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Introduction

Multivariate prediction models have been widely used in 
animal breeding experiments, most especially for estimation and 
prediction of body weight from morphological parameters and 
their indices. Various statistical techniques involving prediction 
models such as principal component analysis, canonical 
correlation, factor score analysis, regression tree analysis, linear, 
quadratic, cubic and multiple regression models, etc. have been 
employed by researchers to investigate relationships between 
body measurements and body weight and also to predict the 
expected improvement of this polygenic trait (Cankaya and 
Kayaalp, 2007; Yakubu et al., 2009; Yakubu and Musa-Azara, 
2013; Oguntunji and Ayorinde, 2014; Oguntunji, 2017).  

Of all the aforementioned predictive models, the most 
commonly used statistical technique for deriving prediction 
equations is ordinary least square regression analysis (Pimental 
et al., 2007; Dias et al., 2011). However, it is worth emphasizing 
that a major challenge to the precision, interpretation and 
application of results of various multivariate predictive models 
is the statistical phenomenon called multicollinearity.

Multicollinearity/collinearity is a statistical phenomenon in 
which two or more predictor variables in a multiple regression 
model are highly correlated and likewise related with the response 
variable (Adeboye et al., 2014; Akinwande et al., 2015). Pimen-
tel et al. (2007) indicated that multicollinearity induces numeri-
cal instability into the estimate and has dire consequences on 
their precision. Furthermore, presence of collinearity complicates 
interpretation as a function of its influence on the magnitude of 
regression weights and the potential inflation of their standard 
errors, thereby negatively influencing statistical significance tests 

of these coefficients (Adeboye et al., 2014). Over inflation of the 
standard error, an attendant effect of multicollinearity makes 
some variables statistically insignificant when they should be 
significant without collinearity, i.e. with lower standard errors (Ak-
inwande et al., 2015). 

The Sudani duck or Egyptian Muscovy duck is a native duck 
breed in Egypt that descended from the Muscovy duck (Cairina 
moschata) and is considered as one of the oldest domestic 
Muscovy ducks in the world (Abdel-Samie et al., 2012; Makram 
et al., 2015). This waterfowl is one of the popular birds in Egypt 
and its meat is highly cherished among rural folks for its flavor 
and delicacy (Makram, 2015). They have higher carcass quality 
and their higher disease resistance compared to the exotic 
breeds makes them the most preferred duck genotype among 
small-holder/peasant farmers in Egypt (El-Soukkary et al., 
2005; Galal et al., 2011; Makram, 2015).

Body weight is an important economic trait in farm animals 
and high premium is attached to it by livestock farmers (Oguntunji, 
2017). This economic trait is a key determinant of the market price 
in livestock enterprise most especially in the developing world 
where standard marketing practices and regulations operating 
in developed economies are not available. The importance 
attached to this quantitative trait might not be unconnected 
with its significant contribution to the profit margin of livestock 
farmers, most especially in a livestock enterprise where the 
main target is market weight or dressed meat (Oguntunji, 2017). 
Considering the high premium attached to this economic trait, it 
would be of great interest and assistance to animal breeders and 
livestock farmers to identify principal morphometric parameters 
at early or grower age that can assist in identifying animals with 
good genetic potential and capable of meeting the target market 
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weight. Literature is abundant on prediction of adult body weight 
of ducks from morphometric traits (Ogah et al., 2011; Oguntunji 
and Ayorinde, 2014; Yakubu et al., 2015; Oguntunji, 2017) but 
related studies on prediction of 14-week market body weight of 
adult Sudani ducks from morphometric measurements either 
from early or grower age are non-existent.

In view of the foregoing, this study was conducted to fix 
multicollinearity among predicting variables and to identify 
early age morphometric parameters central to the fitting of the 
optimum regression model for prediction of market body weight 
of Egyptian Sudani ducks at 14 week of age.

Material and methods 

Study area and experimental animals
This experiment was carried out at a private farm in Fayoum 

Governorate, Egypt. A total of 150-day-old un-sexed Sudani 
ducklings were used. Ducklings were reared intensively and 
were supplied with water and feed ad libitum throughout the 
14-week experimental period (Table 1). Besides, routine 
vaccination and medications were administered as at when 
due.

Table 1. Proximate composition of diets fed to ducklings 

Diet composition
Nutrient Starter 

(0-4 weeks)

Grower 

(4-8 weeks)

Finisher

 (8-12 weeks)
Crude protein (%) 23.07 20.04 18.00
ME (kcal/kg) 2972.50 3006.60 3100.10
Calcium (%) 0.75 0.62 0.60
Phosphorus (%) 0.41 0.34 0.33
Methionine (%) 0.42 0.37 0.35
Lysine (%) 1.05 0. 88 0.70
Fiber (%) 3.53 3.23 2.83

Data collection
Data on body weight and four morphometric parameters 

(shank length, keel length, breast circumference and body 
length) were taken at 2, 4 and 6 weeks of age as follows 
(Makram, 2015):

• Body weight (BWT): was determined with the sensitive 
measuring scale to the nearest two decimal places (g);

• Shank length (SHL): was measured by measuring the 
length of tibio-tarsus from the top of the hock joint to foot pad 
with the aid of digital calipers (cm);

• Keel length (KLL): was taken as the keel bone length 
supporting the breast fillet and was measured with digital 
calipers in centimeter (cm); 

• Breast circumference (BRC): was taken under the wings at 
the edge of sternum and body with the aid of measuring tape (cm);

• Body length (BDL): measured the body longitude 
beginning from the beak to the termination of the foot with the 
aid of measuring tape (cm).

In addition, only body weight was measured at day-old and 
market age (14 week) while data for 6-week KLL were excluded 
from the final analysis.         

Statistical analyses
Pairwise correlation coefficients between covariates were 

determined as the first indicator of multicollinearity. The inade-
quacy of correlation coefficients to accurately detect presence 
of quasi-dependence even when several variables are involved 
in multicollinearity (Rawlings, 1988) and when pairwise cor-
relations are zero (Roso et al., 2005), informed application of 
various multicollinearity diagnostics as variance inflation factor 
(VIF), tolerance (T), condition index (CI) and eigenvalues (EV) 
to confirm further existence of collinearity among the variables.

Multicollinearity diagnostics
Variance inflation factor (VIF): VIF is the most common 

measure of multicollinearity and is the diagonal element of the 
inverse of the simple correlation matrix and was estimated as 
follows (Roso et al., 2005):

VIF =   1 / (1 - R2),                                                                                                     (1)
Where, R2 is the coefficient of determination of the regres-

sion of the independent variable on all other independent vari-
ables in the postulated model.

Tolerance: Tolerance (T) was estimated as follows (Jeeshim 
and Kucc, 2002):

T = 1 - R2                                                                                                                   (2)

Eigen value and Condition index: Condition index (CI) 
was obtained for each eigenvalue (EV) and was computed 
according to Roso et al. (2005):

CI = (λmax / λi)1/2 or √λmax / λi,                                                                                   (3)
Where:  λmax is the largest eigenvalue; λi is the ith eigenvalue 

of the correlation matrix.
When more than one variable is involved with multicolline-

arity problem in multiple regression analysis, it is important to 
scientifically determine which of the collinear variables should 
be retained or removed. The following model according to 
Weisberg (1985) was employed to generate redundant varia-
ble (RV) values:

RV = |Bj| / δ,                                                                                                                  (4)
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Where |Bj| = Regression coefficient of Xj variable and δ = 
Square root of residual mean square of the full regression mod-
el (√1-R2).

Collinear variables with high values were retained while 
those with low values were removed from further analysis 
(Weisberg, 1995).

Besides, quadratic effect of the variable with the highest 
predictive power was also fitted in quadratic model.

The regression equations for stepwise regression and non-
linear quadratic models were:

Y= b0+ b1X1 + b2X2 +……….. + bnXn + e  (multiple stepwise 
regression model), 

Y= b0+ b1X1 + b2X2
2 + e   (quadratic model),  

 
Where:
Y = Response variable (14 Wk BWT);
b0 = The intercept;
b’s = Regression coefficients; 
X’s = Independent variables (0day BWT, 2Wk BWT, 2Wk 

BDL, 2Wk BRC, 2Wk SHL, 2Wk KLL, 4Wk BWT, 4Wk BDL, 
4Wk BRC, 4Wk SHL, 4Wk KLL, 6Wk BWT, 6Wk BDL, 6Wk 

BRC and 6Wk SHL);
e = random error.  
The efficiency of the generated predictive models was de-

termined using coefficient of determination (R2) and root mean 
square error (RMSE) (Shirzeyliet et al., 2013; Raja et al., 2013). 
All data were analysed with SPSS version 16 (2001).

Results and discussion

Correlation analysis
The result of bivariate relationships between variables 

is represented in Table 2. The highest pairwise bivariate 
relationship between the predictors and the target variable 
(14Wk BWT) was with 2Wk BWT (r= 0.934, P<0.001). Six 
other predicting variables (0day BWT (r= -0.471), 2Wk BWT 
(r= 0.934), 4Wk BWT (r= 0.885), 6Wk SHL (r= -0.825), 6Wk 
BRC (r= -0.811), 6WK BDL (r= 0.801) and 6Wk BWT (r= 
0.920) were also highly significantly (P<0.001) correlated 
with the response variable. The highest positive relation-
ships of 2Wk BWT and 6Wk BWT with 14Wk BWT is sug-
gestive that these predicting variables are good predictors 
of the response variable.

Table 2. Bivariate relationships between medium (≥0.40) to highly correlated morphometric traits of Sudani ducks

Trait

4Wk

KLL

4Wk

BDC

4Wk

BDL

0 DAY

BWT

2Wk

BWT

4Wk

BWT

6Wk

SHL

6Wk

BDC

6Wk

BDL

6Wk

BWT
14Wk BWT 0.471 0.934 0.885 -0.825 -0.811 0.801 0.920
4Wk SHL 0.579 0.753 0.642
4Wk KLL 0.515 0.584
4Wk BDC 0.475
0DAY BWT 0.712 0.710 0.712
2Wk BWT 0.960 -0.726 -0.717 0.702 0.982
4Wk BWT -0.696 -0.686 0.653 0.987
6Wk SHL  0.991 -0.981 -0.709
6Wk BDC -0.983 -0.699
6Wk BDL  0.671

*All correlation coefficient values were highly significant at P≤0.01% probability level

Correlation coefficient is one of the diagnostic techniques 
to detect multicollinearity among variables. High bivariate re-
lationship between target variable and some linear measure-
ments is an indicator of existence of multicollinearity among 
variables. Some investigators used correlation coefficient of 0.5 
and above (Donath et al., 2012) but the most typical cut off is 
0.80 (Berry and Feldman, 1985) as baseline value for detecting 
collinearity. Although the correlation matrix is a useful starting 
point for understanding the structure of the X-space; neverthe-
less, it has certain limitations. It is incapable of diagnosing the 
co-existence of near-dependencies among the variables. Be-
sides, it cannot support evidence of collinearity problem in the 
absence of a high correlation (Schoeman et al., 2002). Vatche-
va et al. (2016) corroborated previous reports that caution must 
be taken when more than two predictors in the model have 
even weak pairwise correlation coefficient (r=0.25) as they can 
result in a significant multicollinearity effect.

VIF and T
The result demonstrated existence of severe collinearity in six 

of the predictors (2Wk BWT, 4Wk BWT, 6Wk SHL, 6Wk BRC, 6Wk 
BDL and 6Wk BWT) having higher VIF and very low T (Table 3). 

VIF as one of the diagnostic statistics of collinearity is a 
function of the multiple correlation coefficients among the ex-
planatory variables and is a much more informative tool for 
detecting multicollinearity than the simple pairwise correla-
tions (Pimentel et al., 2007). However, there is no consensus 
among researchers on formal criterion for determining the 
bottom line of the T or VIF (Gill, 1986; Jeeshim and Kucc, 
2002). Chattererjee and Price (1991) suggested that a VIF 
value greater than one (>1) indicates deviation from orthogo-
nality and tendency to collinearity while some argued that VIF 
greater than 10 is a pointer to multicollinearity among varia-
bles (Gill, 1986; Rook et al., 1990; Belsley, 1991; Jeeshim 
and Kucc, 2002). Nevertheless, Freund and Wilson (1998) 
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and O’Brien (2007) suggested that VIF rule of thumb should 
be interpreted with cautions and should be put in context of 
the effects of other factors that influence the stability of the 

specific regression coefficient estimate and suggested that 
any proposed VIF cut-off should be based on practical con-
sideration.

Table 3. Variance inflation factor and tolerance values of morphometric traits of Sudani ducks

Trait  Sig.
Collinearity statistics

T VIF Remarks
2Wk SHL 0.021 0.679 1.473 Non-collinearity
2Wk KLL 0.140 0.562 1.780 Non-collinearity
2Wk BDC 0.414 0.507 1.973 Non-collinearity
2Wk BDL 0.119 0.517 1.934 Non-collinearity
4Wk SHL 0.853 0.218 4.593 Non-collinearity
4Wk KLL 0.336 0.370 2.704 Non-collinearity
4Wk BDC 0.429 0.281 3.555 Non-collinearity
4Wk BDL 0.112 0.386 2.588 Non-collinearity
0 Day BWT 0.000 0.280 3.573 Non-collinearity
2Wk BWT 0.005 0.015 66.905 Collinearity
4Wk BWT 0.154 0.014 69.803 Collinearity
6Wk SHL 0.073 0.012 86.094 Collinearity
6Wk BDC 0.037 0.010 99.234 Collinearity
6Wk BDL 0.265 0.018 54.554 Collinearity
6Wk BWT 0.098 0.005 190.204 Collinearity

VIF shows how multicollinearity has increased the insta-
bility of the coefficient estimates (Freund and Littell, 2000), 
i.e. it indicates how “inflated” the variance of the coefficient 
is compared to what it would be if the variable were uncor-
related with any other variable in the model (Allison, 1999). 
For instance, the VIF (66.905) of 2Wk BWT implies that 
variance of this variable coefficient has been inflated by a 
factor of approximately 67 because this predictor is high-
ly correlated with at least one of the independent variables 
considered in this model. 

Despite the fact that VIF is the most commonly used 
method to diagnose multicollinearity because of its easier 
interpretation of the results, Dias et al. (2011) suggested 
that it is necessary to compare these results with those ob-
tained from other linear dependency diagnostic techniques 
to detect multicollinearity.

Tolerance
Six predicting morphometric variables had low tolerance 

values: 2Wk BWT (0.015), 4Wk BWT (0.014), 6Wk SHL 
(0.012), 6Wk BRC (0.010), 6Wk BDL (0.018) and 6Wk BWT 
(0.005). Tolerance value less than 0.10 roughly indicates 
significant multicollinearity (Jeeshim and Kucc, 2002). The 
low T values of the collinear variables are further indications 
that collinearity may have more than a trivial impact on the 
estimates of the regression parameters (Gill, 1986; Aziz and 
Sharaby, 1993). 

It could be inferred from Table 3 that relationship exists 
between VIF and T values of collinear variables. The trend 
of the values of the VIF and T of collinear variables indicated 
that predictors with higher VIF have very low T. The rela-

tionship between these two collinear diagnostic statistics is 
not unexpected because variance inflation factor (VIF) is the 
reciprocal of the tolerance (T) value, thus low tolerances 
correspond to high VIFs and vice versa. In general, it can be 
concluded from the existing relationship between VIF and T 
that high VIF and low T level indicate a serious collinearity 
problem among the independent variables (Schoeman et 
al., 2002). 

Eigen value and condition index
The presence of collinearity among variables was con-

firmed further in variables with low eigenvalues and high 
condition index (Table 4). PC 9 to 13 were characterized 
with low eigenvalues ranging from 0.03 to 0.01 while com-
ponent 14 to 16 had zero and negative eigenvalues (0.000 
to 6.765x10-5).

Eigenvalues are computed by a multivariate statistical 
technique called principal component analysis and these 
principal components are obtained by computing the eigen-
values and eigenvectors of the correlation or covariance ma-
trix (Jeseshim and Kucc, 2002). The low eigenvalues are an 
indicator that the correlation matrix approached singularity 
(Shafey et al., 2014) and also imply severe multicollinearity 
(Jeseshim and Kucc, 2002). Conversely, the zero eigenvalue 
of models 13 to 16 implies perfect collinearity among inde-
pendent variables (Jeseshim and Kucc, 2002). These sub-
missions are in tandem with the report of Malau-Aduli et al. 
(2014) that when trying to diagnose for multicollinearity, the 
focus is on the PCs with very small eigenvalues because col-
linear variables are identified by their relatively large variance 
proportion with small eigenvalues.
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There were divergent views on the cut-off point CI among 
researchers. Belsley (1991) suggested that a CI between 10 
and 30 would indicate a weak multicollinearity, and that CI larg-
er than 30 suggests the presence of a strong multicollinearity. 
Conversely, Jeeshim and Kucc (2002) posited that condition 
number greater than 50 (30 for conservatives) indicates signif-
icant multicollinearity while Belsley (1991) posited that moder-
ate to strong relations are associated with condition number 30 
to 100. Assuming 30 as the cut-off point for CI in this study, it 
could be deduced that moderate to severe collinearity were ob-
served from PC 5 to 16 (34.187 - 464.669). It is noteworthy that 
models with high CIs had low EVs, hence multicollinearity. This 
observation agreed with the report of Schoeman et al. (2002) 
that small eigenvalues (or large indices) indicate possible prob-
lems with multicollinearity.

Deletion of redundant variables
The redundant values obtained for collinear variables were 

presented in Table 5. The adverse effects of collinearity on pre-

diction of the response variable are multifaceted; nevertheless, 
the problem of multicollinearity is often solved through selec-
tion or omission of highly correlated variables (Schoeman et 
al., 2002; Akinwande et al., 2015). If there are one or more 
factors with high VIF, one of the factors should be removed 
(Akinwande et al., 2015). Therefore, it would be desirable to 
eliminate or delete one or more collinear predicting variable(s) 
in order to fit meaningful and reliable regression equation mod-
el for the prediction of the target variable (14Wk BWT). Since 
2-week BWT had the highest redundant value (5.058), this 
collinear variable was retained for further analysis to generate 
the regression model for market BWT while other five variables 
with lower redundant values were deleted from further analysis. 
Weisberg (1995) had suggested that deletion of collinear varia-
bles with small redundant values would be desirable. Removal 
of one or more collinear variables is plausible since removal of 
one of the correlated factors usually does not drastically reduce 
coefficient of determination (R2) of the model because they 
supply redundant information (Akinwande et al., 2015). 

Table 4. Eigen values and condition indices of morphometric traits for predicting 14-week body weight of Sudani ducks

Model Eigen value (λ) Condition index Model Eigen value (λ) Condition index
1 14.607 1.000 9 0.003 72.593
2 1.286 3.370 10 0.003 74.684
3 0.040 19.084 11 0.002 82.290
4 0.027 23.307 12 0.001 110.270
5 0.012 34.187 13 0.001 139.812
6 0.007 46.019 14 0.000 180.003
7 0.007 47.029 15 0.000 213.501
8 0.004 62.074 16 6.765E-5 464.669

Table 5. Estimated redundant values of collinear variables

Parameter Regression coefficient (|Bj|) δ Redundant variable (RV) value 

2Wk BWT 0.698 0.138 5.058
4Wk BWT -0.336 0.138 -2.435
6Wk SHL -0.476 0.138 -3.449
6Wk BDC 0.600 0.138 4.348
6Wk BDL 0.231 0.138 1.674
6Wk BWT 0.648 0.138 4.696

*δ= Square root of residual mean square of the full regression model

Table 6. Regression models for prediction of 14-week body weight of Sudani ducks from morphometric parameters

Model Equation R2 Adj. R2 RMSE Sig.
1. Y = -2257.396 + 0.934X1 0.873 0.870 8.250 0.000
2. Y = 869.014 + 1.215 X1 - 0.394X2 0.950 0.947 5.176 0.000
3. Y = 1138.815 + 1.164X1 - 0.325X2

2 - 0.115X3
3 0.961 0.957 4.572 0.000

4. Quadratic: Y = 5701.072 - 119.112X1  + 0.810X1 0.966 0.963 4.269 0.000
*Y= 14Wk BWT; X1= 2Wk BWT; X2= 0 day BWT; X3= 2Wk BDC;   
Sig= Significance at P<0.001.

Prediction models
The results of the predictive regression models for predic-

tion of market BWT of Sudani ducks at 14 weeks from early age 
measurements were presented in Table 6. Three linear predic-

tive models (1-3) from stepwise regression analysis and one 
non-linear (quadratic) model were fitted to predict the market 
body weight. The reported predictive models were highly signif-
icant (P<0.001) and had high predictive powers (R2). 
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To the best of the knowledge of the authors, the present 
study is the first to report on prediction of market BWT of Su-
dani ducks at 14 weeks from early age body measurements; 
therefore, literature data are scarce for critical comparison and 
validation of the results. 

In model 1, 2Wk BWT was the only predicting variable. This 
predictor alone accounted for 87.30% of the total variation of 
14Wk BWT, while the remaining 16.70% variation was account-
ed for by other predictors and other extraneous factors. The 
inclusion of 0day BWT (X2) in model 2 and 2Wk BRC (X3) in 
model 3 improved the predictive power of the model from 0.873 
to 0.950 and 0.961, respectively. The higher R2 of 2Wk BWT in 
model 1 is a pointer to the importance of 2Wk BWT in predicting 
the response variable (14Wk BWT). In addition, the significant 
importance of 2Wk BWT in prediction of the market body weight 
of an adult Sudani duck was demonstrated further in its inclusion 
in all the linear models. Furthermore, fitting of this most important 
predictor (2Wk BWT) into a quadratic model greatly improved 
the prediction accuracy (R2) from 0.87 in model 1 to 0.966 in 
model 4.

Of all the three stepwise regression models, model 3 having 
2Wk BWT, 0day BWT and 2Wk BRC as predictors was the best. 
This conclusion was premised on the fact that the model had the 
highest R2, adjusted R2 and the least RMSE compared to others 
with lower R2 and adj. R2 but higher RMSE. The efficiency of the 
multiple regression equation/analysis in predicting the best-fitted 
regression model has been reported to be decided by coefficient of 
determination (R2) and root mean square error (RMSE) (Shirzeyliet 
et al., 2013; Raja et al., 2013). Considering both linear and non-lin-
ear regression models together, the best-fitted regression model 
for predicting market weight of adult Sudani duck was model 4 be-
cause of its highest R2, adjusted R2 and least RMSE.

Since one of the cardinal focuses of this study was to iden-
tify and recommend predictors capable of predicting market 
weight from early age morphometric traits; it seems appropriate 
to select a model that is practically possible to adopt without 
compromising the efficiency of the models, especially for rural 
farmers who are the custodian of preponderance of this local 
waterfowl. Against this background, model 2 having 2Wk BWT 
and 0day BWT as the predicting variables would be the best 
and is hereby recommended. 

Choosing model 2 as the best linear regression equation for 
prediction of market BWT at 14 weeks is plausible from both tech-
nical and economic points of view. Firstly, the number of the fitted 
variables was limited; thus, saving time involved in taking records 
needed for predicting the response variable. Besides, the two pa-
rameters captured in model 2 were easier to measure under field 
condition compared to inclusion of BRC which is more technical 
and may prove difficult for peasant farmers to take. Choosing 
model 2 as the optimal one for practical field conditions would 
greatly help in circumventing technicalities associated with the 
measurement of BRC and also save the attendant cost involved 
in procuring the measuring equipment. Furthermore, selecting 
model 2 as the optimum regression model in predicting market 
BWT did not exert significant influence on the precision accura-
cy of the model because the differences in its predictive power 

(R2=0.950) and those of models 3 (R2=0.961) and 4 (R2=0.966) 
with higher predictive powers were negligible. 

Conclusion 

Application of various multicollinearity diagnostic tech-
niques indicated presence of collinearity among predicting 
variables and this is suggestive of the need for researchers 
to check and fix collinearity problems before fitting regression 
models. 2Wk BWT is the most important variable in predicting 
market weight of Sudani ducks, considering its higher predic-
tive power (0.870) as the only predictor in model 1. Market BWT 
of Sudani ducks is best predicted with 2Wk BWT in quadratic 
model; however, model 2 involving day old BWT and 2Wk BWT 
is recommended for practical field conditions for rural farmers 
and researchers. The results of the present study indicated fur-
ther that market BWT of Sudani ducks can be predicted and 
selected for at tender age of 2Wk; thus, saving cost associated 
with the management of ducklings to older age.
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