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Genomic selection can increase gain per unit time by improving the accuracy of breeding 

value predictions using early generation or preliminary phenotyping or by enabling selection on the 

basis of predictions in the absence of any phenotypes (Meuwissen et al., 2001; Bernardo and Yu, 

2007; Heffner et al., 2009). Simulations and cross validation research have predominantly shown that 

accuracy improvements from genomic selection are high enough to warrant using this approach 

(Lorenzana and Bernardo, 2009 ; Heffner et al., 2011). Recent empirical results in maize, however, 

have not been as promising. Combs and Bernardo (Combs and Bernardo, 2013) attempted to increase 

or maintain yield while decreasing height in two crosses between semi dwarf lines and non dwarf lines 

adapted to Minnesota. While the authors put a positive spin on their results by comparing genomic 

selection to simple backcrossing with selection for short plants, it is difficult to see improvement 

generated by genomic selection in the data they report. Calculations of net merit changes caused by 

genomic selection could not be done because selection was based on a rank index (Combs and 

Bernardo, 2013) for which values are always relative.  

 

In more recent work on genomic selection within a complex population in wheat, Rutkoski et 

al.  (2015) found that one cycle of phenotypic selection decreased stem rust severity more than two 

cycles of genomic selection. Both programs took two years to complete. More importantly, genomic 

selection caused greater inbreeding (loss of genetic diversity) per cycle and greatly so per unit time 

(that is, over two cycles). Selection was intense, with only five individuals selected per cycle. It 

appears likely that genomic predictions predominantly captured between-family rather than within-

family variation (Daetwyler et al., 2007 ; Wolc et al., 2011). Capturing different components of 

variation in this way would cause the predictions of relatives to be correlated, such that the probability 

of co-selection of relatives would increase (Daetwyler et al., 2007). While Rutkoski et al. (2015) did 

not show the pedigrees of selected individuals, related individuals must have been selected to generate 

the inbreeding they observed. It is worth noting that for a first approximation, if genomic prediction 

cannot predict within-family deviations, then there is little benefit to using markers in selection. This 

is because between-family effects can be captured by pedigree. Some value might come from being 

able to estimate the realized relationship matrix using markers rather than the expected relationship 

matrix as derived from pedigree. However, by far the most important contribution of markers is their 

ability to track, and therefore potentially predict the effect of Mendelian segregations (Daetwyler et 

al., 2007). 
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In the case of Rutkoski et al. (2015), we know that genomic selection was attempted because 

prediction accuracies were found to be adequate in prior cross validation experiments (Rutkoski et al., 

2014). In the light of the dramatic increases in inbreeding observed under genomic selection, a better 

criterion than overall accuracy would have been within-family accuracy. The cross validation 

experiments did not seek to differentiate accuracy due to prediction of family effects versus within-

family deviations. An approach for such differentiation was published some time ago for a population 

of chickens (Wolc et al., 2011), but it requires marker data for the parents of individuals in the 

population. In general, optimistic projections of the ability of markers to replace phenotyping effort 

may have led us astray. For example, in Heffner et al. (Heffner et al., 2010), only 18% of the budget 

of the maize recurrent genomic selection program was devoted to phenotyping. Endelman et al. 

(Endelman et al., 2014) rigorously optimized budgets for the case of genomic prediction, in maize and 

barley, within a biparental population as a function of the relative costs of genotyping and 

phenotyping, and the number of individuals to be selected. They used empirical data from barley and 

maize. They found that unless line development and genotyping was quite inexpensive, i.e., about 

25% of the cost of phenotyping a single plot, optimal allocation required that all lines should be 

phenotyped. Consequently, in this optimal scenario, the budget fraction devoted to phenotyping would 

be about 75%, rather than the 18% planned in the theoretical study of Heffer et al (2010). We turn 

now to the considerations needed to determine whether within-family prediction accuracy is adequate 

to warrant attempting genomic prediction accuracy. 

 

The logic of evaluating between-family versus within-family accuracy of genomic prediction 

comes from Habier et al.’s (Habier et al., 2007) realization that estimating marker effects in a ridge 

regression model is equivalent to estimating breeding values that covary proportionally to a 

relationship matrix calculated from markers. The author’s then also developed a method, usable in the 

context of simulation modeling, to estimate accuracy due to close-range, and therefore persistent, LD 

between markers and QTL versus accuracy due to modeling of relationship that decays rapidly over 

generations. Even when overall accuracy changes little, differences in experimental approach, such as 

marker density, can change the relative contributions of LD versus relationship modeling to overall 

accuracy (Jannink et al., 2010). The approach proposed by Wolc et al. (Wolc et al., 2011) sets as a 

prediction for each individual the average of its parents’ predictions. Genotypes on the parents are 

required for implementation. Obviously, the approach produces the same prediction for all full-sib 

individuals. Accuracy is therefore entirely due to prediction of between-family effects rather than 

within-family deviations. A contrast between this “parent average” prediction and the standard 

prediction shows the extent to which standard prediction accuracy is due solely to the model’s ability 

to predict between-family effects. That is, if parent average and standard prediction accuracies are 

roughly equal, the interpretation is that within-family prediction contributes little to nothing toward 

genomic prediction accuracy. On chickens, examining 16 traits, Wolc et al. (2011) found a few traits 

for which parent average and standard accuracies were quite similar indicating that within-family 

accuracy was low. 

 

A different angle from which to view the difference between variation that is between-family 

versus within-family is from the angle of the training population. If we take the analogy of association 

mapping (AM), controlling for structure within AM is akin to statistically controlling for between-

family variation, such that positive associations result primarily from within-family variation. In that 

case, theory tells us, the association should also indicate linkage. In turn, such linkage provides the 

persistent accuracy that also operates within families. This approach, therefore, could potentially be 

beneficial. On the other hand, there clearly is information in the portion of variation that exists 

between families. Controlling for that variation in such a way that it cannot contribute to predictions 

amounts to throwing it away. This reasoning leaves us in a place of uncertainty : both maintaining 

versus controlling for within-family variation appear to have pros and cons. It may be that the value of 

the specific approach depends on the specific case, and thus needs to be addressed empirically. 

 

Different mixed model kernels have been proposed that either emphasize or de-emphasize 

within-family variation. In recent research Heslot and Jannink (in review) have looked at two such 

kernels. A known kernel that de-emphasizes within family variation is that proposed by Zhang et al. 
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(Zhang et al., 2010) that they called compressed mixed linear model (MLM). In this kernel (the C-

kernel), all individuals within a cluster are given the same relationship coefficients. While families 

may not align perfectly with clusters, it seems likely that families will occur within single as opposed 

to multiple clusters. In that case, all the information retained by the model is between families as 

opposed to within families. In contrast, Heslot and Jannink (in review) proposed a kernel, called the 

K-kernel, that de-emphasizes relationships between clusters, by shrinking their coefficients toward 

zero. When evaluated across a number of datasets, neither the K-kernel nor the C-kernel were 

consistently effective at increasing prediction accuracy. Cases where the accuracy were likely to 

improve could be identified by a large drop in the Akaike Information Criterion (AIC) between a 

standard G-BLUP model and a new kernel model. In cases where the AIC difference was greater than 

15, the K-kernel was markedly more effective than the C-kernel at improving prediction accuracy. 

 

To date, empirical studies of genomic selection in plants have produced less-than impressive 

results. We believe that researchers have been overly optimistic in their expectations of prediction 

accuracy given the training population sizes available. More important than overall cross-validation 

accuracy is the evaluation of within-family prediction accuracy. It is possible to assess this accuracy if 

large full-sib families (e.g., at least twenty individuals) are available, or if parents of some fraction of 

the training population are genotyped. Different statistical approaches may emphasize or not the 

contributions of within- or between-family variation to prediction model learning. Preliminary 

evidence suggests to us that emphasizing within-family over between-family variation is more likely 

to improve accuracy, and that the AIC can be used to identify promising cases for the use of 

appropriate statistical models. 
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