for modeling canalization. The continuous development also includes code
optimization.
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Introduction

DMU is a package directed towards applications in quantitative genetics and genomics. It
implements powerful tools to estimate variance components and fixed effects (BLUE) and to predict
random effects (BLUP). Most of the development of DMU has been directed by needs in research
projects in applied quantitative animal genetics. This has led to a package implementing a wide
range of relevant statistical methods and computation algorithms, which not only implement high
performance methods for specific project-related problems, but also are of general applicability in
quantitative genetics and genomics. DMU has been the main tool for statistical inference (both
estimation and prediction) in Danish animal breeding research and in many groups abroad.
Moreover, DMU are used for routine genetic evaluation of cattle, sheep, mink and horse in
Denmark, and in several other countries.

Modules

DMU1
This is the initializing module for all DMU analyses. The main tasks here are to read model

and data description; to check the model and the data validity; and establish a re-coded data and
model information for use by subsequent modules. Single trait and multiple trait models can be
specified and there are great flexibility of different models for each traits and different assumptions
on covariance structures.

DMUAI
Single and multiple trait REML estimation of (co)variance components using either Average

Information (AI) or Expectation Maximization (EM) algorithms. If an AI maximization step leads to
a parameter vector outside the parameter space, a combined AI-EM or a pure EM step is performed
(Jensen et al. (1997)). DMUAI has facilities for modeling non-Gaussian traits based on Generalized
Linear Mixed Model (GLMM). Computation can be based on:

1. Sparse matrix technique based on FSPAK subroutines (Perez-Enciso et al. (1994))
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2. Parallel dense matrix techniques based on subroutines from Intel® Math Kernel Library.
DMU4

Single and multiple trait estimation of fixed effects (BLUE) and prediction of random effects
(BLUP). DMU4 is an in-core solver, where the Mixed Model Equation (MME) is setup in core and
solved either by:

1. Direct solver based on FSPAK subroutines (Perez-Enciso et al. (1994))
2. Direct solver based on subroutines from the Intel® Math Kernel Library using parallel

execution on SMP Linux workstations
3. Iteratively solver based on ITPACK subroutines (Kincaid et al. (1982))

The workspace needed for the direct solver are larger than for the iterative solver, so the iterative
solver can handle larger problems then the direct solvers. DMU4 has built in GLMM facilities.

DMU5
Single and multiple trait BLUP based on iteration on data techniques. The MME is not setup

and stored in core, therefore, DMU5 can handle much larger problems than DMU4. DMU5 has a
build-in data buffer system, where all data or as large a part of the data as possible are stored in the
available physical memory. In this way, the amount of physical input operations are reduced and
computational speed is improved. Implemented solvers:

1. Preconditioned Conjugated Gradient (PCG)
2. Minimal Residual (MINRES)

RJMC
Single and multiple trait Markov Chain Monte Carlo (MCMC) based estimation of location

and dispersion parameters for Gaussian, binary, ordered categorical, 2-component mixture, zero
inflated sequential binary traits and reaction norm models with unknown environmental gradient.
Sampling of genetic dispersion parameters can be restricted so only information on parental animals
is used. This approach is especially useful for cross-sectional binary traits (Ødegård et al. (2010)).

NEW FEATURES / RESENT DEVELOPMENT

Single-Step models
The Single-Step approach (SSGBLUP) for combining data for genotyped and non-genotyped

individuals was independently developed by Legarra et. al, (2009) and Christensen & Lund (2010).
The idea is to replace the pedigree based relationship matrix (A) by a genomic enhanced relationship
matrix (H). The MME coefficient matrix includes the inverse relationship matrix and the inverse of
H can be computed as:

where A11 is the part of A for genotyped individual. Depending on depth of the pedigree for
genotyped individuals and how the G matrix is constructed, G and A11may not be on the same scale.
An option for scaling G to the same scale as A11 has been implemented. In many cases, G is singular
and/or cannot explain all additive genetic variance, therefore G is often replace by Gw = (1-
w)G+wA11.
Matrix inversion has computational complexity, where n is the dimension of the matrix. Here n is
number of genotyped individuals and as n increases this becomes a computational bottleneck. If the
same G matrix and same pedigree for genotyped individuals are used in a number of analysis, the)
part of will be the same. Facilities to store and reuse the) part of has been implemented as well as a
more efficient algorithm for the addition of and A-1. Facilities for SSGBLUP are implemented in
all DMU modules.
To overcome the computational bottleneck in SSGBLUP with increasing number of genotyped
individuals, Misztal et al. (2014) has proposed an approximation for name Algorithm for Proven
and Young (APY), where G is split into a core group (Proven) and a non-core group (Young). In
APY only direct inversion of the “core” part of G is needed. Fernando et al. (2016) have proposed
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an alternative exact method for construction of . It is based on the rank of G, that typically is smaller
than the number of genotyped individuals (this will always be the case if number of genotyped
individuals are larger than number of SNP markers). The idea is to find an independent subset Ggg of
G, then the remaining part of G is a function of Ggg. Work is in progress on a module for
construction of (or the part of related to genotyped individuals), with options for the “original” ,
approximation base on APY and the exact Fernando et al. (2016) method.

Merge of random effects within and across traits
DMU has facilities to merge random effects within and across traits. This can be used to

solve the problem on how to handle permanent environmental and residual co-variances in
multivariate analysis where some traits are recorded only once while other traits have repeated
records. The idea is to model each repetition of the repeated recorded trait as an individual trait
based on for instance time of recording, and then merge the random effects for the repeated recorded
traits into a single variance component or a co-variance function also called compound symmetry.
An additional advantage of this setup is that the repeated recorded trait can have different residual
variance and have different residual co-variances to single recorded traits. This approach has been
named “Horizontal models”, and has been used by Shirali et. al (2017) for joint analysis of repeated
recorded feed intake and single recorded average daily gain and lean meat percentage in pigs.
Many livestock production systems are based on rearing animals in groups. As an example, pigs are
normally kept in pens with a number of pen mates. Therefore, traits can be affected by interaction
between individuals in the pen. Such interaction can be genetic and/or environmental. Facilities to
merge random effects within a trait can be used to estimate variance components for models with
correlated direct and social genetic effects. Combining with the above mentioned merge of random
effects across traits, this can be used to allow for different residual variance for different group sizes.
The merge of random effects within trait can also be used for traits that are recorded on a group level
as e.g. feed intake recorded per pen (see Su et al. 2018, this conference).

Modeling residual variance heterogeneity
The RJMC module can be used to estimate heterogeneous residual variance for a factor i.e a

residual co-variance matrix is estimated for each level of the factor. DMU4 and DMU5 can run
BLUP models with different residual co-variance matrices for a factor.
The Generalized Linear Mixed Models (GLMM) facilities in DMUAI can be used for analyzing
double hierarchical linear models (DHGLM) as proposed by Lee & Nelder (2006). This includes
models with genetic effects on both the mean and the residual variance (e.g. Rönnegård et al.
(2010)).

Survival models
A flexible class of multivariate mixed survival models for continuous and discrete time with

a complex covariance structure can be analyzed. The framework is based on GLMM and can handle
right censoring, truncation, late entry and time-dependent explanatory variables (continuous or
discrete (Maia et al. 2014 and 2014b). The continuous time models implemented are an
approximation of the frailty model in which the baseline hazard function is piece-wise constant. The
discrete time models used are multivariate variants of the discrete relative risk models.

RJMC: Sampling using larger blocks
The original RJMC module are based on iteration on data techniques and sampling dispersion

parameters in groups, where the groups is defined as the level of an effect such as, for example,
animal. For factors with a co-variance structure such as a genetic/genomic effect, this might not be
optimal because the co-variances across levels is not taken into account within a sampling round.
Possibilities for sampling in larger groups and thereby utilize the co-variances across factor levels
has been implemented. This has shown improved mixing properties especially in SSGBLUP and
GBLUP models (Milkevych et al. 2018, this conference).
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R wrapper for special applications

Specifying complex models in DMU can be a challenge for the less experienced user.
Therefor a number of R interfaces/scripts has been developed:

1. Rdmu: which allows specifying models in the usual R-format and the interface will
automatically set up correct models, run the analysis and retrieve results in R objects

2. survDMU: for analysis involving the survival models described above
3. R_DHGLM: R-setup for running DHGLM

Availability
The DMU-packaged is distributed as executables for Linux, Windows and Mac platforms

(http://dmu.agrsci.dk ). DMU is free for research purposes, but DMU should be referred in
publications by citing the "DMU Users Guide". The terms of conditions for commercial use (e.g.
routine genetic evaluation) can be obtained from Center for Quantitative Genetics and Genomics,
Department of Molecular Biology and Genetics, Aarhus University (Per.Madsen@mbg.au.dk). The
general R-interface can be obtained from OleF.Christensen@mbg.au.dk and the survDMU R-library
can be obtained from Rodrigo.Labouriau@agrsci.dk.
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