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a b s t r a c t

Polymerase chain reaction-single strand conformation polymorphism (PCR-SSCP) method

was used to determine the growth hormone (GH), leptin, calpain, and calpastatin

polymorphism in Iranian Baluchi male sheep. An artificial neural network (ANN) model

was developed to describe average daily gain (ADG) in lambs from input parameters of GH,

leptin, calpain, and calpastatin polymorphism, birth weight, and birth type. The fitness of

the model was tested using R2, MS error, and bias. The developed ANN-model was used to

evaluate the relative importance of each input parameter on lambs ADG using a sensitivity

analysis method. Three conformational patterns were detected for GH, Leptin, calpain

genes, and five conformational patterns were detected for calpastatin gene. The calculated

statistical values corresponding to the ANN-model showed a high accuracy of prediction

(R240.90, MS error¼0.0003). The sensitivity analysis on the ANN-model indicated that

birth weight and birth type are the most important variables in the growth of lambs,

followed by Leptin, calpastatin, GH, and calpain, polymorphism. The optimization analysis

on ANN-model for maximizing ADG of lambs revealed that the maximum ADG may be

obtained with birth weight 5.2 kg, birth type of single, GH genotype of G2, leptin genotype

of L1, calpastatin genotype of C3, and calpain genotype of A3. The results revealed that the

ANN-model is an appropriate tool to recognize the patterns of data to predict lamb growth

in terms of ADG given specific genes polymorphism, birth weight, and birth type. The

platform of PCR-SSCP approach and ANN-based model analyses may be used in molecular

marker-assisted selection and breeding programs to design a scheme in enhancing the

efficacy of sheep production.

& 2012 Elsevier B.V. All rights reserved.

1. Introduction

The lamb meat has a large contribution to supply human
protein consumption in Iran. However, the sheep production
is not sufficient to cover the consumers demand. An appro-
priate breeding scheme may help to enhance the efficacy of
sheep production (Yazdi et al., 1997). Effective sheep produc-
tion for meat depends on lamb weight, thus, breeding
objectives should concentrate on this trait (Tosh and Kemp,
1994). Quantitative traits such as average daily gain (ADG) or

final body weight are controlled by a great number of genes.
Several genes such as growth hormone (GH), leptin, calpain,
and calpastatin are considered as genetic candidate markers
for growth rate and meat production traits in mammalian
(Chung et al., 2007; Marques et al., 2006; Nassiry et al., 2007;
Zhou et al., 2009). Investigation into the relationship between
these genetic markers polymorphism and ADG of lambs may
lead to design a more efficient selection program. In this way,
statistical and mathematical tools such as linear regression,
logistic regression, and mixed models may be used. Alter-
natively, a soft-computing method of artificial neural net-
work (ANN) has shown a great ability for solving complex
nonlinear system identification and control problems. The
ANN process is a method of data analysis that is assumed to
imitate the human brain’s way of working (i.e. training and
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memory). The ANN-model is an interconnected group of
artificial neurons that process information in a parallel form.
The information is stored in the network’s ‘‘synaptic’’ con-
nections (Dayhoff and DeLeo, 2001). There are three kinds of
layers in ANN: input layer, one or more hidden layers, and
output layer. The neurons are connected with each other
with a different connection strength. The connections are
called synaptic weights. In weights, the whole information on
the network is encoded because those weights are in fact the
numbers that determine the strength of the stimuli coming
to the neurons. The most important feature of ANN, which
determines the specificity of that computational method, is
the process of training. Training of the networks is realized by
the changes of the values for all synaptic weights with the
use of a specific algorithm (Haykin, 1999). The most com-
monly used learning algorithm is the so-called back-propa-
gation training algorithm. In the process of learning with that
algorithm, the network uses the error between the actual
(observed) and the desirable output to improve the values of
synaptic weights (Dayhoff and DeLeo, 2001). Recently, the
ANN has been applied in many fields to model and predict
the behaviors of systems, based on given input–output data.
Successful applications of ANN have been reported in various
animal subjects (Ahmadi and Golian, 2010a, b; Gianola et al.,
2011; Grzesiak et al., 2006; Heald et al., 2000; Salehi et al.,
1998). The ANN-base modeling has gained much attention;
however, the use of such method is not common in animal
genetic field.

The objectives of this study were: (1) to detect GH,
leptin, calpain, calpastatin polymorphism in Iranian male
Baluchi sheep; (2) to develop an ANN-based model to
describe ADG of lambs during 0–3 months of age based on
investigating genes polymorphism, birth weight, and
birth type; (3) to apply the developed ANN-model to
evaluate the relative importance of the genes, birth
weight, and birth type on ADG of lambs; and (4) to
optimize ANN-model to find the optimum values of input
variable for maximizing ADG of lambs.

2. Materials and methods

2.1. Animals and polymorphism detection

Seventy-five purebred male Baluchi sheep from the
Baluchi Breeding Station located in north-east of Mash-
had, Iran were used in this study. Lambs were weighed
and ear-tagged at birth time. Weaning was done at 3

months of age. The lambs were weighed monthly and the
ADG was calculated using birth weight and 3-month
weight values. Individual blood samples were obtained
from jugular vein using disposable syringes into sample
tubes containing the anticoagulant ethylenediaminete-
traacetic acid 10% (EDTA). Genomic DNA was extracted
from the samples using the method by Boom et al. (1990)
with minor modifications. After measuring the DNA con-
centration and its purity by Nano-Drope ND 2000 spectro-
photometer (Wilmington, Delaware, USA), DNA was
diluted to a final concentration of 50 ng/mL in dH2O and
stored at 4 1C. All primer sets for ovine GH, leptin, calpain,
and calpastatin genes were amplified in separate reac-
tions and primers sequence is shown in Table 1. The PCR
amplification was carried out in a final volume of 25 mL
containing 75 mM Tris–HCl (pH 8.8), 1 unit of Platinum
Taq DNA Polymerase (Invitrogen, USA), 0.2 mM each of
dATP, dCTP, dGTP, dTTP (Pharmacia, Uppsala, Sweden),
1.5 mM MgCl2, 10 pmol of primers and 50 ng of DNA
template. Gene’s polymorphisms were detected using
single-strand conformation polymorphism (SSCP). More
details of DNA amplification and SSCP analysis is
described by Tahmoorespur et al. (2011).

2.2. Data preprocessing

The detected polymorphism and birth type data as
ANN-model inputs (categorical inputs) were converted to
numerical values of 101–105 (Table 2). Prior to training,
the data set (input and output data) were normalized
within the range [�1, 1]. This is to simplify the problem
for the network, to achieve fast convergence minimum
mean square error (MSE), and to ensure the fall of targets
(output data) into the specific range that the new feed
forward network can be reproduced.

2.3. Artificial neural network model development and

evaluation

A feed-forward multi-layer perceptron as a most
common network structure was used to construct the
ANN-model. It was trained by the back-propagation algo-
rithm and the conjugate gradient method. The variables of
interest in this multi-input, single-output model were:

Categorical inputs (n¼8): The GH, leptin, calpain,
calpastatin polymorphism, and birth type.

Continues input (n¼1): birth weight.

Table 1
Single-strand conformation polymorphism primers for ovine genes.

Genes1 Annealing temperature (1C) Product length (bp) Primer sequence

Growth hormone 58.0 366 Forward 50-GAAACCTCCTTCCTCGCCC-30

Reverse 50-CCAGGGTCTAGGAAGGCACA-30

Leptin 66.5 275 Forward 50-GCTCCACCCTCTCCTGAGTTTGTCC-30

Reverse 50-GTCCTGTAGAGACCCCTGTAGCCG-30

Capastatin 61.0 622 Forward 50-TGGGGCCCAATGACGCCATCGATG-30

Reverse 50-GGTGGAGCAGCACTTCTGATCACC-30

Calpain 58.0 190 Forward 50-AACATTCTCAACAAAGTGGTG-30

Reverse 50-ACATCCATTACAGCCACCAT-30
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Continues output (n¼1): The ADG of lambs during 0–3
months of age.

The 75 data lines were randomly divided into 2 sets of
learning and testing with 55 and 20 data lines, respec-
tively (Table 1 in Supplemental file). The data set was
imported into the Statistica Neural Networks software
version 7.1 (StatSoft, 2005). A common problem in ANN
training is over fitting. A network with a large number of
weights in comparison with the number of training cases
available may achieve a low training error by modeling a
function that fits the training data well. An over-fitted
model typically has high curvature, as the function is
contorted to pass through the points, modeling any noise
in addition to the underlying data (StatSoft, 2005). In this
study, the optimum architecture of network was deter-
mined using the selection algorithms integrated in the
‘‘intelligent problem solver’’ module of Statistica software.
To avoid over fitting problem, a weigend regularization as
a modification to the error function was used. In this way,
the large weight values are penalized, allowing a network
to automatically determine its own level of complexity
and so avoid over fitting (Weigend et al., 1991). This leads
the ANN process to develop a smoother model. Thus, the
optimum architecture of the perceptron neural network
(i.e., the number of hidden neurons in the network and
training algorithm) was determined using the selection
algorithms integrated in the ‘‘intelligent problem solver’’
module of Statistica software. A random group of values
with normal distribution was automatically produced and
would be used to set the initial weight during the training
process. The goodness-of-fit of the ANN-model was deter-
mined using R2, MS error, and bias (Ahmadi et al., 2007).

2.4. Sensitivity analysis

The sensitivity analysis indicates which input variable
is considered most important by the ANN-model. The
sensitivity is defined as the ratio between the error with
omission and the baseline error and ranks the variables in
the order of importance (Hunter et al., 2000). The sensi-
tivity of an input variable against the output variable(s)
may be determined using following criteria (Lou and
Nakai, 2001; StatSoft., 2005).

The variable sensitivity error (VSE) value indicates the
performance of the developed model if that variable is
unavailable.

The variable sensitivity ratio (VSR) value is a relative
indication of the ratio between the VSE and the error of
the model when all variables are available.

A more important variable has a higher VSR value.
Thus, according to the obtained VSR value, the input
variables could be ranked in the order of importance
(Ahmadi and Golian, 2010a, b).

2.5. Model optimization

The constructed ANN-model was subjected to a further
process of optimization to find the optimal values of input
variables for maximizing ADG of lambs. A ‘‘random
search’’ optimization algorithm provided in the ‘‘response
optimization for data mining models’’ section of Statistica
software was used (StatSoft., 2005). This linear random
search technique is unguided algorithms based on brute
computing power. The iterative optimization algorithm
takes samples from the space of the input variable values.
For each values sample, the model prediction is computed
and compared with the best value found from the pre-
vious iterations. If the newly found value is better than
the previous one, the new results are stored. This process
is repeated until the end of iterations is reached (Ahmadi
and Golian, 2010a).

3. Results and discussion

In an elementary phase of this research, PCR-SSCP
results indicated that three conformational patterns were
detected for GH (genotypes G1, G2 and G3), Leptin
(genotypes L1, L2 and L3), calpain (genotypes A1, A2
and A3) genes; and five conformational patterns were
detected for calpastatin (genotypes C1, C2, C3, C4 and C5)
gene. In the last decade, biomolecular techniques such as
PCR have received particular attention. More recently,
DNA markers such as SSCP is more widely applicable and
an appropriate tools for evaluating genetic variation for
quantitative traits and can readily be used to assist in
genetic selection of superior animals. Several authors in
the last decade reported that SSCP analysis is a reliable
and repeatable technique for detection of gene poly-
morphism due to point mutations (Nassiry et al., 2007;
Tahmoorespur et al., 2011). However, the SSCP technique
is recently being supplanted by sequencing, so the high
throughput genotyping technology has proved to be more
efficient than quantitative trait loci and marker-assisted
selection strategies.

The optimal architecture of the multi-layer perceptron
neural network for modeling ADG that was suggested by
‘‘intelligent problem solver’’ was found with 6 inputs, one
output (with linear activation function), and 10 hidden
neurons (with hyperbolic tangent activation function). A
training algorithm of Quasi–Newton was used to train the
network (Lou and Nakai, 2001; StatSoft., 2005). The
general scheme of such neural network model structure
is outlined in Fig. 1.

Table 2
Characteristics of detected genes polymorphism and conversion values

of detected genotype into the numerical values.

Gene name Number of detected

conformational

patterns (genotype)

Conversion detected

genotype into

numerical value

Growth hormone 3 G1¼101, G2¼102,

G3¼103

Leptin 3 L1¼101, L2¼102,

L3¼103

Calpastatin 5 C1¼101, C2¼102,

C3¼103, C4¼104,

C5¼105

Calpain 3 A1¼101, A2¼102,

A3¼103
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The optimization of the architecture by the intelligent
problem solver was performed on the basis of the
‘‘balance error against diversity’’ option. This option tries
to produce a structure with a balance performance value
against type and diversity (StatSoft., 2005). It will pre-
serve networks with a range of types and performance/
complexity trade-offs. This may led to obtain an opti-
mized ANN-model with less complexity and more accu-
racy. The predicted values of ADG by the ANN-model are
shown in Supplemental file (Table 1). The comparison of
observed and predicted outputs describes the behavior of
the ANN-model from investigating inputs. The results
revealed a good agreement between the observed and
the predicted values of ADG for training and testing sets
(Fig. 2). The calculated statistics on the ANN-model are in
close agreement to the two subsets in prediction of each
output (R2

¼0.91 and 0.92 for training and testing sets,
respectively; MSE¼0.0003 for both training and testing
sets). A well trained ANN-model has a balance statistics
values for these two subsets. This may suggest that over
fitting has not occurred during the training process
(Ahmadi and Golian, 2010b; Dayhoff and DeLeo, 2001;
Lou and Nakai, 2001). The main advantage of ANN-model
is that it does not require a prior specification of suitable
fitting function thus, it has a universal approximation
ability to approximate almost all kinds of nonlinear
functions. This flexibility feature may help the modeler
to make a model with almost highest possible prediction
accuracy. The bias value implies the magnitude of the
model over/under estimation regarding to the average of
observed values. Calculated bias values for current ANN-
model showed no (bias¼0.0000) over/under fitting by the
developed model both in training and testing sets.

To determine the relative importance of input vari-
ables, the entire 75 data lines (training and testing)

utilized to calculate the overall VSE and VSR. The obtained
VSR for the model output variable (ADG) with respect to
GH, leptin, calpain, calpastatin polymorphism, birth type,
and birth weight are shown in Table 3.

A more important input variable has a higher VSR
value. Thus, the investigating inputs were ranked accord-
ing to their importance of effect on ADG using VSR values.
Among the input variables, birth weight (2.68) and birth
type (2.53) have the highest values of VSR in data set.
They are followed by leptin (2.5), calpastatin (2.08), GH
(2.03), and calpain (1.48).

The optimization analysis on ANN-model for maximiz-
ing ADG of lambs revealed that the maximum ADG may
be obtained with birth weight 5.2 kg, birth type of single,
GH genotype of G2, leptin genotype of L1, calpastatin
genotype of C3, and calpain genotype of A3. At the
optimum point, the predicted ADG of lambs was 295 g/
lamb/d. To enhance the efficacy of Iranian Baluchi sheep
production (in term of ADG) the optimization results
suggest that focusing on this genotype pattern may help
to develop a more efficient breeding program.

4. Conclusions

The SSCP approach was used to detect GH, leptin,
calpain, calpastatin genes in Iranian Baluchi sheep. The
ANN-model was successfully used to describe associa-
tions between investigating gene polymorphism, birth
weight and birth type and ADG of sheep. The sensitivity
analysis on the ANN-model indicated that birth weight
and birth type is the most important variable in the
growth of lambs, followed by leptin, calpastatin, GH, and
calpain genes polymorphism. The results suggested the
possibility of using the SSCP approach and ANN-base
model analyses in molecular marker-assisted selection

Birth weight (Continues)

Birth type (single or twins)

GH (G1, G2, G3)

Calpastatin (C1, C2, C3, C4, C5)

Calpain (A1, A2, A3)

Leptin (L1, L2, L3)

Input layer

Hidden layer
(Hyperbolic tangent)

Output layer
(Linear)

Average daily weight gain
of male Baluchi sheep

(0-3 month of age)

Fig. 1. Architecture of the three-layer perceptron neural network used for modeling average daily gain of male Baluchi sheep consisting: one continues

input of birth weight and eight categorical inputs of growth hormone (GH), leptin, calpain, calpastatin polymorphism and birth type; one continues

output of average daily gain of male Baluchi sheep (from 0 to 3 months of age); 10 hidden neurons with hyperbolic tangent activation function. A training

algorithm of Quasi–Newton was used to train the network.
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and breeding programs. The genotype scheme generated
by optimization of ANN-model in maximizing ADG of
lambs may be considered as an applied result for experts
in practical situation to develop an appropriate breeding

plan to enhance the efficacy of sheep production. How-
ever, additional research with a larger population of the
same breed is required to obtain a more appropriate and
robust model.
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Fig. 2. The scatter plot of actual vs. model predicted values for average daily gain (ADG) of male Baluchi sheep from 0 to 3 months of age (black points):

(a) training set (n¼55) and (b) testing set (n¼20). Solid line indicating the fitted simple regression line on scattered points.

Table 3
Calculated variable sensitivity ratio (VSR) for the global sensitivity analysis of input variables in the neural network model for average gain (from 0 to 3

months of age) in male Bluchi sheep.

Input variables

Birth weight Birth type (single or twins) Growth hormone Leptin Calpastatin Calpain

VSR 2.68 2.53 2.03 2.50 2.08 1.48

Ranking based on importance 1 2 5 3 4 6
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