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			ABSTRACT

		

		
			In this study, it was aimed to model broiler growth curves of chickens with nonlinear regression analysis and grey prediction model. For this, the growth of 118 broilers was analyzed by using their weekly individual live weights from hatch to 49 day-old. In the analysis, nonlinear functions and Rolling-Grey Model (1,1) prediction method were used. The time-dependent growths of mixed sexes broilers were analyzed in the aspects of testing the parallelism of female and male growth samples, determining the best fitted growth model and designating the biological meaningful parameters (inflection point age, weight and growth rate) of growth functions. Analyses showed that the growth profiles of female and male chicks found not to be parallel using profile analysis, and the male chicks had a higher body weight than the females (P < 0.01) starting from 14-21st days until the end of experiment. For this reason, the prediction models were created separately and compared by MAPE (%) and accuracy rate (ρ) criteria in order to find out the most consistent growth model for female and male broiler chicks. The results indicate that Rolling-Grey Model (1,1) is more consistent than Von Bertalanffy, Gompertz and Logistic and can be used as an alternative to nonlinear regression models in growth analysis.
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			INTRODUCTION

			In terms of animal science, the growth is defined as the mass or volume change of a tissue or organism at a unit time. Improving the growth-related characteristics, particularly in meat production activities, is a priority goal. In animal breeding, growth is monitored and the effects of environmental factors on growth are followed up. The detected deviations in growth during the fattening period are not fancied and the negative effects are desirable to eliminate. Scientists have been studying on expressing growth over many years with different mathematical functions. To model the growth, nonlinear regression equations with the semi-empirical structure are usually used. These equations have 3 or 4 parameters and at least one parameter of the model has a biological meaning (France et al., 1996; Mendeş et al., 2007; Narinç et al., 2010a; Iqbal et al., 2019). The nonlinear regression models commonly applied in modeling of growth in poultry are 3-parameter Logistic, Von Bertalanffy, Gompertz models and 4-parameter Richards function. Moreover, Weibull, Von Bertalanffy, France, Morgan–Mercer–Flodin, Michaelis-Menten and  Monomolecular are the other models that find few numbers for scientific studies. The studies carried out in poultry using growth models are divided into three categories as “election of the most compatible model”, “genetic structure of the growth curve” and “comparison of results of various applications with growth models”. While the analysis of growth with those models has been mostly carried out with the classical frequentist approach, probability-based methods (Bayesian) have also been used in recent years (Karaman et al., 2014, Fırat et al., 2016). Additionally, in order to model the growth, mixed effects model (Aggrey, 2009; Karaman et al., 2013), spline regression (Aggrey, 2002) and multi-stage models (Grossman and Koops, 1988) can also be used. A number of studies conducted on nonlinear functions that best define growth in broiler chicks (Narushin and Takma, 2003; Neme et al., 2006). In this study, it was aimed to investigate the growth of broiler chicks together with non-linear models with the Rolling-Grey Model (1,1) (RGM (1,1)) model based on grey system theory (GST). In the literature, although some studies using the method of grey relational analysis, which is a subset of the modelling based on the grey system theory, were found in animal science (Topal et al., 2016; Topal and Yağanoğlu, 2018), no finding about the use of RGM (1,1) method for modelling the growth in broiler chicks has been encountered during the research. In the first part of this study, the growth of 118 broiler chicks (mixed sexes) was analyzed with nonlinear functions (Von Bertalanffy, Gompertz and Logistic) using weekly individual weights from hatch to 7 week-old. In the second part, modeling of time dependent growth is given by using RGM (1,1) method based on GM (1,1) which is the basic model of grey prediction method. In the third part, the RGM (1,1), which is a special form of GP model, gives effective results was examined by comparing with nonlinear models. In comparison of model performances, the MAPE (%) and Accuracy rate (ρ) criteria were used.

			MATERIALs AND METHODS

			Animal material and husbandry

			The study was carried out in the chicken coop in the Animal Husbandry Unit in Akdeniz University Department of Animal Science. In study, a total of 118 commercial broiler day old chicks were used. The chicks were grown in 4 deep-based base compartments. Additional heating is made to provide the optimum temperature in the experimental unit for the first 3 weeks. 23-hour lighting was implemented daily in the coop throughout the study. Starter feed (23% HP, 3200 ME kcal/kg) in the 0-3rd weeks and in the 4-7th weeks growing feed (20% HP, 3200 ME kcal/kg) are given as ad libitum to the birds (NRC, 1994). The body weights were measured with electronic scales with 0.01 sensitivity by attaching wing number to the one day-old chicks, and this process was repeated till the end of the experiment.

			Profile analysis and nonlinear regression

			The profile analysis technique was used primarily in determining the differences in male and female broilers according to body weight (weekly) values obtained at time points. This analysis is a particular usage of MANOVA (Srivastava, 1987).

			In order to determine the most compatible growth function for broilers, Von Bertalanffy, Gompertz and Logistic nonlinear regression models were compared. The mathematical expressions of the growth models are given in Table 1. In the models, the parameters are as defined: β0 asymptotic (mature) symbolizes the weight, β1 refers the scaling (constant of integration), β2 stands for the sudden growth rate (per day) (Yang et al., 2006; Narinç et al., 2010b). The inflection point is the point that divides the curve into two parts in sigmoid models and that the best growth rate (Narinç et al., 2014). The inflection point age, weight for all three models and the equations representing the highest growth rate at these points are presented in Table I. The prediction of the model parameters was done by the Levenberg-Marquardt iteration method by SAS 9.1.3 NLIN procedure (SAS Ins., 2005).

			Grey prediction model GM (1,1)

			The main focus of grey system theory (GST) brought to literature by Deng in 1982 is its tendency towards establishing a mathematical relationship among the factors related to the data with reference to the behavioral data of the systems such as social, industrial, economical, ecological, agriculture, biological etc. This theory usually examines systems with few data and partially unknown variables (Liu and Lin, 2006). The basic philosophy of GST’s emergence is expressed in the way of predicting and solving an analysis of uncertain systems which cannot be resolved by fuzzy or stochastic methods with a limited number of data (Aydemir et al., 2013). One of the main areas of activity in GST is the grey prediction (GP) method. 

			In GST, the general notation of grey prediction models is given as GM (n,h). Here, n states the order of differential equation, while h refers to the number of variables so that GM (1,1) is a type of grey model with 1 variable in first order (Liu and Lin, 2006). GM (1,1) is a form of time series model with three basic operators, which are AGO (accumulated generating operation), IAGO (inverse accumulated generating operation) and grey modelling (Lee and Shih, 2011; Liu and Lin, 2010). 

			Table I.- The growth curve models and the coordinates of inflection point.
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			IPW, Inflection point weight; IPA, Inflection point age.

			The prediction phase in this model consists of 6 steps presented as follows (Huang et al., 2015; Liu and Lin, 2006; Liu and Lin, 2010):

			
					Step 1: Establishing the initial sequences.r0 the original data set is shown as follows using the initial data set.
[image: ]
	Step 2: Developing the AGO sequence (Conversion of the initial sequence to monotone increasing sequence)


r0 sequence converted to the monotonically increasing r1 sequence and this sequence is formed by cumulative sums. r1 sequence is obtained as in Equation 3, which is an AGO.
[image: ]

	Step 3: Establishing a first–order grey differential equation 


In this step, so as to find the GM (1,1) coefficients, the first-order grey differential equation is established as follows.
[image: ]
When the equally weighted defuzzification method is used, it is found that α=0.5. However, equally weighted defuzzification method (α =0.5) is not always effective in uncertain systems. Therefore, the alpha value can vary to have the optimum value in order to increase the model performance and improve the prediction results (Li and Zhao, 2012).
	Step 4: Establishing the grey prediction equation (Calculation of model parameters)


The least squares method (LSM) is exerted to predict the model parameters. In Equation 4, a parameter represents the evelopment coefficient, while b represents the drive coefficient or amount of greying. For parameter prediction, the s1(k)(k=2, …., n) values are used in the method of LSM given in Equation 7 by putting them in the form of B and Y matrices in Equation 6. The equations used to predict the values of a and b and the expansion of matrix forms in the equation are as shown below.
[image: ]
	Step 5: Apply the IAGO to predicted values in order to obtain the solution at time k 


The prediction equation at (k + 1) is obtained using the predicted values of the a and b parameters obtained by solving the first-order derivable equation shown in Equation 5.
 [image: ]
RGM (1,1)
RGM (1,1) is a Grey model that emerged to improve the conventional GM (1,1) model. It is necessary to
have at least 4 past records in order to make predictions in the RGM (1,1). The main basis of RGM (1,1) is the establishment of a new model for each new consecutive forecast value. The model constantly updates itself by shifting the sequence for the predicted value. This shifting process is continued until k < n (Hsu, 2011). Examination of the prediction accuracy at each time point in the GP rolling model is calculated by the formula in Equation 13 (Hsu, 2011):
[image: ]
Performance of the prediction models
During the study, two criteria, namely MAPE (Equation 11) and the prediction accuracy (Equation 12), are used for examining the performance of the prediction models. According to Ma and Zang’s study, the prediction model gets high accuracy if MAPE gets close to zero, which suggests the model’s performance is good (Huang et al., 2015).
RESULTS
Nonlinear model results
According to the MANOVA test statistic (Wilks’ Lambda = 0.0001) in the corresponding chart, sex profiles do not show parallelism. As a result of the analyzes carried out, it was determined that the difference in body weight between sexes first appeared between the 14-21st days (p<0.01) and continued to exist until the end of the trial. 
The growth samples of female and male broiler chicks were analyzed by Bertalanffy, Gompertz and Logistic functions and the growth curves of these models are displayed in Figure 1. The parameters of Bertalanffy, Gompertz and Logistic growth models, the correlations between parameters, the inflection point of age, and weight and growth rate values at this point are given in Table II. 
In terms of the β0 parameter representing the mature weight, higher values were estimated for male broiler chicks than for females in all three models. β0 values of Bertalanffy model are higher than other Gompertz and Logistic model values. In terms of β1 parameter representing the integration constant, the Logistic model showed more deviation values than other models. The predicted values for female and male broiler chicks in terms of the instantaneous growth rate parameter in Bertalanffy model are 0.028 and 0.024, respectively, while they are predicted in the Gompertz model as 0.048 and 0.045, respectively. The predicted values for the logistic model in terms of the parameter (0.106 and 0.104) were found to be quite higher than the other two models. The correlations of growth curve parameters were negative for β0-β1 and β0-β2, while they were found positive for β1-β2 in all models. In terms of inflection point ages, higher values were predicted for male broiler chickens than for females in each model. Similarly, in terms of inflection point weights and maximal increment rates, higher values were predicted for males than for females in all three models.
The results of RGM (1,1) 
In the RGM (1,1) used to predict the time-dependent growth of female and male broiler chicks, different experiments were performed to determine the k and α coefficients. According to the result of these experiments, the number of data to be used in the growth prediction for
[image: ]
Fig.1. Body weight profiles of female and male broiler chicks
Table II.- The parameter values of growth curve models, the correlations between parameters, the coordinates of inflection point.












	Sex


	Model


	β0


	β1


	β2


	rβ0β1


	rβ0β2


	rβ1β2


	IPA


	IPW


	Winc




	Female


	Bertalanffy


	5334


	0.88


	0.028


	-0.79


	-0.98


	0.88


	34.67


	1580


	66.37




	Gompertz


	3947


	4.73


	0.048


	-0.70


	-0.96


	0.85


	32.37


	1456


	69.90




	Logistic


	2924


	31.62


	0.106


	-0.53


	-0.85


	0.87


	32.58


	1462


	77.48




	Male


	Bertalanffy


	7677


	0.89


	0.024


	-0.80


	-0.99


	0.87


	40.91


	2274


	81.88




	Gompertz


	5172


	4.95


	0.045


	-0.70


	-0.96


	0.84


	35.54


	1908


	85.88




	Logistic


	3593


	36.39


	0.104


	-0.54


	-0.86


	0.87


	34.56


	1796


	93.42






Table III.- RGM (1,1) prediction results.












	Obs


	Time


	Male


	
	Female




	Actual weight


	RGM (1,1) Predic-tion


	RGM (1,1) prediction coefficients


	MAPE

(%)


	
	Actual

weight


	RGM (1,1) Predic-tion


	RGM (1,1) prediction coefficients


	MAPE

(%)




	1


	0


	50.83


	
	
	
	
	50,83


	
	
	


	2


	7


	134.14


	
	
	
	
	133.84


	
	
	


	3


	14


	352.37


	
	
	
	
	342.85


	
	
	


	4


	21


	766.99


	
	
	
	
	711.56


	
	
	


	5


	28


	1276.12


	k=5


	
	
	
	1167.41


	k=5


	
	


	6


	35


	1839.17


	1853.7


	a= -0.57; b = 109.3


	0,79


	
	1628.03


	1624.41


	a= -0.55; b = 106.3


	0.22




	7


	42


	2446.9


	2512.6


	a= -0.44; b = 288.9


	2,68


	
	2127.53


	2167.82


	a= -0.41; b = 278.6


	1.89




	8


	49


	2994.68


	3143.58


	a= -0.34; b = 572.7


	4,97


	
	2524.6


	2676.174


	a= -0.32; b = 537.7


	6.00




	Mean MAPE (%)


	2.81


	
	Mean MAPE (%)


	2.70




	Accuracy ρ (%)


	97.19


	
	Accuracy ρ (%)


	97.3




	Predicting level


	Excellent


	
	Predicting level


	Excellent




	α Coefficient


	 α = 0.621


	
	 α = 0.637






Table IV.- The comparison of performances of prediction models.







	Sex


	Model performance criteria


	Von Bertalanffy

MAPE (%)


	Gompertz

MAPE (%)


	Logistic

MAPE (%)


	RGM (1,1)

MAPE (%)




	Male


	MAPE (%)


	13.38


	5.01


	19.71


	2.81




	Accuracy ρ (%)


	86.62


	94.99


	80.29


	97.19




	Predicting level


	Qualified


	Good


	Unqualified


	Excellent




	Female


	MAPE (%)


	13.59


	4.88


	16.51


	2.71




	Accuracy ρ (%)


	86.41


	95.12


	83.49


	97.29




	Predicting level


	Qualified


	Excellent


	Unqualified


	Excellent






Excellent: MAPE <0.01 and Accuracy >0.95; Qualified: MAPE < 0.10 and Accuracy >0.85; Good: MAPE <0.05 and Accuracy >0.09; Unqualified: MAPE ≥0.10 and Accuracy ≤0.85 (Huang et al., 2015)
both female and male broiler chicks was determined as k= 5. The prediction results obtained by rolling GM (1,1) according to optimum k and α are presented in Table III.
According to Table III, when the mean MAPE (%) and Accuracy rate (ρ) of the RGM (1,1) were examined together, these values were found to be higher than 95%. According to predicting level, it is observed that the RGM (1,1) gave quite successful results without estimating the actual values at different time points examined. The results of MAPE (%) and Accuracy rate (ρ, (%)) criteria used to compare model performances are given in Table IV. Accordingly, it was determined that the best prediction model is the Gompertz model, and it is followed by Von Bertalanffy and Logistic growth model in terms of MAPE (%) and Accuracy rate ρ (%) among the nonlinear functions included in the study. On the other hand, when both the MAPE (%) and Accuracy rate ρ (%) are evaluated together, it is seen that the lowest values belong to the RGM (1,1) for both female and male broiler chicks.
DISCUSSION
Many studies have shown that there is a difference between the body weights of female broilers and male broilers and those female broilers have less body weight values than males (Gous et al., 1999; Yakupoglu and Atil, 2001a; Aggrey, 2002; Santos et al., 2005; Narinç et al., 2007; Marcato et al., 2008). Narinç et al. (2007) reported that the Gompertz model β1 parameter values for slow growing female and male broiler chicks are 4.42 and 4.74, respectively, while for commercial broiler chicks 4.68 and 5.22, respectively. The values reported by Narinç et al. (2007) were found consistent with these research results. In this study, the predicted values of the β2 parameter of the Gompertz model were found higher than the predicted values for slow-growing broilers and then the findings of Wang and Zuidhoff (2004), while they were found compatible with the findings of Marcato et al. (2008). There are not many studies using Von Bertalanffy and Logistic models on the growth of broiler chicks.
Yakupoğlu and Atil (2001a), who analyzed the growth in Cobb and Hubbard commercial broilers with Von Bertalanffy’s function, reported that β0, β1 and β0 parameters are 4923 g, 0.97 and 0.16, respectively for females, while for males 5156 g, 0.99 and 0.17, respectively. Darmani-Kuhi et al. (2003), who examine growth on a line developed for meat production with different models, reported that for Von Bertalanffy and Logistic models β0 parameter is 5159 g and 3739 g, respectively for females, while 5475 g and 4413 g respectively for males. In this study, the parameter predictions obtained by using Von Bertalanffy and Logistic model are close to the values reported by Yakupoğlu and Atil (2001a) and Darmani-Kuhi et al. (2003).
In the growth analyzes carried out at with the data collected from the broilers at early ages (5-7 weeks), IPA values determined by the Gompertz model was found between 32.07-40.46 days by various researchers (Yakupoglu and Atil, 2001b; Marcato et al., 2008). Darmani-Kuhi et al. (2003) stated that IPA values are found 43, 43 and 46 days, respectively for male broilers, while 43, 42 and 45 days, respectively for female broilers by using Gompertz, Von Bertalanffy and Logistic functions. The IPA values determined in this study (female:32-35 days, male:35-41 days) were found consistent with the findings of researchers using growth data obtained from conventional system, while were found to be lower than the IPA values determined for broilers grown in an alternative system or for longer periods (Santos et al., 2005).
The growth of male and female chicks was analyzed by RGM (1,1) as well as nonlinear functions. When the performances of Gompertz, Von Bertalanffy and Logistic functions compared with the RGM (1,1) according to MAPE (%) and Accuracy ρ criteria, it was seen that the RGM (1,1) produced more accurate and predicted results with higher accuracy. When the classification by Liu and Deng for the (-a) variant in the GM (1,1) is taken as basis (Huang et al., 2015), it can be said that the RGM (1,1) is appropriate for short-term predictions (for both female and male chicks) depending on the data structure used. The coefficient b, also referred to as the amount of greying in the same prediction model, reflects the changes that occurred or to be occurred in the data over the period studied, since it is based on the past knowledge of the data (Kayacan et al., 2010). Based on this information, it can be said that when the b coefficients of the prediction equations obtained for each time period for both female and male chicks are examined, the change in the growth rate of male chicks is more than that of females. 
 
Conclusion
As a result, nonlinear functions and RGM (1,1) were analyzed for growth in broiler chicks in the present study. It is seen that RGM (1,1) created with previous 5 different points (k = 5) data from weekly measured growth data produced very similar results to actual values with lower error. It may therefore be advisable to use grey prediction models as an alternative to nonlinear models where limited data is obtained for purposes, such as monitoring the growth of the animals during the production process, taking precautions against adverse environmental effects, herd management, etc. On the contrary, if growth is being sought for breeding, the model to be used should be mechanistic and have biologically meaningful parameters. Thus, biological parameters such as model parameters, inflection point coordinates, absolute growth rate, and relative growth rate can be used in genotype breeding programs.
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The mean rolling error of GM (1.1) under the
condition of k+I<n is as below:

e(k+1)= x100% (13)

n—1
1
e= —lz e(k +1)x100% (14)
p—
k=1
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Where;
st(k) =« r*(k) + (1—o)r*(k— 1)
drt(k)

+ari(k) = b (5)
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The initial value condition is taken as r/(1) =
7°(1). The estimator sequence of initial sequence (k) is
computed with 7(k) = 7(k) - 7(k-1) by using the inverse
cumulative operator on 7 (k+1).

- Step 6: Obtaining the grey prediction (GP) model.

The GP model is expressed as in Equation 10 below.

Ph+1)=(1-e%) [r“(l) ~ ) e (10

- Step 7: Error Analysis

In examining the prediction accuracy in the grey
prediction model, Mean Absolute Percentage Error
(MAPE) is calculated by the formula in Equation 11.

n

MAPE (%) = %z

k=2

0 (k) — #°(k)

=T0) x100% (11)

Another criterion used to measure the accuracy
of the prediction 1s the Prediction Accuracy Rate and 1s
calculated as follows (Huang et al., 2015).

p=1—MAPE (12)
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ABSTRACT

Nonlinear regression, Growth
functions, Grey System Theory,
Rolling-Grey Model (1,1), Broiler

DOI: https://dx.doi.org/10.17582/

In this study, it was aimed to model broiler growth curves of chickens with nonlinear regression analysis joumal.pi 7/2020.52.1.347.354

and grey prediction model. For this, the growth of 118 broilers was analyzed by using their weekly
individual live weights from hatch to 49 day-old. In the analysis, nonlinear functions and Rolling-Grey

Corresponding author: pdemir-

Model (1,1) prediction method were used. The time-dependent growths of mixed sexes broilers were arslan@,bartm.edu.tr

analyzed in the aspects of testing the parallelism of female and male growth samples, determining the best 0030-9923/2020/0001-0347 $

fitted growth model and designating the biological meaningful parameters (inflection point age, weight 9 ()()/()

and growth rate) of growth functions. Analyses showed that the growth profiles of female and male chicks 5 : :
found not to be parallel using profile analysis, and the male chicks had a higher body weight than the Copw%mﬁm@m
females (P < 0.01) starting from 14-21% days until the end of experiment. For this reason, the prediction of Pakistan

models were created separately and compared by MAPE (%) and accuracy rate (p) criteria in order to find

out the most consistent growth model for female and male broiler chicks. The results indicate that Rolling-

Grey Model (1,1) is more consistent than Von Bertalanfty, Gompertz and Logistic and can be used as an

alternative to nonlinear regression models in growth analysis.

INTRODUCTION

n terms of animal science, the growth is defined as

the mass or volume change of a tissue or organism at
a unit time. Improving the growth-related characteristics,
particularly in meat production activities, is a priority goal.
In animal breeding, growth is monitored and the effects
of environmental factors on growth are followed up. The
detected deviations in growth during the fattening period
are not fancied and the negative effects are desirable to
eliminate. Scientists have been studying on expressing
growth over many years with different mathematical
functions. To model the growth, nonlinear regression
equations with the semi-empirical structure are usually
used. These equations have 3 or 4 parameters and at least
one parameter of the model has a biological meaning
(France et al., 1996; Mendes et al., 2007; Naring et al.,
2010a; Igbal ef al., 2019). The nonlinear regression
models commonly applied in modeling of growth in
poultry are 3-parameter Logistic, Von Bertalanffy,
Gompertz modets —and 4=parameter Richards function.
Morecover, Weibull, Von Bertalanffy, France, Morgan—
Mercer—Flodin, Michaelis-Menten and Monomolecular

are the other models that find few numbers for scientific
studies. The studies carried out in poultry using growth
models are divided into three categories as “election of
the most compatible model”, “genetic structure of the
growth curve” and “comparison of results of various
applications with growth models”. While the analysis of
growth with those models has been mostly carried out
with the classical frequentist approach, probability-based
methods (Bayesian) have also been used in recent years
(Karaman et al., 2014, Firat ef al., 2016). Additionally, in
order to model the growth, mixed effects model (Aggrey,
2009; Karaman et al., 2013), spline regression (Aggrey,
2002) and multi-stage models (Grossman and Koops,
1988) can also be used. A number of studies conducted
on nonlinear functions that best define growth in broiler
chicks (Narushin and Takma, 2003; Neme et al., 2006).
In this study, it was aimed to investigate the growth of
broiler chicks together with non-linear models with the
Rolling-Grey Model (1,1) (RGM (1,1)) model based on
grey system theory (GST). In the literature, although some
studies using the method of grey relational analysis, which
is a subset of the modelling based on the grey system
theory, were found in animal science (Topal et al., 2016;
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