



Predicting Body Weight from Body Measurements of Palla strain of Nellore Sheep using Ridge and Stepwise Regression Models

Abstract 

The main objective of this research was to estimate body weight of Palla sheep from body measurements using ridge (RR) and stepwise regression (SR) models. Data pertaining to body weight (BW) and eight linear body measurements (BM), specifically body length (BL), height at withers (HW), chest girth (CG), paunch girth (PG), tail length (TL), face length (FL), face width (FW), and ear length (EL) were recorded from a total of 560 Palla sheep in the Nellore district of Andhra Pradesh. The optimal model for predicting body weight was selected based on the variance inflation factor (VIF), mean absolute error (MAE), root mean square error (RMSE), and coefficient of determination (R²). The results indicated that both stepwise regression (SR) and ridge regression (RR) models provided a good fit to the data; however, the SR model demonstrated a marginal improvement over the RR model with a R2 value of 0.932 in predicting Palla sheep body weight from BL, FL, HW and CG measurements.
Keywords: Stepwise, Ridge, Body biometrics, Body Weight, Palla Sheep 
Introduction 

An effective herd management strategy incorporates the consistent assessment of production traits, such as body weight and composition. Body weight is the cornerstone of productive efficiency in meat-producing small ruminants. This trait enables producers to assess animal health, guide selection in breeding programs, formulate diets, manage health, and determine finishing readiness, among other uses. (Kunene et al. 2009; Cakmakci, 2022). Reliable body weight evaluation is a necessity; however, it presents a significant challenge without suitable equipment.

Studies have demonstrated a strong correlation between live weight and body measurements in sheep, goats and cows (Canaza-Cayo et al. 2021; Dakhlan et al. 2020; Azis et al. 2023). Consequently, various statistical regression models have been developed to predict live weight from body measurements. (Dakhlan et al. 2020; Canaza-Cayo et al. 2021; Azis et al. 2023). Despite the use of multiple predictor variables, multicollinearity can emerge, and this leads to the issue of overfitting the model. (Ye et al. 2020). Researchers often employ multiple linear regression (MLR) to predict animal body weight based on biometric measurements. 
Stepwise regression (SR), a form of multiple linear regression (MLR), a statistical technique which selects relevant variables from a larger set for inclusion in a regression model. In the first phase, all explanatory variables are included in a linear equation. In subsequent steps, only the least significant variable with the greatest p-value is excluded. (Li et al. 2022). However, when there are more predictors, SR may produce incorrect parameter estimations. Ridge regression (RR) analysis can help overcome multicollinearity caused by significant correlations between independent variables. An extra constraint can reduce insignificant variables to near-zero coefficients. To determine the constant 'k', a variance inflation factor and ridge trace are used (McDonald, 2009). Currently, there are no studies on forecasting body weight in Nellore Palla sheep using Ridge Regression. This study used step-wise and ridge regression models to predict the body weights of Palla sheep based on several body measures. 
Materials and methods 

Study area and data collection 

Data from 560 Nellore Palla sheep with teeth ranging from 2 teeth to full mouth were used in the present study. The animals were housed at the farmer droves all around the Nellore district which is the Palla sheep’s natural habitat. Body weight (BW) and body measurements (BM) viz. body length (BL), height at withers (HW), chest girth (CG), Paunch girth (PG), face length (FL), face width (FW), horn length (HL), tail length (TL), and ear length (EL) were recorded. Weighing scale was used to record body weight (in kgs) and measuring tape was used to record body measurement (in cms).
Statistical analysis

Stepwise regression analysis 

Stepwise regression (SR) is a technique for choosing the most relevant predictor variables from a larger set for inclusion in a regression model. As the initial step, all predictor variables were included in the model. The predictor with the least statistical significance, as determined by the highest p-value, was removed in each subsequent step. The method is implemented through three main variations: forward selection, backward elimination, and the stepwise procedure. Forward selection builds a model by incrementally adding significant predictors from an empty starting point, stopping when a statistical criterion is met. In backward elimination, the process begins with a model containing all potential predictors and systematically removes non-significant variables until a predetermined statistical stopping criterion is reached. Stepwise regression (SR) integrates the forward and backward approaches, iteratively adding and removing predictors to optimize model fit. The MASS package within the R software environment (R Core Team, 2023) was employed to perform the stepwise regression (SR) analysis.

Ridge regression analysis 

Ridge regression (RR) is a statistical method designed to mitigate multicollinearity, enhance model reliability and prevent over fitting in situations with limited sample size or a large number of predictor variables. Multicollinearity inflates variances, leading to potential deviations from true values. The inclusion of bias in ridge regression leads to a decrease in the standard errors associated with the regression estimates. The intended outcome is to achieve greater reliability in the overall estimates.  (Hastie et al. 2009). The ridge estimator is represented as

βR = (X′X+kI)−1(X′y)
Here, k is a positive ridge parameter, and ‘I’ stands for the identity matrix. The RR analysis was performed in R with the lmridge package (R Core Team, 2023).

Assessment of prediction accuracy 

Different goodness-of-fit metrics were used to determine the accuracy of the models designed to predict body weight in Palla sheep. These metrics included the coefficient of determination (R²), Pearson correlation (r), root mean square error (RMSE), mean squared error (MSE), mean absolute deviation (MAD), mean absolute error (MAE), and mean absolute percentage error (MAPE). The model with the lowest RMSE, MSE, MAD, MAE, and MAPE, and the highest R² in both training and testing, was chosen as the optimal model for predicting Palla sheep body weight (BW). The Metrics package within the R software (R Core Team, 2023) was employed to perform the goodness-of-fit metrics analysis.
RESULTS AND DISCUSSION

 
The Descriptive statistics for body weight and linear body measurements of Palla sheep are detailed in Table 1. The sheep exhibited a mean body weight (BW) of 35.90 kg, with values ranging from 21 kg to 52 kg and a standard deviation of 4.93 kg. The variability in linear measurements, as indicated by the coefficient of variation (CV), spanned from 5.09% for CG to 14.50% for TL.

	Table 1: Descriptive statistics of body weight (kg) and body measurements (cm) of 
              Nellore Palla sheep

	Traits
	Mean
	Median
	SD
	Min
	Max
	CV (%)

	Body Length
	70.22
	70.0
	4.17
	61
	87
	5.94

	Height at Withers
	77.87
	78.0
	4.71
	68
	90
	6.04

	Chest Girth 
	82.47
	83.0
	4.20
	73
	106
	5.09

	Paunch Girth
	81.19
	81.0
	4.18
	71
	99
	5.14

	Face Length
	18.58
	19.0
	1.49
	16
	22
	8.01

	Face Width
	9.65
	10.0
	1.27
	8
	13
	13.19

	Ear Length
	15.62
	15.0
	1.22
	12
	20
	7.81

	Tail Length
	10.03
	10.0
	1.46
	7
	12
	14.50

	Body Weight 
	35.90
	36.0
	4.93
	21
	52
	13.73

	SD: Standard Deviation; CV: Coefficient of Variation;


STEPWISE REGERESSION 

The results of the stepwise regression analysis are summarized in Table 2. The final model was developed to predict body weight in Palla sheep which was significantly predicted by BL, HW, FL, and CG as indicated by an R² of 0.919 and Residual standard error of 1.40.  Multicollinearity was not observed among the predictor variables, as evidenced from the VIF analysis of >10. The results of this study are in agreement with those reported by Canaza-Cayo et al. (2021). The regression equation developed to predict body weight of Palla sheep in this method is as given below. This prediction was then evaluated against actual body weight, with comparisons made within a 95% confidence interval to assess model accuracy as shown in figure 1. 

Body weight(kg)= -53.12-0.14×BL (cm)+0.50×HW (cm) +0.06×FL (cm)+0.708×CG (cm)

	Table 2: Estimated Stepwise regression parameters, Tolerance and VIF values obtained from training dataset in Nellore Palla Sheep

	Variable
	B
	SE
	t value
	p value
	VIF

	Intercept
	-53.123
	1.255
	-42.302
	<2e-16***
	

	BL
	-0.146
	0.029
	-4.880
	1.39e-06***
	4.461

	HW
	0.509
	0.033
	15.325
	<2e-16***
	6.971

	FL
	0.065
	0.042
	1.567
	0.118
	1.107

	CG
	0.708
	0.031
	23.141
	<2e-16***
	4.710

	Note: BL: Body Length, HW: Height at Withers, FL: Face Length, CG: Chest Girth, SE: Standard Error. VIF: Variance Inflation Factor, B: Regression Parameter, t: t-test statistics. 


RIDGE REGERESSION 

The results obtained through Ridge regression analysis are reported in Table 3. "Significant predictors of body weight in Palla sheep identified in the regression model include Chest girth, Body length, Height at withers and Face length, which had the Variance Inflation Factor (VIF) of <10 indicating no evidence of multicollinearity between the predictor variables. This prediction was then evaluated against actual body weight, with comparisons made within a 95% confidence interval to assess model accuracy as shown in Figure 2.
Goodness-of-fit metrics for different K Ridge estimators, evaluated on both training and testing datasets, are detailed in Table 4. The K value of zero was determined to be optimal, evidenced by its association with the lowest MSE (2.218 and 1.339) and AIC (331.89 and 66.52) values, as well as the highest R² (0.908 and 0.944) values, across both training and testing datasets respectively. Stability across all body measurements was observed at K = 0, concurrent with the elimination of collinearity, as evidenced by the ridge trace plot (Figure 3). 
Comparison of Step-wise and Ridge regression models

Comparison of the predictive performance and goodness-of-fit criteria for step-wise (SR) and ridge regression (RR) models in Palla sheep is displayed in Table 5. The SR model had the highest R2 value and the lowest values of MAD, MAE, and MAPE on the training dataset. How ever, the RMSE and MSE of the RR model were higher than the SR model. SR outperformed the RR model with higher R2 values and smaller values of RMSE, MSE, MAD, MAE, and MAPE based on the testing dataset. Variations in the training and testing datasets, due to sampling, may account for the discrepancies. The findings are consistent with prior research on sheep, which typically reports superior goodness-of-fit metrics for training datasets relative to testing datasets. (Huma and Iqbal, 2019; Çakmakçı, 2022; Tırınk et al. 2023; Vázquez-Martínez et al. 2023).

	Table 3: Ridge regression parameters, standard errors and VIF values for training data in Nellore Palla Sheep

	Variable
	B
	SE
	‘t’ value
	‘p’ value
	VIF

	CG
	0.569
	0.035
	16.44
	0
	8.274

	BL
	-0.101
	0.025
	-4.003
	0.007
	4.466

	PG
	0.037
	0.032
	1.178
	0.239
	6.955

	HW
	0.463
	0.033
	14.211
	0
	7.311

	FL
	0.028
	0.014
	2.030
	0.043
	1.368

	FW
	-0.011
	0.014
	-0.857
	0.391
	1.317

	EL
	-0.011
	0.013
	-0.863
	0.388
	1.185

	TL
	-0.001
	0.013
	-0.084
	0.933
	1.101

	CG: Chest Girth, BL: Body Length, PG: Paunch Girth, HW: Height at Withers, FL: Face Length, FW: Face Width, EL: Ear Length TL: Tail Length, SE: Standardized Standard Error. VIF: Standardized Variance Inflation Factor, B: Standardized Regression Parameter, 
T: Standardized T-Test Statistic. 


	Table 4: Goodness-of-fits metrics for different K Ridge estimators for training and
               testing Dataset in Nellore Palla Sheep

	
	Training dataset
	Testing data set

	K
	MSE
	R2
	AIC
	MSE
	R2
	AIC

	0
	2.218
	0.908
	331.89
	1.339
	0.944
	66.52

	0.25
	2.332
	0.904
	351.73
	1.473
	0.938
	82.34

	0.5
	2.472
	0.898
	374.64
	1.662
	0.930
	102.37

	0.75
	2.590
	0.893
	393.02
	1.825
	0.923
	117.91

	1
	2.692
	0.889
	408.30
	1.967
	0.918
	130.33

	1.25
	2.785
	0.885
	421.57
	2.094
	0.912
	140.72

	1.5
	2.871
	0.882
	433.64
	2.212
	0.907
	149.82

	1.75
	2.954
	0.878
	444.84
	2.323
	0.903
	157.98

	2
	3.035
	0.875
	455.49
	2.431
	0.898
	165.48

	MSE: Mean Square Error; R2: Coefficient of Determination, AIC: Akaike Information Criterion 


	Table 5: Goodness-of-fit criteria for comparing the model performances.

	
	Step wise Regression model
	Ridge Regression model

	Criteria
	Training Dataset
	Test Data set
	Training Dataset
	Test Dataset

	RMSE
	1.283
	1.680
	1.368
	1.789

	MSE
	1.646
	3.142
	1.872
	3.201

	MAD
	0.851
	1.021
	1.042
	1.095

	MAE
	0.850
	1.116
	0.964
	1.162

	MAPE
	2.356
	2.988
	2.687
	3.155

	r
	0.965
	0.930
	0.961
	0.929

	R²
	0.932
	0.889
	0.923
	0.860

	Note: R2: Coefficient of Determination, r: Pearson Coefficient of Correlation, RMSE: Root Mean Square Error, MSE: Means Square Error, MAD: Mean Absolute Deviation, MAE: Mean Absolute Error, MAPE: Mean Absolute Percentage Error
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	Figure 1: Actual body weight (kg) and predicted body weight (kg) by Step-wise regression
               model for training (a) and test dataset (b)
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	Figure 2: Actual body weight (kg) and predicted body weight (kg) by Ridge regression model
               for training (a) and test dataset (b)
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	Figure 3: Ridge trace plot of estimated βR parameters against the k value obtained
                for training data set (a) and testing dataset (b)


CONCLUSIONS 

This study involved a comparative evaluation of stepwise regression (SR) and ridge regression (RR) models to determine their effectiveness in predicting Palla sheep body weight. Although both SR and RR models yielded satisfactory results, the SR model demonstrated marginal superiority. Thus, we recommend the SR model, with the prediction equation as Body weight(kg)= -53.12-0.14×BL (cm)+0.50 ×HW (cm) +0.06 ×FL (cm)+0.708 ×CG (cm).
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