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ABSTRACT: As the density of single nucleotide 
polymorphism (SNP) marker panels increase, 
computational efficiency becomes a greater consideration 
for whole genome prediction (WGP) such that algorithms 
other than Markov Chain Monte Carlo (MCMC) might be 
more important. One popular alternative is the expectation 
maximization (EM) algorithm. Our group has previously 
extended BayesA to an anteBayesA model using inference 
based on MCMC.  We explore an EM analogue of this 
anteBayesA model called EM-anteBayesA and compare it 
to a more conventional EM-BayesA strategy developed 
earlier.  By both simulation and and application to the 
heterogeneous stock mice dataset, we find EM-anteBayesA 
has comparable accuracy to its MCMC analogue.  
Furthermore, we demonstrate that it is feasible to estimate 
key hyperparameters in EM-(ante)BayesA models.  
However, we also discovered that accuracies of genomic 
breeding values using these EM-based methods may 
depend on starting values for SNP effects.  
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INTRODUCTION 
Parametric Bayes (i.e. “Bayesian alphabet”) 

procedures are typically used for whole genome prediction 
(WGP), being primarily based on computationally intensive 
MCMC techniques (Gianola (2013); Meuwissen et al. 
(2001)). Novice users of MCMC software might not always 
fully appreciate issues such as burn-in, Monte Carlo error 
control, mixing and/or convergence to distribution, and 
further how these properties depend upon, e.g. marker 
density.  Furthermore, MCMC does not readily facilitate 
any computational savings for continuously updating WGP 
based on updated phenotype and genotype databases.   

To help address these issues, expectation-
maximization (EM) based methods are being developed as 
computationally feasible alternatives, including those for 
BayesA specifications (Sun et al. (2012)).  Various 
deviations on the EM algorithm for WGP have been 
evaluated in several simulation studies (Meuwissen et al. 
(2009); Shepherd et al. (2010)) and they have shown 
accuracies for prediction of true breeding values (TBV) 
comparable to their MCMC analogues.  One standing 
criticism of EM-based methods, however, is that there are 
no readily known strategies for estimating or tuning key 
hyperparameters (Meuwissen et al. (2009); Shepherd et al. 
(2010); Sun et al. (2012)).  Another criticism is that these 
methods are prone to converging to local rather than global 
maxima (Gianola (2013)) for inferences on SNP effects, if 
the distribution of the SNP effects is specified to be 
something other than Gaussian. 
 Most existing methods for genomic estimated 
breeding value (GEBV) prediction are based on the 

assumption that the SNP effects are independently 
distributed; however, the effects of adjacent SNPs may be 
highly correlated with each other, particularly if they are in 
close proximity to a quantitative trait locus (QTL).  Yang 
and Tempelman (2012) proposed a MCMC-based WGP 
model where such correlations are based on a map-defined 
first order antedependence covariance structure between 
SNP. They demonstrated by simulation and by application 
to the popular heterogeneous stock mice data that the so-
called anteBayesA WGP models achieved higher GEBV 
accuracies compared to their conventional BayesA 
counterparts, particularly as LD between adjacent SNP 
increased.  However, anteBayesA procedures necessitate 
even greater computing loads relative to BayesA 
procedures when using MCMC.  
 We have three objectives.  1)  Develop and test 
EM-based methods for an anteBayesA model 2) Develop 
and test a method for estimating the key scaling 
hyperparameter in EM-based (ante)BayesA methods and 3) 
Assess the locally versus globally convergent properties of 
EM-(ante)BayesA methods based on specification of 
different starting values for SNP effects. 
 

MATERIALS AND METHODS 
Model. WGP is typically based on the following 

linear mixed model: 
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anteBayesA model further specifies an antedependence 
structure on elements of g such that g = Tg +δ  where the 
only non-zero elements of T are
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with some arbitrary prior placed on 2
δσ .  

Note then that 2
δσ  defines a “typical” SNP variance with jφ

defining whether the SNP specific variance is larger ( jφ >1) 
or smaller ( jφ <1) than typical. 

We propose an EM anteBayesA model, extending 
the proposed EM algorithm developed for BayesA by Sun 
et al. (2012).  Sun et al. (2012) suggested that instead of 



sampling the posterior mean of SNP effects and variances 
in each cycle of MCMC updating, one merely computes 
their conditional expectations; i.e., as if one were 
conducting MCMC with conditional variances equal to 0. 
The log joint posterior of Sun et al. (2012) can be modified 
further to include antedependence parameters as follows: 
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In the E-step, the SNP specific relative variances 
are treated as missing values and iteratively set to their 
expectations  
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In the M-step we maximize the expectation with 
respect to β  and g. Sun et al. (2012) suggested that the M-
step in BayesA is equivalent to computing the BLUP of the 

SNP effects using ( )2ˆ
jdiag δφ σ=G  as var(g). Our EM 

modification for anteBayesA is based on a tridiagonal G-1 
(Yang and Tempelman (2012)) where the expectation of the 
association variables is iteratively determined as 
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facilitates a mixed model equation solve for β  and g. We 
repeat the E-step and M-step until β  and g converge.  Note 
that our proposed method defaults to the EM-BayesA 
procedure of Sun et al. (2012) when T = 0 and defaults to 
even more common GBLUP method when T = 0 and
v →∞ . 

Maximum likelihood (ML) and/or REML 
estimation of all variance components in EM-BayesA, 
including 2

δσ is also possible. Writing 2V = ZGZ' + I eσ  for 

{ }'Z zi= , then the function to be maximized for ML is:
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where σ includes all variance components including 2
δσ . By 

taking first and second derivatives of this function, a 
Newton-Raphson algorithm can be readily adapted to 
maximize it with respect to σ.  Although v  could also be 
conceptually estimated (Yang and Tempelman, 2012), we 
arbitrarily set v =5 for all analyses in this paper. 

Simulation Study. A simulation study was used to 
compare anteBayesA, BayesA, and GBLUP using both EM 
and MCMC approaches to inference. For each of 20 
replicates, data on 500 animals resulting from 6000 
generations of mating were generated based on a genome 
having 4000 SNP markers on a single chromosome; 30 of 
these SNP were chosen to be QTL.  The average linkage 
disequilibrium (LD) between adjacent SNP was greater 
than 0.3. To assess the effect of marker densities m = 250, 
500, 1000, 2000, and 4000 SNP markers were used in 

separate analyses, each based on Equation [1].  
Comparisons were based on correlations between GEBV 
and TBV as it depended upon different sets of starting 
values of g for the EM-based method: i) g = 0, g = 
GBLUP(g) or iii) g = posterior mean of g from MCMC 
analysis using the same model. We used 
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criteria. The comparison between estimates of 2
δσ  using our 

proposed ML strategy versus MCMC posterior means was 
also assessed for the EM-BayesA model. 

Application to heterogeneous stock mice data: 
We also compared our methods on the heterogeneous stock 
mice data as available from the Welcome Trust Center as 
this dataset has been widely used for testing WGP methods 
(Legarra et al. (2008)). The average LD between adjacent 
SNP markers was 0.62. After various quality control edits, 
we used data on 10074 SNP markers on each of 1814 
animals deriving from 523 different cages. Here, we 
deemed it important to model cage and residual polygenic 
effects as also illustrated by Legarra et al. (2008):  

 
' 'gz z ci i ci iy eµ= + + +   [2] 

where c is the corresponding random cage effects and '
ciz

defines the cage assignment for animal i. Pre-corrected 
body weights at 6 weeks were used as the phenotypes 

{ }y iy= . Ten-fold cross validation (CV) was used to 
compare models and methods based on two different 
partitioning strategies as also considered by Legarra et al. 
(2008), i.e., within-families and between-families where the 
proportion of mice in either training or validation subset 
was roughly 50%.  Variance components were estimated 
using MCMC from the complete dataset and subsequently 
fixed to their posterior means in subsequent comparisons of 
posterior means of g based on MCMC vs. EM estimates of 
g based on GBLUP, BayesA, and anteBayesA models. 
Since GBLUP based on MCMC vs “EM” is the same with 
fixed variance components, only one set of GBLUP results 
are reported.  Assessments of performance were based on 
cross-validation performance accuracy. 
 

RESULTS AND DISCUSSION 
Simulation study.  Both types of algorithms and 

both ante-BayesA and BayesA had GEBV accuracies 
exceeding that of GBLUP at all marker densities whereas 
anteBayesA only outperformed Bayes with m ≥ 2000 
markers (for both EM and MCMC algorithms) thereby 
qualitatively agreeing with results from Yang and 
Tempelman (2012). We determined no evidence, 
nevertheless, of a difference in the prediction accuracies 
between the two algorithms for both anteBayesA and 
BayesA (Table 1).  

The ML estimates of the key scale parameter/ 
variance component ( 2

δσ ) under the EM-BayesA 
framework appeared to closely match posterior means of 
the same parameter using MCMC-BayesA.  For example, 
the regression of the ML estimates on MCMC posterior 
means of 2

δσ  lead to a near-zero intercept with a slope 



(1.02±0.05) not different from 1 for the analyses based on 
m = 1,000 markers.   Interestingly enough, using MCMC 
BayesA posterior means as starting values for EMBayesA 
lead to the highest GEBV accuracies only when m > 1000 
markers; otherwise, GBLUP(g) were determined to be 
better starting values.   

Application to heterogeneous stock mice data: 
The conventional BayesA models (using either algorithm) 
tended to have the highest cross-validation predictive 
accuracies whereas GBLUP was poorest (Table 2). EM 
based methods has the lowest cross-validation prediction 
accuracy regardless of the model (anteBayesA vs. BayesA). 
It was intriguing to note however, that starting the EM 
iterates at g = GBLUP(g) tended to lead to higher cross-
validation prediction accuracies than starting g = 0 or g = 
posterior means of corresponding model using MCMC.  
Furthermore, such discrepancies were typically and 
primarily due to less than a dozen or so SNPs. 

 
CONCLUSION  

Although our results confirmed earlier results from 
Yang and Tempelman (2012) re: the greater GEBV 
accuracies attained with anteBayesA models over 
conventional BayesA model with simulated data, these 
gains did not materialize with the heterogeneous stock mice 
data and a somewhat larger density of markers than those 
used by Yang and Tempelman (2012) for the same set of 
data.  Our results might suggest that the genetic architecture 
is rather complex for the trait analyzed along with the fact 
that the determinedness, defined as n/m, (Wimmer et al. 
(2013)) of this analysis is relatively low, certainly being 
much lower than that used by Yang and Tempelman (2012). 
A low determinedness typically translates into smaller 
advantages of more complex WGP specifications. At any 
rate, EM based methods were demonstrated to have 
prediction accuracies comparable to their MCMC based 
analogues.  

We also demonstrated that key hyperparameters such as 2
δσ

can be estimated using ML in EM-based frameworks, even 
though this result has not been fully appreciated in the 
literature up until this point; in future work, we will also 
demonstrate how REML can estimate this same key 
parameter.   Estimating or choosing appropriate values for 

2
δσ  based methods is critical because it affects the 

prediction accuracy of GEBV significantly, whether for EM 
or MCMC based inferences. 

A rather annoying result was that EM-based 
GEBV can be somewhat sensitive to starting values placed 
on g. It was particularly surprising that starting values set 
equal to the posterior means of g based on exactly the same 
model (i.e., starting EM-BayesA with posterior means 
derived from MCMC BayesA) did not lead to same point 
estimates of GEBV in either case and sometimes worse 
GEBV accuracies than starting EM-BayesA at GBLUP(g).  
Otherwise, one might consider regularly updating BayesA-
based GEBV based on continuous (e.g., weekly) updates of 
genotypes and phenotypes starting from the previous 
period’s solutions to g.  Of course, this would not be an 
issue with GBLUP; however, GBLUP may lead to 
suboptimal GEBV accuracies depending on the genetic 
architecture of the trait.  This remains an active area of 
research. 
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Table 1. Average (20 replicates) BV prediction accuracy 
for different methods (algorithms and models) and different 
number of markers (m). 
Method\m 250 500 1000 2000 4000 

GBLUP 0.838 0.859 0.864 0.883 0.873 
MCMC-A 0.857 0.894 0.893 0.905 0.895 
MCMC-B 0.858 0.893 0.891 0.895 0.875 

EM-A 0.860 0.895 0.896 0.904 0.896 
EM-B  0.861  0.894  0.894  0.896 0.876 

MCMC-A, MCMC-B, EM-A and EM-B refer to MCMC AnteBayesA, 
MCMC BayesA, EM AnteBayesA, and EM BayesA respectively. The row 
header (m) pertains to the number of SNP markers used in the analysis. 
 

Table 2. Average Cross Validation (10-fold) prediction 
accuracy for different methods (algorithms and models) 
applied to heterogeneous stock mice data. 

Methods Within 
families 

Across 
families 

GBLUP 0.602 0.207 
MCMC-A 0.635 0.227 
MCMC-B 0.639 0.233 

EM-A 0.628 0.223 
EM-B 0.634 0.227 

MCMC-A, MCMC-B, EM-A and EM-B refer to MCMC AnteBayesA, 
MCMC BayesA, EM AnteBayesA, and EM BayesA respectively. 
 


