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Reasons for disposal are defined as why a cow has left the herd during lactation and are 

documented as termination codes. Dairy cattle termination codes were collected by Dairy 

Records Processing Centers and stored in the National Cooperator Database maintained by the 

Council on Dairy Cattle Breeding for analysis. The list of possible termination codes is as 

follows: code 0 is cow lactation that ended typically without an abortion, code 1 is locomotion 

problems, code 2 is female transferred or sold, code 3 is low milk yield, code 4 is reproductive 

problems, code 5 is unspecified reasons, code 6 is death, code 7 is the presence of mastitis, code 

8 is abortion, code 9 is udder problems, code A is an unfavorable phenotype, and lastly code B is 

undesirable temperament. Understanding termination codes is the key to understanding and 

improving farm management. Unfortunately, the secondary termination codes are not utilized, 

despite studies saying one reason is too limited. Heifer termination codes should be more 



  

utilized, and studies show that this could improve heifer management. The four processing 

centers' principal termination codes deviated a little from year to year, but processing center D 

had the most variation in principal termination codes. There were few records with termination 

codes 9, A, and B. There was low lameness found for Jersey cattle but more fluctuations for their 

termination codes 6, 7, and 8. Jersey's main reason for disposal was sold and low milk yield. As 

for Holstein, the main reasons for disposal were low milk production and death. 

Recommendations include removing termination code 5 (other reasons) and enforcing a 

secondary termination code for code 2 (sold). Also, including the percentage of animal records 

used in traits developed at the CDCB was recommended to encourage farmers to add more 

records to improve breeding selections.  Overall, the top main reasons for disposal were low milk 

yield, death, and reproduction across breeds from 2011 to 2022. To determine whether health 

traits correlate to termination codes and how health traits change the probability of survival, a 

multinomial logistic regression was developed, where twelve health traits, breeds, and other 

factors were used as an independent variable for the termination code, the dependent variable. 

The output is a regression coefficient list that conveys the effect of each health trait for each 

termination code. The results show the apparent impacts of animal breeds on different 

termination codes, such as dairy crossbreeds negatively affecting termination due to reproductive 

advantages that follow the literature.  Lastly, using termination codes as phenotype, this study 

focuses on developing a genome-wide association study (GWAS) using the Weighted single-step 

Genomic Best Linear unbiased prediction (WssGBLUP) model to find significant SNPs related 

to survival in Holstein cows. In summary, this study provided an understanding of reasons for 

disposal trends, modeled the reasons for disposal, determined the likelihood of termination post-

incidence, and found the heritability and important SNPs of each termination code 
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Chapter 1: Literature Review  

 

In this chapter, I review recent studies for reasons for disposal in dairy cattle, some tools I will 

use through my paper like Logistic regression, Kaplan-Meier Survival Analysis, Genome-wide 

association studies, and Weighted single-step Genomic Best Linear Unbiased Prediction how 

they work some examples and why they are useful tools. Lastly, I bring together these tools and 

examples together to propose the study objectives for this dissertation. 

Reasons for disposal recent studies 

Reasons for disposal were collected from the Dairy Records Processing Centers and given to the 

Council on Dairy Cattle Breeding for analysis for cattle in the United States. Reasons for 

disposal are defined as why a cow has left the herd during lactation and are documented as 

termination codes. The list of possible termination codes is as follows: Code 0 is cow lactation 

that ended typically without an abortion, code 1 is locomotion problems, code 2 is female 

transferred or sold, code 3 is low milk yield, code 4 is reproductive problems, code 5 is 

unspecified reasons, code 6 is death, code 7 is the presence of mastitis, code 8 is abortion, code 9 

is udder problems, code A is an unfavorable phenotype, and lastly code B is undesirable 

temperament which can be seen in Table1. Termination codes or reasons for disposal can be 

noted as involuntary or voluntary. Another synonym for the disposal of a cow is culling. "Culling 

(exiting) is the departure of cows from the herd because of sale, slaughter, salvage, or death 

(Fetrow et al., 2006). Voluntary culling is when a farmer removes a cow due to poor milk 

production or sells the cows (if just for monetary reasons). Involuntary culling is removing a cow 
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due to death, Injury, infertility, or disease (Weigel et al., 2003). Voluntary and involuntary 

culling affect longevity and cannot be measured until later in life (Nascimento et al., 2023). 

"Longevity, also known as the length of productive life, is the period between a dairy cow's first 

calving and removal from the herd. Longevity is economically relevant because greater longevity 

is associated with lower replacement costs, higher average milk production, and fewer 

replacement heifers needed (Nascimento et al., 2023)." 

Secondary reasons for disposal were added in 2019. The secondary reasons are 

Diarrhea/scours (D), Other gastrointestinal problems (G), Injury (e.g., from barn scraper), 

hardware(J), Navel ill, perhaps causing joint ill (N), Respiratory issues (R), Fresh cow transition 

problem (T) also show in Table 2, as well as any of the primary reasons listed in Table 1. A New 

England study found that when the farmers were able to put multiple reasons why cows left the 

herd, it indicated that one reason is too finite, and there could be other reasons (Bascom & 

Young, 1998).  

Reasons for disposal or termination codes have been recorded for decades, and some 

overall collection studies started as early as the 1930's. (O’Bleness & Van Vleck, 1962). Two 

common reasons for analyzing termination codes are to inform farmers and veterinarians on 

significant management issues and to guide researchers on what to study to improve farm 

management (O’Bleness & Van Vleck, 1962). Termination codes can also provide useful 

phenotypes indicating health events of the animals, where just health reports may lack. 

Management styles of farmers also contribute to the differences in why they decide to dispose of 

a cow, including education, attitude, demographics, and involvement in dairy groups  (Beaudeau 

et al., 1996).  
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A 2010 study analyzed the Dairy Herd Improvement Association (DHIA) records of the 

termination code from 2001 to 2006 in 38 states (Pinedo et al., 2010). They found that the risk of 

culling varied based on the stage of lactation; for example, death and reproduction issues were 

the main reasons for disposal in early and late lactations. The seasons also affected the reason for 

culling, with an increase in death in summer and spring, most likely due to the heat (Pinedo et 

al., 2010). Due to production being the most important reason for keeping a cow in the herd, 

high-producing cattle were more likely to stay in the herd.  In the end, they found that the reason 

for disposal varies based on the stage of lactation, season, parity, production, and pregnancy 

status, but their study only included Holsteins (Pinedo et al., 2010).  

The regional differences in the United States for termination codes were summarized in 

2000 (Smith et al., 2000). They found that herds in the south have fewer recordings of cows 

leaving for mastitis while herds in the north and midsouth have more for injury/other. Smith also 

considered how herd size affects reasons for disposal. He found that high-producing herds had 

more records for foot and leg problems, reproduction, mastitis, disease, and reproduction. Lastly, 

Smith found that a smaller herd has fewer cows terminated for feet and leg problems (Smith et 

al., 2000).  

Another study in New York in 1972 reported the reasons for the disposal of Holstein 

herds in their first lactation (Van Vleck & Norman, 1972). They found that any traits measured 

before 49 months did not contribute to the reason why the cow left the herd. Also, the trait 

measured in the first lactation did not contribute much to why they left the herd  (Van Vleck & 

Norman, 1972). This is intriguing because a study in 2020 indicated that the natural lifespan of a 

dairy cow can be as high as 20 years; the lifespan for cows used for dairy production has been 
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reduced to 4-6 years (De Vries & Marcondes, 2020). Again, in 1972, they found low production, 

mastitis, and reproduction were the main reasons for disposal  (Van Vleck & Norman, 1972).  

All of these studies showed the main reasons for disposal, but only for Holsteins. In my 

next chapter, I expanded to all the breeds to show the breed differences as well as the processing 

center differences. 

Reason for disposal uses 

The most evident reason why reasons for disposal are used is to describe what happens to the 

cows within the region during the specified period. Knowing the main reasons for disposal 

allows farmers to compare how their herd is doing and their management practices. They can 

reassess if they have diseases, reproduction, or production issues and readjust their culling 

strategies. Specifically, knowing the breed differences can help understand the differences in a 

multibreed operation.  

 

Termination codes or reasons for disposal can be seen as risk factors for culling. (De 

Vries & Marcondes, 2020). Terminating codes like lameness and mastitis could indicate welfare 

issues that must be addressed to improve cows’ livability. Some culling is to reduce the suffering 

of animals, but it could still indicate wasteful use of animals. An important thing to remember is 

that the shortening of cattle lifespans has been a societal concern and reflected poorly in the 

media (De Vries & Marcondes, 2020). Heifer livability is a current trait that is correlated with 

productive life and early first calving. Heifer livability trait is developed from termination codes 

from the National Cooperators Database. This trait is also incorporated into the selection index 

Net Merit by 0.5% (Council on Dairy Cattle Breeding, 2022). 
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Understanding termination codes as risk factors can help reduce culling, which would 

have a positive environmental impact. Less culling means longer lifespans and reduces methane 

emissions since the need for replacement heifers would be reduced. This also would decrease the 

costs involved with replacement heifers. Additionally, understanding termination codes as risk 

factors improves milk production, increasing profits (De Vries & Marcondes, 2020). 

Tools used for Reasons for Disposal  

Logistic Regression 

Logistic regression is a statistical method that attempts to predict a dependent (criterion) variable 

or determine the statistical likelihood of a binary outcome based on numerical and categorical 

traits, known as predictor traits.  

 

There are three main forms of logistic regression: binary logistic regression, multinomial 

logistic regression, and ordinal logistic regression (Agresti 2013, Logistic Regression, n.d.). 

Binary logistic regression is when the dependent variable has only two options. This can be 0 or 

1, yes or no, true or false, positive or negative. When the number of categorical options for the 

dependent variable exceeds 2, it is known as a multinomial logistic regression. This includes 

situations where the data is qualitative, such as land, sea or air, or based on categorizing 

quantitative results to specific criteria, such as low, medium, or high. The last form of logistic 

regression is ordinal logistic regression when the end dependent variable has an ordinal or ranked 

numerical value.  
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For binary logistic regression, the goal is to train a classifier that can generate a binary 

decision based on the predictor traits of many samples. The main function for this classification 

is a sigmoid function with the following form (Jurafsky & Martin. James H., n.d.):   

𝜎(𝑧) =
1

1 + 𝑒−𝑧
 

𝑧 = 𝑤 · 𝑥 + 𝑏 

where e is the base of natural logarithms, x is the predictor traits, w is the weights assigned to 

each predictor trait, and b is the bias term. The weight and bias terms are determined from a set 

of training data. The equation that solves for z expresses the weighted sum based on the predictor 

values used. The sigmoid function categorizes the z value to a binary region between 0 and 1, 

giving the classification output probability (Kanade, Vijay, n.d.).  

 

For multinomial logistic regression, the main difference is to account for the more 

considerable variability of the dependent variable. Multinomial logistic functions operate by 

constructing a linear predictor function like a binary logistic regression, as mentioned previously, 

but now the probability estimator function determines the probability of each possible categorical 

value within the training dataset (Husén & Postlethwaite, 1994). This generalization of the 

sigmoid function to classify multinomial datasets is also known as the SoftMax function 

(Jurafsky & Martin. James H., n.d.). The weights, also known as the coefficients, are estimated 

using Maximum Likelihood Estimation (MLE) (Agresti, 2013). An iterative optimization 

algorithm uses an initial guess for weights to maximize the log-likelihood function. The 
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algorithm iterates until successive iterations for maximizing the log-likelihood function generate 

only small improvements, also known as convergence (Multinomial Logistic Regression, n.d.).  

 

When researching literature on other use cases for multinomial logistic regression used 

for dairy health improvements, a recent paper by Oehm et al. was published where multinomial 

logistic regression was used to develop a classification for farm parasite status (F. hepatica/O. 

ostertagia seropositive/-negative for both or only one) as the categorical trait. The multinom() 

function part of the nnet library was used to model 8 independent variables to determine the 

parasite status (Andreas W. Oehm, 2023).  For decades, logistic regressions have been used to 

develop a prediction model with various data. It allows us to extract features that are important 

for predicting outcomes as well as the reliability of how accurate a prediction model is.  

Kaplan-Meier Survival Analysis 

 

The Kaplan-Meier estimator is standard when measuring the survivability of a class of species 

post-treatment or post-incident. It is a statistical method for estimating and displaying the 

survival function from lifetime data. The method calculates the probability of survival over time 

in small time increments.  One unique aspect of a Kaplan-Meier estimator is that it considers the 

censoring of data. This is when the results of an individual are unknown, either due to the 

survival of an individual being alive or data missing, and the estimator assumes the same 

survivability until that point (Grzesiak et al., 2022).  

One of the benefits of a Kaplan-Meier estimator is the ability to plot the survival until 

termination by health incidences. A Kaplan-Meier plot shows the cumulative survival 

probabilities over time, where a steep slope means a higher death rate, and flattening shows slow 
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death rates. Since survival starts at 100%, a Kaplan-Meier Curve has no positive slope (Kaplan 

Meier Curve, n.d.). Research from Grzesiak et al. estimates the survival of dairy cows culled for 

different reasons within the first three lactations. The analysis produces a survival curve with the 

various culling reasons overlaid. It shows a lower probability of survival for cows culled due to 

metabolic and digestive system diseases at the third lactation (Grzesiak et al., 2022). When we 

have data on the lifespan and various characteristics of cows, this analysis makes it easy to 

visualize and distinguish overall survivability and which variables result in lower survivability. 

This tool was used to show how the added health traits effect survival over time.  

Genome-wide association studies (GWAS) 

 
Genome-wide association studies are methodologies used to identify specific SNP variants, 

which rely on the use of genomic data along with phenotypic data. When these datasets are 

available for a given study, the following steps are a series of quality control steps to remove 

low-quality SNPs. These involve removing SNP due to call rate, sex discrepancy, minor allele 

frequency (MAF), deviation from Hardy-Weinberg equilibrium, heterozygosity, relatedness, and 

ethnic outliers (Marees et al., 2018).  Following SNP removal, steps are taken to account for 

population stratification. This is when there is a difference between allele frequencies between 

the subpopulations in a study. Even minor deviations within a single ethnic group can exist, 

which can have a heavily biased effect (Abdellaoui et al., 2013).  Steps are therefore taken to 

conduct a multidimensional scaling to address these potential concerns. There are various 

methods for sample stratification, such as Efficient Mixed-model association expedited, 

generalized least square, and principal component analysis (Ma et al., 2012).   
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Once the available data have been edited, association tests with different statistical 

methods are conducted based on the specific model (Marees et al., 2018). A linear regression 

model is used for the association test if the outcome trait is numerical, such as milk yield. A 

logistic regression model is used for the association test if the outcome trait is binary, such as the 

existence of a disease state. Hypothesis testing is involved within the model to account for any 

significance where the null hypothesis by default is that the SNP has no effect. To account for 

the potential of false positives and ensure significance, a false discovery rate (FDR) test, such as 

Bonferroni correction, is applied to account for potential false positives affecting the results 

(Marees et al., 2018). The result of a GWAS is usually visualized with a Manhattan plot, such as 

Figures 1-4 of Chapter 4, which lists all SNPs on the x-axis, and the y-axis can represent many 

variables such as variance explained or the negative logarithm of the p-value, which is the most 

common. The goal is to observe peaks in certain SNPs or SNP regions that indicate significance.  

GWAS are used throughout dairy cattle research. Recent publications have even 

considered using GWAS for six disease traits in Holstein cattle. This research focused on 

mastitis, ketosis, hypocalcemia, displaced abomasum, metritis, and retained placenta as the traits, 

along with three million inputted DNA sequence variants. The result showed six significant 

associations and 20 candidate genes for cattle health, furthering future research opportunities 

(Freebern et al., 2020). Using a similar source of data for our study, additional phenotypes were 

determined by locating significant peaks for variance explained values.  

Weighted single-step Genomic Best Linear Unbiased Prediction (WssGBLUP) 

 
Single-step Genomic Best Linear Unbiased Prediction (ssGBLUP) is a quantitative genetic 

analysis methodology for determining breeding values using pedigree and genomic data. One 
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drawback of ssGBLUP is that it assumes that each SNP is weighted equally when looking at 

genetic variance (Teissier et al., 2018). A Weighted single-step Genomic Best Linear Unbiased 

Prediction (WssGBLUP) adds the iterating step with weights estimated at each iteration (Wang 

et al., 2012). Through the iterative process, WssGBLUP assigns a higher weight to SNPs that are 

in high linkage disequilibrium or with a QTL with a relatively large effect. 

One study compared multiple prediction modeling approaches for an Israeli Holstein 

population where genetic evaluations for parities 1 through 3 were modeled separately. This 

approach used production traits, such as milk yield, fat yield, protein yield, fat percentage, and 

protein percentage. Lourenco et al. found that ssGBLUP was the most accurate and 

straightforward approach and can be improved by using weights on each SNP (Lourenco et al., 

2014).  

Recent research has expanded to multi-breed genomic evaluations for dairy cattle using 

ssGBLUP. Cesaroni et al. developed a model to generate the genomic estimated breeding values 

(GEBV) for purebred Ayrshire (AY), Brown Swiss (BS), Guernsey (GU), Holstein (HO), and 

Jersey (JE) animals, where milk, fat, and protein yields were the traits considered. The fixed 

effects included herd-management, age-parity, inbreeding coefficient covariates, and heterosis. 

The study found that multi-breed genomic evaluation is feasible but runs the risk of reduced 

reliability due to the dominant presence of certain breeds within the data (Cesarani et al., 2022). 

In my study, I will use this method to find the breeding values for the termination codes, which 

proves they are affected by genetics.  

In this study, I will use these tools to understand the phenotypic and genetic parts of 

reasons for disposal. I will use summary statistics, modeling, survivability, GWAS, and 

WssGBLUP to further the knowledge of termination codes for farmers and research.  
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Study Objectives  

 
The overall objective of this study is to understand trends in dairy cattle reasons for disposal, the 

relation of termination codes to health traits, and the heritability of termination codes and 

important SNPs. 

This dissertation is organized as follows. Chapter 2 discusses the summary statistics on reasons 

for disposal for dairy cattle. Charts for the years 2011 to 2022 were created, and time plots of the 

six parities were summarized. Chapter 3 describes the logistic regression modeling of reasons 

for disposal and correlated factors in dairy cattle. We then introduce the application of a Kaplan-

Meier analysis to show the survivability of health traits. Chapter 4 introduces a genome-wide 

association analysis of involuntary termination codes using weighted single-step GBLUP in 

Holstein cattle. Chapter 5 summarizes the conclusions of those three projects and discusses 

future perspectives in these areas. 
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Chapter 2: Summary statistics for the reasons of disposal for dairy cattle 

 

Abstract 

 

Reasons for disposal were collected from the Dairy Records Processing Centers and given to the 

Council on Dairy Cattle Breeding for analysis for cattle in the United States. Reasons for 

disposal indicate why a cow has left the herd during lactation and are documented as termination 

codes. The list of possible termination codes is as follows: Code 0 is cow lactation that ended 

typically without an abortion, code 1 is locomotion problems, code 2 is female transferred or 

sold, code 3 is low milk yield, code 4 is reproductive problems, code 5 is unspecified reasons, 

code 6 is death, code 7 is the presence of mastitis, code 8 is abortion, code 9 is udder problems, 

code A is an unfavorable phenotype, and lastly code B is undesirable temperament. Additional, 

expanded termination codes were also added recently, but no studies have shown their 

utilization. The objectives of this study were to find the main reasons for cows leaving the herd, 

precisely the difference between 2011 and 2022. An additional goal was to find the differences in 

processing centers and breeds. The final goal of this research was to determine if termination 

codes were being recorded for heifers. Understanding termination codes is the key to 

understanding farm management and where to improve. Unfortunately, the secondary 

termination codes are not utilized, despite studies saying one reason is too finite. Heifer 

termination codes should be more utilized, and studies show that this could improve heifer 

management. The four processing centers' top termination codes deviated slightly from year to 

year, but processing center D had the most variation in main termination codes. There were few 

records of termination codes 9, A, and B. There was low lameness found for Jersey cattle but 

more fluctuations for their termination codes 6, 7, and 8. Jersey's main reason for disposal was 
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sold and low milk yield. As for Holstein, the main reasons for disposal were low milk production 

and death. Recommendations for removing termination code 5 (other reasons) and enforcing a 

secondary termination code for using termination code 2 (sold). Also, including the percentage 

of animal records used in traits developed at the CDCB was recommended to encourage farmers 

to add more records to improve breeding selections. Overall, the top main reasons for disposal 

were low milk yield (term 3), death (term 6), and reproduction (term 4) across breeds from 2011 

to 2022.  

Key Words: Termination Code, Culling, Processing centers 

Introduction 

 
Reasons for disposal were collected from the Dairy Records Processing Centers and given to the 

Council on Dairy Cattle Breeding for analysis for cattle in the United States. Reasons for 

disposal are defined as why a cow has left the herd during lactation and are documented as 

termination codes. The list of possible termination codes is as follows: Code 0 is cow lactation 

that ended typically without an abortion, code 1 is locomotion problems, code 2 is female 

transferred or sold, code 3 is low milk yield, code 4 is reproductive problems, code 5 is 

unspecified reasons, code 6 is death, code 7 is the presence of mastitis, code 8 is abortion, code 9 

is udder problems, code A is an unfavorable phenotype, and lastly code B is undesirable 

temperament which can be seen in Table 1. Termination codes or reasons for disposal can be 

classified as involuntary or voluntary. Another synonym for the disposal of a cow is culling. 

“Culling (exiting) is the departure of cows from the herd because of sale, slaughter, salvage, or 

death (Fetrow et al., 2006).” Voluntary culling is when a farmer removes a cow due to poor milk 

production or sells the cows (if just for monetary reasons). Involuntary culling is removing a cow 

due to death, injury, infertility, or disease (Weigel et al., 2003). Voluntary and involuntary 
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culling both affect longevity and cannot be measured until later in life (Nascimento et al., 2023). 

The productive life of a cow is determined to be the length of time from their initial calving until 

they are removed from a herd. The longer a cow is in a herd, the more economical it is for 

farmers as it reduces the replacement cost, and yields higher milk yield (Nascimento et al., 

2023).  

 

Reasons for disposal or termination codes have been recorded for decades, and some 

overall collection studies started as early as the 1930’s. (O’Bleness & Van Vleck, 1962). The two 

main reasons for analyzing termination codes are to inform farmers and veterinarians on central 

management issues and to guide researchers on what to study to improve farms (O’Bleness & 

Van Vleck, 1962). Management styles of farmers also contribute to the differences in why they 

decide to dispose of a cow, including education, attitude, demographics, and involvement in 

dairy groups (Beaudeau et al., 1996).  

 

A 2010 study analyzed the DHIA records of the termination code from 2001 to 2006 in 

38 states (Pinedo et al., 2010). They found that the risk of culling varied based on the stage of 

lactation; for example, death and reproduction issues were the main reasons for disposal in early 

and late lactations. The seasons have also affected the reason for culling, with an increase in 

death in summer and spring, most likely due to the heat (Pinedo et al., 2010). Production is the 

most important reason for keeping a cow in the herd, and high-producing cattle are more likely 

to stay in the herd.  In the end, they found that the reason for disposal varies based on the stage 

of lactation, season, parity, production, and pregnancy status, but their study only included 

Holsteins (Pinedo et al., 2010). 
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A study in New England analyzed a culling log and found that the main reasons for a cow 

to be culled were reproduction, failure to conceive, low production, and mastitis (Bascom & 

Young, 1998). One way to improve reproduction is to decrease the calving interval, which in 

turn decreases the number of cows being terminated (Bascom & Young, 1998). They also found 

that the Holstein had a higher abortion rate than other breeds (Bascom & Young, 1998). Bascom 

found that farms with Holsteins had fewer reports of mastitis being the reason why they left the 

herd; therefore, acknowledging that good udder management leads to less culling (Bascom & 

Young, 1998).   

 

The decision to terminate a cow is never easy, and most decision-making is due to 

maximizing profits. Predicting the future outcomes of cows within the herd would allow dairy 

farmers to take the proper steps to either address the issues of their herd or plan for replacements. 

There is a need for improvements in the decision-making process of terminating cows and 

planning for the next steps (De Vries & Marcondes, 2020). Again, deciding to remove a cow is 

entirely up to management, but farmers have to consider the age, stage of lactation, production, 

health status, economic factors, and the number of replacements (Bascom & Young, 1998).  

 

Secondary reasons for disposal were added to be expanded in 2019 to focus on heifer 

reasons for disposal. The secondary reasons are Diarrhea/scours (D), Other gastrointestinal 

problems (G), injury (e.g., from barn scraper), hardware(J), Navel ill, perhaps causing joint ill 

(N), Respiratory issues (R), Fresh cow transition problem (T) also show in Table 2. A New 

England study found that when farmers could include multiple reasons why cows left the herd, it 



 

 

19 

 

indicated that one reason is too finite, and there could be other reasons (Bascom & Young, 

1998).   

 

The objectives of this study were to identify the main reasons for cows leaving the herd, 

specifically the difference between 2011 and 2022. Another goal was to find the differences in 

processing centers and breeds. Secondary termination codes were added as an option to record in 

2019, and one goal was to see if they were being recorded as well as the reason for disposals for 

heifers. All of these research goals are to understand the trends in reasons for disposal and aid 

farmers in where to improve their herds.  

 

Methods 

 
The data were uploaded from the dairy records processing centers from the producers to be used 

by the Council of Dairy Cattle for reporting. The data includes cattle data from across the United 

States. The data were accessed from the CDCB server and filtered from 2011 to 2022, with all 

duplicates removed.  

 

Table 3 shows the numbers of cows for each year. The animal key, herd code, herd year, year, 

termination code, secondary termination code, calving date, and parity were then separated into 

heifer and cow data. Frequency tables were created by year, parity, processing centers, and breed 

for termination codes. As for parity, only the top six parities were chosen since that is the 

typically length of time in a herd before leaving. Also, 98% of the overall cows were within six 

parities. Secondary termination code frequencies were determined, as well as how many that 

were missing from each processing center. Summary statistics were calculated for the parities 
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and breeds.  Lastly, the number of herds by breed was calculated to see the spread of termination 

codes by breed 

 

Utilizing R-studio (Posit team, 2023), the percentages of the termination codes were 

graphed for each year and with the six parities in Figure 1, Figure 2, and Figure 3. This visual 

representation effectively illustrates the differences over time. The plots were then graphed 

again, this time by filtering the data to Holstein and Jersey cattle. Holstein and Jersey were 

chosen since they are the two main breeds in the United States for dairy production. This 

approach provides a clear view of the specific breed termination percentages over time for the 

two most prevalent breeds. 

 

The breeds that are reported by their IDs and charted as follows: Ayrshire (AY), Brown 

Swiss (BS), Guernsey (GU), Holstein (HO), Jersey (JE), Milking Shorthorn (MS), Red and 

White Holstein (WW), and the crossbred cattle (F1 XBRD and F2 XBRD). F1 XBRD is the first 

generation of crossbred cattle, and F2 XBRD is the second round of crossbred cattle. These dairy 

breeds are abbreviated to save space in charts.  

 

Since “other” reasons (termination code 5) do not give an accurate answer and could 

include multiple different reasons for termination, it was not included in the following analyses.  

Results and Discussion 

  

Cows in 2011 
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Table 4 shows the distribution of termination codes in 2011, with the main reasons for disposal 

being death at 5.61%, low milk yield at 5.49%, and low reproduction at 4.9%. Table 5 shows the 

distribution of parities in 2011; parity 1 had the highest percentage, and parity 6 had the lowest. 

The four main processing centers are labeled A, B, C, and D, and their termination code 

distribution is shown in Table 6 for 2011. Table 6 shows low records for termination 9, A, and B 

for all the processing centers. For processing center, A, the main reasons for disposal are low 

milk yield, death, and mastitis. For processing center B, the main reasons for disposal are 

reproduction, death, and low milk yield. For processing center C, the main termination codes are 

low milk yield, death, and mastitis. Lastly, the main termination codes for processing center D 

are sold, death, and mastitis.  

The breed differences in termination codes for 2011 are shown in Table 7. The 

percentage of cows with termination codes that were Holstein in 2011 was 87.48%, and Jersey 

was 6.96%. As for Ayrshire (AS), the main reasons for disposal were sold, reproduction issues, 

and death. The main termination codes for Brown Swiss (BS) were reproduction, sold, and death. 

For Guernsey (GU), the main reasons cows left the herd were death, sold, and reproduction 

issues. For Holstein (HO), the main reasons for disposal were death, low milk yield, and 

reproduction issues. Jersey (JE) cows' main reasons for disposal were sold, low milk yield, and 

death. Milking Shorthorn (MS) cows' main reasons for disposal were sold, reproduction, and low 

milk yield. The principal termination codes recorded for Red and White Holstein (WW) were 

reproduction issues, death, and mastitis. The main reasons for disposing of F1 crossbred cattle 

(F1 XBRD) were low milk yield, death, and sold. The main reasons for the disposal of F2 

crossbred cattle (F2 XBRD) were low milk yield, death, and reproduction issues. 
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Cows in 2022 

 

Table 8 shows the distribution of termination codes in 2022, with the main reasons for disposal 

low milk yield at 7.01%, sold at 5.62%, and death at 5.1%. Table 9 shows the distribution of 

parities in 2022; parity 1 had the most significant percentage, and parity 6 had the lowest. Four 

main processing centers are labeled A, B, C, and D, and their termination code distribution is 

shown in Table 50 for 2022. Table 10 shows low records for termination 9, A, and B for all the 

processing centers. For processing center A, the main reasons for disposal are low milk yield, 

sold, and death. For processing center B, the main reasons for disposal are low milk production, 

death, and mastitis. For processing center C, the main termination codes are low milk yield, 

death, and mastitis. Lastly, the main termination codes for processing center D are sold, low milk 

production, and reproduction.  

 

The breed differences in termination codes for 2022 are shown in Table 11. The 

percentage of Holstein in all of 2022 was 77.12%, and Jersey was 11.3%. As for Ayrshire (AY), 

the main reasons for disposal were sold, reproduction, and death. The main termination codes for 

Brown Swiss (BS) are sold, reproduction, and death. For Guernsey (GU), the main reasons cows 

leave the herd are death, sold, and reproduction. For Holstein (HO), the main reasons for 

disposal are low milk yield, death, and sold. Jersey (JE) cows' main reasons for disposal are low 

milk yield, sold, and death. Milking Shorthorn (MS) cows' main reasons for disposal are sold, 

reproduction, and low milk yield. The principal termination codes recorded for Red and White 

Holstein (WW) are reproduction, sold, and death. The main reasons for disposing of F1 

crossbred cattle (F1 XBRD) are sold, low milk yield, and death. The main reasons for the 
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disposal of F2 crossbred cattle (F2 XBRD) are sold, low milk yield, and death. The main reasons 

for the disposal of F2 crossbred cattle (F2 XBRD) are sold, low milk yield, and death. 

 

Cows from 2011 to 2022 

 

Table 12 shows the distribution of termination codes in 2011 to 2022, with the main reasons for 

disposal low milk yield at 6.54%, death 5.3%, and reproduction issues 4.65%. Table 13 shows 

the distribution of parities in 2011 to 2022; parity 1 had the most significant percentage, and 

parity 6 had the lowest. Four main processing centers are labeled A, B, C, and D, and their 

termination code distribution is shown in Table 14 for 2011 to 2022. Table 14 shows low records 

for termination 9, A, and B for all the processing centers. For processing center A, the main 

reasons for disposal are low milk yield, sold, and death. For processing center B, the main 

reasons for disposal are reproduction, low milk production, and death. For processing center C, 

the main termination codes are low milk yield, death, and mastitis. Lastly, the main termination 

codes for processing center D are sold, reproduction issues, and low milk yield. 

The breed differences in termination codes for 2011 to 2022 are shown in Table 15. As 

for Ayrshire (AY), the main reasons for disposal were sold, reproduction, and death. The main 

termination codes for Brown Swiss (BS) are reproduction, sold, and death. For Guernsey (GU), 

the main reasons cows leave the herd are death, sold, and reproduction. For Holstein (HO), the 

main reasons for disposal are low milk yield, death, and reproduction. Jersey (JE) cows' main 

reasons for disposal are sold, low milk yield, and death. Milking Shorthorn (MS) cows' main 

reasons for disposal are sold, reproduction, and low milk yield. The principal termination codes 

recorded for Red and White Holstein (WW) are reproduction, death, and mastitis. The main 

reasons for disposing of F1 crossbred cattle (F1 XBRD) are sold, low milk yield, and death. The 
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main reasons for the disposal of F2 crossbred cattle (F2 XBRD) are low milk yield, sold, and 

death. The main reasons for the disposal of F2 crossbred cattle (F2 XBRD) are sold, low milk 

yield, and death. 

 

For the reported termination code data, the percentage of Holstein cattle decreased yearly, 

while the percentage of Jersey cattle increased yearly. This suggests that the reduction of 

Holsteins could be due to inbreeding issues or the fertility problem in Holstein (Huang et al., 

2009). Holstein's main reason for disposal was low milk yield, followed by death; this is because 

culling percentage increases with milk production in Holsteins (Smith et al., 2000). Guernsey's 

main termination code was termination code 6 of death. Jersey's main reasons for disposal were 

sold and low milk yield. The four processing centers' top three termination codes did not deviate 

much year to year, but processing center D had the most variation in main termination codes. 

Overall the main reasons for disposal were sold, death, low milk yield, and reproduction but 

yearly the percentages changed slightly.  

Cow Breeds Summary Statistics  

Table 16 shows a summary of the counts of animal breeds by termination from 2011 – 2022. The 

table highlights the mean, median, and standard deviation of the count, year with the minimum 

number of instances with count, and the year with the maximum number of instances with the 

count. The data throughout shows an increase from year at minimum to year at maximum has 

increases, meaning steady increase in instances over time. This can be attributed to better 

methods of data accumulation over time. Holstein cows are seen to have the highest counts out 

of all the other cows as expected, as Holstein cows make up most of the database, followed by 

Jersey cows. Holstein cows had 671,922 instances for termination code 0 in 2021 and Jersey 
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cows had 143,807 instances for termination code 0 in 2020.  Termination code 0 for Holstein and 

Jerseys have the highest counts across the dataset, followed by termination code 5,4,3 for 

Holstein cows. Termination Code A is only seen in Holstein and Jersey with very small instances 

with a maximum amount of 39 instances in 2017 for Holstein cows. Overall, this chart reaffirms 

what we know and expect, where Holstein and Jersey are heavily prevalent within the data, and 

an increase in the count of instances increasing over time.   

Cow Parity Summary Statistics  

Table 17 shows a summary of the counts of parity by termination from 2011 – 2022. The 

instance with the highest number of occurrences was cows with parity 1 and termination code 0 

in 2016 with 1,051,058 instances. These are young cows which have not been terminated so it is 

as expected to see this value to be high. The year with the least occurrences for cows with parity 

1 and termination code 0 is 2022. This means that there is a reduction in cows with termination 

code 0 with parity 1 seen over time from 2016.  Further looking at cows with parity 1, there was 

an increase in termination code 2 and 3 from 2011 – 2020, which are termination due to female 

transferred / sold, and low milk yield respectively. From a farmer’s perspective, one possibility is 

that they would be more inclined to terminate a cow with low parity if it is seen that they are 

having issues with milk production. Research has shown that there is a high termination rate in 

early lactation due to the presence of milk fever (Yanga, 2022). Further research has shown that 

milk fever can cause a decrease in milk production in lows with low parity (Rajala-Schultz, 

1999) This is followed by parity 2, 3, and 4 with termination code 0 as the parity-termination 

combos with the high counts.  

 

Secondary Reasons  
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For the secondary termination codes expanded in 2019, less than 1% were recorded for 2011 to 

2022. The additional secondary termination codes are shown in Table 2. Thus, the coding for 

secondary reasons is not being recorded; future use of secondary recordings could provide more 

insights into reasons for disposal for heifers and cows Another possibility if they are being 

recorded on the farm but not submitted to the DHIA.  

 

Heifer termination 

 

Table 18 shows the overall reported percentages of heifer termination codes from 2011 to 2022 

ranging from 9% to 16%. After 2016 more heifer termination codes were being recorded but still 

under 20% of all heifer reasons for disposal are available for summary. Due to the large gaps in 

data, it is hard to suggest the main reasons for disposal from heifers, but the three main reasons 

why they left the herd were sold or transferred (termination code 2), death (termination code 6), 

and other reasons (termination code 5). Heifer livability is a current trait that is correlated with 

productive life and early first calving. Heifer livability trait is developed from termination codes 

from the National Cooperators Database. This trait is also incorporated into the selection index 

Net Merit by 0.5% (Council on Dairy Cattle Breeding, 2022). In a study by S.G. Umaña Sedó, he 

found the most prominent reason for heifers leaving the herd was calf mortality, but a lack of 

records and data made it harder to find ways to improve calf mortality (Sedó, 2023). The current 

abundance of replacements for heifers on farms also explains to why so many leave the herd or 

are transferred. Reducing replacement heifers can expand productive lifespan and improve the 

environmental impact of these heifers (De Vries & Marcondes, 2020).  

Time plot for all the breeds for the first six parities  
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Figure 1 plots the termination codes for the top 6 parities for all breeds for 2011 to 2022. For 

termination code 0, the percentage by parity reflects how many stayed in the herd, so the largest 

is parity one, then decreases to parity 6, which had the smallest percentage that stayed in the 

herd. This stayed consistent throughout the years. As for termination code one (lameness), parity 

three, followed by parity 2, had the most significant percentage at over 0.3% but decreased over 

the years. Parity one stayed in the center and was consistent at the percentage of 0.2%, leaving 

for lameness. Parity 5 and then parity 6 had 0.2% and less than 0.1%, leaving for lameness. As 

for termination code 2 (sold for dairy purposes), parity one had the highest percentage at 2-3%, 

and it increased over the years. From parity 2 to parity 6, there was less than 1% sold. J. W. Dürr 

(1997) found that the number of sold cows decreased as the parity increased. 

  

For low milk yield, parity 1 was the highest, with 1.5-2% being culled for low 

production, then parity 6, less than 0.5%, being culled for low milk yield. J. W. Dürr found that 

in Canada, culling for production was more rigorous in the first lactation and then decreased 

(Dürr et al., 1997).  

 

As for reproduction (term 4), parity 1 and parity 2 followed the same time curve and had 

a percentage of over 1% culled. Cows that require more services, take longer to conceive, and 

are open longer are more likely to be culled for reproduction issues (Sewalem et al., 2008). For 

the termination code of 5 (other reasons), the parities went from 2% for parity one to less than 

0.5% for parity six being reported for other reasons. As for termination 8, a terminated 

pregnancy, the parities showed a slight decreasing trend from 2011 to 2022. As for death in 

termination 6, parity two and parity 3 had the most significant percentage at over 1% lost to 
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death, and parity six at 0.25% culled because of death. As for death, termination 6, parity two 

and parity 3 had the most significant percentage at over 1% lost to death, and parity six at 0.25% 

culled because of death. As for mastitis termination (code 7), the highest percentage was over 

0.9% for parity two and three, followed by parity four, then parity 1. This can be seen in research 

by parity two and parity 3. If mastitis has been a problem, it will have to be culled, but by the 

first parity, it is unknown if it is a continuous problem (Lean et al., 2023). Termination code 9 

(udder problems) had meager records but did show an increasing trend past 2020. Lastly, 

termination A (unfavorable phenotype) and termination code B (temperament issues), the records 

were few. 

Time plot for Holsteins for the first six parities  

 

Figure 2 shows the termination code plots from 2011 to 2022 for Holstein cows and some slight 

differences. For example, for termination code 0 (stay in the herd), there are more in parity one at 

30% and over 20% for parity 2. This could be because Holstein are high -producing cattle, 

making them more likely to stay in the herd (Pinedo et al., 2010). This explanation is more 

reasonable for herds with multiple breeds. For termination code 1 left for lameness, there is a 

more significant percentage of parity 3, parity 6, and parity 2 at over 0.5%, but all parities 

decrease over time. Termination code 2 (sold) follows the same pattern as all breeds, but the first 

parity increased and then dipped to 4% sold in 2022. For termination codes 3 and 4, the Holstein 

graph was similar to Figure 1 of all the breeds. For other reasons, Holsteins' percentage of culled 

was slightly higher than that of all breeds by 0.5-1%. As for termination code 6 (death) for 

Holstein, it mirrored the other breeds in Figure 1. As for termination code 7, the percentage was 

slightly higher for mastitis for Holsteins. Holstein's parities showed similar trends for termination 

8, 9, A, and B to all the other breeds. 
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Time plot for Jerseys for the first six parities  

 

 

Figure 3 shows the plots for the top 6 parities for Jersey cows and their termination codes from 

2011 to 2022. As for stayed-in-herd termination (0), Figure 1 and Figure 2 were similar. 

Termination 1, left for lameness, showed a decreasing trend to almost 0 for all the parities from 

2016 to 2022. It is thought that Jersey cows have less lameness compared to Holsteins, but many 

studies range in pasture or pen housing, so the results are conflicting (Blackie & Maclaurin, 

2019). For termination code 2 (sold for dairy purposes), parities 2 to 6 were similar in Jersey to 

other breeds, but parity 1 had a higher percentage at over 7.5% in 2019, with many fluctuations 

over the years. This showed a more vigorous selling of parity 1. For Jerseys culled for low milk 

yield, it was similar to all the breeds for parities 2 to 6, but for parity one, it was the highest at 

4% in 2021. Compared to Figure 1 and Figure 2, In Figure 3, the Jersey parities had more 

fluctuations over time for reproduction (term 4) issues and for other reasons (term 5). However, 

overall, the percentage for Jersey was lower for those culled for reproduction issues. For all the 

parities coded for 6 (death), 7 (mastitis), and 8 (terminated pregnancy), fluctuated but ranged 0-

1.5% for Jerseys. The records are meager for udder problems (termination code 9) but increased 

slightly from 2020 to 2022. Again, there were few records through the years for term A 

(undesirable phenotype) and term B (undesired temperament). 
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Conclusions  

 
Termination codes tell farmers how their cows are doing in comparison to other herds and where 

they need to focus on improving in the herd. Some improvements I recommend from this 

research is to remove termination code 5 (other reasons). Another recommendation is to always 

ensure if they code for sold (termination code 2) they must have a secondary reason. So, if they 

are sold we will know if it is for monetary reasons or if they aren’t getting pregnant so were sold. 

They should also add as a secondary reason for sold that the farm is being liquidated due to the 

reduction of dairy farms. In the end termination code 2 (sold) would become more informative. I 

would also encourage more secondary reasons for disposal to be recorded so summary 

information could be expanded if there are more reasons why the cows are being removed from 

the herd. It did seem that some of the processing centers had more records of heifer’s reasons for 

disposal so it would be beneficial for the DRPC centers to equally push and focus on improving 

heifer termination records. I also think termination code A and terminating code B description 

should be improved because undesirable phenotype can be too vague so that could be the reason 

it was not coded for as much as the others. Obviously, the largest improvement would be more 

recording of reasons for disposal for heifers, this would also improve heifers’ livability trait for 

the CDCB.  

 

As for improvements I would recommend for the CDCB would be to write the percentage 

of records used that determines the trait being measured. For example, for heifer livability the 

trait reliability is lower due to termination codes for heifers being low but knowing the 

percentage of records this accounts for would show how much recording their reasons for 
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disposal would improve this. I would encourage the records used percentage be shown on their 

website under their trait description for heifer and cow livability. This percentage being show I 

believe will encourage farmers to improve their records.  

 

Understanding termination codes is one component of understanding farm management 

and areas for improvement. Unfortunately, the secondary termination codes are not utilized, 

despite studies saying one reason is too finite. Heifer termination codes records ranged from 9 to 

16% and increasing since 2016 but should be more utilized, and studies show that this could 

improve heifer management. The four processing centers' principal termination codes deviated a 

little from year to year, but processing center D had the most variation in principal termination 

codes. There were few records of termination 9, A, and B. Summary statistics for breeds and 

parities reaffirmed the main reasons for disposal for each breed and parity and that Holstein and 

Jerseys take most of the data. There were few reports of lameness for Jersey cattle but more 

fluctuations for their termination codes 6, 7, and 8. The main reasons for disposal in Jerseys were 

sold and low milk yield. As for Holsteins, the main reasons for disposal were low milk 

production and death. Overall, the top main reasons for disposal were low milk yield (term 3), 

death (term 6), and reproduction (term 4) across all breeds from 2011 to 2022. 
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Tables and Figures  

Table 1. Twelve most common reasons for cow terminations 

Termination 

Code 

Termination Reason 

0 Normal Lactation, no issues 

1 Locomotion problems 

2 Female transferred or sold 

3 Low milk yield 

4 Reproductive issues 

5 Other reasons 

6 Death 

7 Mastitis or high somatic cell score 

8 Terminated pregnancy 

9 Udder problems 

A Unfavorable Phenotype 

B Temperament issues (ie. Aggressive) 

 

Table 2. Secondary reasons for cow terminations 

D Diarrhea (scours) 

G Other gastrointestinal problems 

J Injury (e.g., from barn scraper), hardware 

N Navel ill, perhaps causing joint ill (**for calf use only) 

R Respiratory issues (e.g., pneumonia) 

 

 

Table 3. Percent and frequency of cows from 2011-2022 

Year Frequency 
Percent of 

all data 

 2011 3754348 8.16 

 2012 3873696 8.42 

 2013 3849564 8.36 

 2014 3853859 8.37 

 2015 3975164 8.64 

 2016 3961503 8.61 

 2017 3952306 8.59 

 2018 3944818 8.57 

 2019 3830721 8.32 

 2020 3777220 8.21 

 2021 3726750 8.1 

 2022 3527948 7.66 



 

 

35 

 

 

Table 4. Distribution of termination codes and their percentage in 2011 

Termination 

Reason 

Term 

code 
Frequency Percent 

Normal Lactation, 

no issues 
0 2454559 65.38 

Locomotion 

problems 
1 60791 1.62 

Female transferred 

or sold 
2 127559 3.4 

Low milk yield 3 206281 5.49 

Reproductive issues 4 183960 4.9 

Other reasons 5 351424 9.36 

Death 6 210518 5.61 

Mastitis or high 

somatic cell score 
7 145359 3.87 

Terminated 

pregnancy 
8 12731 0.34 

Udder problems 9 23 0 

Unfavorable 

Phenotype 
A 220 0.01 

Temperament 

issues (ie. 

Aggressive) 

B 923 0.02 

 

 

Table 5. Distribution of termination codes by parity in 2011 

Parity Frequency Percent Cumulative Percent 

1 1315478 35.04 35.04 

2 1002402 26.7 61.74 

3 676656 18.02 79.76 

4 402017 10.71 90.47 

5 205171 5.46 95.93 

6+ 152624 4.06 100 
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Table 6. Termination codes for the four processing centers in 2011 and their percentage per 

processing center 

Termination 

Reason 

Term 

code 
A Percent  B Percent C Percent D Percent 

Normal 

Lactation, 

no issues 

0 
46689

6 
66.47 1244967 64.3 398296 68.42 342846 64.49 

Locomotion 

problems 
1 0 0 53041 2.74 16 0 7723 1.45 

Female 

transferred 

or sold 

2 23963 3.41 59829 3.09 12631 2.17 31101 5.85 

Low milk 

yield 
3 59138 8.42 92981 4.8 32449 5.57 21677 4.08 

Reproductiv

e issues 
4 19396 2.76 120913 6.25 14859 2.55 28720 5.4 

Other 

reasons 
5 70249 10 162821 8.41 70773 12.16 47357 8.91 

Death 6 34043 4.85 119164 6.15 31911 5.48 25321 4.76 

Mastitis or 

high somatic 

cell score 

7 27800 3.96 74934 3.87 17921 3.08 24676 4.64 

Terminated 

pregnancy 
8 982 0.14 7412 0.38 3086 0.53 1251 0.24 

Udder 
problems 

9 0 0 23 0 0 0 0 0 

Unfavorable 

Phenotype A 
0 0 0 0 220 0.04 0 0 

Temperame

nt issues (ie. 

Aggressive) 

B 0 0 0 0 0 0 923 0.17 
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Table 7. Termination code frequencies for each breed in 2011 

Termination 

Reason 

Term 

code 
AY BS GU HO JE MS WW 

F1 

XBRD 

F2 

XBRD 

Normal 

Lactation, no 

issues 

0 
616

6 

1530

7 

489

5 

213056

5 

18085

0 

237

0 

259

6 
61059 18667 

Terminated 

pregnancy 
8 22 88 20 11539 571 9 20 226 91 

Female 

transferred or 

sold 

2 618 1282 590 101165 17462 238 171 3077 1119 

Locomotion 

problems 
1 111 465 106 56909 1285 32 95 999 311 

Low milk 

yield 
3 353 922 293 181349 14178 157 151 4729 1387 

Reproductive 

issues 
4 554 1452 506 167156 7726 187 281 3192 1139 

Other reasons 5 891 1935 888 316035 18751 256 400 5780 1904 

Mastitis or 

high somatic 

cell score 

7 212 697 245 131318 7316 83 198 2909 971 

Temperamen

t issues (ie. 

Aggressive) 

B 2 14 7 808 51 132 4 24 12 

Death 6 466 1227 610 187299 13109 0 229 3809 1294 

Udder 

problems 
9 0 0 0 22 0 0 0 1 0 

Unfavorable 

Phenotype 
A 0 0 0 206 0 0 0 4 1 
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Table 8. Termination codes distribution in 2022 

Termination 

Reason 
Term code Frequency Percent 

Normal 

Lactation, no 

issues 

0 2249773 63.77 

Locomotion 

problems 
1 44101 1.25 

Female 

transferred or 

sold 

2 198409 5.62 

Low milk 

yield 
3 247291 7.01 

Reproductive 

issues 
4 137317 3.89 

Other reasons 5 327066 9.27 

Death 6 180005 5.1 

Mastitis or 

high somatic 

cell score 

7 132043 3.74 

Terminated 

pregnancy 
8 2007 0.06 

Udder 

problems 
9 9329 0.26 

Unfavorable 

Phenotype 
A 219 0.01 

Temperament 

issues (ie. 

Aggressive) 

B 400 0.01 

 

 

Table 9. Parity distribution in 2022 

Parity Frequency Percent Cumulative Percent 

1 1235855 35.03 35.03 

2 933222 26.45 61.48 

3 644042 18.26 79.74 

4 390622 11.07 90.81 

5 196596 5.57 96.38 

6+ 127623 3.62 100 
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Table 10. Termination code frequencies for the four processing centers in 2022 and their 

percentage per processing center 

Termination 

Reason 
Term code A Percent B Percent C Percent D Percent 

Normal 

Lactation, no 

issues 

0 629575 61.5 264077 63.56 264077 63.56 300567 65.12 

Locomotion 

problems 
1 2 0 31 0.01 31 0.01 3938 0.85 

Female 

transferred or 

sold 

2 88984 8.69 10539 2.54 10539 2.54 30623 6.63 

Low milk 

yield 
3 103286 10.09 27398 6.59 27398 6.59 24271 5.26 

Reproductive 

issues 
4 21443 2.09 11755 2.83 11755 2.83 23040 4.99 

Other reasons 5 95135 9.29 59378 14.29 59378 14.29 40192 8.71 

Death 6 47755 4.66 23810 5.73 23810 5.73 21559 4.67 

Mastitis or 

high somatic 

cell score 

7 36726 3.59 17500 4.21 17500 4.21 16613 3.6 

Terminated 

pregnancy 
8 835 0.08 748 0.18 748 0.18 334 0.07 

Udder 

problems 
9 0 0 2 0 2 0 7 0 

Unfavorable 

Phenotype 
A 0 0 219 0.05 219 0.05 0 0 

Temperament 

issues (ie. 

Aggressive) 

B 0 0 0 0 0 0 400 0.09 
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Table 8. Termination code frequencies for the breeds in 2022 

Termination 

Reason 

Term 

Code 
AY BS GU HO JE MS WW 

F1 

XBRD 

F2 

XBRD 

Normal 

Lactation, no 

issues 

0 3153 10087 2554 1742408 251791 805 794 117485 85534 

Terminated 

pregnancy 
8 3 2 0 1503 240 0 2 139 85 

Female 

transferred or 

sold 

2 432 1208 380 124250 31059 71 76 19948 18564 

Locomotion 

problems 
1 50 349 69 39855 1408 18 31 982 647 

Low milk 

yield 
3 235 718 169 181383 31060 62 49 16874 13135 

Reproductive 

issues 
4 304 1118 328 115378 11312 66 96 3541 2661 

Other reasons 5 563 1538 434 256455 37677 113 107 14513 10617 

Mastitis or 

high somatic 

cell score 

7 224 473 99 107199 13575 29 45 4705 3784 

Udder 

problems 
9 29 77 31 7690 749 8 5 281 207 

Unfavorable 

Phenotype 
A 0 0 0 188 18 0 0 6 4 

Temperament 

issues (ie. 

Aggressive) 

B 2 1 0 361 15 0 1 10 6 

Death 6 303 952 400 143974 19635 41 70 6948 5164 
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Table 12. Termination codes distribution from 2011 to 2022 

Termination 

Reason 

Term Code Frequency Percent 

Normal 

Lactation, no 

issues 

0 29409466 63.89 

Locomotion 

problems 

1 646881 1.41 

Female 

transferred or 

sold 

2 1969709 4.28 

Low milk yield 3 3008376 6.54 

Reproductive 

issues 

4 2138354 4.65 

Other reasons 5 4396157 9.55 

Death 6 2437608 5.3 

Mastitis or high 

somatic cell 

score 

7 1884594 4.09 

Terminated 

pregnancy 

8 104122 0.23 

Udder problems 9 22360 0.05 

Unfavorable 

Phenotype 

A 2256 0 

Temperament 

issues (ie. 

Aggressive) 

B 8014 0.02 

 

 

Table 19. Distribution of termination codes by parity from 2011-2022 

Parity Frequency Percent 
Cumulative 

Percent 

1 16476741 35.8 35.8 

2 12325502 26.78 62.58 

3 8292969 18.02 80.59 

4 4838315 10.51 91.1 

5 2416757 5.25 96.36 

6+ 1677613 3.64 100 
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Table 14. Termination code frequencies for the four processing centers in 2011 to 2022 and their 

percentage per processing center 

Termination 

Reason 

Term 

code 
A Percent B Percent C Percent D Percent 

Normal 

Lactation, no 

issues 

0 6452839 62.6 14539650 64.48 4126279 64.62 4285869 63.24 

Locomotion 

problems 
1 1138 0.01 566070 2.51 1469 0.02 78145 1.15 

Female 

transferred or 

sold 

2 559084 5.42 771858 3.42 169784 2.66 468890 6.92 

Low milk 

yield 
3 1013418 9.83 1246841 5.53 402163 6.3 345842 5.1 

Reproductive 

issues 
4 274275 2.66 1318923 5.85 189348 2.97 355608 5.25 

Other reasons 5 1019795 9.89 1863927 8.27 883182 13.83 628245 9.27 

Death 6 516633 5.01 1241692 5.51 359264 5.63 319879 4.72 

Mastitis or 

high somatic 

cell score 

7 451973 4.38 926146 4.11 230703 3.61 275681 4.07 

Terminated 

pregnancy 
8 19398 0.19 53736 0.24 21017 0.33 9960 0.15 

Udder 

problems 
9 25 0 21540 0.1 67 0 728 0.01 

Unfavorable 

Phenotype 
A 48 0 0 0 2136 0.03 72 0 

Temperament 

issues (ie. 

Aggressive) 

B 0 0 59 0 0 0 7955 0.12 
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Table 15. Termination code frequencies for the breeds in 2011 to 2022 

Termination 

Reason 

Ter

m 

Cod

e 

AY BS GU HO JE MS WW 
F1 

XBRD 

F2 

XBRD 

Normal 

Lactation, no 

issues 

0 
5657

0 
154349 46368 2E+07 

280803

9 
17463 20964 

104215

6 
617486 

Terminated 

pregnancy 
8 211 714 201 87843 8092 61 113 3302 1856 

Female 

transferred or 

sold 

2 5920 13784 5560 1E+06 303689 1987 1385 112309 87825 

Locomotion 

problems 
1 974 4848 1007 593029 17091 295 715 13394 7248 

Low milk 

yield 
3 3627 11144 2544 2E+06 284946 1461 1426 112516 68806 

Reproductive 

issues 
4 5314 17031 5055 2E+06 135172 1532 2532 47506 29584 

Other reasons 5 8237 22489 8022 4E+06 359062 2480 3039 120058 69412 

Mastitis or 

high somatic 

cell score 

7 2179 7683 2050 2E+06 150407 782 1515 56967 33275 

Udder 

problems 
9 60 182 62 18559 1695 18 10 688 512 

Unfavorable 

Phenotype 
A 0 1 1 1945 194 0 0 56 31 

Temperament 

issues (ie. 

Aggressive) 

B 
5657

0 
98 19 7070 287 7 36 196 175 

Death 6 211 13349 5800 2E+06 224349 1064 1797 68814 42139 

 

Table 16. Summary statistics of animal breeds and termination code by count of instances from 

2011 – 2022 

Animal 

Breed 

Term 

Code 

Mean of 

Instances 

Median of 

Instances 

std_dev Min of 

Instanc

es 

Year 

at Min 

Max of 

Instances 

Year 

at 

Max 

AY 0 263 211 176 81 12 591 20 

AY 1 2 2 2 1 12 6 21 

AY 2 51 26 55 6 13 186 21 

AY 3 23 22 16 4 12 52 19 

AY 4 22 22 11 8 12 37 19 

AY 5 25 16 27 3 11 82 21 



 

 

44 

 

AY 6 14 10 13 1 13 42 22 

AY 7 15 9 18 1 11 63 22 

AY 8 1 1 0 1 14 1 14 

AY 9 2 2 1 1 20 2 21 

AY B 1 1 0 1 16 1 16 

BS 0 1351 1498 448 700 11 1810 20 

BS 1 33 35 10 19 14 49 21 

BS 2 82 81 29 41 12 125 18 

BS 3 114 124 43 47 11 166 18 

BS 4 140 142 46 74 11 197 21 

BS 5 90 84 49 31 12 204 21 

BS 6 74 78 27 32 11 110 19 

BS 7 59 56 26 22 11 104 16 

BS 8 9 9 2 7 13 12 15 

BS 9 8 5 5 5 20 14 21 

BS B 2 2 1 1 11 3 16 

GU 0 346 385 184 64 11 563 17 

GU 1 3 2 2 1 19 5 13 

GU 2 48 23 54 5 22 164 16 

GU 3 33 27 27 4 11 77 18 

GU 4 35 42 17 8 11 64 15 

GU 5 27 26 17 6 12 54 17 

GU 6 23 25 12 4 13 38 18 

GU 7 11 9 9 2 22 27 18 

GU 8 1 1 1 1 17 2 14 

GU 9 2 2 NA 2 22 2 22 

GU B 1 1 0 1 13 1 13 

HO 0 391062 424485 222011 103598 11 671922 21 

HO 1 6269 6437 1985 3479 11 9081 20 

HO 2 28810 23337 23408 4862 11 77723 21 

HO 3 35759 35758 21669 8266 11 64597 20 

HO 4 28687 30553 13892 9518 11 45166 20 

HO 5 38176 43315 23371 6372 11 67327 20 

HO 6 20686 22649 10955 5968 12 33394 21 

HO 7 21812 24777 11422 5361 11 34861 20 

HO 8 922 936 332 439 22 1398 17 

HO 9 1078 941 1139 1 19 2430 21 

HO A 14 11 12 1 14 39 17 
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HO B 99 112 55 12 12 171 16 

JE 0 56329 50652 52871 1895 11 143807 20 

JE 1 82 82 34 30 11 129 18 

JE 2 11289 6583 13433 141 11 39917 20 

JE 3 7131 4632 7941 82 11 22604 21 

JE 4 2485 2379 2259 87 11 5458 21 

JE 5 5227 4936 4874 147 11 13350 20 

JE 6 2979 2786 2913 80 11 8091 19 

JE 7 2668 2730 2411 79 11 6132 20 

JE 8 108 101 97 5 11 293 19 

JE 9 79 95 56 17 20 126 21 

JE A 4 3 3 1 16 11 20 

JE B 7 6 4 1 13 16 16 

MS 0 118 96 89 40 14 354 21 

MS 1 2 2 1 1 11 3 17 

MS 2 35 11 82 3 22 283 20 

MS 3 15 8 21 4 11 79 20 

MS 4 12 12 7 1 13 22 21 

MS 5 14 5 23 1 13 74 20 

MS 6 4 3 3 1 13 9 20 

MS 7 5 4 4 1 14 13 16 

MS 8 1 1 NA 1 17 1 17 

MS 9 1 1 NA 1 20 1 20 

WW 0 178 182 43 102 22 245 17 

WW 1 6 7 5 1 21 17 12 

WW 2 8 7 5 1 12 20 18 

WW 3 11 12 4 5 22 20 17 

WW 4 22 22 6 13 22 30 16 

WW 5 15 14 5 7 22 23 17 

WW 6 9 8 3 5 13 13 11 

WW 7 12 11 5 6 22 24 11 

WW 8 1 1 1 1 12 3 11 

WW 9 1 1 0 1 21 1 21 

WW B 1 1 NA 1 16 1 16 

 

 

Table 17: Summary statistics of parity (0-6) and termination code by count of instances from 

2011 – 2022 
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Parity Term 

Code 

Mean of 

Instances 

Median 

of 

Instances 

std_dev Min of 

Instances 

Year at 

Min 

Max of 

Instances 

Year at 

Max 

1 0 998499 1004642 49840 872310 22 1051058 16 

1 1 9476 9467 412 8633 22 10298 13 

1 2 80869 80012 16675 60508 11 105048 21 

1 3 74336 75374 6751 57611 11 82701 20 

1 4 49738 50543 5600 36176 22 56285 13 

1 5 87470 88671 4546 77471 11 95675 15 

1 6 41756 42025 2446 36121 22 44729 15 

1 7 26520 26697 1850 22867 22 29380 15 

1 8 3562 3984 1750 726 22 6121 15 

1 9 1314 480 1605 2 19 3359 21 

1 A 45 45 14 24 11 67 21 

1 B 232 216 63 157 22 340 12 

2 0 692360 692448 22188 640892 22 724370 16 

2 1 10974 11144 1312 8634 22 12722 11 

2 2 38119 38009 6746 30646 11 48097 19 

2 3 66475 67407 4626 54615 11 71155 18 

2 4 49628 50941 5804 35995 22 56360 13 

2 5 84970 85318 6906 71744 22 95931 15 

2 6 44737 45387 3669 38009 22 49300 15 

2 7 36971 37026 4140 29897 22 43387 16 

2 8 2354 2655 1085 562 22 3760 15 

2 9 549 1 851 1 11 1922 21 

2 A 52 50 10 38 14 73 20 

2 B 152 141 56 80 22 251 13 

3 0 409202 408095 7644 393794 22 423202 17 

3 1 12019 12355 1537 9015 22 13937 12 

3 2 21795 21907 4210 16330 14 27786 20 

3 3 48642 48856 3077 40851 11 52616 18 

3 4 35907 37051 3084 28117 22 39336 13 

3 5 77900 79629 5455 67130 22 85116 15 

3 6 45899 46829 3168 39831 22 49181 16 

3 7 37742 37707 3965 30951 22 43701 15 

3 8 1465 1639 662 339 22 2338 15 

3 9 682 173 934 1 16 2009 21 

3 A 40 37 8 33 21 62 11 

3 B 122 123 37 71 22 198 13 
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4 0 206737 207103 3902 200050 19 212731 11 

4 1 10119 10402 1080 7981 22 11651 11 

4 2 12410 12223 2555 9521 11 15631 18 

4 3 31179 31141 2275 26683 11 34252 21 

4 4 22251 22497 1274 18936 22 23668 12 

4 5 56825 57869 2793 51280 22 61085 15 

4 6 34852 35964 1785 32034 20 36443 17 

4 7 27672 27483 2570 23971 22 31635 15 

4 8 753 822 333 194 21 1180 15 

4 9 688 278 830 1 19 1773 21 

4 A 25 25 6 14 19 36 20 

4 B 80 81 22 46 22 115 13 

5 0 90274 91024 3478 84764 20 96034 11 

5 1 6304 6417 496 5337 22 7252 11 

5 2 6330 6163 1334 4862 14 7963 20 

5 3 16901 17063 1270 14375 11 18736 21 

5 4 11799 11769 671 10389 22 12885 12 

5 5 32958 32983 1251 31034 20 35042 15 

5 6 20294 20761 932 18531 20 21479 11 

5 7 15926 15669 1286 14133 22 17852 16 

5 8 347 380 144 114 22 534 11 

5 9 599 587 595 2 11 1219 21 

5 A 15 14 6 6 18 25 11 

5 B 48 47 18 20 22 74 11 

6 0 34985 35804 2635 31311 20 38799 11 

6 1 3089 3065 220 2758 22 3462 11 

6 2 2811 2770 483 2232 13 3448 22 

6 3 7977 8009 541 7073 11 8809 21 

6 4 5408 5363 306 4817 22 5976 12 

6 5 15801 15909 812 14550 20 16884 12 

6 6 9543 9582 457 8713 20 10173 11 

6 7 7544 7513 643 6530 22 8437 16 

6 8 126 136 59 32 22 198 15 

6 9 310 320 307 1 11 601 21 

6 A 6 6 3 2 21 11 11 

6 B 21 20 7 11 16 33 12 
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Table 18. Heifer termination code percentage reported 

Heifer reported termination code percentage Year 

9% 2011 

9% 2012 

9% 2013 

9.5% 2014 

10.5% 2015 

12.5% 2016 

15% 2017 

16% 2018 

15.5% 2019 

16% 2020 

16% 2021 

13% 2022 
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Figure 1. Termination code plots from 2011-2022 for the six parities 
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Figure 2. Holstein termination code plots from 2011-2022 for the six parities 
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Figure 3. Jersey termination code plots from 2011-2022 for the six parities 
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Chapter 3: Logistic regression modelling of reasons for disposal and 

correlated factors in dairy cattle  

 

Abstract 

 
This study aimed to determine whether health traits correlate to reasons for disposal and to 

determine how health traits change probability of survival. Previous work in this area has found 

that reproductive issues, metabolic diseases, and foot and leg problems were the main driving 

factors for involuntary termination (Dürr et al., 1997). Reasons for disposal are documented as 

termination codes. A multinomial logistic regression was developed, where twelve health traits, 

breed, and other factors were used as an independent variable for the termination code, the 

dependent variable. The output is a regression coefficient list that conveys a positive or negative 

effect of each health trait for each termination code. The results show the apparent impacts of 

animal breeds on different termination codes, like how dairy crossbreeds have a negative 

relationship with termination code 4 (reproduction issues) which follow the literature.  Kaplan-

Meier survival probability curves were calculated, which showed displaced abomasum and milk 

fever as the primary health traits associated with the lowest probability of survival, consistent 

with previous studies (Probo et al., 2018). Existing research support the overall findings from the 

Kaplan-Meier survival plots and regression coefficients. 

Key Words: Termination Code, logistic regression, health traits, survival 

Introduction  

 



 

 

53 

 

Termination codes are documented reasons a cow has left the herd, also known as the reason for 

disposal. Dairy cattle termination codes collected by Dairy Records Processing Centers and 

stored in the National Cooperator Database maintained by the Council on Dairy Cattle Breeding 

were available for analysis. The termination codes indicated within the data are as follows: code 

0 = cow lactation that ended typically without an abortion, code 1 = locomotion problems, code 

2 = female transferred or sold, code 3 = low milk yield, code 4 is reproductive problems, code 5 

is unspecified reasons, code 6 is death, code 7 is the presence of mastitis, code 8 is abortion, code 

9 is udder problems, code A is unfavorable phenotype, and lastly code B is undesirable 

temperament. Termination codes or reasons for disposal can be noted as involuntary (codes 1, 4, 

6, 7) or voluntary/sold (codes 2, 3, 5, 9, A, B). In addition, animal breeds are denoted as Uniform 

Breed Codes by the National Association of Animal Breeders. 

 

While the natural lifespan of a dairy cow can be as high as 20 years, the lifespan of cows 

used for dairy production has been reduced to 4 to 6 years. At the end of the productive lifespan, 

dairy cattle are primarily terminated due to poor health and reproductive issues (De Vries & 

Marcondes, 2020). Another study, which focused on herds in Wisconsin, used a Weibull model 

for survival analysis that showed an increase in relative risk of culling high milk-producing cattle 

from 1981 to 2000 for involuntary reasons (Weigel et al., 2003). The study also showed 

decreased risk for voluntary culling for low milk-producing cattle in the timespan. The 

investigation expanded these claims by highlighting some of the trends seen in sires that can lead 

to culling. This included an analysis that farms with adequate equipment care for dairy cattle, 

such as fans, sprinklers, and maternity pens, tended to have a lower risk of culling than those 

farms without.   
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Previous research has examined the Kaplan-Meier survival of Holstein-Friesian cows 

culled for first, second, and third lactation. The study found a low probability of survival for 

cows that had undergone metabolic, digestive, and respiratory diseases (Grzesiak et al., 2022). 

While the paper limited the survival timeline to among the first three lactations for termination 

codes, it would be incredibly beneficial to dairy farmers to understand the probability of survival 

for the entire lifespan of cows in a herd by their health status.   

 

Previous papers have also shown that an increase in involuntary termination was directly 

related to the rise in termination due to reproductive problems, mastitis, and feet and leg 

problems (Dürr et al., 1997). These three issues are related to termination codes 4 (reproduction), 

7 (mastitis), and 1 (locomotion), respectively. The decision to terminate a cow is never an easy 

decision, in which most of the decision-making is due to maximizing profits. Predicting the 

future outcomes of cows within the herd would allow dairy farmers to take the proper steps to 

either address the issues of their herd or plan for replacements. There is a need for improvements 

to the decision-making of terminating cows and planning for the next steps (De Vries & 

Marcondes, 2020).  

 

The overall aim of this paper is to expand on these involuntary terminations by 

determining key phenotypic factors which play into the likelihood of specific termination. This 

study aimed to create a model using the cattle’s common diseases, year, season, parity, and 

somatic cell count to develop a model to predict the reason for disposal. This model will then be 

tested for accuracy to understand how health traits are related to termination codes. The data can 
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be expanded to develop a survival analysis that compares the overall survivability of cows with 

various health incidences to each other and the survival probability post-incidence. 

Methods 

Data Editing  

 

The whole data is divided into two sets. The first dataset comprises phenotype data, including 

individual animal records for breed, somatic cell counts in milk, parity, and the health incidences 

that occurred by year and season. The second dataset is the list additional phenotype data with 

termination codes for cows from 2011 to 2022, including their herd code and animal ID. The 

datasets were merged using herd code and animal ID to compare the phenotypic data with 

termination codes. The termination code dataset was merged with the phenotype data based on 

animal key and calving date. The data was subsequently filtered to remove entries for cows with 

no phenotypic data for all time points. There are 9,454,029 unique cows after filtering. A table 

was created to show the number of health incidences per termination code.  

 

Logistic regression model  

 
A logistic regression model was developed to better understand the factors related to termination 

codes. Since the dependent variable, the termination code is a nominal variable with more than 

two categories, a multinomial logistic regression was fitted. A first-step approach to developing 

the multinomial regression model, with interactions between predictors, is as follows: 

𝑃𝑟(𝑌𝑖 = 𝑘) =
𝑒𝛽𝑘

′ ∙𝑋𝑖

1 + ∑ 𝑒𝛽𝑗
′∗𝑋𝑖𝐾−1

𝑗=1

, 𝑘 < 𝐾 
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𝛽𝑘
′ ∙ 𝑋𝑖 = [

𝛽1

⋮
𝛽𝑀

] [

𝑥11 … 𝑥1𝑀

⋮ ⋱ ⋮
𝑥𝑛1 … 𝑥𝑛𝑀

] 

Here Yi is the dependent variable with one of the K possible values of termination codes. Pr (Yi = 

k) is the multinomial probability of observation for the kth response variable, n is the number of 

observations or data points available, M is the set of explanatory variables, and Xi is the row 

vector of all associated explanatory variables for observation i (5.4 - A Matrix Formulation of the 

Multiple Regression Model | STAT 462, n.d.; El-Habil, 2012).  

 

The list of M explanatory values are as follows: the incidence of lameness, incidence of 

milk fever, incidence of the displaced abomasum, incidence of ketosis, incidence of mastitis, 

incidence of metritis, the incidence of retained placenta, animal breed, parity, somatic cell count, 

age at calving, and time in a herd. The model was developed using the ''multinom'' function from 

the nnet library in R (Venables & Ripley, 2002).  

 

The termination codes used for the regression were limited to the termination codes 

0,1,3,4,6,7 as they had a large amount of data and were less affected by management decisions. 

The termination codes indicated within the data are as follows: code 0 = cow lactation that ended 

typically without an abortion, code 1 = locomotion problems, code 3 = low milk yield, code 4 is 

reproductive problems, code 5 is unspecified reasons, code 6 is death, and code 7 is the presence 

of mastitis. To reduce the computational burden of modeling the full dataset, a resampling 

method was used. One hundred thousand unique instances for each termination code were 

randomly chosen and fitted to a multinomial logistic model. This was used to prevent overfitting 
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and to speed up computation. The multinomial regression model was created on a training set 

(70%) and tested on the remaining data (30%). 

Survival Analysis  

 

To compare health incidences across cow herds, a survival analysis was applied showcasing the 

survival trend of cows based on whether they have had any health incidences before their time of 

death. Survival time for each cow is calculated from the first time appearing in the herd to the 

last known date available. It is indicated whether the termination code associated with each cow 

is termination code 6 (dead) or not (censored) and repeated for all termination codes vs no 

termination (code 0). The data is imported into the ''survival'' (Therneau & Grambsch, 2000) 

library in R, where a survival curve is outputted, where each line is whether a cow ever had an 

instance of a specific incidence. 

 

Expanding on the survival analysis of cows, a Kaplan-Meier analysis was used to show 

the survival trend of cows based on whether they have had any of the health event incidences. 

This graph shows the survival of cows from the initial incident until they are terminated. The list 

of cows and their termination codes are broken up into categories of cows that have had any of 

the incidences. The survival time is determined from the initial timepoint of when a given cow 

has an incidence to when they are terminated for any reason. 

Results  

Regression 

 

The number of diseases per termination code were summarized in Table 1. Out of the 1.7 million 

incidences, mastitis was the most documented at 731,112 cases and milk fever was the least 
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documented at 43,541 cases. Termination A had only 3 incidences overall and termination B has 

501 incidences. Termination code 0, which is the cow staying in the herd, has the most 

documented health trait incidences. As for all the termination codes, except termination code 0, 

mastitis had the most documented incidence. 

 

After the multinomial regression model was fitted on the training dataset (70%), the 

model was tested on a validation set (30%) to evaluate the accuracy.  This process was repeated 

10 times with different seeds and the averaged results were reported.  The heatmap and number 

map show the percent accuracy out of all predictions for a given termination code and the rate of 

times a specific termination code was correctly predicted (Figure 1). The results show that for 

granted termination and all the guesses for the termination code, the likelihood of the correct 

termination being predicted is higher than a false prediction. The figure can be interpreted as 

when looking at the actual outcomes (columns), what was the distribution of predicted outcomes 

(rows). Hence the diagonal axis is the correct guesses, and the remaining values as the incorrect 

predictions. This is observed for all the termination codes.  

 

The model-outputted coefficients can be used to determine the positive and negative 

association of the predictor variables to the response variable, termination code. The following 

plot shows the summary statistics for the model output but is filtered only to offer those with 

statistical significance, p-value < 0.05 not adjusted (Figure 2). The plot is also used to help 

visualize the coefficient estimate and their confidence interval, which shows significant factors 

with a positive or negative coefficient for each termination code.  
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For termination code 1 (locomotion problems), the factors with coefficients greater than 1 

are years in herd, displaced abomasum incidence, ketosis incidence, and six animal breeds. The 

negative coefficients less than -1 are seven animal breeds. Termination code 3 (low milk yield) 

has four animal breeds, years in herd, ketosis incidence, and displaced abomasum as positive 

coefficients greater than 1. Studies have shown that the presence of ketosis has been linked to a 

decrease in milk yield 2 to 4 weeks before diagnosis and continues after (Rajala-Schultz et al., 

1999). Five animal breeds are associated with a negative coefficient less than -1 for termination 

code 3. Years in herd, displaced abomasum, ketosis, and four animal breeds are associated with a 

positive coefficient greater than 1 for termination code 4 (reproductive issues). Only three animal 

breeds are associated with a negative coefficient less than -1. Years in herd, displaced 

abomasum, ketosis, and three animal breeds are associated with a positive coefficient greater 

than 1 for termination code 6 (death). Five animal breeds are associated with a negative 

coefficient less than -1. Mastitis, ketosis, and displaced abomasum have positive coefficients 

greater than 1 for termination code 7 (presence of mastitis). Five animal breeds are associated 

with a negative coefficient less than -1 for termination code 7. Subclinical levels of ketosis put 

cows at a greater risk of displaced abomasum, hence ketosis and displaced abomasum appear 

often together for incidences that occur (Duffield, Todd, n.d.). 

 

As shown in Table 2, the coefficients with the largest positive values are animal breed-

LD (American Lineback) with termination code 1 (locomotion issues), and animal breed- GU 

(Guernsey) with termination code 4 (reproductive Issues). The coefficients with largest negative 

values are animal breed XD (crossbreed) with termination code 1, and SR (Swedish Red and 

White) with termination code 7 (Mastitis). A full list of animal breed acronyms can be found on 
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the National Association of Animal Breeders (NAAB) website. The highest and lowest 

coefficient values are related to specific animal breeds and the locomotion problems, such as 

lameness, differ highly between the breeds of dairy cattle.  

 

In summary, the regression results show that animal breeds play a larger impact on the 

likelihood of a specific termination than specific health incidences. Animal Breed-LD (American 

Lineback) has a negative coefficient for termination code 7, but a strong positive value for 

termination code 1. Displaced abomasum and ketosis are present in almost all termination codes 

with large coefficient values. Mastitis appears in termination code 7 as a strong positive 

coefficient of 1.53.  

 

Survival Analysis  

 

Figure 3 shows the survival curve of all cows from the first instance they were in the herd to the 

point where they either died or were censored (up to date or data stopped). The data is separated 

by the type of health incidences if what cows have undergone at the last timepoint is available. 

The results show that cows that have displaced abomasum as their last incidence tend to have a 

lower chance of survival, where 50% die or no longer have data by 1,700 days. The survival is 

slightly higher in cows with other incidences, with the survival on lameness the highest. This 

analysis is limited to not showing the entire lifespan of cows within a herd and broken up by 

incidences at the last timepoint. Displaced abomasum at five years has only a 25% of survival, 

while lameness has a 70% chance of staying in the herd. Something to add is that the severity of 

lameness is not indicated in the records. The larger confidence intervals as time passes are due to 
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fewer cows for the time frame. Figure 4 shows the survival curve for those cows who died but 

did not have a specified incidence at the time of death.   

 

Figure 5 shows a similar analysis, where the survival is categorized by termination code 

0, and death is switched to termination due to any codes. The reason for the initial dip is due to 

cows being terminated (not necessarily death) during early lactation. The overall trend goes to 

zero, as all cases for no survival are all termination codes. Key takeaway from Figure 5 is that 

there is a higher chance of survival of a cow from getting milk fever than any other disease, since 

milk fever can be treated with a good prognosis if caught early (Farm Health Online – Animal 

Health and Welfare Knowledge Hub – Milk Fever, n.d.). This figure also shows metritis has the 

lowest survival from being terminated, which can be due to early metritis being associated with a 

decrease in milk production (Grohn, 2000). Lameness, displaced abomasum, mastitis, retained 

placenta, and ketosis all followed similar trends between milk fever and metritis. Figure 6 shows 

the survival curve for those cows who were terminated but did not have a specified incidence at 

the time of termination. 

 

While Figure 5 and Figure 6 focused on the full lifespan of cows, where cows were 

categorized based on the incidence occurred at their final termination, Figure 7 focuses on the 

remaining lifespan until termination after an incidence occurs for the first time. Figure 7 shows 

that milk fever, followed by displaced abomasum has the lowest chance of survival until 

termination after an initial incidence of milk fever. While milk fever can be treated with modern 

medicines, this phenomenon can be attributed to long-term health effects as a result of getting 

milk fever previously. Cows diagnosed with milk fever can have a decreased milk production, a 
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lower immune system, and increased chance of being diagnosed with ketosis (Caixeta, 2023).  

While milk fever and displaced abomasum may not be immediate reasons for a cow being 

terminated, effects due to these incidences does increase the risk of these cows being terminated 

later (Haine et al., 2017). In addition to decreased milk production, there is a decrease in immune 

system response, and an added cost and time involved with nurturing cows affected with 

subclinical milk fever, which can result in termination (Milk Fever in Cows - Causes, Symptoms 

and How to Prevent | Phibro, n.d.).  

Discussion  

 
There are two key takeaways from the coefficients of termination code 7 (mastitis). Firstly, there 

exists a positive coefficient of mastitis incidents, which means that the presence of mastitis could 

be the reason for a cow's termination. The results also show a positive coefficient for somatic cell 

score, which means that the increase in somatic cell score increases the likelihood of being 

terminated, likely due to mastitis. There is a high positive coefficient for years in a herd related 

to mastitis. This translates to an increase in age yields an increased risk of mastitis (Fesseha et 

al., 2021). This is consistent with a previous study that reported a link between increased age and 

an increase in somatic cell count (Sumon et al., 2020).  Thus, as a cow lives longer in a herd, the 

increase in age leads to an increase in somatic cell count, and a higher chance of mastitis (Król et 

al., 2013).  

 

When comparing breed differences, there are a few interesting points. Dairy crossbreeds 

have a negative coefficient regarding termination due to reproduction issues (code 4). Crossbreed 

animals have a lower chance of being terminated due to reproduction issues. Literature shows 
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that crossbred cattle tend to have a higher fertility and heterosis level than purebred (Buckley et 

al., 2014). Additionally, ketosis is connected to decreased milk production, reproductive issues, 

and an increased chance of mastitis (Guliński, 2021). Lameness is related to a high probability of 

ketosis and age (Calderon & Cook, 2011; Rowlands et al., 1985) (D F Calderon, 2011). This 

supports our results where the coefficient for ketosis is positive for termination codes 1, 3, 4, and 

7, which are termination due to lameness, decreased milk production, reproductive issues, and 

mastitis.  

 

The survival analysis shows that when looking at the total lifespan of dairy cattle and 

categorizing cows based on incidences of health traits, displaced abomasum had the lowest 

probability of survival throughout the entire lifespan. Milk fever was noted as having the lowest 

chance of survival post-incidence. Previous survival studies in Holstein-Friesian cattle have 

reported that displaced abomasum and milk fever had the most significant effect on survival 

(Probo et al., 2018). 

 

A few caveats must be mentioned regarding the data limitations. The data is directly 

sourced from farmers nationwide, and there will be some level of human error and heterogeneity. 

For some records, a termination code exists for other/unspecified, which can encapsulate a whole 

range of reasons but are unknown. This could be due to obscure reasonings or the need for more 

transparency when receiving data from farmers. Some cases that fall under this termination code 

could be sold due to the reduction of dairy farms. With the change monopolization of milk and 

the plant-based alternatives for milk, the demand is decreasing for cow made milk. The 

regression analysis shows whether a specific incidence affects its coefficient or survival plots but 
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does not indicate a link between different incidences or other independent variables. The full 

scope of the data was not used, but a sampling method was used to mitigate computational needs. 

Future iterations of this work could use resources with higher computational power and different 

sampling techniques. 

Conclusions  

 
In this study, we applied a multinomial logistic regression model using health traits and other 

relevant factors to predict termination codes of dairy cows.  The estimated model parameters can 

be used to gain insight into key health traits related to specific termination codes. Although 

sampling was used a full-scale model would be able to predict and prevent cattle from having to 

leave the herd with more management improvements. This was evident from the regression 

coefficients of various animal breeds for the positive/negative effects on individual termination 

codes. Results also showed that the time spent within a herd (aging) is highly associated with all 

termination codes. From the survival analysis, we also report that milk fever and displaced 

abomasum are the two main health traits that need to be treated more carefully on dairy farms. 

These results are supported by several previous studies and provide knowledge of harmful 

diseases to treat and focus on improving for higher survivability of cattle.  
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Tables and Figures  

Table 1. Incidences per termination code for all the diseases. 

Term 

Code 
Lameness 

Milk 

Fever 

Displaced 

Abomasum 
Ketosis Mastitis Metritis 

Retained 

Placenta 
Total 

0 131763 22613 36708 119471 417233 200776 96740 1025304 

1 1895 729 1189 2798 6440 3293 2541 18885 

2 7307 1506 3564 10786 26245 20593 9002 79003 

3 10532 3729 8007 17516 56595 34227 21011 151617 

4 8967 2912 4620 12742 37748 23394 15574 105957 

5 18893 5215 9383 19950 53525 29893 18298 155157 

6 5809 3920 5699 10692 28207 13719 8544 76590 

7 5919 2787 2866 9962 103413 12711 9042 146700 

8 123 50 102 197 991 641 358 2462 

9 2 57 69 162 563 173 113 1139 

A 0 0 0 0 0 1 2 3 

B 56 23 52 128 152 56 34 501 

Total 191266 43541 72259 204404 731112 339477 181259 1763318 
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Table 2. Estimated coefficients (filtered to only greater than 1 or less than -1)  and 95% 

confidence intervals from summary statistics of the model output. 

Termination Code Factor estimate conf.low conf.high 

1 Animbrd-LD 3.180127103 1.723242296 4.637011911 

1 year_in_herd 1.677409913 1.651429647 1.70339018 

1 Displaced Abomasum 1.727969965 1.491130609 1.964809321 

1 Ketosis 1.614077105 1.482939184 1.745215026 

1 Animbrd-BS 1.189821629 0.790185564 1.589457695 

1 parity 0.342239381 0.325334287 0.359144475 

1 Retained Placenta 0.405852538 0.311821878 0.499883198 

1 me_scs 0.13084194 0.121555573 0.140128307 

1 age_calv_par 0.039320078 0.037786027 0.040854129 

1 Mastitis -0.142471621 -0.194423491 -0.09051975 

1 Lameness -0.652902813 -0.733220109 -0.572585517 

1 Animbrd-JE -1.519430857 -1.83742349 -1.201438224 

1 Animbrd-XD -5.815877142 -6.516406155 -5.115348129 

3 Displaced Abomasum 1.271534136 1.038443187 1.504625086 

3 year_in_herd 1.025253871 0.996162251 1.054345491 

3 Ketosis 1.049455105 0.920057204 1.178853005 

3 Retained Placenta 0.876463296 0.797393912 0.95553268 

3 Animbrd-JE 0.963735108 0.669518705 1.25795151 

3 Metritis 0.558363398 0.509204095 0.6075227 

3 mfev_ind1 0.639576793 0.367136187 0.912017399 

3 me_scs 0.236869688 0.229278122 0.244461254 

3 mast_ind1 0.137785451 0.092359445 0.183211456 

3 parity -0.218934786 -0.238432972 -0.199436601 

3 lame_ind1 -0.466096663 -0.534854842 -0.397338485 

3 Animbrd-LD -1.52158237 -1.532258645 -1.510906095 

4 year_in_herd 1.559019071 1.53064667 1.587391473 

4 Animbrd-GU 2.385977498 1.410918467 3.361036529 

4 Ketosis 1.462935278 1.337394613 1.588475942 

4 Displaced Abomasum 1.100563865 0.864234346 1.336893384 

4 Retained Placenta 0.856745014 0.776548325 0.936941704 

4 Metritis 0.463298993 0.41172577 0.514872216 

4 Animbrd-BS 0.748513069 0.378520558 1.118505579 

4 Milk Fever 0.500468665 0.231726226 0.769211104 

4 Mastitis 0.225244746 0.180309529 0.270179964 

4 me_scs 0.118195268 0.110332762 0.126057774 
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4 age_calv_par 0.011011355 0.009547229 0.012475481 

4 parity -0.392329655 -0.412494059 -0.372165252 

4 Lameness -0.406252696 -0.473044739 -0.339460652 

4 Animbrd-NO -0.984249554 -1.001575994 -0.966923114 

4 Animbrd-XD -2.528639301 -2.816164102 -2.241114499 

6 year_in_herd 1.555744932 1.527259082 1.584230782 

6 Displaced Abomasum 1.725887494 1.495986033 1.955788956 

6 Ketosis 1.347648052 1.218200187 1.477095917 

6 Milk Fever 1.079896434 0.822041334 1.337751534 

6 Reatined Placenta 0.414896109 0.326024747 0.503767471 

6 Metritis 0.330217379 0.274276485 0.386158273 

6 Animbrd-JE 0.520675221 0.262790926 0.778559516 

6 age_calv_par 0.008601882 0.007041213 0.01016255 

6 parity -0.220758107 -0.240991516 -0.200524698 

6 Lameness -0.607146283 -0.683708727 -0.530583838 

6 Animbrd-NO -0.750768872 -0.760877692 -0.740660051 

6 Animbrd-XD -0.747234117 -1.006275645 -0.488192589 

6 Animbrd-MS -1.113629449 -1.683964517 -0.543294381 

6 Animbrd-SR -3.336180914 -3.554248678 -3.11811315 

7 year_in_herd 1.683523974 1.655477514 1.711570433 

7 Mastitis 1.532788539 1.492310768 1.57326631 

7 Animbrd-AY 1.664380375 1.111184083 2.217576666 

7 Ketosis 1.170744128 1.038341113 1.303147144 

7 Animbrd-JE 1.116788791 0.888461048 1.345116534 

7 Displaced Abomasum 0.952389405 0.703802927 1.200975884 

7 Animbrd-XX 0.800089164 0.56565194 1.034526388 

7 Animbrd-HO 0.774348956 0.548500898 1.000197015 

7 Retained Placenta 0.487257032 0.398511059 0.576003005 

7 me_scs 0.32372615 0.315575981 0.33187632 

7 Metritis 0.148131095 0.089654062 0.206608129 

7 parity -0.129700939 -0.149410425 -0.109991453 

7 Animbrd-NO -0.810818646 -0.815395763 -0.80624153 

7 Lameness -0.813398015 -0.891062874 -0.735733156 

7 Animbrd-LD -1.628284535 -1.635110496 -1.621458575 

7 Animbrd-RE -2.967614448 -3.057161939 -2.878066957 

7 Animbrd-SR -3.343396411 -3.448295494 -3.238497328 
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Figure 1: Heatmap of accuracy for each termination code diagonally predicted to the predicted 

false values. Y is the predicted, and X is the actual. For example, termination code 1 is 

accurately predicted at 40% and falsely predicted as code 4 about 16% of the time. 
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0 0.34 0.06 0.17 0.09 0.06 0.08  
1 

1 0.08 0.4 0.03 0.13 0.07 0.09  
0.8 

3 0.19 0.07 0.34 0.16 0.14 0.13  
0.6 

4 0.18 0.16 0.18 0.27 0.22 0.16  
0.4 

6 0.13 0.15 0.13 0.19 0.32 0.1  
0.2 

7 0.08 0.16 0.14 0.15 0.2 0.44  
0 
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Figure 2: Significant adjusted (p-value <= 0.05) summary statistics for the model output 

(coefficient estimate with confidence intervals) separated for each termination code.  
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Figure 3: Survival curve of cows over their lifetime until death (termination code 6) with 

incidences at the time (years) of death.
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Figure 4:  Survival curve of cows over their lifetime until death (termination code 6) with no 

incidences at the time (years) of death. 
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Figure 5: Survival curve of cows over their lifetime until termination (all termination codes 

included) with incidences at the time (years) of termination. 
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Figure 6: Survival curve of cows over their lifetime until termination (all termination codes 

included) with no incidences at the time (years) of termination. 
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Figure 7: Survival curve of a cow from the initial point of having a health incidence to its 

termination (years). 
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Chapter 4: GWAS analysis of reasons for disposal using single-step 

GBLUP in Holstein cattle 
 

Abstract 

Reasons for disposal have been used for decades to monitor the reasons why dairy cows leave a 

herd. The reasons why a cow leaves a herd range from voluntary (selling) to involuntary (health 

issues), and these can financially impact dairy farmers when these terminations occur suddenly. 

Reasons for disposal are documented as termination codes at the Council of Dairy Cattle 

Breeding. Using termination codes as the single feature in a Gibbs threshold model, this study 

focuses on developing a genome-wide association study (GWAS) using a weighted single-step 

genomic best linear unbiased prediction (WssGBLUP) model to determine significant SNPs 

related to termination in Holstein cows. The overall results of this study were promising as one 

prominent finding was that a leucine-rich repeat-containing G protein-coupled receptor 5 

(LGR5) being a gene with significant SNP for termination code 4, reproductive issues. Research 

in both dairy and humans have related this gene to be involved in signaling pathways which that 

regulate mammary gland development (H. Wen, 2021). The mammary gland is regulated by 

reproductive and metabolic hormones (Hannan et al., 2023). The results showed at least 1 

significant peak in the Manhattan Plots for all the termination codes studies. To validate the 

findings further, a low but still significant heritability value was determined. This research 

provides locations for focus on for future research in selection of SNPs to improve for dairy 

cattle. Termination data was gathered from Holstein cows throughout herds in the US and stored 

in the National Cooperator Database maintained by the Council on Dairy Cattle Breeding 

(CDCB; Bowie, MD). 

Key Words: Termination Code, GWAS, BLUP 



 

 

78 

 

 

Introduction 

 

Within the dairy cattle breeding and dairy production industry in the United States, culling or 

termination of cows is standard practice when it is deemed that removal or replacement of the 

cow outweighs the need for them to continue in the herd. Termination of cows is categorized as 

voluntary or involuntary. Voluntary culling is when a cow is removed when there may not have 

been a specific detrimental reason for this (Weigel et al., 2003).  Most often, it is when the 

farmers deem it more profitable to sell the cow than to keep it, either for money, low milk yield, 

or aggression (Hadley et al., 2006). Involuntary culling tends to be beyond the farmers' control, 

mainly including disease, locomotion issues, and even death (Weigel, 2003). While there have 

been slight changes to the termination code system over the years and codes offered to producers 

vary across dairy record processing centers (DRPC), there are 12 termination codes collected by 

the Council on Dairy Cattle Breeding for classifying reasons for a cow leaving a herd as seen in 

Table 1 (Norman et al. 2022). 

 

Since the average productive lifespan of dairy cows in dominant dairy-producing 

countries is 3 to 4 years, dairy farmers tend to cull often due to health-related issues.  While 

increased nutrition and cow well-being can mitigate forced culling, the lifespan has been stable 

for the past few decades (De Vries & Marcondes, 2020). Research in Canadian Holstein cows 

shows that reproductive and milk production issues account for more than half of terminations.  

Nearly 58% of these cows were culled after 47 months (de Souza et al., 2023). A 2019 study 

showed that the increase in milk prices was the main reason for voluntary termination. The most 
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likely reason for this is that farmers are more motivated to cull cows after 1-2 lactations and keep 

cows who have been in the herd longer.  Whether cows are terminated voluntarily or 

involuntarily, efficient decision-making is critical for dairy farmers and herd management. Farms 

that can make effective decisions tend to mitigate financial loss when replacing a cow (Roberts, 

2019). This is where genetic information and biomarkers can decrease the financial burden that 

termination can cause.   

 

To better manage and categorize reasons for cows leaving a herd, the Dairy Herd 

Improvement Association (DHIA) has been using codes to help farmers make informed 

decisions about their herd for decades (H.D. Norman, 2022). Current practices used by the 

Council on Dairy Breeding (CDCB) have 12 main reasons or termination codes. These 

occurrences for termination include the common problems seen in cows for removal, such as 

locomotion problems, low milk yield, and reproductive issues.  

To improve the livelihood of cows, increase the lifespan of cows, and reduce the financial 

burden of health-related issues with cows, genetic research has been used more and more. The 

ability to use DNA and genomic selection has enhanced the accuracy of breeding values. 

Methods by VanRaden (2008) were developed to increase the reliability of using breeding values 

to analyze various biomarkers in cattle.  Genome-wide association studies (GWAS) have been 

used to identify significant SNPs among various health traits. For reproductive health 

specifically, being able to prioritize fertility enhancements among dairy cows can be an efficient 

strategy to minimize the financial cost of culling due to reproductive issues (Haque et al., 2024).  
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Recent advances in genomic data availability have led to an increase in the use of 

mathematical and statistical models to determine critical traits related to improving the overall 

dairy industry. Genomic predictions have also been used to effectively detect the overall abortion 

risk of Holstein cows using a ssGBLUP (single-step genomic best linear unbiased prediction) 

methodology from producer-recorded data (Wijma et al., 2022). SSGBLUP or WssGBLUP 

(weighted single-step genomic best linear unbiased prediction) is an advanced mathematical 

approach to genomic prediction to determine and improve the genomic estimated breeding 

values from phenotypic data. The WssGBLUP methodology integrates phenotypic, pedigree, 

genotypic, and chromosomal data to increase accuracy. Using weights allows the model to assign 

weights to SNP variances when determining the genomic relationship (Teissier et al., 2018). 

Research by Teissier compared the use of pedigree-based BLUP to three weighted ssGBLUP 

methods (WssGBLUP, WssGBLUPMax, and WssGBLUPSum) for French dairy goats. The 

result showed increased GEBV accuracy of + 5 to + 7 percent points across the three methods.  

 

For the long-term sustainability of dairy production, dairy farmers must understand the 

probability of cows being terminated. This study addresses the increased concern about 

accurately predicting genetic factors that can lead to specific termination codes. The study uses 

termination codes as a primary trait within a WssGBLUP model to determine SNPs significantly 

impacting specific termination codes. The heritability and genomic estimated breeding values 

were determined through an iterative process of using a Gibbs threshold sampling model to 

determine the variance component estimates. Once determined, three rounds of weighting within 

the model were used to identify a list of SNPs with significant impact on each termination code. 
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Methods and Materials: 

Data 

 

Data were provided by the Council for Dairy Cattle Breeding (CDCB), where phenotypic, 

termination, and genetic data were accumulated from farms across the United States. The first 

was phenotypic data on US dairy cattle. The second data used was termination data on our cattle. 

The third data is the pedigree data of cows from the herds. The fourth data was the genotypic 

data, which consists of 78,964 SNPs per cow.  The fifth data was the chromosome map for dairy 

cows. Data was collected from farmers throughout the United States from 2011-2022. 

 

The phenotype data includes fields about the individual cow’s history. Data about a 

singular cow is repeated for each lactation. Phenotypic information from this dataset includes 

animal identification, herd, year, season, parity, animal breed, somatic cell score, inbreeding, 

heterosis, and incidences of lameness. 

 

The termination data includes the same pool of cattle found in the phenotypic data but 

notes the termination status every quarter, with a termination code of 0 if the cow did not leave 

the herd. The dataset also includes data related to parity, lactation number, and days in milk.  

 

The pedigree dataset includes the same pool of cows within the phenotype and 

termination dataset, specifying the cattle ID of the sire and dam per cow. The last dataset was the 

chromosome map for cows, which denotes the SNP identification ID, chromosome number, and 

locations of the SNP. This data was received from multiple SNP chips and were all imputed to a 
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common set of markers. Minor allele frequency (MAF) and Hardy-Weinberg equilibrium (HWE) 

were checked for this data.   

 

Using all these datasets gives us the necessary resources to determine an analysis 

considering various phenotypes for the dependent variable of termination codes, considering the 

pedigree and genotypic data. These can then be extrapolated to determine specific SNP 

contributing to specific terminations. 

 

Materials & Methodology 

 

For this analysis, data manipulation steps were conducted within Python using the Pandas 

library. The final piece of the data analysis pipeline uses the BLUPF90 suite of programs to 

create a Best Linear Unbiased Prediction (BLUP) statistic Model using Fortran90. This program 

was invented to conduct a genetic evaluation of animal breeding data using fixed and random 

effect mixed models (Masuda, 2019).  BLUPF90 uses data with dependent (trait) and 

independent variables (effects) to evaluate the mixed model. Specifically, the methodologies 

written for using a Gibbs Threshold sampling model were used for this analysis, as the final 

phenotype-termination code dataset was split into different analyses. 

 

Data Preparation 

 

The combination of phenotype data and termination datasets provides a unique dataset, for each 

cow within a herd, there exists the termination code, variables gathered within that quarter, and 

all the phenotypic variables related to the cow. For the analysis, this dataset was limited to 
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primiparous Holstein cows from 100 randomly selected herds. This was due to the computational 

resource limitations when evaluating this research's initial scope.  

 

The initial steps when gathering the data are to process the data to include the necessary 

data and ensure it is in the correct form for the subsequent programs to run (Masuda, 2019). The 

initial processing script was developed to combine, alter, and filter down the termination and 

phenotype data using Python. The two datasets were combined using unique animal keys and the 

calving date as the unique identifier for a cow and time. This provided a cumulative data set with 

traits and our response variable, termination code.  

 

For the termination codes used within this analysis, each subset of data had the 

termination code transformed into a binary output. For example, there is a phenotype-termination 

dataset that focuses on the effects of termination code 3, where termination code 3 was 

transformed to 1, and all other cases (i.e., all of the other termination codes) were transformed to 

0.  This arrangement of data allows the use of Markov Chain Monte Carlo methods for sampling 

the probability distribution with the multivariate dataset. 

 

The termination codes used for individual sub-datasets were noted as culling. These 

codes were 1,3,4,7 and 9 (9 was excluded from the results due to the low population of data 

available to get accurate sampling). These termination codes refer to locomotion problems, low 

milk yield, reproductive issues, mastitis, and udder issues.  The result is five individual datasets 

used for the analysis, where the critical difference is the termination code column denoting the 

existence of the specific code.  
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The resulting data included the following for the analysis: animal identification, calving 

year, herd code, days-in-milk quantity (categorized as 0-60 for low, 61-249 for medium, and 

250+ for high), and termination code.  

 

The chromosome map was also filtered to ensure that the fields SNP IDs, Chromosome 

and SNP location were included and formatted with headers separated by single spaces. 

 

Mixed Model Equations 

 

The mixed model equations used to develop the Weighted Single-Step Genomic Best Linear 

Unbiased Prediction start with a simple animal model with genetic components (Teissier et al., 

2018). The following is the complete list of equations for the mixed model. 

 

𝑦 = 𝑋𝛽 + 𝑍𝑢 + 𝑊𝑝 + 𝑒 

 

𝐻 =  [
𝐴11 + 𝐴12𝐴22

−1(𝐺 − 𝐴22)𝐴22
−1𝐴11 𝐴12𝐴22

−1𝐺

𝐺𝐴22
−1𝐴21 𝐺

] 

 

𝐺 =
𝑍𝐷𝑍′

2 ∑ 𝑝𝑖(1 − 𝑝𝑖)
 

 

𝐴 = [
𝐴11 𝐴12 𝐴13

𝐴21

𝐴31

𝐴22 𝐴23

𝐴32 𝐴33

] 

 

𝜎𝑢,𝑖
2 = 2â𝑖

2𝑝𝑖(1 − 𝑝𝑖) 

 

â = 𝐷𝑀′[𝑀𝐷𝑀′]−1û𝑔 

 

The mixed model equation, a crucial tool in genetic studies, is composed of several key 

elements. The trait(s) being measured are represented by y, in this study, the termination code. X 
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is the incidence matrix for relating phenotypes to fixed effects,  is the vector for fixed effects, Z 

is the design matrix for relating phenotype to breeding values, u is the vector of breeding values/ 

additive genetic effects, W is the incidence matrix for relating phenotypes to permanent 

environment factors, and p is the vector that represents the permanent environment. This study 

did not explore the permanent environment, so these values were ignored. The additive genetic 

effect and random residual are assumed to be normally distributed (Teissier et al., 2018). The 

final element of the mixed model equations is e, which represents the random residual effect.  

 

Gibbsf90+ program is initially used to determine the variance component estimation of 

the effects, where Var(u) = 𝐻𝜎𝑢
2 and Var(e) = 𝐼*σ𝑒2 by sampling thousands of rounds until 

convergence. Gibbsf90+ program uses Bayes theorem to determine the posterior probability 

using numerical methods to draw samples. H is the genetic relationship matrix combining SNP 

information and pedigree data (Legarra et al., 2009), and the A matrix is the pedigree-based 

relationship matrix which considers ungenotyped ancestors, genotypes animals, and ungenotyped 

animals all with breeding values. G is the genomic relationship matrix (Christensen & Lund, 

2010). â is vector representing the SNP effects, M is the matrix of SNP content, D is the matrix 

of weights, û represents the GEBV, and 𝑝𝑖 is the allele frequency of the SNPs.  

 

BLUPF90 

 

Once processed to the correct form, the initial datasets serve as the cornerstone for the 

subsequent steps in the BLUPF90 program. These datasets, which include termination-phenotype 

data, pedigree data, and genotype data, are used to prepare the initial parameter file for the 

BLUPF90 program. The program will renumber the COW ID starting from 1, conduct data 
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validation analyses, ensure subsequent effect columns are renumbered appropriately, and output 

a parameter file for subsequent BLUPF90 programs. 

 

The data was preprocessed using the renumf90 program. Within the renumf90 parameter 

file, the herd and calving date were combined as a single field known as herd-year to account for 

the interaction of herd and calving year, termination code was noted as the sole trait to analyze, 

an initial random residual value was noted as 1, herd-year was a random effect, DIM quantity 

was included as fixed effects, the animal key was noted as the animal ID, and the pedigree and 

genotype data were noted with an initial variance component of 1. The renumf90 program was 

run, which outputted the renf90.par file, which is a baseline parameter file for BLUPF90.  

 

 

The resulting parameter file needed to be adjusted to consider parameters related to this 

analysis. These parameters included denoting genotype codes 3 and 4 as missing within the 

parameter file, saving the G inverse and A22 matrices, specifying that the trait (binary 

termination code) is a categorical value with two options, and summarizing the resulting solution 

as an average. 

 

Once these parameters are set, the analysis is run using the GibbsF90 program (Masuda, 

2019). This was initially done for 50,000 samples, excluding the initial 1,000 samples and 

recording every ten intervals. Once the analysis was complete, the Postgibsbf90 program was run 

on the resulting solutions to determine the convergence of the variance component estimates for 

random effects. This was done visually and analytically. For each termination code and each 
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variance component, a plot was generated, resulting in over 50,000 samples, and seeing whether 

the values converge toward a singular range. Secondly, a histogram plot of these same variance 

component estimation values was generated to see whether the values represent a normal 

distribution.  

 

After the visual analysis, the PostGibbsf90 program plays a crucial role in the analysis. It 

generates statistics on the model by producing Monte Carlo Error by Time Series and Posterior 

Standard Deviation Tables. These statistics gauge convergence, ensuring that the Effective 

Sample Size is greater than 10, the Geweke diagnostic is less than 1, the Monte Carlo Mean 

matches the values seen in the plots, and the Error is small.  

 

After analyzing the initial run, if these analytical and visual convergence tests did not 

pass, the first step is to adjust the burn-in period and intervals to see if outliers skew the values in 

the initial range before convergence. Additional samples are needed if the variance component 

estimates still need to be deemed to have converged. The whole process is repeated by sampling 

an additional 50,000 samples. This is repeated until all measurements pass the visual and 

analytical convergence tests. 

 

Once all the convergence tests pass, the variance components are determined for the model, and 

GIBBSF90 can then be rerun with the genotypic data to conduct a GWAS analysis by 

conducting a Weighted Single-Step Genomic Best Linear Unbiased Prediction (WssGBLUP) 

model. This is done by considering weights for the SNP available within the genomic dataset. 

After the initial variance components are known, a Gibbs sampling method is reinvoked for 
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10,000 samples using these variance component estimation values and an initial weight value of 

1 for the 78,964 SNPs. This yields a solutions file containing the Genomic estimated breeding 

values (GEBV) for all the trait/effect combinations. The POSTGSF90 program within the 

BLUPF90 program suite, which contains the genomic evaluation modules, was run to conduct a 

GWAS. The program was run using this solutions file, the chromosome map, and the initial 

weights file, which outputs the SNP solutions file. The resulting outcomes contain the values of 

SNP effects and an updated weights file. A bash script was created to automate repeating this 

procedure with the updated weights three times. This process increases the accuracy of the 

GEBV produced and, thus, a more accurate representation of the SNP effect. 

 

A Manhattan plot, a significant visual representation, was generated with the values of 

SNP effects and variance explained of SNP effects with a sliding window of 5 MBP. This 

process was repeated for the remaining termination codes.  

 

Variance explained is used to determine the amount of variance within a dataset, in this 

case, the window of SNPs being observed within the Manhattan plots. Since a variance explained 

value shows the variability, it is a good method to use it when determining whether there is any 

significance for genetic analysis alongside p-value or when p-values are not available. Variance 

explained is usually listed as a percentage, where the higher the percentage, the higher the 

variability, meaning that the specific genetic factor has a strong association.  

 

When solely looking at SNPs and their SNP effects determined, we can see a wide range of 

values and noise making it is difficult to see relative genetic association. A variance explained 
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analysis on the outputted SNP effects would mitigate the noise seen and shows SNP, with 

notable variance relative to neighboring SNPs (James, 2013).  A sliding window is used instead 

of a fixed window, as a sliding window is giving more flexibility as it examines overlapping 

regions. Examining overlapping regions is better at picking up variability in gene densities and in 

linkage disequilibrium structure. Fixed windows may miss important signals if the window is too 

big or small. Since the amount of SNPS are not uniform with chromosome counts, there is a 

higher likelihood of missing linkage disequilibrium patterns.  

Results and Discussion 

 

Variance Component and Heritability Estimation 

 

The variance components needed to be determined first before determining the GEBV and SNP 

effects for the various termination codes. This was done by using the Gibbs threshold sampling 

methodology to determine the variance of the additive genetic and herd-year effects. Table 2 

shows the output of the sampling methodology, which contains the variance component 

estimates for herd-year, animal, and random residual for each divided dataset of termination 

codes (1, 3, 4, 7). 

 

The variance component values were determined after a thorough convergence process. 

We ran the threshold Gibbs sampling in 50,000 increments with a thinning amount of 10. If 

convergence was not reached after the initial 50,000 samples, we ran an additional 50,000. We 

also added burn-in amounts to ensure that non-convergence was not due to initial values skewing 

the results.  
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Convergence was determined by looking at the resulting Monte Carlo error by time series 

analysis, posterior standard deviation tables, which includes Geweke’s convergence diagnostic, 

histogram of variance components, and visual inspection of trace plots of variance components 

estimated over the sample runs (Du et al., 2022). The amount of sampling required for each 

divided dataset for termination code differed.  Termination code 1 required 200,000 samples, 

with a burn-in amount of 140,000, leaving 60,000 samples. Termination code 3 required 250,000 

samples, with a burn-in amount of 60,000, leaving 200,000 samples. Termination code 4 

required 200,000 samples, with a burn-in amount of 50,000, leaving 60,000 samples. 

Termination code 7 required 300,000 samples, with a burn-in amount of 100,000, leaving 

200,000 samples. 

 

Tables showcase the precision of the Monte Carlo error by time series and posterior 

standard deviation derived from a single run of the PostGibbsF90 program. This was done once 

Gibbs threshold sampling had reached convergence for termination codes 1,3,4, and 7. These 

tables ensured that Geweke’s convergence diagnostic value was less than one and the adequate 

sample size was greater than 10. 

 

Analyzing the Monte Carlo error by time series analysis, posterior standard deviation 

tables, histogram of variance components, and trace plots of variance components generated over 

samples made it easy to establish a singular variance component estimation value. This thorough 

analysis and the accompanying table for determining convergence led to the estimation of 

variance components of 1 for random residual, 0.880 for herd-year, and 0.055 for additive 

genetic effect for termination code 1. A variance component of 1 for random residual, 0.360 for 
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herd-year, and 0.045 for Animal key for termination code 3. A variance component of 1 for 

random residual, 0.220 for herd-year, and 0.040 for Animal key for termination code 4. A 

variance component of 1 for random residual, 0.190 for herd-year, and 0.076 for Animal key for 

termination code 3. These values can be found in Table 2. Analyzing the Monte Carlo error by 

time series analysis, posterior standard deviation tables, histogram of variance components, and 

trace plots of variance components generated over samples made it easy to establish a singular 

variance component estimation value. This thorough analysis and the accompanying table for 

determining convergence led to the estimation of variance components of 0.880 for herd-year, 

and 0.055 for additive genetic effect for termination code. A variance component of 0.360 for 

herd-year, and 0.045 for Animal key for termination code 3. A variance component of 0.220 for 

herd-year, and 0.040 for Animal key for termination code 4. A variance component of 0.190 for 

herd-year, and 0.076 for Animal key for termination code 7. For a threshold model. The residual 

is fixed at 1.  Individual variance components can be found in Table 2.  

 

The Postgibbsf90 program also outputs a file containing all the Gibbs samples, which can 

be used to determine the heritability. A narrow sense heritability (h2) was calculated by dividing 

the additive genetic variance (Vu) by the sum of all variance components, also known as the total 

phenotypic variance (Jablonszky & Garamszegi, 2024). Narrow-sense heritability is significant 

within animal models due to responses to artificial (and natural) selection depending on additive 

genetic variance (Wray & Visscher, 2008). The heritability was taken to determine the overall 

significance of the heritability.  This was done to the outputted solution after convergence, and 

the burn in samples were removed, as stated before. 

ℎ2 =
𝑉𝑢

𝑉𝑝
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For termination code 1, this was determined to be 0.0074, 0.0069 for termination code 3, 

0.0083 for termination code 4, and 0.0143 for termination code 7. The heritability value can be 

used to relay the overall confidence to which phenotypes and traits can be transferred from a 

parent, resulting in potential changes in reproduction practices. Heritability, h2, values over 0.40 

are considered high, 0.15 – 0.40 to be moderate, and less than 0.15 to be low heritability 

(Cassell, 2001). The heritability estimated herein was very low but still significant. 

 

The use of heritability in dairy cattle research has been evolving over time. In 1974, a 

research study was conducted to investigate estimating heritability in bovine milk (H. Soyeurt et 

al., 2007). This research by Edwards and his team looked at the heritability of fatty acids in milk 

production (H. Soyeurt et al., 2007). 

 

When it comes to modern research on the heritability of diseases within cattle, Snowder 

et al. (2005) have shown a significant maternal heritability between 0.00 and 0.13 (SE = 0.07) for 

bovine respiratory disease (BRD) from the progeny of 12 additional different sire breeds 

produced from 1983 to 2002. While respiratory disease was not a focus of this study, it is still 

one area that can be beneficial to look into the future. When looking at other common diseases 

that affect herds, such as lameness, Dorp et al. reported a heritability of 0.16, with a standard 

deviation of 0.095. This study looked at 4,368 first lactation records of Holstein cows where the 

results of heritability of disease traits were mostly low, ranging from 0 to 0.05 (Van Dorp et al., 

1998). A third study found that the heritability of being culled due to udder health determined 

issues to be between 0.05 and 0.06 for conventional and organic herd for Swedish Holstein and 
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Swedish Reds cows (Ahlman et al., 2011).  These studies show that heritability for diseases and 

other traits leading to termination may be low for cows but is still significant. 

 

GEBV and SNP Effects 

 

 

Genome-wide association studies have explored vital genetic markers for improving fertility 

research. Quantitative trait loci (QTL), which are parts of the DNA responsible for specific 

phenotypic characteristics, were identified across multiple studies to show that QTL on BTA18 

were a significant QTL for fertility (Fang et al., 2019). Other related studies have used health 

traits, such as mastitis, ketosis, and hypocalcemia, to develop a GWAS analysis to identify 

potential genes associated with these health traits. A mixed model with a Bayesian fine-mapping 

procedure was done to determine 20 candidate genes with the highest posterior probability for 

causes of the health trait (Freebern et al., 2020). This study shows the potential of using GWAS 

and WssGBLUP to determine significant genetic markers for various issues. 

 

After determining the variance components from the rounds of sampling for each 

termination code, the equations mentioned within the mixed model evaluations section can be 

used to determine the GEBV. This considers all the data accumulated and runs through the 

Gibbsf90 program. Since the research focuses on a weighted single-step genomic best linear 

unbiased prediction, the Gibbsf90 program is used with an initial weight file (all equal to 1). 

After three rounds of 10,000 samples repeated, the final GEBV is determined. Once the GEBV is 

determined, it can be used with the POSTGSF90 program to extract the SNP effects of each SNP 

within the cow’s genetic data. A Manhattan plot is created for each termination code, with a 
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variance explained sliding window of 5 MBP for all termination codes. A SNP is deemed 

significant if it is represented by a high-magnitude variance explained value.  

One limitation to the analysis is that due to the main trait being categorical, p-values 

cannot be determined using the BLUPF90 software as the program for outputting p-values 

requires the data to be continuous and normal. Due to this, the overall SNP effect was 

determined and subsequently a variance explained component was calculated with a sliding 

window. 

Figures 1, 2, 3, and 4 are Manhattan plots that were generated using the variance 

explained by the SNP effects by sliding windows of 5 MBP for termination codes 1,3,4 and 7, 

respectively. Figures 5, 6, 7, and 8 displays the SNP effects, before any variance explained, for 

termination codes 1, 3, 4 and 7, respectively. Table 3 shows the most prominent SNP by number 

and SNP name for each termination code. These SNPs and accompanying chromosomes can be 

used to determine whether a cow is susceptible to the termination code. The three most 

prominent SNPs were identified for all the termination codes, except for termination code 4, 

where there was only 1. These were visually determined by seeing that they had large variance 

explained values extending to the top of each plot.   

 

Termination code 1, termination due to locomotion issues, showed four significant SNPs 

but only one with further gene and regulation data. This is SNP 77714 with the name 

BovineHD3000015610 found on Chromosome X at location 54510084 bp. Using BovineMine, a 

bovine genome database, we can find the Features DB identifier of rs135764079 (Elsik et al., 

2016). Using this DB identifier, we can look at the genomic information available within 

Ensembl (Martin et al., 2023). Ensembl shows this SNP is an intron variant, with one transcript 
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available for this SNP on Gene ENSBTAG00000044025. The gene regulation information shows 

this gene is an interleukin one receptor accessory protein-like 2(IL1RAPL2) gene.  While 

research into IL1RAPL2 for cattle is limited, functionality is like that of humans as they are 

orthologs (IL1RAPL2 - interleukin one receptor accessory protein-like 2, n.d.). IL1RAPL2 

interacts with PTPδ and induces excitatory synapse and dendritic spine formation, which are 

processes under the nervous system (Valnegri et al., 2011). Locomotion issues and other 

movement disorders are classified under nervous system conditions (Mayo Clinic Staff, n.d.). 

While there is no direct link between this termination code and gene, further research needs to be 

done to see if IL1RAPL2 contributes to locomotion issues.  

Termination code 3, termination due to low milk yield, showed four SNPs with 

significance but only one with further gene and regulation data. This is SNP 18258 with the 

name Hapmap54903 found on Chromosome 5 at location 107916623. Using BovineMine, a 

bovine genome database, we can find the Features DB identifier of rs135764079 (lsik, 2016). 

Ensembl shows this SNP is an intron variant, with seven transcripts available for this SNP on 

Gene ENSBTAG00000013658. The gene regulation information shows this gene is an 

ELKS/RAB6-interacting/CAST family member 1 (ERC1) gene. ERC1 for cattle is an ortholog 

for human ERC1. While no direct link exists between the ERC1 gene and milk yield/ lactation, 

research does show that a complex gene regulatory network exists for lactation.  Lemay et al. 

show that over 2,000 of the 4,832 genes looked at are up-regulated during the 9th and 12th day 

of lactation (Lemay, 2007). Further research needs to be done to see whether ERC1 is another 

gene up-regulated during lactation. 
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Termination code 4, termination due to reproductive issues, showed only one SNP with 

significance with a variance explained value of 80%. This is SNP 14901, named 

BovineHD0500000277, found on Chromosome 5 at location 1183045. Using BovineMine, a 

bovine genome database, we can find the Features DB identifier of rs137444512 (lsik, 2016). 

Ensembl shows that this SNP is an intron variant, with two transcripts available for this SNP on 

Gene ENSBTAG00000013256. The transcript information shows that this gene, which houses 

the SNP, is a leucine-rich repeat-containing G protein-coupled receptor 5 (LGR5). Genetic 

research in Holstein cattle from Wen et al. shows that Gene LGR5 is involved in wnt signaling 

pathways, which regulate cell proliferation and mammary gland development (H. Wen, 2021). 

The mammary gland is regulated by reproductive and metabolic hormones (Hannan et al., 2023). 

 

Termination code 7, termination due to mastitis, showed five significant SNP, but only 

two with further gene information available. The first being on SNP 55230 called ARS-BFGL-

NGS-116944. This is an intron variant, where further research by Pegolo et al. (2017) showed 

that this SNP had a low p-value for significance for milk fatty acid traits. This was done by 

conducting a GWAS analysis for 65 milk fatty acids and fat percentages in 1,152 Brown Swiss 

cows. Research in human milk has shown that those who exhibit symptoms of mastitis tend to 

have higher levels of free fatty acids (Hunt et al., 2013). The second was on SNP 11649, with the 

name BovineHD0400002409. This was noted as a downstream gene variant, but no further 

regulatory information was found.   

 Linkage disequilibrium (LD) is high in cattle due to several key factors like artificial 

selection and breeding practices, population bottlenecks and small effective population size, 

inbreeding, and genomic features and structure. Intensive selective breeding practices have a 
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significant impact on the genomic structure of cattle populations. Breeders often select for 

certain traits, leading to reduced genetic diversity and increased linkage disequilibrium within 

certain genomic regions. This artificial selection results in a non-random association of alleles at 

different loci, which is a trademark of high LD (El Hou et al., 2021) (Porto-Neto et al., 2014). 

Several breeds have undergone population bottlenecks and have small effective population sizes. 

This can increase the degree of genetic drift and reduce genetic variation, leading to higher levels 

of LD. In these populations, certain alleles can become nearly fixed, which also contributes to 

higher LD (Al-Mamun et al., 2015).  

 

Inbreeding, which is common in many cattle breeds, especially Holsteins which make up 

over 80% of the cattle population in the United States, further reduces genetic diversity and 

increases LD. Inbred populations have more runs of homozygosity and a higher likelihood of 

alleles at different loci being inherited together (Al-Mamun et al., 2015). The specific genomic 

architecture of cattle, including the presence of large haplotype blocks, can also contribute to 

high LD. These haplotype blocks result from historical recombination events and the physical 

linkage of SNPs, leading to extended regions of high LD (El Hou et al., 2021) (Porto-Neto et al., 

2014). All of these factors lead to high linkage disequilibrium in cattle.  

 Even with the limitations of the data, like the high LD, high computational requirement, 

and the categorical data this research can be expanded into improve cattle selection and breeding. 

Full scale breeding values instead of sampling would improve the heritability found and could 

provide more SNP data. Also, by doing this on different breeds to see the breed differences 

would be beneficial. Further research would provide more insights to what these SNPs 

functionality is and how we could select certain traits.  
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Conclusion 

 

The result of the experiment was to generate the genomic estimated breeding values and use a 

weighted single-step genomic best linear unbiased prediction model to generate SNP effects for 

termination codes (reasons for disposal) 1, 3, 4, and 7.  The generated SNP effects were used to 

construct Manhattan plots, visually showing that the model yielded significant SNPs for each 

termination code.  A genome-wide significance threshold was placed to show the significance of 

the top 5 SNPs across all the chromosomes if seen. Looking further into the genes and 

regulations data available, we were able to link termination codes to research that shows a 

correlation between the two. Such as SNP BovineHD3000015610 being associated with an 

interleukin one receptor accessory protein-like 2(IL1RAPL2) gene being present in the 

termination code 1 Manhattan Plot.  This analysis can be used for farmers in the future to 

predetermine the possibilities of cows within their herds, which can help alleviate the burden 

when cows end up being terminated. Further research on SNP functionality can provide key 

areas to select for to prevent cows from leaving the herd. The methods done within this study 

prove that it is possible to use a WssGBLUP model to determine key SNPs that significantly 

impact specific termination codes when considering phenotypic, pedigree, and genomic data.  
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Tables and Figures 

 

Table 1: Twelve most common reasons for cow terminations 

Termination Code Termination Reason 

0 Normal Lactation, no issues 

1 Locomotion problems 

2 Female transferred or sold 

3 Low milk yield 

4 Reproductive issues 

5 Other reasons 

6 Death 

7 Mastitis or high somatic cell score 

8 Terminated pregnancy 

9 Udder problems 

A Unfavorable Phenotype 

B Temperament issues (ie. Aggressive) 

 

 

Table 2: Variance component estimated values computed from Gibbs threshold sampling until 

convergence 

Termination Code random Herd-year Animal_key 

1 1 0.880 0.0550 

3 1 0.360 0.045 

4 1 0.220 0.040 

7 1 0.19 0.076 
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Table 3: Top prominent SNP effects generated from GEBV post Gibbs threshold sampling with a 

variance explained with by 10 adjacent values. 

Termination Code 1 Termination Code 3 Termination Code 4 Termination Code 7 
SNP – 14888 

BovineHD0500000225 

Chr 5 

SNP – 56190 

Hapmap35067-

BES1_Contig631_717 

Chr 19 

 

SNP – 14901 

BovineHD0500000277 

Chr 5 

SNP – 55230 

ARS-BFGL-NGS-116944 

Chr 18 

SNP – 77714 

BovineHD3000015610 

Chr 31 

SNP – 18258 

Hapmap54903-rs29018564 

Chr 5 

N/A SNP – 51357 

BTA-113935-no-rs 

Chr 17 

SNP – 35907 

BovineHD1100009642 

Chr 11 

SNP – 3037 

BovineHD0100034161 
Chr 1 

N/A SNP – 76888 

BovineHD3000003174 
Chr 31 

SNP – 55133 

BovineHD1800014872 

Chr 18 

SNP – 38085 

BovineHD1200000116 

Chr 12 

N/A SNP – 75052 

BovineHD2900004238 

Chr 29 

N/A N/A N/A SNP – 11649 
BovineHD0400002409 

Chr 4 

 

 

 

Figure 1: Manhattan plot of SNP effects by Variance Explained for termination code 1 
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Figure 2: Manhattan plot of SNP effects by Variance Explained for termination code 3 

 
 

 

Figure 3: Manhattan plot of SNP effects by Variance Explained for termination code 4 
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Figure 4: Manhattan plot of SNP effects by Variance Explained for termination code 7 

 
 

Figure 5: Manhattan plot of SNP effects for termination code 1 
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Figure 6: Manhattan plot of SNP effects for termination code 3

 

Figure 7: Manhattan plot of SNP effects for termination code 4 
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Figure 8: Manhattan plot of SNP effects for termination code 7 
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Chapter 5:  Conclusions 
 

 

The primary goal of this research was to delve into the intricate world of dairy cattle reasons for 

disposal, unravel their survivability, and estimate the heritability of these codes and associated 

SNPs. This study holds significant implications for the dairy industry and genetic research. 

Chapters 2 to 4 are dedicated to a comprehensive exploration of these objectives, leaving no 

stone unturned in our quest for understanding.  

 

            In Chapter 2, the aim was to find the main reasons why cows were leaving the herd. We 

compared the four dairy records processing centers and also compared by breed to identify any 

differences. The secondary termination codes were not being utilized, and the number of heifer 

records needed to be increased, so overall summaries about their reason for leaving could not be 

assumed.  Time plots for the first six parities per termination code were created to show trends 

across all breeds, only Holsteins, and only Jerseys from 2011 to 2022. Heifer termination codes 

were underreported with the highest percentage at 16%. The four processing centers' principal 

termination codes deviated a little from year to year, but processing center D had the most 

variation in principal termination codes. There were few records of termination 9, A, and B. 

There were few reports of lameness for Jersey cattle but more fluctuations for their termination 

codes 6, 7, and 8. The main reasons for disposal in Jerseys were sold and low milk yield. As for 

Holsteins, the main reasons for disposal were low milk production and death. Recommendations 

for the DRPC were to remove termination code 5, emphasize heifer record keeping, and enforce 

a secondary termination code for the primary being sold. To encourage more record keeping and 

improve breeding selection indexes, I recommended the CDCB add the percentages of records 
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used in trait development. Overall, the top main reasons for disposal were low milk yield (term 

3), death (term 6), and reproduction (term 4) across all breeds from 2011 to 2022. Overall, this 

study provided reasons for disposal across breeds, parities, processing centers, and time to 

provide trends for the dairy industry to better understand why cows are exiting the herd and 

where to improve in cattle research.  

 

            In Chapter 3, the goal was to create a logistic regression model to estimate coefficients 

that can be used to determine the positive and negative association of the predictor variables to 

the response variable, termination code (reasons for disposal). The plot showed the summary 

statistics for the model output but was filtered only to offer those with statistical significance (p-

value < 0.05). The plot is also used to help visualize the coefficient estimate and the confidence 

interval that showed significant factors with a positive or negative coefficient for each 

termination code. Then, using the Kaplan-Meier curve, the survival curves showed the rate at 

which health traits lasted over time and how long a cow stayed in the herd after a health event 

incidence. The results were promising as they show the apparent impacts of animal breeds on 

different termination codes. One prominent finding was that crossbreed animals had a negative 

coefficient for reproductive issues. Literature has shown that crossbred cattle tend to have higher 

fertility and heterosis levels (Buckley et al., 2014). The survival analysis shows the overall trends 

that various health traits have on survival and termination, such as displaced abomasum and milk 

fever as the primary health traits associated with the lowest probability of survival.  

 

            In Chapter 4, the aim was to use termination codes as the single feature in a Gibbs 

threshold model to focus on developing a genome-wide association study (GWAS) using the 
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Weighted single-step Genomic Best Linear unbiased prediction (WssGBLUP) model to 

determine significant SNPs related to termination in Holstein cows. This was successful in which 

at least 1 and up to 3 significant SNPs were identified for the 4 termination codes analyzed. 

These SNPs were associated with various genes, some of which were orthologs to humans and 

other animals. While no direct research was found to equate each termination reason to these 

specific genes in dairy cows, a link can be made by researching known cases of each gene. One 

prominent finding was that leucine-rich repeat-containing G protein-coupled receptor 5 (LGR5) 

being a gene with significant SNP for termination code 4, reproductive issues. Research in both 

dairy and humans have related this gene to be involved in signaling pathways that regulate 

mammary gland development (H. Wen, 2021). Some limitations were summarized like the type 

of data, computational limitation, and the high linkage disequilibrium in cattle. In addition, a low 

heritability was estimated for each termination reason, providing more validation that 

termination has a genetic component that can be passed to future generations.   

 

         In summary, the studies in these three chapters focus on understanding reasons for disposal 

trends, modeling termination codes, and estimating the genetic component of reasons for 

disposal. Future studies on expanding the different parities, regions, sizes of cows, and their 

termination code could be studied, as well as finding the survivability of each termination code 

per parity and lactation to understand how they play into termination. In addition, a full-scale 

analysis of breeding values can be analyzed, not just a sample, to find the different breeding 

values for termination codes per breed. Lastly, a discovery project could further investigate the 

functionalities of the SNPs that were found that did not have any information, which would be 

very useful in identifying their function on the genome. Adding in my recommendation for the 
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dairy industry would improve record keeping thus leading to more accurate selection indexes and 

overall better cattle.  
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