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 This study aimed to predict body weight (BWT) from linear body 

measurements in normal feathered chickens. A total of 200 chickens aged 

between 8 and 10 months old, comprising 150 males and 50 females were 

randomly selected from the local market in Amansea, Awka North LGA, 

Anambra State, Nigeria. Automatic linear modelling (ALM), chi-square 

automatic interaction detection (CHAID), exhaustive CHAID, and 

classification and regression trees (CART) were employed for the 

prediction. The adjusted coefficient of determination (R²adj.) and 

Akaike’s Information Criterion corrected (AICc) were used to assess the 

predictive performance of ALM. Males exhibited significantly (p<0.05) 

greater BWT (1.26±0.02 kg vs 1.05±0.03 kg) and breast width (BW) 

(9.59±0.07 cm vs 9.15±0.15 cm) compared to females. Body length (BL) 

showed the strongest positive correlation with BWT in females (r = 0.46). 

BL, shank length and BW recorded the most significant (p<0.001) 

fractional importance in males (0.793), females (0.721), and pooled sexes 

(0.501), respectively using ALM. The highest predictive accuracy for 

ALM was observed in pooled sexes, indicated by the lowest AICc (-

572.92) and a predicted BWT of 1.49 kg. Whereas CART did not identify 

any variable as influential, CHAID and exhaustive CHAID recognised 

BL as the most critical predictor, yielding a maximum predicted BWT of 

1.32 kg when BW exceeded 9.00 cm. The findings highlight BW as the 

best predictor of BWT in a mixed flock of normal feathered chickens. It 

is recommended that breast width and body length be prioritised in 

selection strategies aimed at improving body weight in chicken. 

 

Keywords: 

Automatic Linear Modelling 

Body Weight  

Chicken 

Decision Trees 

Linear Body Measurements  

 

To Cite :  
Isaac UC, Ernest CU., 2025. Utilizing Data Mining Algorithms to Predict Body Weight in Nigerian 

Normal Feathered Local Chickens. Agriculture, Food, Environment and Animal Sciences, 6(2): 420-441 

 

 

 

http://www.jafeas.com/
https://portal.issn.org/resource/ISSN-L/2757-5659


 Isaac and Ernest / J. Agric. Food, Environ. Anim. Sci. 6(2): 419-440, 2025  

 

420 
 

INTRODUCTION 

Indigenous poultry breeds play a significant role in the livelihoods of rural farmers in 

Nigeria, contributing to food security, income generation, and cultural heritage. The 

genetic potential of these breeds has remained largely untapped due to little or no 

improved genetic and environmental factors influencing their performance (Ojedapo et 

al., 2019; Isaac and Ezejesi, 2023).  

Measurement of body weight of animals is vital in determining their market price and 

some management practices (Nwaogwugwu et al., 2018). Determination of accurate body 

weight value is often a critical challenge in rural places where many farmers lack scale for 

measurement. Even where scales exist, direct measurement of body weight of chickens is 

highly biased from the gut fill of the animals. The linear body measurements are not 

biased by the gut fill (Isaac and Adeolu, 2023), and for this reason, prediction of body 

weight from them is preferred.  

Different methods, including ordinary multiple linear and stepwise multiple linear 

regressions have been employed in prediction experiments (Nwakpu et al., 2020; Isaac 

and Adeolu, 2023). Conventional regression models often fail to capture nonlinear 

relationships and interactions among predictors. This limitation can result in biased 

estimates and reduced predictive accuracy (Adeyinka et al., 2017). This has necessitated 

the use of automatic linear modelling (ALM) and decision trees in body weight 

prediction. ALM is used in prediction experiments, especially in cases of multi-predictors, 

automating the process of selecting the most suitable subset of predictors, which is 

particularly crucial when dealing with a large number of predictors (Oshima and Dell-

Ross, 2016; Genç and Mendeş, 2021). 

A decision tree is a predictive modelling tool used in machine learning and statistics 

involving mapping from observations about an item to conclusions about its target value 

(Matzavela and Alepis, 2021). It presents a predictive result in a tree-like structure with 

nodes and terminal nodes. Decision trees work by recursively partitioning the data into 

subsets based on the values of input features (Mushkudiani et al., 2008). The three 

growing methods or algorithms that make up the decision trees are Chi-square Automatic 

Interaction Detection (CHAID), exhaustive CHAID and classification and regression trees 

(CART). CHAID is a growing method of the decision tree algorithm used for classification 

and regression tasks. It recursively partitions the data into mutually exclusive and 

exhaustive subsets based on categorical predictor variables, aiming to maximize the 

homogeneity of the outcome variable within each subset (Seok and Kang, 2015). 

Exhaustive CHAID is a variant and extension of CHAID (Hothorn et al., 2006). 

Classification and regression trees (CART), according to Breiman et al. (1984) is a 

predictive algorithm widely used in machine learning. CART models can be categorized 
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based on the dependent variable. Categorical outcome variables require the use of a 

classification tree, while continuous outcome requires regression trees to identify the 

relationships among variables (Wray and Byers, 2020). CART constructs a binary decision 

tree structure where each fork represents a predictor variable, and each node provides a 

prediction for the target variable (Lee et al., 2010; Ali et al., 2015; Wray and Byers, 2020).  

Ogah et al. (2019) reported that in predicting body weight, automatic linear modelling 

utilizes advanced statistical tools to analyze the correlation between different quantitative 

traits and body weight in the Nigerian indigenous cocks. Yakubu et al. (2021) has used 

ALM to study the factors influencing reproductive traits in livestock species, by analyzing 

data on factors such as age, weight, and environmental conditions. Yakubu et al. (2022) 

has used multivariate adaptive regression splines (MARS), ALM, CART, CHAID and 

exhaustive CHAID algorithms to predict body weight in goats. Prediction of body weight 

of Nigerian indigenous normal feathered chickens using data mining algorithms is scarce 

in the literature. 

The present study was conducted to predict body weight from linear body measurements 

in Nigerian normal feathered local chickens using ALM, CHAID, exhaustive CHAID and 

CART data mining algorithms. 

MATERIAL and METHOD 

Ethical Approval 

This study was approved by the Departmental Research Committee, Department of 

Animal Science, Nnamdi Azikiwe University, Awka, Nigeria (Ref: 

NAU/ANS/DRC/2024/001; Approval Date: 9 April 2024). 

Location of the Study  

The study was carried out at Amansea, which is located in Awka North LGA, Anambra 

State, Nigeria. Amansea is situated within the Awka capital territory and is bounded by 

Awka Town to the south, Mamu Rivers and Ebenebe Town to the north, Mgbakwu to the 

west, and Ezinato/Ubibia stream to the east. It is within the rainforest area of Nigeria and 

experiences an annual rainfall of 1000 – 1500 mm. Amansea has a latitude of 6°21'40" N 

and a longitude of 6°51'38" E at altitude ranging from 150 to 200 m above sea level. The 

area has a typical semi-tropical rainforest vegetation, characterized by freshwater 

swamps. It has a humid climate with an average temperature of about 30.6 ℃ (87 ℉) and 

a rainfall between 152 and 203 cm. The area has two distinct seasons: a wet season from 

April to October and a dry season from November to March. The major occupation of the 

inhabitants of Amansea is trading, animal farming and crop farming.  
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Stock Selection and Data Collection 

A random sample of two hundred (200) healthy normal feathered local chickens made up 

of 150 males and 50 females were selected at Gariki local market in Amansea, Awka 

North, Anambra State, Nigeria. The chickens aged between 8 and 10 months old. Data 

were collected on body weight (BWT) and linear body measurements (LBMs) of each 

individual chicken. The BWT was measured in kilogram (kg) using an analog kitchen 

measuring scale (model KCA) with a capacity of 5 kg and sensitivity of 1 g. The linear 

body measurements (LBMs) were measured in centimeter (cm) using a measuring tape. 

The measurements were described according to Isaac et al. (2022), Yakubu et al. (2022) 

and Isaac et al. (2023) as follows. 

Body length (BL): The distance from the base of the comb over the neck through the body 

trunk to the base of the tail around the uropygial or preen gland. 

Breast Width (BW): The circumstance of the breast around the deepest region, ie. from 

the point of depression under the wing to the sharp edge of the keel bone.  

Keel length (KL): The distance from the V-joint to the end of the sternum.  

Shank length (SL): The distance from the hock joint to the tarso-metatarsus pad-Digit 

three joint.  

Thigh circumference (TC): The widest point of the thigh.  

Wing length (WL): The distance between the carpo-humerus joint to the tip of the 

phalanges (digits) of the wing. 

Statistical Analysis 

Descriptive Statistics 

The mean and standard error of mean of each quantitative trait for male and female 

normal feathered chickens were computed and tested for any significant difference using 

independent t test. The t statistics used for the comparison is given in expression (1), 

according to Isaac et al. (2023). 

t = 
X̅1−X̅2

√S2p
n1

+S2p
n2

                       (1) 

where, 

 X̅1 and X̅2 are means of observations from male and female normal feathered chickens, 

respectively, n1 and n2 are number of observations for male and female normal feathered 

chickens, respectively, S2p is the pooled variance.  
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 The linear relationship existing between any two traits was established using Pearson 

Product Moment Correlation. The magnitude of such correction was computed by 

correction coefficient (r) as given in expression (2) according to Isaac and Obike (2022). 

r = 
∑ xy−∑ x ∑ y/n

√[∑ x2−(∑ x)
2

/n]−[∑ y
2

−(∑ y
2

) n⁄ ]
           (2) 

where r is the phenotypic correlation, x and y are any two correlating traits such as body 

weight and breast width and n is the number of measurements taken for males or females. 

 

Automatic Linear Modelling for Predicting Body Weight from Linear Body 

Measurements 

Automatic linear modelling (ALM) is an automated model selection used in identifying 

the most important predictor variables for inclusion in a regression model. The ALM 

technique was selected to evaluate the relationships between body weight and the linear 

body measurements (predictors). Forward stepwise method was employed as a model 

selection method. The ALM algorithm automatically transformed the selected predictors 

using logarithmic transformation and excluded outliers that could adversely affect 

prediction. The ALM has the capacity to handle missing data, although there were no 

cases of missing data recorded in the study. The model was used to predict the body 

weight of male, female and pooled (mixed) sexes of 200 samples of the normal feathered 

chickens. 

The predictive equation is given in expression (3). 

Y=β0+β1X1 +β2X2+...+ βn Xn + ε              (3) 

where, 

Y is the predicted body weight, 𝛽0 is the intercept, representing the expected body weight 

when all predictor variables are zero, β1, β2,…, βn are the regression coefficients, 

indicating the change in body weight for a unit change in a  predictor, X1, X2, X3,..., Xn are 

the linear body measurements/predictors measured for each chicken and ϵ represents the 

error term. 

Additionally, graphs of the observed versus predicted body weight were generated to 

assess the model fit while the graphs of studentized distribution of residuals (errors) were 

used to verify the assumptions of residual normality. 

Decision tree algorithms indicated predictor traits (linear body measurements) and their 

contributions in prediction of body weight. The results were in form of graphic 

illustrations showing nodes to represent the most important and less important variables 

with its significant percentage. The prediction was done using Chi-square automatic 

interaction detection (CHAID), Exhaustive CHAID and classification and regression trees 
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(CART) growing methods. CHAID is a tree-based model proposed by Kass (1980) with 

merging, partitioning and stopping stages that recursively uses multi-way splitting 

procedures to form homogenous subsets. The Bonferroni adjustment was applied to 

control Type I error arising from multiple comparisons, thereby reducing the likelihood 

of false significance in the splitting process (Orhan et al., 2016; Celik et al., 2017). The 

Exhaustive CHAID, as a modification of CHAID algorithm, applies a more detailed 

merging and testing of predictor variables (Yakubu et al., 2022; Celik et al., 2017).  

The three growing methods used cross validation to estimate error (Yakubu, 2012; Ali et 

al., 2015; Eyduran et al., 2017; Yakubu et al., 2022). The number of sample folds used for 

cross validation was ten. The maximum three depths were automatically set by the 

algorithm to 3 for CHAID and exhaustive CHAID and 5 for CART. Minimum parent node 

size for the three algorithms was 50, as set by the software used for the analysis. 

The predictive performance of ALM was determined using expressions (4), (5), (6) and (7) 

(Celik et al., 2017; Eyduran et al., 2017; Yakubu et al., 2022).  

1. Coefficient of determination: 

 R2 = 1 −
∑ =1(Yi−ŷ)2n

i

∑ =(Yi−ŷ)2n
i

           (4) 

2. Adjusted Coefficient of determination: 

Adj. R2= 
1

n−k−1
∑ =1(Yi−ŷ)

2n
i

1
n−1

∑ =1n
i (Yi−ŷ)

2           (5) 

3. Akaike’s Information Criterion (AICc): 

AIC =  nlog (RSS

n
)  + 2K          (6) 

4. Akaike’s Information Criterion Corrected (AICc): 

AICc = AIC + 
2k(k+1)

n−k−1
          (7)  

where n is the number of cases in a set, k is the number of model parameters, Yi is the 

observed value of BWT, Yip is the predicted value of BWT, RSS: Residual sum of squares. 

All analyses were carried out using IBM SPSS Statistics (2017) computer software. 
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RESULTS and DISCUSSION 

RESULTS 

Descriptive Statistics for Quantitative Traits of Normal Feathered Chickens 

The descriptive statistics (mean ± se) for quantitative traits of the normal feathered 

chickens is presented in Table 1. Sex had significant (p<0.05) influence on body weight 

(BWT), breast width (BW) and keel length (K) only, with males recording superior means 

compared to their female counterparts.  

Table 1. The descriptive statistics (mean ± se) of quantitative traits of normal feathered 

chickens 

Traits 
Sex 

t – value p - value 
Male (n=150) Female (n=50) 

BWT (kg) 1.26a±0.02  1.05b±0.03  5.31 0.000 

BL (cm) 17.12±0.1  17.38±0.16 –1.31 0.190 

BW (cm) 9.59a±0.07  9.15b±0.15  2.94 0.004 

KL (cm) 5.27b±0.05  5 53a±0.10  –2.32 0.022 

SL (cm) 4.55±0.04 4.50±0.06 0.65 0.515 

TC (cm) 3.13±0.03 3.11±0.04 –0.22 0.826 

WL (cm) 7.52±0.06 7.50±0.09 0.19 0.853 
a, b Means on the same row were significantly different (p<0.05). 

BWT= Body weight, BL= Body length, BW= Breast width, KL= Keel length, SL= Shank length, TC= Thigh 

circumference, WL= Wing length. 

The Correlation Coefficients Among Quantitative Traits in Normal Feathered Chicken 

Correlation coefficients among quantitative traits in the normal feathered chickens are 

presented in Table 2. The result recorded both positive and negative correlations in each 

group (male, female and pooled). The magnitude of the correlation coefficient between 

KL and BL were larger than the correlation coefficients observed between other pairs of 

traits. Larger, positive and highly significant (p<0.01) correlation coefficients were 

observed between KL and BL (r = 0.43), BL and BWT (r = 0.46) and KL and BL (r = 0.47) in 

males, females and pooled sexes, respectively of the local chickens. In the three groups, 

the correlation coefficients were higher between KL and BL. 

 

 

 

 

 



 Isaac and Ernest / J. Agric. Food, Environ. Anim. Sci. 6(2): 419-440, 2025  

 

426 
 

Table 2. Correlation coefficients among quantitative traits in normal feathered chickens  

Group    BWT BL BW KL TC 
 

SL 

Male BWT 1 
      

 
BL 0.27** 1 

     

 
BW 0.27** -0.16* 1 

    

 
KL 0.04 0.43** -0.24** 1 

   

 
TC 0.06 0.10 0.25** 0.09 1 

  

 
SL 0.21** 0.19** 0.21** 0.06 0.23** 1 

 

 
WL 0.13 -0.10 0.30** -0.08 0.31** 0.22** 1 

Female BWT 1 
      

 
BL 0.46** 1 

     

 
BW 0.25** -0.06 1 

    

 
KL 0.20* 0.40** -0.11 1 

   

 
TC 0.13 0.11 0.24** 0.09 1 

  

 
SL 0.29** 0.24** 0.29** 0.09 0.31** 1 

 

 
WL 0.22** -0.09 0.40** -0.06 0.33** 0.25** 1 

Pooled  BWT 1 
      

 
BL -0.24 1 

     

 
BW 0.12 -0.37** 1 

    

 
KL -0.26 0.47** -0.47** 1 

   

 
TC -0.31* 0.09 0.30* 0.13 1 

  

 
SL -0.03 0.02 0.02 -0.03 -0.07 1 

 

 
WL -0.24 -0.14 0.06 -0.14 0.23 0.12 1 

**Correlation is significant at the 0.01 level (2-tailed). 

*Correlation is significant at the 0.05 level (2-tailed), 

BWT= Body weight, BL= Body length, BW= Breast width, KL= Keel length, SL= Shank length, TC= Thigh 

circumference, WL= Wing length. 

Regression Coefficients and Fractional Importance of Traits in Body Weight Prediction 

in Normal Feathered Chickens  

Table 3 presents the regression coefficients and fractional importance of various traits 

used to predict body weight in normal feathered chickens. The fractional importance 

indicates the predictor’s relative contribution to reducing error in a model (Yang, 2013). 

A predictor with a value of 1 is regarded as the most important while one with a value of 

0 is regarded as the least important. The analysis indicates that, based on positive 

coefficients, statistical significance, and fractional importance, BL, SL, and BW emerged 

as the most influential predictors for males, females, and the combined groups, 

respectively. However, both SL and BW exerted a negative influence on the body weight 

of the female chickens. 
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Table 3. Regression coefficients and fractional importance of traits in body weight 

prediction in normal feathered chickens 

Group Intercept/Predictor Coefficient Significance (p-value) Importance 

 

Male  

Intercept –1.52 0.000  

BL 0.10 0.000 0.793 

BW 0.06 0.008 0.113 

WL 0.07 0.020 0.094 

 

Female 

Intercept 2.44 0.000  

SL –0.14 0.011 0.721 

BW –0.04 0.11 0.279 

 

Pooled 

Intercept –0.79 0.013  

BW 0.09 0.000 0.501 

BL 0.07 0.000 0.499 

BL= Body length, BW= Breast width, SL= Shank length, WL= Wing length. 

Evaluation Criteria for Body Weight Prediction in Normal Feathered Chickens  

The evaluation criteria for body weight prediction in normal feathered chickens are 

presented in Table 4. These criteria were for the most important traits in predicting body 

weight, which were identified in Table 3 as BL, SL and BW for males, females and pooled 

data, respectively. The pooled group had a lower AICc (-573.921) compared to males (-

460.981) and females (-162.297). 

Table 4. Evaluation criteria for body weight prediction in normal feathered chickens 

Group R2adj  AICc 

Male 0.306 – 460.981 

Female 0.106 –162.297 

Pooled  0.163 –573.921 

R2adj = Adjusted Coefficients of determination  

AICc= Akaike’s Information Criterion Corrected.  

Observed and Predicted Body Weight Means of Normal Feathered Chickens 

The observed and predicted body weights of males, females and pooled sexes of the 

normal feathered chickens are presented in Table 5. The lowest and highest observed and 

predicted BWT in males, females and pooled group were 0.70 vs 0.89, 0.68 vs 0.87 and 0.81 

vs 0.82, respectively. The mean BWT and standard errors of males (1.26 ± 0.25 kg), females 

(1.05 ± 0.25 kg) and pooled sexes (1.021 ± 0.26 kg) were the same as those of the observed 

in each case. The lowest (minimum) predicted body weight was closer to its 

corresponding observed value in pooled group than in male and female chickens. Also, 

the highest (maximum) predicted body weight was far more than its corresponding 

maximum observed value in the pooled group compared to the male and female chickens.  
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Table 5. Observed and predicted body weights in normal feathered chickens using 

automatic linear modelling 

Male Lowest Highest  Mean Standard error  

Observed  0.70 1.60 1.26 0.25 

Predicted 0.89 1.53 1.26 0.25 

Female     

Observed  0.68 1.33 1.05 0.20 

Predicted 0.87 1.21 1.05 0.20 

Pooled      

Observed  0.81 1.29 1.021 0.26 

Predicted 0.82 1.49 1.021 0.26 

Graphs of Body Weight Predictions in Normal Feathered Chickens Using Automatic 

Linear Modelling  

The graphs of the predicted body weight from the observed values in the normal 

feathered chickens using automatic linear modelling are presented in Figures 1, 2 and 3 

for males, females and pooled sexes, respectively. These graphs are meant to demonstrate 

the model fit by comparing the expected with the observed body weight. Each Figure 

indicates the estimated lowest and highest observed and corresponding predicted body 

weight values. The highest predicted body weight values were very close to the observed 

values. For instance, in male chickens, the highest observed body weight and its 

corresponding predicted values were roughly 1.60 kg and 1.53 kg.  

 

Figure 1. A graph of predicted body weight from the observed values in male normal 

feathered chickens 
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Figure 2. A graph of predicted body weight from the observed values in female normal 

feathered chickens 

      

Figure 3. A graph of predicted body weight from the observed values in pooled 

(combined male and female) normal feathered chickens 

Figures 4, 5 and 6 showed the graphs of the histogram of studentized residuals (errors) 

distribution compared with the normal distribution. Histograms that closely followed the 

normal curve indicated that the residuals in body weight were approximately normally 

distributed with zero mean and constant variance. The graphs showed that errors 

associated with the data were minimal, especially in the male and pooled groups.   
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Figure 4. A graph of the histogram of studentized residual showing the distribution of 

errors associated with data in male normal feathered chickens 

 

Figure 5. A graph of the histogram of studentized residual showing the distribution of 

errors associated with data in female normal feathered chickens 
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Figure 6. A graph of the histogram of studentized residual showing the distribution of 

errors associated with data in pooled sexes of normal feathered chickens 

Prediction of Body Weight from Linear Body Measurements of Normal Feathered Local 

Chickens Using Decision Trees 

Figure 7 shows the graphical representation of body weight using CHAID. A total of 5 

nodes and 3 terminal nodes (nodes 1, 3 and 4) were generated in the prediction of BWT. 

BL and BW were included as important predictors of BWT. However, based on its higher 

position, BL was more important than BW in BWT prediction. Nodes at higher positions 

are judged more important than those at lower position (Yang et al., 2023) because they 

represent the most significant splits in the data and explain the largest portion of the 

variation in the target variable. The Figure indicates that 70.50% body weight of the 

chickens (sexes combined) could be predicted by selecting chickens (sexes combined) 
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with BL > 16.80 cm. The graph also reveals that by selecting normal feathered chickens 

with BW > 9.000 cm, highest BWT of 1.323 kg can be realized.  

Figure 7. A graphical representation of body weight prediction using CHAID 

In the Exhaustive CHAID analysis, 3 terminal nodes (nodes 1, 3 and 4) were also 

generated (Fig. 8). BL was also the superior trait. The results of the exhaustive CHAID 

were exactly the same with those of the CHAID.  
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Figure 8. A graphical representation of body weight prediction using Exhaustive CHAID 

in normal feathered chickens. 

In CART analysis, only 1 node was generated (Fig. 9). There was 0 terminal node and 

hence only a single root node was produced, and no predictor was selected. With this 

CART, the predicted mean body weight was 1.18 kg. 

 

Figure 9. A graphical representation of body weight prediction using CART 

DISCUSSION 

The means of the quantitative traits obtained for the chickens are within the normal 

ranges reported for local chickens (Dankoli et al., 2021), thus confirming the fact that the 

chickens used in this study are of indigenous origin which are normally characterized by 

poor growth due to lack of genetic improvement, poor nutrition and harsh climatic 
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conditions to which they are constantly exposed (Isaac and Ezejesi, 2023). The superior 

significant body weight (BWT), breast width (BW) and keel length (KL) means recorded 

in the male against the female chickens is in agreement with the reports of the previous 

authors (Faith et al., 2018), who reported higher BWT and some morphometric traits in 

favour of the male chickens. This higher performance is attributed to the existence of 

sexual dimorphism in poultry, a phenomenon whereby male chickens manifest greater 

physical and behavioural traits as the chickens reach sexual maturity (Siegel and 

Honaker, 2025). 

The observed variations in direction and magnitude of the correlation coefficients among 

the quantitative traits in all groups agree with the report of Nweke-Okorocha, (2022), 

indicating that some traits may result in increase or decrease in the growth of other ones. 

In case of negative correlation coefficients, Tongsiri (2014) suggested that traits which 

exhibit such effect should not be included in selection index for improvement but be 

improved individually to circumvent the antagonistic relationship between them. The 

larger, positive and highly significant (p<0.01) correlation coefficients observed between 

KL and BL, BL and BWT  and KL and BL in males, females and pooled sexes, respectively 

of the local chickens compared to other traits, is an indication that by selecting one trait 

the other trait will be improved through correlated response, as supported by Isaac and 

Obike (2020). Such selection has an advantage of shortening generation interval and 

improving annual genetic gain (Nwaogwugwu et al., 2018). BL and BW which had the 

highest correlation coefficients with BWT were also the best predictors of BWT, indicating 

that these traits could be very crucial in improvement of BWT of the respective groups of 

the normal feathered chickens. Other larger, positive and significant correlation 

coefficients obtained between WL and TC in males, WL and BW in females and between 

TC and BW in the pooled sexes imply that these traits are important determinants of body 

size and conformation in local chickens. 

 The high fractional importance of BL in males indicates the trait’s high contribution in 

reducing error in BWT prediction model. In other words, BWT can be predicted using BL 

with high accuracy in cocks. Similar results have been reported by Yakubu et al. (2019) in 

ducks. The negative relationship observed between SL and BWT in the female chickens 

indicates that an increase in SL can result in decrease in body weight. This relationship is 

essential in selection of egg-type chickens where body weight reduction is considered an 

important breeding objective. Debes et al. (2015) reported an association between long SL 

and a good laying ability in chickens, thus, supporting the importance of SL as an 

indicator of a good laying breed. The BL and BW which made nearly equal contributions 

to BWT prediction in the pooled group, support Taylor’s (2021) results, which 

emphasized on combining traits for mixed-sex populations.  

The outstanding performance of pooled data in body weight prediction as indicated by 

the lowest value of its AICc in the evaluation criteria using ALM has been reported 
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(Akaike, 1974; Jensen et al., 2020; Yakubu et al., 2021; Roberts and Wilson 2022). However, 

the failure to provide other model evaluation criteria such as root mean-square error 

(RMSE), mean absolute percentage error (MAPE), mean absolute deviation (MAD) and 

global relative approximation error (RAE) as in other studies (Celik and Yilmaz, 2017; 

Celik et al., 2017), to compare the predictive abilities of ALM and the decision trees 

(CHAID, exhaustive CHAID and CHART) is a limitation of the software used for the 

analysis of data in this study. 

The minimum predicted BWT and its observed value in the pooled sexes which were 

closely related agrees with the findings of Yakubu et al. (2022) and indicates that ALM is 

efficient in predicting body weight of chickens. 

The identification of BL as a predominant predictor of BWT in CHAID and Exhaustive 

CHAID algorithms, based on its higher position in the decision tree (Lin and Fan, 2019), 

is affirmed by previous studies (Kass, 1980; Eyduran et al., 2017; Yakubu et al., 2022).  

The heaviest BWT predicted with specific level of BW (>9.000 cm) using the terminal 

nodes in CHAID and Exhaustive CHAID graphics, suggests a strong correlation between 

BW and BWT in chickens (Behiry et al., 2019). It further suggests that CHAID or 

Exhaustive CHAID algorithm is preferred when specific level of a trait is required for 

selection to get a desired improvement in BWT in chickens. Similarly, chest circumference 

has been identified as an important trait for BWT prediction in goats using exhaustive 

CHAID algorithm (Yakubu et al., 2020). 

The CART result which showed that no predictor was selected contradicted the findings 

of Yakubu et al. (2022) in goats, pointing out that species of animals and perhaps the 

predictors used can influence prediction results. The absence of predictors in the CART 

model likely reflects its sensitivity to weak or highly correlated variables, its known 

instability in small datasets (Banerjee et al., 2019) and a constant target variable (King & 

Restock, 2014; Lin & Fan, 2019; Huynh-Cam, 2021). This instability implies that even 

minor changes in training data can alter the tree structure.  

Comparing the highest predicted body weight of pooled sexes using ALM (1.49 kg) and 

CHAID or exhaustive CHAID (1.32 kg), it was noted that ALM algorithm had better 

predicted ability. However, the two decision trees (CHAID and Exhaustive CHAID) 

specified the breast width (>9.00 cm) that could predict the highest body weight (1.32 kg) 

which is lacking in ALM. This may make CHAID and exhaustive CHAID more preferable 

in body weight prediction.  

CONCLUSION and RECOMMENDATIONS 

This study confirms that body weight in normal feathered chickens can be effectively 

predicted using the linear body measurements. Sexual dimorphism was evident, with 
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males showing significantly higher body weight and breast width than females. Breast 

width emerged as the most reliable predictor of body weight in mixed-sex flocks, 

especially using Automatic Linear Modelling (ALM). Body length was the most critical 

variable identified by CHAID and Exhaustive CHAID algorithms, particularly when 

breast width exceeded 9.00 cm. The CART model was less effective, failing to identify any 

significant predictors.  

In a breeding and selection programme aimed at improving body weight using the 

morphometric traits in chicken, breast width and body length should be prioritized. ALM 

is recommended for general prediction in a mixed population due to its superior accuracy 

while CHAID-based models should be applied when targeting specific traits like body 

length for focused improvement. Sex-specific selection strategies are needed to account 

for observed differences between males and females. 
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