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ABSTRACT 

PREDICTING BODY WEIGHT WITH LINEAR BODY MEASUREMENTS IN BEEF 

CALVES  

Vanessa Rosa Rotondo      Advisor: 

University of Guelph, 2021      Dr. Katharine M. Wood 

 

The objective of the study was to identify body dimensions that correspond to body 

weight and create a model to estimate calf body weight using linear body measurements, 

determine if geometric equations to estimate volumes improves model fit, and if early life linear 

body measurements can predict weaning weight. A total of 103 Angus-cross calves were 

measured weekly from the ages of 2- 8 weeks of age using 19 linear body measurements.  

Models were developed using machine learning approaches and multiple linear regression. 

Models developed were able to accurately predict BW (R2 > 0.9) from linear traits and found 

some differences in traits with calf sex. The best model to predict weaning weight from early 

growth data was for male calves (R2 = 0.89).  Models presented within the present study can be 

used for estimating body weight in young beef calves and some improvement in model fit was 

achieved using machine learning principals to develop model equations.  
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Chapter 1 General introduction  
 

In the beef industry, like other sectors of agriculture, one of the main fundamental goals 

is to improve production efficiency. One of the key measurements that producers can use to 

benchmark production is cattle weight. However, with limited resources available to invest in 

updating facilities or capitol to purchase new equipment, producers need low-cost technologies 

to capture production data. Another obstacle the industry faces is the cost and lack of available 

labour. Many beef producers operate family-owned small business with only a few employees. 

Therefore, new technologies can cause a hinderance for producers as it takes time away from the 

daily duties on the farm to learn the innovation and teach the employees. Moreover, capital costs 

for the new technology may not increase profitability straight away.  

One of the key pieces of data that producers use to make management decisions is body 

weight, as it can be used to benchmark growth, health, and efficiency, and largely represents the 

market value of beef cattle. However, body weight of calves tends not to be a priority in the beef 

industry until weaning age (approximately 6 months of age).  Due to this trend within the beef 

industry, the early growth pattern of calf growth is not well established in the beef cow-calf 

production cycle. However, post-partum growth has been found to be important in determining 

BW at puberty and breeding in dairy cattle (Abeni et al., 2019; Summers et al., 2019), and 

therefore may also have significant economic benefits for beef producers. In addition, regular 

body weight measurements can help improve management of calves, as it may also help identify 

early health concerns (Goopy et al., 2018) and establish growth rates. However, many cow-calf 

producers do not own a scale, therefore obtaining routine BW on beef cattle may be a challenge. 

According to the Ontario Cow-Calf survey, only 44% of Ontario cow-calf producers surveyed 

own a scale to measure BW (Greaves, 2019). Having an alternate method of calculating body 
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weight may be a way to calculate body weight without the expense of buying a scale. Therefore, 

there is potential to expand the knowledge on calf growth and allometric dimensions of beef 

calves and its application to estimation of BW. As the beef industry grows, having the 

knowledge and research on calf growth is crucial to expanding efficiency and economic 

potential.  

Chapter 2 Literature review  
 
2.1 Introduction  
 

Live weight (LW) is a piece of essential information for both producers and researchers 

within the livestock industry. Live weight is used for many managements decisions, including, 

but not limited to, health, nutrition, efficiency and for use in genetic selection  (Heinrichs et al., 

2017). In the beef industry, body weight (BW) is the main “unit” by which cattle are valued and 

marketed. In the cattle industry, cow-calf producers may use body weight as an indicator to 

establish a targeted weaning weight for the herd (Gjergji et al., 2020). For feedlot producers, 

body weight is monitored in cattle from weaning until slaughter. Feedlot producers track body 

weight to establish when to market their cattle, as over finishing cattle can cause a reduction in 

feed efficiency (Gjergji et al., 2020). Additionally, it allows for an estimation on marbling and 

grade at time of slaughter (Lukuyu et al., 2016a). Therefore, BW is a critical metric for producers 

to base management decisions on, as it can improve outputs such as cattle efficiency, growth 

rate, diet conversion rates, health and genetic selection (Lukuyu et al., 2016a). All these 

characteristics can have an impact on the producer’s profitability and end goals for their farm 

(Gjergji et al., 2020). The purpose of this review is to provide an overview of calf growth and 

correlation between the body weight and measurements on morphology traits, and compare 
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previous models reported in the literature that have been used to model body weight predictions 

based on linear body measurements.   

2.2 Big data and precision agriculture  
 

As the population is growing, so is our need to feed the world’s population. To achieve 

this, the agriculture industry as whole must improve industrial productivities (Tantalaki et al., 

2019). In fact, according to FAO (2009), demand for animal products will grow by 70%  by 2050 

(FAO, 2009). However, without the advancements and inclusion of new technology the rate of 

demand will outweigh the animals produced. Over the last couple of years, the use of automatic 

systems to collect and analyse data has enabled the use of precision agriculture. Precision 

agriculture uses a combination of technologies to target efficiency, complexity and sustainability 

within agriculture procedures (Hari Sharan Pathak et al., 2019). The goal of precision agriculture 

is to develop real-time monitoring systems, global positioning systems (GPS), sensors and 

geographical information systems, etc.,  that will enable producers to make evidence-based 

management decision for entire field, flock, herd and other species (Berckmans and Guarino, 

2017; Morota et al., 2018; Hari Sharan Pathak et al., 2019). With the advancing technology of 

artificial intelligence, precision agriculture strives to use data to improve environmental factors 

that consumers are concerned about, while still increasing profitability and productivity within 

the agricultural systems (Hari Sharan Pathak et al., 2019; Tantalaki et al., 2019).  

The idea of precision farming has been around since 1980, however many producers have 

been reluctant to adapt it (Zhang et al., 2002). Several producers are hesitant about establishing 

more data and incorporating new technology within their farms. Often producers want proof of 

economic value before adapting the concept of precision agriculture (Paustian and Theuvsen, 

2017). Despite hesitancy, there are potential economic motivations that are present when 
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producers adopt to precision agriculture technologies (Tantalaki et al., 2019; Piñeiro et al., 2020). 

These include financial gains through management efficiency and productivity and government 

incentives through sustainability improvements (Paustian and Theuvsen, 2017; Tantalaki et al., 

2019; Piñeiro et al., 2020).  

Within the cattle industry, RIFD tags are used to identify the cattle for national 

traceability programs, and this technologies can also be used other applications such as self-

feeding machines and milking robots in the dairy industry (Gebbers and Adamchuk, 2010). 

These precision agriculture technologies allow producers to tailor feeds and supplementation to 

individual animals without additional labour and retrieve production information such as milk 

composition from in-line analysis, which would not have been founded as quickly and efficiently 

without the technology (Gebbers and Adamchuk, 2010). These advancements have shown the 

producers that capacity and efficiency can improve profitability. However, this type of 

benchmarking and technology adoption is not as widely adapted in the beef sector. 

 The principal benefit of precision agriculture is equipping producers with the ability to 

retrieve accurate and sufficient data to make precise decisions for their livestock. This requires 

the technology to regularly monitor the animals and gather data, often daily or at many points 

throughout the day (Hansen et al., 2018) . Unfortunately, the development of precision 

agriculture within the livestock industry, has been slow to adjust to advanced technology that can 

collect highly complex data accurately, steadily, and in a cost-effective manner  (Daberkow & 

Mcbride, 2003). With the advancement of technology that is available today, data can be 

collected consistently and at a lower price point, and which often is coined by the term “big data” 

(Morota et al., 2018).  
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These “big data” refer to having an abundance of rows (n) or columns (p) that cannot be 

visually inspected without an surplus of time (Morota et al., 2018). “Big data” allows incoming 

data to be inputted and stored within the system without requiring producers to manually enter 

the records (Tantalaki et al., 2019). As p predicted increases,  n numbers of subjects stays 

relatively stagnant and therefore statistical analysis is required to determine tangible outcomes 

(Friedman et al., 2001). Big data is known to be used in three main categories: sensor 

technology, risk management, and smart farming. In sensory technology, data is collected for a 

specific variable, like thermoregulation, and action is taken based on the data (Tantalaki et al., 

2019). Risk managements uses statistical techniques based on the collected data to analyse 

failure (Tantalaki et al., 2019).  Lastly, smart farming is the largest growing category, with many 

targeted outcomes designed to enhance management decisions through quantity and quality of 

data analytic sets that are presented in real-time (Tantalaki et al., 2019). The potential for this use 

of “big data” in agriculture systems is endless. However, there are challenges with big data. “Big 

data” doesn’t always work as planned, as there are challenges like upkeep and maintenance from 

both producers and industry professionals, education on maintenance and product, and privacy 

and security, which comes at a cost (Morota et al., 2018; Tantalaki et al., 2019). Furthermore, 

data needs to be interpreted to establish tangible outcomes that have implications for producers. 

Moreover, with more technical skills required, cost of the upkeep can be a burden to farmers. 

Learning new technologies and teaching employee’s technology maintenance and management 

may be daunting to both the producer and employees. Additionally, privacy and security is a 

concern to producers; government security, data ownership and federal legislation are needed to 

protect users of the large data (Tantalaki et al., 2019) . With the plethora of data points from 

various observations the data is not always straight forward and relevant (Morota et al., 2018). 
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Data may also be missing values, have outliers or confounding data (Morota et al., 2018). 

Missing values or outliers can obstruct the accuracy of models, thereby weakening the 

producer’s time and financial investments in the system. Therefore, new statistical methods, like 

data mining and machine learning principles, are needed to easily compute non-linear, complex 

data sets.  

Machine learning is a category of artificial intelligence which uses algorithms to predict 

outcomes (Morota et al., 2018). The main product of machine learning is a model based on given 

observed data that estimates predictions based on non-observed data. Machine learning has 

increased in popularity because of the “learning” process compared to the programmed approach 

with the computer (Xie et al., 2018). Machine learning uses supervised learning and 

unsupervised learning, which distinguishes the phenotypes and/or genotypes within the data to 

learn from the data set and predict a future statistical output (Morota et al., 2018; Xie et al., 

2018). However, the learning process only indicates how well the model is doing with the subset 

of trained variables (Morota et al., 2018; Berrar, 2019). Using a cross validation approach allows 

the learned variable to validate the real dataset, measures the predictive ability, and prevents over 

fitting (Berrar, 2019).  

With advancing computing power, machine learning has allowed industries to explore a 

variety of developments that were not applicable a decade ago. Machine learning has been used 

in language processes, stock predictions. and in the agriculture industry specifically, for imaging 

camera systems and many more (Xie et al., 2018). Imagining systems are applicable in different 

areas within the animal industry. Computer vision (CV) systems use images with the capability 

of 2D and 3D sensors (Wang et al., 2021). With the growing interest in precision agriculture, 

body weight estimation using CV systems has become a popular topic of interest. Body weight is 
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used in several management decisions and having accurate daily body weights can improve the 

well-being of animals, as well as improve farm operations. However, using CV systems to 

predict body weight using morphology measurements can have its limitations. 2D imaging 

systems are unable to extrapolate data from morphology traits that contain a circumference 

(Wang et al., 2021). For example, heart girth circumference may need to be reduced to diameter 

or may need to be replaced by a different body trait (Ozkaya, 2013; Wang et al., 2021).  To 

address this dilemma, acquiring a 3D camera could retrieve images based on circumference 

traits. However, 3D cameras can be costly and need more sophisticated statistical processing, 

especially with large data sets (Ozkaya, 2013; Wang et al., 2021). A more effective approach to 

resolving these issues is to incorporate machine learning encompassing CV imaging systems. 

Machine learning methods can extrapolate the large data sets required with CV imaging and 

amplify the amount of data being stored. Machine learning and CV methods allow the user to 

apply different statistical approaches based on inter-variable relationship (Wang et al., 2021). For 

a simple, one variable body weight prediction, linear regression may work best. Whereas, a more 

complex relationships with multiple variables may require a more complex machine learning 

algorithm, such as a decision tree approach like Random Forest (Wang et al., 2021).  

Many studies have a shown great success applying both a CV and machine learning 

model. A study carried out by (Weber et al., 2020) used three machine learning approaches to 

predict body weight using 34 Girolando cattle. A total of 68 images where taken. Heart girth, 

circumference of abdomen, body length, wither height, ischial length and hip height 

measurements were analysed using Random Forest, linear regression and support vector 

machines (Weber et al., 2020; Wang et al., 2021). The data sets were divided into training and 

testing sets, where the training set included 66% of data and the testing set included 34% of the 
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data (Weber et al., 2020; Wang et al., 2021). The correlation coefficient obtained based on 

estimated body weight are linear regression (0.71), Random Forest (0.62) and support vector 

machine (0.68) (Weber et al., 2020; Wang et al., 2021). This study concluded that body weight 

can be predicted using morphology measures in cattle through machine learning, however further 

adjustments could improve the efficiency and accuracy of the study. In particular, there was a 

small data set and small number of animals within the study. Furthermore, age of animals and 

transition periods were not specified, leaving the data open to interpretation on which production 

cycle the cattle where in. Moreover, errors in general where not discussed in the paper. For 

example, human error can contribute to a lower model output. Furthermore, a larger data set 

would allow for a better model fit, particularly when utilizing the Random Forest approach.  

Another successful CV system and machine learning study completed by Tasdemir et al. 

(2011), who used linear regression model and image analysis (IA) software to estimate the body 

weight of 115 Holstein cattle. The cattle were in their first lactation cycle between 26 - 36 

months of age. The 2D digital images were obtained using a Canon EOS4000D camera, which 

the 2D images were then manually measured for the following morphology traits: body wither 

height, body length, hip height, and hip width. A platform scale was also used to gather body 

weight of the cattle. To remove error body condition, stomach fullness and efficiency level were 

taken into consideration. Using a linear regression model, the correlation coefficient of body 

weight and the manual measurements taken were as 0.66 for wither height, 0.70 for hip height, 

0.83 for body length and 0.63 hip width, and an accuracy between human measurements and AI 

system estimations of 97.72% for wither height, 98.00% for hip height, 97.89% for body length 

and 95.25% for hip width (Tasdemir et al., 2011). The conclusion of the study was that the body 

weight of the Holstein cows can be accurately estimated using computer-based IA and by manual 
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measurements. However, a more robust approach to determining the model, including other 

traits, or combining traits within the model, may have also helped improve outcomes.  

As the population increases, new technology, precision agriculture, big data, machine 

learning and AI technology are needed to replace manual measurements to optimize agriculture 

management and reduce labour costs. While promising, there are limitations that must be 

overcome to get concise data and compare technology. Limitations from the literature include 

small study sizes to fit data, lack of data on breed and species type, as morphology dimensions 

can shift based on breed and species, limited data on young calves, and not published data on 

young beef calves. Advances in machine learning computing may also help improve the 

accuracy of prediction models.  As this technology becomes easier to use and interpret, 

acceptance of new technology will hopefully increase production efficiencies within the 

agriculture industry and help feed a growing population on increasingly limited resources 

 

2.3 Association between linear body measurements and body weight  
 

Julian Huxley introduced allometry to the scientific community in 1932 (Huxley, 1932) 

through examination of the growth patterns of a crab. They concluded a simple allometric 

equation, y = a* xb , represents most allometric growth, which has been the standard allometric 

equation for past 90 years (Huxley, 1932; Packard, 2017). The equation uses ‘X’ as a measure of 

body mass and ‘Y’ as a measure taken on the body structure.  Many biologists use this the simple 

formula in scatterplots of uniformed data, and have adapted allometry protocols for predicting 

the linear growth of many species (Packard, 2021). 

However, there has been critics of the simple formula within the scientific community. 

The allometric equation was utilized in the 1920’s to fit simple two-variable power functions 
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(Packard, 2021). The equation must be linear in nature to allow it to fit the simple equation. As 

science has become more complex, many observations no longer fit the basic requirement of 

linearity (Packard, 2021). Therefore, many relative growth studies cannot be supported by the 

data using this simple equation (Packard, 2021).  

In the beef industry, growth allometric encompasses the “growth of muscle and organs in 

relation to entire growth”(Hozáková, 2020). Even in the cattle industry, ideations of the Huxley 

equation are often used (e.g. for Net Energy of maintenance requirements (NRC, 2016)), 

however, growth and development of individual cattle, especially young calves are often unequal 

(Hozáková, 2020) and may not fit well within a simple allometric equation. Growth of cattle can 

also be non-linear and utilizing the same algorithm can affect proper live weight estimations.  

When assessing cattle, there are two types of observations: objective measurements and 

subjective measurements (Flock et al., 1962). Subjective measurements can change depending on 

evaluator or time (Flock et al., 1962). For example, conformation scoring. Often this method 

uses a 1-5 score to visually estimate the cattle body conformation (e.g. classification scoring used 

by dairy breed associations) to help producers make management and breeding decisions.  

However, subjective measurements solely rely on the graders ability to visually judge the animal 

based on the specific standards, and different graders can judge completely different from 

another. In fact, it has been reported that producers generally underestimate traits by 46% and 

overestimate by 25% (Machila et al., 2008; Lukuyu et al., 2016a). However, subjective 

measurements can also capture situational effects, such as gut fill, urination, and body stance, 

which would not be taken into consideration using an objective measurement approach (Machila 

et al., 2008). Objective measurements are classified as weight or linear body characteristics 

which depend on the accuracy of a measurement which may use a tool like a measuring stick or 
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scale (Flock et al., 1962). The most widely accepted methods of measuring body weight is with a 

calibrated electronic or mechanical scale (Gjergji et al., 2020). However, scales are expensive 

and prone to damage through wear and tear and exposure to harsh environment conditions 

(Wilson et al., 1997); they may also require additional infrastructure or space in buildings or 

barns for the scale set-up and handling area. To weigh cattle in the beef industry, cattle are 

moved from their pens or paddocks to a designated handling and weighing area, increasing time 

and labour, and furthermore disrupting cattle in their pens. This lack of labour and infrastructure 

means that many producers may not have access to weigh scales and do not record animal 

weights (Lukuyu et al., 2016a; Vanvanhossou et al., 2018). This leaves an opportunity for an 

alternative objective method of estimating cattle weight.  

One possible alternative objective measurement which may be useful is manually 

measuring linear body characteristics on the cattle. Manual linear measurements can be done 

without the expense of purchasing weighing equipment (Lukuyu et al., 2016a), which can save 

producers capital costs.  There are numerous linear measurements which can be obtained on 

cattle, however the most well-known linear measurement, which has been highly correlated to 

estimate body weight, is heart girth circumference (Lukuyu et al., 2016b; Heinrichs et al., 2017). 

The heart girth is located behind the animal’s point of shoulder, around the barrel of the animal, 

behind the front legs. Some authors suggest that heart girth alone may be more reliable than 

identifying a weight through a scale (Lukuyu et al., 2016b). Heart girth measurement is 

repeatable and may take into account gut fill and urination, whereas a scale repeatability value is 

high, but may not take into account the biological attributes (Lukuyu et al., 2016b).  

A heart girth weighing tape is a simple and commercially available tool that producers 

have used for years as an alternative to a scale (Heinrichs et al., 1992; Heinrichs et al., 2017), 
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due to the strong correlations between BW and heart girth circumference.  Heinrichs et al. (1992) 

developed a modified equation to determine body weight from heart girth in Holstein heifers. 

The study examined a variety of different studies and measurements from the period of 1987 to 

1990, with cattle ages ranging from birth to 821 days of age (Heinrichs et al., 1992). The study 

confirmed heart girth exhibited the highest relationship to body weight compared to wither 

height, body length and hip width (Heinrichs et al., 1992). In a follow-up study,  Heinrichs et al. 

(2007) assessed the repeatability of heart girth measurement using a heart girth weight tape 

(Heinrichs et al., 2007a). The study had 36 observers measuring heart girth on 26 cattle during a 

4-hour period (Heinrichs et al., 2007a). The researchers observed 2.74cm within any one 

observer (Heinrichs et al., 2007a). Between the 36 observers, the repeatability was > 0.99, 

suggesting that heart girth can be used with high accuracy and precision to estimate body weight 

(Heinrichs et al., 2007a; Lukuyu et al., 2016a).   

When evaluating multiple linear measurement collectively age, body conformation and 

breed may affect the analysis. In a similar methodological study, Franco et al. (2017a) looked at 

both crossbred and purebred Holsteins and the ability of (Heinrichs et al., 1992) equation to 

efficiently estimate body weight. The experiment conducted body weight and body 

measurements for 12 Holstein and 12 crossbreeds at four intervals of one-month interval 

(Holstein X Zebu) dairy cattle. The measurements were conducted using a measuring tape and 

measuring stick on body length , hip height, wither height, hip width and heart girth (Franco et 

al., 2017a). Similarly to (Heinrichs et al., 1992), heart girth had the highest correlation (R = 0.94) 

with body weigh prediction (Franco et al., 2017a). However, the joint evaluation for growing 

cattle indicated that the Heinrichs et al. (1992) equation is not as effective for crossbred and 2017 

genetic of Holstein cattle (Franco et al., 2017a).  This suggests that the original equations may 
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not be as accurate for beef-type cattle and may need to be updated to better reflect a more 

modern phenotype of cattle from that of 30 years ago. Furthermore, these studies lack the age of 

the cattle, and data are fitted onto population groups with a relatively small n within each study. 

Moreover, the study did not include more than one linear body trait within an equation, and each 

trait was analysed separately. Therefore, it is not well known if including multiple linear body 

traits within the prediction equation could increase the efficiency and the relationship between 

the traits on estimation of body weight (Franco et al., 2017a).  

 In 2016, Lukuyu et al. (2016a) examined the use of linear measures to estimate the body 

weight of 352 mature cattle and 100 heifer Holstein–Friesian and Ayrshire cross breeds. The 

authors measured the following body traits: body length, heart girth, height at wither and body 

condition score. The researchers concluded that heart girth had the strongest correlation with 

liveweight compared to the other measurements, and predicted error of 26kg on mature cattle 

with a live weight range from 152 to 433kg body weight (Lukuyu et al., 2016a). In that study, 

HG and the other measurements were also analysed individually and the additional linear 

measurements within the equation may increase the accuracy of liveweight (Franco et al., 

2017a). Additionally, many of these studies compare no more than four body measurement of the 

cattle. There may be other linear body measures which may help improve the prediction of BW 

from linear measurements. 

2.3.1 The importance of body weight in young calves 
 

Although weighing cattle at weaning and marketing is often the economically critical 

time to measure cattle weights in beef production, there is becoming an increasing interest in 

early life growth, and its implications for later life production. However, there is a lack of data in 

the beef industry on early life calf growth.  
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Birth to weaning is a vital growth period for cattle. Calf growth rate is higher compared 

to yearling cattle and also reflects changing skeletal development (Jeffery and Berg, 1972). 

Therefore, the estimation of body weight from linear measurements may be more variable 

compared to equations based on data from older/mature cattle.  However, a study conducted by 

Wilson et al. (1997) concluded that body weight can be accurately estimated from linear 

measurements in Holstein bull calves ranging from ages 2-16 weeks. Similar to other studies 

conducted in mature cattle, the measurements from the Wilson et al study focus on body length, 

heart girth, wither height and hip width.  However, the authors included BW prediction modesl 

for each measurement alone and a model with all body measurement combined (Wilson et al., 

1997). The authors found the combined body measurement model improved the prediction of 

BW over the heart girth model alone, yet heart girth measurement made the most significant 

contribution to the model (Wilson et al., 1997). Comparably, a 2013 study examined 43 Holstein 

calves measuring wither height, hip height, hip width, but also included chest depth (Ozkaya, 

2013). The calves were measured at birth, eight weeks, and 24 weeks of age. The efficiency of 

each body trait was correlated with BW with a R2 of 0.57, but the R2 increased to 0.67 when traits 

were combined in the model(Ozkaya, 2013). Overall, both calf studies highlight the potential of 

linear measurements to correctly estimate body weight in growing calves however, similar to the 

mature cattle, no more than 4 traits were examined, concentrating on the hips and heart girth.   

When examining other breeds within the cattle industry, many studies focus on the dairy 

breeds, specifically Holstein. There are very few studies that focus on the beef industry, 

particularly young calves. Rashid et al., (2016) which examined Brahman x local crossbred 

cattle, reported similar findings to the studies in dairy cattle, where heart girth was a significant 

predictor of BW. Furthermore, a bivariant correlation model with heart girth and body length 
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together gave the best fitted prediction of body weight. The cattle’s age spanned from 6 months 

to 33 months with the following traits examined: hip height, cannon bone height, cannon bone 

width, wither height, body length, heart girth, tail length and ear length. This study stands out 

compared to others as it encompasses several morphology traits. However, the cattle managed 

within the study were already at weaning age and the breeds used are not predominately used in 

North America, which could affect the accuracy of linear measurements if utilized on North 

American type breeds (Tulloh, 1963). Another study (Bernard and Hidiroglou, 1968) used calves 

that are commonly found in North American within the beef industry. The authors examined 254 

of purebred Shorthorn and crossbred Angus x Shorthorn, Hereford x Shorthorn and Charolais x 

Shorthorn calves. The authors collected measurements 24 hours after birth, at weaning and at one 

year of age. Measurements taken included: heart girth, length of body, length of head and width 

of head. The authors used least square analysis and similarly concluded that heart girth was 

significant compared to other measurements in estimation of body weight (Bernard and 

Hidiroglou, 1968). Although this study reflects the importance of hearth girth, and that those 

linear measures can accurately reflect BW, the data is from 50 years ago and may not reflect the 

updated genetics of beef cattle.  

Overall, there has been previous published models of the use of linear measurements to 

estimate body weight. However, there are gaps within the literature. Mature dairy cattle are well 

represented within published growth studies (Heinrichs et al., 2007a; Lukuyu et al., 2016b; 

Franco et al., 2017b). Conversely, data from calves focusing on estimation of body weight 

remains underrepresented. Many studies only use a few linear measurements to estimate body 

weight, which leaves room for alternative measurements to be included to improve model 

accuracy.  As for the beef industry, there a very few studies that focus on the beef cattle growth 
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and estimation of body weight in both calves and mature cattle. Studies presented in the literature 

are older and may not reflect current production practices. Genetics of different breeds have 

changed drastically since the 1960’s to accommodate commercial demands. Similarly to the 

dairy literature, the examination of linear body measurements to assess body weight in beef 

cattle utilized weaned or older cattle. Further investigation on pre-weaned calves would be 

valuable for cow-calf producers to help them manage their herd, and in turn, increase 

profitability for the industry.  

 

2.4 Comparing current model to past models for predicting body weight  
 

The use of body linear measurements to predict body weight is not a new concept to the 

animal industry. Many studies focus on exotic breeds of cattle and rely on very few body 

measurements to estimate live weight. The four previously published studies determined that 

body weight can be accurately estimated with linear measurements (Wilson et al., 1997; Msangi 

et al., 1999; Kashoma et al., 2011; Lukuyu et al., 2016b). However, age, sex and breed varied 

within the studies, resulting in varied fit outcomes.  

Firstly, to assess how these older models perform with modern cattle, data from the 

present study (outlined in Chapter 2) was used to retroactively evaluate these models. The data 

used was the means across all calves in our study from week 2 to week 8 of age. Analysis used 

the software system, SAS software (Statistical Analysis System, Enterprise Edition) Version 9.04 

of the SAS System for Linux Copyright © [2012-2018] SAS Institute Inc., Cary, NC, USA. 

Comparison of the means of the equation output from the original study and current study are 

presented in (Table 2.1).  
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Table 2. 1 Literature model equation comparing with the model developed in current study 
Source  Cattle Breed Equationz Model 

output mean 
BW 

Present study 
mean BW 

(Kashoma et al., 
2011) 

Tz Shorthornx 
zebu cattle 

 

LW = 4.55*HG-409 39.68 
 

78.31 

(Lukuyu et al., 
2016b) 

B. taurus × B. 
indicus crosses 
mature cattle 

 

LW = 4.277*HG − 
393.13 

 

28.63 
 

78.31 

(Msangi et al., 1999) Bos taurus × Bos 
indicus cross 

calves 
 

LW=1.6*HG-81.60 76.17 
 

78.31 

(Wilson et al., 1997) Holstein bull 
calves 
Wk8 

LW = (-132.99) + 
(1.160 *HG) + 
(0.378*WH) + 
(0.776*BL) +  
(0.669 *HW) 

59.34 
 

78.31 

z HG: heart girth, WH wither height, BL body length withers to pins, HW hip width, LW live weight 
 

When evaluating the results of previously reported BW models, with current calf data, 

there were a number of concerns with the performance of the models from the literature. In 

Kashoma et al. (2011), an exotic breed of Shorthorn x zebu cattle was examined for body weight. 

Within the study, the researchers measured the HG of 300 cattle of variety of ages. Of the cattle, 

60% were brought from cattle auction and 40% were from pastoral herds. In the study, SAS 

(1999) was used to generate the correlation coefficient HG estimating live weight. However, 

when evaluating data from the present study, the predicted values were much lower than the true 

mean BW from the data from the present study. This could be due to the fact that researchers 

examined cattle of variety of ages and not specifically calves. The researchers grouped the cattle 

by age and the youngest category was broadly stated as less than 2 yrs of age. Having a broad 

age spectrum could have influenced the prediction equation for BW as the data from the present 

study was for calves 2-8 wks of age. Furthermore, the breeds, body shapes and conditions varied 
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based on the location the cattle came from, thereby introducing other variations which may 

influence the prediction equation. 

The researchers (Lukuyu et al., 2016b) investigated the estimation of liveweight using 

body measurements in dairy cows in Kenya. The female cattle were measured by two observers 

and measured for the following body measurements: HG, HW, height at the withers and BL, 

body length from the highest point of the shoulders to the pin bone. Body condition score was 

examined when body weight was assessed. The animals were grouped based on age and 

genotype by producer recall. Statistics were done using least significant difference. HG was 

identified as being the strongest correlation between the measurements. Similarly, when data 

from the present study was evaluated, the output BW mean from the published model was far 

below the values recorded within the current study. However, many producers use Holstein- 

Friesian crossbreeding within the area yet, the study stated information was gathered based on 

the producer recollection, therefore the cattle may be crossbred with other breeds, which may 

have created discrepancies. Furthermore, these are dairy cattle crosses and may not reflect the 

body type of North American style beef calves. Lastly, the B. taurus × B. indicus crosses cattle 

from are mature heifers, which may also create differences in the prediction equations when 

examining the comparison of equations.   

Masangi et al. (1999) investigated estimating body weight by measuring BL, HG and 

BSC. The researchers found that adding BL and HG improved model fit however was not 

practical to measure for producers, therefore removed it from the prediction equation. However, 

even with the use of the simplified model using only HG, the model predicted BW within 2 kg of 

the actual BW mean of the current dataset. Perhaps this high degree of model fit is because the 

equations were fit on data gathered from calves and not mature animals.  
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In a trail that observed 826 Holstein bulls calves, data was obtained for BW and 

measurements of BL, HW,WH and HG (Wilson et al., 1997). For the literature comparison, the 

utilization of the regression model Yi = b0 +b1Xi +b2X
2

i 
+b3X

3

i +ei was used to predict body 

weight (Table 2.0). The equation information was gathered using the intercept and the 

corresponding linear body measurements at the wk 8 timepoint given within the article. 

Unfortunately, the outcome showed the mean body weight values from the Wilson (1997) article 

were dissimilar from the present study mean body weight value. Even though this study focuses 

on young calves, Wilson (1997) used only males whereas the current study used both genders. 

There is a possibility that gender differences could have affected the overall body weight mean 

results as females tend to be smaller in stature compared to male cattle, and calf sizes fluctuate as 

they are growing.  Moreover, the study was completed in 1997, genetics have changed 

drastically since the 90’s and cattle body phenotypes between breeds are completely different. 

Dairy calves body formation tends to be long and lean whereas, beef calves tend to be shorter 

and rounder across the mid-section. Comparing similar breeds may have given a better result 

when comparing these two studies and suggest that a separate prediction equation for beef calves 

is needed for accurate BW prediction from linear measures.  

Based on the comparison models shown in Table 2.0, the Msangi (1999) model resulted 

in the most similar body weight mean compared to the present study. The simplified model of 

the Masangi (1999) study allows for practicality, however, adding more measurements could 

allow for better accuracy and connection to the present study body weight mean – specifically 

breed, genetics, environment, age, and sex. Having more studies closer to the age, breed, and sex 

of the animal in the present study will allow for better comparison in the future.  
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2.5 Conclusion  
 

In conclusion, with few published studies, newer computing approaches, and overall lack 

of data pertaining to beef cattle, research into predicting BW from linear measurements in beef 

calves is warranted.  Research in this sector can have the potential to increase revenue for cow-

calf producer and give feedlot animals a better start. Gathering the information from growth data 

and combining new precision agriculture techniques involving artificial intelligence and machine 

learning capabilities can revolutionize the beef industry as a whole. Lastly, building on previous 

studies to identify which linear morphology traits are valuable in predicting BW and which do 

not contribute to BW prediction is also important to improve model accuracy and precision.   

2.6 Hypothesis  
 

Using multiple linear body measurements can be used to accurately determine body 

weight in beef calves. Using machine learning approaches, specifically Random Forest, will 

allow for a higher accuracy BW model and advance modeling capabilities due the ability to 

analyze large complex data sets.  

2.7 Objectives 
 

The overall objective of the thesis is to assess the relationship of different types of body 

morphology traits and relationships to body weight and predicted growth in young beef calves. 

  

1) Identify key linear body dimensions that correspond to body weight, and then create a 

model to estimate beef calf body weight using linear body measurements using both 

machine learning approaches (linear regression and Random Forest models) and multiple 

regression. 
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2) Determine if the volume of the cattle calculated using geometric equations from linear 

measurements between the ages of 2-8 weeks can increase the accuracy of BW prediction 

models 

3)  Use linear measurements in early life to predict calf weaning weight at 6-7 months of 

age.  

 

Chapter 3 Establishing a relationship between linear measurements 
and body weight in young beef calves 
 

Body weight is the basis for efficacy in the beef production. Having the ability to know 

body weight throughout a cattle lifespan is critical for farm management and utilization of the 

body weight can establish good farm management skills resulting in market goals. However, 

many producers do not have the ability to weight calves due to lack of equipment. One 

alternative to obtain BW is to use linear measurements to predict body weight. Using volume 

calculations may be another alternative to establish a more accurate body weight estimation, as a 

barrel and cylinder shape can represent the differences in body structure from 2wks to 8 wks of 

age. Using a barrel shape allows for inclusion of the depth of the rib cavity and girth of mid-

section, whereas the cylinder shape may represent the slenderness of the midsection in the first 2 

weeks of age.  The objective of this chapter is to establish if linear measurements can be 

correlated to body weight and identify key linear traits to increase BW prediction accuracy. In 

addition, using linear measurements to calculate the volume of the calf may also contribute to 

BW predictions.  
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3.1 Material and Methods 
 
3.1.1 Animal and experimental design  
 
 In this study, 103 Angus crossbred calves, 57 heifers and 46 males, were enrolled from 

birth to 8 weeks of age. All animals were cared for according to Canadian Council on Animal 

Care guidelines (AUP# 4254; Canadian Council on Animals care et al. 1993) at the Elora Beef 

Research Station for the duration of the experiment (March 3, 2020 - June 30, 2020). Calves 

were housed with their dams in 17 open pens, set up with eight cow-calf pairs in each pen. Each 

pen was bedded with chopped straw and calves had access to a creep area. The cows’ diets 

consisted of a haylage based total mixed ration throughout the experiment (12% CP, 51.09% 

NDF). Calves had ad libitum access to water and milk from the mother, but no additional feed 

was presented. At birth, a BW was obtained shortly after the calf was standing. Each week, 

weights were obtained using a commercial scale and linear measurements were taken repeatedly 

by trained individuals from ages of 2 to 8 weeks; each calf’s age was categorized to fit within a 

week period (Sunday-Saturday).   

 

3.1.2 Definition of body traits and measurements 
 

In total 19 measurements were taken; data was obtained for the following:    

poll to nose (PN): was measured from the middle of poll to the middle of the nostrils, at 

top of nose; width across the eyes (WE), tear duct of one eye, over nose to tear duct of the other; 

width across the right ear (RE): the distance between the start of the right ear canal to end of the 

helix;  neck length (NL): the distance between the pol to the 2nd thoracic vertebrae in between the 

scapula;  wither height (WH): the distance from the top of the wither located between the middle 

of the shoulder blades to the bottom of the ground; heart girth (HG): the circumference around 
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the abdomen, posterior to the front leg, behind the shoulder; midpiece height (MH): top of the 

vertebrae, directly in front of the navel, vertically to the floor; midpiece circumference (MC): 

circumference around the abdomen, in front of the navel; midpiece width (MW): measured 

horizontally at widest point of the 3rd last rib; midpiece depth (MD): the distance vertically, from 

the front navel to the top of the spine along the ribs, measured with calipers; hook height (HH): 

the distance between the ground to the hook bone vertically; hook width (HW): the distance 

horizontally between the top of the right hook bone to the top of the left hook bone, measured 

with calipers; pin height (PH): the distance from the ground to the top of pin bone, posterior to 

the pelvic bones; pin width (PW): the width between the highest points of both pin bones 

measured with calipers; end of pin width (EPW): the width between the lowest points of pin 

bones; nostril-to-tail body length (NTBL): distance from the middle of the nostrils to the point of 

the tail head; withers-to-pins body length (WPL): distance from the points of shoulders to the 

right pin bone; forearm to hoof (FH): vertical distance from the elbow of the front leg (ulna) to 

the hoof; cannon bone to hoof (CH): the distance vertically from the cannon bone, below the 

knee, dorsal to the carpals to the ground. A schematic of these measurements can be found in 

Figure 1.  

Body weights (BW) were taken weekly from 2 weeks of age until 8 weeks. A schematic 

of these measurements can be found in Figure 1. The calf BW was measured using a Brecknell 

PS1000 (Avery Weigh- Tronix LLC, Fairmont, MN) calibrated calf scale which was checked for 

accuracy daily. Body measurements with depth and width were measured with Haglöf aluminum 

calipers, (Haglof, Klockargatan, Långsele, Sweden) and all other measurements were taken with 

a soft tape measure and recorded in cm. Calves were placed in a standing position, standing 
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squarely when measured. Body measurements were taken by the same observers for all 103 

calves.  

3.2 Statistical Analysis 
 

After collecting measurements, all data were handled in Microsoft Excel. For calves 17 

calves with missing data for MW MD for weeks 2 and week 3, and 6 calves with missing data 

for PW for week 2, data was imputed. Imputation was done by calculating the mean value of all 

other calves for the MW and MD measurements for each specific week.  Analyses of mean, 

median, standard deviated and the max and min values for each body trait variable was 

conducted in Microsoft Excel. 

 
3.2.1 Barrel, cylinder, and hybrid equations  
 

To encompass the entire calves body using the linear measurements, volume equations 

were used to create a 3D portrayal of a calves using a barrel and a cylinder geometric equation as 

an example of the mid-section of the body (Figure 2, 3).  

To predict the volume of a calf from linear measurements using the following barrel 

equation:   

𝑉!"##$% =
ℎ𝜋(2𝐷 + 𝑑&)

12  

Equation 1 Barrell volume equation  

 

In which V is the volume of the barrel, h is the height of the barrel, D is the diameter 

across the middle of the barrel, d is the diameter of the top of the barrel. To predict body weight 

from linear measurements using the barrel equation, D was represented by MD, d was 

represented by HG and h was represented by WPBL.  
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 To predict the volume of a cattle from linear measurements using the following cylinder 

equation: 

𝑉'(%)*+$# =
ℎ𝜋𝑑&

4 	 

Equation 2 Cylinder volume equation  

 

Where V is the volume of the cylinder, h is the height of the barrel and d is the diameter 

of the top of the barrel. To predict body weight from linear measurements using the barrel 

equation, d was represented by HG and h was represented by WPBL.  

As calf mid-section shape may not fully represent a complete barrel or cylinder shape, 

therefore a hybrid equation was created to better encompass the flat back of the calf, with the 

rounder belly. The following equation was created to calculate the volume of mixed: 

𝑉,(!#)+ =
ℎ𝜋(𝐷& + 2𝑑&)

12  

Equation 3 Hybrid volume equation  

 

In which V is the volume, h is the height of the barrel, D is the diameter across the 

middle of the barrel, d is the diameter of the top of the barrel. To predict body weight from linear 

measurements using the barrel equation, D was represented by MD, d was represented by HG 

and h was represented by WPL.  

To complete the whole-body volume, linear measurements were also included into barrel, 

cylinder, and hybrid models to portray the entirety of the calf. These additional linear 

measurements included the following accounting for height and length of the calf: NL, MH, WH, 

PH, NTBL, FH. 
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3.2.2 Weka Software  
 

For a machine learning approach to estimate body weight from the collected 

measurements, the software Weka ® (Version 3.8.5 by University of Waikato, New Zealand) 

was used. This method allows for a large body of data to be collected and analyzed to decide 

which measurement is relevant to predict body weight (Weber et al., 2020). The data is examined 

through two modelling approaches: linear regression and Random Forest. To validate the 

models, a 10-fold cross validation was used. The data set was split, nine parts were used to 

generate the model and one part used to test for validation for a total of 10 validation tests 

(Pereira et al., 2013). The choice of the best fitted model was selected using coefficient of 

correlation (R) coefficient of determination (R2), Mean absolute error (MAE), root means square 

error (RSME) concordance correlation coefficient (CCC)(Conway, 1979; Lin, 1989).  

 
3.2.3 SAS Software 
 

Using SAS software (Statistical Analysis System, Enterprise Edition) Version 9.04 of the 

SAS System for Linux Copyright © [2012-2018] SAS Institute Inc., Cary, NC, USA, body 

measurements were analyzed using a multiple regression model with repeated measures by 

weekly. This procedure uses linear mixed models that accommodated for non-normal data.  

Linear equations were fitted to predict BW against PN, WE, RE, NL, HG, WH, MH, MC, MW, 

MD, HH, HW, PH, PW, EPW, NTBL, WPL, FH, and birth weight (BIW) both collectively and 

individually for the models and repeated measures used for all traits. PROC GLIMMIX was used 

on models within this study where the dependent value and the independent values were the 

morphology traits and BIW. Body weight prediction against independent variables in the 

following multiple linear regression model: 
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																																				𝑦) =	𝛽-	 +	𝛽/𝑋/ + 𝛽/𝑋)
&
+⋯+ 𝛽)𝑋 )

0
+	𝜀)	 + 𝜀)"	                     (a) 

In which y is the predicted value, b is the coefficient, X is the variables and e is the 

random error.  

To assess the best fitted model coefficient of determination (R2), Akaike Information 

Criterion (AIC), Bayesian information criterion (BIC) and concordance correlation coefficient 

(CCC) was evaluated (Akaike, 1973; Schwarz, 1978; Lin, 1989) Precision and relation to other 

linear measurements were examined through Pearson correlation. Significances were declared at 

P ≤	0.05.  

3.3 Results  
 
3.3.1 Total Calves  
 

In total, 14,420 datapoints were recorded for all calves over all 7 weeks. 721 datapoint 

per linear body measures including body weight. Within the 103 calves grouping, the average 

birth weight from 2-8wks mean is 35.4 and body weight means is 78.3 and a SD of 19.9 

(Appendix). The mean of the linear measurements from 2-8 weeks can be found in Table 5.1 

(Appendix). The mean of weekly measurement and BW increase as the week of age increases 

(Appendix).  

 

3.3.2 All calves Weka BW models 
 
 Body measurements were assessed by individual week and collectively across all weeks, 

using both linear regression and Random Forest models. For linear regression across all times 

points, the program utilized 14 traits to fit the data, where MW, WE and HG had the highest 

individual coefficients in the model (Table 3.1). The 103 beef calves across all time points 

resulted in the following model:  
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BW= 0.3189 * PN + 1.0476 * WE +0.0687 * NL + 0.1766 * WH+ 0.8306 * HG+ 0.1124 

* MC+ 0.8441 * MW + 0.5437 * MD + 0.1886 * HW + 0.0908 * PH + 0.9103 * PW + -0.101 * 

EPW + 0.1451 * PNBL + 0.1594 * WPL + -159.6886 

This model presented a correlation of determination (R2) of 0.97 with a mean absolute error 

(MAE) of 2.57, root means square error (RSME) of 3.74 and concordance correlation coefficient 

(CCC) of 0.98.  

Further examination was assessed on individual measurement and the correlation with 

body weight (Table 3.2). BW had a strong correlation with HG (R2 = 0.93) and WH (R2 = 0.81) 

and MH (R2 = 0.80). PH had a moderate correlation with BW (R2 = 0.77; Table 3.2).  

From Weka, the Random Forest model slightly improved the prediction of BW with a R2 

of 0.98 and MAE of 2.23kg and RSME of 2.89 kg and CCC of 0.99 (Table 3.3). The decision 

tree for this model was extremely complex and difficult to display in non-digital form (data not 

shown). 

  

3.3.3 All calves SAS BW models 
 

Multiple linear regressions using repeated measures were analysed to predict BW from 

20 effects. Body measurements showed high correlation of determination with body weight 

(Table 3.4). The model encompassing all 20 variables presented a R2 of 0.95 with an AIC of 

3315.93, BIC of 3321.2 and CCC of 0.97 (Table 3.4). The measurement variables that are 

statically significant (P< 0.05) within the model are BIW (P<.0001), PWL (P = 0.0167), PH (P = 

0.003), MW (P <.0001), MD (P <.0001), MC (P = 0.001), HG (P <.0001), WH (P = 0.007) 

(Table 3.5).  
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In Table 3.6, a Pearson correlation examined each body measurement independently 

predicting body weight. The highest interdependent variable against predicting BW is HG (R2 = 

0.93) followed by MD (R2 = 0.82), WH (R2 = 0.81) and NTBL (R2 = 0.80; Table 3.6).  

 

3.3.4 Males and Heifer Models  

 Males and heifer calves were examined to determine if sex influenced prediction of body 

weight during weekly growth. Using the machine learning linear regression model for male 

calves demonstrated a high correlation in predicting body weight (R2 = 0.98) with an adjusted R2 

= 0.98 and RSME is 3.23, MAE is 2.37 and CCC of 0.99 (Table 3.1). Within the generated 

model, 12 traits were highlighted: PN, WE, NL, WH, HG, MC, MW, MD, HW, PH, PW, EPW, 

NTBL, WPL. The strongest related traits with the largest attribute came from WE (Table 3.1). 

The prediction to estimate BW from linear measurements using Random Forest showed no 

improvement in the efficacy of the prediction equation compared to the linear regression 

prediction model (R2, RSME, MAE, CCC were 0.98, 3.16, 2.42, 0.99 kg, respectively: Table 

3.3).   

 The male model examined through multiple linear regression using the SAS software 

system has a lower R2 value of 0.96 (AIC=1472, BIC =1475 and CCC =0.98) in relation to the 

Weka model, however the correlation of determination indicated a strong fit in estimating body 

weight (Table 3.7). Within males’ prediction model, week of age was significant (P < 0.01), 

along with the following significant (P < 0.001) traits: BIW, MD, MC, HG and MW (Table 3.7).  

Similarly, to the model for males, the heifers’ model predicting BW equation was highly 

correlated with body weight in both the machine learning Random Forest and linear regression. 

The machine learning linear regression female model presented a R2 = 0.97 and a RSME 4.33, 
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MAE 2.76 and CCC of 0.94, respectively (Table 3.1). The Random Forest heifer model 

marginally improved compared to the linear regression heifer model at R2 at 0.98 and RSME of 

2.98, MAE of 2.25 and CCC of 0.94 (Table 3.3).  

From the multiple linear regression model in SAS, the following traits for heifers were 

found to be significant (P ≤ 0.05): BIW, PWL, MD, MW, and HG (Table 3.8).  

 Both male and heifer BW models had a high model fit R2 > 0.94 for estimation of BW. 

Significant (P ≤ 0.01) body measurements from both sexes multiple linear regressions are BIW, 

MD, MW, HG, respectively.  

 

3.3.5 Weekly data results 
  
 Data was also analysed by week (wks 2,3,4,5,6,7,8) to identify if key linear 

measurements also differed as calves aged. The whole dataset used weekly mean, standard 

deviation, minimum and maximum values per trait and body weight, and are found in Appendix 

1 in Table 5.1.  

 In the machine learning linear regression model, week 8 had the highest coefficient of 

determination at R2= 0.98 compared to other weeks. The coefficient of determination of weeks 4, 

5, 6, 7 was slightly below week 8 yet, highly correlated at 0.97, 0.97, 0.97, 0.97, respectfully, 

(Table 3.9) and included the following traits: WE, RE, BL, WH, HG, MC, MW, HW, PW, EPW, 

NTBL, WPL, CH. Furthermore, week 2 had a lowest correlation with body weight (R2= 0.53) 

compared to the other weeks and contained these traits: WH, MH, MC, MD, HH, PW, WPL, CH 

(Table 3.9).  

For all weeks, Random Forest algorithm decreased the correlation of determination 

(Table 3.10). However, the trend of week 2 having a low correlation determination of 0.35 and 



 

 

31 

week 8 being the highest correlation of coefficient and correlation of determination 0.97, 0.95 

remained (Table 3.10).  

 

3.3.6 Barrel, cylinder and hybrid volume models results  
 

A simple machine learning linear regression was calculated to predict body weight, the 

barrel volume based on independent variables MD, HG and WPL. The linear equations 

generated was: 

BW= 0.001 * barrel volume + 7.7084 

This model fit the data well, with an R2= 0.90, RMSE = 6.27, CCC = 0.95 (Table 3.11).  

The cylinder model implemented is: 

BW = 0.0013 * cylinder volume + (- 0.4254) 

with an R2 = 0.93, RSME = 5.34, CCC = 0.96 (Table 3.11). The hybrid model completed 

used the equation 

BW = 0.0012 * hybrid volume + 2.9512 

with an R2 = 0.93, RSME = 5.35, CCC= 0.96 (Table 3.11).  

The Random Forest algorithm slightly decreased fit in comparison to linear regression. 

The barrel model had R2, RSME and CCC of 0.90, 7.05, 0.94, respectively (Table 3.12). The 

cylinder model was calculated to predict BW with an R2, RSME and CC of 0.93, 5.34 and 0.96, 

respectively (Table 3.12). Similar to the cylinder model, the hybrid model encompasses both 

equations to find BW with an R2 of 0.93, RSME value of 5.35 and CCC value of 0.96 (Table 

3.12). Between the machine learning models, the cylinder model using linear regression 

represented the best model fit.  
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A multiple linear regression in SAS was calculated to predict BW for the barrel model 

based on the following variables: HG, MD, WPL. A linear regression equation was found with a 

pseudo R2 of 0.90 (Table 3.13). Other fit statistics were examined: AIC, BIC, CCC (4712, 4625 

and 0.95, respectively). The barrel volume was significant (P < 0.001) in the linear model (Table 

3.13).  

Another multiple linear using the volume cylinder equation was examined to predict 

accurate BW, and similarly calculated cylinder volume was significant (P < 0.001) to the BW 

prediction model, with a pseudo R2 of 0.93 (Table 3.13). Other fit statistics were examined, such 

as AIC, BIC and CCC at 4476, 4490 and 0.96, respectively. Similarly, the hybrid model also 

significantly (P < 0.001) contributed to the prediction of BW and had a pseudo R2 of 0.93 (AIC = 

4480, BIC = 4494, CCC = 0.96; Table 3.13). 

Using the multiple linear regression approach to examine use of volume predictions of 

the calves, multiple regression was used to examine body weight based on barrel volume plus 

NL, WH, MH, PH, NTBL, FH. The model was found to fit the data well with a pseudo R2= 0.89, 

AIC = 4832 and BIC = 4873 (Table 3.14). The independent variables were examined within the 

model that were significant were: WH (P <.0001), PH (P <.0001), NTBL (P <.0001), and the 

barrel equation (P <.0001; Table 3.14).  

Similarly, multiple regression was used to assess body weight based on cylinder volume 

equation plus NL, WH, MH, PH, NTBL, FH. High correlation was found within the model with 

a pseudo R2= 0.89, AIC = 4827, and BIC = 4868 (Table 3.14). The independent variables were 

examined within the model; significance was found for WH (P<.0001), PH (P <.0001), NTBL (P 

<.0001), cylinder equation (P <.0001; Table 3.14)  
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Additionally, multiple regression predicted body weight based on the hybrid volume 

equation plus NL, WH, MH, PH, NTBL, FH. The model fit well, with a pseudo R2= 0.89, AIC = 

4827, and BIC = 4868 (Table 3.14). The independent variables were examined within the 

formula and significance was found with WH (P <.0001), PH (P <.0001), NTBL (P <.0001), 

hybrid equation (P<.0001; Table 3.14). The hybrid model was determined to be the best fit 

model in comparison to the other two volume equations tested.  

To elaborate on the volume equations, additional linear measurements were added to 

represent the volume of the whole body of an animal, not just the mid-section of the calves. 

Thereby, to capture 3D whole-body volume the following traits were added: NL, WH, MH, PH, 

NTBL, FH to establish prediction body weight estimation of beef calves. The whole-body 

models slightly declined with a pseudo R2 = 0.89 for all three-model compared to the volume 

equations alone which have an R2 ≥ 0.90 for all three models (Table 3.14).  

 

3.4 Discussion  
 

The overall calf model prediction equation generated from both machine learning 

approaches and multiple regression had a high correlation for predicting body weight in young 

beef calves. All algorithms had a high correlation (R > 0.9) with body weight, which was not 

expected, as other previous studies reported a more moderate model fit in estimating body 

weight (R = 0.71; Cantor et al., 2020) compared to the present study. Random Forest algorithm 

showed the best results in correlation of determination (R2 = 0.98) for all-calf model and fit 

statistics. For all models, the CCC was close to 1, at 0.99, but showed slight over estimation 

based on the slope. Moreover, in comparing previous studies to the current study, the improved 

model fit in the present study may have resulted from the utilization of many time points and 
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multiple measurements vs. previous studies focusing on the mid-section of calves or measuring 

less than 4 traits. In the current study, 19 traits and the addition of BW were measured for 

consecutive weeks, whereas many other studies followed the calves for only specific weeks 

(Lukuyu et al., 2016b).  

 For machine learning linear regression, the all-calves and all-ages model traits that 

highly contributed to the model were WE and HG. HG was anticipated to be a key trait as HG 

has been shown to predict body weight (Wilson et al., 1997; Heinrichs et al., 2007b; Wood et al., 

2015; Lukuyu et al., 2016b; Heinrichs et al., 2017). However, the significance of width across 

the eyes contribution to the model was unexpected, and may represent a new trait that should be 

included as part of the collection of linear body measures. It may be that the WE measurement 

may provide an estimate of the weight of the animal’s head, which could increase accuracy of 

BW estimation when all other measures are focused around the body. When evaluating the 

simplest BW prediction models (Table 3.2), HG alone showed the most accurate measure of 

estimation of body weight with a R2 = 0.93, compared to when the other variables (WH, MH and 

PH) were examined alone. The model using all four of the commonly measured linear traits from 

the literature (WH, MH, PH and HG) did share the same correlation of determination R2 = 0.93 

as HG alone (Table 3.2). However, when the additional18 traits were combined with HG, the 

machine learning approach was able to increase the coefficient of determination by 0.05 for all 

calves.  This may indicate that a few additional traits may help increase BW prediction. For 

example, adding traits such as WE may have increased the precision of estimation of body 

weight as WE may represent the weight of the calf’s head and would have not been previously 

represented in other linear body measurements. The addition of adding a head measurement may 

increase accuracy to the overall model and get a more precise body weight.  However, this is not 
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previously recorded in the literature, so further research will need to be conducted to determine if 

WE correspond to the weight of the calf’s head. 

For the multiple regression algorithms, the all-calf, all -ages model indicated a pseudo R2 

= 0.95. Expectedly, HG had a strong correlation to body weight based on Pearson correlations 

(Table 3.6) with the largest R2, and R value compared to other linear traits. Also measures of 

body length and depth at the mid-piece were also highly correlated (R2 > 0.08) to BW, which are 

similarly used a key measurements in other studies (Bernard and Hidiroglou, 1968; Ozkaya, 

2013; Rashid et al., 2016). In addition, the models generated fit the data better compared with 

model fit previously reported in the literature (Table 3.4). Lukuyu et al. (2016b) found the 

correlation of heart girth with prediction of body weight was R = 0.84 in exotic breed, mature 

cattle. Similarly, Weber et al. (2020) indicated a strong correlation of 0.88 to body weight in 

Girolando cattle using the following traits in the model: HG, circumference of the abdomen, 

body length, ischial length, wither height and hip height.  

The uniform breed type and age of calves (only 8 wks apart vs, months, or years in other 

studies) may also contribute to increased model accuracy in the present study. Both males and 

heifers showed similar R2 values indicating that all equations are capable of accurately predicting 

body weight. 

Another strong positive correlation determination trait examined was MD (R2 =0.83). 

Unlike other studies, depth of the midpiece section is not examined within the literature. This 

may also help better characterize the rib and capacity of the rumen and digestive tract and may 

give producers a more accurate conclusion on market value of quantity of meat. This identified 

another linear trait that can have implications for improving accuracy of BW prediction from 

linear measurements. Similarly, to Pearson correlation statistics, MD, HG, MW, MC and WH 
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showed significance within the multiple-regression model independent traits at P< 0.05 (Table 

3.5).  

Calf sex differences is another aspect that was examined in the study.  Male calf body 

weight prediction equation fit the data with high precision (R2= 0.98) for both machine learning 

linear regression and Random Forest algorithms. The traits that contributed the most to the 

equation were WE, MD, and PW. Again, as discussed above, the inclusion of WE traits are not 

previously reported in the literature and further investigation of this trait is needed. Furthermore, 

many previous reported studies (Heinrichs et al., 1992; Tasdemi and Rkmez, 2011; Franco et al., 

2017b) examined hip width, which is similar to PW measured in this current study. In mature 

cattle, hip width has been  positivity correlated with body weight (Heinrichs et al., 2017). 

Similarly HG is in male calves has been highly correlated (0.95) with body weight (Bernard and 

Hidiroglou, 1968). The multiple linear regression prediction equation had a slightly lower 

correlation (R2= 0.96) compared to the machine learning models, perhaps due to the “learning” 

aspects of this approach.  

In comparison, the prediction equation for heifers, body weight had the same correlation 

of determination value (R2=0.98) in the Random Forest algorithms as the male calves model, 

whereas the machine learning linear regression and the multiple regression algorithm were 

slightly lower (0.97, 0.96).  The key traits in the machine learning linear regression for heifers 

were PN, WE, HG, MC, MW, HW, PW, EPW, NTBL. WPL. Even though the traits above were 

major contributors to the linear regression heifer model, within the multiple linear regression 

heifer model, the traits that were statically significant were: MW, MD, HG, PWL. Whereas the 

in the equations developed for males, the largest trait contributors to the multiple linear 

regression male models were PH, MD, MW, MC, HG, WH, PN. The differing major contributor 
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traits between genders could be from different rates of growth, skeletal muscle difference or feed 

intake differences. Significant traits for heifers were concentrated in the midsection of the calf, 

whereas the male traits are located throughout the whole body.  This suggests that growth in 

heifers may be more around the gut and midsection, where male growth may also include more 

changes in height. This phenomenon should be researched further to examine if female calf 

allometric growth dimensions differ from males. In the literature, large data from female cattle 

are reported, due to the significance of heifers to the dairy industry. However in these studies, 

HG trait has been the largest contributor to the equation which aligns with the literature stating 

HG is significant in regression algorithms that predict body weight from body measurement 

(Davis et al., 1967; Heinrichs et al., 1992; Weber et al., 2020). Both males and heifers showed 

similar R2 values indicating that all equations are capable of accurately predicting body weight. 

Unsurprisingly, week of age for all calf models indicated age of calf was significant to 

the model in predicting body weight. Since calves are growing as they age, this relationship was 

expected. Week 2 had a much lower correlation with a correlation of determination of 0.53. This 

was unexpected, but may be due to greater technical challenges in obtaining measurements, as 

calves had a difficult time standing stagnant and squarely as the calves were unaccustomed to 

being handled and haltered in comparison to other weeks, and therefore likely introducing more 

measurement error. Additionally, imputation of data traits MW and MD may have been one of 

the largest factors contributing to lower model fit in wk. 2, as using the average of the week is 

not as exact as having a linear measurement for all traits, thus introducing variability. As the 

calves progress throughout the weeks, HG become one of the more important traits to model. 

Conversely, in the first 3 wks of life, there is more variability in which traits are important within 

the BW prediction models. This is not surprising as calf are acclimating to environment, housing, 



 

 

38 

feed, cattle interaction which may cause growth stabilization issues. Additionally, calves became 

more comfortable with being measured, which may have increased variability in linear 

measurements in younger calves.  

Machine learning linear regression model fit for each week of age was mildly greater 

than the Random Forest models. This was unexpected as Random Forest models were slightly 

better fitting than linear regression models when data was combined overall timepoints. 

However, differences were quite small and perhaps weekly growth continued and showed a 

linear growth pattern, which linear regression algorithms excel, whereas Random Forest 

algorithms are better in gathering outliners within the growth continuum (Breiman, 2001).  

The body shape and growth of an animal is essential to the body’s overall functionality. 

The simple allometric equation has been used for decades, however many articles suggest that it 

may not be exact for all animals (Anzai et al., 2017). The simple allometric equation y = a* xb is 

not exact, as individual calves do not always grow linear or equal growth (Huxley, 1932). The 

Klieber equation is well known in animal allometric studies to represent surface area to volume 

ratios, and metabolic rate (Mallick et al., 2019) and has been used for feed and growth efficiency 

in sheep (Mallick et al., 2019) and cattle (NRC,2016). However, individual volume equations 

could surpass these older equations as they may reflect individual animal differences rather than 

generalizations, which is a common critique of these equations (Huxley, 1932). As it has been 

shown in this study and previous studies, the shape of animal is highly connected with the weight 

and allometry of an animal (Anzai et al., 2017). The barrel, cylinder and hybrid models are 

representations of a large section of the mid-piece of a calf. The mid-section has been previously 

shown to be key for estimating BW from linear HG measures (Gruber et al., 2018).  However, 

this linear measurement may not fully represent the total shape and volume of the mid-section of 
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a calf. When looking at the structure of a young growing calf, the shape can be attributed to a 

cylinder or a barrel on legs (Figure 5).   

In all models and in all different statistical approaches, the cylinder and hybrid model had 

the strongest correlation with body weight.  In comparing the models, the cylinder had a slightly 

better fit statistic compared to the hybrid models, and more specifically volume equations in the 

Random Forest algorithm models fit best. In comparing the machine learning and SAS models, 

machine learning with Random Forest algorithm was superior to the multiple linear regression 

model in SAS. When adding other relative linear traits to gather a whole-body volume model, 

the addition of the traits did not increase correlation for any of the models. Volume models did 

not improve or add value to the fit in comparison to using the linear trait models alone.  This may 

not be unexpected, as not all calves exactly fit these shapes. For example, some calves have more 

of a barrel shape, which may more closely reflect the shape of mature animals. A true barrel 

shape would have protrusions along the back of the animal, whereas calves generally have a flat 

back. Therefore, perhaps a hybrid of the cylinder and barrel volume equations better represent 

the shape of the mid-section of a calf. Furthermore, calves are not completely circular in shape. 

A cross-section of a calf would show a flattened circle shape, which may not be fully 

symmetrical, introducing another source of error into the BW prediction equation. 

  Within this study, the barrel model is more representative of the week 7 and 8 when the 

cattle are filling out around the belly and would be a good representation of a calf at time of 

weaning. The cylinder volume model better represents weeks 2-4, when the calf’s body shape is 

more of a tube, as not much weight is allocated to the midsection; instead, more energy is put 

into other body parts like the rumen that is rapidly growing and developing.  Lastly, the hybrid 
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model uses both the model strategies and combined them to get an overall view of the calf for all 

8 weeks, however this approach did not greatly improve the fit of the BW prediction models.  

3.5 Conclusion  
 

In conclusion, all-calves and all-ages model developed in the present study for beef 

calves 2 to 8 wks of age has shown to accurately predict body weight using linear measurements. 

Machine learning models and multiple-regression models predicted BW with high accuracy (R2 

> 0.90). Other linear traits beyond HG, may help improve model fit, although HG alone was able 

to predict BW with high accuracy.  However, in the 19 traits measured, some key traits differed 

between heifers and males, and further investigation is needed to determine if allometric growth 

patterns differ between calves of different sex. Using the cylinder model alone has a high 

correlation to body weight (R2 ≥ 0.93) and can be used when a producer cannot measure 19 traits 

efficiently. In young beef calves, body weight can be examined accurately through both linear 

measurement model and volume model in the absence of a scale.  

Table 3. 1 Machine Learning linear regression algorithms to predict body weight from linear body measures from 
Angus crossbred beef calves, overall timepoints and separated by calf sex and measured across all weeks (2wks to 8 
wks)  

Model 
Name   Model Equationsz Coefficient of 

correlation (R)  

Correlation of 
determination 

(R2) 

Adjusted 
R2 MAEy RMSEy CCCy 

All 
Calves, 
across 

all 
weeks  

BW= 
       0.3189 * PN + 
      1.0476 * WE + 
      0.0687 * NL+ 
      0.1766 * WH+ 
      0.8306 * HG+ 
      0.1124 * MC+ 

      0.8441 * MW + 
      0.5437 * MD + 
      0.1886 * HW + 
      0.0908 * PH + 
      0.9103 * PW + 
     -0.101 * EPW + 

      0.1451 * NTBL + 
      0.1594 * WPL + 

   -159.6886 

0.98 0.97 0.97 2.57 3.74 0.98 

 Male 
Calves 

 
BW = 0.99 0.98 0.98 2.37 3.23 0.99 
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(n= 
46)  

     0.2855 * PN + 
      1.1039 * WE + 
      0.1017 * NL + 
      0.4452 * WH + 
      0.478 * HG + 

     -0.1274 * MH + 
      0.2083 * MC + 
      0.7338 * MW + 
      0.9905 * MD + 
      0.924 * PW + 

      0.1613 * NTBL + 
      0.2695 * WPL + 

   -162.1274 

Heifer 
Calves 

(n= 
57) 

 
BW = 

      0.2528 * PN + 
      1.0117 * WE + 
      1.0874 * HG + 
      0.066 * MC + 

      0.8858 * MW + 
      0.3966 * MD + 
      0.3694 * HW + 
      0.9387 * PW + 

     -0.3226 * EPW + 
      0.1583 * NTBL + 
      0.1521 * WPL + 

   -151.8537 

0.97 0.97 0.97 2.76 4.33 0.94 

 zBW- Body weight in kg PN-Poll to nose WE - width across the eyes , RE- width across the right ear, NL- 
neck length, WH- wither height, HG-heart girth, MH - midpiece height, MC - midpiece circumference, MW 
- midpiece width, MD - midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of 
pin bones width, EPW - width across the ends of pin bones, NTBL -  nose to tail body length, WPL - the 
length between the withers and pins, FH -  forearm to hoof, CH -  cannon bone to hoof,  yMAE- absolute 
mean error, RSME - mean of the errors of the squared, CCC - concordance correlation coefficient. 

 
Table 3. 2 Machine learning linear regression models from 2 weeks of age to 8 weeks of age using categorized by 
single traits    

Variablez Model Equationz  
Coefficient of 

correlation  
(R)  

Correlation of 
determination (R2) MAEy RMSEy 

WH, HG, MH, 
PH  

BW = 
      0.3024 * WH + 
      1.7261 * HG + 
      0.3133 * MH + 
      0.2799 * PH + 

   -163.7182 

0.96 0.93 3.79 5.07 

WH 

 
BW = 

      2.9964 * WH+ 
   -167.8335 

0.90 0.81 6.27 8.60 

HG 
BW= 

      2.2619 * HG + 
   -144.7302 

0.96 0.93 3.97 5.44 

MH  0.89 0.80 6.82 8.80 
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BW = 
      2.8516 * MH + 

   -158.8105 

PH  

 
BW = 

      3.6784 * PH + 
   -196.7077 

0.88 0.77 7.46 9.36 

  z WH- wither height, HG-heart girth, MH - midpiece height, PH - pin height, yMAE- absolute mean error, RSME - 
mean of the errors of the squared.  

 
Table 3. 3 Random Forest algorithm to predict body weight of Angus crossed beef calves from linear body 
measures from 2wks to 8wks separated by sex 

Model Name   
Coefficient of correlation 

(R)  
Correlation of determination 

(R2) MAEz RMSEz CCC z 

All Calves   0.99 0.98 2.23 2.89 0.99 
Male calves  0.99 0.98 2.42 3.16 0.99 

Heifer Calves  0.99 0.98 2.25 2.98 0.96 
zMAE- absolute mean error, RSME - root mean square error, CCC - concordance correlation coefficient. 

 
Table 3. 4 Multiple linear regression using repeated measures for 103 Angus crossed beef calves from 2 wks to 
8wks of age, separated by linear body trait and week of age  

Effectz Estimated parameter  Standard Error  P Valuey  
Intercept -39.24 7.05 <.0001 
Week 2 -30.14 1.44 <.0001 
Week3 -24.75 1.19 <.0001 
Week4 -19.17 0.95 <.0001 
Week5 -14.13 0.72 <.0001 
Week6 -8.82 0.51 <.0001 
Week7 -4.45 0.29 <.0001 
Week8 0 . . 
BIW 1 0.09 <.0001 
CH 0.09 0.099 0.36 
FH 0.008 0.04 0.85 

PWL 0.04 0.01 0.018 
NPBL 0.01 0.02 0.65 
EPW -0.01 0.02 0.71 
PW 0.06 0.06 0.4 
PH 0.15 0.05 0.0028 
HW 0.07 0.08 0.38 
HH 0.013 0.031 0.66 
MD 0.35 0.056 <.0001 
MW 0.47 0.061 <.0001 
MC 0.04 0.012 0.0008 
MH 0.06 0.044 0.17 
HG 0.28 0.038 <.0001 
WH 0.12 0.039 0.007 
PN 0.14 0.092 0.13 
WE 0.22 0.163 0.18 
RE -0.23 0.131 0.08 
NL 0.017 0.024 0.48 

zPN- Poll to nose WE - width across the eyes , RE- width across the right ear, NL- neck length, WH- wither 
height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - midpiece width, MD - 
midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of pin bones width, EPW - width 
across the ends of pin bones, NTBL -  nose to tail body length, WPL - the length between the withers and pins, 
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FH -  forearm to hoof, CH -  cannon bone to hoof, BIW-Birth weight, y p value indicate significance of P <0.05 
indicated in bold, pseudo R2 =0.95 

 

Table 3. 5 Multiple linear regression algorithms for 103 Angus crossed beef calves, 46 bull calves and 57 heifer 
calves from 2 wks to 8 wks  

Model Name  Coefficient of 
correlation (R)  

Correlation of determination 
(R2) AICz BICz CCCz 

All Calves   0.97 0.95 3315 3321 0.97 
 Male calves  0.98 0.96 1472 1475 0.98 
Heifer Calves  0.98 0.96 1849 1853 0.98 

zAIC- Akaike information criterion, BIC- Bayesian information criterion, CCC - concordance correlation 
coefficient. 

      
 
Table 3. 6 Multiple linear regression for bull calves from 2 wks - 8 wks of age  

Effectsz Estimated parameter  Standard Error  P Valuey  
Intercept -67.75 10.45 <.0001 
Week 2 -23.85 2.10 <.0001 
Week3 -19.77 1.73 <.0001 
Week4 -15.10 1.40 <.0001 
Week5 -11.55 1.05 <.0001 
Week6 -7.19 0.75 <.0001 
Week7 -3.70 0.44 <.0001 
Week8 0.00 . . 
BIW 0.73 0.14 <.0001 
CH 0.12 0.14 0.40 
FH -0.04 0.07 0.55 

PWL 0.07 0.04 0.11 
NPBL 0.00 0.04 0.90 
EPW 0.00 0.03 0.91 
PW 0.20 0.12 0.08 
PH 0.21 0.07 0.005 
HW 0.07 0.12 0.56 
HH 0.00 0.06 0.99 
MD 0.57 0.10 <.0001 
MW 0.43 0.09 <.0001 
MC 0.11 0.02 <.0001 
MH 0.01 0.06 0.88 
HG 0.25 0.05 <.0001 
WH 0.27 0.07 <.0001 
PN 0.26 0.13 0.049 
WE 0.45 0.25 0.07 
RE -0.18 0.19 0.34 
NL 0.04 0.04 0.22 

z PN-Poll to nose WE - width across the eyes , RE- width across the right ear, NL- neck length, WH- wither 
height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - midpiece width, MD - 
midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of pin bones width, EPW - 
width across the ends of pin bones, NTBL -  nose to tail body length, WPL - the length between the withers 
and pins, FH -  forearm to hoof, CH -  cannon bone to hoof, BIW-Birth weight, y p-value indicate significance 
of p <0.05 indicated in bold. 
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Table 3. 7 Multiple regression for heifer calves from 2 wks - 8 wks of age  
Effectsz Estimated parameter  Standard Error  P-Valuey  
Intercept -28.87 9.78 0.0046 
Week 2 -32.36 2.16 <.0001 
Week3 -26.63 1.77 <.0001 
Week4 -20.82 1.39 <.0001 
Week5 -15.08 1.04 <.0001 
Week6 -9.57 0.73 <.0001 
Week7 -4.69 0.42 <.0001 
Week8 0.00 . . 
BIW 1.19 0.12 <.0001 
CH 0.03 0.14 0.83 
FH 0.03 0.06 0.61 

PWL 0.05 0.02 0.018 
NPBL 0.00 0.02 0.99 
EPW -0.14 0.10 0.17 
PW 0.02 0.09 0.83 
PH 0.08 0.07 0.23 
HW 0.13 0.11 0.26 
HH 0.00 0.04 0.92 
MD 0.26 0.07 0.0002 
MW 0.47 0.09 <.0001 
MC 0.02 0.02 0.22 
MH 0.11 0.07 0.09 
HG 0.33 0.06 <.0001 
WH 0.05 0.05 0.35 
PN -0.07 0.13 0.62 
WE 0.15 0.22 0.49 
RE -0.13 0.19 0.51 
NL -0.01 0.03 0.73 

zPN-Poll to nose WE - width across the eyes , RE- width across the right ear, NL - neck length, WH- wither 
height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - midpiece width, MD - 
midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of pin bones width, EPW - width 
across the ends of pin bones, NTBL - nose to tail body length, WPL - the length between the withers and pins, FH 
-  forearm to hoof, CH -  cannon bone to hoof, BIW-Birth weight, y p value indicate significance of P <0.05 
indicated in bold. 

 

Table 3. 8 Pearson correlation for 103 angus crossed beef calves to predict body weight from 2 wks to 8wks of age  
Variablesz Pearson correlation coefficients (R)  Correlation of determination (R2) 

BIW 0.43 0.18 
CH 0.75 0.56 
FH 0.79 0.62 

WPL 0.83 0.68 
NTBL 0.89 0.80 
EPW -0.20 0.04 
PW 0.88 0.77 
PH 0.88 0.78 
HW 0.75 0.56 
HH 0.84 0.70 
MD 0.91 0.82 
MW 0.86 0.73 
MC 0.85 0.73 
MH 0.90 0.80 
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HG 0.96 0.93 
WH 0.90 0.81 
PN 0.87 0.76 
WE 0.83 0.68 
RE 0.77 0.59 
NL  0.78 0.61 

z PN-Poll to nose WE - width across the eyes , RE- width across the right ear, NL- neck length, WH- wither 
height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - midpiece width, MD - 
midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of pin bones width, EPW - 
width across the ends of pin bones, NTBL -  nose to tail body length, WPL - the length between the withers 
and pins, FH -  forearm to hoof, CH -  cannon bone to hoof, BIW - Birth weight, significance is indicated in 
bold.   

    

 
 

Table 3. 9 Machine learning linear Regression algorithm weekly performance for body weight on all calves by week 
of age  

Model 
Name Model Equationz Coefficient of 

correlation (R)  
Correlation of 

determination (R2) MAEy RMSEy 

Wk 2 

BW = 
     -0.0378 * WH + 
     -0.0627 * MH + 
      0.0969 * MC + 
     -0.1128 * MD + 
      0.1139 * HH + 
      0.0833 * PW + 

      0.0291 * WPL + 
      0.2167 * CH + 

      5.4661 

0.56 0.53 0.19 1.15 

Wk 3  

 
BW = 

      1.8318 * WE + 
      0.5794 * RE + 
      0.9003 * HG + 
      0.558 * MW + 
      0.7774 * MD + 
      0.1761 * HH + 

      0.1476 * NTBL + 
      0.1354 * WPL + 

   -129.899  

0.93 0.92 2.25 3.02 

Wk 4 

 
BW = 

 0.9866 * WE + 
     -0.4585 * RE + 
      0.2005 * NL+ 
      0.3533 * WH+ 
      0.6727 * HG+ 
      0.3275 * MC + 
      0.4618 * MW+ 
      0.4233 * HW+ 
      0.8221 * PW + 

     -0.4953 * EPW + 
      0.1938 * NTBL + 
      0.5048 * WPL+ 
     -0.7265 * CH + 

   -149.4829 

0.95 0.96 2.25 2.96 
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Wk 5 

 
BW = 

       0.4406 * WH + 
      0.5949 * HG + 
      0.5308 * MC + 
      0.7688 * MD + 
     -0.2202 * PH+ 
      1.5523 * PW + 

      0.1853 * NTBL+ 
   -145.6563 

0.92 0.96 2.45 4.19 

Wk 6 

  
BW = 

 0.2738 * WH + 
      0.9533 * HG+ 

      0.8438 * MW + 
      0.5935 * MD + 
     -0.3005 * HH + 
      2.0987 * PW + 

      0.1675 * NTBL + 
      0.3537 * WPL + 

   -159.0597 

0.93 0.96 2.33 4.33 

Wk 7  

 
BW = 

  0.3943 * PN+ 
      0.8578 * HG + 
      0.3965 * MC + 
      0.4787 * MW + 
      0.4177 * MD + 
      2.1606 * PW + 

      0.4337 * WPL + 
   -175.3072 

0.97 0.96 2.49 3.39 

Wk 8  

 
BW = 

      0.649 * WE + 
      0.1999 * NL + 
      0.4625 * WH + 
      0.981 * HG + 

      0.1842 * MC + 
      0.7748 * MW + 
     -0.2773 * HH + 
      1.2993 * PW + 

     -0.7143 * EPW + 
      0.1226 * NTBL + 
      0.7632 * WPL + 

   -199.2556 

0.96 0.97 2.42 3.47 

 zBW- Body weight in kg PN-Poll to nose WE - width across the eyes , RE- width across the right ear, NL- neck 
length, WH- wither height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - midpiece 
width, MD - midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of pin bones width, 
EPW - width across the ends of pin bones, NTBL -  nose to tail body length, WPL - the length between the 
withers and pins, FH -  forearm to hoof, CH -  cannon bone to hoof, yMAE- absolute mean error, RSME - mean of 
the errors of the squared.  
 
  

Table 3. 10 Random Forest algorithm weekly performance for body weight on all calves from week 2 - 8   
Model Name  Coefficient of correlation (R)  Correlation of determination (R2) 1MAE 1RMSE 



 

 

47 

Wk 2 0.59 0.35 0.83 1.09 
Wk 3  0.93 0.87 2.36 3.16 
Wk 4 0.95 0.91 2.47 3.19 
Wk 5 0.96 0.93 2.47 3.12 
Wk 6 0.97 0.94 2.48 3.15 
Wk 7  0.96 0.92 2.95 4.1 
Wk 8  0.97 0.95 2.76 3.67 

1MAE- absolute mean error, RSME - mean of the errors of the squared. 
 
Table 3. 11 Machine learning linear Regression for prediction of bodyweight using volume equations for barrel, 
cylinder and mixed models from all calves at all ages (2 - 8 weeks)  

Model 
Name  

Model Equationz Model Equation  Coefficient of 
correlation (R)  

Correlation of 
determination 

(R2) 

MAEy RMSEy CCCy 

Barrell 
Model  

  

Barrel volume= 
ph/12 8(2D2 + d2)  

BW = 0.001 * 
barrel volume + 

7.7084  

0.95 0.90 4.19 6.27 0.95 

Cylind
er 

Model  
  

Cylinder volume = h 
𝜋 𝑑2/4 

BW = 0.0013 * 
cylinder volume + 

 (-0.4254)  

0.96 0.93 3.44 5.34 0.96 

Hybri
d 

Model  

Hybrid volume = 
ph* D2 + 2d2 /12 

BW= 0.0012 * 
hybrid volume + 

2.9512 

0.96 0.93 3.48 5.35 0.96 

zh - height, body length withers to pins, D - depth diameter, midpiece depth, d - top diameter, heart girth, yMAE- 
absolute mean error, RSME - mean of the errors of the squared, CCC - concordance correlation coefficient  

 

Table 3. 12 Random Forest algorithm for barrel, cylinder, and mixed equation from 2-8 weeks  
Model Name   Coefficient of correlation 

(R)  Correlation of determination (R2) MAEz RMSEz CCCz 

Barrell Model  
  

 0.94 0.9 5.19 7.05 0.94 

Cylinder Model  
  

 0.96 0.94 4.02 5.52 0.96 

Hybrid Model   0.96 0.93 4.078 5.54 0.96 
zMAE- absolute mean error, RSME - mean of the errors of the squared, CCC - concordance correlation 
coefficient  

 

Table 3. 13 Multiple linear regression algorithm for barrel equation 2 to 8 weeks   
Model 
Name 

Model Equationz Estimate Standard 
Error 

Pseudo 
R2 

AICy BICy CCCy P - Value 

Barrell 
Model  

Barrell = ph/12 
*(2D2 + d2)  

0.001 0.000012 0.90 4712 4726 0.95 <.0001 

Cylinder 
Model 

Cylinder Model = 
h 𝜋 𝑑2/4 

0.001 0.000013 0.93 4476 4490 0.96 <.0001 

Hybrid 
Model 

Mixed = ph* D2 + 
2d2 /12  

0.001 0.000012 0.93 4480 4494 0.96 <.0001 

zh - height, body length withers to pins, D - depth diameter, midpiece depth, d - top diameter, heart girth, yMAE- 
absolute mean error, RSME - mean of the errors of the squared, CCC - concordance correlation coefficient, P-value 
is significant when <0.05 indicted in bold. 
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Table 3. 14 Multiple linear Regression models incorporating volume parameters barrel, cylinder, hybrid models 
with 19 linear body measures over weeks 2 to 8 weeks  

Model Name Effectsz Estimate  Standard 
Error  AICy BICy  P- Value     

Whole-body barrel 
model Intercept -158.44 4.72 4832 4873  <.0001    

 NL 0.12 0.07    0.0855    
 WH 0.84 0.13    <.0001    
 MH 0.34 0.13    0.0105    
 PH 0.73 0.15    <.0001    
 NTBL 0.59 0.06    <.0001    
 FH -0.12 0.16    0.4414    
 Barrell Eqn  0.00 0.00    <.0001    
           

Whole-body 
cylinder model  Intercept -158.70 4.67 4827 4868  <.0001    

 NL 0.08 0.07    0.2524    
 WH 0.83 0.13    <.0001    
 MH 0.34 0.13    0.0091    
 PH 0.76 0.15    <.0001    
 NTBL 0.59 0.06    <.0001    
 FH -0.13 0.16    0.3876    
 Cylinder Eqn  0.00 0.00    <.0001    
           
Whole-body Hybrid 

model  Intercept -157.82 4.71 4827 4868  <.0001    
 NL 0.11 0.07    0.1445    
 WH 0.83 0.13    <.0001    MH 0.33 0.13    0.0112    PH 0.74 0.15    <.0001    NTBL 0.59 0.06    <.0001    FH -0.12 0.16    0.4345   

  Hybrid Eqn 0.00 0.00      <.0001   
zh - body length withers to pins, D - midpiece depth, d - heart girth, NL- neck length, WH- wither height, 
MH- Midpiece height, PH - pin height, NTBL- nose to tail body length, FH- forearm height, Eqn- 
equation, yAIC- Akaike information criterion, BIC- Bayesian information criterion, P-value is significant 
when <0.05 indicted in bold.  
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Figure 1 Schematic of the 19 linear measurements measured on beef calves from 2 wk to 8 wk of age. 
Where: poll to nose (PN), width across the eyes (WE), Width across the right ear (RE) Neck length (NL), 

wither height (WH), heart girth (HG), midpiece height (MH), midpiece circumference (MC), midpiece 
width (MW), midpiece depth (MD), hook height (HH), hook width (HW), pin height (PH), pin width 

(PW), end of pin width (EPW), nose to tail body length (NTBL), Body length from wither to pins (WPL), 
forearm to hoof (FH), cannon bone to hoof (CH) 

 

 

 

Figure 2 Barrel illustration with linear measurement 
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Figure 3 Cylinder illustration with linear measurements 

 

Figure 4 Hybrid illustration with linear measurements 

 

Figure 5 Calf/ Barrel illustration with linear measurements  

 

 

Figure 6 Calf/ Cylinder illustration with linear measurements 
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Figure 7 Calf/ Hybrid illustration with linear measurements 

 

 

Chapter 4 Application of linear body measurements to predict weaning 
weight of beef calves 
 
 For the cow-calf producer, the weaning period is a very important time-point. During this 

period calves are often gathered from pasture systems in the fall, where they have been raised 

alongside their mothers all summer, separated from their mothers, and often sold from the 

operation. It is also usually the first-time producers receive a weight for their calves, either 

through their own weigh system (if they have one) or through a scale at an auction yard. As 

discussed earlier, bodyweight is vital data for producers, as it is the basis of their revenue and is 

often used as a critical decision-making tool for marketing and breeding decisions. However, if 

prediction of weaning weight can be established early in life, there may be opportunities for 

producers to employ other management considerations to manage calves based on predicted 

weight and establish a more precise feeding/management system to allow for optimum marketing 

at time of weaning. The objective of this chapter is to determine if body measurements early in 

life (2-8 weeks of age) can predict weaning weight at 6-7 months of age.  

 

4.1 Material and Methods  
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 To determine if early calf growth can predict weight at weaning, 103 Angus-cross calves, 

47 heifers and 46 males were used from the study described in Chapter 3. Calves were cared for 

according to Canadian Council on Animal Care guidelines (AUP #4254; Canadian Council on 

Animals care et al. 1993) at the Elora Beef Research Station for the duration of the experiment 

and were enrolled at birth (March 3 - June 30, 2020). Calves remained with their dams 

throughout the summer and were managed on a rotational grazing pasture following standard 

research station protocols until weaning in the fall. Weaning weight (WW) was taken from Oct 

8, 2020 -November 23, 2020, when each calf was 6-7 months of age. 

Calf measurements are described in detail in Chapter 2, however, to evaluate 

relationships, only data from week 2 and week 8 was examined to predict weaning weight, as 

those timepoints may better align with other management events common to cow- calf 

production practices (e.g.. vaccination, dehorning, castration, and branding protocols). All calves 

were castrated using the banding method in the first week of life. Steers’ and heifers’ data were 

examined collectively. 

 

4.1.2 Body traits and measurements  
 

 Calf measurements included 19 total measurements (described in detail in 3.1.2.) 

including:   poll to nose (PN) width across the eyes (WE), Width across the right ear (RE) Neck 

length (NL), wither height (WH), heart girth (HG), midpiece height (MH), midpiece 

circumference (MC), midpiece width (MW), midpiece depth (MD), hook height (HH), hook 

width (HW), pin height (PH), pin width (PW), end of pin width (EPW), nose to tail body length 

(NTBL), Body length from wither to pins (WPL), forearm to hoof (FH), cannon bone to hoof 

(CH). Calf birth weight and Average daily gain (ADGB8) was added into the model to better 
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reflect calf growth rate. Average daily gain (ADGB8) was calculated in individual calves from 

birth to 8 wks of age.  

 

4.2 Statistical Analysis  
 
 For predicting weaning weight (WW), collected weights were handled in Microsoft 

Excel. Data from week 2 or week 8, across all calves and/or separated by calf sex were used to 

generate weaning weight prediction models. For calves 17 calves in which data for MW and MD 

in week 2 and week 3 data was imputed by averaging the weights of week 2 and week 3 

separately using the averages calculates as the data points for the corresponding weeks.  For 6 

calves, PW data was imputed in a similar fashion for only week 2.  

 To generate the prediction model, BIW, linear measurements and ADG was included in 

the model. Average daily gain (ADG) was measured for all calves using the following formula: 

𝐴𝐷𝐺
𝐾𝑔
𝑑𝑎𝑦 = 	

𝐼𝑛𝑖𝑡𝑖𝑎𝑙	𝑤𝑒𝑖𝑔ℎ𝑡	(𝑘𝑔) − 𝑤𝑒𝑖𝑔ℎ𝑡	𝑎𝑓𝑡𝑒𝑟	𝑥	𝑑𝑎𝑦𝑠	(𝑘𝑔)
𝑋	𝑛𝑢𝑚𝑏𝑒𝑟	𝑜𝑓	𝑑𝑎𝑦𝑠	  

Equation 4: Average daily gain equation, units: kg/day 

 

4.2.1 Weka Software  
 

To generate prediction models using a machine learning approach, the software Weka ® 

(Version 3.8.5, University of Waikato, New Zealand) was used. The data was examined through 

two methods: linear regression and Random Forest. To validate the models, a 10-fold cross 

validation was used. The data set was split, nine parts were used to generate the model and one 

part used to test for validation for a total of 10 validation tests (Pereira et al., 2013). The choice 

of the best fitted model was selected using coefficient of correlation (R) coefficient of 
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determination (R2), mean absolute error (MAE), root means square error (RSME) concordance 

correlation coefficient (CCC)(Conway, 1979; Lin, 1989). 

 

4.2.2 SAS Software  
 

SAS software (Statistical Analysis System, Enterprise Edition) Version 9.04 of the SAS 

System for Linux Copyright © (2012-2018, SAS Institute Inc., Cary, NC, USA) was used to 

predict weaning weight using a multiple linear regression model. PROC GLIMMIX was used for 

this procedure, employing linear mixed models that accommodated for non-normal data that fits 

statistical models. Within the model, predicted weaning weight was the dependent value and the 

independent values were the 19 morphology traits, BIW and, ADGB8. The choice of the best 

fitted model was selected using coefficient of determination (R2), Akaike Information Criterion 

(AIC), Bayesian information criterion (BIC) and concordance correlation coefficient 

(CCC)(Akaike, 1973; Schwarz, 1978; Lin, 1989). Significance was stated at P< 0.05. 

Weaning weight prediction against independent variables in the following multiple 

regression model: 

													𝑦) =	𝛽-	 +	𝛽/𝑋/ + 𝛽/𝑋)
&
+⋯+ 𝛽)𝑋 )

0
+	𝜀)		                     (b) 

In which y is the predicted value, b is the coefficient, X is the variables and e is the 

random error.  

 

4.3 Results  
 
4.3.1 Predicting weaning weight in Weka software  
 

In total, 685 data points of weaning weight and body measures were examined, and 5 

calves were removed from the data set due to missing weaning weight data points.  
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Surprisingly, weaning weight at 2 weeks of age across all sexes was fit using an equation, 

retrieving moderately accurate results with an R2 = 0.71 (Table 4.1).  The machine learning 

linear regression equation generated for all calves was: 

WW = -1.4638 * BW + 1.6594 * WH + 1.5429 * MC + 5.2377 * MD + 4.6322 *HW + 

2.0071 * PH + 2.8648* EPW + -1.2149 * WPL + 145.4335 * ADGB8+ -376.3845. 

 

The model WW Week 2 in male calves had a strong correlation with a R2, RSME and 

CCC of 0.84, 35.99, 0.69, respectively (Table 4.1). The equation for the correlation prediction is 

the following:  

WW = -2.6236 * BW + 2.1853 * NL + 2.5444 * MC + 5.0452 * MW+ 7.834 * MD + 

4.1211 * PH +4.4711 * PW + 1.8327 * NTBL + 89.1814 * ADGB8+ -945.6862. 

 

 Similarly, predicting WW from Week 8 in the male calf model was highly correlated 

with an R2 = 0.84, RSME = 35.52 CCC = 0.70 (Table 4.1). Machine learning linear regression 

model equation for male calves at 8 weeks:  

WW = 1.537 * BW + 5.8286 * WH + 4.0065 * HG + -5.2813 * MH +1.6104 * MC + 

4.1382 * MW + -16.9296 * MD + -3.449 * HH + 3.6766 * PH +15.2188 * EPW + 11.0604 * CH 

+ -369.0034. 

Predicting WW for heifer calves had a bit of lower model fit compared to males. In 

comparing weeks, predicting WW Week 2 in heifers’ model had a higher correlation of 

determination with R2 = 0.77 than WW Week 8 in heifer calves, but a better fit than models on 

all calf data (Table 4.1). The best fitting model for heifers to predict WW was from week 2, with 

the resulting predicting equation:  
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WW= -1.1646 * BW + 0.9708 *RE + -3.6683 * HG+ 7.9826* MD + -1.0801 * HH + 

10.5314 * HW + 3.692 * PH + 133.3557 * ADGB8 + -222.0927 

 

Consequently, Random Forest algorithms generated from Weka for all weeks and 

genders had much lower correlations of determination than the machine learning linear 

regression models predicting weaning weight R2 < 59 (Table 4.2).  

 

4.3.2 SAS Statistical Model   
  

A multiple linear regression was used to generate a model to predict body weight based 

on linear body measurements. Predicting weaning weight for week 8 had a lower correlation of 

determination of 0.69 compared to week 2 correlation of determination of 0.72 (Table 4.3).  

Similar to the linear regression algorithm in machine learning, predicting WW week 2 and week 

8 in males had the strongest correlation, with a R2 = 0.87 and 0.88, respectively (Table 4.3). 

Within the equation the only variable that was significant in the model (P ≤0.05) for the multiple 

regression equation was ADGB8 in the week 2 model across all calves.  

4.4 Discussion 
 
Predicting weaning weight early in life may be a useful tool for producers to make 

management decisions. If a producer had an estimation of weaning weight at 14 days of age 

based on these prediction models, they could alter feeding programs according to their optimum 

desired calf weight, make decisions on keeping animals as replacements, etc. Additionally, 

producers would have a realistic estimation on when to sell their calf and estimate economic 

returns in the fall. Using the prediction equation given in Table 4.1, these data were able to 

predict with a moderate correlation to weaning weight at 6-7 months of age. Given the span in 
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time between 2-to-8 wks of age and when calves were weaned at 6-7 months of age, this result 

was greater than expected. To help improve the accuracy of the growth curve, another study 

would be required to follow the calves more fully from 2 wks until weaning age, with more 

frequent body weights and linear body morphology measurements. To help estimate the slope of 

the growth curve, ADG from birth to 8 weeks of age were added. Additionally, ADG from week 

2 to week 8 were tested, but were of no additional benefit to the models. This also would be 

advantageous from the perspective of the producer, as more producers will likely gather birth 

weight rather than a BW at 2 weeks of age.  

 Within the Random Forest model, the correlation between the body weight and linear 

measures were quite low in contrast to the linear regression models. The correlation of 

determination decreased by more than 30% compared to the linear regression models. Based on 

this study, calf weights increased linearly, therefore, the linear regression models tended to fall 

better when the function was truly linear versus Random Forest decision tree (Breiman, 2001; Li 

and Li, 2011). Conversely, the Random Forest algorithm may be better at capturing non-linearity 

(Breiman, 2001; Li and Li, 2011).  

 Both predicting WW Week 2 and 8 in males showed a strong correlation with body 

weight and were greater than that of heifers. This prediction could be due to the unknown 

allometric growth difference in males and females, briefly discussed in Ch 3. Within the study, 

the male calves seem to be larger and had less fluctuation in weight compared to their female 

counterparts (Appendix 1), which may have contributed to increased model fit.   

 In conclusion, predicting calf weaning weight may be estimated from early life growth 

parameters with moderate accuracy in beef calves. The linear regression algorithms performed 

better than Random Forest models, likely due to the more linear nature of calf growth until 
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weaning. Males had a stronger correlation coefficient in comparison to heifers, which may 

reflect differences in allometric growth patterns between calf sexes. This may be an advantage as 

producers may be able make breeding decisions and may have more accurate breeding weight 

predictions for producers. Obtaining predicted weaning weight may be another management tool 

producers can use to help improve farm management and profitability. However, further research 

is needed to test these equations and perhaps include additional calf age timepoints to further 

improve WW prediction. 

 

Table 4. 1 Predicting weaning weight from early calf linear measurements using linear regression in machine 
learning  

Model Name Model Equationsz Coefficient of 
correlation (R)  

Correlation of 
determination (R2) MAEy RMSEy CCCy 

Predicting WW 
from Wk 2 data- 

all calves 

WW = 
     -1.4638 * BW+ 
      1.6594 * WH + 
      1.5429 * MC + 
      5.2377 * MD + 
      4.6322 * HW+ 
      2.0071 * PH+ 

      2.8648 * EPW + 
     -1.2149 * WPL + 

    145.4335 * 
ADGB8 + 

   -376.3845 

0.74 0.71 24.13 30.00 0.73 

Predicting WW 
Wk 2 in males 

 
WW = 

     -2.6236 * BW + 
      2.1853 * NL+ 
      2.5444 * MC + 
      5.0452 * MW+ 
      7.834 * MD + 
      4.1211 * PH + 
      4.4711 * PW + 
      1.8327 * NTBL 

+ 
     89.1814 * 

ADGB8+ 
   -945.6862 

0.69 0.84 28.64 36.0 0.69 

Predicting WW 
Wk 2 in heifers 

 
WW = 

     -1.1646 * BW + 
      9.9708 * RE + 
     -3.6683 * HG+ 
      7.9826 * MD + 

0.67 0.77 27.21 33.59 0.67 
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     -1.0801 * HH + 
     10.5314 * HW + 

      3.692 * PH + 
    133.3557 * 

ADGB8 + 
   -222.0927 

Predicting WW 
Wk 8- 

all calves 

 
WW = 

      1.0213 * BW+ 
     -5.343 * PN + 
      2.4795 * HG+ 
      4.536 * MW + 
     -2.571 * MD+ 

      3.4286 * WPL+ 
   -227.1658 

0.71 0.66 24.59 31.17 0.70 

Predicting WW 
Wk 8 in males 

 
WW = 

      1.537 * BW + 
      5.8286 * WH + 
      4.0065 * HG + 
     -5.2813 * MH + 
      1.6104 * MC + 
      4.1382 * MW + 
    -16.9296 * MD + 
     -3.449 * HH + 
      3.6766 * PH + 

     15.2188 * EPW + 
     11.0604 * CH + 

   -369.0034 

0.7 0.84 27.53 35.52 0.70 

Predicting WW 
Wk 8 in heifers  

 
WW = 

     -8.1372 * PN + 
     -7.7397 * WH + 
      3.0352 * HG + 
      7.3042 * PW + 
      2.916 * WPL+ 
      8.4213 * FH + 

     88.6539 * 
ADGB8 + 

   -100.6976 

0.59 0.70 28.74 36.90 0.58 

z BWKG- body weight in kg PN-poll to nose WE - width across the eyes , RE- width across the right ear, NL- 
neck length, WH- wither height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - 
midpiece width, MD - midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of pin 
bones width, EPW - width across the ends of pin bones, NTBL -nose to tail body length, WPL - the length 
between the withers and pins, FH - forearm to hoof, CH - cannon bone to hoof, WW- predicting weaning weight , 
ADGB8- average daily gain from birth to week 8, yMAE- absolute mean error, RSME - mean of the errors of the 
squared, CCC - concordance correlation coefficient. 

 

Table 4. 2 Predicting weaning weight using Random Forest algorithm  
Model Name Coefficient of 

correlation (R)  
Correlation of 

determination (R2) MAEz RMSEz CCCz 

Predicting WW Wk 2- all 
calves 0.71 0.51 25.48 31.06 0.64 
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Predicting WW Wk 2 in 
males 0.76 0.58 22.24 29.61 0.68 

Predicting WW Wk 2 in 
heifers  0.72 0.52 25.72 29.86 0.62 

Predicting WW Wk 8 - all 
calves 0.72 0.26 23.6 30.33 0.51 

Predicting WW Wk 8 in 
males    0.75 0.57 24.58 29.39 0.72 

Predicting WW Wk 8 in 
heifers  0.69 0.48 23.82 30.59 0.02 
zMAE- absolute mean error, RSME - mean of the errors of the squared, CCC - concordance correlation 
coefficient.   

 

Table 4. 3 Multiple linear regression parameters to predict weaning weight for all calves during week 2  
Effectsz Estimated parameter  Standard Error  P-Valuey 

Intercept -402.92 142.36 0.006 
BW -1.78 1.08 0.16 
PN 1.37 2.65 0.61 
WE -1.11 5.04 0.83 
RE 0.04 4.00 0.99 
NL -0.189 0.74 0.80 
WH 1.51 1.56 0.34 
HG 0.27 1.01 0.79 
MH -1.79 1.63 0.28 
MC 1.41 0.75 0.07 
MW 3.09 2.80 0.27 
MD 4.79 2.46 0.06 
HH -0.08 0.69 0.91 
HW 3.31 2.84 0.25 
PH 2.71 1.79 0.13 
PW 0.17 1.978 0.93 

EPW 2.24 1.79 0.22 
NTBL 0.57 0.82 0.49 
WPL -1.32 0.93 0.16 
FH -0.28 1.78 0.88 
CH 1.59 3.05 0.60 

BIW 0.83 0.99 0.40 
ADGB8 134.4 22.06 <.0001 

z BW- body weight in kg PN-poll to nose WE - width across the eyes , RE- width across the right ear, NL- neck 
length, WH- wither height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - midpiece 
width, MD - midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of pin bones width, 
EPW - width across the ends of pin bones, NTBL -nose to tail body length, WPL - the length between the withers 
and pins, FH - forearm to hoof, CH - cannon bone to hoof, PWW- predicting weaning weight , ADGB8- average 
daily gain from birth to week 8,  y P-Value is significant when <0.05 indicated in bold.   

Table 4. 4 Multiple linear regression parameters to predict weaning weight for all calves during week 8   
Effectsz Estimated parameter  Standard Error  P-Valuey  
Intercept -127.88 262.54 0.63 

BW 1.45 1.70 0.40 
PN -3.99 3.13 0.21 
WE -2.48 6.41 0.70 
RE -2.13 4.61 0.65 
NL -0.47 0.89 0.59 
WH -0.47 2.23 0.84 
HG 2.01 1.83 0.27 
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MH -2.25 2.01 0.27 
MC -0.03 0.66 0.96 
MW 3.91 2.40 0.11 
MD -1.72 2.20 0.44 
HH 0.12 2.36 0.96 
HW -2.00 3.49 0.57 
PH 1.20 2.17 0.58 
PW 2.20 4.42 0.62 

EPW 4.97 5.70 0.39 
NTBL -0.95 1.03 0.36 
WPL 2.72 1.98 0.17 
FH 3.56 4.51 0.43 
CH 1.27 6.85 0.85 

BIW -0.12 1.45 0.93 
ADGB8 8.68 59.39 0.88 

z BW- body weight in kg PN-poll to nose WE - width across the eyes , RE- width across the right ear, NL- neck 
length, WH- wither height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - midpiece 
width, MD - midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of pin bones width, 
EPW - width across the ends of pin bones, NTBL -nose to tail body length, WPL - the length between the withers 
and pins, FH - forearm to hoof, CH - cannon bone to hoof, PWW- predicting weaning weight , ADGB8- average 
daily gain from birth to week 8,   y P-Value is significant when <0.05 indicated in bold.  

 

Table 4. 5 Multiple linear regression parameters to predict weaning weight of males during week 2  
Effectsz Estimated parameter  Standard Error  P-Valuey 

Intercept -876.2 360.56 0.02 
BW -1.75 1.990 0.39 
PN -0.27 4.43 0.95 
WE -4.38 11.65 0.71 
RE -3.48 5.77 0.55 
NL 2.41 1.37 0.09 
WH 1.86 2.25 0.42 
HG 0.80 1.32 0.55 
MH 0.97 3.11 0.76 
MC 2.07 1.23 0.11 
MW 4.50 5.29 0.41 
MD 7.30 5.312 0.19 
HH -0.76 3.23 0.82 
HW 4.11 5.65 0.48 
PH 0.44 4.29 0.92 
PW 2.88 3.43 0.41 

EPW 1.21 2.86 0.68 
NTBL 1.52 1.71 0.38 
WPL -1.24 1.72 0.48 
FH 1.73 2.48 0.49 
CH 3.66 4.55 0.43 

BIW -0.967 1.85 0.61 
ADGB8 105.26 38.72 0.01 

z BW - body weight in kg PN-poll to nose WE - width across the eyes , RE- width across the right ear, NL- neck 
length, WH- wither height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - midpiece 
width, MD - midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of pin bones width, 
EPW - width across the ends of pin bones, NTBL -nose to tail body length, WPL - the length between the withers 
and pins, FH - forearm to hoof, CH - cannon bone to hoof, PWW- predicting weaning weight , ADGB8- average 
daily gain from birth to week 8,  y P-Value is significant when <0.05 indicated in bold.  
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Table 4. 6 Multiple linear regression parameters to predict weaning weight for males during week 8   
Effectsz Estimated parameter  Standard Error  P-Valuey  
Intercept -201.91 426.24 0.64 

BW 3.159 2.56 0.23 
PN 4.845 4.023 0.24 
WE -13.18 11.185 0.25 
RE 5.489 6.7638 0.43 
NL -0.155 1.614 0.92 
WH 5.001 3.61 0.18 
HG 4.003 2.38 0.11 
MH -3.504 3.47 0.32 
MC 1.014 1.12 0.37 
MW 4.222 3.404 0.23 
MD -12.24 6.56 0.08 
HH -4.078 2.83 0.17 
HW -1.245 4.76 0.80 
PH 3.032 2.37 0.22 
PW -3.012 6.44 0.65 

EPW 26.052 10.27 0.02 
NTBL -2.522 1.69 0.15 
WPL 0.793 3.03 0.80 
FH 0.862 6.12 0.89 
CH 8.253 9.55 0.40 

BIW -0.58 1.97 0.77 
ADGB8 -82.47 88.10 0.36 

Z BW- body weight in kg PN-poll to nose WE - width across the eyes , RE- width across the right ear, NL- neck 
length, WH- wither height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - midpiece 
width, MD - midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of pin bones width, 
EPW - width across the ends of pin bones, NTBL -nose to tail body length, WPL - the length between the withers 
and pins, FH - forearm to hoof, CH - cannon bone to hoof, PWW- predicting weaning weight , ADGB8- average 
daily gain from birth to week 8,  y P-Value is significant when <0.05 indicated in bold.  

 

Table 4. 7 Multiple linear regression parameters to predict weaning weight for heifers during week 2  
Variablez  Estimated parameter  Standard Error   P-Valuey  
Intercept -210.4 194.67 0.28 

BW -1.31 1.537 0.39 
PN 4.93 4.48 0.27 
WE -3.83 7.09 0.59 
RE 7.94 6.31 0.22 
NL -1.13 1.12 0.32 
WH 0.81 2.28 0.72 
HG -4.67 2.44 0.07 
MH 0.55 2.82 0.85 
MC 1.24 2.02 0.54 
MW -2.15 4.39 0.62 
MD 9.16 3.39 0.01 
HH -0.97 0.85 0.26 
HW 5.74 4.77 0.24 
PH 3.65 2.5 0.15 
PW 2.39 2.95 0.42 

EPW 2.89 2.911 0.32 
NTBL -0.19 1.13 0.87 
WPL -0.09 1.47 0.95 
FH -0.39 2.9 0.89 
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CH -2.67 4.43 0.55 
BIW 0.21 1.64 0.9 

ADGB8 133.58 37.49 0.001 
z BW - body weight in kg PN-poll to nose WE - width across the eyes , RE- width across the right ear, NL- neck 
length, WH- wither height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - midpiece 
width, MD - midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of pin bones width, 
EPW - width across the ends of pin bones, NTBL -nose to tail body length, WPL - the length between the withers 
and pins, FH - forearm to hoof, CH - cannon bone to hoof, PWW- predicting weaning weight , ADGB8- average 
daily gain from birth to week 8, y P-Value is significant when <0.05 indicated in bold. 

 

Table 4. 8 Multiple linear regression parameters to predict weaning weight for heifers during week 8  
Variablez  Estimated parameter  Standard Error  P-Valuey 
Intercept -37.4 417.11 0.93 

BW 1.51 2.6 0.57 
PN -7.47 4.49 0.11 
WE -1.01 8.87 0.91 
RE -7.96 7.66 0.31 
NL 0.35 1.24 0.78 
WH -7.38 4.17 0.09 
HG 1.43 3.03 0.64 
MH -3.1 3.22 0.34 
MC 1.79 1.84 0.34 
MW -0.87 4.37 0.84 
MD -0.62 2.77 0.82 
HH 1.34 4.29 0.76 
HW -2.06 4.98 0.68 
PH -0.19 4.84 0.97 
PW 7.36 6.8 0.29 

EPW 1.93 11.71 0.87 
NTBL -0.3 1.73 0.86 
WPL 3.73 2.97 0.22 
FH 7.99 7.36 0.29 
CH 6.77 10.96 0.54 

BIW -1.51 2.41 0.54 
ADGB8 34.52 81.4 0.67 

zBW- body weight in kg PN-poll to nose WE - width across the eyes , RE- width across the right ear, NL- neck 
length, WH- wither height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - midpiece 
width, MD - midpiece depth, HH - hook height, HW - hook width, PH -  pin height, PW - top of pin bones width, 
EPW - width across the ends of pin bones, NTBL -nose to tail body length, WPL - the length between the withers 
and pins, FH - forearm to hoof, CH - cannon bone to hoof, PWW- predicting weaning weight , ADGB8- average 
daily gain from birth to week 8, yP-Value is significant when <0.05 indicated in bold. 

 

Table 4. 9 Multiple linear regression algorithm to predict weaning weight   
Model Name Pearson Correlation 

Coefficients (R)  
Correlation of 

determination (R2) AICz BICz CCCz 

Predicting WW Wk 2 in all calves  0.85 0.72 872 928 0.84 
Predicting WW Wk 8 in all calves 0.83 0.69 878 934 0.82 
Predicting WW Wk 2 in males 0.93 0.87 366 360 0.67 
Predicting WW Wk 2 in heifers 0.89 0.79 456 491 0.88 
Predicting WW Wk 8 in males 0.94 0.88 323 346 0.94 
Predicting WW Wk 8 in heifers   0.86 0.74 449 484 0.82 
  z AIC- Akaike information criterion, BIC- Bayesian information criterion, CCC - concordance 
correlation coefficient.    
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Chapter 5 Overall Conclusions  
 

Overall, the study demonstrated that linear body measurements can be used to accurately 

estimate the body weight of young beef calves. Our hypothesis was correct in stating that in all 

calves models both linear regression and Random Forest models were able to use linear 

measurements to estimate body weights effectively and accurately. Moreover, the separation of 

the data by calf sex indicated that males and heifer models can accurately predict body weight, 

but that some of the key traits to improve model fit may differ slightly with calf sex. Males had 

better accuracy and fit statistics in the machine learning linear regression model in comparison to 

the heifer models. However, both gender machine learning models using Random Forest had the 

same correlation of determination and illustrated that both genders’ linear measurements had 

strong correlations to body weight. The addition of 3D volume measurements did not improve 

model fit compared to other linear measurements models examined, however, they did strongly 

correlate with body weight and perhaps can be used, with fewer measurement involved, to still 

give a better perspective on the mid-section of calf weight. Predicting the weaning weight at 6-8 

months of age using from data from young calves was promising and may be strong enough to 

be utilized as a key tool in cow-calf management.  

However, the hypothesis was incorrect in assuming that Random Forest being the most 

ideal approach for all models. Both modeling types performed well, however, the linear 

regression algorithm in machine learning related to the data more efficiently compared to the 

other algorithms used. The HG measurement still exceeded all other measurement in most of the 

models, however, some other measurements were also of interest. The WE measurement was a 
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trait that became an important component in some models and may be a trait to consider as a 

routine linear body measurement.  

Random Forest method in machine learning had some advantages. It can handle “big 

data” that have many variables and complex tasks, such as the current study (Breiman, 2001). 

The 10-fold cross validation allows for “testing” data to get a more accurate result. Also, it can 

handle outliers and continuous variables automatically, without further coding (M. Sheykhmousa 

et al., 2020).  However, there disadvantages to using Random Forest as well; for example, the 

algorithm itself doesn’t automatically give you an equation like the linear regression methods. 

The Random Forest method contains many decision trees, and even though this allows for better 

predictions, when analyzing trees with multiple variables, they became too large to view and 

became to broad to evaluate. Lastly, with a regression growth trajectory, if the data set is missing 

many values or repeated variables, the Random Forest method can over predict or under predict 

the trend, such as the case in Table 3.6 in wk 2 (Sheykhmousa et al., 2020). In the current study, 

CCC was evaluated for this purpose. Random Forest is a valuable tool in many situations with 

large, complex data sets and is efficient in identifying patterns within the data, however, 

evaluating regression model or having missing values within the data causes error and using 

traditional linear regression may allow for better fit in these circumstances.   

Although models to predict BW were successfully generated, there were some limitations 

to this experiment. Throughout the trial, measuring 103 calves each week was very labour 

intensive and demanding. In addition, managing very young calves was a challenge, as in the 

first couple of weeks, the calves were still learning to balance, stand relaxed and walk with ease, 

which became a struggle when trying to get the calves to stand squared for weekly 

measurements. Additionally, the calves were not accustomed to the halter and physically 
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bringing them to the scale was physically demanding during the first weeks of life. One other 

challenge in the present study was that we were unable to gather linear measurements when the 

weaning weight measure was obtained, which may have helped improve the assessment of 

growth and BW.  In addition, no data on calf milk consumption or feed consumption was 

recorded, which may also be a factor in the overall growth of the calves.  

 

5.1 Implications and future research 
 The ability to accurately estimate body weight without a weigh scale has great potential 

on farms that do not have access to a weigh scale. This study demonstrates that in young beef 

calves, linear body measures can be used to accurately predict BW up to 8 wk of age.   

Although this work demonstrated a strong relationship between linear measures and BW, there 

are more opportunities for further research. In the present study, linear measures were obtained 

starting at 2 weeks of age. It would be interesting to evaluate these dimensions at birth rather 

than starting at 2-week-old. Similarly, only body weight was measured at weaning weight; it 

would be advantageous to also include linear measurements at that time, and perhaps include 

additional time points between 8 wks of age and time of weaning or until first calving. This 

would allow for complete evaluation of the linear measurements and how accurately they can 

predict mature cattle weight, as well as other production outcome. In regards to physical linear 

measurements, width across the eyes needs further investigation into whether it alone can result 

in high correlation to body weight.  

 In addition, the development of digital and precision agriculture technologies may 

represent an important end user of this data. Advancements in visual technology needs reliable 

correlation data for the technology to be built upon. Linear measurements on the imagery must 

relate to one another for the technology to estimate body weight. Developing a visual/camera 
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system-based system could capture individual growth data for calves and allow for management 

decision to come from growth data. There are many advantages of a visual system, as calves will 

be less stressed as the system can be attached to a feeding system or a section of the pen the 

calves frequent. The producer can gather BW on the calves with very little labour other than 

maintenance of the machine. With this camera-based technology predicting future growth 

trajectory may be used along with nutrition management to correct growth curves or alter 

management goals and use precision agriculture technology for improvement of sustainability 

and profitability in the beef sector. 
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Appendix 1 
 
Table 5. 1 Mean, standard deviation, minimum and maximums for all calves broken down into week 2-8 

Variable N Mean Std Dev Minimum Maximum 
Weeks 7 5.0 2.0 2.0 8.0 
BWKG 721 78.3 19.9 34.4 134.6 

PN  721 25.9 2.4 20.3 32.1 
RE 721 13.2 1.0 10.0 16.5 
WE 721 15.4 1.3 10.5 19.3 
NL 721 60.5 6.2 32.9 93.5 
WH 721 82.1 6.0 62.3 97.1 
HG 721 98.6 8.5 71.5 119.9 
MH 721 83.2 6.3 63.9 100.0 
MC 721 103.4 11.2 11.1 199.8 
MW 721 25.5 3.0 16.8 35.0 
MD 721 35.1 3.6 24.8 46.8 
HH 721 79.7 6.2 29.2 95.0 
HW 721 18.7 1.7 14.0 26.5 
PH 721 74.8 4.8 56.9 91.7 
PW 721 26.3 2.4 16.3 32.0 

EPW 721 7.3 3.2 4.2 81.0 
NTBL  721 120.1 10.1 78.3 147.7 
WPL 721 76.4 6.6 8.3 93.0 
FH 721 49.1 3.2 34.9 68.2 
CH 721 26.7 1.6 22.0 31.1 

BiW 721 35.4 5.2 23.0 49.0 
Week 2       
BWKG 103 52.4 7.3 34.4 72.4 

PN  103 23.0 1.3 20.4 26.3 
RE 103 12.0 0.7 10.0 13.3 
WE 103 13.9 1.1 10.5 16.2 
NL 103 53.5 6.3 32.9 66.4 
WH 103 74.7 3.8 62.3 83.1 
HG 103 87.6 5.2 71.5 107.0 
MH 103 76.0 3.8 63.9 84.4 
MC 103 90.2 6.0 68.4 103.9 
MW 103 21.9 1.4 16.8 25.2 
MD 103 31.1 1.6 27.0 36.7 
HH 103 73.3 5.8 29.2 81.9 
HW 103 17.2 1.5 14.0 21.1 
PH 103 69.3 3.3 59.0 75.5 
PW 103 23.5 1.7 16.3 27.0 

EPW 103 9.2 7.5 4.2 81.0 
NTBL  103 107.4 5.7 88.9 118.6 
WPL 103 69.1 4.5 55.0 81.8 
FH 103 45.7 2.5 34.9 50.9 
CH 103 25.2 1.3 22.0 28.0 

Week 3       
BWKG 103 61.7 8.2 44.0 82.4 

PN  103 24.0 1.2 21.2 27.2 
RE 103 12.5 0.6 11.0 14.0 
WE 103 14.7 0.9 12.2 16.7 
NL 103 55.9 4.2 37.0 64.6 
WH 103 77.6 4.0 63.6 89.7 
HG 103 91.9 4.5 82.4 103.7 
MH 103 78.3 3.6 66.6 86.0 
MC 103 96.1 5.1 84.8 108.5 
MW 103 23.5 1.6 19.1 27.9 
MD 103 32.4 1.7 27.9 38.6 
HH 103 75.1 4.0 62.4 84.9 
HW 103 17.6 1.3 14.4 20.5 
PH 103 71.3 3.2 56.9 78.1 
PW 103 24.6 1.7 17.8 27.5 

EPW 103 8.1 2.8 4.8 20.5 
NTBL  103 111.9 5.3 97.0 122.5 
WPL 103 71.9 3.9 62.0 80.9 
FH 103 46.8 2.8 35.2 52.7 
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CH 103 25.7 1.3 22.0 29.6 
Week 4       
BWKG 103 70.4 9.6 46.6 92.2 

PN  103 25.0 1.6 20.3 29.5 
RE 103 12.8 0.7 11.0 14.4 
WE 103 15.1 0.9 13.2 17.3 
NL 103 58.3 3.3 50.2 66.8 
WH 103 80.1 3.6 69.5 88.3 
HG 103 95.6 4.8 83.2 107.9 
MH 103 80.6 4.0 66.0 90.3 
MC 103 99.7 5.4 87.6 111.2 
MW 103 24.4 1.8 19.7 28.0 
MD 103 33.5 2.4 24.9 40.3 
HH 103 77.4 4.2 63.0 85.2 
HW 103 17.8 1.1 14.3 20.2 
PH 103 73.2 2.9 62.8 78.5 
PW 103 25.4 1.8 18.0 29.6 

EPW 103 7.0 1.2 5.0 10.9 
NTBL  103 116.7 4.7 101.8 131.2 
WPL 103 74.2 3.7 65.0 83.5 
FH 103 48.4 3.1 43.4 68.2 
CH 103 26.2 1.3 22.4 29.5 

Week 5       
BWKG 103 79.0 10.5 54.2 103.4 

PN  103 25.8 1.5 22.4 30.4 
RE 103 13.2 0.8 11.1 16.5 
WE 103 15.5 0.9 13.4 18.0 
NL 103 61.0 3.5 53.6 69.1 
WH 103 82.8 3.5 71.9 89.9 
HG 103 99.5 4.9 85.8 111.0 
MH 103 83.3 3.5 70.4 90.5 
MC 103 103.8 5.4 88.9 117.6 
MW 103 25.5 1.7 21.8 29.8 
MD 103 35.2 2.3 30.1 40.7 
HH 103 79.9 3.9 66.9 89.0 
HW 103 18.6 1.2 14.6 22.2 
PH 103 74.9 3.2 62.6 81.7 
PW 103 26.5 1.5 21.9 31.8 

EPW 103 6.6 0.8 4.3 9.3 
NTBL  103 120.1 5.2 109.8 131.7 
WPL 103 76.1 7.7 8.3 85.4 
FH 103 49.3 2.2 42.6 53.4 
CH 103 26.7 1.3 22.7 29.7 

Week 6       
BWKG 103 87.4 11.7 57.6 114.4 

PN  103 26.9 1.6 23.2 31.2 
RE 103 13.6 0.6 11.8 14.9 
WE 103 15.8 0.9 13.0 18.5 
NL 103 62.8 3.2 55.9 71.0 
WH 103 84.7 3.8 72.7 93.6 
HG 103 102.4 5.1 86.7 115.0 
MH 103 85.6 4.2 70.2 94.2 
MC 103 106.8 11.3 11.1 124.5 
MW 103 26.5 1.9 21.8 31.5 
MD 103 36.6 2.6 28.4 44.3 
HH 103 81.8 4.1 65.2 90.4 
HW 103 19.3 1.2 17.1 22.3 
PH 103 76.4 3.2 63.2 83.0 
PW 103 27.3 1.5 22.7 31.2 

EPW 103 6.6 0.6 5.0 8.5 
NTBL  103 124.2 5.5 112.5 136.3 
WPL 103 79.0 4.0 69.4 88.5 
FH 103 50.2 2.1 44.1 54.5 
CH 103 27.2 1.3 23.7 30.3 

Week 7      
BWKG 103 94.9 13.0 60.6 127.0 

PN  103 27.8 1.7 23.0 31.9 
RE 103 13.9 0.7 12.2 16.0 
WE 103 16.1 1.0 14.0 18.7 
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NL 103 64.8 3.2 57.2 74.5 
WH 103 86.7 4.0 74.7 97.1 
HG 103 105.4 5.2 89.0 117.2 
MH 103 88.0 4.6 73.1 96.8 
MC 103 111.1 6.8 93.6 129.2 
MW 103 27.8 2.0 22.8 32.3 
MD 103 37.8 2.8 26.3 44.3 
HH 103 84.2 4.3 69.0 92.7 
HW 103 19.8 1.4 16.7 26.5 
PH 103 78.2 3.4 65.8 88.0 
PW 103 28.0 1.4 23.6 31.7 

EPW 103 6.8 0.6 4.6 8.9 
NTBL  103 127.9 7.7 78.3 142.7 
WPL 103 81.0 3.9 71.4 90.2 
FH 103 51.2 2.2 45.0 56.8 
CH 103 27.6 1.4 24.3 31.1 

Week 8       
BWKG 103 102.4 14.0 66.6 134.6 

PN  103 28.9 1.6 24.9 32.1 
RE 103 14.1 0.7 12.2 16.0 
WE 103 16.5 1.0 14.5 19.3 
NL 103 67.5 4.5 58.4 93.5 
WH 103 88.3 4.5 64.5 95.4 
HG 103 107.9 5.7 90.4 119.9 
MH 103 90.2 4.4 73.3 100.0 
MC 103 115.9 11.2 96.4 199.8 
MW 103 29.2 2.3 24.0 35.0 
MD 103 39.1 3.2 24.8 46.8 
HH 103 86.3 4.1 69.6 95.0 
HW 103 20.5 1.3 17.0 23.4 
PH 103 79.9 3.7 68.3 91.7 
PW 103 28.7 1.5 25.0 32.0 

EPW 103 6.9 0.7 5.0 8.5 
NTBL  103 132.6 6.0 113.3 147.7 
WPL 103 83.3 3.8 74.6 93.0 
FH 103 52.1 2.3 46.0 57.2 
CH 103 28.1 1.3 24.7 31.0 

1 BWKG- Body weight in kg PN-Poll to nose WE - width across the eyes , RE- width across the right ear, NL- neck length, WH- wither 
height, HG-heart girth, MH - midpiece height, MC - midpiece circumference MW - midpiece width, MD - midpiece depth, HH - hook height, 
HW - hook width, PH -  pin height, PW - top of pin bones width, EPW - width across the ends of pin bones, NTBL -  nose to tail body length, 
WPL - the length between the withers and pins, FH -  forearm to hoof, CH -  cannon bone to hoof, WW - weaning weight in kg   

 


