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Summary

This study was carried out to search for causal relationship among growth, carcass and meat
quality traits using structural equation model, under mixed model context, in Nelore cattle.
The studied traits were average daily gain from weaning to yearling, hot carcass weight,
longissimus muscle area, backfat thickness, Warner-Bratzler shear force and marbling score.
A Bayesian multi-trait mixed model was fitted to estimate the posteriori residual variance and
covariance. The inductive causation algorithm was applied on the (co)variance draw by the
multi-trait model to select causal structures. Such algorithm retrieved two fully directed
acyclic graphs, which were employed to build structural equation models, also fitted using a
Bayesian multi-trait mixed model. Important phenotypic relationship and causal effects were
inferred applying smaller high posterior density intervals for the studied traits. External
intervention on ADG can resulted in causal effect over HCW, WBSF and BF and such
information can be used to improve carcass and meat quality traits.
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Introduction

Breeding programs for different species have increased the number of traits used as selection
criteri, usually, analysed using a multi-trait mixed model (Henderson, 1976). Such models
allow inferring symmetric linear association among random variables without recursive
relationship between them (Valente et al., 2010). In biological systems, recursive
relationships are, generally, present and potential causal relationships among traits need to be
studied (Rosa et al., 2011). Causal associations between variables can be explored using
structural equation models (Wright, 1921; Havelmo, 1943) adapted to the quantitative
genetics mixed models context by Gianola & Sorensen (2004). Structural equation models
(SEM) have been fitted using known priors of causal structures (Inoue et al., 2016). These
structures are able to qualitatively describe the causal influence of a subset of phenotypes on
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each studied trait (Valente et al., 2011). However, given the large space of possible causal
hypotheses, Valente et al. (2010) proposed the use of the inductive causation (IC) algorithm
(Verma & Pearl, 1990; Pearl, 2000) in order to search and select causal structures used as
prior information on structural equation model applications. Thus, the aim of this study was
to search for causal relationship among growth, carcass and meat quality traits using
structural equation model, under linear mixed model context, in Nelore cattle.

Material and methods

Phenotypic and pedigree information of animals born between 2008 and 2014 were collected
on commercial herds located in the southeast, mid-west and northeast of Brazil. The animals
were raised on pasture conditions, finished in feedlot system (for around 90 days) and
slaughtered at, approximately, 2 years of age. Average daily gain from weaning to yearling
(ADG), hot carcass weight (HCW), longissimus muscle area (LMA), backfat thickness (BF),
Warner-Bratzler shear force (WBSF) and marbling score (MB) were measured on 4,852;
4,705; 4,687; 4,666; 4,832; 4,849 and 4,763 animals, respectively. Contemporary groups
(CG) were defined by year and farm of birth, and farm and management group at yearling.
Observations with three standard deviations above or below the mean of their CG and CG
with less than three animals were removed of the data set.

Searching for causal structures in a mixed model context was performed according to
the methods presented by Valente et al. (2010). Genetic and residual (co)variances were
estimated by fitting a standard Bayesian multi-trait mixed model (MTM) as follow: y = Xβ +
Zu + e, where y is a vector of observations; β is a vector of systematic effect (CG) and linear
terms of animal age at measurement; u is a vector of random additive genetic effects; e is a
vector of random residuals; X and Z are known incidence matrices. Join distributions of
vector u was assumed as u ~ N(0, G0

⊗

A) and for e as e ~ N(0, R0

⊗

I), where G0 is the additive
genetic (co)variance matrix, A is the numerator relationship matrix, R0 is the residual
(co)variance matrix and I is an identity matrix. The marginal posteriori distribution of genetic
and residual (co)variances were estimated by integrating the multivariate density function
using the Gibbs2f90 program (http://nce.ads.uga.edu/). A Gibbs sampling chain with 500,000
samples was generated, with initial 200,000 samples discarded as burn-in and without
thinning interval. The Gibbs chain convergence was verified by visual inspection of the
sample trace plots and by coda R package using Heidelberger and Welch's and Geweke's
statistics (Plummer et al., 2006). The remaining 300,000 samples were used as posteriori
distribution of the (co)variance components.

To select the causal structure used to fit SEM the IC algorithm was applied to the
residual (co)variances obtained from the MTM. The residual (co)variances drawn by the
MTM were correct for the confounders between traits caused by additive genetic effects and
fixed effects (e.g., CG and age at slaughter) as described by Valente et al. (2010). Bayesian
approach declaring partial correlation as null or not were based on the highest posterior
density (HPD) intervals (correlation was null if interval contained the value 0). We applied
four HPD (95, 90, 85 and 80%) in order to compare the final causal structures obtained and to
observe the structures more sensitive to changes on the magnitude of HDP (Valente et al.,
2010). The IC algorithm has been implemented in R program (https://www.R-project.org/) by
Valente & Rosa (2013). Finally, from the causal network inferred by the IC algorithm, the
SEM was fitted using a Bayesian multi-trait mixed model as in MTM. For SEM, the causal
parents of a given trait (e.g., y1 is the causal parent of y2) were included as covariates in the
equations assigned to that trait. The SEM description as well as the join distribution
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assumption was the same described in Inoue et al. (2016). A Gibbs sampling chain with
1,000,000 samples was generated, with a burn-in of 200,000 samples and a thinning interval
of 10 iterates. The convergence was verified as for MTM. The remaining 80,000 samples
were used to characterize the posterior covariance components on SEM.

Results and Discussion

Applying the IC algorithm, undirected graphs were observed using 95% and 90% HPD
intervals (Figure 1A and 1B), but using narrower HPD intervals (85% and 80%) two similar
fully direct graphs were detected (Figures 1C and 1D). One additional edge was identified
between HCW and MB when 80% HPD interval was used (Figure 1D). Therefore, we fitted
two SEM, M1 and M2, using the causal networks shown in Figures 1C and 1D, respectively.
The magnitude of the posterior means and standard deviations of structural coefficients
estimated by the two SEM were slightly different between them. Differences in the structural
coefficients are expected when extra edges are detected, which allow exploring different
conditional associations among the remaining covariates involved in the model (Inoue et al.,
2016). Moreover, models presenting additional edges, normally, have better fit (Valente et al.,
2011). This assumption can be supported by the deviance information criterion (DIC) which
was smaller for M2 (54,948.4) than M1 (55,157.8), suggesting that the causal network
depicted in Figure 1D resulted in more feasible structures for the studied traits.

Figure 1. Causal network using 95% (A), 90% (B), 85% (C) and 80% (D) highest posterior
density intervals for average daily gain from weaning to yearling (ADG), hot carcass weight
(HCW), longissimus muscle area (LMA), backfat thickness (BF), Warner-Bratzler shear force
(WBSF) and marbling score (MB) traits.

According to the causal structures selected, we verified positive direct causal effects of
ADG on HCW (λHCW, ADG) estimated as 36.12 ± 7.43 and 34.12 ± 7.39 for M1 and M2,
respectively. Independent of the models, we found negative direct causal effects of ADG over
WBSF - λWBSF, ADG (-0.77 ± 0.05 and -0.96 ± 0.40, respectively) and on BF - λBF, ADG (-1.05 ±
0.64 and -0.22 ± 0.58, respectively). These structures imply that ADG shows both, direct and
indirect, causal effects on WBSF and BF and only indirect effect on MB, under both models
(M1 and M2). Negative direct causal effect of LMA on HCW (λHCW, LMA) was estimated as -
0.07 ± 0.05 and -0.08 ± 0.04 with M1 and M2, respectively. However, LMA showed only
indirect causal effect over WBSF, BF and MB. Causal effect almost null of 0.001 (0.001) and
0.002 (0.001) were inferred for HCW on WBSF (λWBSF, HCW) in M1 and M2, respectively. The
same causal coefficients were estimated for HCW on BF (λBF, HCW) considering both models
(0.003 ± 0.002). The additional link (Figure 1D) observed between HCW and MB (λMB, HCW)



resulted in a causal effect of 0.0009 ± 0.0002 in M2. Finally, the same causal effect (0.012 ±
0.007) was inferred of BF over MB (λMB, BF) in both models (M1 and M2). Direct causal
relationships observed in our study have the potential to predict conditional changes when
external interventions are applied on the studied traits. As reported by Rosa et al. (2011) the
causal structures can give insight into underlying mechanisms not observed by marginal
associations among traits.

Conclusion

Phenotypic causal relationships between the studied traits were observed when HPD intervals
of 85% and 80% were employed. If external intervention is applied on ADG significant
causal effects can be expected on HCW, WBSF and BF and these results could be used to
design an optimized breeding strategy to improve carcass and meat quality traits.
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