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In this study, multiple regression analysis was used to estimate the relationships between egg 

albumen index and external egg quality traits in Atak-S hens. Egg albumen index was selected as 

the dependent variable, while egg weight, width, length, shape index, and Haugh unit were selected 

as independent variables. While the overall model fit was high in the multiple regression analysis, 

multicollinearity problem were identified among the independent variables. This could affect the 

model's predictive accuracy, and this problem must be resolved to obtain reliable results. 

For this purpose, Ridge and Principal Component Regression methods, frequently used in the 

literature, were applied. In the analyses, the models obtained using the variables used to estimate 

albumen index and external quality parameters were found to be statistically significant (P<0.05), 

and the goodness-of-fit coefficient of the models was determined to be R² = 0.88. It was determined 

that the Ridge regression method yielded slightly more stable results in terms of predictive power, 

but the Principal Component Regression method provided an advantage in terms of increasing 

interpretability. These results demonstrate that Ridge and Principal Component Regression methods 

are robust alternatives that can be used confidently in data structures containing multicollinearity. 

The findings demonstrate that these methods can be successfully used in poultry breeding and 

selection studies, yielding more reliable and accurate results. Furthermore, it is clear that these 

methods will contribute to the development of more effective and robust models in studies on egg 

quality and productivity. 
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Introduction 

Atak-S hens are one of the leading egg breeds in 

Türkiye and are especially preferred by commercial egg 

producers. Known for their high productivity and 

durability, these hens are in great demand in both the 

domestic and global markets. Quality in egg production is 

directly related not only to productivity but also to the 

physical and chemical properties of the product. In this 

context, the evaluation of the quality of the eggs of Atak-S 

hens plays a critical role in terms of commercial success. 

There is a clear relationship between the external quality 

characteristics of the egg (e.g. shell quality, size, shape) 

and internal quality indicators (alcohol consistency, yolk 

color and nutritional value), and this relationship is one of 

the basic factors that direct egg producers' efforts to control 

and improve quality.  

The egg albumen index is one of the most important 

indicators measuring the internal quality of the egg. The 

egg albumen is directly related to the freshness of the egg, 

and the consistency of the albumen provides information 

about the protein content and durability of the egg. The 

albumen of a high-quality egg is dense, firm and viscous, 

indicating that the egg is fresh and has high nutritional 

value (He et al., 2016). In addition to determining the 

freshness of eggs, the egg albumen index is also important 

for consumer health, as fresh eggs have higher nutritional 

value and better organoleptic properties. 

There are many factors that affect the internal and 

external quality characteristics of the eggs of Atak-S hens. 

These factors include the genetic structure of the chickens, 

their diet, environmental conditions (e.g., temperature and 

light durations), and management practices. In particular, 

genetic factors have a great impact on egg quality. Atak-S 

hens have been genetically selected to produce high-

yielding and high-quality eggs. However, correctly 

analyzing the relationships between external quality 

parameters (shell color, length, shape) and internal quality 

parameters (album consistency, protein structure) is of 

great importance for improving the production process 

(Cahaner et al., 2008; Rizzi et al., 2019). 

http://creativecommons.org/licenses/by-nc/4.0/
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The role of statistical analysis methods in the 

evaluation of egg quality is becoming increasingly 

important. Modelling the relationship between the quality 

parameters of eggs can help producers obtain quality 

products. In this context, multiple regression analysis was 

used to estimate the egg albumen index in this study. 

However, it is known that situations such as 

multicollinearity problem can reduce the reliability of the 

models. Therefore, statistical measures such as simple 

correlation coefficient, Variance Increasing Factor (VIF) 

and Tolerance Value (TV) were used to determine whether 

there is multicollinearity problem between independent 

variables (Maxwell, 2000; Albayrak, 2005). 

After determining the multicollinearity problem, 

alternative analysis methods such as Ridge (Hoerl & 

Kennard, 1970) and Principal Component Regression 

(Jolliffe, 2002; Johnson & Wichern, 2002) methods can be 

applied for cases where the classical regression method 

may be inadequate. In addition, in order to increase the 

accuracy of these models and test the stationarity of the 

series, the Augmented Dickey-Fuller (ADF) unit root test 

(Dickey & Fuller, 1979) can be preferred, and the Vector 

Autoregressive (VAR) models can be preferred to 

determine the causality and lag relationships between 

variables (Johansen, 1995). This comprehensive 

methodological approach provides a more reliable 

estimation of the internal quality indicators of the eggs of 

Atak-S hens, while providing data-based contributions to 

quality control and improvement processes in egg 

production. 

This study also aims to models the external quality 

characteristics and internal quality indicators of the eggs of 

Atak-S hens using multiple regression analysis, Ridge and 

Principal Component Regression methods. The findings of 

the study, especially the analyses conducted to understand 

the relationship between the egg albumen index and other 

quality parameters, will be discussed and it will be 

estimated which models are better. 

 

Materials and Methods 

 

The research material consists of Atak-S local layer 

hybrid hens developed by Ankara Poultry Research 

Institute. In the study, data obtained from internal and 

external egg quality analyses of 30 egg samples obtained 

from 53-week-old Atak-S hybrids reared in cage system 

no. 3 at Çukurova University Research and Application 

Farm were used. Egg quality analyses were performed in 

the Poultry Laboratory of Çukurova University, Faculty of 

Agriculture, Department of Animal Science. The width and 

length of the eggs were measured using a digital caliper (± 

0.01 mm). Egg weight was determined using an electronic 

scale with a sensitivity of 0.01 g. The eggs were broken one 

by one on a glass breaking bench and the dimensions of the 

egg yolk and egg albumen (height, width and length) were 

recorded using a digital caliper (± 0.01 mm). The obtained 

data were used in the following formulas to calculate shape 

index, albumen index, yellow index, Haugh unit values 

(Yannakopoulos and Tserveni-Gousi 1986; Kaya and 

Aktan, 2011; Olawumi and Chiristiana, 2017). 

 

Shape index =
Egg Width (mm)

Egg Length (mm)
×100  (1) 

AI=
Albumen heigth (mm)

Average of Albumen Width and Length (mm)
×100 (2) 

 

AI : Albumen index 

 

HU= 100 log (AH+7.57-1.7 × EW0.37)  (3) 

 

HU : Haugh uniT 

AH : Albumen Height 

EW : Egg Weight 

 

Yolk index =
Yolk  heigth (mm)

Yolk  Width (mm)
×100  (4) 

 

In addition, a predictive models was established in the 

study using one dependent variable (albumen index) and 

five independent variables (egg weight, width, length, 

shape index and Haugh unit). In order to evaluate the 

accuracy and fit of the models, multiple regression 

methods was performed with the SPSS 26 statistical 

package program, which is widely preferred in the 

literature. Multiple regression methods is a methods that 

allows understanding the relationship between the 

dependent variable and more than one independent 

variable. In general, the mathematical models of multiple 

linear regression can be written as follows (Üçkardeş et al., 

2012):  
 

𝑌 = 𝛽0 + 𝛽1𝑋1 + ⋯ 𝛽𝑛𝑋𝑛 + 𝜀     (5) 
 

Here: 

Y: Dependent variable, 

𝛽0: Constant term of the models (the value of the 

dependent variable when all independent variables are 

zero), 

𝛽1, 𝛽2, … 𝛽𝑛 : Regression coefficients for each of the 

independent variables (shows the effect of each 

independent variable on the dependent variable), 

𝑋1, 𝑋2, … , 𝑋𝑛: Independent variables, 

ε∶ Error term, 
 

In multiple regression methods, there are various 

assumptions to determine the fit criteria of the  models. 

One of these assumptions is that the independent variables 

should be independent of each other, that is, there should 

be no relationship between the independent variables. If 

this assumption is not met, the problem of multicollinearity 

occurs. This means that there is a high linear relationship 

between the independent variables and can negatively 

affect the accuracy and reliability of the models (Maxwell, 

2000; Montgomery et al., 2001).  

The most commonly used methods for determining the 

multicollinearity problem can be listed as follows: 

Simple correlation coefficient: If the correlation 

between independent variables is high (r ≥ 0.75), 

multicollinearity problem should be suspected.  

Variance Increasing Factor (VIF): This methods 

measures how strong the relationship between each 

independent variable is with other independent variables. 

Variance Increasing Factor (VIF) is an indicator that 

measures the linear relationship of an independent variable 

with other independent variables. If the Variance 

Increasing Factor (VIF) value of an independent variable is 

10 or above, this indicates that there is a multicollinearity 

problem (Albayrak, 2005).  
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Variance Increasing Factor (VIF) can be calculated 

using the following formula: 

 

VIF:  𝐶𝑖𝑗 =
1

1−𝑅𝑖𝑗
           (6) 

 

Tolerance Value (TV): It is an indicator that measures 

the relationship of each independent variable with other 

independent variables and is calculated by subtracting the 

coefficient of determination (R2) from 1 (1- R2) (Albayrak, 

2005).  

Each of these methods should be evaluated from 

different perspectives and used, because each of them may 

not provide accurate results on its own. Therefore, it is of 

great importance to consider all these methods together to 

detect the presence of a multicollinearity problem. There 

are a number of suggestions in the literature to solve the 

multicollinearity problem. These include methods such as 

removing variables from the models, combining related 

variables, adding new variables to the models, Ridge and 

Principal Component Regression methods. However, the 

most common and reliable methods in the literature is 

Ridge and Principal Component Regression methods 

(Albayrak, 2005).  

Ridge Regression methods, developed by Hoerl and 

Kennard (1970), is a powerful alternative developed for 

situations where the classical Least Squares methods is 

ineffective when faced with a multicollinearity problem. 

Ridge Regression methods is based on the basic principles 

of the Least Squares methods, but adds a small bias 

constant, the Ridge parameter (k), to the diagonal values of 

the variance and covariance matrix. Thanks to this 

addition, the models estimation variances are reduced, 

while the estimations become slightly biased. As a result, 

Ridge Regression methods can produce two different 

results, such as unbiased estimates with high variance or 

biased estimates with low variance. This balance is 

generally a preferred methods in order to increase the 

overall accuracy of the models (Albayrak, 2005).  

Principal Components Regression methods, developed 

by Pearson (1901) and Hotelling (1933), is a more 

powerful alternative developed for situations where the 

classical Least Squares methods ineffective when faced 

with a multicollinearity problem (Jolliffe, 2004). Although 

it is based on the basic principles of the Least Squares 

methods, it is a method of expressing the data set consisting 

of the original p variables with a smaller number of new 

variables that are linear components of these variables. In 

other words, the method of expressing the structure 

explained by p variables with correlations between them 

with k variables that are linear components of the original 

variables that are not correlated and are fewer than the 

number of original variables (k < p) is called Principal 

Components Regression methods (Johnson and Wichern, 

2002). 

In ridge regression analysis, in order to determine the 

initial parameter k and the variance lag length in the 

appropriate models, the point at which the regression 

becomes stationary can be determined with the Augmetted 

Dickey Fuller (ADF)  unit root test, and the appropriate 

models variance lag length can be determined with the 

Vector Autoregressive (VAR) models, while in Principal 

Components Regression methods, in order to determine the 

appropriate models, the stationarity test can be performed 

with the help of Augmetted Dickey Fuller (ADF)  unit root 

tests and the appropriate lag length can be calculated with 

the Vector Autoregressive (VAR) models.  

Augmetted Dickey Fuller (ADF) unit root test: A 

commonly used test to determine whether time series data 

is stationary is the Augmetted Dickey Fuller (ADF) unit 

root tests. A stationary time series is a series whose 

statistical properties (such as mean and variance) do not 

change over time and remain constant. The Augmetted 

Dickey Fuller (ADF) unit root test whether the series 

contains a unit root. If there is a unit root in the series, the 

time series is non-stationary, which means that there is a 

trend or tendency in the series. If there is no unit root, the 

time series is stationary. The mathematical model of the 

Augmetted Dickey Fuller (ADF) unit root test is usually 

expressed as follows (Dickey Fuller, 1979): 

 

∆𝑌𝑡 = 𝛼 + 𝛽𝑡 + 𝛾𝑌𝑡 − 1 + ∑ 𝛿𝑖∆𝑌𝑡−𝑖 + 𝜀𝑡
𝑝
𝑖=1   (7) 

 

Here, 

Yt= Time series data, 

∆𝑌𝑡 = Time series change, 

𝛼 = Constant term,  

𝛽 = Trend coefficient, 

𝛾 = Unit root coefficient, 

𝛿𝑖= Lagged values coefficients, 

p: Lag length, 

𝜀𝑡= Error term,  

 

Vector Autoregressive (VAR) models: In econometric 

analyses, when the relationships between independent 

variables are complex and reciprocal, the use of 

simultaneous equation systems becomes important. In such 

systems, taking into account the interactions of each 

variable with other variables provides more accurate and 

reliable results. One of the methods widely used in solving 

simultaneous equations is the Vector Autoregressive 

(VAR) models. The Vector Autoregressive (VAR) models 

makes it possible to models the past values of each 

endogenous variable together with all other endogenous 

variables in time series analyses. This models is a powerful 

tool in examining dynamic relationships and interactions. 

The mathematical formula of the Vector Autoregressive 

(VAR) models can be expressed as follows with an 

equation with a lag length of p: 

 

𝑦𝑡 = 𝐴1𝑦𝑡−1 + ⋯ + 𝐴𝑝𝑦𝑡−1 + 𝐵𝑥𝑡
+ 𝜀𝑡   (8) 

 

Here, 𝑦𝑡𝑝 × 1 dimensional value vector, 𝑥𝑡𝑑 × 1 

dimensional deterministic variables, 𝐴𝑝𝑝 × 𝑝  dimensional 

parameter matrices and the error terms vector (Johansen, 

1995). 

In the research, it was determined that there was a 

multicollinearity problem in the estimated models 

established with the help of simple correlation coefficient, 

Variance Increasing Factor (VIF) and Tolerance Value 

(TV). It was aimed to solve this problem comparatively 

with the help of Ridge Regression and Principal 

Components Regression methods, which are widely used 

in the literature. 
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Result and Discussion 

In the data set obtained as a result of internal and 

external quality analyses of Atak-S eggs, firstly, in the 

analyses performed on various indices and weights of egg 

albumen and yolk, the albumen and yolk indices and 

weights were examined as dependent variables. In the 

modeling study, the albumen index with an R² value above 

0.75 was determined as the most appropriate dependent 

variable. Accordingly, the hypothesis test and estimated 

modeling process performed on the albumen index was 

formulated as follows in order to best explain the data. 

H0: There is no relationship between egg albumen 

index and external egg quality characteristics. 

H1: There is a relationship between egg albumen index 

and external egg quality characteristics. 

 

𝑌̂ = 𝛽0̂ + 𝛽1̂𝑋1 + 𝛽2̂𝑋2 + 𝛽3̂𝑋3 + 𝛽4̂𝑋4 + 𝛽5̂𝑋5 + 𝑒̂ (9) 

 

𝑌̂  = Egg albumen index 

X1 = Egg weight 

X2 = Egg width 

X3= Egg length 

X4= Shape index 

X5= Haugh unit 

 

Afterwards, the multiple regression equation obtained 

by the Least Squares methods was created to examine the 

linear relationship between the egg albumen index and the 

external quality characteristics of the egg. Whether this 

relationship is statistically significant or not is presented in 

Table 1, and the parameter estimates and the significance 

levels of these estimates are given in Table 2and 3. In 

addition, the Variance Increasing Factor (VIF) and 

Tolerance Value (TV) showing the relationship between 

the independent variables are given in Table 4. 

 
Table 1. Goodness of fit (R²) and standard error values of the multiple regression equation obtained by the Least Squares methods. 

R R Square Adjusted R Square Std. Error of the Estimate 

0.96 0.90 0.90 0.842 

 
Table 2. Variance analysis value of the multiple regression equation obtained by the Least Squares methods. 

 Sum of Squares df Mean Square F Sig. 

Regression 128.369 5 25.674 36.131 0.000 

Residual 17.054 24 0.711   

Total 145.423 29    

 
Table 3. Parameter estimate and significance level of the multiple regression equation obtained by the Least Squares methods. 

 Regression Coeffıcient Std. Error of the Estimate t p 

β0̂ 89.05 94.62 0.94 0.35 

β1̂ 0.01 0.17 0.08 0.93 

β2̂ 1.64 2.01 0.81 0.42 

β3̂ -1.43 1.50 -0.94 0.35 

β4̂ -1.12 1.20 -0.93 0.36 

β5̂ 0.17 0.01 10.81 0.00 

 
Table 4. The relationship between the independent variables of the multiple regression equation obtained by the Least Squares methods, 

Variance Increasing Factor (VIF) and Tolerance Value (TV).  

Correlation Matrix 

Variables 
Egg 

Weight 

Egg  

Width 

Egg 

Length 

Shape 

Index 

Haugh 

Unit 
TV VIF 

Egg Weight 1     0.064 15.53 

Egg Width 0.752** 1    0.007 143.61 

Egg Length 0.606** -0.003 1   0.003 368.40 

Shape Index -0.108 0.537** -0.844** 1  0.002 491.48 

Haugh Unit -0.321 -0.034 -0.516** 0.411* 1 0.705 1.41 

 

 

When Table 1 is examined, it is shown that the multiple 

regression models obtained with the Least Squares 

methods strongly explains the relationship between egg 

albumen index and external quality characteristics by 96 

%. This reveals that the changes in the egg albumen index 

are largely related to external quality characteristics. 

However, the existence of this strong relationship also 

brings up the problem of multicollinearity. The analysis in 

Table 2 shows that the Ho hypothesis is rejected and the 

regression relationships are statistically significant 

(P<0.01), which reveals the validity of the models and that 

the results obtained are not random. The examination in 

Table 3 shows that all coefficients (except 𝛽5̂ ) are not 

significant (p>0.05). The relationship between the 

independent variables is analyzed in Table 4 and the high 

Variance Increasing Factor (VIF) values reveal that some 

independent variables (shape index, egg length, etc.) have 

a strong linear relationship. These high Variance 

Increasing Factor (VIF) values (VIF≥10) indicate a 

multicollinearity problem in the models. In order to detect 

this problem precisely;  
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(VIF)=𝐶𝑖𝑗 =
1

1−𝑅𝑖𝑗
     (10) 

with the help of the formula, 

 

(VIF)= 𝐶𝑖𝑗 =
1

1−0.96
=

1

0.04
= 25   (11) 

has been calculated. 

 

In the estimated models where the albumen index is 

used as the dependent variable, it was determined that the 

condition (𝐶𝑖𝑗 ≥ 10) was met; this indicates the problem 

of multicollinearity. In order to eliminate this problem, 

Augmetted Dickey Fuller (ADF) unit root test and 

stationarity analysis were first performed on the data set 

using the Eviews package program to determine the 

appropriate lag length. After the test, the most appropriate 

lag number was determined in the estimated models using 

the Vector Autoregressive (VAR) models. The results 

obtained during this process are given in Tables 5, 6 and 7 

respectively.  

As a result of examining Table 5 and 6, it was 

determined that there was a maximum of 3 lag lengths 

suitable for the data set and that the series were stationary 

at the level. This situation shows that the effect of egg 

external quality characteristics on the albumen index is 

zero starting from the 3rd lag length in the estimated 

models. In addition, it was determined that the most 

appropriate lag length selected by the criteria (*) was the 

3rd lag length. Ridge and Principal Component Regression 

methods, which are widely used in the literature, were 

applied in order to eliminate the multiple linear connection 

problem that emerged in the models.  

In the Ridge Regression methods, the k constant value 

was initially taken as zero because it was stationary at the 

level, and 3 was selected as the appropriate lag length in 

the Variance Increasing Factor (VIF) value calculation. 

Accordingly, the linear relationship between egg albumen 

index and external quality characteristics was re-evaluated 

in the obtained multiple regression equation, and the results 

are presented in Table 7. The statistical significance status 

is shown in Table 8. Parameter estimates, significance 

level, Variance Increasing Factor (VIF) and Tolerance 

Value (TV) are given in Table 9, and the Variance 

Increasing Factor (VIF) graph is given in Figure 1. 

In the analysis performed with the Principal 

Components Regression methods, the same Variance 

Increasing Factor (VIF) value was reached as with Ridge 

regression. In the obtained multiple regression equation, 

the linear relationship between the egg albumen index and 

external quality characteristics was re-examined and 

presented in Table 10. The statistical significance of this 

relationship is given in Table 11, and parameter estimates, 

significance levels, Variance Increasing Factor (VIF)  and 

Tolerance Value (TV) are given in Table 12. 

EAI: Egg Albumen Index, EW: Egg Weight, EWi: Egg 

Width, EL: Egg Length, SI: Shape Index, HU: Haugh 

Index.. 

 

 

Table 5. Augmetted Dickey Fuller (ADF) unit root test results.  

ADF-t statistics 
Critical Values Level 

% 1 % 5 % 10 t- statistics Probability (p) 

Egg Albumen Index -3.679 -2.967 -2.622 -9.372 0.000 

Egg Weight -3.679 -2.967 -2.622 -9.619 0.000 

Egg Width -3.679 -2.967 -2.622 -9.287 0.000 

Egg Length -3.679 -2.967 -2.622 -9.298 0.000 

Shape Index -3.679 -2.967 -2.622 -9.357 0.000 

Haugh Unit -3.679 -2.967 -2.622 -9.367 0.000 

 

Table 6. Vector Autoregressive (VAR) Models lag length result.  

 Lag LogL LR FPE AIC SC HQ 

0 -245.28 NA 4.88 18.61 18.90* 18.69 

1 -224.51 30.77 16.23 19.74 21.75 20.34 

2 -193.59 32.11 36.88 20.11 23.85 21.22 

3 -99.74 55.58* 2.35* 15.83* 21.30 17.45* 

LR: sequential modified LR test statistic (each test at 5% level) FPE: Final prediction error, AIC: Akaike information criterion, SC: Schwarz information 
criterion, HQ: Hannan-Quinn information criterion, * Indicates lag order selected by the criterion 

 

Table 7. Goodness of fit and standard error values of the multiple regression equation obtained by the Ridge Regression methods. 

R R Square Adjusted R Square Std. Error of the Estimate 

0.87 0.88 0.88 0.672 

 

Table 8. Variance analysis value of the multiple regression equation obtained from Ridge Regression methods. 

 Sum of Squares df Mean Square F Sig. 

Regression 127.25 5 25.45 33.61 0.000 

Residual 18.17 24 0.75   

Total 145.42 29 5.01   
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Table 9. Parameter estimates, Variances Increasing Factor (VIF) and Tolerance Value (TV) of the multiple regression 

equation obtained by the Ridge regression methods.  

 Regression Coeffıcient Std. Error of the Estimate VIF TV 

β0̂ 18.22 - - - 

β1̂ -0.001 -0.002 8.64 0.16 

β2̂ 0.15 0.06 8.81 0.18 

β3̂ -0.27 -0.24 7.36 0.20 

β4̂ -0.19 -0.25 6.31 0.25 

β5̂ 0.17 0.90 1.34 0.70 

Table 10. Goodness of fit and standard error values of the multiple regression equation obtained by the Principal 

Components Regression methods. 

R R Square Adjusted R Square Std. Error of the Estimate 

0.86 0.88 0.89 0.576 

 

Table 11. Variance analysis value of the multiple regression equation obtained by the Principal Components Regression methods. 

 Sum of Squares df Mean Square F Sig. 

Regression 127.75 5 25.55 34.71 0.00 

Residual 17.66 24 8.73   

Total 145.42 29 5.01   

 

Table 12. Parameter estimates, Variances Increasing Factor (VIF) and Tolerance Value (TV) of the multiple regression 

equation obtained by the Principal Components Regression methods.  

 Regression Coeffıcient Std. Error of the Estimate VIF TV 

β0̂ 13.91 - - - 

β1̂ -0.002 0.17 9.36 0.17 

β2̂ -0.15 0.55 8.85 0.18 

β3̂ -0.04 0.18 5.30 0.24 

β4̂ -0.007 0.03 0.41 0.88 

β5̂ 0.17 0.01 1.36 0.69 

 

 
Figure 1. Variance Icreasing Factor (VIF) graph. 

EAI: Egg Albumen Index, EW: Egg Weight, EWi: Egg Width, EL: Egg Length, SI: Shape Index, HU: Haugh Index 
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When Tables 7, 8, 9, 10, 11 and 12 are examined, it is 

observed that there are significant differences between the 

parameters obtained from Ridge and Principal 

Components Regression methods and the Least Squares 

methods. Ridge and Principal Components Regression 

methods significantly reduce the standard errors by 

limiting the size of the parameters thanks to the penalty 

term added to the parameters. This feature increases the 

estimation accuracy of the models and provides more 

reliable results. In the Least Squares methods, problems 

such as multicollinearity and overfitting may cause the 

standard errors of the parameters to increase. However, 

Ridge and Principal Components Regression methods 

effectively eliminate such problems and provide a more 

robust and reliable models. As a result, Ridge and Principal 

Components Regression methods have reduced the 

standard errors of the parameters and provided more 

accurate and reliable regression models. It has been 

observed that these methods increase the generalization 

power of the models and reduce estimation errors. In 

addition, the results of the estimated models are given 

below, respectively. 

 

𝑅̂ = +18.22̂ − 0.001̂𝑋1 + 0.15̂𝑋2 − 0.27̂𝑋3 −
0.19̂𝑋4 + 0.17̂𝑋5 + 𝑒̂      (12)  

 

𝑃̂ = +13.91̂ − 0.002̂𝑍1 − 0.15̂𝑍2 − 0.04̂𝑍3 −
0.007̂𝑍4 + 0.17̂𝑍5 + 𝑒̂     (13) 

 

In the regression analysis results obtained with the 

Least Squares methods in Tables 1, 2 and 3, the regression 

parameters of most of the estimation equations (except 𝛽5̂ ̂) 

were found to be significant (P<0.05). In addition, the 

standard error of the 𝛽0̂ parameter was found to be higher 

than the others, and these results are in line with the studies 

of Aktan (2004) and Akçay and Sarıözkan (2015).  

 When the relationship between the independent 

variables in Table 4 is examined, it was determined that 

there was a relationship between egg weight and egg width 

(75 %) and between egg length and shape index (84 %) 

(p<0.05). These results are similar to the reports of Akbaş 

et al. (1996), Kul and Şeker (2004), Alkan et al. (2010), 

Gök et al. (2023). 

In order to solve the multicollinearity problem detected 

in the estimation models in Tables 5 and 6, Ridge and 

Principal Component Regression methods, which are 

frequently used in the literature, were preferred. In the 

Ridge and Principal Component Regression methods, the 

lag length was determined as 3 in the Variance Increasing 

Factor (VIF) calculations in accordance with the literature 

recommendations. This application is consistent with the 

findings obtained in the study conducted by Gök et al. 

(2022), Gök and Şahin (2023), Gök and Şahin (2023), Gök 

and Şahin (2024) and Gök and Şahin (2024).  

In the Ridge and Principal Component Regression 

methods performed to solve the multicollinearity problem 

in Tables 7, 8, 9, 10, 11 and 12, lower parameter values, 

Variance Increasing Factor (VIF; 7.69, 7.14) and 

Tolerance Value (TV), respectively, were obtained 

compared to the Least Squares methods. These findings are 

consistent with the studies of Albayrak (2005), Topal et al., 

(2010), Rathert et al. (2011), Üçkardeş et al. (2012), Akçay 

and Sarıözkan (2015), Çiftsüren (2017), Yalçınöz and 

Şahin (2020), Demir et al. (2021), Tolun et al. (2023), 

Yavuz et al. (2023), Çetenak et al. (2024) and Tolun et al. 

(2024) are equivalent to the results of the studies. 

 

Conclusion 

 

In this study, the problem of multiple linear 

connections encountered in the estimation of albumen 

index, one of the internal quality parameters of eggs in 

poultry farming, was addressed and in order to overcome 

this problem, Ridge and Principal Component Regression 

methods were applied. As a result of the analyses, it was 

seen that both methods increased the estimation accuracy 

in data sets with high correlation and provided more stable 

results compared to the traditional Least Squares methods. 

Ridge regression method reduces the variance by 

reducing the regression coefficients and thus reduces the 

risk of overfitting. On the other hand, the Principal 

Component Regression method simplifies the models by 

reducing high-dimensional and correlated data to a smaller 

number of independent components and keeping the 

information loss at a minimum level. In the comparison, it 

was determined that Ridge regression method provided 

slightly more stable results in terms of estimation power, 

but Principal Component Regression methods provided an 

advantage in terms of increasing the interpretability of the 

models. 

In line with these findings, both Ridge and Principal 

Component Regression methods stand out as strong 

alternatives that can be used safely in data structures with 

multiple linear connections. The method to be preferred in 

the modelling process should be evaluated depending on 

the data structure, the nature of the target variable and the 

purpose of the application. 

As a result, the use of these methods not only increases 

the models performance but also contributes to a more 

objective and reliable analysis of egg quality. This allows 

for more accurate decisions to be made in poultry breeding 

and selection programs and for genetic progress to be 

directed more effectively. In future studies, it is 

recommended that these regression techniques be used 

with different egg quality criteria and genetic parameters. 
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