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the previous pQTL and eQTL results. In addition, even though there is a direct link 
between the genotype and one phenotype (QTL → FAT), the graphical causal model 
showed that, in general, the effects of the genotype on the phenotypes are mediated 
by the expression of several genes.

The stability of the network was evaluated using Jackknife resampling 
(Peñagaricano et al. 2015a). In each iteration, the network was inferred from a new 
data set, which was created by removing one animal at a time from the original data 
set. Notably, the majority of the links and directions showed great stability. In fact, 
the arrows between phenotypic traits and the links from the genetic marker to the 
intermediate variables remained mostly unchanged. There were very few connec-
tions that were unstable (e.g., SMIM12 ↔ PTOV1), i.e., the removal of a single data 
point caused the absence of connection between the variables.

Knowledge about gene–phenotype networks can be used to predict the behav-
ior of complex systems. For instance, in Peñagaricano et al. (2015a), the network 
model predicted that modulation of ZNF24 expression level should lead to a 
change in the expression of SSX2IP. Recently, Li et al. (2009 ) evaluated potential 
ZNF24 target genes. For this purpose, the authors transiently overexpressed and 
silenced ZNF24 and then applied microarray assay in order to identify target 
genes. Remarkably, the overexpression of ZNF24 significantly decreased the 
expression of SSX2IP, as predicted by the network in Peñagaricano et al. (2015a). 
In addition, the silencing of ZNF24 resulted in a significant overexpression of 
SSX2IP (Li et al. 2009 ). Therefore, these results support the causal relations 
inferred in Peñagaricano et al. (2015a).
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Fig. 6 Network inferred after incorporation of QTL → AKR7A2 as prior knowledge, and maxi-
mum likelihood estimates (and standard errors) of the causal parameters (Adapted from 
Peñagaricano et al. 2015a).
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