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Background: In the nutrition literature, there are several reports on the use of artificial
neural network (ANN) and multiple linear regression (MLR) approaches for predicting feed
composition and nutritive value, while the use of support vector machines (SVM) method
as a new alternative approach to MLR and ANN models is still not fully investigated.

Methods: The MLR, ANN, and SVM models were developed to predict metabolizable
energy (ME) content of compound feeds for pigs based on the German energy evalu-
ation system from analyzed contents of crude protein (CP), ether extract (EE), crude
fiber (CF), and starch. A total of 290 datasets from standardized digestibility studies with
compound feeds was provided from several institutions and published papers, and ME
was calculated thereon. Accuracy and precision of developed models were evaluated,
given their produced prediction values.

Results: The results revealed that the developed ANN [R? = 0.95; root mean square
error (RMSE) = 0.19 MJ/kg of dry matter] and SVM (R? = 0.95; RMSE = 0.21 MJ/kg
of dry matter) models produced better prediction values in estimating ME in compound
feed than those produced by conventional MLR (R? = 0.89; RMSE = 0.27 MJ/kg of dry
matter).

Conclusion: The developed ANN and SVM models produced better prediction values in
estimating ME in compound feed than those produced by conventional MLR; however,
there were not obvious differences between performance of ANN and SVM models.
Thus, SVM model may also be considered as a promising tool for modeling the relation-
ship between chemical composition and ME of compound feeds for pigs. To provide
the readers and nutritionist with the easy and rapid tool, an Excel® calculator, namely,
SVM_ME_pig, was created to predict the metabolizable energy values in compound
feeds for pigs using developed support vector machine model.

Keywords: pig, compound feed, metabolizable energy, artificial neural network, support vector machines

Abbreviations: ANN, artificial neural network; CF, crude fiber; CP, crude protein; EE, ether extract; LS-SVM, least squares
support vector machine (LS-SVM); MAPE, mean absolute percentage error; ME, metabolizable energy; MLR, multiple linear
regression; RBE, radial basis function; RMSE, root mean square error; SVM, support vector machines; VSE, variable sensitivity
error; VSR, variable sensitivity ratio.
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INTRODUCTION

In the field of pig nutrition, several systems for energy evalua-
tion of feedstuff are in use based on digestible, metabolizable, or
net energy. The measurements of gaseous energy losses and heat
expenditure are expensive and may not be made routinely, thus,
many evaluation systems try to calculate the energy value of a
specific feed using the digestibility of its nutrients (1). However,
because the ingredient composition of the compound feeds and
their digestibility are usually unknown, the common energy
evaluation of compound feeds cannot be done this way. Thus,
several models were developed that predict the energy value
from the analyzed chemical composition of the feed. Models
for predicting the energy value of a pig diet based on analyzed
crude nutrients have been previously published (2-6). All of
the published models were developed based on compound feed
data using a conventional approach of multiple linear regres-
sion (MLR) to describe the relationship between chemical
composition of the feed and its metabolizable energy (ME)
content. These models have different numbers of input vari-
ables, which produce a wide range of accuracy and precision.
For animal nutritionist working in the field of feed evaluation,
the search to find and apply some alternative and more efficient
approaches for data modeling have always been an interesting
subject. Approaches of modeling based on artificial intelligence,
such as artificial neural networks (ANNs) and support vector
machines (SVM), may be used to process feed data. They pos-
sess the ability of developing relationships between input(s)
and output(s) variables using a set of data samples and do not
require a priori knowledge of the governing processes (7, 8).
The ANN models have been used in several feedstuft evaluation
approaches in the field of animal nutrition (9-11); however, the
use of SVM technology in animal and feed research has not
been explored as yet. The SVM is a method proposed by Vapnik
(12) and is processed based on statistical learning theory which
seems a promising approach for modeling multivariate data.
The SVM is actually a learning system that uses a hypothesis
space of linear functions in a high-dimensional feature space,
trained with a learning algorithm from the optimization theory
(7). Unlike the ANN that try to minimizing the error on the
training data, the SVM attempts to minimize the upper bound
on the generalization error based on the principle of structural
risk minimization, which has been found, in several cases, to be
superior to the empirical risk minimization principle employed
in ANN (7, 13).

Our objectives were to (1) develop the MLR, ANN, and SVM
models to predict ME in compound feeds for pigs based on an
established energy evaluation system from analyzed contents
of crude protein (CP), ether extract (EE), crude fiber (CF),
and starch based on an established energy evaluation system;
(2) compare the performance of developed models in term of
accuracy and precision given their produced prediction values;
(3) apply the developed models to rank the relative importance
of dietary nutrients on ME content; and (4) create an Excel® ME
calculator, which can be used by the nutritionists to predict ME
of compound feed samples.

MATERIALS AND METHODS

This study was based on data obtained from different laborato-
ries and institutes and did not involve the use of animals; thus,
Institutional Animal Care and Use Committee approval was not
obtained.

Data Set

A detailed description of the animals, diets, and measure-
ments made was given by Bulang and Rodehutscord (6).
Briefly, research institutions in Germany contributed their
data from digestibility trials using compound feeds for pigs.
The trials had been conducted in accordance with the guide-
lines for pig studies on the energy value of feeds (14), with
the exception that no restriction in body weight had been
implemented. Each dataset contained information about the
ingredient composition of the compound feed, its dry matter
concentration, and the concentrations of organic matter, CP,
EE, CE N-free extract, starch, and sugar (grams per kilogram
of dry matter in all cases). Finally, a total of 290 datasets
from digestibility studies with these compound feeds were
provided. The concentration of ME in all compound feeds
was calculated for each feed from digestible nutrients using
Eq. 3 of Ref. (1). It was calculated and presented as megajoules
per kilogram of dry matter. The equation is as follows:

ME, =0.0205xDCP(g)+0.0398 x DCF(g)+0.0173
x St(g)+0.0160 x Su(g) +0.0147
x (DOM — DCP — DCF — St — Su)(g),

where OM, organic matter; DCP, digestible crude protein; DCE,
digestible crude fat; St, starch; Su, sugar. The unit of regression
coeflicient is megajoules per gram.

A large proportion of the compound feeds consisted of wheat
grain (56%), barley grain (19%), and a mixture of both (15%) as
main ingredients [Table 1 of Ref. (6)]. The collected information
was organized in an Excel spreadsheet for further processing. To
keep the model simple, among all information, the CP, EE, CF,
and starch were used as input variables while ME was considered
as model output.

Model Development

The original dataset corresponding to 290 feeding trials using
compound feed was randomly divided into two sets of training
and validation with 202 (70%) and 88 (30%) samples, respec-
tively. The training set was used to build MLR, ANN, and SVR
models while the validation set was used as unforeseen data to
check the generalization of developed models. Description of
data used for the modeling and evaluating processes were sum-
marized in Table 1.

Multiple Linear Regression
A MLR model was defined as the following general equation,

J=B,+ D .BX +e, i=1,2,..n (1)
i=1
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TABLE 1 | Information and descriptive statistics for the data used in modeling process.

Train set (n = 202)

Validation set (n = 88)

All data (n = 290)

Min Max Mean SD Min Max Mean SD Min Max Mean SD
Model inputs
CP (g/kg) 114.0 245.0 199.5 24.8 122.0 243.5 196.8 24.2 114.0 245.0 198.7 24.6
EE (g/kg) 12.0 98.0 35.5 124 12.0 107.0 33.5 131 12.0 107.0 34.9 12.6
CF (g/kg) 27.0 139.5 441 16.9 23.0 130.5 44.7 19.6 23.0 139.5 44.2 17.7
Starch (g/kg) 151.1 618.0 453.9 71.2 95.4 658.0 461.3 94.7 95.4 658.0 456.1 78.9
Model output
ME (MJ/kg) 10.4 16.6 15.1 0.8 1.0 16.0 15.0 0.9 10.4 16.6 15.0 0.8

CR, crude protein; EE, ether extract; CF, crude fiber; ME, metabolizable energy for pigs.

Values for all criteria presented as on dry matter basis. Dataset originally published in Ref. (6).

where: 3 is the ME in the i* sample, X; is the value corresponding
to input variables (CP, EE, CFE, and starch concentration in com-
pound feed) in the i sample (assumed to be a known constant
measured without error), f, is the overall intercept, f; is the linear
coefficient for input variables, and e; is the residual error assumed
to be normal [N ~ (0, 62)].

Data related to the training set were fitted to the Eq. 1 by means
of the REG procedure of Ref. (15). Using analysis of variance
and corresponding absolute ¢ value (|t value|) of the model coef-
ficients, a process of the sensitivity analysis has been performed
on the developed ME models to evaluate which chemical compo-
nent is considered more important during the modeling process.
A more important model term has a higher | value|. Thus, the
input variables may be ranked in the order of importance (16).

ANN Model

An algorithm of the feed forward three-layer back propagation
network was chosen and considered in constructing the ANN
model (17). Hyperbolic tangent sigmoid (tansig) and linear
(purelin) functions were used as the transfer function for the
hidden and output layers, respectively. A Levenberg—Marquardt
algorithm for back propagation with a gradient descent and
momentum weight and bias learning function, was used to train
the network (17). The mean squared error with level of 0.005 was
used as the performance function, and training was terminated
after 800 epochs or iterations of the network. Four input variables
corresponding to CP, EE, CE and starch were used as units in the
input layer of the ANN model. The 202 data samples (training
set) were used to train the network. Prior to training, the data set
(input and output data) was normalized within the range [-1, 1].
This is to simplify the problem for the network, to achieve fast
convergence minimum mean squared error, and to ensure the
fall of targets (output data) into the specific range that the new
feed-forward network can be reproduced (17, 18).

The obtained ANN model was utilized in the further process
of sensitivity analysis to find which input variable is considered
more important by the model. The sensitivity of ME against the
dietary chemical fractions was determined using the following
criteria (19, 20): the variable sensitivity error (VSE) value indicates
the performance [in term of root mean square error (RMSE)]
of the developed ANN model if that variable is unavailable. The
value of variable sensitivity ratio (VSR) is a relative indication of

the ratio between the VSE and the RMSE value of ANN model
when all variables are available. A more important variable has a
higher VSR value. Thus, based on the obtained VSR values, the
input variables may be ranked in the order of importance.

Commercially available software, Matlab® R2016a (21), was
used to write the mathematical code for developing and evaluating
the ANN model. The developed program is actually a modified
source code of an ANN algorithm which was previously applied
by Ahmadi and Golian (16).

Support Vector Regression

Least squares support vector machine (LS-SVM) is an optimized
algorithm based on the standard SVM reported by Suykens et al.
(22). The LS-SVM has the ability for linear and non-linear multi-
variate calibration and solves the multivariate problems in a fast
and efficient way (13). In this approach, a linear set of equations
instead of a quadratic programming problem is used to obtain the
support vectors (23). The LS-SVM adopts a least squares linear
system as the loss function and is applied in the pattern recogni-
tion and non-linear evaluation. It is capable of learning in a high-
dimensional feature space and needs fewer training data than
those needed to train an ANN model. In the LS-SVM algorithm,
a non-linear mapping function ¢ (-) is applied for constructing
the regression model, whereas the input data are mapped to a
higher dimensional feature space. When the LS-SVM is used as
a soft testing tool, a new optimization problem is formulated in
the case of structural risk minimization. The Lagrange function is
then adopted to solve this optimization problem. In the SVM or
LS-SVM process, the proper kernel function and the best kernel
parameters need to be determined. However, no systematic meth-
odology is available for prior selection of the kernel function. In
our work, the most common kernel function, namely, radial basis
function (RBF), was selected (7, 22). The RBF kernel can reduce
the computational complexity of the training procedure while
giving good performance under general smoothness assumptions
(22). A grid-search technique was applied to find the optimal
parameter values; these included the regularization parameter
gam (y) and the RBF kernel function parameter sig? (%), which
is the bandwidth in the common case of the RBF kernel. The
parameter y determines the trade-off between structural risk
minimization and empirical risk minimization and is important
to improve the generalization performance of the model (7). The
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parameter o controls the value of the function error. A small
value of 62 can lead to overfitting, whereas a large value of 6> will
make the model simpler but not accurate. Moreover, 62 reflects
the sensitivity of the LS-SVM model to noise from the input vari-
ables (24). In our study, these parameters were optimized with
values of y in the range of 0.1-20 and with values of 6 in the range
of 1-100, with adequate increments by the grid-search technique
of leave-one out cross-validation. After the LS-SVM model with
high prediction accuracy and stability was built, the same process
of sensitivity analysis as done in ANN modeling was done to rank
the input variables according to their importance.

Mathematical code for formulating and evaluating the
LS-SVM model was developed using Matlab® R2016a (21). The
LS-SVM toolbox ver. 1.8 (25) was applied with developed func-
tions to derive all calculations.

Model Evaluation and Comparison
Performance of the models was evaluated using criteria, which
are commonly used to evaluate forecasting models (26). The R
computed as,

i(yi_)/)i)z
Z(yi _yi)z

R =1-

Root mean squared error computed as,

z (yi_yi)

2

i=1 Vi

MAPE = x100

and the bias computed as,

Zl:y i )A’ i:|
Bias ==
n

where 7 is the number of observations, and y; 3, and y, are
equal to observed, predicted, and average observed values of
ME. Model adequacy was also assessed using plots of residuals
(observed minus predicted) against predicted values of y to test
for linear prediction bias (27).

RESULTS

The first task in regression analysis was to estimate the coefficients
of Eq. 1 by least squares method using the training data set and
to obtain information about the fit in the form of an analysis of
variance. The parameter estimates with P and ¢ values were shown
in Table 2. All parameter estimates were highly different from 0
(P < 0.001). The fit of the MLR model was also expressed by the
R? value which was found to be 0.89 and 0.92 for training and

validation sets (Table 3), respectively, indicating that 92% of the
variability in the responses could be explained by the developed
regression model when it is faced with unforeseen data. The plot
of residuals (observed minus predicted) in validation dataset
against predicted values showed no evidence of any linear or non-
linear prediction bias for the model (Figure 1). The calculated
absolute ¢ value (|¢ value|) may indicate to what extent each model
term was contributing to the statistical fit so that the greater the
magnitude of |t value|, the more significant was the correspond-
ing coefficient. The coefficient estimates for ME model and the
corresponding absolute t values (Table 2) suggest that among the
investigated inputs, CF content of feed had the largest effect on
ME (|t value| = 14.9), followed by EE (|t value| = 9.9), starch
(|t value| = 6.6), and CP (|t value| = 6.2). The goodness of fit sta-
tistical values derived from the ANN and SVM models to predict
the ME are shown in Table 3. The plot of residuals (in validation
dataset) against predicted values showed no evidence of any linear
or non-linear prediction bias for the models (Figure 1), implying
a good agreement between the observed and predicted values of
ME for the dataset which is fed to the developed ANN and SVM
models. Through sensitivity analysis of ANN and SVM models,
the relative importance of input variables was determined using
the entire 290 lines of data (training and validation) to calculate
the overall VSE and VSR. The VSR obtained for the model output
(ME), with respect to dietary levels of CP, EE, CF, and starch are
shown in Table 4. Analysis of the ANN model indicated that the
ME was more sensitive to CF concentration (VSR = 26.9), fol-
lowed by starch (VSR =7.7), CP (VSR =2.8), and EE (VSR =2.7),
while in the SVM model the ranking of input variables according
to their importance were as CF (VSR = 18.6), starch (VSR =7.1),
EE (VSR = 3.2), and CP (VSR = 2.9). The CF content of feed

TABLE 2 | Coefficient estimates for the multiple linear regression model fitted to
data on metabolizable energy (MJ/kg of dry matter) for pigs.

Coefficient SE t value P-value
Intercept 13.126 0.4694 28.0
Crude protein (g/kg) 0.007 0.0011 6.2 o
Ether extract (g/kg) 0.016 0.0016 9.9
Crude fiber (g/kg) —0.031 0.0021 -14.9
Starch (g/kg) 0.0083 0.0005 6.6 e

P < 0.001.

TABLE 3 | Computed goodness-of-fit values on multiple linear regression (MLR),
artificial neural network (ANN), and support vector machines (SVM) models of
metabolizable energy for pigs.

Train set (n = 202) Validation set (n = 88)

MLR ANN SVM MLR ANN SVM

Goodness-of-fit

criteria

R? 0.89 0.95 0.95 0.91 0.96 0.94
RMSE (MJ/kg of 0.27 0.19 0.21 0.23 0.20 0.21
dry matter)

MAPE (%) 1.31 1.00 1.20 1.19 1.01 1.06
Bias (MJ/kg of dry  —0.0006 0.0001 0.0050 -0.0031 —0.0080 0.0133
matter)

RMSE, root mean square error; MAPE, mean absolute percentage error.
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FIGURE 1 | Plot of residuals (validation set; n = 88) against predicted values of metabolizable energy for pigs (ME) from the multiple linear regression (MLR),
artificial neural network (ANN), and support vector machines (SVM) models. The line represents the regression of residuals on MLR predicted ME
(Y'=0.477 — 0.032 x predicted ME; R? = 0.01; P = 0.26), on ANN predicted ME (Y = 0.067 — 0.005 x predicted ME; R?> = 0.00; P = 0.85), and on SVM
predicted ME (Y = 0.146 — 0.009 x predicted ME; R? = 0.00; P = 0.73).

TABLE 4 | The overall (training and testing sets; n = 290) sensitivity analysis of
input variables in artificial neural network (ANN), and support vector machines
(SVM) models of metabolizable energy for pigs.

Input variables

Model Crude Ether Crude Starch
protein extract fiber
ANN Variable sensitivity ratio 2.8 2.7 26.9 7.7
(VSR)
Rank 3 4 1 2
SVM VSR 2.9 3.2 18.6 74
Rank 4 3 1 2

was obviously the most important predictor in these two models
as well as it was reported in several past studies. Finally, using
the selected developed SVM model, an Excel® ME calculator,
namely, SVM_ME_pig, was created (Figure 2). It is provided in
Supplementary Material.

DISCUSSION

In many applications, the final goal of ANN and SVM processing
is to find models that give more precise and accurate prediction
value(s) of the output variable(s). The comparison of actual and
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SVM_ME_pig

Crude protein, g/kg

220.00 b3

Ether extract, g/kg

25.00 D4

Starch, g/kg

510.00 bs

Crude fibre, g/kg

37.00 s

Metabolizable energy, MJ/kg 15.23

Manual: Change the values of cells D3 to D6 based on chemical
composition of compound feed sample.

SVM_ME_pig: The SVM model to predict metabolizable energy in
compound feeds for pigs; by: Hamed Ahmadi (Tarbiat Modares

University) hamed.ahmadi@modares.ac.ir ; Markus Rodehutscord
(Universitat Hohenheim), markus.rodehutscord@uni-hohnheim.de

FIGURE 2 | The SVM_ME_pig: an Excel® calculator to predict the metabolizable energy values in compound feeds for pigs using support vector machine model.

predicted output values may describe the behavior of the ANN
and SVM models based on the investigated inputs. Both ANN
and SVM model could accurately (R* = 0.96 and 0.94, respec-
tively) predict the ME in the validation data set that were not used
during the training processes. Moreover, the trained models of
ME had relatively balanced statistical values for the two subsets of
training and validation (Table 3), suggesting that the overlearning
had not occurred during the training process and that the devel-
oped models had good generalizability when they faced a totally
unseen data set (19). To evaluate the performance of developed
models, the R* value is used as a common criterion to judge about
the “accuracy” of a specific model based on its prediction, while
the RMSE and MAPE are commonly used to show the “precision”
of a model based on residual analysis. Therefore, it is preferred to
use a combination of criteria to conclude and/or compare overall
performance of models. In modeling ME based on concentra-
tions of feed chemical component, the goodness of fit in terms of
R?, RMSE, and MAPE corresponding to MLR, ANN, and SVM
models showed a relatively higher accuracy and precision of pre-
diction for ANN and SVM model as compared with MLR model
for both training and validation data sets (Table 3). The bias
value implies the magnitude of the model over/under estimation
regarding to the average of observed values. Some very small bias
values (Table 3) may be observed in predicted values by all three
models. However, these bias were not statistically significant as
they could be seen in Figure 1 and corresponding calculated
regression line on predicted values vs. residuals in the validation

datasets. The better performance of ANN and SVM models over
MLR model is mainly because the conventional MLR requires
the specification of a linear function to be regressed, thus, the
flexibility of regression equation may be extremely limited (28).
Alternatively, the different kind of ANN and SVM models are
good at fitting functions and recognizing patterns in different
kind of data. In fact, there is a proof that a fairly simple ANN
or SVM may fit many practical function (17). It is believed that
the ANN and SVM method would require much more number
of data samples than MLR to build an efficient model. However,
ANN and SVM models may also work well when enough dataset
is available and the data are statistically well distributed in the
input domain.

The main advantage of ANN and SVM compared to con-
ventional regression are: (1) The ANN and SVM models do not
require a prior specification of suitable fitting function and (2)
ANN and SVM have a universal approximation capability and
it can approximate almost all kinds of non-linear functions
including quadratic functions, whereas MLR is useful only for
linear approximations (18, 29). However, there are some limita-
tions for both the ANN and SVM modeling techniques. In these
techniques, standardized coefficients corresponding to each
variable may not be easily calculated and presented as they are in
regression models. The ANN and SVM analyses produce matrix
of weights, which are difficult to interpret as they usually are
affected by the program used to generate them. Thus, they actu-
ally use a “black box” approach, which does not offer complete
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insight into the internal workings of the model or information
for evaluating the interaction of inputs (8). In addition, there
are some difficulties in sharing the developed ANN and SVM
models with other researchers. In MLR model, one needs only
to know the coefficients of the generated model and to perform
simple calculations to predict an output (e. g., ME in our case).
But, to share developed ANN and SVM models, one needs to
provide either a copy of the trained model or the connection
weight matrices, which might be extremely large and complex,
while to run ANN or SVM models one also needs some especial
program or software. In this study, we export the developed SVM
models as a C++ code and SVM_ME_pig Excel® ME calculator
to share them with the readers who might be interested to dupli-
cate the results or to predict a new output (ME for pig) based on
dietary chemical components. This spreadsheet is accessible via
Supplementary Material. The SVM_ME_pig (Figure 2) provides
the nutritionist with an efficient and user-friendly tool to predict
the metabolizable energy values in compound feeds for pigs using
support vector machine model. The only required information
to obtain a given ME (megajoules per kilogram of dry matter)
value is the chemical contents of CP, EE, CF, and starch (grams/
kilogram of dry matter) in given feed sample.

CONCLUSION

The present study proposes the ANN and SVM approaches
to predict ME of compound feeds for pigs given levels of feed
chemical compositions of CP, EE, CF, and starch. Developed
ANN and SVM models produce relatively better prediction
values in estimating ME in compound feed than those produce
by conventional MLR, while there are no obvious differences
between performance of ANN and SVM models. The results
suggest that SVM methods may be able to enhance our ability

REFERENCES

1. GfE (Gesellschaft fiir Erndhrungsphysiologie). Recommendations for the
Supply of Energy and Nutrients to Pigs. Frankfurt am Main: DLG-Verlag (2008).

2. Kirchgessner M, Roth EX. Schitzgleichungen zur Ermittlung des ener-
getischen Futterwertes von Mischfuttermitteln fiir Schweine. Zeitschrift
fiir Tierphysiologie, Tiererndhrung und Futtermittelkunde (1983) 50:270-5.
doi:10.1111/j.1439-0396.1983.tb00694.x

3. Just A, Jorgensen H, Fernandez JA. Prediction of metabolizable energy
for pigs on the basis of crude nutrients in the feeds. Livest Prod Sci (1984)
11:105-28. doi:10.1016/0301-6226(84)90012-5

4. Morgan CA, Whittemore CT, Phillips P, Crooks P. The prediction of the
energy value of compounded pig foods from chemical analysis. Anim Feed
Sci Technol (1987) 17:81-107. doi:10.1016/0377-8401(87)90007-1

5. Noblet ], Perez JM. Prediction of digestibility of nutrients and energy values
of pig diets from chemical analysis. ] Anim Sci (1993) 71:3389-98.

6. Bulang M, Rodehutscord M. Development of equations for predicting metab-
olisable energy concentrations in compound feeds for pigs. Arch Anim Nutr
(2009) 63:442-54. doi:10.1080/17450390903217317

7. Cristianini N, Shawe-Taylo J. Introduction to Support Vector Machines and
Other Kernel-Based Learning Methods. Cambridge, UK: Cambridge University
Press (2000).

8. Dayhoff JE, DeLeo JM. Artificial neural networks: opening the
black box. Cancer (2001) 91(Suppl 8):1615-35. doi:10.1002/1097-
0142(20010415)91:84+<1615::AID-CNCR1175>3.0.CO;2-L

9. Roush WB, Cravener TL. Artificial neural network prediction of amino acid
levels in feed ingredients. Poult Sci (1997) 76:721-7. doi:10.1093/ps/76.5.721

to accurately predict energy contents of diets in order to achieve
optimal situation in pig nutrition. The developed and presented
Excel® metabolizable calculator provides the nutritionist with
an efficient and user-friendly tool to predict the metabolizable
energy values in compound feeds for pigs using support vector
machine model.

AUTHOR CONTRIBUTIONS

HA conceived the study, developed models, analyzed data, and
drafted the manuscript. MR designed the research, provided
and interpreted data set, and revised manuscript. All authors
reviewed the manuscript for intellectual content and gave final
approval for the version to be published.

ACKNOWLEDGMENTS

The authors are grateful to Dr. Michael Bulang, Martin-Luther-
Universitat Halle-Wittenberg, for giving full access to the data
set the present study is based on. Financial support was partly
provided by the vice chancellor for Research & Technology at the
Tarbiat Modares University.

FUNDING

This work was partially supported by the vice chancellor for
Research & Technology at the Tarbiat Modares University.

SUPPLEMENTARY MATERIAL

The Supplementary Material for this article can be found online
at http://journal.frontiersin.org/article/10.3389/fnut.2017.00027/
full#supplementary-material.

10. Cravener TL, Roush WR. Prediction of amino acid profiles in feed ingredients:
genetic algorithm calibration of artificial neural networks. Anim Feed Sci
Technol (2001) 90:131-41. doi:10.1016/S0377-8401(01)00219-X

11. Ahmadi H, Golian A, Mottaghitalab M, Nariman Zadeh N. Prediction
model for true metabolizable energy of feather meal and poultry offal meal
using group method of data handling-type neural network. Poult Sci (2008)
87:1909-12. doi:10.3382/ps.2007-00507

12. Vapnik V. Statistical Learning Theory. New York, NY: John Wiley and Son Inc.
(1998).

13. Suykens JAK, Vanderwalle J. Least squares support vector machine classi-
fiers. Neural Process Lett (1999) 9:293-300. doi:10.1023/A:1018628609742

14. GfE (Gesellschaft fir Erndhrungsphysiologie). Determination of digestibility
as the basis for energy evaluation of feedstuffs for pigs. Proc Soc Nutr Physiol
(2005) 14:207-13.

15. SAS 2008. SAS/STAT® 9.2 User’s Guide. Cary, NC: SAS Institute Inc. (2008).

16. Ahmadi H, Golian A. Response surface and neural network models for
performance of broiler chicks fed diets varying in digestible protein and
critical amino acids from 11 to 17 days of age. Poult Sci (2011) 90:2085-96.
doi:10.3382/ps.2011-01367

17. Demuth H, Beale M, Hagan M. Neural Network Toolbox User’s Guide. Version 5.
Natick, MA: The MathWorks Inc. (2006).

18. Gulati T, Chakrabarti M, Singh A, Duvuuri M, Banerjee R. Comparative
study of response surface methodology, artificial neural network and genetic
algorithms for optimization of soybean hydration. Food Technol Biotechnol
(2010) 48(1):11-8.

19. Lou W, Nakai S. Artificial neural network-based predictive model for
bacterial growth in a simulated medium of modified-atmosphere-packed

Frontiers in Nutrition | www.frontiersin.org

June 2017 | Volume 4 | Article 27


http://www.frontiersin.org/Nutrition
http://www.frontiersin.org
http://www.frontiersin.org/Nutrition/archive
http://journal.frontiersin.org/article/10.3389/fnut.2017.00027/full#supplementary-material
http://journal.frontiersin.org/article/10.3389/fnut.2017.00027/full#supplementary-material
https://doi.org/10.1111/j.1439-0396.1983.tb00694.x
https://doi.org/10.1016/0301-6226(84)90012-5
https://doi.org/10.1016/0377-8401(87)90007-1
https://doi.org/10.1080/17450390903217317
https://doi.org/10.1002/1097-0142(20010415)91:8 +  < 1615::AID-CNCR1175 > 3.0.CO;2-L
https://doi.org/10.1002/1097-0142(20010415)91:8 +  < 1615::AID-CNCR1175 > 3.0.CO;2-L
https://doi.org/10.1093/ps/76.5.721
https://doi.org/10.1016/S0377-8401(01)00219-X
https://doi.org/10.3382/ps.2007-00507
https://doi.org/10.1023/A:1018628609742
https://doi.org/10.3382/ps.2011-01367

Ahmadi and Rodehutscord

Models for Metabolizable Energy in Pig Feeds

20.

21.
22.

23.

24.

25.

26.

cooked meat products. ] Agric Food Chem (2001) 49:1799-804. doi:10.1021/
if000650m

Ahmadi H, Golian A. The integration of broiler chicken threonine responses
data into neural network models. Poult Sci (2010) 89:2535-41. do0i:10.3382/
Pps.2010-00884

Matlab 2016. Version 9.0 (R2016a). Natick, MA: The Math Works Inc. (2016).
Suykens JAK, Van Gestel T, De Brabanter ], De Moor B, Vandewalle J. Least
Squares Support Vector Machines. Singapore: World Scientific Publishing
(2002).

LiJZ, Liu HX, Yao X]J, Liu MC, Hu ZD, Fan BT. Structure—-activity relationship
study of oxindole-based inhibitors of cyclin-dependent kinases based on
least-squares support vector machines. Anal Chim Acta (2007) 581:333-42.
doi:10.1016/j.aca.2006.08.031

Wu D, Feng S, He Y. Short-wave near-infrared spectroscopy of milk pow-
der for brand identification and component analysis. J Dairy Sci (2008)
91:939-49. doi:10.3168/jds.2007-0640

De Brabanter K, Karsmakers P, Ojeda F, Alzate C, De Brabanter J, Pelckmans K,
et al. LS-SVMlab Toolbox User’s Guide. Version 1.8. Internal Report 10-146.
Leuven, Belgium: ESAT-SISTA (2010).

Roush WB, Dozier WA II1, Branton SL. Comparison of Gompertz and neural
networks models of broiler growth. Poult Sci (2006) 85:794-7. doi:10.1093/
ps/85.4.794

27.

28.

29.

St-Pierre NR. Invited review: integrating quantitative findings from multiple
studies using mixed model methodology. J Dairy Sci (2001) 84:741-55.
doi:10.3168/jds.S0022-0302(01)74530-4

Hanrahan G, Lu K. Application of factorial and response surface methodol-
ogy in modern experimental design and optimization. Crit Rev Anal Chem
(2006) 36:141-51. doi:10.1080/10408340600969478

Desai KM, Survase SA, Saudagar PS, Lele SS, Singhal RS. Comparison
of artificial neural network (ANN) and response surface methodology
(RSM) in fermentation media optimization: case study of fermentative
production of scleroglucan. Biochem Eng J (2008) 41:266-73. doi:10.1016/j.
bej.2008.05.009

Conflict of Interest Statement: The authors declare that the research was con-
ducted in the absence of any commercial or financial relationships that could be
construed as a potential conflict of interest.

Copyright © 2017 Ahmadi and Rodehutscord. This is an open-access article distrib-
uted under the terms of the Creative Commons Attribution License (CC BY). The
use, distribution or reproduction in other forums is permitted, provided the original
author(s) or licensor are credited and that the original publication in this journal
is cited, in accordance with accepted academic practice. No use, distribution or
reproduction is permitted which does not comply with these terms.

Frontiers in Nutrition | www.frontiersin.org

June 2017 | Volume 4 | Article 27


http://www.frontiersin.org/Nutrition
http://www.frontiersin.org
http://www.frontiersin.org/Nutrition/archive
https://doi.org/10.1021/jf000650m
https://doi.org/10.1021/jf000650m
https://doi.org/10.3382/ps.2010-00884
https://doi.org/10.3382/ps.2010-00884
https://doi.org/10.1016/j.aca.2006.08.031
https://doi.org/10.3168/jds.2007-0640
https://doi.org/10.1093/ps/85.4.794
https://doi.org/10.1093/ps/85.4.794
https://doi.org/10.3168/jds.S0022-0302(01)74530-4
https://doi.org/10.1080/10408340600969478
https://doi.org/10.1016/j.bej.2008.05.009
https://doi.org/10.1016/j.bej.2008.05.009
http://creativecommons.org/licenses/by/4.0/

	Application of Artificial Neural Network and Support Vector Machines in Predicting Metabolizable Energy in Compound Feeds for Pigs
	Introduction
	Materials and Methods
	Data Set
	Model Development
	Multiple Linear Regression
	ANN Model
	Support Vector Regression
	Model Evaluation and Comparison

	Results
	Discussion
	Conclusion
	Author Contributions
	Acknowledgments
	Funding
	Supplementary Material
	References


