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INTRODUCTION 
Statistical science is central to animal breeding and quantitative genetics. It would be 
redundant to argue why; the case has been made at least since 1974, then at the Madrid 
Congress. The WCGALP Proceedings contain information on how statistical ideas evolved in 
animal breeding. Briefly, path analysis and correlations (Wright, Lush) were replaced by linear 
least-squares (Harvey), the latter was recognized to be a special case of maximum likelihood 
under normality (Searle), random effects models came into the picture, and best linear 
unbiased prediction (Henderson), followed by REML (Robin Thompson) became focal points. 
Subsequently, non-linear specifications captured some attention (notably threshold models and 
survival analysis), Bayesian demons (unmentionable) became possessive, in spite of many 
futile Fugite partes adversae exorcisms, and longitudinal data structures begun to be exploited, 
primarily in dairy cattle breeding. Any serious student should also be familiar with 
foundational work of Fisher, Haldane and Pearson. Many other names can be added to the list 
(yes, we love you, even though you are not here), but these, we believe, were at the center of 
the stage. 
 
Rather than revisiting history (see Gianola, 2003, for a somewhat more serious vignette), our 
emphasis here will be on targeting areas of opportunity, both from conceptual and applied 
perspectives. In particular, we cover semi-parametric procedures for, e.g., massive genomic 
data; finite mixture models for concealed structure; zero-inflated processes for count data; 
structural equations models in connection with causality and, last but not least, problems 
caused by incomplete data are reviewed, with the focus on difficulties caused by censoring 
processes. Bioinformatics, QTL fishing and data mining are not discussed, as there are 
specialized sections of the congress dealing with these. 
 
SEMI-PARAMETRIC PROCEDURES 
Massive quantities of genomic data are becoming available, with potential for enhancing 
accuracy of prediction of genetic value of candidates for selection, or for molecular 
classification of disease status (Golub et al., 1999). For instance, Wong et al. (2004) reported a 
genetic variation map of the chicken genome containing 2.8 million single-nucleotide 
polymorphisms (SNPs), and Hayes et al. (2004) found 2,507 putative SNPs in the salmon 
genome. It is evident that abundant QTLs affect complex traits, as reviewed by Dekkers and 
Hospital (2002). Perhaps this supports the infinitesimal model of Fisher as a reasonable 
statistical specification for many quantitative traits, with complications being accommodation 
of non-additivity and of feedbacks. Dekkers and Hospital (2002) observe that existing 
statistical methods for marker assisted selection do not deal well with complexity posed by 
quantitative traits, e.g., inadequate handling of non-additivity and ambiguous interpretation of 
effects in multiple-marker analysis, due to co-linearity. Standard quantitative genetics theory 
gives a mechanistic basis to the mixed effects linear model, treated either from classical or 
Bayesian perspectives. Among others, Meuwissen et al. (2001), Gianola et al. (2003) and Xu 
(2003) exploit this connection and suggest highly parametric structures for modelling 
relationships between phenotypes and effects of hundreds or thousands of molecular markers. 
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Their assumptions (linearity, multivariate normality, proportion of segregating loci, spatial 
within-chromosome effects) are strong, and it is unknown if their procedures are robust. While 
adverse effects of co-linearity can be tempered if marker effects are treated as random 
variables, statistical redundancy leads to pseudo-Bayesian learning, in the sense that the 
influence of the prior never vanishes asymptotically (Sorensen and Gianola, 2002). 
 
In theory, genetic variance in a multi-locus model can be partitioned into orthogonal additive, 
dominance, additive x additive, additive x dominance, dominance x dominance, etc., 
components, only under highly idealized conditions. These include linkage equilibrium, 
absence of selection, absence of migration and no inbreeding or assortative mating. These 
conditions are violated in nature and in breeding programs. Actually, marker assisted selection 
exploits stochastic disequilibrium, and even chance produces disequilibrium. Also, estimation 
of non-additive components of variance is notoriously difficult, even under standard 
assumptions. May be standard quantitative genetic approaches cannot model fine-structure 
relationships between genotypes and phenotypes adequately, unless either departure from 
assumptions has mild effects, or statistical constructs based on normality turn out to be more 
robust that what is expected. This suggests that nonparametric treatment of data could be 
valuable. However, application of the additive genetic parametric model in selective breeding 
of livestock has produced remarkable dividends, as shown in Dekkers and Hospital (2002). 
Hence, a combination of nonparametric modeling of effects of molecular variables (e.g., SNPs) 
with features of the additive polygenic mode of inheritance is appealing. 
 
Many non-parametric procedures are available, including kernel regression, splines (quadratic, 
cubic, smoothing, etc.) and generalized additive models (Hastie and Tibshirani, 1990). 
Consider, for example, a reproducing kernel Hilbert space regression, following Wahba 
(1990), Mallick et al. (2005) and Gianola et al. (2005). Let 

                                   
where β is a vector of location effects and u is a q×1 vector containing additive genetic effects 
of q individuals (whose effects are assumed independent of those of markers); wi and zi are 
known incidence vectors and g(xi) is some unknown function of SNP data whereas u contains 
additive effects other than those contributed by the SNPs. Assume that u∼ N(0, Aσ2

u), where 
σ2

u is the “polygenic” additive genetic variance and A is the additive relationship matrix. 
Assume that the vector of residuals is distributed independently according to e∼ N(0, Iσ2

e) 
where σ2

e is the residual variance. The penalized residual sum of squares is 

                                                
where h is a smoothing parameter (possibly unknown) and ‖g(x)‖ is some norm or 
"stabilizer". For instance, in smoothing splines, ‖g(x)‖ is a function of integrated second 
derivatives of g(x). The second term acts as a penalty: if the unknown g(x) is rough, in the 
sense of having slopes that change rapidly, the penalty increases. The problem here is that of 
finding the g(x) that minimizes SS[.]. Since SS[g(x),h] is a functional on g(x), this is a calculus 
of variations problem over a space of smooth curves. The solution is that the minimizer admits 
the representation 

                                                    
where K(.,.) is called a reproducing kernel. A possible choice for the kernel (Mallick et al. 
2005) is the single smoothing parameter Gaussian function 

                                                  
These results can be embedded into a mixed effects linear model, leading to 
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The model can be written in matrix form as 

                                               
where                                                                                                                                                                             

 
Suppose, further, that the αj coefficients are exchangeable according to N(0,σ²α). Hence, for a 
given h, we are in the setting of a mixed effects linear model. Given h, the three variance 
components may be estimated by, e.g., REML, and one can obtain predictions of the polygenic 
breeding values u and of the coefficients α from solutions to the mixed model equations. The 
value of h can be inferred, for example, via a fully Bayesian analysis in which, given h, all 
conditional posterior distributions are known, so Gibbs sampling can be used to effect draws. 
Conversely, given all other unknowns, h can be sampled via Metropolis-Hastings updates, as 
suggested by Mallick et al. (2005) and Gianola et al. (2005). 
 
The procedure may circumvent potential difficulties posed by violation of assumptions 
required for orthogonal decomposition of genetic variance stemming from SNP genotypes. 
Our expectation is that the non-parametric function of marker genotypes, g(x), would capture 
all possible interactions, without explicit modeling. Instead of selecting a few "significant" 
markers via some ad-hoc method (and questionable probabilities), information on all molecular 
polymorphisms would be employed, irrespective of the degree of co-linearity. Our method, is 
in the spirit of Meuwissen et al. (2001), Gianola et al. (2003) and Xu et al. (2003), but makes 
less strong assumptions about marker-phenotype relationships, assumed linear by all these 
authors, and without invoking parametric distributions of effects. There are difficulties with 
the proposed methodology. It is assumed that SNP genotypes are constructed without error, 
which is seldom the case; one would need to build an error-in-variables model, but at the 
expense of introducing additional assumptions. A second difficulty is that many individuals 
lack SNP information, at least in animal breeding. Also, it is unknown if our procedures are 
robust with respect to the choice of kernel function. In univariate density estimation, it is 
known that different kernels differ by little in mean squared error. Also, an inadequate 
specification of h may affect inference adversely, but the procedures provide for automatic 
specification of this parameter. One could either make an analysis conditionally on the "most 
likely" value of h or, alternatively, average over its posterior distribution, to take uncertainty 
into account fully. We have focused on using a continuous kernel, primarily to exploit 
differentiability properties. However, the vector of markers, x, has a discrete distribution, and 
careful investigation is needed in order to assess the adequacy of a continuous approximation. 
 
FINITE MIXTURES 
Finite mixture models, used in biology and in genetics since Pearson (1894), can uncover 
heterogeneity due to hidden structure or incorrect assumptions. Unknown loci with major 
effects can create "bumps" in a phenotypic distribution, and this heterogeneity may be resolved 
by fitting a mixture, i.e., by calculating conditional probabilities that a datum is drawn from 
one of the several potential, yet unknown, genotypes. Concealed heterogeneity produces 
curious phenomena. For instance, the offspring-parent regression depends on the mixing 
proportions, and the genetic correlation between a “mixture trait” and a Gaussian character is a 
function of the mixing proportions and of the ratio of genetic variances between mixture 
components. Ignoring this can give a misleading interpretation of the genetic structure of a 
population, and of expected response to selection when applied to a heterogeneous trait. Many 
quantitative trait loci detection procedures are based on ideas from mixture models, and 
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inference about some quantitative genetic effects via finite mixture models may be warranted 
in practice. For example, consider mastitis, an inflammation of the mammary gland of cows 
and goats associated with bacterial infection. Genetic variation in susceptibility exists, and 
selection for increased resistance is feasible (Heringstad et al., 2000). However, recording of 
mastitis events is not routine in most nations, and milk somatic cell count (SCC) is used as a 
proxy in genetic evaluation of sires (via mixed effects linear models), because an elevated SCC 
is associated with mastitis. SCC is both an indicator of mastitis and a measure of response to 
infection It is not obvious how the SCS information should be treated optimally in genetic 
evaluation. It is reasonable to expect that SCC observations taken on healthy and diseased 
animals display different distributions, which are "hidden" in the absence of disease recording. 
Finite mixture models were suggested in this context by Detilleux and Leroy (2000), Ødegård 
et al. (2003, 2005) and Boettcher et al. (2005).  
 
Although software for running mixture models with random effects (Bayesian perspective) 
already exists, such as the Danish DMU, it not feasible to carry out a national genetic 
evaluation, at least at present. An option (perhaps crude) is to use the good old conditional 
posterior mode (also know as penalized likelihood estimation), dating back to the procedure 
leading to the discovery of the mixed model equations by Henderson. Consider a simple two-
component Gaussian mixture model. Given some random effects u (assumed homogeneous) 
distributed under the standard multivariate normal process, the joint density of the data and of 
the random effects is 

                                         
where P is the unknown probability that a datum is drawn from the first component of the 
mixture, and the subscripts indicate fixed effects and residual variances corresponding to the 
two components; f0i and f1i are kernels of the two normal densities. Assuming that the variance 
of the random effects is known, a stationary point of the density (conditional posterior mode) 
can be located by iterating with system 

 
where P is a diagonal matrix with typical element 

             
which is the conditional posterior probability that the datum belongs to the first component. 
There is much experience in solving large systems of this type, but it remains to be seen if the 
solutions match those of a sophisticated Bayesian MCMC scheme. The additive genetic 
variance σ2

u could be inferred using a pseudo-ML or pseudo-REML step, as in Foulley et al. 
(1987). Formulae for updating P and the two residual variances are simple, but are not 
presented here. The approach can be made more complex by introducing a mixture for the 
random effects. Ødegård et al. (2005) give a structure in which the probability of membership 
is modeling hierarchically, producing a prediction of breeding value for putative resistance to 
mastitis using SCC data; their computations are not (yet) feasible at the level of national 
genetic evaluation.  
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ZERO-INFLATED MODELS FOR COUNT DATA 
When dealing with counts, e.g., number of episodes of a disease, the number of observed 0’s is 
often larger than what could be expected under some distribution, such as Poisson. In the 
context of disease, one can think of a population consisting of two components: a “perfect 
one” (animals that never get the disease because they are resistant), and a “liable” one, 
consisting of individuals that may get the disease. The probability of observing a 0 is 
contributed by two sources, so that the distribution of the data can be written as 
                                           Pm (Y = 0|λ) = p + (1-p) P(Y=0| λ) 
                                           Pm(Y = y| λ) = (1-p) P(Y ≠ 0| λ), y ≠ 0 
where Pm is the probability distribution under the mixture (with p being the probability of the 
perfect state), and P could be the Poisson density, with parameter λ. If the liable component is 
Poisson, then the mixture is called a ZIP (zero-inflated Poisson) model. More generally, the 
idea is to construct a hierarchical model where a transform (probit, logit) of the probability of 
perfection is governed by genetic effects, while a transform of the Poisson parameter is under 
genetic control as well. Using standard notation, the conditional likelihood of the observations 
(given some random effects u and v, affecting the perfect and liable states, respectively) can be 
written as   

                                                                                   
where N0 is the number of observed 0’s, and the structure is 

                                             
The two random effects can be correlated, as in a maternal effects model. Rodrigues-Motta and 
Gianola (2006, personal communication) have developed a fully Bayesian analysis via MCMC 
of a ZIP model, with application to number of mastitis episodes in Norwegian dairy cattle. If 
the model fits, it would be possible to select animals on the basis of the chance of being truly 
resistant to the disease. 
 
STRUCTURAL EQUATION MODELS (SEM) 
Sewall Wright introduced models with simultaneous effects between response variables in his 
celebrated “Corn and hog correlations” paper (he became a Fellow of the American Economics 
Society for this work). It has been long recognized in economics (e.g., Haavelmo, 1943) that 
lagged or instantaneous feedback (often referred to as "simultaneity") and recursiveness 
between variables have implications on the interpretation of multivariate systems, and that 
special statistical techniques are required for inference. Curiously, Wright's work on feedback 
mechanisms received scant attention in population/quantitative genetics, in spite of his 
influence, and of the pervasiveness of such mechanisms in regulatory biology. At any rate, 
social scientists eventually embedded path analysis into the general framework of simultaneous 
systems, and gave it a formal statistical structure. Gianola and Sorensen (2004) put Wright’s 
ideas back in the biological arena, and presented a Bayesian solution.  To illustrate, without 
getting into details, a structural equation model for describing relationships between milk 
yield, udder bacteriological status and somatic cell score in dairy goats (data on 47 animals), 
developed by De los Campos (2005), is shown in Figure 1. 
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Figure 1. A model with simultaneity between somatic cell score and milk yield, and 
between SCS of right and left halves of the udder at a given test day, plus a carry-over 
effect of infection. 
 
This causal model postulates simultaneous effects between disease and production, and an 
autoregressive (carry-over) effect of infection. With this, it was established that infection is not 
local to the udder half that is infected, that the effect of infection persists (but decays) over 
time, that production has an adverse effect on udder health, but that there is no “dilution” 
effects, i.e., a reduction in somatic cell concentration as yield increases. The SEM framework 
is very general, and includes the standard multiple-trait analysis as a special case. A Bayesian 
software for simultaneous and recursive systems, SIR BAYES (Wu and Gianola, 2006, 
personal communication), and suitable for quantitative genetic applications, is under 
development. 
 
INCOMPLETE OR MISSING DATA 
The problem or inferences under selection or non-random reporting of data is of great interest 
in animal breeding, and has been studied from different angles. Henderson (1975) addressed 
best linear unbiased prediction of random effects in a restrictive form of selection in which the 
data layout and the genealogy stay constant over replication. Im et al. (1989) considered 
parameter estimation from the likelihood and Sorensen et al. (2001) gave a Bayesian statement 
of the problem. It it is now clear that if: a) the conditional distribution of the missing data 
depends on observed data only, and b) some parameters are distinct (or independent, a priori), 
then one is in what is called “ignorable missingness”, so likelihood or Bayesian inference can 
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be carried out as if selection had not taken place. On the other hand, when the missing data 
process requires modeling, additional parameters intervene in the likelihood, and it is not 
possible to ignore the missing data process. A similar problem, perhaps not sufficiently 
recognized by animal breeders, is that caused by non-random censoring of observations. 
Consider survival analysis, where a binary variate is introduced to denote whether or not an 
observation is censored. Likewise, in analysis of count data, such as number of services to 
conception or number of mastitis episodes, the data may be censored, e.g., one only knows 
that, before culling, a cow was inseminated so many times, and that she did not conceive. In a 
threshold model, it is straightforward to accommodate such censoring. However, what if 
censoring is not random, in the sense that, for example, the probability of censoring varies 
across sires? If this occurs, treating censoring in the standard forms described above will 
surely lead to bias. A model is needed for the censoring process, in order to extract valid 
inferences. To our knowledge, the only serious attempt to deal with this is Meyer and 
Thompson (1984), and more similar studies are needed. 
 
CONCLUSION 
Statistical science continues supporting animal breeding and genetics, and very sophisticated, 
high-dimensional, models have been applied in the field. Here, we suggested some approaches 
which may (may not) define a research agenda for the next four years. Our emphasis was on 
broad concepts, as opposed to nuts and bolts of specific models. Arguably, inferential methods 
and algorithms are reasonably well understood by animal breeders. Perhaps most of the 
challenges will reside on incorporation of “new” data (e.g., a massive number of molecular 
markers), on model assessment and comparison, and on freeing methodology from 
assumptions that may not be completely tenable. Non-parametric and semi-parametric methods 
may prove to be useful in not too distant a future. 
 
Readers will wonder about the reason for the title of this paper. The answer is simple: attract 
all followers of Dan Brown, author of “The Da Vinci Code” and of “Angels and Demons”! 
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