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ABSTRACT: Structural equation models (SEM) are used 
to model causal relationships between multiple traits. 
Among the strengths of SEM is the ability to consider latent 
variables. It is worth to note that in a quantitative genetics 
context, causal inference cannot be performed directly on 
the joint distribution of the traits under study because causal 
links can be masked by genetic covariances. Here, we 
describe a method for assessing causal networks involving 
latent variables conditionally to unobservable genetic 
effects. We applied this method to a dataset with 413 F2 
pigs for which several phenotypes were recorded over time. 
Causal relationships involving growth, carcass and quality 
traits, modeled using five latent variables, were evaluated. 
Interestingly, we found that growth and carcass traits have a 
negative causal effect on quality traits. Overall, the 
proposed method allows further learning regarding 
phenotypic causal structures underlying complex traits. 
Keywords: causal inference; complex traits; latent 
variables 
 

Introduction 
 

Structural equation models (SEM) can be used to 
model causal relationships among traits in multivariate 
systems. According to Bollen and Pearl (2013), SEM is an 
inference tool that takes two inputs, qualitative causal 
assumptions and empirical data, in order to produce two 
outputs, quantitative causal conclusions and statistical 
measures of the fit of the causal model. One of the most 
remarkable features of SEM is the ability to consider latent 
variables: variables that are not observable or are not 
directly measurable, but are characterized in the model 
from several observed variables. This allows modeling 
complex phenomena reducing at the same time the 
dimensionality of the data, i.e. several phenotypes can be 
combined in a model to represent an underlying concept, 
making it easier to understand the data. 

 
It is worth to note that in a quantitative genetics 

context, associations between latent variables can be 
explained not only by causal links between them, but also 
by genetic reasons. As discussed previously by Valente et 
al. (2010), in this context it is crucial to perform causal 
inference after adjusting the data for possible (confounder) 
genetic effects. Here, we describe a method for assessing 
causal networks involving latent variables in complex traits. 
Briefly, this approach can be summarized in the following 
steps: (1) modeling of different latent variables using prior 
knowledge to define them, (2) evaluating measurement 
models containing the latent variables through the use of 
confirmatory factor analysis, (3) fitting a standard multi-
trait animal model using the estimated factor scores as 

phenotypes, and finally (4) after adjusting for the genetic 
effects, fitting a SEM for assessing the presumed causal 
relationship between the latent variables under study. In this 
process, the evaluation of model fit and the estimation of 
model parameters have relevant role. We applied this 
approach in order to evaluate possible causal relationships 
between growth, carcass and meat quality traits in pigs. 

 
Materials and Methods 

 
Phenotypic data. Animals from a three-generation 

Duroc x Pietrain resource population developed at 
Michigan State University were used for this study. Details 
of growth, carcass and meat quality phenotypes collected 
on this population have been reported previously by 
Edward et al. (2008a,b). Before modeling possible latent 
variables, phenotypes were adjusted for two main effects 
(considered here as exogenous variables): sex of the animal 
and contemporary group (i.e., pen where the animal was 
reared or slaughter group). 

 
Latent variable modeling. Five latent variables 

(𝜉1−5) were considered is this study. One latent variable (𝜉1, 
called Growth) was used for modeling the post-weaning 
growth of the animals including body weight at 6, 10, 13, 
and 16 weeks of age. Two latent variables were used for 
modeling carcass traits: 𝜉2 (called Primal Cuts) included the 
weights of primal cuts of ham, closely trimmed loin, picnic 
shoulder, and Boston shoulder, and 𝜉3 (called Fat 
Composition) included midline backfat thickness at first, 
last, 10th, and last-lumbar rib, respectively. Finally, two 
latent variables were used to model meat quality traits: 
𝜉4 (called Quality) included subjective scores for marbling, 
firmness, and also drip loss, while 𝜉5  (called Taste) 
included records obtained with a trained sensory panel for 
juiciness, tenderness, connective tissue, and off-flavor. 

 
Confirmatory factor analysis. The five latent 

variables were simultaneously evaluated using the 
following measurement model, 𝐱 = 𝚲𝛏 + 𝛅 , where 𝐱 is a 
(19 x 1) vector of adjusted phenotypes, 𝛏  is the (5 x 1) 
vector for latent variables, and 𝛅  is the corresponding 
vector of error terms. Here, it is assumed that 𝐸(𝛅) = 𝟎, 
𝑉𝑎𝑟(𝛅) =  𝚯, 𝐸(𝛏) = 𝟎, and 𝑉𝑎𝑟(𝛏) =  𝚽. Note that here 
𝚯 is not a diagonal matrix; when considered appropriate, 
covariances between error terms were freely estimated. 
Elements (𝜆) of 𝚲 are regression coefficients relating latent 
variables to the observed variables (i.e., indicator 
variables). This model was fitted using maximum 
likelihood estimation with robust standard errors and a 
mean and variance adjusted test statistic (Satterthwaite 



correction). The overall fit of the model was assessed using 
χ2 goodness-of-fit test and also alternative fit indices 
(SRMR, RMSEA, TLI, and CFI). Finally, factor scores 𝜉𝑖𝑗 
were estimated for each latent variable i and for each 
animal j in the dataset following Bollen (1986). All these 
analyses were performed using lavaan package in R 
(Rosseel (2012)). 

 
Multi-trait animal model. The following multi-

trait animal model was fitted, 𝐲 = 𝛍 + 𝐙𝐮 + 𝛆, where y, u, 
and ε are the vector of estimated latent variables, additive 
genetic effects and random residuals, respectively. The 
distributions of u and ε were assumed as 𝑁(𝟎,𝐆𝟎 ⊗ 𝐀), 
and 𝑁(𝟎,𝚿𝟎 ⊗ 𝐈𝐧 ), respectively, where A represents the 
matrix of additive relationship (476 × 476) between animals 
in the pedigree. This multi-trait animal model was 
implemented in a Bayesian framework using Gibbs sampler 
with the package MCMCglmm in R (Hadfield (2010)). 
Inferences were based on 400,000 samples after a burn-in 
of 100,000. A thinning interval of 200 was used. Visual 
inspection of trace plots were used to assess convergence of 
the MCMC runs. 

 
Structural model. After adjusting for the additive 

genetic effects, presumed causal relationships between 
latent variables were assessed using the following structural 
model, 𝐲 = 𝚩𝐲 + 𝚪𝐱 + 𝛇 , where x and y are vectors of 
adjusted latent variable scores (exogenous and endogenous 
variables, respectively), and 𝛇  is a vector of disturbance 
terms. Elements of Β and Γ are path (causal) coefficients 
between latent variables. Here, it is assumed that 
𝐶𝑜𝑣(𝐱, 𝛇) = 𝟎 . This model was fitted using maximum 
likelihood estimation with the Satterthwaite correction (see 
above). The overall fit of the model was evaluated using χ2 
test and alternative fit indices. These analyses were also 
performed using lavaan package in R (Rosseel (2012)). 

 
Results and Discussion 

 
Figure 1 shows a diagram of the measurement 

model with the five latent variables evaluated in this study. 
One of the purposes of the confirmatory factor analysis is to 
define an appropriate measurement model for the 
relationship between multivariate observations and 
underlying factors. Recall that here we consider that the 
observed phenotypes are just a reflection of some 
underlying complex phenomena. In this sense, chi-squared 
goodness-of-fit test (χ2 = 172, df = 141, P-value = 0.05) and 
also alterative fit indices (χ2⁄df = 1.2, RMSEA = 0.028, 
SRMR = 0.041, CFI = 0.98, and TFI = 0.98) indicated that 
the proposed model fitted the data reasonably well. 
Importantly, elements of Λ were all statistically different 
from 0 at 0.001 level (evaluated using a Wald test), 
suggesting that the observed variables were valid indicators 
of their corresponding latent variables. No less important, 
the measurement model allows a dramatic reduction in the 
dimensionality of the data: here only 5 latent variables 
capture the information from 19 different phenotypes 

 

Figure 1: Measurement model with five latent variables 
evaluated using a confirmatory factor analysis. The sign 
of the factor loading are displayed in the diagram. Curve 
arrows between error terms represents the presence of 
possible confounders. The implied variance-covariance 
matrix of the latent variables was used, after adjusting for 
genetic effects, to evaluate possible causal relationships. 



The model implied variance-covariance matrix of 
the latent variables provides useful information regarding 
the possible relationships between these variables. For 
instance, Growth was positively correlated with Primal Cuts 
and also Fat Composition, while negatively correlated with 
Quality and Taste. In addition, Primal Cuts showed a 
positive correlation with Fat Composition and Taste but 
was negatively correlated with Quality. Now, as mentioned 
before, we cannot use this information directly to evaluate 
causal links between latent variables because these links are 
possibly masked by genetic covariance. Here, in order to 
remove these possible confounders, a standard multiple-
trait animal model was fitted using a Bayesian approach to 
obtain the posterior covariance matrix of latent variables 
conditional to unobservable additive genetic effect. 

 
After adjusting for genetic effects, presumed 

causal relationships between the latent variables were 
evaluated using a structural equation model (Figure 2). 
Goodness-of-fit statistics (Chi-squared goodness-of-fit test: 
χ2 = 5.9, df = 3, P-value = 0.155; and alterative fit indices: 
χ2⁄df = 1.9, RMSEA = 0.049, SRMR = 0.033, CFI = 0.99, 
and TFI = 0.97) indicated that the model closely fitted the 
data. All the causal path coefficients were significantly 
different from 0 at 0.001 level, except the path coefficient 
between Primal Cuts and Taste, which was significant at 
0.10 level. The standardized path coefficients are shown in 
Figure 2. Interestingly, Primal Cuts has a negative causal 
effect on Quality. Additionally, the total causal effect of 
Growth on Quality is also negative (-0.15) and significantly 
different from 0. These results support previous studies that 
argue that selection for growth and carcass traits in swine 
could be associated with a decrease in quality traits (e.g. Lo 
et al. (1992)). As expected, the covariance between Quality 
and Taste was positive and significantly different from 0.  

 
Conclusion 

 
Inferring causal effects from observational data is 

difficult mainly due to the potential presence of 
confounding effects. However, suitable methodologies for 
such a task are already available and have been used in 
other fields for long time. Here, we describe a method for 
inferring causal networks involving latent variables in 

complex traits. In particular, we applied this method using 
pig data. Understanding the causal relationships between 
growth, carcass and meat quality could allow the 
improvement in both efficient production and product 
quality. More generally, the proposed method allows 
further learning regarding phenotypic causal structures 
underlying complex traits in livestock species. 
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Figure 2: Diagram of the structural model used to 
evaluate presumed causal relationships between the 
latent variables under study. Standardized causal path 
coefficients are displayed in the diagram. All the 
coefficients were significantly different from 0 at 0.001 
level, except the path coefficient between Primal Cut and 
Taste which was significant at 0.10 level. 


