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ABSTRACT: Phenotypic data on 30 production traits of 
385 quails from two lines were modeled to predict total egg 
production (TEP). Prediction models included linear regres-
sion and artificial neural networks (ANN). Bayesian net-
works and a stepwise approach were applied as variable 
selection methods. The learned structures for the two lines 
show that partial egg production is the only variable in 
TEP’s Markov Blanket, which implies expected independ-
ence from the other traits considered in these sets. Further-
more, even if no causal interpretation is projected on the 
output, such data-driven analysis is interesting to verify if 
the statistical consequences of the recovered graph are 
consistent with prior biological beliefs about the system.  
The best predictive model was ANN after feature selection, 
showing .79 and .71 maximum prediction accuracy for lines 
1 and 2, respectively. In conclusion, for prediction of TEP, 
a partial egg production measurement is necessary.  
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Introduction 
 

Total egg production (TEP) is an important trait in 
meat-type poultry breeding programs as it is directly asso-
ciated with the number of hatchable eggs. TEP is expressed 
later in the bird’s life, such that any management decisions 
that depend on knowledge on individual performances for 
this trait are difficult to make. Therefore, prediction of TEP 
using early expressed production traits as input variables 
would be useful for decision making support in the produc-
tion/breeding system, such as culling decisions. 

 
Some alternative methods that can be used for 

phenotype prediction are linear regression analysis, Bayesi-
an Networks (BN) and Artificial Neural Networks (ANN), 
to name a few. Multiple regression analysis is a well-known 
method that essentially allows predicting a “response” 
variable conditionally on a set of covariates by fitting a 
regression model using least squares. Many different mod-
els could be fit by including different subsets of the availa-
ble observed variables as covariates. One challenge in im-
plementing this technique is selecting the best subset of 
covariates, as the inclusion of correlated predictors may 
result in many problems (Burnham and Anderson (2002)). 
An alternative modeling approach that applies different 
criteria for model selection is BN. Such method consists on 
a graphical modeling tool that can be used to learn a predic-
tive model parsimoniously by factorizing the posterior 

density distribution function assuming a set of stable condi-
tional independencies (Lauritzen and Spiegelhater (1988)). 
Another useful approach for prediction is ANN, also known 
as “universal approximators”. This machine learning tool 
explores information from the predictors (input variables) 
and predictand (target variable) to train a model that maps 
the relationship function between them, which can be used 
for future predictions.  

 
The objective of the present study was to compare 

the efficiency of multiple regression with and without step-
wise procedure, BN and ANN to predict individual TEP of 
European quails from body weight, partial egg production 
and egg quality traits. More specifically, we intended to 
compare BN analysis, a tool that has not been formally 
employed for prediction in the poultry science context, with 
methodologies classically used for this purpose. 
 

Materials and Methods 
 

Data. The information used in the present study 
was provided by the European Quail Breeding Program at 
the Prof. Hélio Barbosa experimental farm – Federal Uni-
versity of Minas Gerais. The data sets comprise information 
recorded on female European quails from two distinct lines 
(L1 and L2). The traits modeled were: weekly measured 
body weight from birth to 35 days of age (here referred to 
as BW1 to BW6), weight gain from birth to 35 days of age 
(WG1) and from 21 to 35 days of age (WG2), age at first 
egg (AFE), number of eggs produced from 35 to 80 days of 
age (EP1), and total egg production (TEP). In addition, egg 
quality traits were measured in four different life stages of 
the birds (125, 170, 215 and 260 days of age). They include 
egg weight (Ew1 to Ew4), yolk weight (Y1 to Y4), egg 
shell weight (ES1 to ES4), egg white weight (EW1 to EW4) 
and egg density (DENS1 to DENS4). Data sets on L1 and 
L2 were each split into training and testing sets in a way 
that the genetic covariances among individuals in the same 
set were broken, i.e. birds in the same set were not closely 
related. 

 
Prediction Models. A BN can be seen as a graph-

ic representation of a probability distribution over a set of 
variables (Margaritis (2003)). One output of such modeling 
approach is a Directed Acyclic Graph (DAG), which con-
sists on a group of nodes (representing variables) connected 
by directed edges. This graph can characterize local fea-
tures of the joint probability distribution, which brings 



scalability benefits due to factorization (Aliferis et al. 
(2010)). Given a set of variables with joint distribution   and 
a DAG D that is compatible with this joint distribution, the 
following factorization can be performed (Pearl (2000)): 
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where iPa are the parents of iX in D. A BN analysis in-
volves searching for a structure that is compatible with the 
joint distribution. The selected structure can sometimes be 
interpreted as causal under a set of axioms described by 
Pearl (2000), but for the present study the learned structure 
was used in a prediction context only. The model was fit 
using the package bnlearn (Scutari (2010)) in R. After the 
phenotype network was “learned” for L1 and L2 training 
sets, the Markov Blanket for TEP was used as basis to con-
struct a linear regression model and ANN for the prediction 
of this trait.  
 

An ANN containing one hidden layer with 3 neu-
rons and one output layer with one neuron was fit using the 
Levenberg-Marquadt algorithm. In addition, a Bayesian 
Regularized ANN (BRANN) containing one hidden layer 
with 7 neurons and one output layer with one neuron was 
used. Both were fit using the Neural Networks toolbox 
available in Matlab (version R2011b). 

 
Two additional standard linear regression models 

(MLR) were evaluated. One of the models included all the 
30 variables measured and can be represented as: 

 
1 1 2 2 30 30...Y x x xµ β β β ε= + + + + +  

 
where Y are the observations of TEP, µ is the intercept, iβ    
are the slopes for each predictor, and ε is the vector of 
residual associated with each observation. The second mod-
el was constructed by applying the stepwise procedure for 
covariate selection. 
 

The predictive ability, measured by the correlation 
between observed and predicted TEP, and predicted mean 
squared error (PMSE) of each of them was computed for 
the testing sets within the same line and between lines.   

 
Results and Discussion 

 
Bayesian Networks Structure. Figures 1 and 2 

show the networks structures obtained comprising the 31 
phenotypes for L1 and L2, respectively. For the L1 strain, 
results indicate that TEP is directly connected to partial egg 
production (EP1) alone, which means the remaining ob-
served traits are not expected to contribute to predicting the 
former trait in the presence of (i.e., conditionally on) the 
latter. One interesting aspect of the result obtained is the 
path BW1→BW2→BW3→BW4→BW5, for which the 
statistical consequence seems to fit what is expected given a 

growth curve behavior. For L2, the DAG also shows that 
TEP is directly dependent on EP1 alone. As for L2, results 
indicate that no other earlier observed trait (such as body 
weight) could bring additional information about the poten-
tial TEP of a bird if EP1 is known. 

 

 
Figure 1. L1 phenotype structure considering weekly 
measured body weight from birth to 35 days of age 
(BW1 to 6), weight gain from birth to 35 days of age 
(WG1) and from 21 to 35 days of age (WG2), age at first 
egg (AFE), number of eggs produced from 35 to 80 days 
of age (EP1), total egg production (TEP) and egg quality 
traits measured in four different life stages of the bird 
(125, 170, 215 and 260 days of age) (egg weight (Ew1 to 
4), yolk weight (Y1 to 4), egg shell weight (ES1 to 4), egg 
white weight (EW1 to 4) and egg density (Dens1 to 4)). 

 

 
Figure 2. L2 phenotype structure considering weekly 
measured body weight from birth to 35 days of age 
(BW1 to 6), weight gain from birth to 35 days of age 
(WG1) and from 21 to 35 days of age (WG2), age at first 
egg (AFE), number of eggs produced from 35 to 80 days 
of age (EP1), total egg production (TEP) and egg quality 
traits measured in four different life stages of the bird 
(125, 170, 215 and 260 days of age) (egg weight (Ew1 to 
4), yolk weight (Y1 to 4), egg shell weight (ES1 to 4), egg 
white weight (EW1 to 4) and egg density (Dens1 to 4)). 

 



Predictive Ability. Table 1 shows the correlation 
between observed and predicted TEP and model PMSE for 
MR and BN. Comparing predictions within lines, the pre-
dictive ability was higher in L2 than in L1 for all setups, 
including the ones in which models were tested across lines. 
Comparing the models, choosing the covariate from the BN 
analysis showed better results in terms of predictive ability 
and PMSE compared to MR (with or without stepwise). 
MR resulted in lower correlation between observed and 
predicted TEP within and across lines. Using stepwise 
variable selection approach did not generally resulted in 
dramatic improvements compared to models with all possi-
ble covariates, especially for L2. One exception was predic-
tive ability across lines when L1 was used as training set. In 
summary, the results show that using BN to construct re-
gression models provide better predictions of TEP and 
superior generalization ability within and across quail lines 
when compared to the standard approaches to develop MR 

 
Table 1. Correlation between observed and measured 
TEP and model predicted mean squared error (PMSE) 
within the same line and across lines using multiple 
regression considering all 30 variables as predictors or 
applying stepwise procedure and Bayesian Networks 
considering partial egg production (PO1) or age at first 
egg (AFE) as predictor variable. 

Multiple Regression 
 Line 1 Line 2 
 30 var. Stepwise* 30 var. Stepwise** 

Corr_within 0.332 0.445 0.603 0.59 
PMSE within  382.57 303.58 167.57 168.53 
Corr_across 0.038 0.645 0.362 0.354 
PMSE across  3830.44 179.24 359.42 372.66 

Bayesian Networks 
 Line 1 Line 2 
 Parent:PO1 Parent:AFE Parent:PO1 Parent:AFE 
Corr_within 0.554 0.299 0.677 0.377 
PMSE within 241.86 317.31 132.06 219.36 
Corr_ across  0.677 0.376 0.554 0.299 
PMSE across  164.46 312.91 276.5 383.49 

*Variables selected: EP1, DEMS2, ES3, DENS3, EW4, Y4, DENS4; 
**Variables selected: AFE, EP1, Ew1, Y1, EW1, Dens1, Ew2 ,Y2, Dens2, 
Ew3, Y3, EW3, Dens4. 

 
 
Table 2 shows results for predictive ability of 

ANN. ANN worked better than BRANN for prediction 
within the same line (correlations of 0.79 and 0.71 against 
0.48 and 0.685 for L1 and L2, respectively), and showed 
quite similar results across lines. Considering the lines, 
when linear models were fit, L2 had higher correlations 
between observed and predicted TEP, but for ANN L1 line 
showed better results. As expected, traits considered as 
input variables affected the ANN prediction ability. Moreo-
ver pre-selection of variables was advantageous for predic-
tion using ANN. Lower correlations were obtained when all 
30 variables were inserted into the model. For prediction of 
L1 individual TEP, the stepwise approach for input varia-
bles selection worked better within line while BN was a 

better selective tool when L2 was used as the testing popu-
lation. For L2, BN was the best method to select variables 
for prediction of TEP for both within and across strain 
testing sets. ANN seemed to be a better predictive machine 
than the traditional linear model, especially for L1 (where 
correlation was almost 24% higher), and pre-selection of 
variables improved both model prediction and generaliza-
tion. 

 
Table 2. Predictive ability and predicted mean squared 
errors (PMSE) of predictions using Artificial Neural 
Networks with or without variable selection and two 
types of learning algorithms. 

Levenberg-Marquadt algorithm 
 Line 1 Line 2 
 30 var Step* BN*** 30 var Step** BN*** 

Corr_within  0.671 0.792 0.752 0.529 0.597 0.714 
PMSE within 442.89 322.01 279.51 218.32 186.76 156.23 
Corr_across  0.181 0.424 0.597 0.248 0.282 0.580 
PMSE across  1071.1 485.87 211.74 497.61 509.58 300.46 

Bayesian Regularized Neural Networks 
 Line 1 Line 2 
 30 var Step* BN*** 30 var Step** BN*** 

Cor_within  0.432 0.453 0.487 0.639 0.579 0.685 
PMSE within  464.02 426.76 367.15 214.24 332.63 158.24 
Cor_across  0.496 0.500 0.617 0.427 0.389 0.559 
PMSE across  450.40 547.23 284.97 380.93 440.70 273.89 

Variables selected:* EP1, DEMS2, ES3, DENS3, EW4, Y4, 
DENS4; **AFE, EP1, Ew1, Y1, EW1,Dens1, Ew2 ,Y2, Dens2, 
Ew3, Y3, EW3, Dens4; ***PO1. 
 

Conclusion 
 
BN is a good tool to describe distributions in a 

more parsimonious way for improving generalization. Also, 
BN worked well with ANN for pre-selection of input varia-
bles for TEP prediction in European quails. Growth traits 
are not good predictors of TEP. Results indicate that to 
achieve reasonable predictive ability for this trait, some 
early egg production measurements are necessary. 
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