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Abstract
VAN DER HEIDE. (2020). Predicting survival in dairy cattle using machine learning.

PhD thesis, Wageningen University, the Netherlands 

A lthough cows can live to be twenty years old, the average lifespan for a dairy 
cow is only five to six years. Improving the lifespan of dairy cows would have 

several benefits such as increasing farm profitability and reducing the environmental 
impact of milk production. However, the complexity of survival makes it difficult to 
improve this trait in practice. In this thesis, I proposed using phenotypic prediction 
of survival to select young cows for the dairy herd, improving survival through 
increased lifespan of selected cows and better heifer management. The aim of this 
thesis was to investigate if it was possible to predict survival phenotype accurately 
enough to be of use in selection. I investigated three different methods to predict 
survival: multiple logistic regression, random forest and naive Bayes. In chapters 
two to four of this thesis I predicted the survival trait “survival to second lactation” 
using all three aforementioned methods. In chapter five, I predicted the survival trait 
“number of parities reached” using only the random forest method. Random forest 
and naive Bayes proved the best methods for predicting survival to second lactation, 
although predictive performance overall was low. The correlations between 
predictions for individual cows were much lower than expected, which indicated 
that the models predicted individual cows differently. Therefore, in chapter four 
I investigated if combining the results into an ensemble could improve predictive 
performance. An ensemble using multiple logistic regression resulted in the 
largest increase in performance, although none of the explored ensemble methods 
improved performance consistently across datasets. I further investigated if there 
was a benefit in including genomic information or a farm-specific effect. In chapter 
two, I investigated the benefit of combining genomic and phenotypic information. 
Genomic breeding values especially improved the prediction of survival early in 
life, with breeding values for fertility and longevity remained informative even after 
first calving. In chapter five I tested several different methods to include a farm 
effect and described the advantages and disadvantages of the various approaches. 
The results of this thesis provide valuable insights in the challenges of predicting 
survival traits and the suitability of various (machine learning) methods for the 
prediction of survival in dairy cattle. 
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CHAPTER 1 
 

General   introduction  

1.1 Survival in dairy cattle  

I n the Netherlands, cows that reach a lifetime production of 10.000 kg of milkfat and 
protein are publicly celebrated by the herdbook association (Drie, 2009; Zijlstra 

et al., 2016). After all, it is quite a feat for a cow to survive for the nine or more 
lactations required; the average cow in the Netherlands only survives up to three 
or four lactations (Zijlstra et al., 2013; Olechnowicz et al., 2016). Cows with long 
productive lives are valuable to farmers for several reasons (Van Pelt et al., 2016; De 
Vries, 2020). For example, farm rearing costs are reduced if cows survive to a higher 
number of lactations. This reduction in rearing costs is because both the costs for 
an individual cow get spread out over a longer productive life (Bach, 2011; Boulton 
et al., 2017) and because fewer replacement heifers have to be reared overall (Mohd 
Nor et al., 2014). High lactation cows also improve the average production of a farm, 
both because there is more opportunity to cull cows with a low milk production 
(Van Arendonk, 1985; De Vries, 2017) and because cows in their third or fourth 
lactation have a higher milk yield than younger dairy cows (Schutz et al., 1990; 
Lehmann et al., 2016). There are also environmental and societal benefits to cows 
with a high number of lactations. Cows with a high number of lactations produce 
less methane per kg of milk (Bell et al., 2015; Grandl et al., 2019) and indicate good 
animal welfare on the farm (Ortiz-Pelaez et al., 2008; Santman-Berends et al., 2014; 
Barkema et al., 2015). Environmental impact and animal welfare are both topics 
which are increasingly important to policy makers and the general public (Sandgren 
et al., 2009; Nyman et al., 2011; Doornewaard et al., 2018). 
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1.2 Definition of survival
The definition of true survival is the total lifespan of a cow, from birth until the end 
of its life. This can be measured in time (e.g. days or months) but also in functional 
units, such as the number of calvings or parities a cow has reached or the number 
of completed lactations. True survival is a combination of production, health and 
fertility, further influenced by various external factors (De Vries and Marcondes, 
2020). Some survival traits do not describe the total lifespan of a cow but whether 
or not the cow survived to a specific point in time (such as the second lactation) 
(Veerkamp et al., 2001). The benefit of these binary survival traits is that cows can 
be included in the analysis even if their full lifespan is not known yet. Other survival 
traits focus on specific causes of death, rather than survival as a whole (Wright 
and VanRaden, 2016). An example of such a survival trait is functional survival, 
which is true survival corrected for milk production (Wright and VanRaden, 2016). 
By correcting survival for milk production, there is additional emphasis on deaths 
caused by poor fertility and health problems. Which survival trait is used in a study 
therefore depends on the purpose of an analysis and available data (Ducrocq, 1988; 
Holtsmark et al., 2009)

1.3 Mortality and culling
Cows usually die in one of two ways,  either on farm due to a severe disease or 
injury, or because they were sold to slaughter. On-farm deaths are referred to as 
mortality, and deaths by slaughter as culling (Essl, 1998). Culling can further be 
broadly split into two groups: voluntary and involuntary culling. Voluntary culling 
is done to remove low producing cows or because the value of the carcass is 
worth more than the value as a dairy cow, whereas involuntary culling is done to 
remove cows that can no longer be productive (Hadley et al., 2006). Which factors 
contribute most to survival vary over the lifespan of the animal (van Pelt et al., 
2012). For young heifer calves, the main causes of  death are diseases, like diarrhea 
(Mee, 2013), and accidents (Brickell and Wathes, 2011; Compton et al., 2017). In the 
Netherlands, around 5.3 percent of calves kept on as replacement heifers die during 
their first year (Santman-Berends et al., 2019). In Europe, 12 to 14 percent of female 
calves do not survive to first calving (Hultgren et al., 2008; Brickell and Wathes, 
2011; Raboisson et al., 2013). In this latter group, the main causes of death are also 
diseases and accidents in the first year, followed by  a rise in culling due to infertility 
later in the rearing period (Wathes et al., 2008). Around two years of age, dairy 
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1cows enter their productive life. At this stage, culling becomes more prevalent than 
mortality (Figure 1). Most cows are culled for a combination of different reasons, 
for example infertility and low milk production (Fetrow et al., 2006)

1.3.1 INVOLUNTARY CULLING 
Infertility is the main cause of involuntary culling in the Netherlands: between 2007 
and 2012 20.9% of all cows culled were culled due to fertility problems (Zijlstra et al., 
2013; Mohd Nor et al., 2014; Zijlstra et al., 2016). The other most prevalent reasons 
for involuntary culling are udder health problems (18,5%), lameness (15,0%) and 
metabolic diseases (10.4%) (Zijlstra et al., 2016; De Vries and Marcondes, 2020). 
These figures are similar in other countries (Hadley et al., 2006; McConnel et al., 
2008; Compton et al., 2017). Many disorders also indirectly increase involuntary 
culling risk through negative effects on other traits. For example, both lameness 
(Booth et al., 2004; Dolecheck and Bewley, 2018) and metabolic diseases (Carvalho 
et al., 2019; Pascottini et al., 2019) are associated with reduced milk production and 
poorer fertility. 

FIGURE  1.1   Age at death in months of female calves born between 2000 and 2007 by type of death. 

Deaths before day 300 are not shown. Ticks on the x-axis show year-intervals.  Culling (the blue bars) 

includes both voluntary and involuntary culling
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1.3.2 VOLUNTARY CULLING

Voluntary culling is the culling of cows to improve farm profitability. The main 
reasons reported between 2007 and 2013 that could be considered voluntary culling 
were ‘excess’  cows (4.8%), low milk production (4.6%) and old age (4.4%) (Zijlstra 
et al., 2016). There is most likely overlap between these different reasons for culling 
because only one reason for culling is reported when a cow is slaughtered (Fetrow 
et al., 2006; Pinedo et al., 2014; van Pelt, 2017). The main reason for a cow to be 
voluntarily culled is because a replacement heifer is available for which the farmers 
has higher expectations in terms of productivity, economic profitability or other 
reasons (De Vries, 2017). Farm management practices and other external factors 
such as government policy can also influence voluntary culling rates (Beaudeau 
et al., 1996; Edwards-Jones, 2006; De Vries and Marcondes, 2020). Changes in 
government policy like the abolishment of the milk quota system (Huettel and 
Jongeneel, 2011; Läpple and Sirr, 2019) and changes in the nitrogen emission 
regulations (Doornewaard et al., 2018) both had a strong effect on culling rates.

1.4 Improving survival
As survival is the culmination of all aspects required for a profitable, productive 
dairy cow, attempts have been made to improve this trait through selection 
(Veerkamp and van Pelt, 2019). By selecting only bulls for breeding that have 
daughters with long productive lives for breeding, the genetic potential for survival 
of the next generation is improved (Miglior et al., 2017). The genetic potential of a 
cow for survival is expressed as the estimated breeding value (EBV), and selection 
on EBVs for survival is done routinely in many countries (Forabosco et al., 2009). 
With the introduction of genomic testing, it is possible to directly estimate the 
genetic potential of a bull for a trait like survival from the genotype (Silva et al., 
2014; Misztal and Legarra, 2017). Direct estimation of EBV from a genomic test 
is especially useful for survival traits because it can take years for a bull to have 
sufficient daughters with phenotypes for survival. In the Netherlands, survival has 
been included in the breeding goal since the 1990’s. This has resulted in a positive 
genetic trend for survival in Dutch dairy cows (Van Pelt et al., 2016). However, 
despite this positive genetic trend, the average lifespan of dairy cows has changed 
little in recent years (Compton et al., 2017; Doornewaard et al., 2018). 

The reason for the lack of phenotypic effect despite the positive genetic trend 
is  the extensive number of external factors that influence survival (De Vries and 
Marcondes, 2020). This means that the genetics of a cow only explain a small 
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1portion of the variation in phenotypic survival (Wray et al., 2013). As survival is 
influenced by factors other than genetics, combining the genomic information with 
phenotypic information could result in a more accurate prediction of the phenotype 
for survival (Kelleher et al., 2015). Accurate prediction of survival phenotype would 
make it possible to select calves or heifers expected to have a long and productive 
life. This selection would improve survival both directly through an increase in 
lifespan of the selected individuals, and indirectly through a reduction in excess 
heifers reared. Reducing the number of excess heifers would improve survival 
indirectly because most excess heifers are used to replace older dairy cows early 
(Overton and Dhuyvetter, 2020). If survival could be estimated early on, farmers 
could rear a more accurate number of replacement heifers, thereby reducing the 
number of excess heifers and the number of older cows culled early (Mohd Nor et 
al., 2015). Phenotypic prediction of survival through the combination of genomic 
and phenotypic information could be a potential solution to improve dairy cow 
survival in practice. 

1.5 Methods for 
 phenotypic prediction of survival

Phenotypic prediction of a trait can be done using a variety of different methods 
(Libbrecht and Noble, 2015; Liakos et al., 2018). The recommended methods for 
the prediction of survival in animal science are regression and the proportional 
hazard model (Samuels et al., 2010; Lean et al., 2016). Regression is especially 
versatile because it can predict both binary and continuous survival traits (Wright, 
1995), and can be used to estimate the effects of individual variables on the survival 
trait (Grömping, 2015). Regression is also the ‘traditional’ method for prediction in 
many fields and is therefore often used to  compare novel approaches like machine 
learning (Dasgupta et al., 2011; Churpek et al., 2016). 

Machine learning methods are a newer group of prediction methods which take 
advantage of the growing amount of data gathered in animal science (Halachmi 
and Guarino, 2016; Morota et al., 2018). Machine learning methods are data-driven, 
which means that they learn patterns from the data (Witten et al., 2016; Gianola 
et al., 2018). This allows them to take advantage of certain aspects of the data, for 
example non-linearity. Although this gives machine learning advantages over linear 
methods like regression, these advantages do not necessarily result in improved 
performance (Gahegan, 2003; Nayeri et al., 2019). This means it is difficult to 
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determine beforehand which method is best suited to predict survival. The only 
way to determine which prediction method is best suited to a prediction problem 
is therefore a trial-and- error approach (Kotsiantis et al., 2007). In this thesis, we 
compare a ‘traditional’ regression method to two machine learning methods: naive 
Bayes and random forest to predict survival phenotypes in dairy cows. Both naive 
Bayes and random forest are representatives of very different groups of machine 
learning methods and have been used for prediction within the animal science 
domain. Naive Bayes has for example been used recently for mastitis detection and 
prediction of calving time in dairy cows (Jensen et al., 2015; Drury et al., 2017; 
Zehner et al., 2019) and random forest has been recently used to predict calving 
events and calving problems in dairy cows (Borchers et al., 2017; Zaborski et al., 
2019). I will discuss these two methods in more detail in the following sub-chapters.

1.5.1 NAIVE BAYES
Naive Bayes is a machine learning method from a family of classifiers that 
implements Bayesian methods (Jensen, 1996; Vehtari and Ojanen, 2012). Naive 
Bayes is a simple approach compared to most other machine learning methods, 
as it assumes complete independence between the input variables (Friedman et 
al., 1997).  Naive Bayes predicts the range of values for the variables xi given the 
value for the trait of interest (y). This can be mathematically described as P (xi 
| y). Research has shown that violating the assumption of independence does not 
necessarily result in poor model performance (Domingos and Pazzani, 1997; Rish, 
2001). Naive Bayes achieves reasonable prediction accuracy in practice despite its 
simplicity and is considered one of the most efficient machine learning algorithms in 
terms of computing speed and resource use (Zhang, 2004; Zhang et al., 2017). This 
makes naive Bayes especially suited for large datasets in a practical setting. 

1.5.2 RANDOM FOREST
Random forest (Breiman, 2001) is another machine learning method that is 
successfully implemented in a wide variety of fields including animal science 
(Shahinfar et al., 2014; Machado et al., 2015; Brieuc et al., 2018). A random forest 
makes use of decision ‘trees’; a sequence of splitting rules which split the data in 
a way that most optimally reduces variation. Each split divides the data into two 
‘nodes’, which contain a subset of the data (Figure 1.2). The splitting continues until 
some preset limit is reached. The final nodes in a tree are called ‘end nodes’, which 
contain the model’s output, for example a class in classification or a numeric value 
in a regression. The performance of an tree can be quite poor, however, aggregating 
many of these trees improves the performance drastically (Biau and Scornet, 2016). 
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1A random forest is such a collection of decision trees.
For each tree, the random forest algorithm selects a subset of records and m number 
of variables from the data (Breiman, 2001). From this subset, the algorithm calculates 
the optimal split: a value for any of the selected variables that maximally reduces the 
variation between the remaining two groups. The random forest continues to split 
the tree until a pre-set condition is reached. This could be a set tree depth (number 
of splits), desired accuracy of the final nodes or a minimal number of cases per end-
node. The purpose of this condition is to avoid over-fitting. This is then repeated n 
times, where n is a predefined number of trees grown by the algorithm. 

FIGURE 1.2   Schematic representation of a simple decision tree that predicts if a cow will have “less 

than 2” or “2 or more” lactations based on a subset of the phenotypic data available at first calving. 

Each node shows the proportion of correctly predicted cows and the percentage of the number of cows 

in the data that has been assigned to that node. For example, end node ‘3’ on the far right contains 28% 

of total cases. All these cases are predicted to have less than 2 lactations, and in 58% of the cases this 

prediction is correct. In node 1, 'no' can also indicate no data was available.
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1.6 Aim and outline
The aim of this thesis was to investigate if it was possible to predict survival phenotype 
accurately enough to be of use in selecting young cows for the production herd. In 
this introduction, I described the various ways survival could be defined and which 
factors contribute to survival. I established that the current approach to improve 
dairy cow survival could be improved by incorporating phenotypic prediction. I 
then introduced the methods that will be used for phenotypic prediction in this 
thesis. In the first scientific chapter, Chapter 2, I predicted the phenotype survival 
to second lactation using multiple logistic regression. I further compared three 
different models: a model including only gEBV, a model including only phenotypic 
information and a model using both sources of information. This had three purposes: 
(1) establishing a baseline to compare with other methods, (2) exploring which 
variables contributed most to accurate phenotypic prediction of survival and (3) 
investigating the added value of combining phenotypic with genomic information 
for predicting phenotypic survival. In Chapter 3, I followed up on the results of 
chapter 2 by comparing the results of multiple regression with random forest and 
naive Bayes for the prediction of survival to second lactation. The results of this 
chapter formed the basis for Chapter 4, where I investigated whether combining 
the three methods (multiple logistic regression, naive Bayes, and random forest) 
into an ensemble model improved the prediction of survival to second lactation. 
Going a step further, in Chapter 5 I predicted the continuous survival trait number 
of parities reached, rather than the binary trait survival to second lactation, using 
the random forest method. In this chapter I also tested different methods to include 
a farm effect in the models. Finally, in Chapter 6, I placed the scientific chapters of 
this thesis in broader context as I looked at the different steps required to create a 
model that can be applied in practice. In this chapter I discussed how to ensure the 
best model is chosen for a prediction problem and how to include practical relevance 
into the early design steps of modelling.  
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Abstract

A dvances in technology and improved data collection have increased the 
availability of genomic breeding values (gEBV) and phenotypic information 

on dairy farms. This information could be used for the prediction of complex traits 
such as survival, which can in turn be used in replacement heifer management. 
In this study, we investigated which gEBV and phenotypic variables are of use in 
the prediction of survival. Survival was defined as “survival to second lactation, 
plus two weeks”, a binary trait. A dataset was obtained of 6847 heifers that were 
all genotyped at birth. Each heifer had 50 gEBV and up to 62 phenotypic variables 
that became gradually available over time. Stepwise variable selection on 70% of 
the data was used to create multiple regression models to predict survival with data 
available at five ‘decision moments’; distinct points in the life of a heifer at which new 
phenotypic information becomes available. The remaining 30% of the data were 
kept apart to investigate predictive performance of the models on independent data. 
A combination of gEBV and phenotypic variables always resulted in the model with 
the highest AIC value. The gEBV selected were longevity, feet and leg score, exterior 
score, udder score and udder health score. Phenotypic variables on fertility, age at 
first calving and milk quantity were important once available. It was impossible 
to predict individual survival accurately, but the mean predicted probability of 
survival of the surviving heifers was always higher than the mean predicted 
probability of the non-surviving group (difference ranged from 0.014 to 0.028). 
The model obtained 2.0% to 3.0% more surviving heifers when the highest scoring 
50% of heifers were selected compared to randomly selected heifers. Combining 
phenotypic information and gEBV always resulted in the highest scoring models for 
the prediction of survival, and especially improved early predictive performance. 
By selecting the heifers with the highest predicted probability of survival, increased 
survival could be realized at the population level in practice.

KEY WORDS: dairy cow, survival, longevity, individual prediction
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2.1 Introduction
Optimally, not all female calves born on a farm should be kept as replacements 
heifers to avoid unnecessary costs (Mohd Nor et al., 2012; Mohd Nor et al., 2015). 
In order to have insight in these costs, economic models have been developed to 
help farmers make the best choices in terms of heifer management (Mourits et al., 
1997; Groenendaal et al., 2004). However, despite the availability of these models, 
many Dutch farmers keep more than the optimal number of replacement heifers 
(Mourits et al., 2000; Mohd Nor et al., 2015). Uncertainty about the survival and 
future performance of replacement heifers and dairy cows is one of the reasons 
for a farmer to keep on a surplus of replacement heifers (Mohd Nor et al., 2015). 
Studies in the United Kingdom, France and Sweden show that between 86% and 
88% of heifer calves reach their first lactation (Hultgren et al., 2008; Brickell and 
Wathes, 2011; Raboisson et al., 2013), and between 83% and 96% of all first lactation 
heifers survive to their second lactation (Dechow and Goodling, 2008; Bach, 2011; 
Brickell and Wathes, 2011). In the Netherlands, 86.6% of first lactation heifers born 
between 2009 and 2013 reached their second lactation (Van Pelt et al., 2016b). 
Because it takes on average around 1,5 lactations to repay the rearing costs of a 
dairy cow, reducing the number of replacement heifers raised is important for farm 
profitability (Bach, 2011; Boulton et al., 2017). Surplus heifers may be sold, but this 
does not always cover the rearing costs (Mohd Nor et al., 2015), or may be used to 
replace older dairy cows that are voluntarily culled. However, because resilience 
and longevity of the dairy herd are becoming increasingly important from a societal 
and welfare point of view (Ortiz-Pelaez et al., 2008; LTO, 2011; Mohd Nor et al., 
2014; Barkema et al., 2015), it may become preferable to not cull older dairy cows 
simply because a younger replacement is available. 

Despite the importance of survival, it is rarely included in heifer management 
models and even when survival is taken into account, there is no consideration for 
individual differences between heifers (Mohd Nor et al., 2015). Individual prediction 
of survival in heifers is often not attempted because of the difficulty of predicting 
phenotypic survival accurately. Survival traits are affected by a combination of 
production, fertility and health traits (Heise et al., 2016), and environmental factors 
such as farm management. Furthermore, risk of culling is not constant over time. 
The complex nature of survival and the fact that true survival can only be measured 
in retrospect (the animal is culled or has died) has also led to many different 
definitions of survival traits being used (Essl, 1998; Fetrow et al., 2006). Estimated 
breeding values (EBV) for at least one survival trait are available in most countries 
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for breeding purposes (Forabosco et al., 2009). However, the heritability of these 
traits is almost invariably very low (Van Pelt et al., 2015; Heise et al., 2016), making 
the phenotypic prediction of individual survival based on parent information alone 
not very accurate. 

Combining available genomic breeding values (gEBV) and phenotypic information 
might yield more accurate predictions for individual survival. Genotyping costs in 
dairy cattle have reduced to the point where it is economically feasible to obtain 
gEBV for production animals at birth (Pryce et al., 2012; Weigel et al., 2012; Calus 
et al., 2015). More phenotypic information on individual animals is also available on 
farms. The aim of this study is to investigate the possibility of combining phenotypic 
information and gEBV for the phenotypic prediction of survival. Five distinct 
moments were chosen for prediction of survival. These “decision moments” were 
moments in the lifetime of a dairy cow where new phenotypic information becomes 
available on which a management decision could be made.

2.2 Materials and Method
2.2.1  DATA

A dataset was obtained from cattle improvement cooperative CRV (Arnhem, the 
Netherlands) to investigate which gEBV and phenotypic variables could serve as 
predictors for survival. The data was available from animals born on 463 different 
Dutch and Flemish farms that participate in a ‘data plus’ program, where additional 
information is gathered on dairy cows on commercial farms. All animals in this 
study were genotyped at birth, herd book registered and had at least 87.5% Holstein 
blood. Survival was defined as the binary trait “survival until second calving, plus 
2 weeks”, henceforth referred to as ‘survival to second lactation’. This point in time 
was selected due to limitations of our data and because the lactation following 
second calving is economically significant (Bach, 2011). Two additional weeks were 
included to avoid counting animals that died during or as a consequence of their 
second calving. In order to have a known observation for survival, all cows included 
had to be born at least 46 months prior to the end of data collection (March 2017), 
and were not exported abroad during this time. Animals exported abroad were 
excluded as they had unknown dates of death and could not be used in the analysis. 
Animals sold to other Dutch farms could be used, because records from other farms 
were available in our dataset. As the cause of death was unknown for all heifers, 
all deaths were included. This included deaths on farm, involuntary culling and 
voluntary culling. Twenty-four animals were removed from the dataset due to 
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having only second calving records available. The final dataset consisted of 6847 
female cows born between January 2012, and June 2013. Out of these cows, 5872 
(85.8%) cows survived until second lactation and 975 (14.2%) cows did not. 

Five different datasets were created to predict survival with data available at five 
different “decision moments” during the life of a cow: at birth, at 18 months of 
age, at first calving, six weeks post calving and at two hundred days post calving. 
These moments were selected as they were points in time when more phenotypic 
information becomes available and where relevant decisions related to survival 
could be made. This includes not only the decision to cull or not cull an animal, 
but for example also if an animal should be inseminated again or not. The decision 
not to inseminate a heifer is effectively an early culling decision, as without getting 
pregnant it is not possible to enter the next lactation, even if the heifer is kept in 
the herd for another few months. Apendix 2.A shows all variables, as well as the 
decision moment in which they become available, and if the variables were originally 
continuous. Information was cumulative; all records available on the first decision 
moment were also available during the subsequent decision moments. 

Each animal had 50 gEBV, scaled to a value between 0 and 10 where the largest 
value was set to 10 and the smallest value set to 0. These gEBV are direct genomic 
values, which did not include any own performance. If regular gEBV were used, 
own information included would have led to a residual covariance between the 
gEBV and survival. Using this regular gEBV in a survival prediction would have 
led to auto-correlation. Because historical gEBV for the various decision moments 
were not available, only gEBV based solely on genotype were used. Phenotypic 
records were available on gestation duration and dam parity, herd book status, birth 
records, calving records, records on moves between different farms, insemination 
records of the first and second parity and first parity milk records. Calving ease 
scores were scored 1 to 6, where 1 was an easy birth, 2 was normal, and scores 3 
to 6 were considered ‘difficult’ births, because they denoted long labor and various 
veterinarian interventions. The milk records at ‘six weeks post calving’ were of 
the most recent milk test day record before the end of six weeks. Milk records in 
the decision moment ‘200 days post calving’ were an average of all milk records 
available of an animal up to that point. Fertility records were used to determine 
non-return status at the decision moment ‘18 months of age’ and ‘200 days post 
calving’. If a heifer had AI insemination records, but received no AI insemination in 
the 56 days prior to the two aforementioned decision moments, it was listed as non-
return, because it had not received another insemination at least 56 days after the 
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last insemination. Heifers with an insemination in the 56 days prior to the decision 
moment, no recorded inseminations at that point in time or subject to natural mating 
were listed as unknown. In these cases the exact insemination or conception date 
was unknown or it could not otherwise be determined if the animal was pregnant. 

Animals with missing records were always included in the datasets. Missing 
records could have reflected active management decisions (for example not 
inseminating an animal) or could reflect, for example, a fertility problem, and 
thus could have been useful in prediction. This was modelled by adding a class 
“Unknown” to all factorial variables to identify missing values. Continuous variables 
with missing values were transformed into factors with between 5 and 8 classes, 
depending on the distribution of individual variables. We chose to select at least five 
levels to keep sufficient variation within each variable. In total, each animal had 
50 gEBV (available at each decision moment), and up to 62 additional phenotypic 
variables accumulating throughout their lifetime. 

2.2.2 MODEL AND ANALYSIS
To determine if survival to second lactation could be predicted, logistic regression 
models were constructed for each decision moment. Each of the five datasets (one 
for each decision moment) were split into sets of 70% training and 30% testing data, 
stratified by survival group to ensure a representative amount of both survival 
groups in the testing and training sets. Stratified sampling meant that the training 
and the testing datasets included identical proportions of non-surviving and 
surviving heifers. We used the statistical program R (R core team, 2016), version 
3.3.1, and the package ‘caret’ (Kuhn, 2008) to select models for each decision 
moment. Both forward stepwise selection and stepwise selection combining forward 
and backward stepwise selection were tested on the five training datasets using the 
following general model:

Logit (P) = β0 + �βi Xi

Where, Logit (P) is the estimated probability of survival, β0 is the population mean 
and βiXi is the set of predictor variables, consisting of phenotypic variables and 
gEBV. The Akaike information criterion (AIC) was used to determine the best 
possible model for each decision moment. The stepwise procedure combining 
forward and backward selection resulted in the models with the lowest AIC value 
and thus only the models derived using this procedure were used for analysis. The 
stepwise procedure was first used on the training sets containing both gEBV and 
phenotypic variables to identify which variables are significant for the prediction 
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of survival. The models were tested on their corresponding test dataset to get 
probabilities of survival for the heifers in the test set. By applying the model to the 
data, predicted probabilities of survival were obtained for each heifer. These were 
values between 0 and 1, where values close to 1 indicate a high probability to reach 
the second lactation, and values closer to 0 a lower probability to reach second 
lactation. To compare and validate the models, the prediction accuracy, specificity, 
sensitivity, positive predictive value and negative predictive value were calculated. 
The predicted probability of survival was transformed into a survival prediction of 1 
when equal to or above the average probability for survival in our data (0.858), and 
to a survival prediction of 0 below the average probability of survival. The accuracy 
was the proportion of correct predictions. The sensitivity was calculated as the true 
positive outcomes divided by the true positives plus the false negatives, and the 
specificity as the true negatives divided by the true negatives plus the false positives. 
The positive predictive values is the true positive value divided by the true positive 
value plus the false positive value, and similarly the negative predictive value is the 
true negative value divided by the true negative value plus the false negative value. 
We also calculated the balanced accuracy and the area under the receiver operating 
(ROC) curve, the area under the curve (AUC) value. The balanced accuracy is the 
average of the accuracy for non-surviving heifers and the accuracy of the surviving 
heifers. The  AUC value is the predictive ability of the model including all possible 
cut-offs and was calculated using the pROC package (Robin et al., 2011). These 
metrics were selected as survival was an imbalanced trait, with more survivors 
than non-survivors. Both balanced accuracy and AUC value are more robust against 
imbalanced predictors than accuracy. 

In order to investigate if there was merit in including both gEBV and phenotypic 
traits, we also selected models for each decision moment using either only gEBVs 
or only phenotypic information as input for the variable selection. For each decision 
moment, the three resulting models were tested on a new 70/30 split of training 
and testing data. The AIC was recorded as indication of model fit and the AUC value 
calculated using pROC as indication of model performance. 
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2.3 Results
Figure 1 shows the distribution of age in days at death for heifers in our dataset. 
This figure indicates that in our dataset most heifers reached 18 months of age, 
with few early deaths. The number of culled and dead animals increased after 18 
months, most due to the availability of phenotypic records on which selective culling 
could take place. 

An overview of the gEBV and phenotypic variables selected using stepwise 
selection for each decision moment when including only living heifers at a decision 
moment is shown in Tables 2.1 and 2.2. The coefficients of the selected variables are 
shown in Appendix 2.B, separated by decision moment. The gEBV for longevity was 
selected at all decision moments, and was in each case positively associated with 
survival. While different gEBV were selected at different decision moments, at each 
decision moment they broadly fell into the same categories: fertility, exterior score, 
udder score, udder health and feet and leg gEBV. The gEBV for production variables 
were not prominent among the selected variables, although they were selected at 
the first three decision moments. 

FIGURE 2.1   The distribution of age at death in days for non-surviving heifers. Grey lines indicate 

the decision moments. The decision moment at first calving was set at the average age at first calving in 

the dataset.
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 TABLE 2.1 		  Estimates for coefficients* of selected gEBV per decision 
					     moment

gEBV Birth 18 months First 
calving

6 weeks 
post 

calving

200 days  
post first 
calving

Longevity 0.128 0.212 0.261 0.242 0.207

Foot angle -0.115 -0.078 -0.086 -0.085

Udder depth -0.102 -0.137 -0.140 -0.106

Frame 0.074

Kg fat 0.061 0.122

Non return at 56 days -0.092 -0.088

Interval first-last 
insemination

0.140 -0.213 0.106

Overall fertility 0.145 0.091 0.242

Milking speed 0.061

NVI -0.122

Overall exterior score 0.143 0.256

Somatic cell count 0.196 0.212

Udder health -0.283 -0.289 -0.153

Rear udder height 0.072

Feet and legs -0.066

Chest width 0.099 0.131

Rear legs hind view -0.162

Locomotion 0.125

Kg Lactose -0.073

Stature -0.094

Udder support 0.074

* For the exact coefficients for each variable, see Appendix 2.B. 

At 200 days post calving, several gEBV regarding longevity, exterior score, udder 
conformation and health and fertility were still selected. The phenotypic variables 
selected at birth were season of birth and year of birth. Year of birth and season of 
birth were selected up to the last decision moment, where season of first calving 
was selected as alternative for season of birth. Phenotypic information new to a 
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decision moments was always selected, with some variables remaining important 
over the next decision moment(s). Age at first calving, for example, was strongly 
associated with survival in all decision moments after first calving (Appendix 2.B3 to 
B5). Earlier calving ages had a more positive association with survival. Phenotypic 
fertility information appears important in general, as non-return status and number 
of inseminations were selected in both decision moments when these variables 
became available (Appendices B2 and B5). At 200 days post calving (abbreviated in 
the tables to p.c.), both the number of inseminations at 18 months and at 200 days 
post calving were selected. Phenotypic information on production traits was also 
important: kg of milk produced at the milk test day closest to 6 week post calving 
and the average milk production per test milk day at 200 days post calving were 
both significantly associated with survival (Appendix 2.B4 and B5). Furthermore, 
the average percentage of protein per test milk day was selected at 200 days post 
calving. Phenotypic traits on udder health were also selected as number of negative 
outcomes, which include mastitis and other illnesses, negative indication (Yes/No) 
at test milking closest to 6 weeks post calving and average cell count per test milk 
day at 200 days post calving.

In order to determine if adding genotype information has additional value, we 
compared a model using only genotypes, a model using only phenotypes and the 
results of the combined model (Table 2.3). The combined model has the highest 
AUC value at all decision moments, except at first calving where all methods 
perform equally, and at 200 days post calving, where it performs equal to the model 
containing only phenotypic variables. The AIC value was always highest for the 
combined model, as a model containing both gEBV and phenotypic variables was 
always selected through stepwise selection (Tables 2.1 and 2.2). 
On average, the predicted probability for the surviving group was between 0.014 (at 
birth) and 0.028 (at 200 days post calving) higher than the probability of survival for 
the non-surviving group (Table 2.4). This means that while there was overlap, there 
was a difference between the two groups on average. 

The accuracy of the models increased from 0.562 to 0.776 in later decision 
moments (Table 2.5). The AUC values also increased, from 0.578 at birth to 0.648 
at 200 days post calving. This means that the model improved at later decision 
moments. However, the balanced accuracy did not increase, remaining around 0.56 
at all decision moments. It appears that the models improved by predicting surviving 
heifers better. This can be seen from an increase in the sensitivity of the models 
from 0.566 at birth to 0.816 at 200 days post calving and an increase in positive 
predictive value from 0.880 to 0.933. This means that both a larger proportion of all 
surviving heifers in the dataset were predicted correctly as surviving, and a larger 
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TABLE 2.2 		  Estimates for coefficients* of selected phenotypic variables per 
				    decision moment. 

 

Phenotypic variables Birth 18 months First  
calving

6 weeks 
post 

calving

200 days 
post 

calving

Season of birth 0.434 0.474 0.423 0.600

Year of birth -0.372 -0.268 -0.270 -0.342 -0.239

Number of inseminations at 18 
months 

1.305 1.553

Coat color -0.208

Non return status at 18 months -0.426

Season of first calving 0.725

Age in days at first calving 1.700 1.881 2.831

Sex of first calf 0.378 0.272

Calf survival one week after birth 14.392

Kg of milk produced at milk test day 
closest to 6 week post calving

2.512

Total number of transports at 200 
days post calving

15.215

Average kg of milk per test milk day at 
200 days post calving

1.899

Average cell count (x1000) per test 
milk day at 200 days post calving 

1.032

Average percentage of protein per test 
milk day at 200 days post calving

1.414

Negative indication at test milking 6 
weeks post calving

1.401

Number of negative indications at test 
milk days before 200 days post calving

-0.788

Number of inseminations at 200 days 
post calving

1.553

Non return status at 200 days post 
calving

-1.065

*This table shows the difference in coefficient between the highest and the lowest class for a variable. The 

coefficient of the reference class is 0. The maximum difference was used because class variables have 

more than one coefficient. For the exact coefficients for each variable, see Appendix 2.B.  
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proportion of the heifers predicted to survive actually survive. In contrast, while the 
model was able to better predict which heifers survived, predicting which heifers 
did not survive proved more difficult. The negative predictive value did not increase 
consistently, and was actually lowest at 200 days post calving. Furthermore, the 
specificity of the model varied inconsistently, ranging from 0.295 to 0.534, meaning 
that the proportion of non-surviving heifers that is identified did not improve. 

Rather than focusing on individual prediction, a situation could be considered 
where the models were used to select 50% of heifer calves to become replacement 

TABLE 2.4 		  Predicted probability of survival for the survival and the non-
					     survival heifer groups in the testing set of each decision moment* 

Decision 
moment 

Survival = No Survival = Yes

Mean SD Mean SD

Birth 0.847 0.049 0.861 0.044

18 months 0.842 0.075 0.868 0.060

At first calving 0.873 0.073 0.897 0.052

6 weeks p.c. 0.869 0.072 0.896 0.052

200 days p.c. 0.867 0.064 0.896 0.054

*Includes only alive heifers at the start of each decision moment, SD: standard deviation, p.c.= post 

calving. 

TABLE 2.3 		  The AUC of the ROC value for a model*

Decision
moment

gEBV only Phenotype only gEBV and 
Phenotype

Birth 0.557 0.562 0.584

18 months 0.580 0.594 0.606

At first calving 0.597 0.597 0.596

6 weeks  p.c. 0.560 0.646 0.677

200 days  p.c. 0.573 0.731 0.731

*AUC: area under the curve,  ROC: receiver operator curve, p.c.= post calving. The model in this table 

includes both gEBV and phenotypic information, only phenotype information and only gEBV.  
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heifers. Table 2.6 shows the average probability of survival in a decision moment and 
the probability of survival of the selected group. For example, in the first decision 
moment, 85.8% of calves reached second lactation in a random selection, compared 
to 88.6% of the calves selected through the model. This meant that out of the 1026 
selected calves in our testing dataset, 909 of heifers selected by our model would 
reach second lactation, compared to 880 random heifers. In subsequent decision 
moments, using a model resulted in up to 3% more surviving heifers compared to 
random selection.  

TABLE 2.5		  Performance metrics of the models at each decision moment. 

Decision
moment

Accuracy Balanced 
Accuracy

Specificity Sensitivity Neg. pred.
Value

Pos. pred.
Value

AUC

Birth 0.562 0.550 0.534 0.566 0.170 0.880 0.578

18 months 0.634 0.577 0.498 0.656 0.186 0.893 0.606

At first calving 0.756 0.545 0.276 0.813 0.150 0.904 0.594

6 weeks  p.c. 0.755 0.567 0.329 0.806 0.168 0.910 0.620

200 days  p.c. 0.776 0.555 0.295 0.816 0.117 0.933 0.648

*AUC: area under the curve, p.c.= post calving. The model in this table includes both gEBV and phenotypic 

information, only phenotype information and only gEBV

TABLE 2.6		  The average chance of survival at a decision moment*, and the 
					     difference in percentage between the two.

Decision 
moment

Probability of survival (%) Difference  (%)

Mean Predicted top 50%

Birth 85.8 88.6 2.8

18 months 86.4 89.4 3.0

At first calving 89.0 91.4 2.4

6 weeks p.c. 90.4 92.4 2.0

200 days p.c. 92.3 95.3 3.0

*The average chance of survival for the animals in the top 50% predicted probabilities of survival, p.c.= 

post calving.
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2.4 Discussion
Our research showed that it was possible to predict the survival outcome of 
heifers at population level. Predicting non-surviving animals proved difficult even 
with large amounts of phenotypes and gEBV available. This was not unexpected 
because a cow could have been culled for a myriad of reasons that often influence 
each other, and the decision to cull  is time-dependent and based on decisions made 
by individual farmers (Hadley et al., 2006; Zijlstra et al., 2013). Our dataset also 
included unpredictable causes of death such as random accidents (Brickell and 
Wathes, 2011). Prediction may have been improved by including the exact causes of 
death or culling, for example allowing us to remove deaths caused by accidents, but 
this information was not available. 

The difficulty of predicting survival meant that individual predictions obtained 
by our models were too inaccurate for the purpose of identifying non-surviving 
heifers. Because the negative predictive value ranged from 0.12 to 0.17, any heifer 
predicted as not surviving only had a 12 to 17% chance of not reaching second 
lactation. However, if applied on a large group of individuals, it was possible to use 
these models to select the heifers with the highest probability of survival. When 
50% of the heifers with the highest probability of survival were selected, 2.0 to 
3.0% more heifers reached second lactation compared to random selection. When 
selecting at birth, this would have resulted in a 2.8% increase in surviving heifers. 
While a 2.8% increase does not seem like a large improvement, this represented a 
15.5% reduction of non-surviving heifers. 

The selected variables gave insight on which variables were associated with 
survival at the various decision moments. The first variables selected were birth 
season and year of birth. Because these variables were cohort variables, these 
variables were not animal-specific and did not distinguish between calves born in the 
same season and year. This meant they could not be used for an individual farmer to 
distinguish between calves born in the same season or year. Birth season and year 
are important correction factors at the population level, however, and were selected 
in all but the last decision moment, where calving season was used instead of season 
of birth. Production gEBV were surprisingly not selected at every decision moment. 
This may be explained by the fact that longevity was uncorrected for production, 
and thus possibly served as a substitute for production gEBV. Phenotypic production 
traits such as (average) kg of milk produced were selected once available, because 
there is a known increased risk of culling for animals with low milk production 
(Hadley et al., 2006). Most of the other associations found were not surprising. 
The association between feet and leg traits and survival is well known in literature 
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(Buenger et al., 2001; Caraviello et al., 2004). The gEBV for foot angle was associated 
with lameness specifically (Wells et al., 1993), which is an important reason for 
culling (Olechnowicz and Jaskowski, 2011; Zijlstra et al., 2013). Udder conformation 
traits (Caraviello et al., 2004; Kern et al., 2015) and udder health (Mohd Nor et 
al., 2014) are known  to be strongly associated with survival. Udder and health 
traits are correlated (Carlström et al., 2016), and udder traits have even been 
suggested as candidate traits for indirect prediction of longevity (Kern et al., 2015). 
Udder health phenotype variables were selected in the form of negative indication 
counts and somatic cell count, which is associated with increased risk of culling 
(Beaudeau et al., 2000). The exterior score gEBV selected in this study were mostly 
related to size. Body size has been associated with longevity and efficiency (Getu 
and Misganaw, 2015; Kern et al., 2015), however the direction of the associations 
found varied, and some studies find no effect at all (Sewalem et al., 2004). Even 
when studies find negative associations, culling decisions may be influenced by a 
(regional) farmer preference for larger cows (Hansen et al., 1999; Caraviello et al., 
2004). Lastly, fertility had been reported as one of the most important reason for 
culling in Dutch Holstein cows (Zijlstra et al., 2013), and there is a well-documented 
relation between fertility and survival (Pritchard et al., 2013). Age at first calving, 
which is also an indication of fertility, was always selected when available. A higher 
age at first calving was associated with higher costs, lower fertility, and higher risk 
of culling overall (Sewalem et al., 2008; Van Pelt et al., 2016a). Interestingly, despite 
the availability of two parities worth of phenotypic fertility records, fertility gEBV 
were still selected by the combined model in the fifth decision moment. 

The selection criteria for our data were very stringent because they included 
only animals genotyped at birth. This was done to avoid a winners’ bias; genotyping 
was more expensive previously, and so only promising heifers and proven cows 
were genotyped. This means that cows that were genotyped either already had 
reached second lactation, or were more likely to reach the second lactation than 
an average cow in the population. Less than 7% of heifers do not reach the second 
lactation if we included all genotyped cows in our dataset. As we did not include 
all genotyped heifers, the heifers in our dataset were limited to those born within 
a period of around a year and a half. This meant it was impossible to investigate 
true survival or beyond the fourth lactation, since these lactations would require 
an opportunity group born before the heifers available in our dataset. The limited 
number of heifers also explains why some variables like ‘number of movements’ 
and ‘calf-survival at two weeks’ were selected. Both variables had very strong 
associations with survival for some classes (Appendix 2.B5). These classes had less 
than 10 heifers each, all of which survived by chance. All heifers of a class surviving 
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resulted in a strong association with survival for these variables. In future studies, 
classes with very few cases could be excluded or merged with other classes, if they 
prove problematic for the analysis. Increasing the amount of animals in the dataset 
should also reduce the number of very small classes. In this study, as survival is 
difficult to predict and information was already limited on some causes of death, 
we chose not merge or remove classes, resulting in some artifacts. Another effect 
of the limited number of heifers was that many farms only had a small number of 
calves. The average number of calves per farm was 15, with many farms having 
fewer calves and some farms having a much larger number of calves. Farm 
identification numbers (UBN) could have functioned as a proxy for herd and farm 
management, which were not included in the data. However, farm UBN’s were not 
selected due to the large number of farms with very few calves. Next to requiring 
all heifers to be genotyped, this study included only phenotypic information that 
was readily available. This meant that information gaps still existed at each decision 
moment. For example between birth and 18 months of age only fertility variables 
and movements between farms were recorded on a large scale. Variables such as 
the occurrence of diseases (Svensson and Hultgren, 2008; Heinrichs and Heinrichs, 
2011) or simple body(size) measurements of calves (Wathes et al., 2008) could 
have provided valuable information on the health and development of the animal 
during the first 18 months of life. Weight or size of the heifer may also be useful 
for predicting fertility, because while earlier first calving ages seemed preferable, 
it may be beneficial for some heifers to be inseminated later as early inseminations 
may have detrimental effects (Hoffman and Funk, 1992; Heinrichs, 1993). 

Because a multiple regression was used in this study, the direction and the strength 
of the association of the variables with survival was only valid in the context of the 
whole model. It is important in the interpretation that the values cannot be taken 
individually. For example, gEBV for interval between first and last insemination 
had both a negative and a positive associations with survival depending on the 
decision moment... Apendix 2.C shows an example of the differences in direction 
and strength of associations when some variables available at birth were tested 
in a single or multiple regression model. The differences between a single and 
multiple regression model could be explained by high correlations between some 
variables, because collinearity is known to cause issues with multiple regression 
(Whittingham et al., 2006; Yoo et al., 2014). Antagonistic relations between multiple 
gEBV that were both associated with survival (such as fertility and production 
(Zavadilová and Zink, 2013) could also explain some of the unusual relations 
found. The combination of various related gEBV could be somewhat mitigated by 
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more stringent selection of the gEBV variables provided. Each decision moment 
appeared to included one or multiple selected gEBV of several groups; feet and 
legs, udder, udder health, exterior and fertility. We tested the consistent selection 
of groups of gEBV by building a model which included gEBV for longevity, overall 
fertility, udder score, udder health, feet and legs and overall exterior at all decision 
moments.  These ‘general’ models also included the phenotypic records normally 
selected at each decision moment. The general models performed identical to the 
models described in this paper (data not shown). 

This study shows that there is merit in the combination of phenotypic information 
and gEBV for the prediction of survival, because gEBV were always selected in 
combination with phenotypic information. Accuracies for the combined model were 
also higher than for models using only gEBV or phenotype information in all but the 
last decision moment. Literature already shows an increased interest in multiple 
fields to develop methods to combine phenotypic and genomic information for 
various purposes (Javed et al., 2014; Blake et al., 2016; Haendel et al., 2016), and has 
proven valuable for example in disease prognosis in human diseases (Perlee et al., 
2013; Javed et al., 2014). In cattle, a recent paper estimating the lifetime profitability 
of a dairy cow also combines genomically estimated breeding values with a small 
amount of phenotypic variables in order to obtain more accurate estimates (Kelleher 
et al., 2015). Because there is interest in combining genotype and phenotypic 
information, future research could explore the exact benefit of including genotypes 
for performance measures, as well as investigate other methods compared to 
multiple regression. 

2.5 Conclusion
In this study, genomic information in the form of genomically estimated breeding 
values was combined with phenotypic information in order to predict survival 
to second lactation in Holstein dairy cows at five different decision moments. A 
combination of gEBV and phenotypic information resulted in better models than 
using only one type of information. The addition of gEBVs improved early prediction 
especially. A combination of gEBV and phenotypic information also resulted in 
the best predictive performance up to the last decision moment. While accurate 
individual prediction of survival outcome could not be achieved, surviving heifers 
were predicted to have a higher probability of survival than non-surviving heifers on 
average.  By selecting the heifers with the highest predicted probability of survival, 
increased survival could be realized at the population level in practice. 
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2.7 Appendix
TABLE 2.A.1	 All variables used in this study, including the decision moment 
					     at which each variable became available.  

Phenotypic variables Decision moment continuous

Animal Identification number Birth No

Year of birth Birth No

Birth farm UBN Birth No

Month of birth Birth No

Birth season Birth No

Parity dam Birth Yes

Breed Birth No

Holstein % Birth No

Red factor Birth No

Calving ease dam Birth No

Gestation duration dam Birth Yes

Birth weight Birth Yes

Insemination farm 18 months No

Insemination season 18 months No

Countable inseminations 18 months Yes

Non return status at 18 months 18 months No

No insemination information at 18 months 18 months No

Number of farm movements at 18 months 18 months Yes

Age at first insemination 18 months Yes

Type of first insemination 18 months No

Number of inseminations 18 months Yes

Raised at a specialty calf-rearing farm first calving No

Calving season first calving No

Total number of farm movements at calving first calving Yes

Age at first calving first calving Yes

Calving farm UBN first calving No

Calf sex first calving No

Calf survival first 24 hours first calving No

Calving ease first calving No

Gestation duration first calving Yes

Birthweight calf first calving Yes

Calf survival first week first calving No

Calf survival second week first calving No

Twins first calving No
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Phenotypic variables Decision moment continuous

Kg milk at 6 weeks 6 weeks p.c. Yes

Fat percentage milk at 6 weeks 6 weeks p.c. Yes

Protein percentage milk at 6 weeks 6 weeks p.c. Yes

Cell count milk at 6 weeks 6 weeks p.c. Yes

Urea milk at 6 weeks 6 weeks p.c. Yes

Lactose percentage milk at 6 weeks 6 weeks p.c. Yes

Cow status indicator at 6 weeks 6 weeks p.c. No

Number of negative indications at 6 weeks 6 weeks p.c. Yes

Number of days in lactation on milk test day 6 weeks p.c. Yes

Complete milk measurement available at 6 weeks 6 weeks p.c. No

First parity insemination farm UBN 200 days p.c. No

First parity insemination season 200 days p.c. No

First parity first insemination type 200 days p.c. No

Number of inseminations in first parity 200 days p.c. Yes

Non return status at 200 days post calving 200 days p.c. No

Age at 200 days post calving 200 days p.c. Yes

Insemination known in the first parity 200 days p.c. No

Age at first insemination in the first parity 200 days p.c. Yes

Number of farm movements at 200 days post calving 200 days p.c. Yes

Number of known milk testing’s at 200 days post calving 200 days p.c. Yes

Average kg of milk 200 days p.c. Yes

Average fat percentage of milk 200 days p.c. Yes

Average protein percentage of milk 200 days p.c. Yes

Average cell count of milk 200 days p.c. Yes

Average Urea of milk 200 days p.c. Yes

Average lactose percentage of milk 200 days p.c. Yes

Number of negative indications at 200 days post calving 
(mastitis, abortion, other illness, teat disorders) 200 days p.c. Yes

Number of farm movements in the first parity 200 days p.c. Yes

gEBV Decision moment continuous

"NVI" Dutch breeding goal standard Birth Yes

Kg milk Birth Yes

Kg fat Birth Yes

Kg protein Birth Yes

Kg lactose Birth Yes

"Inet" Dutch production index Birth Yes

Cell count Birth Yes

TABLE 2.A.1	 Continued
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gEBV Decision moment continuous

Subclinical mastitis Birth Yes

Clinical mastitis Birth Yes

Udder health Birth Yes

Lifespan Birth Yes

Lifespan with predictors Birth Yes

Birth index Birth Yes

Calving ease Birth Yes

Post calving ease Birth Yes

Livability calving (maternal) Birth Yes

Livability birth (direct) Birth Yes

Overall fertility Birth Yes

Non return status at 56 days Birth Yes

Interval calving - first insemination Birth Yes

Calving interval Birth Yes

Interval first - last insemination Birth Yes

Conception ratio Birth Yes

Claw health Birth Yes

Calf vitality 3 - 365 days Birth Yes

Milking speed Birth Yes

Dairy strength Birth Yes

Stature Birth Yes

Chest width Birth Yes

Body depth Birth Yes

Angularity Birth Yes

Body condition Birth Yes

Rump angle Birth Yes

Rump width Birth Yes

Rear legs hind view Birth Yes

Rear leg side view Birth Yes

Foot angle Birth Yes

Locomotion Birth Yes

Fore udder attachment Birth Yes

Front teat placement Birth Yes

Teat length Birth Yes

Udder depth Birth Yes

Rear udder height Birth Yes

Udder support Birth Yes

Rear teat placement Birth Yes

TABLE 2.A.1	 Continued
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gEBV Decision moment continuous

Frame Birth Yes

Robustness Birth Yes

Overall Udder score Birth Yes

Feet and Legs Birth Yes

Overall exterior score Birth Yes

Milking robot efficiency Birth Yes

 *gEBV: genomic estimated breeding values, p.c. = post calving

TABLE 2.B.1 	 	Decision moment ‘birth’.*

gEBV and Phenotypic variables selected coefficients

gEBV longevity 0.128

gEBV foot angle -0.115

gEBV udder depth -0.102

gEBV frame   0.074

gEBV interval first-last insemination 0.140

gEBV non return at 56 days -0.092

gEBV kg fat    0.061

Year of birth (reference = 2012)

2013 -0.372

Birth season (reference = Fall)

Spring 0.338

Summer 0.286

Winter 0.434

*Variables selected by stepwise selection. Estimated coefficients are shown for the gEBV and for the 

individual classes of each phenotypic variable with the reference class in brackets. 

TABLE 2.A.1	 Continued
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TABLE 2.B.2 	 Decision moment ‘18 months of age’.*

gEBV and Phenotypic variables selected coefficients

gEBV overall fertility 0.145

gEBV kg fat    0.122

gEBV longevity 0.212

gEBV Milking speed 0.061

gEBV foot angle -0.078

gEBV udder depth -0.137

  NVI  -0.122

gEBV Overall exterior score 0.143

Birth season (reference = Fall)

Spring 0.411

Summer 0.474

Winter 0.410

Year of Birth (reference = 2012)

2013 -0.268

Non-return status at 18 months  (reference = Non-return)

Unknown -0.426

Number of inseminations at 18 months (reference = 0)

1 0.206

2 0.317

3 0.096

4 -0.346

5+ -0.988

Unknown -0.130

*Variables selected by stepwise selection. Estimated coefficients are shown for the gEBV and for the 

individual classes of each phenotypic variable with the reference class in brackets.
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TABLE 2.B.3 	 	Decision moment ‘first calving’.*

gEBV and phenotypic variables selected coefficients

gEBV longevity 0.261

gEBV udder depth -0.140

gEBV overall fertility 0.091

gEBV foot angle -0.086

gEBV somatic cell count  0.196

gEBV udder health -0.283

gEBV Rear udder height 0.072

gEBV Feet and legs -0.067

gEBV Chest width  0.099

Year of birth (reference = 2012)

2013 -0.270

Birth season (reference = Fall)

Spring 0.423

Summer 0.341

Winter 0.121

Age at first calving in days (reference = >1000)

< 650 1.531

650-700 1.700

700-750 1.549

750-800 1.417

800-850 1.307

850-900 1.053

900-950 1.005

950-1000 1.110

Sex of calf (reference = Male)

Female 0.206

Unknown -0.172

Coat color (reference = Red)

Black -0.208

*Variables selected by stepwise selection. Estimated coefficients are shown for the gEBV and for the 

individual classes of each phenotypic variable with the reference class in brackets.
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TABLE 2.B.4	  Decision moment 'six weeks post calving’.*

gEBV and phenotypic variables selected coefficients

gEBV longevity 0.242

gEBV overall fertility 0.242

gEBV rear legs hind view -0.162

gEBV locomotion 0.124

gEBV Chest width  0.131

gEBV foot angle -0.085

gEBV somatic cell count  0.212

gEBV udder health -0.289

gEBV interval first-last insemination -0.213

gEBV kg lactose -0.073

gEBV non return at 56 days -0.088

Year of birth (reference = 2012)

2013 -0.342

Birth season (reference = Fall)

Spring 0.459

Summer 0.600

Winter 0.423

Age at first calving in days (reference = >1000)

< 650 1.520

650-700 1.881

700-750 1.741

750-800 1.660

800-850 1.456

850-900 1.309

900-950 0.849

950-1000 1.097

Sex of calf (reference = Male)

Female 0.156

Unknown -0.116

Kg of milk produced at milk test day closest to 6 week post calving (reference = <15)

15 - 20 0.354

20 - 25 0.825

25 - 30 1.359

30 - 35 1.521

35 - 40 1.688

40+  2.512

Unknown 0.049

*Variables selected by stepwise selection. Estimated coefficients are shown for the gEBV and for the 

individual classes of each phenotypic variable with the reference class in brackets.
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TABLE 2.B.5 		 Decision moment ‘200 days post calving’. *

gEBV and phenotypic variables selected coefficients

gEBV longevity 0.207

gEBV udder health -0.153

gEBV interval first-last insemination 0.106

gEBV leg and feet -0.247

gEBV overall exterior score 0.256

gEBV stature -0.094

gEBV udder support 0.074

gEBV udder depth -0.106

Year of birth (reference = 2012)

2013 -0.239

Age at first calving in days (reference = >1000)

< 650 2.831

650-700 1.844

700-750 1.792

750-800 1.958

800-850 1.763

850-900 1.554

900-950 0.835

950-1000 1.385

Calving season (reference = Fall)

Spring 0.510

Summer 0.725

Winter 0.331

Calf survival at 1 week of age (reference = Alive)

Died within 1 week 14.250

Dead 24 hours post calving -0.142

Unknown 0.165

Number of farm moves at 200 days

1 -0.998

2 13.527

3 12.102

4 14.217

Average kg of milk per test milk day at 200 days post calving (reference = < 20)

20 – 25 0.335

25 – 30 0.884

30 – 35 1.311

35 – 40 1.060

40+  1.339

Unknown -0.560
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gEBV and phenotypic variables selected coefficients

Average cell count (x1000) per test milk day at 200 days post calving (reference = < 25)

25 – 50 -0.145

50 – 75 -0.348

75 – 100 0.448

100 – 125 -0.437

125+ -0.584

Number of inseminations at 200 days post calving (reference = 0)

1 0.598

2 0.132

3 0.094

4 -0.308

5+ -0.091

Unknown -0.955

Non-return status at 200 days post calving (reference = non-return)

Unknown -1.065

Average percentage of protein per test milk day at 200 days post calving (reference = < 3.0)

3.00 – 3.25 0.456

3.25 – 3.50 0.784

3.50 – 3.75 0.705

3.75 – 4.00 1.414

4,00+ 0.953

Negative indication at test milking 6 weeks post calving (reference = No)

Yes 1.401

Unknown 0.946

Negative indication count -0.788

Number of inseminations at 18 months (reference = 0)

1 0.633

2 0.523

3 0.270

4 0.027

5+ -0.581

Unknown
0.783

*Variables selected by stepwise selection. Estimated coefficients are shown for the gEBV and for the 

individual classes of each phenotypic variable with the reference class in brackets.

TABLE 2.B.5 	 Continued
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TABLE 2.C.1 	 Estimated coefficients when using single or multiple 
					     regression for the selected variables at Birth

gEBV and Phenotypic variables selected Multiple 
regression 
coefficients

Single  
regression 
coefficients

gEBV longevity  0.159  0.153

gEBV foot angle -0.109 -0.120

gEBV udder depth -0.068 -0.060

gEBV frame    0.062 0.017

gEBV kg fat     0.063 0.087

gEBV non return at 56 days -0.086 0.009

gEBV dairy strength  0.057 0.043

gEBV interval first-last insemination  0.218 0.085

gEBV calving interval -0.106 0.048

Season of birth (reference = fall)

spring 0.304 0.118

summer 0.231 0.205

winter 0.334 0.119

Year of birth  (reference = 2012)

2013 -0.360 -0.220
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Abstract

I n this study we compared the linear method multiple logistic regression to the 
non-linear machine learning methods naive Bayes and random forest. All three 

methods were used to predict individual survival to second lactation of dairy heifers. 
The dataset used for prediction contained 6847 heifers born between January 
2012 and June 2013, which had a known outcome for survival. Each animal had 
50 genomic estimated breeding values available at birth and up to 65 phenotypic 
variables accumulating over time.  Survival was predicted at five moments in life: 
at birth, at 18 months, at first calving, at six weeks post calving, and at 200 days 
post calving. The datasets were randomly split in 70% training and 30% testing sets 
to test model performance for 20-fold validation. The methods were compared on 
accuracy, sensitivity and specificity, area under the curve (AUC) value, contrasts 
between groups for the prediction outcomes and increase in surviving animals in a 
practical scenario. At birth and 18 months, all methods had overlapping performance, 
with no method significantly outperforming the other. At first calving, 6 weeks and 
200 days post calving random forest and naive Bayes had overlapping performance, 
with both machine learning methods outperforming multiple logistic regression. 
Overall, naive Bayes has the highest average AUC at all decision moments up to 
200 days past first calving. At 200 days post calving, random forest has the highest 
AUC. All methods obtained similar increases in survival in the practical scenario. 
Despite this, the methods appeared to predict individual heifers differently. While 
all methods improved over time, the changes in mean model outcomes for surviving 
and non-surviving animals were different per method. Furthermore, Correlations 
of individual predictions between methods ranged from r = 0.417 to r = 0.700, with 
the lowest correlations at first calving for all methods. In short, all three methods 
were able to predict survival on population level as all methods improved survival in 
a practical scenario. However, depending on the method used, an individual animal 
could be quite different between methods. 

KEY WORDS: machine learning, naive Bayes, regression, random forest, phenotypic prediction 
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3.1 Introduction
Machine learning, an invention from the field of computer science originally intended 
to mimic human intelligence (Michalski et al., 2013), has become a valuable tool for 
prediction in many fields. Machine learning methods are versatile as they are able 
to derive a model from the available data without prior knowledge of the relations 
between the variables (McQueen et al., 1995; Kotsiantis et al., 2007). Machine 
learning methods thrive on large datasets and make less assumptions about the 
data, allowing them to make use of non-normally distributed variables (Gahegan, 
2003; Gianola et al., 2011). In dairy science,  machine learning has been successfully 
used to predict on a whole range of different traits, e.g., predicting diseases such 
as mastitis (Kamphuis et al., 2010; Ebrahimie et al., 2018), methane production 
(Zheng et al., 2016) and milk production (Gianola et al., 2011). However, despite the 
advantages of machine learning, there are also recent papers on similar topics using 
‘traditional’ linear methods; for example to predict disease risk (Moretti et al., 2017), 
methane production (Engelke et al., 2018) and milk production (Wallén et al., 2018).  

One of the reasons for the continued use of more traditional methods like regression 
is that despite the potential of machine learning, they do not always prove superior to 
‘traditional’ linear modeling (Cortez et al., 2006; Van Hertem et al., 2014; Hempstalk 
et al., 2015; Ghafouri-Kesbi et al., 2017). Comparisons between machine learning 
and traditional methods may also not be possible in some cases, for example due 
to missing records which can be used by some machine learning methods, but 
not by regression (Bennett, 2001), or in the case of video data (Kabra et al., 2013). 
Furthermore, it is difficult to determine beforehand which method will result in 
for example the highest accuracy for a particular prediction problem (White et al., 
2018), as in practice many different machine learning techniques may be suitable 
for predicting a variable of interest. This results in a trial and error approach for 
finding the best method for each individual prediction problem (Amrine et al., 2014; 
Libbrecht and Noble, 2015).

Two machine learning methods that use very different approaches but are both 
applied competitively in the field of animal science, are naive Bayes and random 
forests. Naive Bayes is a family of classifiers that implements Bayesian techniques in 
order to form a simple network based on prior probabilities (Jensen, 1996). The naive 
Bayes method relies on independence between the input variables, but it performs 
surprisingly well even under conditions considered suboptimal for the algorithm 
(Domingos and Pazzani, 1997; Friedman, 1997). Despite the relative simplicity of 
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the algorithm, naive Bayes is still a widely used machine learning method (Jensen 
et al., 2016; Drury et al., 2017). Random forest (Breiman, 2001) is another machine 
learning method that is successfully implemented in a wide variety of fields, 
including animal science (Shahinfar et al., 2014; Machado et al., 2015; Brieuc et 
al., 2018). This regression or classification method makes use of decision ‘trees’; a 
sequence of splitting rules which split the data in a way that most optimally reduces 
variation. Each tree receives a random subset of training samples, and then the 
algorithm randomly selects a subset of variables available for selection at each split 
in the tree (Breiman, 2001). These trees, relatively poor classifiers individually, are 
then combined into an ensemble of trees called a random forest, which is used for 
prediction. The prediction results of a random forest are thus a summation of the 
prediction outcomes of many individual trees. 

The aim of this study is to compare the ‘traditional’ linear method regression to 
the machine learning methods naive Bayes and random forest. By discovering 
the advantages and disadvantages of each technique in a dairy cattle case study 
predicting longevity we hope to gain knowledge on the wide variety of available 
tools for the prediction of complex biological traits.

3.2 Materials and Method 
3.2.1 DATA

The data used in this study was identical to data described in a previous study 
(van der Heide et al., submitted). The dataset consisted of records on 6847 heifers 
born between January 2012 and June 2013, from 463 farms participating in a 
data collection program that required the farmer to genotype all female heifers at 
birth. Each heifer was herd book registered and at least 87.5% Holstein. Survival 
was a binary classifying variable ‘survival until second calving plus two weeks’, 
where two additional weeks were included to ensure that a heifer that was only 
considered to have survived when the heifer did not die or was culled due to the 
direct consequences of second calving. In order to have had a known outcome for 
survival, all cows included had to be born at least 46 months prior to the end of data 
collection and were not exported abroad. In this dataset, 85.8% of the heifer calves 
reached second lactation.

The heifers had records on 50 genomically estimated breeding values, 
standardized to values between 1 and 10. The genomic breeding values were 
calculated from the genomic test results by cattle breeding cooperative CRV. These 
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genomic breeding values only included the direct genomic values and did not 
include any own performance records. Furthermore, they had up to 65 phenotypic 
variables, including records on birthweight and gestation length, insemination 
records up to second parity, first parity calving records, and first parity lactation 
information (See also Appendix 3.A). Not all animals had records for every variable, 
as some were missing, and some were not collected as the heifer died before the 
variable could be collected. All phenotypic continuous variables were transformed 
into factors of at least five levels, containing a factor level for missing information to 
allow animals with missing records to still be used in the regression analysis. At the 
cost of losing some of the original information, changing the continuous variables 
into factorial variables does allow us to include all animals in analyses regardless 
of method. 

From the complete data, five datasets were created which contained all information 
available at five distinct moments in the life of a dairy cow. These distinct ‘decision 
moments’ were moments in the life of a dairy cow where new information became 
available, and where a management decision could be aided by a prediction of the 
expected survival of the animal. The decision moments were at birth, at 18 months 
of age, at first calving, at six weeks post calving and at 200 days post calving. At the 
first decision moment, genomic information and only limited phenotypic information 
was available, whereas at the last decision moment all information was available. 
Appendix 3.A shows all available variables and the decision moments at which they 
are available. The decision moments were chosen to investigate the ability of a 
model to predict survival at various points in the life of a cow. Early prediction was 
preferred, but since little information was available early-on, this was not feasible. 
Only animals still alive at the start of a decision moment were used in the analysis.  

3.2.2 MODEL AND ANALYSIS
The analyses were performed in the statistical program R version 3.3.1 (R core 
team 2016), using the package ‘caret’ for logistic multiple regression (Kuhn, 2008), 
the package ‘randomForest’ for the random forest approach (Liaw and Wiener, 
2002) and the package ‘naivebayes’ to apply the naive Bayes method (Majka, 2018). 
As the randomForest package was unable to predict on factorial data exceeding 
53 levels, farm identification number variables (such as birth farm, farm of first 
calving and farm of first milking) were transformed into sets of dummy variables. 
No other changes were made to the data, to keep the five distinct datasets (one for 
each distinct decision moment) presented to each model as identical as possible. 
Our linear method was a logistic multiple regression, where the Akaike information 
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criterion (AIC) was used in forward stepwise selection to determine the best possible 
model at each decision moment. The selected regression models included various 
phenotypic variables at the different decision moments, and a set of six genomic 
estimated breeding values (gEBV) which were gEBV related to longevity, fertility, 
feet and leg score, conformation score, udder score and udder health. Production 
gEBV were not included as they were not selected, because the lifespan gEBV was 
uncorrected for production. For the random forest, the number of trees was set 
to 500 and the number of variables selected at each split was set to the square 
root of the number of variables available (ranging from 6 to 12 for our datasets, as 
these values were the recommended values and gave the highest AUC values. As 
the Bayesian machine learning method selected is naive Bayes, it was not necessary 
to set any a-priori values for the variables. The random forest, naive Bayes and 
regression methods were trained on a random selection of 70% of each of the five 
datasets and were then validated on the remaining 30%. This process was repeated 
twenty times for all five decision moments and methods. 

As unbalanced response variables were challenging to both linear and machine 
learning techniques (Kotsiantis and Pintelas, 2003), both the regression model 
and the random forest model were adapted to be able to predict  the unbalanced 
response variable survival (85.8% survivors vs 14.2% non survivors in the data). 
For the random forest, three adaptation methods were tested; stratified sampling, 
changing the voting rule (or cut off) of the model, and adding weights to the 
underrepresented class.  Stratified sampling was chosen for further analyses as 
this adaptation method provided the highest Area under the curve (AUC) value on 
a single trial run on our data (results not shown). Stratified sampling meant that 
the model would sample from the training data until an equal number of samples 
of both classes were obtained. This meant that in a given validation run not all 
provided surviving animals would be used, and non-surviving animals could be 
included multiple times. For the regression method, the cut off had to be specified 
manually. In this case, we chose the random chance of survival of an animal in the 
dataset: 0.858. Animals receiving a predicted probability of survival equal or above 
this cut-off were predicted as surviving, and animals scoring below this cut-off were 
predicted as non-survivors. Because naive Bayes was reported to have issues with 
only extremely unbalanced data (predictor class of interest occurring in 1% or less 
of the cases) (Domingos and Pazzani, 1997), no changes were made in this study as 
the class imbalance was not that extreme. 

The performance of the methods was evaluated by measuring the contrasts 
between the mean probabilities of survival for both survival groups, the accuracy, 
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sensitivity and specificity. The contrasts are the differences between the means of 
the two groups, expressed in units of standard deviation. This allowed us to compare 
the model outputs for the two groups between the methods.  The accuracy was 
the proportion of correctly predicted animals, the sensitivity was the proportion 
of surviving heifers correctly predicted as surviving, and the specificity was the 
proportion of non-surviving heifers correctly predicted as not surviving. However, 
it appears that because the trait of interest ‘survival to second lactation’ was an 
unbalanced trait, using the accuracy as an indicator of which method was superior 
could have been biased. This was why the performance of the models was also 
evaluated by determining the area under the receiver operating characteristic 
curve (AUC) value using the R package ‘pROC’ (Robin et al., 2011). The AUC metric 
measured the performance of the methods over the full range of specificities and 
sensitivities and was thus not affected by the trade-off between specificity and 
accuracy. Finally, we tested a scenario where only the top 50% scoring heifers were 
kept on a farm at a specific decision moment. This latter evaluation approach was 
considered an example of how the developed models may be used in practice, as 
part of a decision support system. 

As the consistency across methods was also of interest, we also looked at the 
correlations between the methods. All heifers from the testing set had three predicted 
probabilities of survival, one for each method. We calculated the Pearson’s r and 
Spearman’s p between all three methods for all five decision moments (Chok, 2010), 
and obtained averages for these correlations over the 20 validation runs. This was 
done as not only the similarity of the predicted probabilities between the methods 
was important, but also the assigned rank of the heifer in the group; selection to cull 
animals would take place on rank in practice.  

3.3 Results
Table 3.1 shows the contrasts between the average predicted probabilities of 
surviving heifers and non-surviving heifers. All contrasts were positive and 
increasing, which means that the average predicted probability of survival was 
always higher for the surviving group and increased over time. This indicated that 
the model was able to predict survival at least at a population level, and that all 
model performance increased with additional information regardless of method. 
At birth and at 18 months, naive Bayes had the highest contrast between the two 
groups, and after first calving regression had the highest contrasts. 
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FIGURE 3.1   Accuracy of prediction of the regression (linear), naive Bayes and random forest models. 

p.c. = post calving.

TABLE 3.1 		  Contrasts between the mean probability of survival for the 
					     surviving heifers and the non-surviving heifers. 

Regression Naive Bayes Random forest

Birth 0.279 0.327 0.231

18 months old 0.409 0.446 0.331

At first calving 0.525 0.435 0.393

6 weeks post calving 0.583 0.554 0.494

200 days post calving 0.800 0.606 0.747

Looking at the accuracy, sensitivity and specificity, naive Bayes outperformed the 
regression and the random forest methods in the first two decision moment on 
accuracy (Figure 3.1). 

After the second decision moment, the regression model and the naive Bayes 
model alternatively performed best at the third, fourth and fifth decision moment 
respectively. Naive Bayes had the highest sensitivity of the three methods at birth 
and 18 months, but also the lowest specificity at the first two decision moments 
(Figure 3.2). The regression model had the lowest sensitivity, but also the highest 
specificity, and random forest had intermediate scores for both decision moments. 

There appeared to be a trade-off between high specificity and high accuracy. As 
a smaller proportion of heifers do not survive in practice, negative predictions were 
significantly less likely to be true then positive predictions (i.e. for a random heifer 
from the data, the odds of surviving were higher than the odds of not surviving). 
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If the model was able to very accurately predict non-surviving heifers, this would not 
be problematic. However, since survival was a complex trait and therefore difficult 
to predict, models that made less predictions that heifers will not survive were more 
likely to be correct more often by chance. Thus, a model with a high specificity made 
more negative predictions, resulting in a loss of accuracy. AUC was not biased by 
this trade-off, as it considers all possible specificity and sensitivity values (Figure 
3.3). At birth and 18 months, all methods had overlapping performance, with no 
method significantly outperforming the other. At first calving, 6 weeks and 200 
days post calving random forest and naive Bayes had overlapping performance, 
with both machine learning methods outperforming multiple logistic regression. 
Overall, naive Bayes had the highest average AUC at all decision moments up to 200 
days past first calving. At 200 days post calving, random forest had the highest AUC. 
All methods performed significantly better than an AUC of 0.5 (random chance) at 
all decision moments, indicating that even at birth it was possible to predict survival 
to second lactation to some extent. 

In a practical scenario where 50% of the heifer calves with the highest probability 
of survival were selected (Figure 3.4), all methods performed similar. Again, naive 
Bayes scores highest in the first decision moments, before being outperformed by 
regression in the fourth and fifth decision moments, but the differences in additional 
survival realized were marginal. All three methods resulted in increased survival 
when compared to a random selection of heifers for every decision moment. 
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FIGURE 3.4   The surviving proportion of the heifer population when selecting 50% of the highest 

scoring heifers using regression (linear), naive Bayes and random forest models. p.c. = post calving.
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FIGURE 3.6   Mean model output of naive Bayes for both surviving and non-surviving animals at all 

five decision moments. The error bars represent the standard deviation. The error bars are exceptionally 

large as naive Bayes attempts to classify cases closer to 0 or 1 than the other methods, p.c. = post calving.

FIGURE 3.7   Mean model output of random forest for both surviving and non-surviving animals at 

all five decision moments. The error bars represent the standard deviation. The mean for the random 

forest model output is set to 0.5 due to stratified sampling, p.c. = post calving.
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TABLE 3.2	 Pearson’s r and Spearman’s p correlation coefficients between the 
				    model output of the regression (R) naive Bayes (NB) model and 
				    random forest model (RF), averaged over 20 runs. 

Pearson correlation Spearman correlation

R- NB R-RF RF - NB R- NB R-RF RF - NB

Birth 0.539 0.627 0.653 0.564 0.623 0.714

18 months old 0.566 0.666 0.686 0.573 0.692 0.710

At first calving 0.417 0.547 0.557 0.429 0.601 0.606

6 weeks post calving 0.560 0.632 0.700 0.532 0.626 0.688

200 days post calving 0.488 0.694 0.578 0.488 0.732 0.621

While all methods could predict survival and improve over time, the methods did 
not make identical predictions. In all cases, the means of the surviving and non-
surviving groups moved apart over time (Figures 5 through 7), although there was 
always overlap between the surviving and non-surviving groups. Using regression, 
the mean predicted probability of survival for surviving heifer increased, while the 
non-surviving heifer mean remained stable (Figure 3.5). This was the opposite for 
naive Bayes; the non-surviving heifer mean decreased while the surviving mean 
remained stable (Figure 3.6).

Naive Bayes also had the largest standard deviation as it classified cases closer 
to 0 or 1 than the other methods, making it more sensitive to data partitioning. 
Random forest had an intermediate approach; the mean model output for surviving 
heifer increased while the mean for non-surviving heifer decreased slightly (Figure 
3.7). The random forest method was centered on 0.50 due to the stratified sampling 
whereas the mean for the other two methods was closer to 0.86, the random chance 
of survival.

The difference in approach between the methods was also reflected in the 
correlations between the predictions of the three methods on the same set of 
animals. Correlations were always positive, indicating that high scores or ranks in 
one method also indicated high scores or ranks in the other method, as expected. 
Spearman’s p was generally higher than Pearson’s r. At birth, the correlations 
between all methods were moderate to high (Table 3.2) and ranged from an r = 
0.653 between naive Bayes and random forest to an r = 0.539 between the regression 
and naive Bayes methods. Correlations decreased towards first calving, with all 
correlations lowest at first calving (from r = 0.557 between regression and random 
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FIGURE 3.8 Visualization of the correlations between the three methods of one of the twenty 

validation runs. Plotted are the model output values (between 0 and 1) for all three methods. The first 

row depicts correlations at birth, the second row shows the correlation at first calving, and the third row 

of images shows the correlation at 200 days post calving. The first column shows the regression method 

versus the naive Bayes method, the second column the regression method versus the random forest 

method, and the third column the random forest versus the naive Bayes method. 

forest to r = 0.417 between regression and naive Bayes). Overall, correlations 
ranged from moderate to high (0.4 to 0.7) and were consistently lowest between 
naive Bayes and regression. 

Figure 3.8 gives an example of the correlations in one of the 20 validation runs. 
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Note that naive Bayes had a different distribution of predicted probability of survival 
than the other two methods, favoring predicted probabilities close to 1 or 0, while 
the other two methods favored predicted probabilities closer to their respective 
mean predicted probabilities of survival. This is in part due to the different methods 
chosen to deal with the class imbalance issue. Over time, predicted probabilities 
moved further apart, with more predictions moving closer to 1 or 0. This is more 
visible in the figure for the lower scores, as there are fewer low scores, as well as 
that for regression and random forest high scores begin to approach 1, while low 
scores do not approach 0 to the same extent. While in general, the trend is that high 
scoring heifers from one method also score high in the other methods, as expected 
from the correlations being medium to high, there also appear to be exceptions, 
where a heifer scores very different between methods. 

3.4 Discussion
We showed that regression, naive Bayes and random forest were able to predict 
survival to second lactation for dairy cows at a population level. Naive Bayes had 
the highest AUC value at all decision moments except at 200 days post calving, 
although performance overlapped with random forest in all decision moments. 
Logistic multiple regression performed similar to naive Bayes and random forest 
in the first two decision moments, but was outperformed at first calving, 6 weeks 
post calving and at 200 days after calving. All methods were significantly different 
from an AUC of 0.5, but in general AUC values were low, with only random forest 
achieving an average accuracy above 0.7 in the last decision moment. The use of 
AUC has some limitations as a metric for evaluating methods (Lobo et al., 2008), 
but in general a model with an AUC score of 0.9 indicates a good accuracy, an AUC 
score between 0.7 and 0.9 indicates moderate accuracy and an AUC score between 
0.5 and 0.7  indicates a low accuracy (Akobeng, 2007). In short, while it was possible 
to determine which method had the best performance at each decision moment, 
none of these methods were able to accurately predict individual cow survival. 
Accurate individual predictions on animals are important for practical applications 
of the model, as a farmer has interest in the accuracy of the prediction for a single 
or small group of animals, not the average outcome success of all Dutch Holsteins.

 A similar case in literature is the cow pregnancy status was similar to cow 
survival, as they were both complex traits with a binary outcome. Furthermore, 
survival and fertility are both genetically and phenotypically related (Pritchard et 
al., 2013), as fertility issues were found to be one of the main reasons for a cow to 
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be culled (Brickell and Wathes, 2011; Zijlstra et al., 2013). There have been several 
studies comparing linear and machine learning methods for the prediction of 
insemination outcome or cow pregnancy status (Shahinfar et al., 2014; Hempstalk 
et al., 2015; Fenlon et al., 2016). The results of these papers were similar to our 
study; where naive Bayes performed well when little data is available. Contrary 
to our results however, regression was found to outperform machine learning 
methods such as naive Bayes, support vector machines and random forest in some 
other studies (Hempstalk et al., 2015; Fenlon et al., 2016). Another study that did 
not investigate any linear methods found random forest to be superior to Bayesian 
methods (Shahinfar et al., 2014). When looking closely at the studies, however, the 
performance of the tested methods in these papers were very similar. Furthermore, 
none of the methods tested were able to predict individual pregnancy outcome well 
enough to be of use in practice (Hempstalk et al., 2015; Fenlon et al., 2016; Rutten 
et al., 2016). So, while insight was gained in the best method and mechanisms of 
predicting a complex trait, ultimately none of the prediction methods in our study or 
in previous research were useful for individual prediction of a complex binary trait.

In our study, we selected three different methods; the linear method multiple logistic 
regression, naive Bayes and random forest. These methods were selected because 
they are each representatives of large groups of similar methods, but naturally 
there are many other methods able to predict survival. A linear method that was 
not included in our study was the  survival analysis, a commonly used method for 
the genetic evaluations of survival traits (Cox and Oates, 1984; Ducrocq, 1988). This 
method is used instead of regression because it is able to make use of uncensored 
records, therefore having an advantage (Carlén et al., 2005). As the data used in 
this study was already censored, survival analysis was not necessary to make 
optimal use of the data. Another possibility would be to investigate more advanced 
machine learning methods such as neural networks. Neural networks outperformed 
regression and random forest for the individual prediction of pregnancy status 
(Fenlon et al., 2017).  Neural networks are powerful, but complex methods that 
often require a large amount of records to be trained. While difficult to apply on our 
current dataset, neural networks may be of use in future research.  

Accurate individual prediction of survival to second lactation could not be achieved 
by optimizing the choice of prediction method alone, so in future research other ways 
to improve prediction performance should be considered. Prediction performance 
may be improved by increasing the number of records. In the case of pregnancy 
status, results did indeed improve with a large number of additional records 
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(Shahinfar et al., 2014). With over 200,000 records, the AUC reported was 0.76, but 
the accuracy was still only 72 to 74%, which would mean that a full quarter of the 
animals would still be incorrectly classified in practice. In addition to increasing 
the number of records, increasing the number of available variables may also be 
necessary to improve the accuracy enough for individual prediction. For example, 
this study lacked some variables known to be relevant for (individual) survival, such 
as animal growth, health, housing and other farm management factors (Wathes et 
al., 2008; Brickell and Wathes, 2011). The variables in this study were chosen as 
they were readily available on most Dutch farms. In contrast, information on for 
example animal health and growth are often not available and require additional 
data collection and cost. Finally, while additional records and variables may improve 
prediction accuracy, additional information will not solve all difficulties. A model 
can only predict a non-surviving animal accurately when the cause of death is the 
result of a pattern found in the data. This requirement is problematic, as for example 
our study lacked health variables on calves, and therefore calves which died due to 
illness would be difficult to predict correctly. Furthermore, not all causes of death 
follow identifiable patterns. Some deaths may be caused by unpredictable accidents 
(Brickell and Wathes, 2011), or may be  based on individual farmer’s decisions 
which cannot always be explained by the available information (Hadley et al., 2006; 
Huijps et al., 2010). Thus, while we expect that additional information will increase 
the accuracy, a certain degree of uncertainty will remain. 

3.5 Conclusion
All three methods (logistic multiple regression, naive Bayes and random forest) 
were able to predict survival at population level. At birth and at 18 months, all 
three methods reported similar AUC values and increased survival in a practical 
scenario by similar amounts. Naive Bayes did obtain the highest AUC value in all 
decision moments up to 200 days post calving, but there was always overlap with 
the model performance of random forest. At 200 days post calving, random forest 
had the highest AUC, although the overlap with naive Bayes persisted. Interestingly, 
the three methods appeared to predict individual heifers differently. Correlations 
of individual predictions for animals were lower than expected, and the models 
appeared to improve by predicting different groups of animals better. While it 
was possible to choose a ‘best’ method for each moment, all methods would have 
resulted in similar improvement in practice.  
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3.7 Appendix
TABLE 3.A 		  All 66 phenotypic variables and 50 gEBV used in this study* 

Phenotypic variables Decision moment continuous

Animal Identification number Birth No

Year of birth Birth No

Birth farm UBN Birth No 

Month of birth Birth No

Birth season Birth No

Parity Birth Yes

Breed Birth No 

Holstein % Birth No

Red factor Birth No

Calving ease Birth No

Gestation duration Birth Yes

Birth weight Birth Yes

Survival status at 18 months 18 months No

Insemination farm 18 months No

Insemination season 18 months No

Countable inseminations 18 months Yes

Non return status at 18 months 18 months No

No insemination information at 18 months 18 months No

Number of farm movements prior to 18 months 18 months Yes

Age at first insemination 18 months Yes

Type of first insemination 18 months No

Number of inseminations 18 months Yes

Survival status at 2 years of age first calving No

Raised at a specialty calf-rearing farm first calving No

Calving season first calving No

Total number of farm movements prior to calving first calving Yes

Age at first calving first calving Yes

Calving farm UBN first calving No

Calf gender first calving No

Calf survival first 24 hours first calving No

Calving ease calf first calving No

gestation duration calf first calving Yes

Birthweight calf first calving Yes
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Phenotypic variables Decision moment continuous

Calf survival first week first calving No

Calf survival second week first calving No

Calving records exist first calving No

Twins first calving No

Kg milk at 6 weeks 6 weeks p.c. Yes

Fat percentage milk at 6 weeks 6 weeks p.c. Yes

Protein percentage milk at 6 weeks 6 weeks p.c. Yes

Cell count milk at 6 weeks 6 weeks p.c. Yes

Urea milk at 6 weeks 6 weeks p.c. Yes

Lactose percentage milk at 6 weeks 6 weeks p.c. Yes

Cow status indicator at 6 weeks 6 weeks p.c. No

Number of negative indications at 6 weeks 6 weeks p.c. Yes

Number of days in lactation at 6 weeks 6 weeks p.c. Yes

Complete milk measurement available at 6 weeks 6 weeks p.c. No

First parity insemination farm UBN 200 days p.c. No

First parity insemination season 200 days p.c. No

First parity first insemination type 200 days p.c. No

Number of inseminations in first parity 200 days p.c. Yes

Non return status at 200 days post calving 200 days p.c. No

Age at 200 days post calving 200 days p.c. Yes

Insemination known in the first parity 200 days p.c. No

Age at first insemination in the first parity 200 days p.c. Yes

Number of farm movements at 200 days post calving 200 days p.c. Yes

Number of known milk testing’s at 200 days post calving 200 days p.c. Yes

Average kg of milk 200 days p.c. Yes

Average fat percentage of milk 200 days p.c. Yes

Average protein percentage of milk 200 days p.c. Yes

Average cell count of milk 200 days p.c. Yes

Average Urea of milk 200 days p.c. Yes

Average lactose percentage of milk 200 days p.c. Yes

Number of negative indications at 200 days post calving 200 days p.c. Yes

Survival status at 200 days post calving 200 days p.c. No

Number of farm movements in the first parity 200 days p.c. Yes

TABLE 3.A 		  Continued
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gEBV Decision moment continuous

"NVI" Dutch breeding goal standard Birth Yes

Kg milk Birth Yes

Kg fat Birth Yes

Kg protein Birth Yes

Kg lactose Birth Yes

"Inet" Dutch production index Birth Yes

Cell count Birth Yes

Subclinical mastitis Birth Yes

Clinical mastitis Birth Yes

Udder health Birth Yes

Lifespan Birth Yes

Lifespan with predictors Birth Yes

Birth index Birth Yes

Calving ease Birth Yes

Post calving ease Birth Yes

Livability calving (maternal) Birth Yes

Livability birth (direct) Birth Yes

Overall fertility Birth Yes

Non return status at 56 days Birth Yes

Interval calving - first insemination Birth Yes

Calving interval Birth Yes

Interval first - last insemination Birth Yes

Conception ratio Birth Yes

Claw health Birth Yes

Calf vitality 3 - 365 days Birth Yes

Milking speed Birth Yes

Dairy strength Birth Yes

Stature Birth Yes

Chest width Birth Yes

Body depth Birth Yes

Angularity Birth Yes

Body condition Birth Yes

Rump angle Birth Yes

Rump width Birth Yes

Rear legs hind view Birth Yes

TABLE 3.A 	 	 Continued
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gEBV Decision moment continuous

Rear leg side view Birth Yes

Foot angle Birth Yes

Locomotion Birth Yes

Fore udder attachment Birth Yes

Front teat placement Birth Yes

Teat length Birth Yes

Udder depth Birth Yes

Rear udder height Birth Yes

Udder support Birth Yes

Rear teat placement Birth Yes

Frame Birth Yes

Robustness Birth Yes

Overall Udder score Birth Yes

Feet and Legs Birth Yes

Overall exterior score Birth Yes

Milking robot efficiency Birth Yes

*gEBV; genomic estimated breeding values. This table shows the values and variables available and 

the decision moment in which each variable is available. In the decision moments, “post calving” is 

abbreviated to p.c..

TABLE 3.A 		  Continued
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Abstract

C ow survival is a complex trait that combines traits like milk production, fertility, 
health and environmental factors such as farm management. This complexity 

makes survival difficult to predict through individual prediction methods. In this 
study, we investigated if we could improve prediction of cow survival to second 
lactation by combining the predictions of multiple (weak) methods in an ensemble 
method. We tested four ensemble methods: voting rule, multiple logistic regression, 
random forest and naive Bayes. Five performance metrics were calculated for each 
ensemble method: precision, recall, balanced accuracy, area under the receiver 
operator curve (AUC), and the gains in surviving animals in a scenario where the 
best 50% of these animals was selected. We compared the performance metrics of 
the ensembles against the performance of the constituent models. We also tested 
if there was a difference in performance metrics when continuous (from 0 to 1) 
and binary (0 or 1) prediction outcomes were used. In general, using continuous 
outcomes resulted in higher performance metrics than using binary outcomes. 
Recall, AUC and balanced accuracy values improved significantly for naive Bayes and 
multiple logistic regression ensembles in at least one dataset, although performance 
metrics did remain low overall. Multiple logistic regression was the best performing 
ensemble method, naive Bayes the second-best, and the random forest ensemble 
method resulted in the least significant improvement over the individual methods. 
The multiple logistic regression ensemble method resulted in equal or better recall, 
AUC, balanced accuracy and proportion of animals surviving on all datasets.

KEYWORDS: ensemble method, machine learning, survival, dairy cow 
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4.1 Introduction
Cow survival is important from economic, animal welfare and environmental 
perspectives. When cows survive to reach a high number of lactations, rearing 
costs are reduced for individual animals as well as across the herd (Mohd Nor et 
al., 2015; Boulton et al., 2017). Older cows in their third or fourth lactation also 
produce more milk than young cows, increasing profit per cow (Lehmann et al., 
2016) and reducing environmental impact per litre of milk produced (Grandl et al., 
2019). A high farm average for number of lactations reached is also an indication of 
good farm practices with respect to animal welfare (Barkema et al., 2015). As there 
are many advantages to cows that live long productive lives, it would be beneficial 
for farmers to keep only those cows that are likely to thrive in a production 
environment. Selecting cows that have a high probability to survive to higher 
lactations would be possible by predicting the ability of a cow to survive early on. 
However, prediction of survival is often not attempted because survival is a very 
complex trait, combining cow traits such as milk production, fertility and health 
(Heise et al., 2016) with environmental factors such as herd size (Shahid et al., 2015) 
and other farm management factors (Svensson and Hultgren, 2008; Olechnowicz et 
al., 2016). Although attempts have been made to predict survival in literature (Van 
Pelt et al., 2015; Gaillard et al., 2016; van der Heide et al., 2019), the complex nature 
of survival means the predictive performance of these models remains low. 

The prediction of survival may be  improved by combining the predictions of multiple 
(weak) prediction methods. This approach is known as an ensemble method (Knutti 
et al., 2010; Woźniak et al., 2014), also referred to as hybrid classifier (Woźniak et al., 
2014), decision fusion method (Sinha et al., 2008), or aggregation method (Satopää 
et al., 2014). Ensemble methods aim to maximize the complementary contribution 
of the original methods (Kotsiantis et al., 2006b; Witten et al., 2016). They improve 
prediction by taking advantage of the underlying differences and strengths of the 
methods the ensemble is built from. This gives ensemble methods several advantages 
over individual methods, such as better performance and more robustness (Seni and 
Elder, 2010). Due to these advantages, ensemble methods are used extensively in 
other fields like medicine, finance and meteorology (Feldwisch‐Drentrup et al., 2010; 
Tsai and Chen, 2010; Lavecchia, 2015). In the case of survival, ensemble methods are 
successfully applied in the prediction of survival in cancer patients (Hothorn et al., 
2005; Abreu et al., 2013; Leger et al., 2017). This success in other fields makes it an 
attractive strategy to improve the  prediction of survival in  dairy cattle.

In this study, we investigated if using an ensemble method could improve 
prediction of survival to second lactation in dairy cattle. We tested four different 
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ensemble methods; voting rule, random forest (Breiman, 2001), naive Bayes (Jensen, 
1996) and multiple logistic regression (hereafter referred to as ‘regression’). We 
selected this combination of methods because they are representatives of different 
types of ensemble methods. Voting rule is the most simple method but is also the 
most straightforward and transparent. Furthermore, simple methods are not 
always outperformed by more complex ensemble methods (Witten et al., 2016). 
Regression, random forest and naive Bayes were selected as representatives of 
different groups of statistical prediction methods. Selecting these four different 
ensemble methods resulted in an overview of the possibilities of ensemble methods 
to improve prediction of survival in dairy cattle.  

4.2 Material and Method
4.2.1 DATA

We used five datasets originating from a previous study that predicted survival to 
second lactation of individual cows (van der Heide et al., 2019). These five datasets 
consisted of predictions on the test datasets from the previous study, a randomly 
selected 30% of all available animals, stratified by survival (Figure 4.1). The data 
used in the current study is therefore the model output from the original study. 

1.	 The input for the current study: the prediction outcomes of the testing dataset 
of van der Heide et al. 2019. The performance metrics for the single methods 
were calculated from this data. 

2.	 The input datasets were randomly shuffled three times and divided into four 
folds. 

3.	 An ensemble method was applied using four fold validation on each of the three 
shuffles (except for voting rule, which was applied directly after step 1), for a 
total of twelve sets of training and testing data.

4.	 The prediction outcomes were used to calculate the performance metrics of the 
chosen ensemble method. 

Prediction outcomes were obtained at five moments in the life of a cow: at birth, 
at eighteen months of age, at first calving, at six weeks post calving and at two 
hundred days post calving. Each dataset contained between 2051 (at birth) to 1862 
(at 200 days post calving) randomly selected animals (Table 4.1). The total number 
of available animals decreased over time due to the removal of non-surviving 
animals if they died prior to the next moment in life. 
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TABLE 4.1		  Number of animals in each dataset.

Dataset Survivors Non-survivors Total number
of animals

Birth 1764 287 2051

18 months of Age 1736 287 2023

First calving 1741 202 1943

6 weeks post calving 1743 200 1943

200 days post calving 1723 139 1862

Probabilities of survival were calculated using three methods in the previous study: 
logistic multiple regression, naive Bayes and random forest. This resulted in three 
continuous prediction outcomes for each animal, one from each method. In addition 
to the continuous prediction outcomes, we also created binary prediction outcomes 
for survival (either 0 or 1). For binary outcomes, animals were predicted to survive 
(a score of 1) when the animal had a predicted probability of survival equal to or 
above the observed mean chance of survival. Similarly, an animal was predicted 
not to survive (a score of 0) if its predicted probability was below the mean chance of 
survival. The mean chance of survival was 0.86 for the regression and naive Bayes, 
and 0.50 for the random forest, as the latter method had centred survival around 
0.5 (see also (van der Heide et al., 2019)).  

3 DIFFERENT SHUFFLES
DEVIDED IN 4 FOLDS

ESEMBLE

FIGURE 4.1   Schematic depiction of the analysis. The analysis shown was repeated for all datasets: 

from birth to 200 days post calving, using either continuous or binary outcomes. 

Training
70%

Testing
30%

PREVIOUS STUDY

PREDICTIONS

1 2 3 4

Naive Bayes PREDICTIONS

Random forest PREDICTIONS

Regression PREDICTIONS



86

4.2.2 MODEL AND ANALYSIS
The datasets were analysed in the statistical program R (Team, 2016), where four 
different ensemble methods were tested. Voting rule was applied using basic R 
functions, regression was applied using the ‘caret’ package (Kuhn, 2008), the random 
forest was applied using the ‘randomForest’ package (Liaw and Wiener, 2002) and the 
naive Bayes was applied using ‘naivebayes’ (Majka, 2018). In order to calculate voting 
rule, if at least two out of the three original predictions were positive (i.e., animal 
will survive) was predicted to survive, and any animal with two or more negative 
predictions was predicted to not survive. No training of the data was required to obtain 
performance metrics for this method. For the regression, no interactions between the 
prediction outcomes from the three individual methods tested significant. The models 
used for the regression could therefore be described as:

yi =  β0 + β1Xi1 + β2Xi2 + β3Xi3  + ei

Where y is the survival status at second calving plus two weeks, Xi1 through Xi3 were 
the predicted outcomes of the three methods studied previously (van der Heide et 
al., 2019), β1 through β3 were the regression coefficients for each method and β0 is 
the intercept, plus an error term denoted by ei. For each of the five datasets (from 
birth to 200 days post calving) a separate model was created. 

For the random forest, we further tested different settings for the hyperparameters 
of the number of trees, the number of variables selected at each split and if there 
was an effect of the seed used. For the number of trees, we tested 1, 5, 10, 50, 
100, 150, 200, 250, 300, 500 and 1000 trees in a preliminary study. The number 
of trees was subsequently set at 200 as there were no significant changes in area 
under the receiver operating curve (AUC) of balanced accuracy if 150 or more trees 
were used, regardless of dataset and regardless of if binary or continuous input 
variables were used. A number of variables equal to the square root of the total 
number of variables was randomly sampled at each split. This is the default setting 
for this random forest (Liaw and Wiener, 2002). Selecting either 1 (the minimum) or 
3 (the maximum) variables per split did not result in significant differences. There 
were also no significant differences between three randomly selected seeds for 
randomization. 

Figure 4.1 shows a schematic representation of the steps in the analysis. We used 
four-fold validation to test the random forest, regression and naive Bayes ensemble 
methods. We repeated this four-fold validation step three times to get a reasonable 
range of performance metrics to test for significance (Figure 4.1, step 2). The four-
fold validation was done for each dataset by splitting each of the three shuffles into 
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four parts, where three of the parts (75%) were used for training the model, and 
the last part (25%) was used for validation. This was then repeated four times, until 
every part was used as validation once. The model performance metrics for the 
regression, naive Bayes and random forest ensemble methods were thus averages 
of these twelve validation runs. 

Each ensemble method was evaluated by measuring the recall, precision, AUC, 
balanced accuracy and the proportion of surviving animals when the 50% highest 
scoring animals were selected. The precision is the proportion of correct non-
surviving predictions. Precision is also known as the positive predictive value of 
the minority class, so the proportion of predictions an animal does not survive that 
were correct. The recall is equal to the sensitivity of the minority class, which is the 
proportion of non-surviving animals identified correctly from the total population. 
Both of these metrics quantify the ability of the ensemble method to identify non-
surviving animals correctly. Balanced accuracy and the AUC on the other hand are 
both metrics of overall model performance. The AUC represents the accuracy of the 
model for all combinations of specificity and sensitivity and was calculated using the 
R package ‘pROC’ (Robin et al., 2011). Balanced accuracy is based on the average 
accuracy from the survivors and non-survivors taken separately (Brodersen et 
al., 2010). We compared the performance metrics of the ensemble methods to the 
performance metrics of the individual methods (as published in van der Heide et al, 
2019). The proportion of surviving animals when the 50% highest scoring animals 
were selected is a practical measurement of the possible effect of these methods 
might have in practice. By selecting and only raising heifers with a high prediction 
outcome, a farmer might reduce the percentage of heifers not reaching second 
lactation in his herd. 
To determine significance of the ensemble methods’ performance metrics 
compared to the individual methods, we constructed a 95% confidence interval 
using the mean and standard deviation obtained from the 12 replications for each 
method. This confidence interval could then be used to determine if the ensemble 
results were statistically different from the results of the individual methods. We 
further calculated the correlation between the results of the ensemble methods 
and the individual methods. The correlations were calculated using the continuous 
outcomes. The correlations for the voting rule or the binary datasets were not 
calculated due to the limited number of possible prediction outcomes. We calculated 
correlations to investigate if any of the statistical ensemble methods resulted in 
different predictions for individual animals compared to the individual methods. 
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4.3 Results
First, we will discuss the results of voting rule (the fourth row of results in tables 
4.2.A through 4.2.E), as this method proved difficult to compare to the other 
ensemble methods. The performance metrics for the other  ensemble methods are 
shown in Section 3.2 and Section 3.3, for the datasets with continuous outcomes 
and binary outcomes respectively (Tables 4.2.A to 4.2.E). In the final section of 
the results we describe the correlations between the ensemble methods and the 
individual methods. 

TABLE 4.2.A		  Performance metrics of the predictions at birth.

Data type Precision Recall Balanced 
accuracy

ROC Proportion 
surviving if best 
50% are selected

Individual methods

Regression 0.446 0.201 0.579 0.599 0.892

Random forest 0.690 0.159 0.549 0.561 0.881

Naive Bayes 0.432 0.200 0.576 0.598 0.888

Ensemble methods

Voting rule 0.321 0.168 0.531 NA NA

Regression continuous 0.563acx 0.212b 0.603abc 0.606b 0.901b

binary 0.552acx 0.188b 0.579 0.576x NA

Random forest continuous 0.614ac 0.184bx 0.580b 0.576x 0.890

binary 0.630acx 0.186bx 0.585b 0.590b NA

Naive Bayes continuous 0.583acx 0.196b 0.598abc 0.601b 0.898b

binary 0.622ac 0.187b 0.582b 0.585b NA

a significantly outperforms individual method multiple logistic regression, 
b significantly outperforms individual method random forest, 
c significantly outperforms individual method naive Bayes,
x significantly worse than one or more of the three individual methods. 

Note: significance could not be calculated for voting rule results. 
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TABLE 4.2.B		 Performance metrics of the predictions at 18 months.*
				  

Data type Precision Recall Balanced 
accuracy

ROC Proportion 
surviving if best 
50% are selected

Individual methods

Regression 0.505 0.211 0.597 0.611 0.897

Random forest 0.610 0.200 0.604 0.615 0.904

Naive Bayes 0.575 0.223 0.622 0.643 0.904

Ensemble methods

Voting rule 0.397 0.231 0.589 NA NA

Regression continuous 0.554ax 0.250abc 0.638abc 0.643ab 0.908a

binary 0.588a 0.212 0.613a 0.628 NA

Random forest continuous 0.600a 0.221 0.618a 0.623 0.905

binary 0.566a 0.218 0.612a 0.626 NA

Naive Bayes continuous 0.572 0.245abc 0.636abc 0.641ab 0.910a

binary 0.580a 0.214 0.610 0.626 NA

TABLE 4.2.C		 Performance metrics of the predictions at first calving.*

Data type Precision Recall Balanced 
accuracy

AUC Proportion 
surviving if best 
50% are selected

Individual methods

Regression 0.465 0.152 0.582 0.608 0.920

Random forest 0.654 0.142 0.597 0.622 0.931

Naive Bayes 0.619 0.175 0.641 0.657 0.939

Ensemble methods

Voting rule 0.352 0.177 0.581 NA NA

Regression continuous 0.688a 0.175ab 0.647ab 0.658ab 0.941ab

binary 0.509x 0.182ab 0.613ax 0.620x NA

Random forest continuous 0.632a 0.165b 0.628a 0.623 0.934a

binary 0.516x 0.181ab 0.614ax 0.620x NA

Naive Bayes continuous 0.649a 0.174ab 0.643ab 0.655ab 0.939a

binary 0.622x 0.187ab 0.582a 0.585x NA

*for footnotes, see Table 4.2.A.
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TABLE 4.2.D		 Performance metrics of the predictions at 6 weeks p.c.*

Data type Precision Recall Balanced 
accuracy

AUC Proportion 
surviving if best 
50% are selected

Individual methods

Regression 0.575 0.214 0.666 0.702 0.944

Random forest 0.640 0.149 0.611 0.634 0.931

Naive Bayes 0.490 0.219 0.645 0.671 0.935

Ensemble methods

Voting rule 0.440 0.222 0.631 NA NA

Regression continuous 0.616c 0.228ab 0.678abc 0.701bc 0.944bc

binary 0.507x 0.226 0.651bx 0.658x NA

Random forest continuous 0.555cx 0.240b 0.670bc 0.702bc 0.944bc

binary 0.545x 0.207b 0.650bx 0.664x NA

Naive Bayes continuous 0.624c 0.212b 0.669bc 0.695bc 0.948bc

binary 0.530x 0.211b 0.650bx 0.664x NA

TABLE 4.2.E. 	 Performance metrics of the predictions at 200 days p.c.*

Data type Precision Recall Balanced 
accuracy

AUC Proportion 
surviving if best 
50% are selected

Individual methods

Regression 0.547 0.183 0.675 0.713 0.960

Random forest 0.770 0.115 0.647 0.687 0.966

Naive Bayes 0.547 0.135 0.632 0.657 0.956

Ensemble methods

Voting rule 0.425 0.189 0.639 NA NA

Regression continuous 0.706ab 0.165b 0.680bc 0.709c 0.965c

binary 0.488x 0.190bc 0.659c 0.664x NA

Random forest continuous 0.554x 0.178bc 0.662c 0.678x 0.954x

binary 0.515x 0.186bc 0.660x 0.672x NA

Naive Bayes continuous 0.702ac 0.166b 0.682bc 0.704c 0.962

binary 0.516x 0.184bc 0.662bcx 0.673cx NA

*for footnotes, see Table 4.2.A. p.c. = post calving. 
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4.3.1 VOTING RULE
Two metrics could not be calculated for voting rule:  the AUC and proportion 
surviving if the top 50% best animals are selected. This was due to the limited 
number of possible outcomes and because voting rule does not produce a range of 
predictions. For example, in all cases more than 50% of the animals received the 
highest score, and it is not possible to rank animals using voting rule. This means 
it was not possible to select the highest 50% scoring animals. Voting rule had the 
highest recall at 18 months of age, calving, 6 weeks post calving and 200 days post 
calving. However, this came at the cost of having the lowest precision of all methods 
on those datasets. Voting rule resulted in a lower balanced accuracy (0.001 to 0.018 
lower) at the birth, 18 months and first calving. The balanced accuracy of the voting 
rule was lower than at least one of the individual methods at 6 weeks and 200 days 
post calving. 

4.3.2 CONTINUOUS OUTCOMES
Using ‘continuous’ prediction outcomes, the naive Bayes and regression ensemble 
methods both significantly outperformed all three individual methods on balanced 
accuracy at birth and 18 months (Tables 2a and 2b). Furthermore, both also 
outperformed all three individual methods at recall. At 6 weeks post calving, 
the regression ensemble method significantly outperformed all three individual 
methods on balanced accuracy (Table 4.2.d). At birth, regression outperformed at 
least one individual method on all metrics but recall, where it was outperformed 
by the individual random forest method (Table 4.2.a).  From 18 months onward, 
regression improved on at least one individual method at all metrics, and never 
performed significantly worse than any individual method (Table 4.2.b through 2e). 
Naive Bayes did similarly well, improving on at least one individual method on all 
performance metrics except for recall at birth and proportion of surviving heifers at 
200 days past calving (Tables 4.2.a through 4.2.e). The random forest method never 
outperformed all three individual methods on any of the metrics in any dataset.  
It also had less consistent performance than the other two methods. For example 
at 200 days post calving it significantly improved on at least one method in recall 
and balanced accuracy, but resulted in significantly worse precision, AUC and 
proportion of heifers surviving than at least one individual method. Random forest 
performed best at first calving, outperforming at least one individual method on all 
metrics except AUC. 
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4.3.3 BINARY OUTCOMES
In general, using binary outcomes resulted in lower performance metrics than 
using continuous outcomes, and no ensemble method outperformed all three 
individual methods using this data type. Despite often improving recall, all three 
ensemble methods were significantly worse at AUC and precision than at least 
one individual method from first calving onwards. At birth, naive Bayes scored 
better than at least one method on all performance metrics available (Table 4.2.a). 
At 18 months, all three methods improved on precision, and regression and naive 
Bayes also improved on balanced accuracy over the regression individual method 
(Table 4.2.b). There were no significant differences from the individual methods 
on the other metrics. From first calving onwards all methods performed equal or 
better than the individual methods at recall (Tables 2c through 2e). Regression was 
the only method that did not improve recall over at least one single method at 6 
weeks post calving, but was the only method to outperform at least one individual 
method on balanced accuracy at  200 days post calving. At first calving, Naive Bayes 
also improved balanced accuracy in addition to recall. For binary outcomes, the 
proportion of surviving animals is listed as NA as the animals could not be properly 
ranked using only binary outcomes. This is due to more than 50% of the animals 
getting the maximum of 3 positive predictions regardless of dataset.  

4.3.4 CORRELATIONS BETWEEN METHODS
The naive Bayes and regression ensemble methods resulted in predictions that 
remained strongly correlated with one or more of the individual methods (Table 
4.3). The regression ensemble method had a correlation of at least 0.692 with the 
corresponding individual method. Similarly, the naive Bayes ensemble method was 
correlated at least 0.745 with the naive Bayes individual method. This indicates that 
both the naive Bayes and regression ensemble methods made similar predictions 
as their corresponding individual methods. The random forest ensemble method 
had the lowest correlations with individual methods, ranging from 0.442 to 0.736. 
The random forest individual method had the lowest correlations with the ensemble 
methods. This indicates that the random forest ensemble method used all methods 
to a similar extent and relied least on the results of one individual method out of all 
the ensemble methods. The highest correlation found overall was 0.970, between the 
regression ensemble method and the naive Bayes individual method at 18 months 
of age. The lowest correlations were found at birth, where the regression ensemble 
method and the naive Bayes ensemble method were both correlated less than 0.5 
with the random forest individual method.
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4.4 Discussion
We investigated if the prediction of survival to second lactation in dairy cattle could be 
improved by using ensemble methods. Ensemble methods have several advantages 
over using individual methods, such as increased predictive performance and 
robustness (Woźniak et al., 2014). However, these advantages come at costs such as 
an increase in model design complexity and less interpretable results (Kotsiantis et 
al., 2007; Woźniak et al., 2014). The possible advantages of using ensemble methods 
must thus justify the increase in time and effort required to use these methods. In 
our study, regression as an ensemble method always resulted in equal or better 
performance on recall, AUC, balanced accuracy and proportion of surviving 
animals. It also performed better than at least one individual method on precision 
from first calving onwards. However, for the other ensemble methods, especially 
the random forest ensemble, the results were more inconsistent. 

TABLE 4.3		  Average correlations between the results of the statistical 
					     ensemble methods and the results of the individual methods*

Dataset Ensemble 
method

Regression 
individual method

Random forest
individual method

Naive Bayes 
individual method

Birth Regression 0.849 0.494 0.801

Naive Bayes 0.696 0.663 0.890

  Random forest 0.591 0.442 0.568

18 months Regression 0.692 0.736 0.970

Naive Bayes 0.769 0.727 0.867

  Random forest 0.549 0.626 0.753

First calving Regression 0.709 0.714 0.911

Naive Bayes 0.785 0.606 0.749

  Random forest 0.536 0.603 0.720

6 weeks p.c. Regression 0.891 0.588 0.759

Naive Bayes 0.788 0.702 0.806

  Random forest 0.733 0.602 0.666

200 days p.c. Regression 0.921 0.736 0.658

Naive Bayes 0.733 0.602 0.666

Random forest 0.718 0.696 0.551

* p.c. = post calving 
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In literature, other studies also show only small or inconsistent improvements in 
predictive performance when using an ensemble method (Knutti et al., 2010; Larsen 
et al., 2019). Similarly, there are studies where ensemble methods are outperformed 
by individual methods in certain situations (Barbareschi et al., 2015). How much 
improvement is found in a study may depend on the type of ensemble being tested, 
as well as the performance metric being used for the comparison between methods. 
For example, in this study the results show the well-known trade-off between 
precision and recall (Buckland and Gey, 1994). The random forest single method 
had the highest precision at birth of any method, significantly outperforming most 
of the ensemble methods. However, at the same time, it also had the lowest recall, 
and was significantly outperformed by almost all of the ensemble methods on this 
metric. Which method is considered better can thus vary depending on which 
metrics are investigated.

While there appeared to be a benefit of applying the regression ensemble method, 
performance metrics remained low overall. This meant that while some improvement 
in prediction could be realized by using an ensemble method, this improvement 
may only have a small effect in practice. Indeed, looking at the scenario where 
the top 50% of heifers were selected, none of the ensemble methods significantly 
outperformed all three individual methods. There may be several reasons why 
the ensemble methods did not result in a large increase in model performance. A 
high correlation between the input methods may be one of these. The correlation 
between the input data, in this case the output from the three individual models, is 
an important indicator for the added value of using an ensemble (Woźniak et al., 
2014). If the methods in an ensemble are too strongly correlated, combining them 
does not result in improved predictive ability (Pena and van den Dool, 2008; Knutti 
et al., 2010). In this study, the correlations of the prediction outcomes used as input 
data were between 0.417 to 0.700 (van der Heide et al., 2019). This was lower than 
expected as the three methods were trained on the same dataset. However, it is 
possible that the correlations were still (too) high, limiting the variability among 
the prediction outcomes. This would in turn have reduced the benefit of applying  
ensemble methods in this study. Strong correlations between input variables are 
not only a problem for the effectiveness of the ensemble methods, but it can also 
cause additional difficulties when selecting an ensemble method. The naive Bayes 
ensemble method, for example, assumes independence among the input variables 
(Friedman et al., 1997). Correlations between input variables could thus have 
caused underperformance of the ensemble methods. Voting rule may also not be 
as effective in cases where methods are correlated or where a limited  number 
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of models were combined (Oza and Tumer, 2008).  Lastly, it should be noted that 
survival simply is a very difficult trait to predict. This difficulty is part due to some 
of the necessary variables missing in original data (van der Heide et al., 2019). For 
example, there was no information on disease occurrence available, while diseases 
are an important cause of death in early life (Svensson et al., 2006). So while it was 
possible to take advantage of the differences between the methods using ensemble 
methods, there were limitations to increasing model performance by varying the 
method alone.  

Class imbalance is another reason it may be difficult for models to improve the 
prediction of survival (Stefanowski, 2016). In the case of survival, a majority of 
animals survive to second lactation (86%), whereas a minority (14%) do not. As 
there are fewer examples, this minority is more difficult to predict, despite being 
the class of interest. Although the use of ensemble methods is in fact a popular 
solution to imbalance problems (Haixiang et al., 2017), an ensemble using only three 
methods as input may not have been robust enough. Furthermore, class imbalance 
is especially problematic in cases where there are few samples and the classes 
are difficult to separate (Ali et al., 2015), both of which played a role in this study. 
This imbalance also made it difficult to compare models based on commonly used 
performance metrics (Stefanowski, 2016). For example, we did not use the most 
popular performance metric, accuracy (Hossin and Sulaiman, 2015), because this 
metric is very sensitive to class imbalance (Kotsiantis et al., 2006a; Ali et al., 2015). 
By predicting all animals as surviving, an accuracy of 0.86 could be reached, but of 
course as a model this would not be useful. The imbalance of survival meant that 
accuracy could be very misleading. Another popular performance metric is the AUC 
value, which we did report in this study. While more robust, this metric could still be 
biased, especially in cases with a strong imbalance (Saito and Rehmsmeier, 2015). As 
all evaluation methods have specific benefits and as drawbacks (Tharwat, 2018), we 
aimed to provide the reader  with a comprehensive selection. In machine learning, 
choosing the correct performance metric is even more vital, as the performance 
metric is used to evaluate intermediate steps in determining the final model (Ali et 
al., 2015; Hossin and Sulaiman, 2015). Selecting a biased performance metric such 
as accuracy will result in poor performance of the method on the minority class. For 
example, using the random forest without stratifying for survival would result in the 
model assigning all animals to the majority class simply because this would result 
in the highest accuracy. As many machine models use a performance metric as a 
cost optimization function, it is important to monitor this or adapt the data to avoid 
problems. Creating or obtaining a more balanced dataset for model development 
would avoid this problem and possibly even improve model performance. 
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4.5 Conclusion
Using logistic multiple regression as an ensemble method resulted in equal or 
better recall, AUC, balanced accuracy and improvement in proportion of animals 
surviving. Naive Bayes was the second-best ensemble method, and the random forest 
ensemble method resulted in the least significant improvement over the individual 
methods. Recall, AUC and balanced accuracy values improved significantly over 
all methods at specific datasets for naive Bayes and logistic multiple regression 
ensembles, although they remained low overall. Class imbalance and lack of 
underlying variability in the input variables could have resulted in less than optimal 
results, and are important factors to consider when using an ensemble method. 
Where multiple prediction models are available, regression can be a useful method 
to investigate the additional value of using ensemble methods. 
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Abstract

I f the number of parities a dairy cow will reach could be estimated accurately, 
farmers could optimize their replacement heifer management accordingly. 

This could increase farm profitability and reduce the early culling of older cows. 
In this study, we predicted the total number of parities a dairy cow will reach and 
investigated different approaches to include a farm effect. We obtained data from 
40 large Holstein dairy farms in the Netherlands. Parity reached was predicted at 
first calving (15073 cows) and at second calving (12132 cows). The cows in the data 
were born between 2000 and 2007, where birthyears 2000 to 2006 were used for 
training and 2007 was used as validation data. Variables included in the prediction 
were a range of phenotypic records such as insemination and calving records, milk 
records when available and estimated breeding values on 162 traits. We tested five 
different models: (1) the baseline model, containing no farm information, (2) a model 
containing a farm-ID variable, (3) a model containing nine farm-specific variables 
(4) a model containing the nine farm-specific variables and 40 farm-average EBV 
scores and (5) a farm-specific model, where training and validation took place on 
data from each farm separately. The number of parities reached proved difficult 
to predict. The highest spearman’s rho found was only 0.186 and although mean 
square errors and mean absolute errors also remained low, this was mainly due to 
the prediction models predicting conservatively around the mean parity reached. 
At first calving, the model using both farm variables and farm EBV averages was 
the best scoring model, and the farm-specific model scored the poorest. At second 
calving, the farm-specific model was again the worst model and there was little 
to no difference between the other four models. Accuracies were too low to draw 
conclusions about the benefit of including a farm specific effect, but farm-specific 
variables ranked high in variable importance whenever available. Farm-specific 
models performed the poorest, likely due to the smaller training datasets. Although 
models accounting for the farm-effect were not significantly better than the baseline 
model, farm variables ranked high in feature importance scores whenever available, 
indicating a farm effect does exist. 

KEY WORDS: farm effect, survival, prediction, dairy cow, random forest
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5.1 Introduction
When a dairy cow is culled or dies, it is replaced in the herd by a young heifer. As 
it takes on average two years for a replacement heifer to enter production, farmers 
have to anticipate two years in advance how many heifers will be needed (Heise et 
al., 2018). Therefore, dairy farmers often rear an excess of replacement heifers to 
account for unexpected deaths (Mohd Nor et al., 2015b; Overton and Dhuyvetter, 
2020). When these excess heifers enter production they are either used to replace 
an older dairy cow or sold, because most farms maintain a stable dairy herd size 
(Groenendaal et al., 2004). However, the price of a heifer usually does not cover the 
rearing costs, resulting in a loss if a heifer is sold (Mohd Nor et al., 2015a). Raising 
excess heifers therefore often results in an increase in early culling of older cows 
instead (Overton and Dhuyvetter, 2020). 

Culling due to ‘excess’ cows was reported as 4.6% of all dairy cow culling 
between 2007 and 2012 in the Netherlands (Zijlstra et al., 2013). The actual number 
of cows culled for this reason may be even higher, as only one culling reason is 
routinely reported and most cows are culled for a combination of reasons (Pinedo 
et al., 2014; van Pelt, 2017). Culling older cows because a younger replacement is 
available may seem sensible, as young heifers have several advantages over older 
cows such as improved genetics (Miglior et al., 2017). However, this practice also 
results in increased rearing costs (Mohd Nor et al., 2015b; Boulton et al., 2017) 
and fewer cows in the more profitable third and fourth lactations (Lehmann et al., 
2016; Grandl et al., 2019). Therefore, culling older cows early to make room for a 
replacement heifer is not necessarily the best option from an economic point of view 
(De Vries, 2017).

If farmers could accurately estimate how many parities a young cow is likely 
to reach, they could anticipate how many replacement heifers will be needed. 
Unfortunately, accurately predicting which parity an individual cow will reach is 
very difficult (van der Heide et al., 2020). Therefore, models designed to support 
heifer management decisions rarely include survival traits tailored to individual 
cows (Cabrera, 2012; Záhradník and Pokrivčák, 2016). The difficulty of accurately 
predicting parity reached is due to the complexity of the trait; there are many different 
reasons a cow may die or be culled (De Vries and Marcondes, 2020). Furthermore, 
the majority of culling decisions are management decisions, which are not solely 
based on the biological functioning of the cow (Fetrow et al., 2006). As culling 
decisions are a combination of cow-specific and farm-specific factors, including a 
farm effect into a prediction model may be necessary for an accurate prediction of 
which parity an individual cow will reach. In this study, we investigate if it is possible 
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to accurately predict the total number of parities an individual dairy cow will reach 
at first and second calving. Additionally, we investigated four approaches to study the 
added value of including farm effect into the prediction model. 

5.2 Material and Method
5.2.1 DATA

We obtained a dataset of dairy cows born between 2000 and 2007 from the cattle 
improvement cooperative CRV (Arnhem, the Netherlands). All cows were at 
least 87.5% Holstein, herd book registered, had a known date of death and were 
not exported abroad during their lives. Cows were further required to have first 
calving records, at least one insemination recorded prior to first calving and an age 
at first calving of at minimum 600 days. We selected forty farms with the largest 
number of cows meeting the criteria. From these forty farms, we created two 
datasets; one dataset with records available at first calving, and one dataset with 
records available at second calving. At first calving, the dataset contained 15073 
cows and the average number of cows per farm was 377 (St.dev. =133). At second 
calving, the dataset contained 12132 cows and the average number of cows per 
farm was 303 (St.dev. =113). At second calving, cows were required to have at least 
one insemination record in the first parity and completed 305-day lactation records. 
Not all cows present in the dataset at first calving were also present in the dataset 
at second calving as cows may have died prior to second calving or did not meet 
the criteria. If a cow was moved between first and second calving to a dairy farm 
included in the dataset, the cow would be included in the dataset at second calving. 
If a cow included at first calving was moved to a farm outside of the dataset, this cow 
would not be present in the second calving dataset. 

The trait of interest in this study was the survival trait ‘parity reached’. Parity 
reached was calculated as the number of unique calf dates recorded during the 
lifespan of a cow. For number of cows per parity reached at first and second calving, 
see Table 5.1.

To predict number of parities reached, 24 phenotypic variables were available 
at first calving and an additional 44 phenotypic variables were available at second 
calving. For a full list of variables available, see Appendix 5.A. At first calving 
(Appendix 5.A.2), the variables available were several birth records, breed of the 
cow and various insemination and calving records. Insemination records included 
total number of inseminations before first calving, age at first insemination, season 
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of first insemination and the average time in days between inseminations prior to 
first calving. For the first three recorded inseminations, number of days between 
inseminations and type of insemination were available. If the time between 
inseminations was unknown because a cow had no further inseminations, the 
variable “time between inseminations’ was set to 0. For example, if a cow had only 
one insemination prior to first calving, the variables ‘time between first and second 
insemination’, ‘time between second and third insemination’, and ‘average time 
between inseminations’ were all set to 0 for that cow. Similarly, variables for second 
and third insemination type were set to ‘unknown’ for cows without second or third 
inseminations. Type of insemination was indicated as artificial insemination (AI) 
by the farmer, AI by a professional, natural mating or pasturing with bull. Calving 
records included age at first calving in days, the season of calving, the sex of the calf 
(male, female, stillborn or unknown) and the 24-hour survival of the calf (survived, 
died or unknown). In the case of twins, the data from the first recorded twin was 
included in the calving records, as the number of twin-births was less than 2% of 
the total number of births. 

TABLE 5.1 		  Number of cows per parity reached at first and second calving. 

Parity 
reached

First calving Second calving

# Training # Validation # Total # Training # Validation # Total

1 2170 334 2504.00 - - -

2 2518 396 2914.00 2405 386 2791

3 2703 413 3116.00 2615 405 3020

4 2258 378 2636.00 2179 372 2551

5 1541 261 1802.00 1495 254 1749

6 950 174 1124.00 913 173 1086

7 466 80 546.00 448 81 529

8 233 28 261.00 220 30 250

9 99 5 104.00 92 5 97

10 47 0 47.00 44 0 44

11 13 0 13.00 9 0 9

12 5 0 5.00 5 0 5

13 0 0 0.00 0 0 0

14 1 0 1.00 1 0 1
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At second calving, additional phenotypic records included first parity 
insemination records and second parity calving records (Appendix 5.A.3). The 
same insemination and calving variables were available in this dataset as those 
described for the first calving dataset. The second calving dataset also included milk 
information from the first lactation and number of moves during the first parity. 
Milk records included length of lactation and 305-day averages of milk (kg), protein 
(%), fat (%) and somatic cell count, as well as the number of times the following 
conditions were reported during the entire lactation: 3-teat milking, mastitis, cow 
was sick (other than mastitis), freshly calved or calved early. Specific records were 
further included for the first two test day milk records available: milk (kg), protein 
(%), fat (%), cell count, number of days in milk at test day milking and if one of 
the five listed conditions were reported. This data was included separately since 
farmers might make cow management decisions based specifically on the first few 
test milk day records. In 1294 individual test day milk records, either protein (%), 
fat (%) or both had to be imputed using rfImpute from the randomForest package 
(Liaw and Wiener, 2002). Other test day milk variables, such as milk production (kg) 
were always available and used for the imputation. A binary variable was created to 
indicate if there were imputed lactation records for that cow. 

In addition to phenotypic information, each cow had records in 162 estimated 
breeding values (EBV), including health, fertility and production traits (For a 
full list, see Appendix 5.A.1). The EBV’s were obtained from a national database 
on august 2017 and are based on a 2015 reference population. We used sire and 
maternal grandsire EBV’s as the EBV’s of the cows themselves could not be used. 
This was because EBV’s stored by breeding companies are periodically updated 
with new phenotypic information. This means that all cow EBV’s in this study, with 
birthyears between 2000 and 2007 were updated with phenotypic information up 
to and including the parity they reached. In early trials of this study, this resulted in 
very favorable results as the models were able to extract this information from the 
EBV values. For sires, which were updated with the EBV of all their daughters, this 
effect is still present but reduced. 

The EBV of a cow was calculated as follows:

                             EBVsire + ( EBVmaternal_grandsire x 0.5 )

For all cows in the data, we had a total of 2104 sires and 2021 grandsires. In some 
cases, a limited number of EBV’s was missing for either sire or maternal grandsire. 
These values were imputed using rfImpute based on the mean parity reached by 



107

Chapter 5

5

their daughters. No bull (sire or maternal grandsire) was missing more than 20% 
of their EBV’s, and no included EBV had more than 25% missing records in total. A 
variable was created to indicate if the sire or maternal grandsire had missing EBV’s 
prior to imputation. 

5.2.2 ANALYSIS
We used the random forest machine learning method (Breiman, 2001; Qi, 2012) 
to predict parity reached in dairy cattle at birth and at first calving. The data was 
analyzed in the statistical program R (Team, 2016), using the packages ‘mlr’ (Bischl 
et al., 2016; Probst et al., 2017) to implement ‘randomForest’(Liaw and Wiener, 
2002). Random forest was applied by first tuning on the training data, which was 
the data from 2000 to 2006, and then validating on the 2007 data. We used 7-fold 
validation to determine the optimal parameters for each model from the following 
ranges: 2 to 200 variables per split, 1 to 100 cows per end-node and 10 to 1200 
possible trees. The maximum number of variables per split was set to 100, 150 or 
200 for hyperparameter tuning, whichever value did not exceed the total amount 
of variables in a dataset. We used 7-fold instead of the more commonly used 10 as 
there was 7 years’ worth of data in the dataset used for hyperparameter tuning. 

To investigate the effect of farm, we analyzed the data in five different ways. For 
an overview of the five different set-ups and their main (dis)advantages, see Table 
5.2. To establish a baseline, the first set-up ignored farm-effect entirely. This meant 
the model was trained and validated on all available cows from the training and 
validation dataset, while no farm ID variable was included. In the second model, a 
farm-ID variable was included for each cow. This would allow the model to use this 
farm-ID variable to split the data if this resulted in a better prediction.

TABLE 5.2		  Overview of the different models and their advantages. 

Model # training 
examples

Can be used 
to predict  
new farms

Potential 
to cover all 
aspects farm 
effect

1 Baseline Normal Yes No

2 Baseline + Farm ID Normal No Yes

3 Baseline + Farm variables Normal Yes1 No

4 Baseline + Farm variables & EBV averages Normal Yes12 No

5 Farm specific Small but \specific No Yes

1Although we did not have records outside of the data collection period this data would be obtainable for 

application in practice. 2EBV records for farms not in the data can be obtained. 
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The third set-up did not use a farm-ID variable, but included nine farm-specific 
variables: mean parity reached for first parity cows in 2000, mean parity reached 
for first parity cows in 2001, proportion of cow deaths due to culling, average 
number of cows in the first parity between 2000 and 2006, average percentage of 
growth (or decline) in number of cows  in the first parity per year between 2000 
and 2006 and the average percentage of growth (or decline) in number of cows in 
the first parity per year between 2004 and 2006. These variables could explain a 
portion of the farm effect, indicating for example if a farm had been expanding or 
shrinking its herd in recent years. For each cow, we also calculated the number of 
cows in the same parity and farm the year prior, the number of cows in the same 
parity and farm two years prior, and the difference between these two variables. 
For example, for a first parity cow born on farm A in 2002, these variables indicated 
the number of cows in the first parity on farm A in 2001, the number of cows in 
the first parity on farm A in 2000 and the difference between these numbers. If a 
previous year was not included in the dataset, as was the case for cows born in 2000 
and 2001, the mean number of cows per year between 2000 and 2006 was used. 
The three variables indicating number of cows in the previous two years bring the 
total to nine farm-specific variables included in the third set-up. A benefit of using 
these variables as opposed to simply using farm ID was that these variables could be 
useable even for new farms (farms not in the training dataset). When using farm ID, 
all the phenotypic and genomic variables used in this study would have to be known 
for a training population for the model to properly fit the farm effect. Using these 
variables, which were calculated from simple records on cow numbers and deaths 
which are collected for administrative purposes, farm-specific effects could be 
fitted even for new farms without training data. The down-side is that this restricts 
the model to using the variables provided, rather than capturing effects which are 
not explicitly modelled as is the case when using Farm ID instead.  This means 
that farm effects outside of those explicitly provided may not be captured by this 
model. The fourth set-up expanded on the model with farm variables by including 
the average EBV scores per farm for 40 of the 162 EBVs. In this set-up, additional 
information is provided which could explain farm policies, for example if the farm 
breeds specifically for high milk production or fertility, which could explain some 
of the differences in culling policies. The final set-up was used to build separate 
prediction models per farm. This was done by splitting the dataset into 40 sub-
datasets (one for each farm), training and validating the model separately for each 
farm. For hyperparameter tuning, we used the mean value for the number of trees, 
variables and number of cases per end-node across farms (rounded to an integer 
value). For this fifth set-up, the reported results are the mean results across farms. 



109

Chapter 5

5

To evaluate the models, we obtained the mean square error and the mean 
absolute error. These are the recommended metrics to compare regression models 
(Bischl et al., 2016). We further provide Spearman’s’ rho statistic to describe the 
ranking of the model based on predicted parity reached versus the actual ranking 
(Rosset et al., 2005).  We chose to provide a ranking metric as this was the intended 
use of the model in practice. We further also investigate the importance scores of 
each model and compared the ranking of variables between models.

5.3 Results
The best-scoring model on the dataset at first calving was the model using both farm 
variables and farm EBV averages (Table 5.3). This model had the highest spearman’s 
rho and the lowest MAE and MSE. The worst-scoring model was the farm-specific 
model, which was also the model with the least amount of data for training. Except 
for the farm-specific model, all models performed very similarly. At second calving, 
the results were very similar (Table 5.4). The farm-specific model was again the 
worst model, and there was little to no difference between the other four models.  

TABLE 5.3 		  Performance metrics for the models predicting at first calving. 

Spearman’s
rho

Mean
absolute error

Mean
square error

Baseline model 0.140 1.459 3.136

Baseline + Farm ID 0.147 1.455 3.136

Baseline + Farm variables 0.146 1.465 3.174

Baseline + Farm variables & EBV averages 0.158 1.449 3.099

Farm specific model 0.116 1.475 3.236

TABLE 5.4		  Performance metrics for the models predicting at second calving.

Spearman’s
rho

Mean
absolute error

Mean
square error

Baseline model 0.186 1.269 2.385

Baseline + Farm ID 0.181 1.275 2.404

Baseline + Farm variables 0.185 1.275 2.398

Baseline + Farm variables & EBV averages 0.181 1.274 2.405

Farm specific model 0.107 1.312 2.556
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As the correlation coefficients were quite low, it is surprising that the MAE and 
MSE also remained relatively low. The MAE indicates the absolute mean difference 
between the predicted and actual parity reached and was therefore a useful metric 
for the practical performance of the model. The MAE was 1.449 and 1.274 for 
the best models at first and second calving respectively. This meant that if a cow 
was predicted to reach parity 3, that cow would have actually reached parity 2 
or 4 on average. As parity reached is a range of values between 1 and 14 in our 
dataset with a mean of 4, an average error of less than 2 parities might be useful. 
Unfortunately, the reason the MAE and MSE remained relatively low is because 
the models predict conservatively around the mean parity reached (Figures 5.1 
and 5.2). These figures show the predicted and actual parity reached of all cows 
in the validation dataset. At first calving, the models mainly predict cows to reach 
between the second and fifth parity, with most of predictions between parities 
three and four. At second calving, the models mainly predict between the third and 
fifth parity, with most of cases predicted around the fourth parity. Despite small 
differences in the performance metrics between the different models, all five models 
had almost identical performance. The only differences between models in the 
figures were in the extreme parities (Parity reached >7), except for slightly larger 
standard deviations for the farm-specific models overall. In the extreme parities, 
the differences between models were likely due to the limited amount of training 
and testing cases in this group (Table 5.1).

We further investigated the importance scores per model to see if there was 
added value in including a farm effect in some way. As the values of the feature 
importance score are scaled differently depending on the model, they cannot be 
compared directly. However, we could investigate which features ranked highest 
across models (Table 5.5 and Table 5.6). At both first and second calving, farm 
specific variables such as ‘Per farm average parity reached in 2001’ ranked in the 
top five of the twenty-five highest scoring variables at first and second calving, 
respectively. This indicates that when these variables are available, they are often 
selected to create splits by the trees in the forest. The variable ‘farm ID’ from 
the Farm ID model was also the most important variable when this variable was 
available. Other farm variables of interest were variables related to herd size. The 
‘Average number of first parity cows between 2000 and 2006’, ‘Number of cows 
in first parity last year’, ‘Number of cows in first parity two years ago’ and the 
‘difference in number of cows between last year and the year before’ all ranked in 
the twenty-five highest ranking variables. The farm-average EBV values ranked 
very low without exception. 
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FIGURE  5.1. Predicted vs realized parity reached at first calving. Results from the validation dataset; 

cows born in 2007. 
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FIGURE 5.2. Predicted vs realized parity reached at second calving. Results from the validation 

dataset; cows born in 2007.
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TABLE 5.5		  Twenty-five highest ranked variables based on average rank 
					     across models at first calving dataset.

Variable name Model

1 2 3 4 5 Average 
rank

Farm ID1 - 1 - - - 1

Age at first calving 1 2 1 1 1 1.2

Per farm average parity reached in 20002 - - 2 2 - 2

Per farm average parity reached in 20012 - - 4 3 - 3.5

EBV Lifetime Fat Production 2 3 9 4 3 4.2

Age at first insemination 3 5 3 9 2 4.4

EBV Longevity without predictors 5 6 16 5 4 7.2

Dutch Value Index EBV (NVI) 6 7 19 11 5 9.6

Number of cows in first parity 2 years ago2 - - 6 14 - 10

EBV Longevity with predictors 9 8 22 7 6 10.4

EBV Lifetime Production 7 9 24 6 9 11

EBV Lifetime Milk Production 10 10 27 10 7 12.8

EBV Lifetime Protein Production 8 11 31 8 12 14

EBV Better Life Health (index) 4 4 25 12 28 14.6

Difference in number of first parity cows 
between last year and the year before2

- - 5 25 - 15

Average number of first parity cows 
between 2000 and 20062

- - 15 17 - 16

EBV Direct calving ease  15 15 29 21 8 17.6

Number of cows in first parity last year2 - - 7 29 - 18

EBV Fat score 13 14 30 15 19 18.2

Parity of dam 11 13 14 39 18 19

EBV Fat score 19 18 34 19 11 20.2

EBV Teat length 17 16 28 27 16 20.8

EBV Temperament  12 12 26 20 34 20.8

EBV Saved Feed for Maintenance  32 25 40 18 15 26

EBV Rump Angle  22 24 33 36 17 26.4

1Only in Baseline + Farm ID model 
2Only in Baseline + Farm variables and Baseline + Farm variables and farm EBV models.
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TABLE 5.6		  Twenty-five highest ranked variables based on average rank 
					     across models at second calving dataset. 

Variable name Model

1 2 3 4 5 Average 
rank

Farm ID1 - 1 - - - 1

Age at second calving 1 2 2 1 1 1.4

Per farm average parity reached in 20012 - - 1 2 - 1.5

Length of first lactation 2 3 4 3 2 2.8

Per farm average parity reached in 20002 - - 3 4 - 3.5

Cell count on second test milk day 3 4 5 5 4 4.2

EBV Lifetime Fat Production 4 5 6 6 9 6

Cell count on first test milk day 5 6 8 7 6 6.4

Age at first insemination after first calving 7 7 7 9 3 6.6

First lactation value 6 8 10 8 18 10

Protein % on first test milk day 11 11 15 13 7 11.4

EBV Better Life Health (index) 9 10 14 10 20 12.6

EBV Longevity without predictors 22 9 11 12 10 12.8

Dutch Value Index EBV (NVI) 12 12 13 11 17 13

Protein % on second test milk day 8 15 17 14 13 13.4

Age at first calving 18 14 16 18 5 14.2

EBV Longevity with predictors 28 13 12 15 8 15.2

Fat % on first test milk day 13 16 22 16 23 18

305-day average Milk (kg) 16 19 18 19 19 18.2

Age at first insemination in the first parity 10 20 23 17 27 19.4

305-day average Fat (%) 15 21 25 20 16 19.4

EBV Lifetime Production 24 17 19 26 12 19.6

305-day average Protein (kg) 20 18 20 22 28 21.6

Fat % on second test milk day 17 22 28 21 21 21.8

Milk production (kg) on first test milk day 19 27 31 23 14 22.8

1Only in Baseline + Farm ID model, 2Only in Baseline + Farm variables and Baseline + Farm variables 

and farm EBV models
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Next to farm characteristics, variables that rank highly were almost always 
related to fertility, production and (udder) health. At first calving, the majority of 
high ranking variables were EBVs, as no phenotypic information is available on 
production or health traits. At second calving, phenotypic variables for fertility, 
production and udder health were available and rank higher than the EBV’s instead. 
The EBV’s that remain in the top twenty-five describe production across the lifetime 
of the cow, for example ‘EBV Lifetime fat production’ and ‘EBV lifetime production’, 
as well as the EBV for longevity.  

5.4 Discussion
We investigated if it is possible to accurately predict the total number of parities 
a dairy cow will reach. We compared four different methods to include a farm 
effect, while also considering limitations of each of these options. The number of 
parities reached for an individual cow proved difficult to predict. One of the main 
reasons why survival traits like parity reached are difficult to predict in general 
is because the number of new records (cows reaching the end of their lifespan) 
is limited. Random forest, like all machine learning methods, is highly dependent 
on the amount of records available to obtain accurate predictions (Zheng and Jin, 
2019). The purpose of this study was to investigate different methods to include a 
farm-effect and therefore only the largest farms in the dataset had enough records 
per farm. Next to low numbers of records, variables for some causes of death were 
missing, which could also have contributed to the low prediction accuracy. For 
example, both lameness and calving problems are important factors in dairy cow 
survival (De Amicis et al., 2018; Dolecheck and Bewley, 2018), but in the current 
study no phenotypes were available for lameness and phenotypes for calving ease 
could not be used due to the large number of missing records for this trait. 

The low accuracy across models in this study made it difficult to compare 
the different strategies to include the farm-effect. We did find differences in the 
average number of parities reached between farm, which indicated farm-specific 
culling policies. Farm-specific differences in survival were also found in literature 
(Boer and Zijlstra, 2013; Armengol and Fraile, 2018). Furthermore, farm variables 
consistently ranked in the top twenty-five variables when included in the data, 
indicating a farm-effect. Variables related to herd size, such as ‘number of cows 
in first parity last year’ and ‘difference in number of first parity cows between last 
year and the year before’ ranked high in the feature importance rankings at both 
first and second calving, for example. The number of cows in the first parity in any 
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given year is correlated with total herd size of that farm. Herd size is often included 
as a farm-specific effect or correction factor for farm because this trait is almost 
always available and has been shown to influence survival (Hadley et al., 2006; Boer 
and Zijlstra, 2013; De Vries, 2020). The Farm ID variable stood out especially, as it 
scored over five times higher than the next highest variables at both first and second 
calving (data not shown). 

The high feature importance score of Farm ID may have been caused by the tendency 
of random forests to prefer to split in factors with large numbers of classes (Strobl et 
al., 2007; Boulesteix et al., 2012). Farm ID was a factorial variable with 40 classes, 
ten times more classes than the next largest categorical variables (Appendix 5.A.2 
and Appendix 5.A.3). Another possibility for the high feature importance score of 
Farm ID was that the model used this variable to predict a farm-average value 
for ‘parity reached’ for most cows. A simple farm-average may have been the best 
predictor for ‘parity reached’ for many cows given the low predictive ability of the 
model in general, because the variables ‘average parity reached on a farm in 2000’ 
and the same variable for 2001 were also ranked highly when available. 

An argument against the existence of a (relevant) farm effect is the fact that the 
baseline model had the best predictive performance at second calving (Table 5.4). 
One possible explanation why the baseline model performed better than the ‘Farm 
ID’-, ‘Farm variables’-, and ’Farm variables + EBV’-models is because the baseline 
model included fewer variables. The addition of variables that do not have much 
explanatory power can lead to overfitting, although random forests are known to be 
robust against this problem (Cutler et al., 2012). We chose not to include a variable 
selection step because (1) the number of variables was much smaller than the 
number of records whereas variable selection is most often done when the number 
of variables equals or exceeds the number of records, (2) we were interested in the 
effect of farm variables and minor farm effects could be removed during a feature 
selection step and (3) because the large variability in variables in our dataset could 
have led to bias in common selection procedures (Strobl et al., 2007; Genuer et al., 
2010). The addition of uninformative variables could be the cause of the difference in 
ranking between the ‘Baseline’-, Farm ID’-, ‘Farm variables’-, and ’Farm variables 
+ EBV’-models. However, model performance is also always highly overlapping 
between these four models and it is extremely unlikely that these differences are 
statistically significant.  
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The predictive performance of the models in this study was too low to be useful for 
selection of cows. In order to be useful in practice, predictive performance must be 
increased overall. The most obvious solution to improve predictive performance 
of a machine learning method is to increase the amount of relevant data available 
(Domingos, 2012). This is especially challenging for survival traits such as number 
of parities reached, as the number of records per farm is limited. The average farm 
in the Netherlands had 103 dairy cows in 2018 (Agrimatie, 2018), which means 
that only a few dozen new records are generated per farm per year. Furthermore, 
survival traits are not static: survival traits and factors contributing to survival 
change over time through breeding and changes in the dairy industry (Heise et al., 
2016; Van Pelt et al., 2016; Compton et al., 2017). For example, in 2015 the milk quota 
system was abolished in the Netherlands, which led to many dairy farms growing 
their herd which reduced culling rates (Huettel and Jongeneel, 2011; Läpple and 
Sirr, 2019). Then in 2017, this trend reversed with the introduction of new Dutch 
phosphate regulations which restricted herd size, increasing culling rates in the 
following years and resulting in the voluntary culling of young cows not normally at 
risk (for example (Beekman, 2019). This means culling patterns may not be similar 
between different birthyears, particularly between birthyears that are further 
apart. Including fluctuations in culling patterns caused by a variety of internal and 
external factors is a major challenge in predicting a long-term survival trait like 
number of parities reached. 

Due to limitations in obtaining relevant training data, the prediction of survival 
traits in dairy cows is likely to remain limited to more narrowly defined traits or 
predictions in the near future (as opposed to predicting events decades into the 
future). There appears to be a trend for higher accuracies if the moment that is being 
predicted is closer to when the prediction takes place (Hadley et al., 2006; van der 
Heide et al., 2019). However, there is a trade-off between prediction accuracy and 
usefulness of the prediction because culling decisions are often made months prior 
to a culling event. If the prediction takes place after the decision, the prediction only 
reflects rather than actually predict farmers decisions (Shmueli, 2010). To investigate 
what is necessary for (farm-specific) prediction of survival traits to be viable, it may 
be worthwhile to predict on a different livestock species. Survival traits in sows are 
similar to survival traits in dairy cows: both traits combine animal-specific factors 
like production and fertility with farm-characteristics and farm management 
factors (Soltész et al., 2016; Moeller et al., 2019) and there is evidence that culling 
policies could be improved through modelling in both species (Bergman et al., 2018). 
Similar to dairy cows, existing models created to assist replacement policies do not 
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include predictions of survival traits like number of parities reached (Plà, 2007; 
Hindsborg and Kristensen, 2019). The benefit of predicting on sows instead of dairy 
cows is that the number of sows per farm is often larger, sow parities are shorter 
and sow replacement rates tend to be higher than those of dairy cows, resulting in 
larger and more relevant training datasets (Malanda et al., 2019). Experience on 
predicting parity reached in sows could then be leveraged to improve the prediction 
of parity reached in dairy cattle. 

5.5 Conclusion
The aim of this study was to investigate if it was possible to accurately predict 
the total number of parities an individual dairy cow will reach and the role farm-
effect plays in this prediction. Accurately predicting the number of parities reached 
proved very difficult. Performance was overlapping for a baseline model without 
farm effects and models including a variety of different farm variables. Farm-
specific models performed poorest regardless of prediction moment, likely due to 
their small training sets. Although models accounting for the farm-effect were not 
significantly better than the baseline model, farm variables ranked high in feature 
importance scores whenever available, indicating a farm effect does exist. 
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5.7 Appendix 
TABLE 5.A.1	 Estimated breeding values in the data.*

Variable name Mean St.dev.

NVI (Dutch total value index) -70.22 13.84

Milk yield  -15293 11255

Fat yield  -399.26 326.17

Protein yield  -583.36 276.28

Lactose yield  -867.50 513.30

Fat percentage  45.76 60.69

Protein percentage  1.78 28.21

Lactose percentage  -9.13 4.54

Dutch milk value index -345.35 173.72

Milk yield   Lactation 1 -938.36 1827

Fat yield   Lactation 1 -20.80 57.11

Protein yield   Lactation 1 -44.71 48.60

Lactose yield   Lactation 1 -65.68 82.62

Fat percentage   Lactation 1 5.28 10.02

Protein percentage   Lactation 1 -0.54 4.16

Lactose percentage   Lactation 1 -2.73 1.63

Dutch milk value (index) Lactation 1 -24.37 31.46

Milk yield Lactation 2 -2277 2027

Fat yield Lactation 2 -63.11 55.10

Protein yield   Lactation 2 -88.52 48.87

Lactose yield   Lactation 2 -131.23 92.32

Fat percentage   Lactation 2 6.84 10.69

Protein percentage   Lactation 2 0.42 5.06

Lactose percentage   Lactation 2 -3.15 1.45

Dutch milk value (index) Lactation 2 -52.87 30.18

Milk yield   Lactation 3 -2756 2029

Fat yield   Lactation 3 -72.17 57.77

Protein yield   Lactation 3 -102.91 49.16

Lactose yield   Lactation 3 -155.48 92.71
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Variable name Mean St.dev.

Fat percentage   Lactation 3 7.71 10.26

Protein percentage   Lactation 3 0.52 4.85

Lactose percentage  -19.54 9.10

Dutch milk value (index) Lactation 3 -61.36 30.86

Milk yield   Lactation 4 -3236 1862

Fat yield   Lactation 4 -84.58 54.47

Protein yield   Lactation 4 -119.81 45.35

Lactose yield   Lactation 4 -179.55 85.22

Fat percentage   Lactation 4 8.48 9.78

Protein percentage   Lactation 4 0.48 4.72

Dutch milk value (index) Lactation 4 -71.55 28.52

Milk yield   Lactation 5 -3862 1732

Fat yield   Lactation 5 -100.84 52.68

Protein yield   Lactation 5 -140.68 41.90

Lactose yield   Lactation 5 -205.53 79.67

Fat percentage   Lactation 5 10.35 9.89

Protein percentage   Lactation 5 0.76 4.82

Lactose percentage   Lactation 2 -3.63 1.69

Dutch milk value (index) Lactation 5 -84.16 26.56

Persistency Overall 15009 76.11

Persistency Lactation 1 15313 64.52

Persistency Lactation 2 15019 71.11

Persistency Lactation 3 14887 71.45

Persistency Lactation 4 14860 73.07

Persistency Lactation 5 14848 69.13

Rate of Maturity 14846 69.05

Longevity without predictors -113.55 34.52

Longevity with predictors -113.84 34.48

Stature 14826 90.23

Chest width 14801 72.99

Body depth 14900 85.29

TABLE 5.A.1	 Continued
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Variable name Mean St.dev.

Angularity 14967 77.51

Body Condition score 14781 82.07

Rump Angle 15062 89.25

Rump width 14749 93.72

Rear legs rear view 14907 103.53

Rear leg set side view 15191 72.41

Foot angle 14747 71.06

Locomotion 14920 88.96

Fore udder attachment 14756 90.06

Front teat placement 14853 103.40

Teat length 15178 92.35

Udder depth 14688 82.07

Rear udder height 14847 91.41

Udder support 14847 110.87

Rear teat placement 14924 101.07

Frame overall conformation score 14750 80.61

Dairy strength overall conformation score 14790 68.59

Udder overall conformation score 14679 96.17

Feet and legs overall conformation score 14771 95.04

Overall conformation score 14601 93.89

Birth (index) 29672 175.90

Direct calving ease 14801 95.90

Maternal calving ease 14729 60.63

Milking speed 14916 77.00

Temperament 14857 86.29

Fertility (index) 14767 91.88

Non-Return rate Lactation 56 days 59375 289.69

Interval calving to first insemination 59400 336.11

Calving Interval 59042 361.59

Interval First to Last Insemination 5926 350.83

Conception rate 59130 347.71

TABLE 5.A.1	 Continued
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Variable name Mean St.dev.

Conception rate heifers 14925 97.33

Age first insemination heifers 14837 91.16

Non-Return rate Lactation 56 days Lactation 1 14850 71.78

Interval calving to first insemination Lactation 1 14778 98.65

Calving Interval Lactation 1 14734 101.79

Interval First to Last Insemination Lactation 1 14819 86.84

Conception rate Lactation 1 14802 92.00

Non-Return rate Lactation 56 days Lactation 2 14871 69.78

Interval calving to first insemination Lactation 2 14880 77.30

Calving Interval Lactation 2 14789 82.04

Interval First to Last Insemination Lactation 2 14831 84.11

Conception rate Lactation 2 14791 84.37

Non-Return rate Lactation 56 days Lactation 3 14812 78.51

Interval calving to first insemination Lactation 3 14893 79.28

Calving Interval Lactation 3 14761 88.01

Interval First to Last Insemination Lactation 3 14808 92.32

Conception rate Lactation 3 14759 85.79

Somatic Cell Score 14763 54.87

Somatic Cell Score Lactation 1 14805 59.69

Somatic Cell Score Lactation 2 14793 50.11

Somatic Cell Score Lactation 3 14759 50.47

Somatic Cell Score Lactation 4 14756 59.33

Somatic Cell Score Lactation 5 14761 64.34

Livability index 15013 121.22

Maternal livability index 14819 94.33

Livability in heifers 29835 124.10

Maternal livability in heifers 14818 94.26

Livability in cows 29828 163.15

Maternal livability in cows 14920 73.53

Body weight 14737 67.69

Beef Merit (index) 14993 47.42

TABLE 5.A.1	 Continued
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Variable name Mean St.dev.

Meat content 44918 256.51

Fat score 45277 231.36

Carcass weight 14882 60.53

Meat content Lactation 1 14940 88.73

Fat score Lactation 1 15084 77.97

Growth 29924 85.47

Veal color 15136 92.64

Meat content Lactation 2 15054 107.09

Fat score Lactation 2 15017 97.01

Growth Lactation 1 15002 69.49

Overall Urea -9.76 32.01

Urea -42.06 156.68

Urea Lactation 1 -12.73 33.57

Urea Lactation 2 -11.07 31.53

Urea Lactation 3 -6.09 29.65

Urea Lactation 4 -2.30 29.76

Udder health (index) 14755 78.77

Subclinical mastitis 59245 238.73

Clinical mastitis 59101 307.89

Subclinical mastitis Lactation 1 14773 71.57

Clinical mastitis Lactation 1 14771 74.31

Subclinical mastitis Lactation 2 14823 58.97

Clinical mastitis Lactation 2 14838 80.56

Subclinical mastitis Lactation 3 14847 61.85

Clinical mastitis Lactation 3 14735 91.99

Birth (index) Lactation 1 14836 87.95

Calf survival day 3 - 365 15078 72.20

Survival day 3- 14 15034 56.91

Survival 15 - 180 15098 115.59

Lifetime Production (index) -1199 230.33

Lifetime Milk Production -5755 1194.18

TABLE 5.A.1	 Continued
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Variable name Mean St.dev.

Lifetime Fat Production -187.34 35.35

Lifetime Protein Production -177.36 35.21

Dry matter intake index (with predictors) -61.10 15.00

Saved Feed for Maintenance 28.74 12.07

Saved Feed Cost for Maintenance  17.33 7.27

Age of first calving 14888 87.72

Better Life Efficiency -1.13 1.31

Better Life Health -2.64 0.64

*Mean and standard deviation are derived from the first parity; St.dev.=Standard deviation 

TABLE 5.A.1	 Continued
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TABLE 5.A.2	 Phenotypic variables available at first calving. * 

Variable name Factor 
levels

Mean St.
dev.

Breed** 41

Dam Parity 2.591 0.230

Birth season 4

Holstein (100%/87,5%) 2

Red factor (Yes/No) 2

Age at first calving (days) 778.119 38.432

Season of first calving 4

Number of farm-moves prior to first calving 0.487 0.702

Reared at a different farm (Yes/No) 2

Number of inseminations 1.625 0.214

First insemination type (AI, natural mating, pasture with bull) 3

First insemination AI type (AI by farmer, AI by professional) 2

Second insemination type (includes ‘unknown’) 4

Second insemination AI type (includes ‘unknown’) 3

Third insemination type (includes ‘unknown’) 4

Third insemination AI type (includes ‘unknown’) 3

Time between first and second insemination (days) 17.992 7.432

Time between second and third insemination (days) 6.206 3.653

Average time between inseminations prior to the first parity 
(days)

18.160 7.981

Season of first insemination 4

Age at first insemination 473.187 38.449

Gender of first calf (Female/Male/Stillborn/Unknown) 4

First calf survived for 24 hours (survived, died or unknown) 3

Twins (Yes/No) 2

*For factorial variables, the number of classes is shown and for continues variables, the mean and the 

standard deviation; St.dev.=Standard deviation  **Up to 26 different classes of “breed” exist, but only 4 

occur in our data
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TABLE 5.A.3	 Phenotypic variables available at second calving.* 

Variable name Factor 
levels

Mean St.dev.

Variables at first calving

Breed** 4

Dam Parity 3.943 0.307

Birth season 4

Holstein (100%/87,5%) 2

Red factor (Yes/No) 2

Age at first calving (days) 775.524 37.613

Season of first calving 4

Number of farm-moves prior to first calving 0.494 0.707

Reared at a different farm (Yes/No) 2

Number of inseminations 1.608 0.215

First insemination type (AI, natural mating, pasture with bull) 3

First insemination AI type (AI by farmer, AI by professional) 2

Second insemination type (includes ‘unknown’) 4

Second insemination AI type (includes ‘unknown’) 3

Third insemination type (includes ‘unknown’) 4

Third insemination AI type (includes ‘unknown’) 3

Time between first and second insemination (days) 17.689 8.198

Time between second and third insemination (days) 6.162 3.955

Average time between inseminations prior to the first parity 
(days)

17.939 8.809

Season of first insemination 4

Age at first insemination 472.138 38.016

Gender of first calf (Female/Male/Stillborn/Unknown) 4

First calf survived for 24 hours (survived, died or unknown) 3

Twins in the first parity (Yes/No) 2

New variables at second calving 

Number of inseminations in the first parity 2.012 0.289

First insemination type (AI, natural mating, pasture with bull) 
in the first parity

3

First insemination AI type (AI by farmer, AI by professional) in 
the first parity

2
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Variable name Factor 
levels

Mean St.dev.

New variables at second calving 

Second insemination type in the first parity 4

Second insemination AI type in the first parity 3

Third insemination type in the first parity 4

Third insemination AI type in the first parity 3

Time between first and second insemination in the first parity 
(days)

20.976 3.467

Time between second and third insemination in the first parity 
(days)

9.668 2.588

Average time between inseminations in the first parity (days) 20.730 3.403

Season of first insemination in the first parity 4

Age at first insemination in the first parity (days) 861.826 46.598

Lactation length (days) 349.302 16.666

Number of moves between farms in the first parity 0.002 0.005

305-day milk production (kg) 8014 610.397

305-day Fat production (kg) 338.776 23.382

305-day Protein production (kg) 276.917 20.672

Lactation value 103.006 2.091

Milk production (kg) on first test milk day 263.412 16.567

Fat production (%) on first test milk day 455.979 18.336

Protein production (%) on first test milk day 338.650 7.788

Cell count on first test milk day 213.209 53.047

Indication of one of five conditions on first test milk day (3-teat 
milking, mastitis, cow was sick, fresh, calved early)

5

Days in milk on first test milk day 19.235 3.067

Milk production (kg) on second test milk day 302.667 19.020

Fat production (%) on second test milk day 403.479 14.536

Protein production (%) on second test milk day 321.567 5.283

Cell count on second test milk day 106.425 28.912

Indication of one of five conditions on second test milk day  
(3-teat milking, mastitis, cow was sick, fresh, calved early)

5

Days in milk on second test milk day 53.322 8.614

TABLE 5.A.3	 Continued
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Variable name Factor 
levels

Mean St.dev.

New variables at second calving 

Test milk day values for fat or protein were imputed (Yes/No) 2

Total number of failed milkings 0.001 0.002

Total number of 3-teat milkings 0.005 0.018

Total number of milkings while the cow was in heat 0.018 0.029

Total number of milkings with mastitis 0.008 0.023

Total number of milkings where sampling failed 0.049 0.115

Total number of milkings while the cow was sick 0.010 0.012

Total number of milkings after the cow calved recently (max =1) 0.065 0.021

Total number of milkings after the cow calved early (max =1) 0.001 0.003

Age at second calving (days) 1182.216 48.232

Season of second calving 4

Gender of second calf (Female/Male/Stillborn/Unknown) 4

Second calf survived for 24 hours (survived, died or unknown) 3

Twins at second calving 2

*The first half of the table shows the first parity variables with updated statistics for the second parity 

dataset. The second half of the table shows new variables available in the second parity dataset. For 

factorial variables, the number of classes is shown and for continues variables, the mean and the 

standard deviation; St.dev.=Standard deviation. **Up to 26 different classes of “breed” exist, but only 4 

occur in our data

TABLE 5.A.3	 Continued
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CHAPTER 6 
 General discussion   

6.1 Introduction
Survival traits of dairy cows are important to all aspects of dairy production. For 
example, improving survival traits increases herd milk yield and farm profitability 
(De Vries, 2017) while reduces rearing costs on the farm (Mohd Nor et al., 2015; 
Boulton et al., 2017). Improving  survival traits further has a positive effect on the 
image of the dairy industry in the eyes of consumers and policy makers (Zijlstra 
et al., 2016; De Vries, 2020) and also reduces the environmental impact of milk 
production (Bell et al., 2015; Grandl et al., 2019). Because of the importance of 
survival, attempts to improve this trait are ongoing in many countries (Forabosco et 
al., 2009). The current approach is improving survival through selective breeding. 
However, despite a positive genetic trend, this strategy has not resulted in improved 
survival in practice (Zijlstra et al., 2013; van Pelt, 2017). The lack of improvement 
in practice is likely due to the large amount of non-genetic factors influencing 
survival, such as farm management practices and policy changes (De Vries and 
Marcondes, 2020). In this thesis, I proposed the use of phenotypic prediction as 
a tool to improve dairy cow survival. By predicting future survival phenotype, 
farmers could select calves and heifers likely to survive longer. Selecting the best 
cows through phenotypic prediction would not only directly improve cow survival, 
but also indirectly by reducing the amount of cows culled early due to excess heifers 
entering the herd (Overton and Dhuyvetter, 2020). 

The aim of this thesis was to investigate if phenotypic prediction of survival in 
dairy cattle could be done accurately enough to be of use in practice and, secondly, 
which method was best suited for this prediction problem. Therefore, in chapter 
2, I investigated if it was possible to predict survival using a traditional method 
in the animal science domain: multiple logistic regression. The binary trait of 
interest was survival to second lactation (yes/no). In this chapter, I also investigated 
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which variables contributed most to this prediction, and if there was added value 
in including estimated breeding values (EBVs). EBVs proved especially useful 
for predicting survival at a very early stage of life, but also continued to improve 
prediction throughout the first parity. Although prediction of survival proved 
possible, the accuracy of prediction for individual cows was low. To study whether 
the use of a different method might improve accuracy, I compared the results of the 
method from chapter 2 to two machine learning methods in chapter 3. I compared 
the multiple logistic regression to naive Bayes and random forest. No method proved 
to be universally better than the others, but each method had different strengths. 
Multiple regression achieved the highest AUC value on three out of five datasets. 
Naive Bayes, while not achieving the highest AUC on the most datasets, obtained 
higher AUC values than the regression for the earliest datasets. The random 
forest method had the worst performance on overall performance metrics like 
AUC but scored significantly higher than the other two methods in specificity and 
negative predictive value. This meant that the random forest model was better at 
identifying non-surviving cows than the other two methods. Therefore, in chapter 
4, I investigated if I could harness the different strengths of each individual model 
to improve prediction by combining the models from chapter 3 into an ensemble. 
Using multiple regression to combine the outcomes of the three individual methods 
proved to be the best ensemble method and using an ensemble significantly 
improved prediction on some, but not all, of the performance metrics. Finally, in 
chapter 5, I attempt phenotypic prediction of true survival in the form of “number 
of parities reached”, rather than a binary trait, and investigate the effect of farm 
on this prediction. Although accurate prediction of true survival was not possible, 
this chapter showed several possible strategies of integrating different sources of 
information for the prediction of survival. By combining the results of this thesis, 
the first steps were taken in building a model to predict phenotypic survival for 
use in selecting cows for the production herd. The purpose of this model would 
be to inform farmers about the future prospects of their cows, allowing them to 
more accurately estimate how many replacement heifers will be needed, and which 
young cows to keep in their herds. 

The first section of the discussion is dedicated to model evaluation and method 
selection. I will first describe and review the different performance metrics used in 
this thesis, then discuss potential problems that can arise during method selection. 
Lastly in this sub-chapter, I provide an interesting solution to these issues from 
the data-science domain. As predictive performance in this thesis was low overall 
regardless of metric, improving the performance of the models will be necessary 
before they can be of practical use. I therefore explore two strategies that I believe 
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to be the best opportunities to significantly improve predictive performance in 
section 6.3. In the last section of this discussion, 6.4, I discuss how to move from a 
scientific study to a practical decision support tool and touch upon how considering 
the farmer in the method selection and modelling process can help create models 
with greater practical relevance.  

6.2 Method comparison and selection
The main body of this thesis involved the evaluation and comparison of several 
methods for the prediction of survival. The methods used in this thesis were multiple 
regression, random forest and naive Bayes. In chapter 4, the results from these 
three individual methods were combined into ensembles, improving prediction by 
taking advantage of the differences between methods. Overall, there was no clear 
consensus on which method (or ensemble) was best for the phenotypic prediction 
of survival. The most optimal method varied depending on the amount of available 
phenotypic information and the metric used to evaluate model performance. It is 
clear that evaluating a prediction model goes beyond simply stating some measure 
of accuracy and comparing values for this measure between different models 
(Japkowicz and Shah, 2011; Fawaz et al., 2019). Furthermore, an accurate prediction 
is not necessarily a useful prediction, and vice versa. For example, in chapter 2, the 
multiple logistic regression model was able to predict survival to second lactation 
with an AUC below 0.7, the threshold for ‘decent accuracy’ in literature (Akobeng, 
2007). However, despite this relatively poor AUC value the model was still able 
to distinguish between surviving cows and non-surviving cows on average. This 
means the predictions are not useful for small dairy farms, which only select from 
a hand-full of calves each time. For those individual calves, the predictions would 
not be accurate. However, the prediction could be useful for very large farms or 
for (breeding) companies making decisions on very large groups of calves, as the 
models were able to distinguish the groups on average. Therefore, depending on 
the purpose of the model, even models with poor individual accuracy could still 
be useful for selection at a population level. In the following sections, I will first 
explore how model performance is defined, then review the performance metrics 
used in this thesis. Using these performance metrics, I distinguish between what 
makes a model accurate and what makes a model useful. In the final two sections, I 
give advice on method selection when no method proves universally better than the 
other methods and suggest an alternative approach for method selection that avoids 
some of the pitfalls from manual comparisons as done in this thesis. 
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6.2.1 DEFINING MODEL PERFORMANCE
When evaluating or comparing methods, the first step is defining “model accuracy” 
or “model performance” (Japkowicz and Shah, 2011). Several detailed overviews 
of metrics to evaluate model performance exist in literature (Baldi et al., 2000; 
Caruana and Niculescu-Mizil, 2004; Saxena et al., 2008; Ferri et al., 2009; Tharwat, 
2018). Because such a wide range of performance metrics is available, the selection 
of an appropriate metric is challenging. Recommendations on which kind of metric 
should be used vary from paper to paper (Marcot, 2012; Sileshi, 2014; Chicco, 2017). 
In precision livestock farming, which includes the use of models that assist farmers 
in decision-making, the recommended metrics are the “sensitivity, specificity and 
the overall accuracy” (Norton and Berckmans, 2017). However, accuracy can 
be very misleading depending on the distribution of the data (Stefanowski, 2016; 
Akosa, 2017). In this thesis, I saw that when data is very imbalanced, models that 
optimize accuracy tend to simply predict all cows in the majority class. Sensitivity 
and specificity are not sensitive to class imbalance, but these metrics are not 
always a good reflection of the practical relevance of the model. For example, in 
mastitis detection, a model having specificity of 0.90 is considered quite good from 
a scientific point of view (Hogeveen et al., 2010; Tharwat, 2018). However, for a 
farmer, who may have over a hundred cows tested multiple times a day, a specificity 
of 0.90 would result in dozens of false alerts a day. Achieving a high sensitivity 
or specificity therefore does not necessarily translate into a model that is useful 
in practice (Sherlock et al., 2008). In this case, a different metric such as positive 
predictive value would be better to evaluate the practical usefulness of a model. 
Which metric is used to evaluate a model therefore depends on characteristics of 
the data and the intended use of the model. 

6.2.2 PERFORMANCE METRICS IN THIS THESIS
A variety of different performance metrics were considered in this thesis. The 
aim of showing multiple performance metrics was to provide the reader with a 
comprehensive overview of model performance and avoiding potential bias (Caruana 
and Niculescu-Mizil, 2004; Jeni et al., 2013; Lever et al., 2016). Most performance 
metrics measure different aspects of prediction (Ferri et al., 2009). In this thesis, 
three distinct groups of performance metrics exist (Table 6.1). The first group 
describes the overall accuracy or performance of the model. The most well-known 
of the overall performance metrics is accuracy. Other overall performance metrics 
used in this thesis were balanced accuracy, area under the receiver operator curve 
(AUC), mean absolute error (mae) and mean squared error (mse), spearman’s 
rho and the difference in mean predicted probabilities between the two groups. 
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TABLE 6.1		  Performance metrics used in this thesis.

Metric Chapter 2 Chapter 3 Chapter 4 Chapter 4

Overall performance metrics

Accuracy X X

Balanced Accuracy X

Area under the receiver operator 
curve

X X X

mean predicted probabilities of 
surviving and non-surviving cows

X X

Mean squared error X

Mean absolute error X

Spearman’s rho X

Class specific performance metrics

Sensitivity X X X

Specificity X X

Positive predictive value X X

Negative predictive value X

Practical metrics

Proportion of surviving heifers if 50% 
of the highest scoring animals were 
selected

X X

Reality

Survived Did not survive

Prediction 

Survived True positive (Tp) False positive (Fp)
Positive predictive 

value /Precision
Tp/(Tp+Fp)

Did not 
survive False negative (Fn) True negative (Tn)

Negative predictive 
value

Tn/(Tn+Fn)

Sensitivity/Recall
Tp/(Tp+Fn)

Specificity
Tn/(Tn+Fp)

Accuracy
(Tp+Tn)/ (Fp+Fn)

FIGURE 6.1   Basic confusion matrix showing the results for a binary survival trait. “Survived” is the 

positive class, and “did not survive” the negative class.



138

These methods consider the accuracy across all classes, either at a specified cut-off 
value (accuracy, balanced accuracy and the differences between group averages), 
or across a range of possible cut-off values (AUC). The second group of performance 
metrics describes specific aspects of predictive performance, such as the ability of 
a model to predict one specific class. This group of performance metrics includes 
the components of a confusion matrix (Figure 6.1): sensitivity, specificity, positive 
predictive value and negative predictive value. These metrics often require a binary 
classification problem and depend on a set threshold value to separate the output 
of the model into different classes. As chapter 5 describes parity reached, which is 
continuous rather than a class variable, no class-specific metrics are found in this 
chapter. The third and last group describes model metrics specific to predicting 
survival that could be used to describe the effect of the model in practice. In the 
chapters of this thesis, I used ‘proportion of surviving heifers if the 50% best scoring 
heifers were selected’ to evaluate the relevance of the methods in practice.  

During the writing of this thesis, it became clear that there is no simple answer 
to which performance metrics should be reported.  The selection of metrics depends 
on the type of trait being investigated, for example binary or continuous, as well 
as the intended audience of the paper. The intended audience for chapters 2 and 
3 of this thesis, for example, were animal scientists. These chapters  therefore 
included metrics which are recommended or commonly used in this field (Norton 
and Berckmans, 2017). This included accuracy despite the limitations of the metric 
in our specific prediction problem, because the audience expects this metric when 
discussing model performance. On the other hand, in chapter 4, the intended 
audience of the paper were data scientists. In this chapter, the performance metrics 
included the recall (sensitivity) and positive predictive value (precision), which are 
common model performance metrics in data science (Powers, 2011).  Regardless of 
who the intended audience of a set of metrics is, I found that in general reporting a 
variety of different metrics resulted in the most accurate representation of a models’ 
performance. For example, in chapter 3, it would have been possible to select any 
of the three methods as the ‘best’ method simply by varying which metric was used 
for the conclusion. Only by showing several different metrics can the performance 
of a model be accurately conveyed. 

6.2.3 ACCURACY VS USEFULNESS
As long as an overall performance metric is chosen, the most accurate method 
in a comparison is easy to define: it is the method with the highest value. In an 
effort to incorporate all aspects of prediction into a single unbiased overall metric, 
some performance metrics have grown extremely complex (Wagstaff, 2012). While 



139

Chapter 6

6

complex performance metrics are useful for the unbiased comparison of different 
methods, it can be impossible to interpret the practical relevance of these metrics.  
For example, receiver-operator curves, used to calculate the AUC, indicate the 
ability of a model across all possible cut-off values. This is excellent for comparing 
methods, as different methods may have different optimal cut-offs, making them 
difficult to compare otherwise. However, in practice, cut-offs are required for 
classification of predictions, usually arising from minimum sensitivity or specificity 
requirements determined by the practical application of the model. Since the AUC 
value is a measure of performance value across the entire range of possible cut-offs, 
this metric reports model performance for cut-off values that will never be used 
in practice (Muschelli, 2019). Some authors therefore consider metrics assessing 
prediction accuracy for the comparison of methods to be entirely different from 
metrics that evaluate prediction usefulness (Hand, 2012). Perhaps more important 
than trying to compare methods on abstract performance metrics is to instead 
describe how well different methods perform on the intended use of the prediction 
outcome. The method with the best overall metric is not always the best model for a 
specific job (Lobo et al., 2008; Cawley and Talbot, 2010; Zehner et al., 2019). In this 
thesis, I chose to use a random forest method in chapter 5 despite poorest overall 
performance in chapter 4. However, the random forest method also consistently 
performed (significantly) better than the other methods in specificity and negative 
predictive value. This means that this method is better at predicting the minority 
class; cows that do not reach second lactation. This smaller group is also the group 
of most interest in the prediction problem, as cows that fail to reach second lactation 
result in the greatest economic loss (Boulton et al., 2017). Therefore, although this 
method had the worst performance on overall accuracy metrics, it was the most 
useful method for predicting the non-surviving cows. 

6.2.4 METHOD SELECTION WHEN THERE IS NO ‘BEST’ METHOD
The choice of performance metric is especially important when several methods 
perform very similarly. For example, in chapters 3 and 4, no method universally 
outperformed the other methods on the variety of different performance metrics 
selected. It  is not uncommon for multiple methods to be equally (or differently) 
suitable in a particular prediction problem (Van Wieringen et al., 2009; George et 
al., 2016), especially on real-world data sets (Sen et al., 2020). In theory, there is 
no problem with multiple models being equally suitable for a prediction problem. 
However, in an attempt to provide clarity and direction, many publications still 
conclude one method to be the most optimal (Hand, 2005, 2006; Boulesteix, 2015). 
These conclusions are often based on a single performance metric (Lever et al., 
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2016). When a single performance metric is used to compare methods, the result 
of the comparison can depend entirely on the metric used (Caruana and Niculescu-
Mizil, 2004).

The danger of selecting a ‘best’ method despite evidence that there is no 
significant difference between methods is twofold. First, choosing a ‘best’ method 
in this situation tends to overestimate the improvement of using more sophisticated 
methods (Hand, 2006; Boulesteix, 2015). A possible reason for this is publication 
bias: papers that propose new methods are more likely to be published only if the 
proposed method performs favorably in model comparisons. This results in a lack 
of literature showing situations where a new method does not improve over existing 
methods. Second, the consequence of concluding that one method is better than 
other methods, despite weak evidence, is that this implies that the outcome of the 
method comparison also applies in future comparisons. This is unrealistic even for 
very similar prediction problems, because when methods perform very similarly 
even minor changes in for example parameter tuning can change the outcome 
of a comparison (Raeder et al., 2010; Japkowicz and Shah, 2011). Furthermore, 
(sub-optimal) choices made by researchers in the pre-processing, implementation, 
optimization or evaluation of a method all affect the outcome of method comparisons 
(Hand, 2006; Forman and Scholz, 2010; Xu and Goodacre, 2018; Powell et al., 2020). 
These problems can occur in any statistical process but are especially relevant for 
machine learning. This is because the increasing availability of free online tools 
such as “h2o” (Aiello et al., 2015) and “mlr” (Bischl et al., 2016) allow these methods 
to be used even by novices in the field of computer science (Tarca et al., 2007; 
Liakos et al., 2018). When researchers use unfamiliar methods on data with high 
dimensionality, as is often the case in machine learning applications, the likelihood 
of accidentally influencing model performance increases (Domingos, 2012). It is 
therefore reasonable that the outcome of a comparison between several methods 
with similar performance will be different when done by researchers of different 
expertise levels in computer science.

6.2.5 FUTURE PERSPECTIVES FOR METHOD SELECTION
The consensus may well be that there will never be a most optimal method for 
all metrics and prediction problems (Jamain and Hand, 2008; Sen et al., 2020). 
Therefore, testing multiple methods for any prediction problem will likely remain 
unavoidable. Fortunately, animal science is not the only field where the question 
of how to choose between all possible prediction methods is the subject of much 
interest (Zhang et al., 2017). Instead of manually testing many methods as was done 
in this thesis, the focus is shifting towards developing algorithms that automate 
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method comparison and selection (Guyon et al., 2016; Guyon et al., 2019; Tuggener et 
al., 2019). Automated method selection algorithms are becoming available to wider 
scientific use (Kotthoff et al., 2017; Drori et al., 2019; Feurer et al., 2019; Santos et 
al., 2019). An example of an automated method selection algorithm is the H2O-
Automl function of “h2o” (Truong et al., 2019). Most automated method selection 
algorithms include (a version of) the methods used in this thesis. Furthermore, 
recent implementations of these algorithms also automatically investigate ensemble 
methods, which is an automated version of chapter 4 of this thesis (Wistuba et al., 
2017). Automated method selection algorithms often include the pre-processing and 
hyper-parameter tuning step, preventing bias due to differences in user expertise 
from being introduced into the comparison (Chen et al., 2019). The choice of 
performance metric for method comparison in these algorithms varies from highly 
abstract overall metrics to metrics defined by the user. Regardless of the chosen 
metric, the use of an overall comparison algorithm ensures that the optimization is 
done on the same metric for every model.  

6.3 Improving predictive performance
Unfortunately, the models described in the chapters of this thesis did not achieve 
sufficient model accuracy to be implemented in practice. For example, in chapter 3, 
which compared the three different methods, the negative predictive values ranged 
from 0.12 to 0.17. This meant that if a cow got predicted not to survive to second 
lactation, there was only a 12 to 17% chance that the prediction was correct. For 
a farmer, this means that for every 6 or 7 calves indicated as non-survivors by the 
model only one calf would actually have died or been culled prior to the second 
lactation. Similarly, in chapter 5, although the mean absolute error indicated that 
the model was off by between one to two parities on average, there was no clear 
distinction between groups of cows that die or are culled early and those that reach 
five lactations or more. The models from this chapter therefore could not be used 
for accurately ranking the cows for selection in practice. Although it is difficult to 
estimate the exact accuracy necessary for practical application, it is clear that the 
accuracy of the models in this thesis needs to be improved before they can be of use.  

I selected two strategies which could increase the accuracy of predicting 
phenotypic survival. The first is increasing the amount of data, and the second is 
using alternative survival traits in the prediction. Both strategies will be discussed 
in the following two sub paragraphs. A different approach, investigating alternative 
methods such as survival analysis or the more advanced neural networks, is also 
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a possibility that is touched upon in the discussions of chapters 2 to 4. However, it 
is unlikely that choosing an alternative method will improve predictive accuracy 
more than for example increasing the amount of  (relevant) data would (Domingos, 
2012). Furthermore, the prime candidate for further investigation is survival 
analysis. This method was the recommended method for predicting survival 
traits in literature alongside regression (Lean et al., 2016). In studies comparing 
survival analysis to other methods the performance of survival analysis is always 
comparable to methods like those used in this thesis (Kattan, 2003; Van Belle et 
al., 2011; Mogensen et al., 2012; Gepp and Kumar, 2015). Even in studies where 
survival analysis was the ‘best’ method, prediction accuracy of these models only 
marginally outperformed the other methods. Therefore, changing to this method 
will likely not result in the increase in accuracy required to allow this model to be 
used in practice. If method selection were to be revisited, this should be done after 
the following two strategies are explored. 

6.3.1 INCREASING THE AMOUNT OF DATA
The first approach to increase the accuracy of the models in this thesis is by 
increasing the amount of available relevant data (Domingos, 2012). The available 
data in the chapters was restricted by design: I explored early prediction and limited 
the available data to commonly recorded traits. I chose to use only commonly 
recorded variables for practical reasons. Including variables which may improve 
prediction accuracy but that were only collected in scientific trials or on research 
farms would severely limit the application of the models in practice.  Early prediction 
further limits the number of variables available for prediction, as for example milk 
records only become available after the cow has started lactation. We chose to focus 
on early prediction because the greatest benefits in improving survival traits in 
practice are obtained by predicting and selecting cows as early as possible (Overton 
and Dhuyvetter, 2020). 

Increasing the amount of data includes both increasing the number of records 
(Domingos, 2012; Shahinfar et al., 2014) and variables available. Several variables 
which could be collected early in life are known to affect future performance of 
dairy cows. For example, milk production is influenced by calf growth pattern  
(Van De Stroet et al., 2016; Chuck et al., 2018; Volkmann et al., 2019), calf nutrition 
(Soberon and Van Amburgh, 2013; Gelsinger et al., 2016) and the occurrence of 
health events during the rearing period (Aghakeshmiri et al., 2017; Chuck et al., 
2018). Data collection on calves is a growing field of science, with recent initiatives 
to increase data collection on calves such as the innocalf project (Beekman, 2016)  
and the “COMKALF” project (Goselink, 2018).  Information is also increasing from 
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other sources; for example due to increases in variety and availability of sensors, 
the use of robotics and the use of more advanced software (Wolfert et al., 2017; 
White et al., 2018; Ferris et al., 2020). Research is already done to create models 
that include all aspects of a dairy farm, from expected feed crop yields to individual 
cow management (Lianga et al., 2018; Ferris et al., 2020). These developments are 
promising for the prediction of survival traits, as survival is influenced by both 
individual and farm-level factors (Rutten et al., 2013; Zhang et al., 2020).  

6.3.2 ALTERNATE SURVIVAL TRAITS
The second approach to improve the accuracy of prediction for survival traits 
is using a different survival trait as the trait of interest. For example, a survival 
trait can be both binary (chapters 2 through 4) or continuous (chapter 5). Binary 
traits are often easier to predict than true survival, because the prediction only 
attempts to predict one or two years in the future, compared to many years for 
true survival traits. Although it is difficult to compare performance metrics used 
for continuous and binary traits directly, true survival (chapter 5) appeared to be 
more difficult to predict than survival to second lactation (chapters 2 through 4). 
One of the reasons for this is the difference in length of time between the prediction 
and the event that is being predicted. In chapter 2, for example, we see that AUC 
improves greatly between birth (AUC = 0.584) and 200 days post calving (AUC = 
0.731). At birth, the time between the moment of prediction and the trait that is 
being predicted, second lactation, is roughly four years. At 200 days post calving, 
the time between the moment of prediction and the moment being predicted is 
only a few months. It is therefore logical that true survival, where the distance 
between prediction and actual event is often multiple years is even more difficult 
to predict. For binary traits, data of cows that are still alive can also be used for 
training through censoring. Next to potentially allowing more cows to be used in 
the analysis, this also means that more recent training examples can be used.  For 
example, in chapter 2 through 4 of this thesis, the data used dated from 2012 to 
2013, whereas in chapter 5 the data dated from 2000 to 2007. The difference is 
in part due to the fact that records cannot be censored to predict true survival. 
Using continuous traits also has advantages over binary traits. For example, class 
imbalance is not problematic in continuous traits, whereas it must be corrected for 
when using specific methods when predicting binary traits (Stefanowski, 2016). 
Also, model outputs from models predicting continuous survival traits can be used 
for ranking of cows at any point in time, which is not always possible using the 
output from a binary classification, as cows grouped together in one class may be 
impossible to distinguish amongst themselves.  
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The survival trait of interest could also be changed by excluding certain causes 
of death or reasons for culling. Excluding certain causes of death would reduce 
noise in the trait of interest, which could improve the accuracy of the prediction. 
In this thesis, I attempted to predict true survival, which included several causes 
of death that may have been impossible to predict accurately, such as accidents. 
By excluding causes of death that are difficult to predict, the accuracy could be 
increased, however, this would also affect the usefulness of the model. For example, 
if only voluntarily culled cows were included in the trait of interest, the focus of the 
prediction would shift from predicting survival to predicting farmer decisions. This 
type of prediction could be useful in certain situations, but it would have a different 
purpose than this thesis. Going even further, it could be a solution to predict each 
cause of death individually. By building a model separately for each major cause 
of death, the noise for each given variable would be reduced while not sacrificing 
the applicability of the final model. Neural networks, a specific group of machine 
learning methods, could be especially suited to such an approach because they 
consider the complex interactions between the inputs. Neural networks have been 
shown to be a promising method for forecasting complex traits in dairy cows in 
general (Fenlon et al., 2017), although similar to survival analysis, changing the 
model alone is not likely to improve the accuracy sufficiently.  

Predicting each trait separately would have several benefits. First, it is likely that 
a model solely built to predict one aspect of survival will have a higher accuracy than 
models predicting overall survival, due to a reduction in noise. For example, there are 
models predicting insemination outcome (Shahinfar et al., 2014), disease outcome 
(Brock et al., 2019)  and future milk production (Murphy et al., 2014; Jensen et al., 
2016). These models seem to have more accurate forecasting than the models in 
this thesis. Secondly, a model predicting each cause of death separately would also 
indicate why the model predicts that a cow is at risk of being culled. By clarifying 
the reason for culling, the farmer can make a more informed decision: either he 
can alter the management for that cow to prevent the issue, or he can cull the cow. 
Lastly, it would be easier to separate incorrect predictions due to accidents and other 
hard-to-predict events from incorrect prediction due to faulty forecasting. At the 
same time, although predicting different causes of death separately might reduce 
noise and improve predictive performance, this would also result in smaller datasets 
per cause of death. This means for example that farm-specific prediction, such as 
done in chapter 5, may not be possible for specific causes of death as the number 
records would be too low. Reducing the number of records would therefore result in 
a decrease in accuracy for certain causes of death. The main barrier for excluding 
or modelling causes of death separately however is lacking information on why cows 
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die or are culled. Reasons for culling are often given voluntarily, and even then only 
a single reason is reported (Pinedo et al., 2014)(personal communication with CRV). 
Although challenging, collecting detailed information on why cows exit the dairy herd 
opens up several strategies for improving the accuracy of prediction of survival. 

6.4 From prediction to implementation
The reason I investigated phenotypic prediction was not just to investigate the 
usefulness of various sources of information or find the most suitable method to 
predict survival, but rather to take the first steps towards a model that could be used 
for herd management decisions in practice. The development and use of models to 
support decisions is growing within the dairy industry (Bewley, 2010; Kamphuis 
and Steeneveld, 2016). The decision support models allow farmers to make more 
informed decisions using the outcomes of the predictions (Lehenbauer and Oltjen, 
1998). The transition from selecting a prediction method to a successful decision 
support model is perhaps even more complex than the prediction itself. Many decision 
support models never actually reached the farmer (Rutten et al., 2013; Haine et 
al., 2017).  The step from choosing a prediction method to the implementation of a 
model in the field also likely exceeds the scope of a single PhD thesis. For example, 
even in a thesis focusing on implementing a single prediction method to support sow 
culling decisions (Bono et al., 2012) the implementation of the model did not happen 
until years later (Hindsborg and Kristensen, 2019). Therefore, even if the accuracy 
of the models in this thesis were higher, implementation of these models by the end 
of this thesis was unlikely. However, some parts of this process do deserve to be 
mentioned, as they are relevant to the method selection and model building steps. 
In particular, taking into account the needs of the intended users of a model is an 
important step that is often overlooked (Douthwaite et al., 2001).

6.4.1 PREDICTIONS MUST IMPROVE ON COMMON SENSE
The end-user of a decision support model used in culling and selection of cows is the 
dairy farmer. For the farmer, a decision support models’ usefulness is determined in 
part by the accuracy of the prediction. However, equally important is that the model 
must actually provide novel information to aid in the decision-making.  Although 
this step may seem obvious, this aspect is often overlooked in scientific studies. 
In decision support models that predict on sensor data, the additional benefit of 
the model is clear because raw sensor data cannot be interpreted by humans (Rue 
et al., 2020). Without the translation provided by the prediction model, the raw 
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sensor data would not be useful to the farmer. However, when the model predicts 
a complex trait such as survival, the task of providing additional information is 
more challenging. For example, many prediction models have been created to help 
farmers determine the economic value of their cows  (Akilli et al., 2016; Cabrera, 
2018; Salamone, 2018). The prediction of economic value is similar to survival traits 
as the predictions are on the individual, the trait is a combination of multiple aspects 
of milk production (fertility, health and production traits) and the value is used 
to rank the cow within the herd for selection or culling purposes. Many of these 
models put a large emphasis on pregnancy status (Kalantari et al., 2010; Nielsen et 
al., 2010; Cabrera, 2012; Akilli et al., 2016). This means if these models are used for 
decision support in practice, cows would be ranked almost solely by their pregnancy 
status. Farmers do not need a mathematical model to tell them ‘do not cull pregnant 

FIGURE 6.2   A simple decision tree that predicts if a cow will have “less than 2” or “2 or more” 

lactations based on a subset of the phenotypic data available at first calving. Each node shows the 

proportion of correctly predicted cows in the node and the percentage of cows present in that node from 

the original dataset. In node 1, 'no' can also indicate no data was available.
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cows’ and to ‘cull non-pregnant cows’ (Pinedo et al., 2010). Therefore, to be useful, 
these models must also be accurate at distinguishing the economic value of animals 
within the pregnancy status groups. 

The problem of not providing new information also occurs in this thesis. In chapter 
1, I used Figure 6.2 to show an example of a tree used in a random forest. This 
particular tree makes three splits, including the split “time between first and 
second insemination >= 66 days”. As a cow’s estrus cycle is only 18-24 days (Forde 
et al., 2011), such a long insemination interval only occurs in certain situations. 
For example, if a cow is inseminated and gets pregnant but the pregnancy fails 
before day 45. Following the pregnancy failure, the cow then comes into heat again 
and is inseminated for the second time. Although pregnancy loss is uncommon, as 
illustrated by the fact that only 2% of the cows in Figure 6.2 are in node 10, this is the 
most common period of time for early pregnancy failure in dairy cattle (Starbuck 
et al., 2004). By re-inseminating the cow, the farmer shows his commitment to try 
to keep the cow in the herd despite the pregnancy failure. Therefore, at least for the 
group of cows with long insemination intervals, this model does not tell farmers 
anything other than what they already decided themselves.  

Figure 6.2 was only a simple example designed to illustrate how trees work. 
However, the model in chapter 2 of this thesis also included variables which 
describe farmer decisions rather than try to predict those decisions. For example, 
the variable which indicated if insemination records were missing at 18 months 
was an important predictor for the prediction of survival to second lactation. Cows 
that do not get inseminated do not get pregnant, and therefore always fail to reach 
the second lactation. The only reason that this variable was not a perfect predictor 
for survival to second lactation was that ‘missing’ insemination records could 
also indicate cows that still gave birth several months later. This means that the 
variable included both cows without inseminations and cows that were inseminated 
but where the insemination was not recorded properly. Including this variable did 
improve prediction accuracy but adds no additional usefulness for the farmer. The 
farmer is after all aware if he chose not to inseminate a cow because he has decided 
to cull it. A useful decision support model must do more than simply predict survival 
outcomes for cows only after the decision has already been made.  
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6.4.2 MODEL INTERPRETABILITY
Avoiding uninformative decision support is important, but it is a balancing act. 
Predictions must also not be too different from the expectations of the farmer 
(Rudin, 2019). If the user can understand to an extend how the model arrives at 
its conclusion, the model is perceived as more trustworthy. Interpretability of 
a model is one of the aspects that should be considered during method selection. 
Many of the ‘traditional’ methods used in science are highly interpretable, because 
scientists also wish to understand how a model arrives at its conclusion. For 
example, the correlation coefficients from a traditional regression like the method 
used in chapter 2 of this thesis explain both the magnitude and the direction of 
the effect of a variable on the trait of interest (Taylor, 1990). In machine learning, 
interpretability is optional. Machine learning methods can be divided in interpretable 
‘white box’ and un-interpretable ‘black box’ approaches (Lipton, 2018). In black 
box approaches, extracting the variable importance is either not possible, or the 
extracted information is too complex to be interpreted by humans. All methods in 
this thesis were interpretable, so this was not an issue, but when investigating more 
advanced deep learning methods, this may play a role. Users prefer interpretable 
models especially in situations where important decisions are made based on 
uncertain results (Ribeiro et al., 2016). This is the case in this thesis, where the 
model supports culling decisions based on prediction of future performance. If a 
farmer is advised by the prediction model to cull a heifer, this decision cannot be 
undone or be checked for accuracy after the fact. Interpretable models also allow 
users to understand how relevant actions influence the predictions, and to act on 
them (Rudin, 2019). If the multiple logistic regression from chapter 2 was used to 
predict on a heifer, for example, analyzing the coefficients and the input variables 
could reveal why the model suspects that heifer will not reach the second lactation. 
In that case, the farmer might decide to put extra effort in monitoring, resulting in 
that heifer reaching second lactation despite the negative prediction.  
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6.5 Concluding remarks
In this thesis, I took the first steps towards building a model that could predict 
phenotypic survival of dairy cows. I found that all three methods investigated in this 
thesis had similar overall performance, and that each method had its own strengths 
and weaknesses. Combining the methods allowed an ensemble method to make use 
of these differences and showed that there often is no correct answer to the question 
‘what is the best method?’. Rather than investigating many different methods, it 
may instead be more useful to focus on choosing the correct trait to investigate, 
gathering sufficient relevant information (such as EBV and farm characteristics) 
and selecting a performance metric which can show the ability of the model in 
practice. This final step, considering the practical use of the model, is a logical 
addition to the evaluation of prediction models and one that should be considered 
more often within scientific research. In the future, as method selection is likely 
to become more and more automated, it is up to the researcher to understand the 
consequences of choices in trait, available variables and performance metrics on 
the conclusions and practical applicability of prediction models.
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 Summary    

A lthough cows can live to be twenty years old, the average lifespan for a dairy 
cow is only five to six years. Improving the lifespan of dairy cows would have 

several benefits such as increasing farm profitability and reducing the environmental 
impact of milk production. However, the complexity of survival makes it difficult to 
improve this trait in practice. In this thesis, I proposed using phenotypic prediction 
of survival to select young cows for the dairy herd, improving survival through 
increased lifespan of selected cows and better heifer management. The aim of this 
thesis was to investigate if it was possible to predict survival phenotype accurately 
enough to be of use in selection.

In Chapter 1, I first established the importance of survival traits in dairy cows 
and the value of improving this trait for the various dairy industry stakeholders. I 
explained different definitions of survival traits and described the various reasons 
why cows are culled or die before reaching their full potential. I then describe how 
the current approach for improving survival - selection using breeding values -  
ignores the phenotypic and environmental factors which influence cow survival 
and therefore does not result in increased survival in practice. Therefore, selection 
on breeding values alone has not been sufficient to improve survival in practice. I 
therefore proposed phenotypic prediction, which combines genomic and phenotypic 
information, as a potential solution to improve cow survival. In the last section of 
this first chapter, I introduced the methods that were used in this thesis

In Chapter 2, I investigated if it was possible to predict survival using multiple 
logistic regression. I further compared three different models: a model including 
only gEBV, a model including only phenotypic information and a model using both 
sources of information. This had three purposes: (1) establishing a baseline to 
compare with other methods, (2) exploring which variables contributed most to 
accurate phenotypic prediction of survival and (3) investigating the added value of 
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combining phenotypic with genomic information for predicting phenotypic survival. 
In this chapter, survival was defined as the binary trait “survival to second lactation, 
plus two weeks”. Survival to second lactation was predicted at five distinct ‘decision 
moments’; moments in the life of a cow at which new phenotypic information 
becomes available and prediction has added value Combining phenotypic and 
genomic information had added value at all five moments, as at all decision moments 
the most optimal model included both types of information. Genomic information 
proved especially valuable early in life, when little phenotypic information is 
available. The models were also able to distinguish between surviving and non-
surviving cows on average. This meant that in a practical scenario when the highest 
scoring 50% of heifers were selected, 2.0% to 3.0% more cows would survive when 
using this model compared to a randomly selected 50%. The results from a practical 
scenario show that it would be possible to improve survival of dairy cows through 
selection. However, accurately predict survival for individual cows was not possible 
using this method. 

In Chapter 3, I compared the linear method multiple logistic regression to two 
non-linear machine learning methods naive Bayes and random forest. These three 
methods were selected because they take very different approaches to predict a 
trait, which could lead to differences in prediction accuracy. No method proved to 
be universally better than the others, as all methods obtained similar increases 
in survival in the practical scenario. Overall, naive Bayes has the highest average 
AUC at all decision moments except at 200 days post calving, where random forest 
outperformed the other methods. There were big differences in how the methods 
predicted individual cows, however. The correlations of prediction outcomes 
between methods were lower than expected, ranging from r = 0.417 to r = 0.700. 
This meant that the prediction for an individual cow could be different depending 
on the method used.

In Chapter 4, I investigated if I could harness the differences between the methods 
from Chapter 3 by combining the prediction outcomes of individual methods into an 
ensemble. Multiple logistic regression was the best performing ensemble method, 
naive Bayes the second-best, and the random forest ensemble method resulted in 
the least significant improvement over the individual methods. The multiple logistic 
regression ensemble method resulted in equal or better recall, AUC, balanced 
accuracy and proportion of animals surviving on all datasets. Recall, AUC and 
balanced accuracy values improved significantly over all methods at specific 
datasets for naive Bayes and logistic multiple regression ensembles, although they 
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remained low overall regression proved a useful method to investigate the additional 
value of ensemble methods. 

In the previous chapters, I examined the ability of various models to predict a binary 
survival trait. In Chapter 5, I attempted the phenotypic prediction of true survival 
and investigated the effect of farm on this prediction. We tested five different models 
to investigate the farm-effect: (1) a baseline model, (2) a model including a farm-ID 
variable, (3) a model including 9 descriptive variables on herd size, farm growth 
and average parity reached on that farm, (4) a model including the 9 descriptive 
variables and 40 farm-average EBV variables and finally (5) a model which trained 
and validated on each farm separately. Overall, rank correlations between true 
parity reached and the predicted parity reached were low, with models predicting 
conservatively around the mean. At first calving, the best model was the model that 
included farm-variables, amongst others herd size and average parity reached on a 
farm in 2000 and 2001. At second calving, the best model was the baseline model, 
although the models which included farm-variables or farm ID performed almost 
identically. Furthermore, when farm variables were included, these variables were 
consistently ranked high in the feature importance scores, indicating the existence 
of a farm effect. 

Finally, in Chapter 6, I discuss different aspects of method selection and place 
the results of this thesis in the context of building a model to support selection 
decisions. I describe the various performance metrics used for method comparison 
in the thesis and how these metrics describe different aspects of prediction. As 
predictive performance was low for the models in this thesis, I suggest two different 
strategies for improving predictive performance: collecting more data early in life 
and changing the definition of the trait of interest. I conclude the discussion by 
describing the difficulty of moving from a model in a scientific paper to a decision 
support model in practice and highlight how a focus on practicality can improve 
the design process of prediction models. The results of this thesis provide valuable 
insights in the challenges of predicting survival traits and the suitability of various 
(machine learning) methods for the prediction of survival traits in dairy cattle.
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