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Abstract

Data collected under a transition period monitoring service, from 133 herds over
the course of 2 years, were utilised in order to build predictive models for
disease, production and reproductive outcomes. Both cow level and pen level
variables were used as potential predictor variables, while a variety of methods
including linear regression, decision tree, random forest, multiple adaptive
regression splines (MARS) and artificial neural networks (ANNS) for continuous
outcomes; and logistic regression, decision tree, random forest, ANNs, support
vector machines (SVM) and naive Bayes for binary outcomes. Models
generating predictions on both the individual and the herd/quarter-year group

level were produced.

Various health outcomes (occurrence or not of milk fever, LDA, RFM and
metritis, as well as a collective disease status outcome) were explored. On the
individual lactation level all models lacked predictive value; the best performing
model was that for collective disease outcome, with a kappa value (measuring
agreement between predicted and observed data) of 0.16, although accuracy
was relatively high at 0.86. When building models on the herd/quarter-year
level, the best performing model was for the milk fever outcome; predicted
group prevalence of milk fever explained around 44% of variation in observed
prevalence, suggesting relatively low predictiveness. Better prediction
performance was revealed when individual lactation level model predictions
were aggregated at herd-quarter-year level and compared with observed

aggregated disease prevalences; just over two thirds (67%) of the variation in



observed outcome was explained by the aggregated predictions for occurrence

of metritis.

Moving to the reproductive outcomes, probability of insemination success, as
well as time from calving to successful insemination, were investigated. Kappa
values for the former ranged from 0.04 to 0.17, while the R? value describing
the relationship between aggregated predictions and actual aggregated values
on the herd-quarter-year level was found to be 0.37. When building models on
the aggregated level instead, the maximum R? value was found to be at 0.24
for the MARS model. Regarding the time to insemination outcome, the
maximum R? value calculated was found just at 0.024 for the linear regression,
indicating very low predictive value. Interestingly, while no strong predictive
value was found in these models, inferential models were built for those same
outcomes and found strong associations between insemination success and
lactation number, calving month, as well as calf mortality; and between time to
insemination and metritis, corrected protein percentage in milk, calving month

and lactation number.

For the production outcomes, models for both the 305-day predicted milk yield
and the daily residual milk yield (difference between observed yield for a given
cow on a given day, and expected daily yield based on lactation curve shape
for the appropriate parity in the cow’s herd) were built. For the individual
lactation level of the 305-day milk yield models, R? values were again relatively
low, at around 0.1, with the exception of the random forest that had a value of
0.34. Similarly, when comparing aggregated predictions using the individual
lactation models and actual aggregated values, the R? was as low as 0.024.

Building models on a herd/quarter-year level yielded similar results with R?
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ranging from 0.12 to 0.39 for the linear regression and the random forest
models respectively. For the daily residual milk yield outcome, the R? values of
individual lactation models had a maximum value of 0.21 for the random forest
model, while regarding the aggregated models the maximum value was at
0.134. When using the individual lactation level models to compare aggregated
predictions with actual aggregated values the R? was found to be at 0.34. Not
unlike our results on the reproductive outcomes, various strong inferential
associations were identified for these outcomes, regardless of the predictive

models’ performance.

Since transition management is key to successful dairy farming, machine
learning would be useful both in terms of predicting which individuals may get
a negative outcome and possibly require enhanced observation or other
preventive interventions, and also in providing a potential monitoring metric.
The latter would mean that even if individual predictions are not good, knowing
the predicted disease prevalence, insemination success or yield ineach group’s
cows could be used as a measure of overall transition “success”. Overall, very
few of our models were predictive enough to be useful in either context most
likely, but that could perhaps improve if we had other data available such as
sensor data or history from previous lactations. The project as a whole provides
a good example of why it is important to be cautious with choice of prediction
performance metrics and avoid accuracy as the main measure in unbalanced
data, and of how in many areas inferential models can find strongly significant

associations but still generate very poor predictions when applied to new data.
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Chapter 1 - Introduction

The transition period is commonly defined as 3 weeks pre to 3 weeks post
calving (Menta et al., 2022) and has been recognised as a phase of the utmost

importance for the dairy cow (AlZahal et al., 2014, Esposito et al., 2014).

The majority of metabolic, as well as many infectious diseases in the cow are
associated with the transition period. Examples of these include milk fever,
ketosis, retained foetal membranes, metritis and displaced abomasum and are
manifested mainly within the first 2 weeks postpartum (Caixeta and Omontese,
2021). There are however, other diseases such as endometritis that are
clinically diagnosed at a later stage, yet they are linked to this period (Melendez
and Risco, 2005). Metabolic disorders, infections of the mammary gland and
reproductive disorders that manifest around this time, are also important issues,
as their respective incidences have been reported to be from 7.8% to 16.8%,
2.8% to 12.6% and 6.7% to 19.2% (Wankhade et al., 2017). Therefore, since
the importance of monitoring and addressing metabolic disorders like
hypocalcaemia during the transition period has been emphasized to enhance
the profitability of dairy herds, it is a phase of great interest for the dairy cow

industry (Saed et al., 2020).

The transition period, being associated with such conditions, is the source of
great economic losses due to efforts of preventing disease, managing and
treating cows. However, at the same time our current understanding on how to
prevent them is lacking (Eckel and Ametaj, 2016). In total, up to 50% of the
cows develop either a metabolic or infectious disease during this period, which

is afttributed to a decline in immune function, and metabolic events such as
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reduction in feed intake, negative energy balance, and insulin resistance due
to calving (LeBlanc, 2010, Melendez and Risco, 2005, Moreira et al., 2018). By
the end of the transition period milk yield, along with milk fat, protein and lactose
increase much faster than feed intake, while at the same time in most
management systems the cows’ diet changes from mainly forage-based to
being concentrate-rich. These demands for milk production along with the
necessary nutritional adaptation predispose the cow to a negative energy
balance (NEB) state (Bekuma, 2019, Bertoni et al., 2009). The dry matter intake
(DMI) during the transition period can drop by 10-30% (Esposito et al., 2014),
while the energy requirements rise (Imhasly et al.,, 2015). The overall
profitability of the cow depends on a successful transition period, as nutritional
and management factors can prevent them from producing milk to their full
potential as well as cause decreased reproductive performance, increased
treatment costs, and even a shortened lifespan for the cows (Hailemariam et

al., 2014).

A great focus has been given by researchers into developing methods
monitoring transition period cows (Lukas et al., 2015). As a result, techniques
such as body condition scoring and blood or urine sampling have been
developed to help provide insight on the transition cows’ health
status(Hachenberg et al., 2007, LeBlanc, 2010). Laboratory measurements
most frequently used are serum non esterified fatty acids (NEFA) pre-partum,
blood B-hydroxybutyrate (BHBA) post-partum and serum Ca the days around
calving (Vergara et al., 2014). It can be argued, however, that blood and urine
sample have the drawback of increasing labour and cost when routinely

implemented on farm (Hachenberg et al.,, 2007). Other more low cost
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monitoring methods include body condition scoring, which is associated with
energy balance, and locomotion scoring, which was found to be linked with
post-partum disease (Calderon and Cook, 2011, Cook, 2003, Espejo and
Endres, 2007, Hoedemaker et al., 2009, Ingvartsen, 2006, Machado et al.,
2011). In addition, risk factors such as milk yield during the previous lactation,
dry period and gestation length, twining, stillbirths and dystocia can also provide
useful information on the cows’ expected health and performance, however
they have not been used collectively into predictive models (Fleischer et al.,
2001, Ingvartsen, 2006, LeBlanc et al., 2006). Lukas et al (2015) developed 3
transition period monitors that used daily milk yield in order to evaluate the
success of the transition period on both herd and individual cow level. A recent
study (Wisnieski et al., 2019) has used a variety of predictive models using
various biomarkers to predict metabolic stress in the transition period and has
suggested that predictive modelling should be applied to other outcomes,
including culling rates, reproductive and milk production outcomes and could
potentially be used on farm through monitoring applications. It is without doubt,
that such models can predictive models can be of practical use to the farmers
when used as management tools and it is the primary goal of this project to
investigate this potential, develop and present practical models that can be then

used on-farm to ensure an improved transition period for the cows.
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1.1 Physiology of Transition

1.1.1 Immune system

There is a reduction in immune function around the calving period (Overton and
Waldron, 2004). The cause of this phenomenon is multifactorial and it results
in the cows being particularly susceptible to invading pathogens and infectious

diseases such as mastitis, during the periparturient period (Sordillo, 2016).

The aetiology of immunosuppression around calving is complex. Maternal
immune responses are naturally supressed up until calving, in order to prevent
a reaction against the allogeneic conceptus. Among the factors that cause this
immunosuppressive response is progesterone secretion and regulatory
immune cell differentiation (Esposito et al.,, 2014). Furthermore, the
periparturient period is characterized by intense lipolysis in adipose tissues,
leading to the release of free fatty acids into circulation, which can impact
immune function (Contreras et al.,, 2017). Metabolic profiling during the
periparturient period has shown changes in serum concentrations of macro
minerals and a drop in feed intake, which may contribute to immunological
dysfunction (Kabir et al.,, 2022). Additionally, the association between
prepartum feeding behaviour and periparturient health disorders highlights the
importance of nutrition in maintaining immune function during this critical period
(Luchterhand et al., 2016). The severe negative energy balance experienced
by dairy cows during early lactation, due to insufficient dry matter intake to meet
the demands of high milk production, has been linked to impaired immune

function (Gumen et al., 2011, Gross et al., 2013).
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The reported negative impact of ketosis on immune responses could be linked
to the effects of fatty liver on the immune function (Overton and Waldron, 2004).
Leukocytes in ketotic cows lack in chemotactic differentials and leucocytes in
general show limited chemotactic capacity in a ketotic environment (Esposito
et al., 2014).Immune function deficiencies have also been reported in diseases
other than ketosis. Kimura et al. (2002) also reported declined chemotactic
capacity and cellular killing function in neutrophils in cows with retained

placenta.

1.1.2 Metabolism

The role of the liver in adapting metabolic pathways and supporting lactation is
key to a successful transition period. Dietary supplements of folic acid and
vitamin B12 on the metabolism of dairy cows in early lactation, showing
improved metabolic efficiency and liver function (Graulet et al., 2007).
Furthermore, Li et al. (2020) emphasized the crucial role of the liver in metabolic
adaptation to support pregnancy and lactation through nutrient coordination
and interconversion, especially during the transition from late gestation to early
lactation, while Ringseis et al. (2014) discussed the molecular mechanisms
underlying liver-associated diseases in transition dairy cows, underscoring the
importance of understanding these mechanisms to prevent liver disorders and

enhance production.

It was proposed by Allen and Bradford (2009) that the oxidation of fuels that
occurs in the liver elevates adenosine triphosphate concentrations that trigger
the hepatic vagus nerve and send a message to the brain’s feeding centre to
reduce feed intake. These fuels include fatty acids, propionate, lactate and

amino acids, therefore NEFA mobilization, which is common during the
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transition period, may cause the DMI decrease. NEFA mobilization is in turn
amplified by a decrease in plasma insulin concentration and insulin sensitivity

by up to 50% (Wankhade et al., 2017).

Accumulation of triglycerides within the hepatocytes can lead to fatty liver
syndrome or ketosis (Eckel and Ametaj, 2016) and is considered to be caused
by the negative energy balance (NEB) state during the early stages post-partum
(Melendez and Risco, 2005). Fatty liver is characterized by the storage of
triglycerides within hepatocytes (Eckel and Ametaj, 2016). At least half of the
cows could be experiencing subclinical ketosis during the first month after
calving (Esposito et al., 2014), while ketosis has been associated with
conditions such as metritis and displacement of the abomasum (LeBlanc,
2010). Decreased DMI seemed to significantly influence the development of
both milk fever and retained foetal membranes (Kimura et al., 2006).Therefore,
maintaining appropriate body weight during the transition period is pivotal for
the cow’s health and performance. To do soitis important to minimize all factors
that could affect feed intake. For instance, moving and regrouping COws,
especially around calving is shown to reduce DMI and subsequently delay
calving, increase calf mortality and the incidence of retained placenta
(Schirmann et al., 2011, Nordlund and Cook, 2004, von Keyserlingk et al.,

2008).
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1.2 Management

1.2.1 Body Condition Score

The Body Condition Score (BCS) reflects the nutritional status of the cow and
therefore the stage of lactation, but can also be affected by a number of cow-
level factors, such as parity, age, season of calving and genetics, as well as on
a herd-level, such as stocking rate, and type of diet (Berry et al., 2003, Berry et
al., 2006, Butler, 2014, Coffey et al., 2004, Koenen et al., 2001, Macdonald et
al., 2008, Lean et al., 2022, McCarthy et al., 2007, Pryce et al., 2001, Pryce

and Harris, 2006, Roche et al., 2006, Roche et al., 2007).

BCS can be a very quick and effective monitoring tool for nutritional
management and health outcomes (LeBlanc, 2010, Melendez and Risco,
2005). Low scores correspond to emaciation and high scores to obesity (Roche
et al., 2009).Although traditionally a BCS of 3.5 to 3.75 (using a 1 to 5 scale)
was considered ideal at dry-off, more recent studies have suggested that 3.0 to
3.2 or even lower than 3.0is a more efficient aim (Contreras et al., 2004,
LeBlanc, 2010, Melendez and Risco, 2005, Overton and Waldron, 2004). This
could potentially be attributed to the link between decreased DMI and a high
BCS (Esposito et al., 2014, Hayirli et al., 2002, Overton and Waldron,
2004).0Overall, studies suggest that a BCS lower than the traditional 3.5 - 4 is
preferred in order to have the desired transition period outcomes (Overton and
Waldron, 2004). As the loss of body condition in the weeks postpartum is
related to NEB (Roche et al., 2009) the BCS score is a useful, easy to apply
on-farm health indicator (Danicke et al., 2018). Reducing BCS or body weight

of dry cows is not recommended at any point of the dry period (Melendez and

28



Risco, 2005). Higher BCS used to be the target, since it has been established
that it is associated with greater milk yield potential (Zahrazadeh et al 2017,
Berry et al., 2007; Jamali Emam Gheise et al., 2017), however it is also linked
with higher serum NEFA levels and increased incidence of reproductive and
health issues (Berry et al., 2007, Jamali Emam Gheise et al., 2017, Zahrazadeh
et al., 2018). BCS score may not have a very high sensitivity and specificity
when used on its own to predict health and production outcomes (LeBlanc,
2010), however when combined with other predictors it could potentially be a

very useful predictive tool.

1.2.2 Rumen Fill Score

Feed intake monitoring can be useful to assess the cow’s energy status,
however it can also be difficult to perform on a routinely basis on commercial
dairy farms. A simple and feasible method of assessing feed intake is the
Rumen Fill Score (RFS) as they are shown to be associated (Burfeind et al.,
2010). Burfeind et al. (2010) also suggested that RFS should be routinely
measured at the same time of day in order to draw conclusions on the DMI.
Kawashima et al. (2016) further supported the association between RFS and
feed intake and suggested that RFS did not change in dry cows until close to
the calving date. Overall, RFS during the close-up dry period can be used as a
predictor of metabolic status and consequently health and production

outcomes.

1.2.3 Housing
The comfort of the cows has been recognised as an important factor
contributing to optimization of milk production (Schirmann et al., 2011, Wilkes

et al., 2008). Among the indicator of cow comfort, the lying-down behaviour has

29



been reported to be pivotal (Broucek et al., 2017). In a study investigating the
effect of reduced competition for feeding and lying space on the health and
immune function it was found that cows kept in lower stocking density pens had
improved blood metabolites both pre- and post-calving (Miltenburg et al., 2018).
Recommendations state that overcrowding at transition pens should be
avoided with 80% cows to stalls and the recommended feeding space for cows
is a minimum of 76cm and even wider for cows at late stages of gestation
(Miltenburg et al., 2018, Nordlund et al., 2006). The association between the
housing environment of transition cows and metabolic health has not been
thoroughly examined, however two existing studies support no increase in RFM
and metritis incidence, or blood metabolite levels (Silva et al., 2014, Silva et al.,

2013).

1.2.4 Heat Stress

Heat stress in cows leads to decreased milk yield and reproductive function, as
well as a worsening health status (Lamp et al., 2015).The thermal neutral zone
for dairy cattle is generally between 5 and 20°C (NRC, 2001), therefore high-
yielding dairy cows start experiencing heat stress in temperatures above 21°C
(Hahn, 1999). Despite taking measures such as installing intensive cooling
systems, the economic toll on farms in the USA was estimated to approximate
897 million dollars yearly (St-Pierre et al., 2003). A measure frequently used to
access the presence of heat stress in livestock is the Temperature-Humidity

index (THI) (Ansari-Mahyari et al., 2019, Polsky and von Keyserlingk, 2017).

The most common index in cattle is calculated as:

THI = (1.8*T+32)-(0.55-0.0055*H)
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where T is the dry light bulb temperature (°C) and H is the relative humidity of

the air (%) (Diaz et al., 2017).

Dairy cattle may start experiencing heat stress at indexes over 68 to 72, with
some variations across different climatic regions (Diaz et al., 2017, Polsky and
von Keyserlingk, 2017). Heat stress has been reported to decrease DMI,
negatively affect milk production, reproductive performance and to be a major
risk factor for lameness (Polsky and von Keyserlingk, 2017). The mechanism
through which heat stress affects lameness is not known (Polsky and von
Keyserlingk, 2017), but it is speculated to be either via increasing the standing
times (Cook et al., 2007) or through changes in nutrient metabolism caused by
the decline of DMI (Cook et al., 2004). Vitali et al. (2009) reported that for a

minimum index of 70 the risk of death in dairy cows starts to increase.
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1.3 Economic Impact

Even though research has focused on transition period of dairy cows it is still a
challenging area with great economic losses for the farmers (Overton and
Waldron, 2004). A study in Minnesota indicated that 25% of cows removed from
the herd left during the first 60 DIM with an additional percentage leaving due
to difficulties associated with transition period difficulties (Godden et al., 2003).
Decrease of reproductive performance and milk yield are the most significant
sources of economic loss for the farmers due to the cost of treatments and
increased culling rate (Grohn et al., 2003, Melendez and Risco, 2005). This
decrease is linked with periparturient disease (Melendez and Risco, 2005). In
a recent study, the cost of RFM in the United States was calculated as a total
$386, $287 attributed to milk yield reduction, $73 attributed to an increase in
days open, $25 for an increase in the risk of disease and $1 for an increase in
culling risk (Gohary and LeBlanc, 2018).For displaced abomasum, the cost per
diagnosis may reach up to $700 due to direct and indirect costs (Caixeta et al.,
2018). The estimated cost of milk fever in the United Kingdom was estimated
at £220 or $343 (Saborio-Montero et al., 2017). Even though it was previously
considered that twinning in dairy cows was profitable due to an increase in milk
production it is now controversial due to the losses from a higher incidence of
dystocia, RFM and stillbirths (Cabrera & Fricke, 2021). The frequency of
twinning in dairy cattle has been estimated to be approximately 5%, resulting in
annual losses to the industry ranging from $22.5 to $112.5 million, assuming a
US national herd of 9 million cows (Lett & Kirkpatrick, 2018). It is, therefore,
evident that preventing transition period related issues before they manifest

would greatly impact the farmers’ profits.
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1.4 Statistical Methods

1.4.1 Explanatory vs Predictive Modelling

A great number of studies on transition period diseases have focused on
identifying risk factors for disease outcomes, suggesting a possible causal link
between the two (Daros et al., 2017, Huzzey et al., 2007, LeBlanc et al., 2004,
LeBlanc et al., 2005). This method is called explanatory modelling and it aims
to interpret the outcome utilising the independent, or explanatory, variables,
without however attempting to make predictions about said outcomes (Shmueli,
2010). In summary, explanatory modelling involves applying statistical
techniques to evaluate causal hypotheses, where the underlying factors are
believed to drive the observed effect (Sainani, 2014, Shmueli, 2010, Vergara et
al, 2014). Models that seek to forecast specific outcomes using given predictors
are called predictive models. The model building process differs between the
two (Sainani, 2014) and the resulting models often differ in variables and
predictive value (Shmueli, 2010). An area that focuses on building predictive
models is that of machine learning. Veterinary epidemiology utilises both
explanatory and predictive modelling in its research (Froud et al., 2017, Vergara

et a., 2014)

1.4 2 Building a predictive model using machine learning

Machine learning approaches in data science are increasingly popular methods
of identifying patterns in data (Biffani et al., 2017). Their main purpose is making
predictions on new unobserved datasets, while as it gets exposed to more data

the algorithm is adapted and improved (Hudson et al., 2018).
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Machine learning techniques are steadily becoming more widely used over the
past years, along with the advent of “Big Data”. Biffani et al. (2017)
demonstrated that in just 16 years the number of publications related to
machine learning have increased drastically, from 10,690 in 2000 to 1,211,400
in 2016, and even though the peak rate was between 2011 and 2013 it steadily

continues to increase.

The techniques are categorised in various ways in different areas, but a
distinction between supervised and unsupervised methods is widely recognised
(Lanier et al. 2020, Patel & Jhaveri, 2015, Moujahid et al., 2018). The first of
these aims to predict chosen outcomes based on various variables, while the
second aims to identify clusters in the data without a specified outcome. Some
research questions fall naturally into one of those categories, however there
are instances where it is logistically difficult to collect the response variable, a

combination of the two may be used (James et al., 2014).

A way of differentiating between the various supervised methods is whether
they can be used to model quantitative (numerical) or qualitative
(categorical/factor/binary) responses (James et al., 2014). The former are
referred to as regression methods, while the latter as classification methods
(Yang et al., 2022). However, the distinction is not always clear as quantitative
responses coded as binary can be handled with classification techniques and
similarly, binary qualitative responses can be modelled using logistic
regression, which is considered a regression method due to the fact that it
estimates class probabilities. Furthermore, there are some statistical methods
that can handle both qualitative and quantitative responses, such as k-nearest
neighbours (James et al., 2014).
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Machine learning algorithms offer great flexibility with regards to problems of
multicollinearity, missing values, or complex interactions among variables
(Kuhn and Johnson, 2013). A potential issue with some of these techniques is
that they may be affected by noise in the data. Modelling this noise can lead to
overfitting the data and it results into models that have low accuracy when
predicting responses on new datasets. As the model fits too closely to the
existing data, it may follow their pattern too closely resulting in an overly
complicated model that cannot perform well on new observations as it is
basically built on idiosyncrasies of the original dataset (James et al., 2014,
Yeom et al., 2018). One way to overcome this issue is by using robust ways of
evaluating the models’ performance, involving resampling methods, such as k-
fold cross-validation and bootstrapping (Hartono and Ongko, 2022, Kernbach
and Staartjes, 2021, Kuhn and Johnson, 2013). The theory behind it is to split
the dataset into two parts (usually multiple times), build the model using the first
part (train set) and then use the algorithm developed to make predictions on
the second part (test set). Afterwards, the model is evaluated based on the
comparison of the predictions with the true values of the test dataset. For k-fold
cross validation the dataset is split randomly into k parts of equal size and each
time a model is fit for the entirety of the dataset excluding one part (fold) that
acts as the test set (Ayranci et al., 2021, Baykan & Yilmaz, 2011). The estimates
of performance for all the models are then summarized (Kuhn and Johnson,
2013). The difference in bootstrapping is that each data point is taken with
replacement, meaning that it can be selected multiple times when sampling and
the final bootstrapping sample is the same size as the original data set (Kuhn

and Johnson, 2013 Waitman et al., 2003). The process can be computationally
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expensive, however with the advances in computing power over the past years,
this is becoming less of an issue and these techniques have become a pivotal
tool in the practical applications of machine learning methods (James et al.,

2014).

In some models there are parameters whose optimum value cannot be
calculated by an analytical formula, such as the choice of k in k-nearest
algorithms. The selection of inappropriate values for these parameters may
result to overfitting the data. There are many approaches to defining the
optimum value for a parameter and the process is called parameter tuning
(Kuhn and Johnson, 2013, Yang and Shami, 2020). There are several
approaches to deciding the most appropriate parameters, generally by defining
a set of possible values, generating reliable estimates of model utility across
said values, then selecting the optimal settings. Many researchers opt to
complete this process manually, however in order to do so a clear
understanding of the different parameters for each corresponding machine
learning method is needed (Abreu, 2019). After determining a set of values we
can get the estimates of model performance using resampling methods, which
are then aggregated into a performance profile to help choose the final
parameters, which will be used for the model building (Kuhn and Johnson,

2013).

1.4.3 Assessing the model’s predictive power

There are many methods to access model accuracy, meaning how well the
predictions match the actual observed data. In the regression setting one such
measure of accuracy is the mean squared error (MSE), given by the square of

the difference between the observed and predicted values over the total
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number of observations The closer the predictions are to the true values the
smaller the MSE will be (James et al.,, 2014, Joham et al.,, 2012). For
classification problems, a common way of describing model performance is the
confusion matrix (cross-tabulation of the observed and predicted classes of the
data, indicating the true positives (TP), true negatives (TN), false negatives
(FN) and false positives (FP)), where we can calculated metrics such as the
overall accuracy (TP + TN/ TP + TN + FP + FN), the Kappa statistic, sensitivity
(TP / TP + FN), specificity (TN / TN + FP), positive predictive value (PPV) (TP
/ TP + FP) and negative predictive value (NPV) (TN / TN + FN) (Kuhn and
Johnson, 2013). The Kappa statistic in particular is a measure designed to
assess the agreement between two raters, assuming that a proportion of the
agreement can be due to chance alone (Warrens, 2010). It can be calculated
as the difference between observed accuracy and expected accuracy (based
on marginal totals of the confusion matrix) over the difference between 1 and
the expected accuracy, with values ranging from -1 (total disagreement) to 1
(total agreement) (Kuhn and Johnson, 2013). The interpretation of Kappa has
been described by Landis and Koch (1977) and can be found in Table 1.1. In
contrast with other metrics such as accuracy, kappa takes into account the
prevalence of the outcome (Viera and Garrett, 2005), meaning that it can be of

particular interest in datasets where the outcome is rare.
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Table 1.1 Kappa value interpretation (Vierra and Garrett, 2005)

Kappa Agreement
<0 Less than chance agreement
0.01-0.20 Slight agreement
0.21-0.40 Fair agreement
0.41 - 0.60 Moderate agreement
0.61-0.80 Substantial agreement
0.81-0.99 Almost perfect agreement

Another method to evaluate the class probabilities and access the sensitivity
and specificity thresholds is the receiver operating characteristic (ROC) curves.
The combinations of specificity and sensitivity for different cut-off points are
plotted against each other and in the resulting plot the area under the receiver
operating characteristic (AUROC) can be calculated as a measure of predictive
value for the model (Ho, 2017, Kuhn and Johnson, 2013). Values closer to 1
are optimal, whereas those close to 0.5 indicate that the model has no
predictive value (Lin et al., 2021). A disadvantage of this metric is that there can
be a loss of information when evaluating models, as the shape of the curve
might be a better way of comparing models instead of just reporting the AUROC

(Kuhn and Johnson, 2013).

38



1.5 Machine learning in the dairy industry

It has been emphasized that clinicians in farm animal practice, need to focus
on consulting their clients on farm management in order to prevent disease,
rather than just offering treatment (Hudson et al., 2018). Machine learning
techniques have recently started being used in veterinary medicine to help
improve farm management. There have been some recent studies trying to
utilize various methods in order to develop predictive models and explore

different aspects of the dairy cow’s health and performance.

Most papers have focused on developing predictive models for reproductive
outcomes. In a study by Caraviello et al. (2006) an alternating decision tree
model was developed to predict first-service conception rate by the frequency
of hoof trimming, type of bedding in dry pens, restraint system and duration of
the voluntary waiting period. The model correctly classified 75.6% of the
records, using 10-fold cross-validation, with 99.3% of the incorrectly classified
being false negatives and the AUROC was 0.68. Using a similar model, they
also identified variables such as bunk space per cow, number of cows in
maternity the pen, BCS, strategy for using clean-up bulls, temperature of
thawing semen and milk yield at first service informative predictors for
insemination outcomes at 150 DIM. This model correctly classified 71.4% of
cows, using 10-fold cross-validation, with 16.3% of the incorrectly classified
being false negatives and the AUROC was reported to be 0.73. Fenlon et al.
(2017a) also tried to predict the probability of conception in heifers, with an
overall prediction accuracy between 77.1% and 78.9%. However due to low
specificity the models were not successful at identifying failed services and they

were thought to be of little predictive value. Machine learning methods have
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also been used to determine the time-to-calving (Miller et al., 2020) with models
for dairy cows showing in increase of predictive performance up to 4 hours
before calving (Matthew’s correlation coefficient increasing from 0.06 to 0.14)
and the highest AUROC, sensitivity and specificity combination 2 hours before
calving (95.4%, 91.3% and 93.5% respectively). Borchers et al. (2017) used
techniques, such as random forests, linear discriminant, and neural network
analyses, along with precision technology to predict the time of calving, with the
method yielding the best sensitivity/specificity combination being ANN (100%
sensitivity and 86.8% specificity when the variables were summarized at the
daily level, 82.8% sensitivity and 80.4% specificity when analysing bihourly
increments). In a study with similar outcomes, Keceli et al. (2020) utilised
activity and behavioural data providing models with sensitivity, specificity, PPV
and NPV for the day before calving reaching 100%. Vazquez-Diosdado et al.
(2023) also investigated calving prediction using sensors with the best results
being achieved when inputting data from 2 days prior to calving (87.81 %
accuracy, 92.99 % specificity, 75.84 % sensitivity, 82.99 % PPV, 78.85 % F-
score, and 90.02 % NPV). In another study by Fenlon et al. (2017b), four
machine learning methods were compared to identify the most suitable model
for predicting calving difficulty in dairy heifers and cows. Using the AUROC,
which for all models ranged from 0.64 to 0.79 they reported that all models had
good discriminatory power with ANN and multinomial regression performing
best (75% cases correctly classified). Avizheh et al. (2023) utilised historical
data, also for the prediction of calving difficulty, producing models with low
AUROC and F1-score due to an imbalanced dataset. Sampling methods were

found to improve the metrics, however the remained in overall low levels (F1-
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score ranging between 0.38 to 0.42). Brand et al. (2021) utilised milk spectral
data to predict pregnancy, reporting a model with a sensitivity of 0.89, a
specificity of 0.86, and prediction accuracy of 0.88. A few recent studies have
used similar models to predict insemination outcomes (Hempstalk et al., 2015,
Shahinfar et al., 2014). Zaborski et al. (2018) utilised a range of techniques,
such as ANN and logistic regression, to identify dystocia in Holstein-Friesian
cows, with the maximum overall accuracy being 0.589 for heifers (using a
multivariate adaptive regression splines model) and 0.649 for cows (using a
ANN model). Dolecheck et al. (2015) explored oestrus detention using random
forests, linear discriminant analysis and neural networks, with the overall
accuracy for all models ranging from 91.0% to 100.0%. Higaki et al. (2019) also
tried to detect oestrus with ANNs, SVMs and decision trees utilising vaginal
temperature and conductivity data, with an ANN model having the numerically
(but not statistically) higher values of sensitivity and precision (both at 0.94).
Cairo et al. (2020) also focused on the prediction of oestrus using behavioural
data, reporting high values of accuracy. Another similar study (Hemalatha et
al., 2021) utilized milk parameter data also reporting high accuracy, as well as
precision, recall, specificity and F1 score, while Schweinzer et al. (2019) used
accelerometer data to build a model with over 90% sensitivity, specificity, PPV
and NPV. Another study (Wang et al., 2020) used accelerometer as well as
location data for their predictions with their best performing model being a
neural network predicting within a 30-minute time window (sensitivity = 99.36%,
specificity = 53.33%, PPV = 95.76%, NPV = 93.72%, accuracy = 95.36%, F1 =
97.51%). Romadhonny et al. (2019) built a classification model for oestrus

reporting over 80% accuracy, however the model only correctly classified
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oestrus being late at a rate of 6.4%. In an attempt to classify bovine semen
based on mineral imbalances Aguiar et al. (2012) managed to almost halve the
predictors needed for the classification, with the highest accuracy model being
at 97.25%. Grzesiak et al. (2010) presented models detecting artificial
insemination difficulties with an AUROC value of almost 0.9. Bates and Saldias
(2019) demonstrated a comparison of regression and machine learning
methods by building models predicting the 21-day submission rate in dairy
cows. The study concluded that no significant differences in predictive power
were found and that even though models had a good enough AUROC (0.68-
0.73) the positive outcomes had a better chance at being predicted than the
negative outcomes. Keshavarzi et al. (2020) built predictive models detecting
abortion incidence, with a mean AUROC of 0.863 and F1 score of 0.520, which
showcased an improvement after sampling methods (AUROC 0.893 and F1

0.610 when up-sampling/AUROC 0.897 and F1 0.626 when down-sampling).

Another part of the research has primarily investigated milk production. Murphy
et al. (2014) compared 3 different predictive models that focused on predicting
milk production, with the reported root mean square error (RMSE) being <
12.03%. Njubi et al. (2010) also explored the same area, presenting ANN
models with an estimated accuracy of 79%, that predicted next month and first
lactation 305-day milk yield of Holstein-Friesian cows in Kenya. ANNs which
are among the most common method used in animal sciences for various
models, were also used in other papers to develop algorithms predicting milk
yield (Gianola et al., 2011, Grzesiak et al., 2006) and breeding values in dairy
cattle (Shahinfar et al., 2012). Sefeedpari et al. (2015) focused on milk yield

forecast in Iranian farms utilising energy consumption, producing models with
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R? values ranging between 0.65 and 0.93. Zegler et al. (2020) investigated
potential pasture milk production using regression trees and finding that out of
the variables explored, the ones most associated with this outcome were
improved legume cover, residual sward height, and non-improved grass cover.
Nguyen et al. (2020) analysed the associations between fat/protein content and
milk yield, stating that while their random forest model achieved the best
performance with an average R? value of 0.734, their SVM model followed
closely with a value of 0.712 and significantly less computational time, making
the latter overall more efficient. Dallago et al. (2019) explored the prediction of
first day milk yield in heifers and provided three different models with less than
4kg MSE, out of which the ANN was considered the best. Important milk
metabolites that could be used to predict milk traits have also been identified in
a study by Melzer et al. (2013). Frizzarin et al. (2021) also focused on the
prediction of milk traits utilising both regression and classification methods and
using milk spectra. Fuentes et al. (2020) analysed feed, weight and weather
data to develop models predicting milk yield, protein and fat content as well as
concentrated feed intake, with the model for all cows achieving a correlation
coefficient of 0.86 and slope of 0.74. Muniz et al. (2020) built linear regression
and ANN models predicting lactose, protein, fat and solids-non-fat parameters
in milk, with ANNs achieving overall lower bias. Pietersma et al. (2003)
conducted lactation curve analysis, presenting classification tree models with
different levels of intensity when it came to outlier removal, achieving
sensitivities of 52%, 68% and 92% for each increasing level of intensity. More
recently, Anglart et al. (2020) focused their research on the prediction of

monthly composite somatic cell count, concluding to some MSE disparity

43



among the different predictor variable setups (0.09 to 0.17 for the generalized
additive model). Ji et al. (2022) explored various production measures, such as
the daily milk yield, fat and protein content in milk, as well as frequency of
individual cow milking during the next 28 days, proposing models with good
results (R?> 0.90 and overall accuracy > 80%). Farah et al. (2021) explored the
prediction of milk adulteration showcasing that their optimal model was a
random forest with 100% on the training set and 88.5% accuracy on the test
set. In a study with a similar aim, Neto et al. (2019) utilized spectral milk data
and proposed a neural networks model with 98.76% classification accuracy.
Conde et al. (2020) also investigated milk adulteration, this time with the
addition of whey, and provided an ANN model with 15 hidden layers to which

the most influential variables were the milk’s fat content and density.

Amongst the health outcomes, mastitis appears to be among the most
frequently explored with predictive models. Kim and Heald (1999) compared
decision tree classification of mastitis with culture diagnosis and estimated a
58-61% accuracy for the former. Several studies have utilised a variety of
methods, such as decision trees, SVMs and ANN to investigate clinical and/or
subclinical mastitis (Ebrahimie et al., 2018b, Ebrahimie et al., 2018a, Kamphuis
et al., 2010, Kamphuis et al., 2008, Luo et al., 2023, Mammadova et al., 2013,
Panchal et al., 2016, Sharifi et al., 2018).Sun et al. (2010) also attempted to
identify mastitis from data collected by automatic milking systems, using cluster
analysis. The correct classification rate of the models generated ranged from
86.9% to 91.6%. Dhoble et al. (2019) attempted predictions utilising cytometric
fingerprints. Their four outcomes included identifying the source cow of the milk

sample, distinguishing pathogens in infected samples and recognizing healthy
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samples, determining the lactation stage of the sample, and gauging the
severity of infection. The best models proposed for all four outcomes had an
accuracy of over 99%. Post et al. (2020) and Post et al. (2021) focused on the
classification of mastitis, as well as lameness, utilising a vast variety of
methods, including logistic regression, SVM, k-nearest neighbours, naive
bayes, decision trees and random forests, while emphasising the effect of
imbalanced datasets on the metrics. Maciel-Guerra et al. (2021) presented
models on the success of the treatment of mastitis caused by Streptococcus
uberis reporting an accuracy of 92.2% and kappa of 84.1%. Douphrate et al.
(2019) debated the reliability of person vs machine-based hygiene scores for
the teat. While investigating Staphylococcus aureus antibiotic resistance
Esener et al. (2021) used ten different machine earning methods including
SVM, logistic regression, naive Bayes and MLP neural networks. Hyde et al.
(2020) presented random forest models with 98% accuracy, 86% PPV and 99%
NPV (when distinguishing between environmental and contagious diagnoses)
and 78% accuracy, 76% PPV and 81% NPV (when distinguishing between
environmental dry period and environmental lactation period diagnoses). Srikok
et al. (2020) took advantage of the presence of mMRNA in milk to determine
infection and reported models with AUROC ranging between 0.77 and 0.89.
Regarding the environmental and contagious distinction of mastitis caused by
Streptococcus uberis, Esener et al. (2018) presented models with high
accuracy and kappa for an individual farm classifier and a global classifier after
cross-validation, that however decreased after external validation (70.67%
accuracy and 0.34 kappa). When investigating the possibility of subclinical

mastitis prediction Ebrahimie et al. (2021) proposed the use of a classification
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based on associations (CBA) model which utilises scaled data and generates
rules that define sub-groups in complex datasets, thus increasing the
generalisability of the model. A paper by Hassan et al. (2009) presented both
supervised and unsupervised ANNs to help detect mastitis pathogens based
on alterations in milk parameters, with unsupervised ANNS yielding overall
greater sensitivity and specificity. A few years prior, Heald et al. (2000), had
also developed an ANN model for mastitis detection, that was reported to offer
a greater predictive value compared to classical statistical methods, the
classification rate ranging from 57 to 71%. Even further back, two studies
(Nielen et al., 1995a, Nielen et al., 1995b) used neural network models
alongside logistic regression models for the detection of both clinical and

subclinical mastitis.

Lameness has also been a significant part of machine learning based research.
Shahinfar et al. (2021) also attempted to predict lameness, using a naive Bayes
model, amongst other methods, with an AUROC of 0.66 and an F1 value of
27%. Warner et al. (2020) proposed the use of machine learning for the
prediction of lameness with their best performing model achieving an AUROC
of 0.76, a sensitivity of 0.54 and specificity of 0.94. Volkmann et al. (2021)
focused on the identification of claw lesions by analysing the acoustics of the
animals' gait, while Barney et al. (2023) utilised computer vision to detect
lameness. Haladjian et al. (2018) also investigated lameness and proposed a
motion sensor with 91.1% accuracy, while Shrestha et al. (2018) suggested
radar sensing with over 85% accuracy in dairy cows. Alsaaod et al. (2012)
proposed the use of pedometers recording activity, lying time, and temperature,

with the resulted model having an accuracy of 81% for non-lame cows and 72%
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for lame ones. In yet another study using sensor data, Taneja et al. (2020)
proposed a model able to identify lame animals up to 3 days before visual
confirmation with an accuracy of 87%. Boghart et al. (2021) presented a model
using behavioural metrics, milk production and animal characteristics, with 85%
AUROC. After investigating the possibility of prediction of digital dermatitis,
Cernek et al. (2020) reported a model with 71% accuracy and 051 Cohen’s

kappa before external validation and 88% accuracy and 0.36 kappa value after.

In recent years, metritis has been the subject of several machine learning
studies. Vidal et al. (2023) provided some models with high F1 scores, utilising
sensor data from accelerometers. Risvanli et al.,, 2024 used a sensor
measuring intrauterine gases, and provided models with high accuracy
(71.22%), precision (64.4%) as well as recall (71.2%). De Oliveira et al. (2021)
investigated the treatment success of metritis, presenting models with high F1
(0.81), sensitivity (0.85) and PPV (0.78), but low specificity (0.39) and NPV
(0.50). Another study (Sadeghi et al., 2022) presented models predicting
subclinical endometritis by interpreting polymorphonuclear leukocyte
proportions. Finally, Merenda et al. (2020) attempted to predict metritis, acute
metritis, along with success and failure of treatment. The models for metritis
and acute metritis produced had fair AUROC (0.82 and 0.87 respectively) with
reasonable specificity and sensitivity, however the model for acute metritis had

low PPV (0.30) while that of metritis was fair (0.60).

Various other diseases have also been the subject of more recent machine
learning studies. Lasser et al. (2021) utilised a number of different algorithms
and reported different metrics, including the F1, precision, recall, specificity, and
accuracy in an attempt to predict anoestrus, ovarian cysts, lameness, ketosis,
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periparturient hypocalcaemia, metritis, chronic mastitis, as well as acute
mastitis. Wagner et al. (2020) developed models using behavioural data to
identify cases of sub-acute ruminal acidosis from a sample of 14 diseased cows
and 14 controls. Their best performing one, was a KNN model with 12 hours of
prediction achieving a PPV of 0.83 and a NPV of 0.66. In another study using
behavioural data (Cantor et al., 2022) this time for the prediction of respiratory
disease in calves, the produced KNN model returned accuracies up to 95%
when predicting clinical disease and 52%-90% when predicting pre-clinical
disease. Sturm et al. (2020) proposed models for the prediction of ketosis,
which while having fair accuracy and NPV (0.72 and 0.92 respectively) had low
kappa, F1-score and PPV (0.28, 0.43 and 0.32 respectively). Wang et al. (2023)
explored the possibility of utilising explicit and implicit features found in text
records in the prediction of disease which was broadly classified in 7 classes
(rumen indigestion, rumen bulging, atonia proventriculorum, ketosis, epidemic
fever, oesophageal obstruction and ruminal acidosis). Their suggested model
had a F1-score of 94.89%. Reporting a collective disease outcome has also
been attempted by Hernandez et al. (2021), accompanied by poor metrics
(sensitivity = 61.74%, PPV = 59.99%) with high standard deviation (15.99% and
26.20% respectively). Even more recently, Zhou et al. (2022) proposed models
for a disease outcome including digestive disorders, lameness, mastitis, and
metritis, utilising potential predictive variables, such as the season, days in
milking, parity, age at the time of disorders, milk yield, activity, rumination time,
and electrical conductivity of milk. Although three of their models produced high
metrics (AUROC 81.58%-92.86%) their sensitivity ranged between 48% and

85%, which was concluded to be low for the purpose of the study. Dineva and
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Atanasova (2023) also proposed a general disease outcome, using a variable
with three classes as assessed by a veterinarian (Healthy-cow is not in any
discomfort, Unhealthy-any disease state, including those caused by cold or
heat stress, Suspect-presence of sufficient conditions for the occurrence of a
disease state in the animal, not yet manifested). Their worst performing model
was a Naive Bayes model with 0.62 accuracy, 0.52 recall and 0.53 precision,
while the best one was a random forest classifier with 0.95 accuracy, 0.95 recall
and 0.97 precision. Lardy et al. (2023) investigated various conditions in
Holstein cows, several diseases being amongst them, however instead of
binning them in a binary outcome they included them all in a multi-class
variable. The conditions included oestrus event, calving, lameness, mastitis,
acidosis, inflammatory reaction to lipopolysaccharide injection (LPS), accidents
(such as Injuries, retained placenta and vaginal laceration), other disease,
mixing and disturbance (such as Handling for vaccination, oestrus
synchronisation, anthelmintic cure, claw trimming and relocation). For their
predictive variables they utilised sensors measuring the distribution of the
activity level in 24-hour time series. While highly specific, the random forest
model returned low accuracy for all classes (44.4% to 5.2%). This however
improved when considering the presence of at least one 24-hour time series
classified correctly before the event, after multiple are recorded (acidosis
85.6%, oestrus 72.4%, calving 74.0%, other diseases 78.2%, lameness 66.3%,
mastitis 56.6%, mixing 54.6%, LPS 45.1%, disturbances 40.9%, and accident
10%). Despite the sensitivity issues, the random forest model was able to

differentiate between the events with good results.
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Several genetic studies have also used machine learning. In 100-year a review,
Weigel et al. (2017) described how researchers have recently started to use
machine learning techniques alongside more traditional methods, in order to
develop models for genetic selection. In fact, a number of studies have used
machine learning for genomic predictions (Biffani et al., 2017, Ehret et al., 2015,
Gonzalez-Recio et al., 2010, Yao et al., 2013). Yao et al. (2016) while looking
into genomic prediction, suggest that a self-training algorithm incorporated into
an SVM prediction model can enhance the accuracy of said prediction by
gathering additional genomic data from animals lacking measured phenotypes.
In another paper, genomic prediction methods have been compared in order to
determine the most accurate, while in another study by the same author the
value of imputation in genetic studies was explored (Jiménez-Montero et al.,
2013a, Jiménez-Montero et al., 2013b). Rodriguez et al. (2019) attempted a
genome-wide classification in order to identify high-producing cows by training
decision trees and ANN algorithms and getting a mean prediction of 92.4% and

82.19% respectively.

A few behavioural studies have also utilized these techniques. Williams et al.
(2016) used machine learning methods to develop a behavioural model of the
pasture-based dairy cow, yielding an accuracy of 85%, false positive rate of
10% and AUROC of 0.87. Similarly, other studies (Benaissa et al., 2017,
Martiskainen et al., 2009, Smith et al., 2016, Tamura et al., 2019, Vazquez
Diosdado et al., 2015) have used decision trees, k-nearest neighbours, naive
Bayes and Support Vector Machine methods to classify behavioural data
collected by sensor technology. Chelotti et al. (2018) in particular, presented

methods for identifying and classifying jaw movements in grazing cows, with
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the best model achieving accuracy, precision and recall of over 90%. In a more
recent study (Shen et al., 2020) accelerometer data were input in KNN, SVM
and ANN algorithms to predict ingestive-related behaviours with good success.
In a similar study only a year prior Benaissa et al., (2019a) had also assessed
feeding and ruminating behaviour, reporting models with high precision,
sensitivity and specificity for both outcomes. The same researchers (Benaissa
et al., 2019b) also compared neck and leg mounted sensors, determining that
the optimal position depends on the behaviour than needs to be monitored.
Dutta et al. (2015) utilised ensemble methods for behaviour prediction, with the
best model achieving 96% accuracy, 97% sensitivity, 89% specificity, 89% F1
score and 9% false discovery rate. Riaboff et al. (2020) presented 4 models,
classifying 6 behaviours with accuracies ranging between 0.95 and 0.98 and
Cohen’s Kappa ranging between 0.91 and 0.96. Using 8 surveillance cameras
and ANN methods Salau and Krieter attempted to segment animal behaviour
with overall high ‘averaged precision score’ but moderate ‘averaged recall
score’. Williams et al. (2019) explored both base learner and ensemble
methods to predict behaviour with logistic regression being the best overall
model for the former (accuracy 0.90; sensitivity 0.88; specificity 0.92; precision
0.92; Fl-score 0.90). The ensemble methods produced overall similar
measures. Balasso et al. (2021) produced ANN, SVM, KNN and extreme
boosting algorithm models, in an attempt to identify posture and behaviour with
positive results. Hunter et al. (2021) developed ANN and random forest
algorithms using neck muscle activity and heart rate data aiming to differentiate
between sleep stages, with the best model being the ANN achieving an AUROC

of 92.5%. Carslake et al. (2021) used collar-based sensors collecting signal
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data in calves to correctly identify lying and standing posture while also
classifying locomotor play, self-grooming, active lying, inactive lying and
different feeding behaviours. The model with the worst performance was that
of active lying (90% accuracy, 64% sensitivity and 69% precision), while the
one for locomotor play achieved 98.98% sensitivity, 99.73% specificity and
99.23% precision. Ren et al. (2021) analysed social interactions with each of
the 6 classes of the outcome reaching accuracies ranging between 72.73% and
92.16%. Chen et al. (2020) aimed to recognize feeding behaviour using neural

networks, achieving accuracies of up to 89.5%.

A few studies have taken a different approach and rather than focusing on
animal traits, they aimed to predict farms’ energy consumption. Shine et al.
(2019) utilized an SVM algorithm and empirical data from 56 to investigate
electricity consumption. They found, among other outcomes, that the model
could predict yearly electricity consumption within 10.4%, with a correlation
coefficient at 0.97. A year prior the same research group had investigated water
and electricity consumption on pasture-based farms with a SVM model
predicting electricity use within 12%, while a random forest model predicting
water consumption within 38% (Shine et al. 2018a), while in another study that
year with the same goal (Shine et al. 2018b) they presented a multiple linear
regression predicting electricity and water use within 26% and 49%
respectively. Sefeedpari et al. (2013) used an ANN method and data from 50
farms to present a model focusing on energy input and output with an R? of
0.88 and RMSE of 0.015. In another study a year later they (Refeedpari et al.,
2014) modelled fossil fuel as well as electricity consumption with an R2 metric

of 0.79. Todde et al. (2017) expanded not only on the prediction of energy use,
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but on that of related emissions and costs as well, with the models’ MSE values

ranging at below 15%.

The estimation of body weight in dairy cows has also been the subject of
multiple papers, especially in the most recent years. Two recent studies (Nagy
et al., 2023, Siachos et al., 2024) have utilised various algorithms to measure
BCS and both used Cohen's Kappa to access their results. Huang et al. (2019)
also proposed a method of BCS estimation with 98.46% classification accuracy,
while Cevik (2020) achieved 78% accuracy. In a similar study, Zhao et al.
(2020) proposed several models for BCS approximation. Amongst those
models were a classification decision tree which while predicting with around
60% accuracy for each class 95% of the predictions were within a 0.25 score
difference, and liner regression an ANN models with over 80% R2. In another
similar study Rodriguez Alvarez et al. (2018) presented classification models
for BCS and found that while when predicting the exact score the precision,
recall and F1 were 0.40, 0.40 and 0.39 respectively, when predicting within a
0.25 score difference the metrics increased to 0.79, 0.78, 0.77 respectively and
even further at 0.94, 0.94 and 0.94 when predicting within a 0.5 rage. A year
later the same research group (Rodriguez Alvarez et al., 2019) expanded on
their research adding more classification methods and slightly improving their
results, with the accuracy of BCS estimations within a 0.25-unit difference from
actual reaching 82%, while overall accuracy within a 0.50-unit difference
achieving 97%. Tedde et al. (2021b) also attempted to approximate body
weight, but without the use of the BCS scale and they produced models with an

RMSE ranging between 52 and 56kg.
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Studies focusing on different research areas have also demonstrated the use
of machine learning methods. Pastell and Kujala (2007) have developed a
probabilistic neural network model with 96.2% correctly classified cases that
focused on lameness detection, whereas Dorea et al. (2018) compared partial
least square models to ANN models when trying to predict dairy cows’ feed
intake using milk spectra, finding ANNs superiors possibly indicating a non-
linear relationship between predictors and outcome. Predicting metabolic stress
in the transition period was also explored with a variety of methods by Wisnieski
et al. (2019). Craninx et al. (2008) investigated the use of ANNs for the
prediction of rumen proportions of volatile fatty acids showcasing a model with
an RMSE of just 2.76% which did not however outperform the multi-linear
regression model. Shafiullah et al. (2019) used sensor technology to identify
the sufficiency of herbage allowance presenting models with 88% AUROC and
overall high metrics. Nikoloski et al. (2019) built numerous tree models for
nutrient uptake and herbage production with R? values ranging between 0.64
and 0.78. Tedde et al. (2021a) explored the prediction of dry matter intake using
milk spectral data, among other parameters, and producing a regression and
an ANN model with RMSE of 3.27kg and 3.25kg respectively. In another study,
Fu et al. (2021) implemented a kernel extreme machine learning technique to
approximate the cows’ digestible energy and energy digestibility, producing R?
values of almost 90%. Becker et al. (2021) utilised a variety of pen-level as well
as cow-level variables to focus on the prediction of heat-stress, with high
accuracy. Ji et al. (2020) also investigated heat stress by using a decision tree
model with 79-94% accuracy. Also on the subject of heat stress, Gorczyca, and

Gebremedhin (2020) aimed to predict respiratory rate, skin temperature and
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vaginal temperature, and the RMSE of their models was 9.695 respirations per
minute, 0.334 °C and 0.434 °C respectively. Pacheco et al. (2020) proposed
ANN models for the prediction of respiratory rate and rectal temperature with
R? values at 0.74 and 0.71 respectively, classifying thermal stress with 83%
and 84% accuracy, again respectively. Chung et al. (2020) explored the use of
implanted sensors to approximate vaginal temperature building models with an
RMSE of 0.081 °C. Mota et al. (2021) investigated the predictive ability of
models identifying phaenotypic characteristics that are difficult to measure,
such as k-CN in milk and blood BHB. Dettmann et al. (2020) proposed the use
of milk fatty acid profiles for the estimation of bodyweight change in cows post
calving, showcasing a model with an R? value of 0.94 that after external
validation dropped to 0.31. Cernek et al. (2020) while trying to identify digital
dermatitis reported models with accuracy of up to 88% but only “fair” Kappa.
Paratuberculosis diagnosis through ELISA has also been the subject of recent
research (Imada et al., 2024) utilising decision trees as well as random forest
models. Bovine tuberculosis has also been the subject of machine learning
research (Denholm et al., 2020) by using milk spectral data as predictive
variables and building models with sensitivity and specificity of up to 0.96 and
0.94 respectively. Multiple studies explored the prediction of hyperketonemia
(Bonfatti et al., 2019, Luke et al., 2019, Pralle et al., 2018, Walleser et al., 2023)
using milk spectra and utilising mainly partial least squares regression,
reporting good sensitivity and specificity. Sturm et al. (2020) reported models
aiming to predict subclinical ketosis, with the best performing model producing
high accuracy (0.725) and NPV (0.922), while also having low PPV (0.322) and

F1 (0.435). Van der Heide et al., (2019) produced regression, naive Bayes and
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random forest models to evaluate the prediction of survival to second lactation
in heifers, with only one model achieving an AUROC higher than 0.7. In an
attempt to improve this result, they (van der Heide et al. 2020) produced four
different ensemble methods that ultimately did not result in greater
performance, the maximum precision value being at 0.250. Salau et al. (2021)
used KNN and ANN algorithms to identify and classify body parts, reporting
accuracies reaching 0.976, and precision and recall ranging from 0.84 to 1 and
0.83 to 1 respectively. Nir et al. (2018) opted to use machine learning to
estimate heifer height and body mass, with R? values starting from 94.6% to
98.5%. John Wallace et al. (2019) investigated rumen metabolism, diet and
host characteristics, using ridge regression and random forests, with propionate
predictions reaching R? of 0.9 in some farms, while methane emissions
reaching values of 0.4. Hempel et al. (2020) focused solely on methane
emissions, building models for 27 scenarios with R? values ranging between
0.394 and 0.664. Genedi and Ogejo (2021) aimed to predict manure
temperature during storage using weather data, time and manure depth above
the sensor as inputs and creating models with R? values of over 0.97. Ghaffari
et al. (2019) worked towards metabolic profile prediction in dairy cow serum, by
using sequential minimal optimization, random forest, alternating decision tree,
and naive Bayes—updatable methods. In another study about metabolic status
Xu et al. (2019) identified a Random Forest (error rate from 12.4 to 22.6%) and
a SVM (error rate from 12.4 to 20.9%) model as the best performing ones. In a
study assessing a model processing digital images to categorise teat
cleanliness (Douphrate et al., 2019), it was found that the accuracy reached

within each class of the model was 90% or higher. Salzer et al. (2021)
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conducted an experiment in an attempt to predict mild pain in cows, producing
classification models with overall high accuracies. Oehm et al. (2022)
implemented clustering analysis by inputting milk production and other cow-
level data and the resulted clusters identified infection by Fasciola hepatica and
Ostertagia ostertagi with great accuracy. Finally, Probo et al. (2018) used
decision tree models and random forests alongside more traditional survival
analysis, to investigate the association between metabolic diseases and the
culling rate in high-yielding cows, reporting milk fever as the most influential

factor.

Shine and Murphy (2021) conducted a systematic review of papers applying
machine learning techniques to dairy industry related issues dating from 1999
to 2021. Amongst the most frequently used methods were tree-based
algorithms (25% in 1999-2017, 26% in 2018-2021) and regression-based
algorithms (22% in 1999-2017, 17% in 2018-2021), with ANNs showing an
increase in popularity (16% 1999-2018, 25% in 2018-2021). Almost half the
studies (48%) leveraged sensor data when developing their models.
Furthermore, cow characteristics (34%), milk properties (37%), calving data
(23%), and lactation information (19%) were commonly used as features. This
was followed by meteorological data (14%), dietary and feeding practices
(10%), farm characteristics (16%), milking parameters (10%), soil properties
(1%), and various other variables (7%). Concerning the outcomes, they
reported that a great number of research prior to 2018 focused on animal
husbandry (35%), with that recently being decreased to 14% and replaced with
physiology and health outcomes (38%). In fact, they identified that the number

of papers addressing these outcomes had been increased 7 times since 2018.
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A small subset of research was also dedicated to feeding (6% both prior and
after 2018). A smaller systematic review (Cockburn, 2020) included papers
from January 2015 to June 2020. For the most common among physiological
and health outcomes they mentioned BCS, lameness, heat stress, mastitis,
metabolic status and infectious disease, while among other popular outcomes
they included reproduction, behavioural and feeding outcomes. They conclude
that despite the abundance of available research, most tested algorithms have
not performed adequately for dependable implementation in practical settings,

which they speculate may be attributed to subpar training data.

An interesting aspect is the metrics the studies use to report their results
regarding the classification models. A lot of models relied on sensitivity
combined either with specificity (Nielen et al., 2015a, Nielen et al., 2015b,
Hassan et al., 2009, Sun et al., 2010, Kamphuis et al., 2015, Mammadova et
al., 2013, Panchal et al., 2016, Fenlon et al., 2017b, Post et al., 2020, Becker
et al., 2021, Lasser et al., 2021, Lardy et al., 2023, Srikok et al., 2020, Volkman
et al., 2021, Esener et al., 2021, Sadeghi et al., 2022, Imada et al., 2024,
Vergara et al., 2014, Miller et al., 2020, Warner et al., 2020), precision (Imada
et al., 2024, Barney et al., 2023, Esener et al., 2018, Hunter et al., 2021, Lasser
et al., 2021, Higaki et al., 2019, Fenlon et al., 2017b, Benaissa et al., 2017,
Martiskainer et al., 2009, Hernandez et al., 2021, Rodriguez Alvarez et al.,
2018, Rodriguez Alvarez et al., 2019, Wang et al., 2023) or both (Benaissa et
al., 2019a, Carslake et al., 2021, Ghaffari et al., 2019, Merenda et al., 2020, de
Oliveira et al., 2021, Keceli et al., 2020, Shen et al., 2020, Xu et al., 2021).
Salau and Krieter (2020) on the other hand, reported only precision and recall

as averaged metrics, while Pietersma et al. (2003) based model evaluation on
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sensitivity and false positive rate, which is the inverse of specificity. Accuracy
was among the most reported metrics, either as a sole metric (Pastell and
Kujala, 2007, Aguias et al., 2012, Chen et al., 2020, Cevik, 2020, Jiménez-
Montero et al., 2013, Dolechek et al., 2015, Ebrahimie et al., 2018a, Ebrahimie
et al., 2021, Farah et al., 2021, Zaborski et al., 2018, Tamura et al, 2019,
Douphrate et al., 2019, Njubi et al. 2010, Sturm et al., 2020, Romadhonny et
al.,, 2019, Rodriguez et al., 2019, Taneja et al., 2020, Zhao et al., 2020)
alongside AUROC (Dhoble et al., 2019, van der Heide et al., 2019, Hunter et
al., 2021, Neto et al., 2019, Srikok et al., 2020, Williams et al., 2016), most
recently Kappa (Cernek et al., 2020, Balasso et al., 2021, Esener et al., 2018,
Esener et al., 2021, Riaboff et al., 2020, Sadeghi et al., 2022), both (Boghart et
al., 2021, Shen et al., 2020), balanced accuracy (Ji et al., 2020), with sensitivity
and specificity (Haladjian et al., 2018, Ji et al., 2020), with precision and recall
(Benaissa et al., 2019b, Chelotti et al., 2018, Risvanli et al., 2024, Salau et al.,
2021), PPV and NPV (Salzer et al.,, 2021), in a few other studies with a
combination of sensitivity, specificity, PPV and NPV (Cairo et al., 2020,
Denholm et al., 2020, Schweinzer et al., 2019, Wang et al., 2020) and finally in
some studies with a combination of metrics that also include the F1 score
(Carslake et al., 2021, Cantor et al., 2022, Dineva and Atanasova, 2023, Dutta
et al., 2015, Ghaffari et al., 2019, Hemalatha et al., 2021, Hyde et al., 2020, Luo
et al., 2023, Shafiullah et al., 2019, Sturm et al., 2020, Vazquez-Diosdado et
al., 2023, Williams et al., 2019, Wang et al., 2023). There were a few studies
reporting only accuracy (Douphrate et al., 2019, Huang et al., 2019, Li et al.,
2022, Ren et al., 2021), however they displayed the accuracy of each individual

class separately, thus addressing any possible class imbalances, while
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Shrestha et al. (2018) and Pacheko et al. (2020) included the confusion matrix.
Alsaaod et al. (2012) also displayed individual class accuracy, along with
precision. Wagner et al. (2020) reported only the PPV and NPV of their models.
Post et al. (2021) demonstrated the impact of PPV specifically on practical
applications. AUROC has also been reported in various studies (Avizheh et al.,
2023, Shahinfar et al., 2014, Williams et al., 2016, Panchal et al., 2016,
Wisnieski et al., 2019, Post et al., 2020, Shahinfar et al., 2021, Imada et al.,
2024, Vergara et al., 2014, Merenda et al., 2020, Post et al., 2020, Grzesiak et
al., 2010, Keshavarzi et al., 2020, Miller et al., 2020, Warner et al., 2020) and,
especially in more recent research, Cohen's Kappa has been used to evaluate
the models’ predictive values (Hassan et al., 2009, Balasso et al., 2021, Hyde
et al., 2020, Maciel-Guerra et al., 2021, Esener et al., 2021, Volkmann et al.,
2021, Sadeghi et al., 2022, Nagy et al., 2023, Barney et al., 2023, Siachos et
al., 2024, Sturm et al., 2020, Imada et al., 2024). Some mostly recent studies
also rely on or at least include F1-score in the assessment of the predictive
value of their models (Avizheh et al., 2023, Hunter et al., 2021, Keshavarzi et
al., 2020, Sturm et al, 2021, de Oliveira et al, 2021, Rodriguez Alvarez et al.,
2018, Rodriguez Alvarez et al., 2019, Smith et al., 2016, Vidal et al., 2023,
Wang et al., 2020). Bates and Saldias (2019) included all the aforementioned
metrics in their reporting, discussing the impact of different prediction rates
between classes for their specific outcome, while van der Heide et al. 2020
reported a combination of recall, precision, balanced accuracy and AUROC.
Shine and Murphy (2021) determined that in 85 studies centred on classification
problems, the most frequently utilized evaluation metric was classification

accuracy (77%), followed by recall (66%), specificity (49%), PPV (48%), F1
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Score (27%), AUROC (26%), NPV (15%), Cohen’s Kappa (12%), false

positives (FP) (9%), and false negatives (FN) (6%).

Although there are a variety of studies to have explored some aspects of
machine-learning applications, there is still room for further research to develop
more algorithms with the use of potentially more practical predictors. No study
has investigated all the possible different methods of model building to
determine the one with the most fitting results. Furthermore, there are areas,
including specific periparturient disease with significant economic impact on the
dairy farms that have not been adequately explored by predictive models. As
Wisnieski et al. (2019) suggested, predictive modelling could be used for
practical on-farm applications by predicting a variety of outcomes ranging from
health to productive and reproductive performance and culling rates. Especially
with the relatively widespread use of sensor technology on farms, such as on-
animal sensors for activity monitoring or milking systems collecting data during
the milking process, large quantities of data are now easy to collect, so these

models can have practical on-farm application (Hudson et al., 2018).
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1.6 Conclusions

As established above, the transition period management can be critical for the
dairy farms. Difficulties in the demanding adaptations of this phase can lead to
imbalances, resulting in health issues, mainly during the early lactation.
Targeted management can help prevent such issues and minimize losses.
Predictive models and machine learning can play a key part, by identifying
disease and other potential problems in high-risk individuals timely in order to

effectively tackle the issues.

Blood and urine metabolites, as accurate as they may be, are often an
impractical way to routinely identify and prevent potential health and production
issues on-farm. Alternative, non-invasive methods using frequently collected
data that are already available can be proved to be practical and helpful for the
farmers. A few recent studies have tried to address this topic, using machine
learning methods and precision technology, however they have only briefly
touched the surface of what predictive modelling can achieve. No other study
has had access to a dataset of this size that contains information on a great
variety of outcomes, as well as predictors that can easily be collected on farms

on a routinely basis.

Having access to a unique dataset with both individual cow and farm level data
and a variety of outcomes represents a unique opportunity for this project to
implement innovative learning algorithms to predict and prevent disease and
production issues. The data allows examination of various aspects regarding
the transition period and utilization of a variety of different methods and
techniques to determine the best model with the best possible predictive value.

The results from this research can benefit the dairy cow industry worldwide, as
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predictive models could potentially be used on-farm and have a great impact

on decision-making.
Therefore, the aims of this study are:

Develop predictive models of peri-parturient disease in dairy cows using various

cow-level and herd-level variables.

Develop predictive models of production outcomes in dairy cows using various

cow-level and herd-level variables.

Develop predictive models of reproduction outcomes in dairy cows using

various cow-level and herd-level variables.
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Chapter 2 — Data collection and methodology

2.1 Methods

2.1.1 Source of data

All data was provided by a commercial dairy cow feed and consultancy
organisation and was collected as part of a transition cow monitoring service.
The aim of the service was to evaluate cow health during the transition period
and offer advice to farmers in order to identify areas of transition period
management that might need improvement. An assessor visited each farm
enrolled in the service once a month to collect cow- and pen-level data from
pre- and post-calving cows. A total of six different assessors collected the data
from the farms. Assessors held calibration sessions (generally twice per year)
where they evaluated and scored cows together to minimise variation between

scorers.

Cow level data were collected from 15" April 2016, while pen level data
collection was added to the service from 15t October 2016. In the datasets
provided both cow and pen level data were recorded until October 2018. The
data collected included the date, the cow number, whether the cow was fresh
or dry (i.e. pre- or post-calving), whether she was a heifer or not, whether she
was found by the assessor for scoring, the BCS (scale 1 to 5 with 0.25 point
intervals), rumen fill (scale 1 to 5 with 1 point intervals measured when the cow
was standing), hock hygiene (scale 1 to 5 with 1 point intervals), lameness
(score >3 was classified as lame). For fresh cows, milk fever (yes/no), LDA

(yes/no), RFM (yes/no), calf mortality (yes/no), twinning (yes/no), metritis
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(yes/no), daily milk yield (in litres), protein (%), butterfat (%), cell count and

drying-off cell count, all as recorded in farm records were also in included.

The BCS scale used is the most widely utilised for dairy cows in the UK is a
five-point system. This scale evaluates the fat reserves of dairy cows, with
scores ranging from 1 (very thin) to 5 (very fat), and includes 0.25-point
increments for more precise assessment (Edmonson et al., 1989). Rumen fill
scoring involves a visual assessment from behind and slightly to the left of the
cow. The focus is on the left sublumbar fossa and flank of the dairy cow
(Atkinson, 2009, Bramley et al.,, 2013, Burfeind et al., 2010, Zaaijer and
Noordhuisen, 2003). The assessment should be performed when the cow is
standing with all four digits on a flat plane and there is no visible rumen
contraction (Burfeind et al., 2010). The score ranges from 1 to 5. For score 1
the rumen appears empty, with a sunken area on the left side. For score 2:
there is light fill and the hollow is less pronounced. For score 3 there is moderate
fill and the hollow is barely visible. For score 4 there is good fill and the flank is
almost flat. And finally, for score 5 the rumen is full, and the flank is bulging

(Zaaijer and Noordhuisen, 2003).

Lameness was evaluated using the AHDB (Agriculture and Horticulture
Development Board) Dairy Mobility Scoring system, which employs a 4-point
scale: 0 = good mobility (not lame), 1 =imperfect mobility, 2 =impaired mobility
(lame), and 3 =severely impaired mobility (severely lame) (Gleerup et al.,
2015). Since only animals that were scored as severely lame were identified in
the company’s recording system’s binary interpretation of lameness, it is
acknowledged that these cases are mostly non-reversible. It would be of more
interest to farmers to be able to identify earlier, more treatable cases. Therefore,

65



lameness was not considered as an outcome but only as a predictive variable
for modelling purposes. For other diseases, farm records were used based on
diagnosis from the farm personnel; in general using the principles described in

the paragraph below.

For uterine bacterial disease, timing relative to calving was also used to define
diagnosis; with metritis defined as occurring within the first 3 weeks after calving
(Eckel and Ametaj, 2016) and endometritis later than this (Sheldon et al., 2009).
However, as will be described in section 2.1.2. we only included the post-
partum assessments that were taken up to 21 days post-partum for our
analysis, meaning that a possible metritis diagnosis could not have happened
after that, avoiding inclusion of any endometritis diagnoses. Identification of
retained foetal membranes was completed by visual examination 24 hours

postpartum.

For the pen level, the data collected included the type of cows in the pen (dry
of fresh), the name of the pen, the type of pen (straw yard or cubicles), the pen
length (in metres), pen width (in metres) and pen area (in square metres), feed
fence space (in metres), water trough space (in metres), neck rail height (in
metres), the number of cows in the pen, the number of cows waiting, as well as
the number of cows not waiting, the time period the pen was evaluated (month
and year), the water and feed availability (both as binary variables), the
temperature (in °C), humidity (%) and number of cubicles. Binary subjective
ratings (satisfactory/unsatisfactory) for quality of the bedding, air, feed, water,

and light were also recorded.
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Data provided was fully anonymised, such that no individuals or businesses
could be identified. The project was subject to the University of Nottingham
School of Veterinary Medicine and Science ethical review process (approval

number 2197 180130).

2.1.2 Datasets

All data cleaning and analysis was completed using R version 3.5.1 (R Core
Team, 2018). The data included two main datasets, the first containing
information on the individual cow level (cow scores), while the second on the
pen level (cow comfort). Additional farm records were also provided from milk
recording organizations, which included data routinely collected on the farms
via this route, such as daily milk yields each test day (generally monthly) and

insemination and calving records.

The cow scores dataset consisted of separate observations for dry and fresh
(post-calving) cows, with multiple recordings per cow per transition event, as
the monitoring process was repeated every month. There were a total of 23
variables available (Table 2.1). The cow comfort dataset included data on

individual pens, with 26 variables available (Table 2.1).
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Table 2.2 Variables available in all the original datasets

Cow

Variables

Farm ID

Period

Date

Assessor

Cow

Number

Dry or

Fresh

Heifer

Cow
Comfort

Variables

Farm ID

Period

Type of cows

Pen Name

Type of Pen

Pen length

Pen width

Farm records

Cow

level

Farm ID

Animal

ID

Ear Tag

Date on

Farm

Date of

Birth

Date of

Exit

Calving

Dates

Inseminatio

n level

Lactation

Number

Lactation ID

Inseminatio

n Date

DIM at

inseminatio

Inseminatio

niD

Test-day

level

Daily Milk

Yield

Protein

Butterfat

Milk ID

Date of
Milk
recording
DIM at
Milk

recording

Event

level

Event

Event

DIM at

event

Event

Date
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BCS Feed Fence

Space

Hock Neck Rail

Hygiene Height

Milk Fever Cows waiting

RFM Feed

available

Twinning  Temperature
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Daily Milk Bedding

Yield quality

Protein Air quality

Butterfat  Feed quality

Cell count Water quality

Drying-off  Light quality

cell count .
Cubicle count

Pen score

The farm records contained additional information collected by milk recording
organizations (Table 2.1). The events that could be recorded in this format
included calving, insemination, drying-off, mastitis, lameness, general health
issues categorized as “sick”, positive and negative pregnancy diagnosis,
abortion, a decision to not breed the cow any longer (DNB), and whether the
cow was sold or culled. Out of those, the calving, insemination, positive and
negative pregnancy diagnoses, abortion, DNB, mastitis diagnosis and sold or
culled cows were included in the final analysis (other events were recorded

inconsistently across herds).

The milk variables in the cow scores dataset (milk yield, protein, butterfat, cell
count and drying-off cell count) were not used, as these were captured by the
assessors from the farm’s milk recording data (which was directly available

here, so these variables were gathered from the milk recording dataset rather

70



than the assessor data). As a next step, additional variables were created. A
cow ID was created using the farm ID and cow number, in order to differentiate
between the same cow numbers used by different farms. The datasets were
amalgamated and restructured so that each unit (line) of data represented a
transition or calving event for a given cow; with pre-calving variables (e.g. BCS,
pen stocking density) included alongside post-calving variables (e.g. BCS,
occurrence of periparturient disease). In order to select a “best” pre-calving
score for each calving event, the closest scoring event to 20 days pre-calving
was chosen. Similarly, the post-calving scoring occasion closest to 25 DIM was
used as the representative post-calving scoring event for a given transition

event.

Additional variables on stocking density, feed and water space per cow, month
and season of recording were calculated. A variable for the overall subjective
guality of the pen environment was added, as a combination of the variables
describing the quality of feed, water, light, bedding and air (ordinal, scale 0-5).
The temperature-humidity index was also calculated, using the formula given

by NRC (2001):

THI = (1.8*T+32)-(0.55-0.0055*H)

where T is the dry light bulb temperature (°C) and H is the relative humidity of
the air (%).The threshold for heat stress in dairy cows is reported to be between
scores 68 and 71, mild heat stress between 72 and 78, moderate between 79
and 88 and severe between 89 and 98, while dairy cattle cannot survive in

values above 99 (Table 2.2)
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Table 2. 2 THI values and interpretation*

Temp % Relative Humidity

F C 15 20 25 30 35 40 45 50 55 60 65 70
72 222 65 66 66 67 67 67 68 68 69 69 69 70
73 228 66 66 67 67 68 68 68 69 69 80 80 71
74 233 67 67 67 68 68 69 69 70 70 70 71 71
75 239 67 68 68 68 69 69 70 70 71 71
76 244 68 68 69 69 70 70 71 71
77 250 68 69 69 70 70 71 71
78 256 69 69 70 70 71 71
79 261 69 70 70 71 71
80 267 70 70 71
81 272 70 71
82 278 71
83 28.3
84 28.9
85 29.4
86 30.0
87 30.6
88 311
89 31.7

90 32.2

91 32.8

75 80 85 90 95 100

70 70 71 71

71 71
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92

93

94

95

96

97

98

99

100

101

102

103

104

105

106

33.3

33.9

34.4

35.0

35.6

36.1

36.7

37.2

37.8

38.3

38.9

39.4

40.0

40.6

411

* [ ]No Heat Stress (<68), [ ]Light Heat Stress (68-71), [JModerate Heat Stress (72-
78), [llevere Heat Stress (79-89), _ Lifflif hreatening Heat Stress (90 — 98), _ Dead|li]

Heat Stress (>99)

2.1.3 Pre-processing and analysis

Overall disease prevalence and disease prevalence per farm were calculated,
as well as the proportion of cows waiting in pens per farm. These were plotted
against the stocking density, feed fence space per cow and water trough space

per cow.
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Both predictive and inferential approaches were used to evaluate associations
between the available predictor variables and the various outcomes of interest
(disease, reproduction and production); outcome variables are described in
more detail in the relevant chapters. These two approaches are briefly

discussed below.

When it came to missing data, while we considered many approaches that
would substitute or approximate missing values in the end none proved
valuable to our analysis. This was due to some variables with missing variables
had a very high proportion of lactations missing. Therefore, it would not be
useful to impute them, for example, to impute them. Hence we decided that
variables where the majority of the datapoints were missing were unusable in
the analysis while for the rest of the data we deleted rows with missing data
when fitting the model. This left a dataset with a high proportion of “complete
cases” (no missing variables in a lactation), while retaining the majority of its

total size.

Scaling of predictor variables was also considered (e.g. min-max scaling that
put all values for a given variable on a scale of 0 to 1). It was explored in each
set of predictive models. However, as it was found to not substantially improve
model performance metrics, it was decided to report results without any scaling
so that values such as the RMSE and MAE can be more easily interpretable

and comparable to their inferential model equivalents.

2.1.3.2 Inferential and Predictive analytics
The main difference between the two methodologies lies in their purpose. In

general terms, inferential analysis aims to uncover potential causal

74



associations between variables, whereas predictive analysis focuses on
predicting future outcomes, without necessarily gaining any insights as to what
variables may influence the predicted outcome (Meeker, 2017). This
differentiation in end goals results in various differences in the process of
making the models. For example, during predictive modelling the dataset is
usually divided into smaller parts, with a holdout subset of the data being used
after the model is built as validation of the model’s performance. The metrics
used to evaluate each model also differ, with accuracy or kappa primarily
applying to predictive models (and measuring overall model predictiveness),
whereas odds ratios (OR) more commonly used in inferential models (as
measures of relative influence of each predictor variable in the model). More
details on how we approached each category and the specific methodologies
we used are explained below. Some inferential modelling techniques (such as
logistic and linear regression) are also used in predictive modelling, and
likewise there are approaches that allow the contribution of each predictor

variable to a given predictive model to be evaluated.

2.1.3.4 Predictive Models
A variety of predictive models were used for each outcome of interest, with the

primary aim of determining which produced most accurate predictions.

To ensure that all results could be reproducible, even after sampling for the test
and training data split, a random seed was set at 23. A sample code for the

predictive model fitting is presented in appendix 1.
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In some cases we had to consider the possibility of data leakage. Overly
optimistic results may stem from data leakage, which occurs when information
not available at prediction time is used during model training (Yagis et al.,
2021). Data leakage can result from target leakage or incorrect data splitting.
For instance, leakage may happen if feature selection is based on the entire
dataset prior to cross-validation (Reunanen, 2003, Varma and Simon, 2006),
allowing the target variable of test samples to inadvertently enhance the
learning process. Incorrect data splitting can also cause leakage, such as when
data augmentation is performed before separating the test set from training
data. In this scenario, augmented data from the same original image might
appear in both training and test sets, leading to artificially inflated performance
(Wen et al., 2020). Another form of train-test contamination involves using the
same test set to optimize training hyperparameters and evaluate model
performance (Varma and Simon, 2006). Information leakage can also occur
with longitudinal data if future information leaks into past data. An especially
problematic form of data leakage happens when target information

inadvertently becomes part of the input data (Yagis et al., 2021).

In order to avoid data leakage, the dataset was separated into train and test
data making sure that the grouping variables used did not overlap in between
datasets. More specifically, the original dataset as a whole was grouped into
either herd/month or herd/trimester groups, depending on the occasion. It was
then split 80% to 20% on the condition that datapoints that belonged in the
same group were all included into one of the two parts. That would mean that
once a specific herd/time was “drafted” to be included in the 80% training set

all the data points included in that particular group would automatically be
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assigned to the training set. That way, variables that were used for training a
model and may have been the same within herd/time group were not presented
to the model again for predictions, which would lead to the model “cheating” the
answer through data leakage. The 80% of the data was then used for training
the models, while the remaining 20% was utilised to evaluate predictions. Once
the models were finalised based on the 80% of the data, they were tested on
the remaining 20%. The predictive outcomes were compared to the actual ones
and a Pearson’s correlation coefficient looking at the relationship of the
predicted vs the actual outcome per group was then determined to investigate

the predictiveness of the models.

Data leakage is an issue that may accidentally occur during data preparation.
Usually it is a subtle, unnoticed availability of test data information to the model
in the training dataset (Brownlee, 2020). Essentially, future datapoints are
becoming available in the past which gives the model an “unfair” advantage as
the predictions are not actual predictions but actual known information (Zheng,

2018).
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2.1.3.4.1 Binary Outcomes

Machine learning techniques used for binary outcome variables included
logistic regression, decision trees, random forest, artificial neural networks,
naive Bayes, support vector machines and k-nearest neighbours. Additional

information on these algorithms is provided in the next section.

Forward selection was used in all approaches to determine the final variables
that would be included in the models. As a measure of evaluation, we used the
kappa value which is the difference between the observed agreement and
expected agreement by chance. After adding each variable to the model, the
change in kappa value was used to assess whether the variable improved the
predictiveness of the algorithm and should therefore be included in the final
analysis. Any variables that contributed to any increase of kappa were

considered eligible for inclusion.

A 10 fold cross-validation was used in all predictive model analysis to measure
predictiveness of the models using the “caret” package (Kuhn, 2008). Some
algorithms include tuning parameters that can be selected and altered to
potentially improve the predictive value of the model. One such example is the
prune parameter for the random forest methods, which sets the number for
maximum decision trees in the forest. For our analyses, tuning parameters for
all algorithms and their various combinations were evaluated automatically by
the “caret” package during model building and those that produced the best
kappa value were chosen. The kappa values were interpreted using the
thresholds stated in Viera and Garrett (2005) with values lower than O indicating

less than chance agreement, values between 0.02 and 0.20 slight agreement,
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values between 0.21 and 0.40 fair agreement, values between 0.41 and 0.60
moderate agreement, values between 0.61 and 0.80 substantial agreement,

and finally values between 0.81 and 0.99 almost perfect agreement.

For situations where there was substantial imbalance in a binary outcome
variable (such that one class was much more common than the other), various
sampling methods were considered. Sampling methods are techniques
commonly used when dealing with imbalanced datasets, with the aim of
‘rebalancing” the outcome variable, to minimise the risk of the predominant
class having undue influence on the model, which can result in poor predictive
performance in the minority class. The sampling method of choice for our
studies was up-sampling, meaning randomly duplicating the minority class until

both classes were of equal size (Aghdam, 2017).

The rest of the metrics that were calculated and compared between the models
were accuracy, sensitivity, specificity, positive predictive value (PPV), negative
predictive value (NPV), kappa, balanced accuracy (the average of the individual
accuracies per class), detection rate, F1 (the harmonic mean of the sensitivity
and specificity) and area under the receiver operating characteristic curve
(AUROC). Each metric is calculated using the confusion matrix (Table 2.3);

definitions for each metric are shown in Table 2.4.
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Table 2.3 Confusion matrix

(Predicted)

(Predicted)

(Observed)

(Observed)

True Positive (TP)

False Positive (FP)

False Negative (FN)

True Negative (TN)
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Table 2.4 Definition of commonly used model metrics

Metric

Formula

Accuracy

Sensitivity/True Positive

Rate/Recall

Specificity/True Negative Rate

Positive Predictive

Value/Precision

Negative Predictive value

Kappa

Balanced accuracy

F1

Detection rate

TP+ TNTP+FP+FN+ TN

TP

TP + FN

TN

TN + FP

TP

TP + FP

TN

TN + FN

(observed accuracy — expected

accuracy)

(1 — expected accuracy)

(TP/TP + FP) + (TN/TN + FN)

(2 * Precision * Recall)

(Precision + Recall)

TP
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2.1.3.4.2 Continuous Outcomes

The models that were used to predict continuous outcomes were linear
regression, artificial neural networks, multivariate adaptive regression spline
(MARS), decision trees and random forest. Additional information on these

algorithms is provided in the next section.

The process of modelling was similar to that of the binary outcome models, the
main difference being the metrics used to evaluate performance. The main
metric in this case was the R?, with others such as the Root Mean Square Error
(RMSE) and the Mean Absolute Error (MAE) complementing it. The R?2
determines the percentage of the variation in the outcome variable that can be
explained by model predictions. RMSE is essentially the standard deviation of
the model residuals, indicating how far from the regression line data points lie.
Similarly, MAE tells us how far from the truth our predictions are on average.
The exact interpretation of RMSE as well as MAE values are depended on the
actual values of the outcome and its range. Both MAE and RMSE are
considered better the closer they are to 0, while R? is considered best the closer

itisto 1.
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2.2 Machine learning Approaches

The following are some common machine-learning techniques and that were
used during this project, along with a short description about the pros and cons

of each method.

2.2.1 Naive Bayes

Naive Bayes is a classification method based on Bayes’ theorem, which
describes the probability of a hypothesis given the evidence. In the context of
classification, it calculates the probability of one class given the predictive

variables. The formula for the theorem is:
P(A|B) = P(BJA) * P(A) / P(B)

Where: - P(A|B) is the probability of hypothesis A given the evidence B. - P(B|A)
is the probability of evidence B given the hypothesis A. - P(A) and P(B) are the
probabilities of A and B independently (Pawlak, 2003). It, therefore, combines
prior probability as well as conditional probability in a formula used for the

probability calculation of each class (Bramer, 2007).

The method simplifies the Theorem by assuming independence amongst the
predictors, regardless of any actual correlations (Williams et al., 2016, Yang
and Webb, 2001). This means that the presence of a particular feature in a
class is independent of the presence of other features. For some studies this
assumption may be unrealistic, however it often outperforms more complex
methods in efficiency (Benaissa et al., 2017). Another advantage is that it is not
computationally challenging, even for large datasets (Kuhn and Johnson,
2013). Naive Bayes calculates the posterior probability of each class given the

features of a data point using Bayes' theorem in order to classify it. Whichever
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class has the highest posterior probability is assigned to said data point
(Pazhanikumar and Aswathi, 2020). This method has numerous advantages,
including the ability to handle missing values, analyse both continuous and
discrete data, speed, efficiency and robustness when it comes to irrelevant
features (Jollyta et al. 2019). It has also been shown to be robust when handling

imbalanced datasets (Somasundaram and Reddy, 2018).

2.2.2 Neural Networks

Artificial neural networks (ANN) are powerful machine-learning methods
inspired by the structure of the brain (Haykin, 1998). A neural network is a
system of interconnected artificial neurons (Kearns and Vazirani, 1994). Each
neuron is characterized by a weighted sum of input values represented as an
inner product plus a bias value, which is then passed through an activation
function, such as a linear function or a sigmoid function (Raiko et al., 2012).
The outcome is determined by linear combinations of the predictors, called
hidden variables or units. A neural network is a multi-layer network with three
layers, the input layer, hidden layer and output layer (Li and Wang, 2018). The
linear combinations are then transformed by a non-linear function which is
achieved by increasing the size of the hidden layer and allows neural networks
to model complex non-linear relationships (Murphy et al., 2014). Due to this
ability, however, they tend to overfit models, there are however ways to address
this issue, such as applying weights as a penalization method (Kuhn and
Johnson, 2013). The feed-forward back-propagation network (FFBP) is the
most commonly employed neural network architecture. The backpropagation
algorithm includes two phases, the feedforward phase, where the external input

data at the input nodes is propagated forward to calculate the output signal at
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the output nodes, and a backward phase, where adjustments to the connection
weights are made based on the discrepancies between the calculated and
observed output signals (Alizadeh et al. 2011, Chen, 2018). In neural networks,
a significant behaviour is the weighted sum of node states, which is highlighted
as crucial for information expression and encoding in several biological studies
(Jazayeri and Movshon, 2006, Majaj et al. ,2015, Schnitzer and Meister, 2003),
while also considered a vital and fundamental step during the operation of
artificial neural networks (Fei et al., 2018). Individual nodes, on the other hand,
can only express limited and coarse information. Therefore, studying and
controlling the weighted sum of node states is essential for the operation of
neural networks. Another important aspect of ANN is the loss function. The loss
function measures the distance between the model's output and the actual
value in a neural network. A smaller loss function value indicates that the
model's output is closer to the real data, thereby increasing the model's
accuracy (Viju, 2021). Commonly used loss functions include the mean

absolute error loss function and SVM (lida and Kiya, 2019).

Recently, it has been suggested that the training of deep neural networks
demonstrates a spectral bias (Rahaman et al., 2019, Xu, 2018), meaning that
low frequencies are learned more quickly during training via stochastic gradient
descent. This bias is proposed as a mechanism that steers networks toward

low-complexity solutions (Rahaman et al., 2019).

Neural networks can accommodate the non-linearity, uncertainty, and
complexity of control systems, demonstrating strong robustness and
adaptability (Chen and Ji, 2016). However, these models tend to be referred to
as black box. A black box system is characterized by having an unknown

86



topology and/or parameters, typically interpreted through its input and output
signals (Valdivia et al., 2009). Generally, the outputs are the response to stimuli
or excitation applied to the black box in the form of input values or vectors.
Estimating the topology and parameters of such a system, given only the input
and output values, is a challenging problem (Rojas-Duenas et al., 2020).

Therefore, the interpretation of how such models work can be challenging.

2.2.3 Support Vector Machines

Support Vector Machines (SVMs) are a category of flexible and robust
modelling methods (Kuhn and Johnson, 2013). They are used for classification,
based on identifying the most appropriate hyperplane that divides the data into
two by employing a kernel function (Resheff et al., 2014). The boundary
between the classes does not have to be linear and the method can be
expanded to include more than two classes (James et al., 2014). The SVM

adeptly and efficiently manages these two types of data:

For linearly separable data: where an optimal hyperplane can be delineated to
distinguish between the two classes using training data. This hyperplane can

be described by the equation:

xi-w+b=0

where w represents the weight vector, b is the bias (or —b is the threshold), and
xi denotes an observation. We can establish two additional hyperplanes, H1
and H2, which are parallel to the separating hyperplane. The space between
these two planes is known as the SVM's margin. The objective is to determine
the optimal hyperplane that maximizes the margin while maintaining

equidistance from both H1 and H2 (Rejab et al., 2014).
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SVM can also be employed to distinguish between classes that cannot be
separated with a linear classifier. In such instances, the initial observations are
transformed into a feature space, which may be of high dimensionality or even
infinite, using non-linear functions known as feature functions ¢. Within this new
space, a linear classifier can effectively separate the classes (Rejab et al.,

2014).

SVM, being a kernel-based method, supports the use of several kernels that
satisfy the Mercer condition such as Gaussian, polynomial, wavelet, and others
(Smola et al., 1998). Its performance heavily relies on the appropriate selection
of the parameter values, including the kernel function, kernel parameter values,
and the regularization parameter, among others (Cristianini and Shawe-Taylor,

2000)

SVM relies on maximizing the margin, which is the distance between the
hyperplane and the nearest data points from each class, and minimizing
structural risk (Vapnik, 2013). Given its effectiveness with small datasets, SVM
stands as an innovative approach for analysing microarray data (Guckiran et

al., 2019).

SVM has been widely used in the machine learning field due as it adequately
handles high-dimensional data, and it possesses robust generalization
properties, as well as the ability to establish the classifier architecture once the
kernel function and parameters are selected by the user (Vapnik, 2013). The
disadvantage of the method is that it requires careful parameter tuning in order
to classify the data points correctly, however once the parameters are set

correctly it can perform very well for a variety of classification problems,

88



including non-linearly separated classes (James et al., 2014). Another limitation
is that while SVM offers effective solutions for both linear and nonlinear data, it
does not inherently incorporate new information provided over time. To address
this constraint, modified versions of SVM have been proposed (Bordes et al.,

2005, Cauwenberghs and Poggio, 2000).

2.2.4 Decision Trees

Decision trees are amongst the most widely used machine learning methods,
as they are easy to interpret (Shahinfar et al., 2014). Decision trees are
straightforward classifiers composed of decision nodes organized in a tree
structure. New observations pass by internal nodes, split into branches and
reach the leaves, which are the final classes of the model (Shahinfar et al.,
2014). In more detail, each decision node corresponds to a predicate or test on
the query. Evaluating a decision tree involves traversing the tree (Wu et al.,
2016). The decision tree is created by recursively partitioning the training data
using a splitting attribute until all records in each partition belong to the same
class. The splitting attribute is selected based on the value of a node splitting

measure (Chandra and Paul Varghese, 2009).

Issues of overfitting and complexity in resulting trees have highlighted the need
for pruning procedures. It has been argued that simplifying trees by removing
parts that do not contribute to classification accuracy can improve the

performance of nearly all decision trees (Garcia-Almanza and Tsang, 2006).

They have the advantage of being applicable to both regression and
classification problems (James et al., 2014). They are thought to mimic human

decision-making and they are easily presented graphically, which makes them
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ideal for communicating results (James et al., 2014). Not only are they easily
interpretable, but they can be directly converted into if-then-else rules (Wei and
Hsu, 2008). Decision-tree algorithms are highly efficient, capable of processing
a large number of records with numerous fields while maintaining predictable
response times (Krishnan et al. 1999). Furthermore, they are considered a
robust method of dealing with missing data (Shahinfar et al., 2014). However,
they generally do not have the same level of accuracy as other methods (James
et al., 2014) while also more prone to overfitting. Moreover, decision-tree
algorithms typically handle only one attribute at a time, disregarding
dependencies among attributes, which are common in real-life datasets (Wei

and Hsu, 2008).

2.2.5 Random Forests

Random forests are a powerful ensemble learning method that consists of
multiple decision trees. They employ bootstrap aggregating, also known as
bagging, to create multiple models, resulting to enhanced prediction accuracy
(Breiman, 2001). Bagging involves randomly selecting examples from the
training set to grow each tree, without replacement (Breiman, 1996). Another
example of random vectors that influence the development of each tree is the
random split selection, in which a split is chosen randomly from among the K
best splits at each node (Dietterich, 2000). Feature randomness in building
each individual tree is also employed to create an uncorrelated forest of trees,
whose combined predictions are more accurate than those of any single tree
(Rigatti, 2017). A subset of features is selected at random in each iteration of
building a tree, making them more robust than decision trees yet

computationally efficient at the same time. By utilising these techniques, a
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group of low-correlated decision trees is constructed. A class prediction is
produced by each individual tree, and the final prediction of the random forest
is determined by the class with the most votes (Li, 2023). Random forests entall
several hyperparameters that control the structure of each tree, such as the
minimal node size required for a split, as well as the structure and size of the
forest, including the total number of trees. Additionally, it manages the
randomness by determining the number of variables considered as candidate
splitting variables at each split (mtry) and the sampling scheme used to

generate the datasets on which the trees are built (Probst et al., 2019).

Random forests can deal with high-dimensional data and missing data
(Shahinfar et al., 2014). It has been demonstrated that the random forest
algorithm exhibits high accuracy as well as robustness, has good tolerance for
noise and outliers, can manage high-dimensional datasets, and is resistant to
both overfitting and underfitting (Fang et al.,, 2011). It can determine each
variable's weights and efficiently evaluate their importance and role in the
model, all while maintaining good generalizability (Ouyang and Chen, 2020). In
terms of drawbacks, random forest classifiers may underperform on highly
complex and nonlinear problems (Fawagrah et al., 2014). Additionally, random
forest classifiers can be computationally intensive and slow in making
predictions, particularly with large datasets and numerous trees in the forest
(Schonlau and Yuyan Zu, 2020). Moreover, they may struggle with unbalanced
data, where one class is underrepresented (Breiman, 2001, Schonlau and
Yuyan Zu, 2020), potentially resulting in biased outcomes favouring the majority

class. Lastly, while random forest classifiers can provide feature importance,
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they are not as interpretable as models like linear regression, where the

coefficients have a clear and direct meaning.

2.2.6 K-nearest neighbours

K-nearest neighbour (KNN) is the simplest non-parametric machine learning
approach used for classification (James et al., 2014). It is an instanced-based
learning method, utilized to generate candidate labels, with improvements
made by weighting votes based on the similarities between an instance and its
neighbours (Qu et al., 2011). It can use both linear and non-linear boundaries
to separate the data (Kuhn and Johnson, 2013). In KNN, determining the K
value and conducting nearest neighbour queries are two crucial issues. Nearest
neighbour queries can be addressed using various distance measurement
functions. In more detail, this method classifies the cases according to the
status of the majority of their nearest data points, usually “nearest” being
defined as the closest Euclidean distance, Mahalanobis distance, Manhattan
distance, and cosine similarity (Benaissa et al., 2017, Kuhn and Johnson,
2013). For calculating the K value, the prevalent methods include expert
settings or cross-validation techniques (Zhang and Li, 2021). For classification,
the predicted class for the test instance is determined through a majority vote
among its k neighbours in the training set (Schlemmer et al., 2014), while for
regression tasks, the algorithm calculates the average of the K nearest
neighbours' target values. In regression on the other hand, the property value
is determined by averaging the values of its k nearest neighbours (Jing et al.,

2016).

The benefits of KNN encompass its simplicity in comprehension and result

interpretation, and its suitability for nonlinear data. Furthermore, it is resilient to
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noisy training data and can be used for multi-class classification (Kramer,
2013). Additional advantages of KNN are its independence from any particular
data distribution, the use of local information, and the ease of interpreting
outcomes (Kiyak et al. 2021). KNN methods are also more flexible than linear
regression, however they are not as easily interpretable and they do tend to
underperform compared to the latter when there is a small number of
observations per predictor (James et al., 2014). Regarding the downsides, KNN
can be computationally expensive for large datasets, as it requires calculating
distances for all data points (Kepa and Szymanksi, 2015). Furthermore, in
settings of high dimensionality, it is impacted by nuisance (noninformative)
features and suffers from the "curse of dimensionality" (Aggarwal et al., 2001,

Lu et al., 2013, Radovanovic et al., 2010).

2.3 Inferential Models

2.3.1 Binary Outcomes

A mixed effects logistic regression model was used, to take into account the
fact that the animals were clustered into farms. As most farms had one dry pen
and one fresh pen (if at all) only one random effect “level” (farm) was used.
Univariable analysis was conducted using all the available potential predictor
variables, to determine the ones that appeared to be associated with the
outcome and could potentially be included in the multivariable model. Further
multivariable analysis was conducted including all the variables that met the
threshold for the univariable correlation with the outcome. Backwards

elimination was applied, meaning variables that in the multivariable analysis
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had a p-value higher than a threshold of 0.05 were eliminated one by one,
starting from the highest value, and the model parameters estimated again until
all remaining variables have a p-value below the threshold. The fit of the models
were assessed using Hosmer-Lemeshow test for logistic regression and

standard residual plots for linear regression.

And finally, the odds ratios were calculated as described in Appendix 1, which

concluded the analysis.

2.3.2 Continuous Qutcomes

For the continuous outcomes a mixed effect linear regression model was fitted.
Similarly to the mixed effects logistic regression models, the farm was added

as the random effect and they were built using a backwards elimination method.

For time-based outcomes, survival analysis was conducted and a Cox
proportional hazards model was fitted (Harrell, 2001). The models were fitted

using backwards selection.

94



Chapter 3 - Descriptive statistics

3.1 Original Dataset

The cow scores dataset consisted of 71,665 observations collected from 15"
April 2016 until 24" October 2018.The total number of cows included in the
dataset was 32,867 from 133 farms. After removing duplicate data, the total
observations dropped to 68,029. The number cows having at least one
recording pre-partum was 20,733 with a total of 27,659 unique recordings.
Similarly, the number of cows with at least one recording post-partum was
27,901 with a total of 40,370 unique recordings. After filtering the date
differences so that only pre- and post-partum recordings that matched the same
calving date were included, the total number of lactations that had both pre-
and post- partum scores was 13,244, with 11,007 cows from 79 different farms.
The difference between the pre- and post- partum scoring dates ranged from a
minimum of 5 days to a maximum of 77 with a median of 31 days (Q1 = 15
days, Q3 = 47 days). Lactation number ranged from 1 to 14 with a median of 3;
2,726 cows were in parity 1 (20.6%). As a proxy for herd size, the number of
lactations per herd per year was measured and the resulting variable had a
minimum value of 1, a median of 56 (Q1 = 21.5, Q3 = 92.5) and a maximum of

868 (Figure 3.1).
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Figure 3.1 The number of total lactations included in each one herd per year of

recording
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3.1.1 Disease Distribution

The incidence of diseases and conditions was 3.7% for lameness in dry cows,
3.2% for lameness in fresh cows, 3.0% for milk fever, 1.0% for LDA, 4.0%, for
RFM, 2.9%, for calf mortality, 2.4% for twinning and 5.2% for metritis (Figure
3.2). The seasonal disease incidence when plotted suggests some potential
patterns, such as peak of RFM and metritis in spring and milk fever in winter
(Figure 3.3). There are some clear outliers in the distribution of disease
prevalences across farms (Figure 3.4), these could generally be attributed to

the small numbers of cows scored in specific farms.
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Figure 3.2 Overall incidence of diseases/conditions across 13,244 lactations in 79 UK

herds
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lactations in 79 UK herds
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Figure 3.3 Seasonal disease incidence (%) of diseases/conditions across 13,244
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Figure 3.4 Diseases and conditions incidence distribution across 13,244 lactations in

79 UK farms
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3.1.2 Cow level score variables

The BCS for dry cows ranged from 1.5 to 5 with a median of 3.75 (Q1 = 2.75,
Q3 = 4) and 85 missing values (0.6%), whereas for the fresh cows it ranged
from 1.0 to 4.5 with a median of 2.75 (Q1 = 2.5, Q3 = 3) and 1139 missing
values (8.6%) (Figure 3.5). Overall dry cows have a higher BCS compared to
fresh cows, which is also reflected on the BCS change. For this variable the
missing values were 9% of the total dataset. In general, there was a drop in
BCS, however not too severe, with the median being at -0.25 (minimum -2.25,

Q1 =-0.50, Q3 =-0.25, maximum 1) (Figure 3.6). It is interesting to note that
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the shape of the distribution from dry to fresh changes, with a lot of the
dispersion in dry cows being pulled towards to median in fresh cows. Which is

evidently translated as the drop in BCS witnessed in BCS change.
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Figure 3.5 BCS distribution in dry and fresh cows throughout 13,244 lactations in 79

UK farms
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Figure 3.6 BCS change from dry to fresh cows in data of 13,244 lactations in 79 UK
farms
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Rumen fill scores had a median of 4 (Q1 = 3, Q3 = 4) and 94 missing values
(0.7%) for dry cows, and 3 (Q1 = 2, Q3 = 3) for fresh cows and 1,149 missing

values (8.6%) (Figures A2.1 — A2.2), and hock hygiene with a median of 3 (Q1

=2,Q3 =4) and 1,157 missing values (8.7%) (Figure A2.3).

3.1.3 Pen level variables

The number of farms included in the cow comfort dataset, prior to data cleaning,
was 136, with a total of 2,761 distinct pen recordings. After including only the
farms that matched the final version of the cow scores dataset the number of

observations dropped to 1,923, from a total of 67 farms. The number of dry pen
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observations was 1,741 (90.1%) compared to 182 observations on fresh cow
pens. This disparity was explained by scoring practices — pen scores were only
assessed for fresh cows in herds which had a dedicated fresh cow (early
lactation) group. The distribution of the potential quantitative predictors included
in the cow comfort dataset is shown in Table 3.1. Additionally, a more detailed

distribution of stocking density is displayed in Figure 3.7.
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Table 3.1 Variable distribution on cow comfort data on 2,787 pens across 136 dairy

cow herds
Minimum Q1 Median Q3 Maximum Missing
data
Pen Area 20.5 78.3 110.0 181.4 420.0 397
(m?) (20.6%)
CowsinPen 1 6 10 18 81 514
(26.6%)
Feed Fence 1.9 9 12.0 20 66 39
Space (m) (2.0%)
Water 0.3 1 15 2 54 88
Trough (4.6%)
Space (m)
Neck Rail 0.5 1.2 1.3 15 3.0 183
Height (m) (9.5%)
Stocking 1.7 8.47 13.7 18.6 110.0 728
density (37.9%)
(m?/cow)
Feed fence 0.1 0.76 1.1 1.63 11.0 537
space per (28.0%)
cow (m)
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Water trough 0.02

space per

cow

Temperature 0.7

(°C)

Humidity (%) 0.6

0.08

11.9

0.46

0.13

16.7

58.0

0.2

20.9

0.68

7.22

31.1

93.0

551

(28.7%)

470

(24.3%)

470

(24.3%)
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Figure 3.7 Stocking density distribution on 2,787 pens across 136 dairy cow herds
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The distribution of THI by month revealed that cows in some pens in the dataset
start experiencing heat stress as soon as April, about half have a THI > 72 in

July and for some pens these conditions persist until September (Figure 3.8).
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Figure 3.8 Monthly THI distribution in 2,787 pens across 136 herds
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Dry cow pens were mostly straw yard pens (84.2%), while the fresh cow pens

were more equally distributed between straw yard (52.2%) and cubicles
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(47.8%) (Figure A2.4). Detailed distributions of neck rail height, feed fence
space per cow and water trough space per cow, as well as their distribution for
fresh and dry cows separately are also provided (Figure A2.5 — A2.9) and no

obvious outliers were identified.

3.2 Milk Records

In the milking records, daily milk yield’s first quartile laid at 24 L the median at
30.9L, and the third quartile at 38.3L, with 72,207 missing data (3.4%) (Figure
3.9). The percentage of protein in the milk had a minimum value of 1.0%, a
maximum of 7.0% and a median of 3.28% (Q1 = 3.06%, Q3 = 3.54%), with a
total of 73,863 missing data (3.5%) and the percentage of butterfat ranged from
1.27% to 10.0% with a median of 4.03% Q1 = 3.54%, Q3 = 4.57%) and similarly

to protein percentage 73,863 missing values (3.5%) (Figures 3.10 - 3.11).
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Figure 3.9 Daily milk yield distribution based on 564,962 milk recordings across 43,173
cows
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Figure 3.10 Percentage of protein in milk based on 564,962 milk recordings across
43,173 cows
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Figure 3.11 Percentage of Butterfat in milk based on 564,962 milk recordings across

43,173 cows
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3.3 Insemination and Event Records

The event records dataset had 1,415 abortion events, 20,740 “Do not Breed”
events, 193,339 dry-off events, 21,971 mastitis events, 13,365 negative
pregnancy diagnoses, 59,286 positive pregnancy diagnoses, 20,740 DNB

decisions, 61,641 selling events and 9,707 cows culled.

132,585 data points on insemination data were available on a separate dataset.
The median interval of calving to first service was found to be 69 days, with the

first quartile being 54 days and the 3" quartile 82 days (Figure 3.12). In total
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39,301 out of 54,655 lactations (71.9%) had at least one service before 80 DIM.
The inter calving period, after removing outlier and extreme values ranged from
301 days to 699 days with a median of 376 days (Q1 =347 days, Q3 = 390
days) (Figure 3.13). The optimal calving interval is in fact at one year (365 days)
(NADIS, 2022a) with herds aiming to get as close to that as possible. Thus, this
measure indicated that our herds tend to be very well managed. Calving to first
service interval, after removing extreme values that were below 20 days and
300 days, had a minimum period of 20 days, a maximum of 300 days and a
median of 66 days (Q1 = 39 days, Q3 = 120 days). The calving to conception
interval, after also removing extreme values (less than 20 days and more than
400 days) ranged from 20 to 400 days with a median of 95 (Q1 = 58 days, Q3
= 172 days) (Figure 3.14). The recommendations for the calving to first service
and calving to conception intervals are 65 and 95 for non-seasonal, higher-
yielding herds respectively (NADIS, 2022b), with about half the herds present

in this study achieving these measures.
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Figure 3.12 Calving to first service interval, based on 54,443 first inseminations
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Figure 3.13 Calving interval based on 41,186 lactations
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Figure 3.14 Calving to conception distribution based on 43,507 lactations
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3.4 Discussion

Various incidence rates have been reported for LDA, with Melendez and Risco
(2005) reporting a rate of 1.7% but Le Blanc et al. (2005) reporting higher rates
(5-7%). This study found LDA incidence of just below 1% when averaged
across all herds, but with many herds not reporting any LDAs whilst several had
incidence rates of up to 5%. There is a number of possible explanations, as
firstly this difference could be accounted to a regional variance. The two studies
included American farms with higher milk yield and hence higher risk. Another
reason could be that our farms were particularly well-managed as they were
paying a service to specifically help with transition period management. Finally,
and perhaps most likely, it is possible that our farms are underreporting LDA
incidence. Milk fever has reportedly ranged around similar levels, from 5% to
7% (Goff, 2008, Roche, 2003), compared to the present thesis’ herds at 4%.
Again, this could be a genuine difference due to the American herds’ higher
yield and risk but could also be attributed to underreporting from our herds’ part.
Retained Foetal Membranes appear to have a slightly higher incidence at 8.6%
while metritis seems to be even higher at 10.1% (Melendez and Risco, 2005).
Once again, our study reported a lower RFM and metritis incidence of 4-5%.
Metritis in particular is often poorly defined, with a lot of endometritis cases
(which occurs before 21 DIM) potentially classified as metritis, which may very
well be the case in our dataset as TMS did not clearly define the criteria for
metritis diagnosis. It is safe to assume that Melendez and Risco, (2005) used
the correct definition however it is also possible that their screening was more
proactive and hence identifying much more cases than those that would have

been discovered spontaneously by our farmers. Prevalence of lameness
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reported in the UK is typically higher than the post-calving diseases discussed
above, with recent estimates between 21% and 36.8% (Clarkson et al., 1996,
Leach et al., 2010, Barker et al., 2010, Griffiths et al., 2018, Randall et al.,
2019). Lameness in our dataset ranged a lot lower at just over 3%. Again, there
could be a number of reasons for this. The present study is only looking cows
very close to calving and although a lot of the changes that lead to lameness
occur around calving than later in lactation, it still takes time for the actual
lameness to develop; therefore it is possible that lameness is lower around
calving compared to later stages of lactation. Furthermore, TMS scoring aimed
at detecting the severely lame cows (with scores of 3), meaning that the system
was not sensitive enough to capture the entire lame population. And of course,
as stated previously, there is the possibility that due to convenience sampling
the herds in our study are overall “better” with lower incidences, although in the
case of lameness the incidence rate is perhaps too low for this to be a plausible
explanation. What these differences in incidence could mean for this thesis is
that, in the event of a successful predictive model for disease outcomes it would
make it difficult to guarantee the same successful results without external
validation. The models would still be useful for herds similar to ours and for
future studies of course, but widely adopted use would have to be more

carefully examined.

Suggested target BCSs are 3.0-3.25 at dry off and calving, with BCS loss of
over 0.5-0.75 during early lactation considered sub-optimal (AHDB, 2023). Pre
partum BCS for our dataset appeared to be exactly at that cut-off (median 3.25)
and while the median BCS post-partum fell by a half point (2.75) the median

change was just at -0.25 points. This contradiction of having a median of 0.25
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BCS change, yet a 0.5-point difference in BCS pre and post medians could be
explained by the shape of the distributions, as BCS is more evenly distributed
between 2.75 and 3.75, with BCS post being more centralised around 2.75,

hence the differences being more evenly distributed between -0.5 and 0.25.

It is reported that on average 0.6 m of feed fence space is needed per cow in
order to avoid negative impacts on feeding behaviour and intakes (Krawczel
and Lee, 2019). In our dataset the median was at 1.1m so well above that,
however the minimum was just at 0.1m, so it is highly likely that we had a
number of outliers. THI of course depends highly on geographic location and
season as well as the time of day the assessor conducted the scoring. In the
event that assessors visited harms early in the morning high temperatures and
THI would be less likely and since the time of visit is not reflected in the dataset,
we have no way of knowing the effects of the possible underestimation. The
negative effects of heat stress in the livestock industry have been well
established, and they are especially important considering that animals are
expected to perform on a variety of geographical locations and not just in places
where the climate is optimal for their breeds (St-Pierre et al., 2003). In our data,
itis notable that over half (75%) of the herd seem to be experiencing heat stress
conditions (THI over 68-71) in July with a significant portion of them being under
heat stress conditions at some point from May until August. This raises caution
as global climate change is also becoming a more urgent issue, as with the rise
in temperatures cows might experience even harsher heat stress conditions
that would result in rapid economic losses. Gauly and Ammer (2020), focusing
on the temperate climate of Central Europe, reported on the effects climate

change and heat stress has already had on dairy livestock and even looked in
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more depth on further effects that would happen in the future, mentioning heath
and production losses. Adhikari et al. (2022) looked into THI of dairy animals in
two different locations in Hawaii, using historical data from 1920 to 2019 as well
as future estimates and came to the conclusion especially in one of the sites
the cows were experiencing heat stress of over THI 72 for the entirety of
summer and did not drop below 68 until winter. Estimated temperature
increases were calculated at 1.3 to 1.8°C by mid-century and 1.6 by 3.1°C by
end century, for both sites. They also suggested that in order to maintain
sustainability due to future THI estimations, relocation of dairy farms to areas
with lower temperatures, as well as selecting animals with suitable genetic

characteristics.

The total milk yield per cow per year in the UK has been averaged to 8,100 Its
(AHBD, 2023), which amounts to 26.5 L per cow per day. The median for herds
in this study was higher at 30.9 L. Milk protein percentage has ranged, over the
past 5 years, between 3.2% and 3.5%, while for the same time period milk
butterfat has varied between 3.9% and 4.4% (DEFRA, 2022). In our data we
had a median of 3.28% and 4.03% for protein and butterfat respectively.

Therefore, our averages have been well within that range.

Calving interval is recommended to be as close to a year as possible (Herring,
2014). The median for our data was 376 days, quite close to this
recommendation. However, we did have a few extreme values on both ends of
the spectrum, which could indicate a few errors in the recording of calving
dates. However, as the majority of the data seems centralized around that

median this did not appear to raise a serious issue regarding their quality.
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Using the proxy of lactations per herd per year, we determined that the median
herd size was 56 cows. This figure is significantly below the average UK herd
size at the time of data collection, which was reported to be 125 cows (Minnaert
et al., 2018). The most likely explanation for this discrepancy is that the proxy
measure was inaccurate, indicating that only a fraction of the cows per herd
were scored. This introduces potential bias into our data, as we lack information
on whether the selection of the cows was random, which means that higher
yielding cows were more likely to be selected, our herd averages would appear
inflated. Any potential predictive models of this study would still be of value, but
further external validation will be needed to determine whether these potential

models can be used in a commercial setting.

3.4.1 Conclusions

The herds in this study showed disease incidences generally below reported
ranges from other nations, lameness incidence very much below nationally
reported averages, cows spending a perhaps surprising amount of time in heat
stress throughout summer, generally higher levels of production and high
quality in terms of reproduction standards. Overall, this suggests that more
intensive and potentially larger in size, most likely housed year-round (at least
pre- and post-calving). There is also quite possibly some selection bias towards
better managed herds, which is not surprising considering they are investing in

a service to monitor and trying to refine their transition cow management.
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Chapter 4 — Prediction of Disease Status

4.1 Introduction

4.1.1 Periparturient diseases

Most of the periparturient diseases of dairy cattle are results of the metabolic
and immunological imbalances described in Chapter 1 (Melendez and Risco,
2005). Amongst the most important diseases are milk fever (clinical
hypocalcemia), retained foetal membranes (RFM), metritis, displaced
abomasum, mastitis and lameness (Goff and Horst, 1997b, Melendez and
Risco, 2005). Generally, these diseases are mostly affected by management;
with the exception of lameness and ketosis, they present low heritability (Van

Dorp et al., 1998).

A number of studies have investigated the relationships between periparturient
diseases and even though the case definitions for the diseases have not always
been consistent, the results appear to be similar among the studies (Melendez
and Risco, 2005). Milk fever was found to have a positive association with parity
(Curtis et al., 1985, Erb et al., 1985), RFM with milk fever, parity, dystocia and
twining (Correa et al., 1993, Curtis et al., 1985, Erb et al., 1985), metritis with
milk fever, RFM, left displaced abomasum and dystocia (Correa et al., 1993,
Curtis et al., 1985, Erb et al.,, 1985, Melendez et al., 2003), left displaced
abomasum with ketosis and milk fever (Correa et al., 1993, Curtis et al., 1985),
ketosis with left displaced abomasum, RFM and milk fever (Curtis et al., 1985),
while metritis was found to be negatively associated with parity (Melendez et

al., 2003).
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Management of transition period cows should be equally focused on
maintaining physiological functions, immunological functions, normal calcium
levels, helping the rumen adapt to high energy diets, as well as optimizing cow
comfort, maintaining appropriate BCS and providing calving assistance when
needed. Whenever those standards are not met the risk of the transition period
cow developing a periparturient disease during the postpartum period is

increased (Goff and Horst, 1997b, Goff et al., 1996, Risco et al., 1994).

4.1.2 Left displaced abomasum

Displacement of the abomasum is a multifactorial condition that occurs in dairy
cows possibly due to decreased rumen fill and abomasal atony (LeBlanc et al.,
2005, Shaver, 1997, Wittek et al., 2004).Left-displaced abomasum (LDA)
occurs primarily in high yielding cows after calving (Geishauser, 1995),and may
not cause apparent clinical signs(Van Winden et al., 2002).Reported incidence
of LDA ranges from 0.3% to 6.3% with a median of 1.7%(Melendez and Risco,
2005). LeBlanc et al. (2005) suggested that the incidence was rising over the
previous decade from 1% — 2% to 5% - 7%. Caixeta et al. (2018) reported an
incidence of 3.5% among dairy herds in the United States. Amongst the
reported risk factors are poor rumen fill, high-concentrate diets, hypocalcemia,
high BCS at calving, season, inadequate feed space and limited availability of
fresh feed, early parity and the presence of other conditions, such as fatty liver,
milk fever, twinning, dystocia, retained placenta, metritis and mastitis (Caixeta
etal., 2018, Esposito et al., 2014, Shaver, 1997, LeBlanc et al., 2005, Cameron

et al., 1998).
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4.1.3 Milk Fever

Hypocalcaemia at calving is a common phenomenon in cows, as at the
beginning of the lactation period the demand for lactation places a substantial
burden on calcium homeostasis (Goff and Horst, 1997b, Horst et al., 1994). At
times when the drop in calcium concentrations is severe, the function of
muscles and nerves cannot be supported, which results in parturient paresis,
also known as milk fever (Goff and Horst, 1997b, Goff and Horst, 1997a).
Where the level of hypocalcaemia is less severe, impacts on smooth muscle
function can result in increased disease risks even where clinical milk fever is

not evident. This is known as subclinical hypocalcaemia.

It has been reported that 5 to 10% of cows are affected after calving, with up to
15% of these not responding to treatment (Eckel and Ametaj, 2016). Milk fever
is associated with increased incidence of retained placenta and mastitis, which
could be attributed to loss of muscle tone, immunosuppression due to
intracellular calcium drop (Kimura et al., 2006) or a combination of the
two(Bradford et al., 2015, Goff and Horst, 1997a). Furthermore, reduced DMI
plays an important part in the causal pathways of both milk fever and retained
placenta (Bradford et al., 2015). The postpartum feed intake decline in cows
with milk fever is more severe compared to those without, and negative energy
balance (NEB) is thought to follow a similar trend (Goff and Horst, 1997a,
Marquardt et al., 1977). It also reduces rumen fill, the depth of rumen fibre mat
and abomasal contractility, all of which can contribute to displacement of the

abomasum (Goff and Horst, 1997h).

In a recent study, it was found that milk fever was the disease most strongly
associated with culling risk within the first 120 days in milk (DIM) (Probo et al.,
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2018). Dohoo and Wayne Martin (1984), Grohn et al. (1998), as well as Milian-
Suazo et al. (1988) all had similar findings, with increased culling risk in cows
with milk fever. Kelton et al. (1998) gathered 33 citations dating from 1979 to
1995 that reported a lactational incidence risk of milk fever ranging from
0.03%to 22.3% with a median of 6.5%. Goff (2008) reported an incidence of 5-
7% in cows in confinement whereas Roche (2003) reported a 5% incidence rate
in grazing cows. Potential risk factors for milk fever are age, prepartum diet with
a high dietary cation anion difference (DACD), breed (with Jersey and
Guernsey cattle at increased risk), milk yield, presence of other diseases and

previous history of milk fever (Saborio-Montero et al., 2017).

4.1.4 Mastitis

Mastitis is an inflammation of the udder, which can be caused by either Gram-
positive or Gram negative bacteria and vary in severity (Eckel and Ametaj,
2016).The case definition for clinical mastitis in cows is an animal with one or
more quarters producing visually abnormal milk, with or without any other
systemic symptoms (Kelton et al., 1998). Clinical mastitis is one of the most
prevalent diseases in dairy cattle that can occur at any time with peak incidence
around 30 to 50 days in milk (DIM) and has a great economic impact on many
farms (Rollin et al., 2015, Zahrazadeh et al., 2018). A survey conducted in
England and Wales indicated the mean annual incidence of clinical mastitis at
47 cases per 100 cows per year when collected from historic farm records,
whereas it was reported as high as 71 cases per 100 cows per year when using
dates of milk samples submitted for bacteriological analysis as part of the study
(Bradley et al., 2007). Irreversible damage of the mammary tissue during the

inflammation is what causes the majority of economic losses associated with
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mastitis (Eckel and Ametaj, 2016).Studies have found that mastitis is amongst
the most influential factors when producers make culling decisions (Grohn et

al., 1998, Probo et al., 2018).

4.1.5 Lameness

Lameness is defined as decreased mobility; a number of mobility scoring
systems exist to allow more objective assessment at individual and group level.
The reports of mean prevalence of lameness in the UK vary between 21%
(Clarkson et al., 1996), 36% (Leach et al., 2010) and 36.8% (Barker et al.,
2010), with more recent reports being at 31.6% (Griffiths et al., 2018) and
30.1% (Randall et al., 2019). Lameness along with infertility and mastitis have
been identified as the 3 diseases most associated with increased culling rates
(Eckel and Ametaj, 2016). It is considered as one of the most costly disease in
dairy farms with the total cost, depending on lameness definition and
expenditures-losses included, having been estimated up to over US$300 per
case (Dolecheck and Bewley, 2018). Lower milk yield as well as worse
reproductive performance has also been associated with lameness (Machado

et al., 2010).

As explained by Sepulveda-Varas et al. (2018) there are studies supporting the
association between the metabolic and behavioural changes that occur during
the transition period and the development of claw horn lesions. Low BCS after
calving in particular, has been targeted as a potential risk factor of lameness
(Green et al., 2014, Hoedemaker et al., 2009, Newsome et al., 2017). In a
recent study however, it was highlighted that it is the loss rate of BCS rather
than the BCS itself that affected lesion development (Sepulveda-Varas et al.,

2018). Moreover, NEB was found to be associated with poor hoof health in

125



primiparous cows during the transition period (Sepulveda-Varas et al., 2018).
Lame cows during the dry period have been found to have increased risk of
postpartum disease and increased culling rates (Calderon and Cook, 2011,
Hoedemaker et al.,, 2009, Machado et al., 2011, Vergara et al., 2014) and
lameness has a well-established link with ruminal acidosis (Eckel and Ametaj,
2016). Vergara et al. (2014) indicated in their study that monitoring locomotion
score could potentially be wuseful in explanatory models investigating

postpartum health issues.

4.1.6 Retained Foetal Membranes

After calving, the immune response plays a key role in severing the cotyledon-
caruncle attachment and detachment of membranes from maternal tissue.
Failure of the immune system to complete this process within 24 hours leads to
a condition defined as retained foetal membranes (RFM) (LeBlanc, 2008).
Decreased motility of the uterus is generally not seen to be an underlying cause
of RFM, as affected cows appear to have normal, if not increased uterine

motility in the days following calving (Frazer, 2005, LeBlanc, 2008).

The case definition according to Kelton et al. (1998) is observing foetal
membranes at the vulva, vagina or uterus by vaginal examination at more than
24 hours after calving, and reported incidence rates range from 1.3% to 39.2%
with a median of 8.6% (Melendez and Risco, 2005). The average duration the
membranes are retained in cows with RFM was reported to be 7 days (LeBlanc,
2008). NEB seemingly has a role in the pathogenesis of RFM, likely through
impairment of immune function (Goff and Horst, 1997b, LeBlanc, 2008). More
specifically, cows with higher NEFA concentrations (a marker of NEB) were

found have 80% greater risk of developing RFM (LeBlanc et al., 2004).
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Pregnancy rate in cows with RFM was found to be reduced by 15% compared
to healthy animals (Fourichon et al., 2000). Loss of milk production appears to
be an issue only for those cases that lead to clinical metritis (Fourichon et al.,
1999), while culling was not found to have a significant association with RFM

(Grohn et al., 1998).

4.1.7 Metritis

Uterine involution starts immediately after calving and is a complex process
(Sheldon, 2004), which seems to naturally involve bacterial invasion
(Chapwanya et al., 2012). Considering the immune suppression that occurs
postpartum, there are favourable factors for the development of uterine disease

during this time (Azawi, 2008, Mallard et al., 1998).

Inflammation of the uterus is defined as metritis and it can cause systemic
symptoms, such as fever, dullness, decreased appetite, elevated heart rate,
presence of watery or purulent discharge from the uterus and a decrease in
milk production (Sheldon et al., 2006a). It occurs within the first 3 weeks after

calving, usually within the first 10 days (Eckel and Ametaj, 2016).

Conditions such as RFM, maceration of the foetus and difficulties during calving
may increase the risk of metritis (Foldi et al., 2006, Sheldon et al., 2006a,
Sheldon et al., 2006b), with RFM being the most important risk factor with an
odds ratio of approximately 6 (Correa et al., 1993, Curtis et al., 1985, Erb et al.,
1985). It has been reported that 25 — 50% of cows with RFM progress to clinical
metritis (LeBlanc, 2008). Decreased DMI has also been associated with the
disease (Huzzey et al., 2009, Huzzey et al., 2007). The reported median

incidence of metritis was at 10.1%, ranging from 2.2% to 37.3% (Melendez and
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Risco, 2005). It has an impact on reproductive performance and was reported
to increase the calving to first oestrus interval by 6.9 days, the calving to first
insemination interval by 7.3 days, the first to last insemination interval to 15.4
days, the calving to conception interval by 18 days and the number of
inseminations until conception by 0.2 (Bruun et al., 2002, C. Bartlett et al.,
1986). The risk of culling was 1.3 time higher in cows with metritis compared to
those without and were more likely due to the decreased reproductive

performance rather than the disease itself (C. Bartlett et al., 1986, Lewis, 1997).

Appropriate transition period management, including proper nutrition during the
dry period in order to maintain optimum BCS and a sanitary environment, may
help prevent metritis (Lewis, 1997). Furthermore, as mentioned above
competent function of the immune system is vital, therefore events such as
uterine trauma, dystocia and manual removal of RFM that can lead to a
declined phagocytic activity of neutrophils may also predispose the cows to

metritis (Cai et al., 1994).

4.1.8 Twinning

Twinning, though once sought in order to increase the milk production per cow
it is now not a desired attribute in dairy herds (Cai et al., 1994, Correa et al.,
1993, Curtis et al., 1985, Lewis, 1997). Although twinning is not a transition
“disease”, it has been described as a risk factor linked with other periparturient
diseases (Probo et al.,, 2018). It can cause a decline a reproductive
performance, as cows with twins were shown to have a much higher risk of
early pregnancy loss (3 to 9 times), increased calving to conception intervals
and culling rates (Bicalho et al., 2007). Culling rates before 120 DIM, in

particular, were reported to be almost double in cows with twins, compared with
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singletons, at 16.1% (Andreu-Vazquez et al., 2012). Probo et al. (2018)
reported a high culling rate before 120 DIM for cows with twins at 30.3%.
Twinning has also been associated with metritis (Lewis, 1997) and its incidence
was reportedly ranging from 9 to 12%, having a substantial economic impact

on dairy herds(Silva del Rio et al., 2007).

Establishing and quantifying disease risk factors remains important as there is
very little recent evidence in this field, particularly from modern UK dairy
systems. Furthermore, additional application of predictive modelling has
potential to contribute in early notification and implementation of management
measures that can reduce financial losses; this has not been widely explored

for post-calving disease outcomes.
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4.2 Methods

The outcomes considered for analysis included both the individual diseases
(Milk Fever, LDA, RFM and Metritis) and a collective Disease Status outcome.
The latter was defined as either negative if the cow had not been recorded
positive for any disease for that lactation, or positive if she had been marked as

disease positive for at least one out of the four diseases during that lactation.

The types of predictive models that were investigated for each outcome were
logistic regression, decision trees, random forests, support vector machines,

artificial neural networks and naive Bayes.

Two sets of models were considered when analyzing disease as a collective
outcome. The first set was focused on predicting disease at lactation level,
while the second set aimed to predict disease risk aggregated across groups
of lactations. The source, initial data preparation steps, and descriptive

statistics on the dataset are described in chapter 2.1.3.4 and chapter 3.

4.2.1. Lactation Level

For the first set of models, the units of data were individual lactations, with
presence or absence of disease in that lactation as the outcome, and the
lactation-level predictor variables listed in Table 4.1 used as potential

predictors. The total number of lactations was 12,863.
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Table 4.1 Potential predictor variables considered in models with the outcome of

disease occurrence at lactation level

Variable

Rumen Fill in the pre-calving cow

Hock Hygiene

Neck Rail Height in the pre-calving pen

THI in the pre-calving pen

Feed Fence space per cow in the pre-calving

pen

Water Trough space per cow in the pre-

calving pen

Good Bedding quality in the pre-calving pen

Good Light Quality in the pre-calving pen

Good Feed Quality in the pre-calving pen

Good Water Quality in the pre-calving pen

Good Air Quality in the pre-calving pen

Feed available in the pre-calving pen

Water available in the pre-calving pen

BCS pre-calving

BCS change pre- to post-calving

Missing data

86 (0.007%)

1151 (0.089%)

5421 (43.41%)

5450 (42.42%)

5507 (42.87%)

5527 (43.02 %)

4763 (37.07%)

4763 (37.07%)

4763 (37.07%)

4763 (37.07%)

4763 (37.07%)

4763 (37.07%)

4763 (37.07%)

77 (0.006%)

1201 (0.09%)
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Month of pre-calving recording 0 (0.00%)

Lactation number 0 (0.00%)
Calf Mortality 0 (0.00%)
Twining 0 (0.00%)
Mean Milk Yield of previous lactation 644 (0.05%)
Mean Protein % in milk in the previous 644 (0.05%)
lactation

Mean Butterfat% in milk in the previous 644 (0.05%)
lactation

Stocking density in pre-calving pen 5494 (0.43&)
Lameness in the pre-calving cow 0 (0.00%)

General outline of model building is described in more detail in chapter 2.3.4.1,
As the dataset was imbalanced, the absence of disease diagnosis being
substantially more common compared to its presence, kappa was the metric
used to assess model predictiveness and furthermore, up-sampling was
implemented (further explanation on up-sampling was provided in Chapter 2).
Since kappa was the metric of choice it was also used during parameter tuning
with the parameters being automatically chosen by the caret package (Kuhn,
2008). The package automatically tested various parameter values and

whichever one provided the largest kappa was declared as the most optimal
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In addition to using the models built on the individual lactation level to make
predictions on each individual lactation, it was decided to investigate whether
accuracy of predictions is improved when data were aggregated at
herd/quarter-year level (i.e. predicting the incidence risk of disease across all
the lactations in a given herd beginning in a given quarter-year). Quarter-year
periods were January to March, April to June, July to September and October
to December. The process of model building described above was repeated
with a holdout dataset. 80% of the original dataset was used for model building,
while 20% was kept for external cross-validation. In addition, the test and train
datasets were split based on farm/quarter-year group to ensure that pen-level
information that would remain constant within each group did not contribute to
data leakage when building the original models. In order to avoid dealing with
groups with a low number of observations, the dataset was filtered to include
only groups with a group count of 10 or higher. After training these models they
were used to produce predictions on the holdout dataset aggregated by
herd/quarter-year/year group and these predictions were then compared with
the actual values. To evaluate the comparisons the predicted and actual
outcomes for each data point were graphed using a scatterplot and the variation
of the outcome explained by the predictions was assessed using an R2. The
values were determined by fitting a linear regression model. High values
indicated highly explained variation, meaning that the predictions aggregated
did approximate the aggregated values and can potentially lead to meaningful

predictions on a herd/quarter-year level.
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4.2.2 Lactations per herd/quarter-year level models

A further set of models was built using data aggregated at herd-quarter-year
level. The units of data for this dataset therefore represented all lactations in a
given herd beginning in a given quarter-year period. The outcome variable for
each unit was the proportion of disease status positive lactations in that herd-
guarter-year, with potential predictor variables aggregated in the same way
(calculated as either a mean across cows/measurement-occasions for

continuous, or proportions for binary predictors).

Herd/quarter-year groups with less than 10 lactation recordings were removed
from the analysis. In total 79 groups were removed (18.7%). The final dataset
size for this part of the analysis was 343 data points. The number and
percentage of missing data for all potential predictor variables is shown in Table

4.2.
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Table 4.2 Predictive variables considered in final analysis for second set of models

Variable

Missing Data (%)

Metritis percentage per herd/month

Milk Fever percentage per

herd/month/

Twinning percentage per herd/month

Feed Fence Space per cow

Mean Neck Rail height

Mean BCS pre calving

Mean BCS change

Mean Lactation Number

Mean Milk Yield

THI pre calving

Water Trough Space per cow

Rumen Fill pre calving

Rumen Fill post calving

0 (0.0)

0 (0.0)

0 (0.0)

193 (45.7)

210 (49.8)

37 (8.8)

230 (54.5)

0 (0.00)

22 (5.2)

240 (56.8)

192 (45.5)

37 (8.8)

220 (52.1)
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4.3 Results

4.3.1 Individual Disease Outcomes

The variables used for fitting the models are presented in table 4.3.

Table 4.3 Predictive variables used for machine learning models predicting individual

disease outcomes at lactation level

Milk Fever

LDA

RFM

Metritis

Rumen Fill post-

partum

Lactation

Number

Hock Hygiene

Score

BCS change

BCS pre partum

Twinning

Calf Mortality

Mean 305 Milk
Yield of Previous

lactation

Rumen Fill pre-

partum

Rumen Fill post-

partum

Lactation

Number

Hock Hygiene

Score

BCS change

BCS pre-partum

Twinning

Calf Mortality

Rumen Fill pre-

partum

Rumen Fill post-

partum

Lactation

Number

Hock Hygiene

Score

BCS change

BCS pre-partum

Twinning

Calf Mortality

Rumen Fill pre-

partum

Rumen Fill post-

partum

Lactation

Number

Hock Hygiene

Score

BCS change

BCS pre-partum

Twinning

Calf Mortality
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Mean 305 Milk
Yield of Previous

lactation

Neck Rail Height

in dry pen

4.3.1.1 Individual Lactation level
Before up-sampling, a lot of algorithms returned sensitivity values of 0 and PPV

either was 0 as well due to the lack of True Positives or could not be computed
due to the lack of False Positives, while specificity values were at 100%. Even
for the rest of the models, sensitivity remained very close to 0, indicating the
inability of those models to properly predict the diseased class. Kappa values

were all consistently low for all diseases. All results are shown in tables 4,4-4.7.

This was the result of an imbalanced dataset, due to the low frequency of

disease and thus a sampling method was implemented to improve predictions.
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Table 4.4 All metrics of all machine learning models, as calculated on both the training

and the test sets, predicting Milk Fever outcomes, before up-sampling

Milk Fever
Training Set
Logistic Decision Random ANN SVM Naive KNN
Regression Tree Forest Bayes
Accuracy 0.972 0.972 0.969 0.824 0.971 0.943 0.971
Kappa 0 0 0.025 0.028 0 0.050 0.023
Sensitivity 0 0 0.016 0.022 0 0.074 0.012
Specificity 1 1 0.998 0.999 0.999 0.968 0.999
PPV - - 0.300 0523 O 0.061 0.350
NPV 0.972 0.972 0.972 0.972 0.972 0.973 0.972
AUROC 0.842 0.5 0.783 0.824 0.645 0.834 0.595
Detection 0 0 0 0 0 0.002 0
Rate
Balanced 0.5 0.5 0.507 0.511 0.499 0.521 0.502
Accuracy
F1 - - 0.074 0.083 - 0.066 0.062
Test Set
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Logistic Decision Random ANN SVM Naive KNN

Regression Tree Forest Bayes
Accuracy 0.982 0.982 0.892 0.881 0.981 0.981 0.979
Kappa 0 0 0.029 0 0 0.001 0.003
Sensitivity 0 0 0.036 0 0 0 0
Specificity 1 1 0.982 0.999 0.999 0.999 0.997
PPV - - 0.181 0 0 0 0
NPV 0.981 0.981 0.906 0.981 0.981 0.981 0.981
AUROC 0.842 0.5 0.509 0.5 0.5 0.5 0.5
Detection 0 0 0.003 0 0 0 0
Rate
Balanced 0.5 0.5 0.509 0.499 0.499 0.499 0.498
Accuracy
F1 - - 0.060 - - - -
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Table 4.5 All metrics of all machine learning models, as calculated on both the training

and the test sets, predicting LDA outcomes, before up-sampling

LDA
Training Set

Logistic Decision Random ANN SVM Naive KNN

Regression Tree Forest Bayes
Accuracy 0.991 0.991 0.991 0.991 0.991 0.991 0.991
Kappa 0 0 0 0.013 O 0 0
Sensitivity 0 0 0 0.01 0 0 0
Specificity 1 1 1 0999 1 1 1
PPV - - - 0.125 - . .
NPV 0.991 0.991 0.991 0.991 0.991 0.991 0.991
AUROC 0.749 0.5 0.574 0.611 0.505 0.705 0.536
Detection O 0 0 0 0 0 0
Rate
Balanced 0.5 0.5 0.5 0.504 0.5 0.5 0.5
Accuracy
F1 - - - 0.142 - - -

Test Set
Logistic Decision Random ANN SVM Naive KNN
Regression Tree Forest Bayes
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Kappa 0 0 0 0 0 0 0

Specificity 1 1 1 1 1 1 1

NPV 0.992 0.992 0.992 0.992 0.992 0.992 0.992

Detection O 0 0 0 0 0 0

Rate
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Table 4.6 All metrics of all machine learning models, as calculated on both the training

and the test sets, predicting RFM outcomes, before up-sampling

REM

Accuracy

Kappa

Sensitivity

Specificity

PPV

NPV

AUROC

Detection

Rate

Balanced

Accuracy

F1

Logistic

Regression

0.960

0.030

0.013

0.999

0.404

0.961

0.689

0.506

0.050

Logistic

Regression

Training Set

Decision Random

Tree Forest
0.961 0.958
0 0.078
0 0.040
1 0.995
- 0.290
1 0.962
0.5 0.630
0 0.001
0.5 0.517
- 0.076
Test Set

Decision Random

Tree Forest

ANN

0.961

0.033

0.026

0.999

0.619

0.962

0.635

0.001

0.513

0.098

ANN

SVM

0.961

0.503

0.499

SVM

Naive

Bayes

0.935

0.176

0.224

0.963

0.199

0.968

0.679

0.008

0.594

0.196

Naive

Bayes

KNN

0.961

0.048

0.028

0.998

0.410

0.962

0.621

0.001

0.513

0.066

KNN
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Kappa 0.001 0 0.028 0.037 O 0.190 0.067

Specificity  0.999 1 0.994 0.998 1 0.963 0.998

NPV 0.961 0.962 0.962 0.962 0.962 0.969 0.963

Detection 0 0 0.001 0.001 O 0.009 0.001

Rate

F1 - - 0.038 0.042 - 0.222 0.071
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Table 4.7 All metrics of all machine learning models, as calculated on both the training

and the test sets, predicting Metritis outcomes, before up-sampling

Metritis
Training Set
Logistic Decision Random ANN SVM Naive  KNN
Regression Tree Forest Bayes
Accuracy 0.947 0.947 0.943 0.947 0.947 0919 0.947
Kappa 0 0 0.015 0.003 0 0.112 0
Sensitivity 0 0 0.015 0.003 0 0.141 O
Specificity  0.999 1 0.994 0.999 1 0.962 0.999
PPV 0 - 0.095 0.055 - 0.167 O
NPV 0.947 0.947 0.948 0.948 0.948 0.953 0.947
AUROC 0.646 0.5 0.615 0.621 0.557 0.633 0.561
Detection 0 0 0.001 0 0 0.007 O
Rate
Balanced 0.499 0.5 0.504 0.5 0.5 0.551 0.499
Accuracy
F1 - - 0.065 0.055 - 0.151 -
Test Set
Logistic Decision Random ANN SVM Naive KNN
Regression Tree Forest Bayes
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Accuracy 0.959 0.961 0.960 0.961 0.961 0926 0.961

Kappa 0 0 0.021 0 0 0.028 0
Sensitivity 0 0 0.013 0 0 0.067 O
Specificity  0.998 1 0.998 1 1 0961 1
PPV 0 - 0.250 - - 0.065 O
NPV 0.961 0.961 0.961 0.961 0.961 0.962 0.961
AUROC 0.613 0.5 0.608 0.5 0.551 0.601 0.510
Detection 0 0 0 0 0 0.002 O
Rate

Balanced 0.499 0.5 0.505 0.5 0.5 0.514 0.5
Accuracy

F1 - - 0.025 - - 0.066 -

After up-sampling the overall picture slightly changed for all four diseases. For
Milk Fever accuracy on the test set was high at 0.733 at the lowest (logistic
regression) and 0.929 at the highest (decision tree). Sensitivity had a quite wide
range starting from very low values (0.200 for the decision tree) to quite
adequate ones (0.850 for the logistic regression). Specificity on the other hand
ranged from medium to quite high values (0.731 logistic regression - 0.943
decision tree). Two of the most telling metrics were the PPV and NPV with the
former scoring extremely low (Highest being 0.070 for the SVM) and latter

scoring extremely high (Lowest 0.984, again, for the decision tree). Detection
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rate and F1 both producing very low results across all models, while Balanced
Accuracy ranged from very close to the baseline of 0.5 (0.571 for the decision
tree) to medium values (highest 0.802 for the SVM). AUROC ranged from low
values at 0.602 for the decision tree to moderately high at 0.834 for the SVM.
All metrics for the milk fever models after up-sampling are presented on table

4.8.

The rest of the diseases followed a similar pattern. LDA accuracy for the test
set ranged from reasonable as to extremely high (0.693 for logistic regression
to 0.983 for Naive Bayes). Sensitivity was low, at below 0.555 for all models,
while specificity was generally relatively high for all algorithms. PPV stayed
consistently low (highest being naive bayes at 0.029) and NPV consistently
high (lowest being KNN and Naive Bayes at 0.992). Once again F1 and
detection rate ranged very low for the entirety of the methods, with ANN yielding
the best results for the former (0.046) and logistic regression and random forest
for the latter (0.004 for both. Balanced accuracy ranged overall low (0.513 for
Naive Bayes to 0.657 for random forest), while AUROC values ranged along
the same values (0.506 for KNN to 0.753 for ANN). All metrics for LDA models
after up-sampling are shown in table 4.9. Metrics for RFM on the test set
followed the same trends after up-sampling, with accuracy ranging from
moderate to high (0.651 for the KNN to 0.953 for the Naive Bayes), sensitivity
having a wide range but remaining at low values (0.127 for the Naive Bayes to
0.601 for logistic regression), specificity being relatively high (0.657 to 0.985 for
KNN and Naive Bayes respectively), PPV being extremely low (highest being
0.261 for the Naive Bayes), NPV being extremely high (lowest at 0.978 for the

ANN), detection rate and F1 being consistently low the best results being 0.171
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and 0.022 for Maive Bayes and ANN respectively), balanced accuracy ranging
low from 0.556 for the Naive Bayes to 0.657 for the ANN, and finally AUROC
ranging only slightly higher at 0.591 to 0.698 for KNN and random forest
respectively. Metrics for all RFM models after up-sampling are available on
table 4.10. Lastly, metrics for metritis, once again, displayed a similar
behaviour. Accuracy for the test set scored from mediocre (0.628 for the logistic
ANN) to very high (0.942 for Naive Bayes). Sensitivity, while having a wide
range, remained low (0.094 for Naive Bayes to 0.513 for ANN), with specificity
being mediocre to high (0.633 for ANN to 0.976 for Naive Bayes). PPV being
overall low (highest 0.137 for Naive Bayes), in contrast to NPV (lowest at 0.961
for decision tree/KNN). Detection rate and F1 remained low across all methods
(highest at 0.019 for ANN for the former and 0.112 for Naive Bayes for the
latter). Balanced accuracy ranged between 0.505 for the decision tree and
0.582 for the logistic regression, while AUROC scores ranged along similar
values, from 0.505 for the KNN and 0.622 for Naive Bayes. All metrics for

metritis models after up-sampling are presented on table 4.11.
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Table 4.8 All metrics of all machine learning models, as calculated on both the training

and the test sets, predicting Milk Fever outcomes, after up-sampling

Milk Fever
Training Set
Logistic Decision Random ANN SVM Naive KNN
Regression Tree Forest Bayes
Accuracy 0.746 0.944 0.796 0.782 0.813 0.627 0.846
Kappa 0.106 0.116 0.181 0.110 0.115 0.050 0.074
Sensitivity 0.796 0.145 0.456 0.674 0.668 0.709 0.383
Specificity 0.750 0.967 0.798 0.785 0.816 0.625 0.860
PPV 0.084 0.111 0.093 0.084 0.096 0.053 0.072
NPV 0.992 0.975 0.990 0.988 0.988 0.987 0.979
AUROC 0.839 0.668 0.826 0.793 0.751 0.623 0.622
Detection 0.271 0.060 0.224 0.257 0.019 0.393 0.184
Rate
Balanced 0.773 0.556 0.762 0.729 0.742 0.667 0.622
Accuracy
F1 0.153 0.143 0.133 0.139 0.160 0.240 0.084
Test Set
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Logistic Decision Random ANN SVM Naive KNN

Regression Tree Forest Bayes
Accuracy 0.733 0.929 0.786 0.743 0.805 0.920 0.774
Kappa 0.071 0.067 0.086 0.065 0.099 0.068 0.030
Sensitivity 0.850 0.200 0.783 0.766 0.800 0.233 0.416
Specificity 0.731 0.943 0.786 0.743 0.805 0.932 0.781
PPV 0.054 0.060 0.063 0.051 0.070 0.059 0.033
NPV 0.996 0.984 0.994 0.994 0.995 0.985 0.986
AUROC 0.801 0.602 0.814 0.790 0.834 0.619 0.632
Detection 0.278 0.003 0.014 0.265 0.014 0.004 0.007
Rate
Balanced 0.790 0.571 0.784 0.755 0.802 0.583 0.598
Accuracy
F1 0.103 0.093 0.116 0.097 0.129 0.095 0.062
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Table 4.9 All metrics of all machine learning models, as calculated on both the training

and the test sets, predicting LDA outcomes, after up-sampling

LDA
Training Set
Logistic Decisio Random  ANN SVM Naive KNN
Regression n Tree  Forest Bayes
Accuracy 0.719 0.948 0.814 0.625 0.833 0.912 0.895
Kappa 0.016 0.012 0.010 0.026 0.014 0.021 0.014
Sensitivity 0.697 0.123 0.330 0.624 0.324 0.063 0.114
Specificity 0.717 0.934 0.818 0.781 0.837 0.917 0.901
PPV 0.017 0.014 0.014 0.017 0.016 0.031 0.009
NPV 0.996 0.992 0.993 0.997 0.993 0.993 0.991
AUROC 0.725 0.675 0.677 0.754 0.674 0.723 0.508
Detection 0.005 0.052 0.188 0.381 0.169 0.090 0.106
Rate
Balanced 0.695 0.519 0.574 0.613 0.581 0.520 0.508
Accuracy
F1 0.034 0.033 0.027 0.254 0.028 0.078 0.027
Training Set
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Accuracy

Kappa

Sensitivity

Specificity

PPV

NPV

AUROC

Detection

Rate

Balanced

Accuracy

F1

Logistic

Regression

0.693

0.012

0.555

0.694

0.013

0.995

0.727

0.004

0.625

0.027

Decisio

n Tree

0.936

0.029

0.185

0.942

0.024

0.993

0.670

0.001

0.563

0.043

Random

Forest

0.794

0.023

0.518

0.797

0.019

0.995

0.671

0.004

0.657

0.037

ANN

0.861

0.013

0.259

0.866

0.014

0.993

0.753

0.002

0.562

0.028

SVM

0.859

0.032

0.444

0.862

0.024

0.995

0.677

0.003

0.653

0.046

Naive

Bayes

0.983

0.024

0.037

0.990

0.029

0.992

0.719

0.513

0.032

KNN

0.906

0.009

0.148

0.912

0.012

0.992

0.506

0.001

0.530

0.023
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Table 4.10 All metrics of all machine learning models, as calculated on both the training

and the test sets, predicting RFM outcomes, after up-sampling

ﬂ
Training Set

Logistic Decision Random ANN SVM Naive KNN

Regression Tree Forest Bayes
Accuracy 0.735 0.793 0.770 0.754 0.728 0.935 0.658
Kappa 0.065 0.068 0.079 0.071 0.065 0.183 0.038
Sensitivity 0.520 0.397 0.455 0.510 0.517 0.224 0.508
Specificity 0.744 0.809 0.783 0.780 0.737 0.963 0.664
PPV 0.075 0.080 0.078 0.087 0.073 0.202 0.057
NPV 0.974 0.970 0.972 0.975 0.974 0968 0.971
AUROC 0.689 0.652 0.674 0.706 0.657 0.682 0.626
Detection  0.295 0.222 0.247 0.020 0.292 0.074 0.362
Rate
Balanced 0.632 0.603 0.619 0.657 0.627 0.594 0.586
Accuracy
F1 0.128 0.124 0.139 0.147 0.161 0.210 0.212

Test Set
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Accuracy

Kappa

Sensitivity

Specificity

PPV

NPV

AUROC

Detection

Rate

Balanced

Accuracy

F1

Logistic

Regression

0.707

0.067

0.578

0.712

0.073

0.977

0.656

0.021

0.645

0.130

Decision

Tree

0.763

0.059

0.428

0.777

0.070

0.971

0.630

0.016

0.602

0.121

Random

Forest

0.773

0.077

0.473

0.785

0.080

0.974

0.649

0.017

0.629

0.137

ANN

0.709

0.073

0.601

0.713

0.076

0.978

0.698

0.022

0.657

0.135

SVM

0.750

0.075

0.518

0.759

0.078

0.975

0.655

0.019

0.639

0.136

Naive

Bayes

0.953

0.150

0.127

0.985

0.261

0.966

0.591

0.004

0.556

0.171

KNN

0.651

0.028

0.481

0.657

0.052

0.969

0.600

0.018

0.569

0.094
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Table 4.11 All metrics of all machine learning models, as calculated on both the training

and the test sets, predicting Metritis outcomes, after up-sampling

Metritis
Training Set
Logistic Decision Random ANN SVM Naive KNN
Regression Tree Forest Bayes
Accuracy 0.634 0.890 0.825 0.652 0.684 0.911 0.645
Kappa 0.053 0.072 0.079 0.057 0.044 0.148 0.026
Sensitivity 0.558 0.216 0.287 0.562 0.478 0.170 0.423
Specificity 0.638 0.899 0.855 0.657 0.695 0.951 0.657
PPV 0.078 0.105 0.098 0.083 0.079 0.170 0.063
NPV 0.963 0.954 0.956 0.964 0.960 0.954 0.954
AUROC 0.645 0.587 0.627 0.640 0.624 0.658 0.535
Detection 0.395 0.106 0.189 0.377 0.341 0.098 0.377
Rate
Balanced 0.586 0.550 0.530 0.609 0.577 0554 0.534
Accuracy
F1 0.233 0.133 0.111 0.134 0.130 0.179 0.107
Test Set
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Logistic Decision Random ANN SVM Naive KNN

Regression Tree Forest Bayes
Accuracy 0.695 0.872 0.797 0.628 0.708 0.942 0.687
Kappa 0.038 0.006 0.008 0.028 0.015 0.083 O
Sensitivity 0.459 0.108 0.202 0.513 0.337 0.094 0.297
Specificity 0.704 0.903 0.821 0.633 0.723 0.976 0.707
PPV 0.058 0.043 0.043 0.053 0.046 0.137 0.038
NPV 0.970 0.961 0.962 0.970 0.964 0.964 0.961
AUROC 0.601 0.555 0.590 0.619 0.599 0.622 0.505
Detection 0.017 0.004 0.007 0.019 0.013 0.003 0.011
Rate
Balanced 0.582 0.505 0.511 0.573 0530 0535 0.5
Accuracy
F1 0.104 0.061 0.071 0.096 0.082 0.112 0.068

After up-sampling, kappa values overall improved compared to fitting the

models without the use of sampling methods.

Regardless of improvements, the values were still consistently poor for all
models across all disease outcomes, though there was some improvement
compared to the models trained without a sampling method. All ranged between
0.01 and 0.20, showing only slight agreement of predictions and actual values

(Viera and Garrett, 2005) for all methods across all 4 diseases.
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4.3.1.2 Individual lactation models predicting on aggregated lactations
per herd/quarter-year

The best performing models for each disease were selected using the best
Kappa value to be used for further analysis. The best models for each disease

along with their metrics are available on table 4.12.
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Table 4.12 Metrics of best performing models for each individual disease

Metric Milk Fever LDA RFM Metritis

(SVM) (SVM) (Naive (Naive

Bayes) Bayes)

Accuracy 0.805 0.859 0.953 0.942
Kappa 0.099 0.032 0.150 0.083
Sensitivity 0.800 0.444 0.127 0.094
Specificity 0.805 0.862 0.985 0.976
PPV 0.070 0.024 0.261 0.137
NPV 0.995 0.995 0.966 0.964
AUROC 0.834 0.677 0.591 0.622
Detection Rate 0.014 0.003 0.004 0.003
Balanced 0.802 0.653 0.556 0.535

Accuracy
F1 0.129 0.046 0.171 0.112

The aggregated predictions (at herd-quarter-year level) produced from these
models were graphed against the observed outcome values, and the R? values
were 18.2% for Milk Fever and 5.7% for LDA both using SVM, 14.5% for RFM

using Naive Bayes and 66.9% for metritis also using Naive Bayes (Figure 4.1).

157



4 .1 Scatterplot of aggregated predictions vs actual percentage of metritis diagnosis

per herd/quarter-year using the Naive Bayes model

Predicted VS Actual Metritis Diagnosis Probability Percentage Per Herd/Month/Yeza

0.4

o
w

Predicted Probability Percentage
o

01

0.0

0.0 0.1 0.2 0.3
Actual Metritis Diagnosis Percentage
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4.3.1.3 Models built using data aggregated at herd-quarter-year level

Predictor variables improving model performance for each of the disease
outcomes using the aggregated dataset (whereby each unit of data represented
aggregated disease outcomes for all quarter-year lactations in a given herd in

a given quarter-year) are shown in Table 4.13.
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Table 4.13 Predictor variables included in final predictive models for various individual

disease outcomes aggregated at herd-quarter-year level

Milk Fever %

LDA %

RFM %

Metritis %

Mean Rumen Fill

pre-partum

Mean Lactation

Number

Mean Hock

Hygiene Score

Mean BCS

change

Mean BCS pre

partum

% Twinning

% Calf Mortality

Mean 305 Milk
Yield of Previous

lactation for the

group

Mean Rumen Fill

pre-partum

Mean Rumen Fill

post-partum

Mean Lactation

Number

Mean Hock

Hygiene Score

Mean BCS

change

Mean BCS pre-

partum

% Twinning

% Calf Mortality

Mean Rumen Fill

pre-partum

Mean Rumen Fill

post-partum

Mean Lactation

Number

Mean BCS

change

Mean BCS pre-

partum

% Twinning

% Calf Mortality

Mean THI pre-

partum

Mean Rumen Fill

pre-partum

Mean Rumen Fill

post-partum

Mean Lactation

Number

Mean BCS

change

Mean BCS pre-

partum

% Twinning

% Calf Mortality

Mean THI pre-

partum
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Mean THI pre-

partum

Mean Feed

Fence Space per

cow in dry pen

Mean Water
Trough Space

per cow in dry

Mean 305 Milk
Yield of Previous

lactation for the

group

Mean THI pre

partum

Mean Feed
Fence Space per

cow in dry pen

Mean Feed
Fence Space per

cow in dry pen

Mean Water
Trough Space
per cow in dry

pen

Mean Neck Rail

Height in dry pen

Mean Feed
Fence Space per

cow in dry pen

Mean Water
Trough Space
per cow in dry

pen

Mean Neck Raill

Height in dry pen

pen

Mean Water Month of pre Month of pre

Trough Space  partum recording partum recording
per cow in dry

pen

The mean percentage of cows diagnosed with milk fever per herd per quarter-
year was 3.4% with a median of 0.3% (maximum 61.1% and minimum 0%). For
LDA the mean percentages per herd/month/quarter-year were lower, at 1.0%
with a median of 0% (maximum 18.8% and minimum 0%). For RFM the mean
was 4.3% (median 3.0%, minimum 0% and maximum 40.0%), while for metritis

it was at 4.5% with a median of 2.4% (minimum 0% and maximum 42.9%).
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R? values for models predicting incidence rates of individual diseases and built

on aggregated data are shown in Table 4.14.

162



Table 4.14 R? values of all methods of individual disease percentage outcomes

Training Set
%Milk %LDA %RFM %Metritis
Fever
Linear 0.261 0.202 0.288 0.209
Regression
Decision Tree 0.390 0.216 0.208 0.139
Random Forest 0.321 0.210 0.211 0.262
ANN 0.263 0.213 0.172 0.340
MARS 0.478 0.118 0.337 0.220
Test Set
%Milk %LDA %RFM %Metritis
Fever
Linear 0.241 0.186 0.274 0.196
Regression
Decision Tree 0.375 0.200 0.192 0.133
Random Forest 0.304 0.201 0.198 0.247
ANN 0.249 0.201 0.159 0.324
MARS 0.443 0.104 0.323 0.202
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The best performing models for each disease outcome based on the R? on the
test set were ANN for both LDA and metritis, and MARS for both milk fever and

RFM.

4.3.2 Collective Disease Status Outcome

4.3.2.1 Individual lactation disease models

For the models using the individual cow lactations as units of data, the
combination of variables that produced the most predictive models were the
rumen fill pre and post-partum, neck rail height in pre-calving pens, lactation
number, hock hygiene, BCS change, BCS pre-calving, THI in the pre-calving
pen, stocking density in the pre-calving pen, mean milk yield in the previous

lactation, calf mortality and twinning.

The results of our analysis for the collective disease outcome before up-
sampling resembled that of the individual disease analysis (Table 4.15).
Accuracy values were high (0.866-0.880), similar to NPV (0.880-0.891), with
specificity showing near perfect values (0.966-1), while sensitivity and PPV
ranged to very low values (0-0.135 and 0.190-0.468). Similarly to the individual
disease outcomes this was a result of dataset imbalance, as evidenced by the
low kappa (0-0.136) and balanced accuracy (0.500-0.550). The F1 score was
also low (0.041-0.192) and AUROC ranged from the baseline of 0.5 to a low
0.679. The effect of the imbalanced dataset was so great that the decision tree
model predicted every datapoint as “Healthy”, hence achieving a sensitivity of
0, specificity of 1, kappa of 0 and not being able to compute the PPV and F1-
score, thus earning the spot of the worst performing model. The rest of the
methods, while not being so absolute did not show significant improvements,

with the best overall algorithm being the Naive Bayes, both in terms of kappa
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with a value of 0.136, and in terms of sensitivity and specificity trade off (0.135
and 0.966 respectively) and F1 (0.192). It also achieved the highest balanced

accuracy at 0.550. Nevertheless, the Naive Bayes still had very low

performance.
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Table 4.15 All metrics for collective disease outcome models as calculated on both the

training and the test set, before up-sampling

Training Set

Accuracy

Kappa

Sensitivity

Specificity

PPV

NPV

AUROC

Balanced

Accuracy

F1

Detection

Rate

Logistic

Regression

0.880

0.054

0.038

0.995

0.462

0.883

0.657

0.516

0.087

0.004

Logistic

Regression

Decision Random ANN

Tree

0.880

0.880

0.5

0.5

Forest

0.875

0.100

0.083

0.983

0.407

0.887

0.679

0.533

0.136

0.010

Test Set

0.877

0.067

0.051

0.990

0.464

0.884

0.634

0.520

0.091

0.006

Decision Random ANN

Tree

Forest

SVM

0.879

0.033

0.023

0.996

0.468

0.882

0.572

0.509

0.054

0.002

SVM

Naive

Bayes

0.866

0.136

0.135

0.966

0.348

0.891

0.640

0.550

0.192

0.016

Naive

Bayes

KNN

0.878

0.003

0.004

0.997

0.190

0.880

0.527

0.501

0.041

0.0005

KNN
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Accuracy 0.901 0.904 0.882 0.898 0.904 0.883 0.886

Kappa 0.023 0 0.029 0.002 0.028 0.058 -0.006
Sensitivity  0.018 0 0.036 0.009 0.018 0.072 0.018
Specificity  0.995 1 0.982 0.992 0.998 0.969 0.977
PPV 0.285 - 0.181 0.111 0.500 0.200 0.080
NPV 0.905 0.904 0.906 0.904 0.905 0.908 0.904
AUROC 0.636 0.5 0.631 0.650 0.603 0.633 0.557
Balanced 0.506 0.5 0.509 0.501 0.508 0.520 0.498
Accuracy

F1 0.034 - 0.060 0.016 0.035 0.106 0.029
Detection 0.001 0 0.003 0.001 0.003 0.006 0.001
Rate

After up-sampling the overall accuracy appeared to be from fair to good across
all methods (ranging from 66.3% to 85.8%) with the exception of KNN where
accuracy was low (0.511), while the kappa values were consistently low, with
the random forest, while having the highest value at 0.172, still being below the
0.2 benchmark for achieving anything more than slight agreement between

predictions and actual values (Viera and Garrett, 2005).

Sensitivity, while having a wide range, remained low with the highest score
being 0.548 for the KNN. Specificity also had a wide range, starting from 0.506

for the KNN and peaking high at 0.950 for the Naive Bayes. PPV remained
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consistently low across all methods, the highest value being at 0.335 for the
Naive Bayes, while NPV ranged high, with KNN having the lowest value at
0.890. Both F1 and Detection Rate values were low across all algorithms
(highest at 0.274 for the random forest and 0.066 for KNN respectively).
Balanced accuracy ranged close to the 0.5 baseline (0.527 for KNN to 0.605
for logistic regression), with AUROC displaying similar values (0.531 to 0.646
for KNN and logistic regression respectively). The metrics of all methods on
both the training and the test set are presented in Table 4.16 and the values of

all the models applied on the test set are also graphically shown in Figure 4.2.
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Table 4.16 All metrics for collective disease outcome models as calculated on the

training and the test set, after up-sampling

Training Set

Accuracy

Kappa

Sensitivity

Specificity

PPV

NPV

AUROC

Balanced

Accuracy

F1

Detection

Rate

Logistic

Regression

0.663

0.116

0.528

0.682

0.184

0.914

0.646

0.605

0.273

0.063

Logistic

Regression

Decision Random ANN SVM

Tree

0.844

0.137

0.187

0.934

0.280

0.893

0.615

0.558

0.218

0.022

Forest

0.820

0.172

0.281

0.894

0.270

0.901

0.674

0.587

0.274

0.033

Test Set

0.643

0.106

0.537

0.658

0.178

0.912

0.637

0.598

0.267

0.065

0.685

0.109

0.466

0.715

0.183

0.907

0.630

0.591

0.263

0.055

Decision Random ANN SVM

Tree

Forest

Naive

Bayes

0.858

0.166

0.185

0.950

0.335

0.895

0.637

0.566

0.236

0.021

Naive

Bayes

KNN

0.511

0.023

0.548

0.506

0.132

0.890

0.531

0.527

0.211

0.066

KNN
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Accuracy

Kappa

Sensitivity

Specificity

PPV

NPV

AUROC

Balanced

Accuracy

F1

Detection

Rate

0.718

0.144

0.536

0.737

0.177

0.937

0.664

0.636

0.266

0.051

0.867

0.039

0.081

0.950

0.147

0.907

0.636

0.515

0.105

0.007

0.814

0.082

0.218

0.877

0.158

0.913

0.635

0.548

0.183

0.020

0.690

0.108

0.509

0.709

0.156

0.931

0.658

0.609

0.239

0.048

0.673

0.078

0.463

0.696

0.138

0.924

0.639

0.579

0.213

0.044

0.876

0.024

0.054

0.963

0.136

0.905

0.644

0.509

0.077

0.005

0.473

0.011

0.572

0.462

0.101

0.910

0.595

0.517

0.172

0.054
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Figure 4.2 Metric comparison of all lactation-level collective disease models after using up-sampling with 95% confidence intervals
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4.3.2.2 Individual lactation disease model making predictions on an

aggregated level

The same set of models were used to generate predictions from the holdout
dataset. The total number of herd/quarter-year groups used were 461 with 368
of them being used for training (9298 lactations total) and the rest being used
for testing (93 groups of 1056 lactations). The minimum group was 10 as set,

the median 29 (mean = 46.06) and the maximum 181.

The linear association of predicted and actual values for data aggregated at
herd-quarter-year level was analysed. The R? value describing the proportions
of explained variation between actual and predicted values for logistic
regression was 44.5%, indicating that about half of the aggregated outcome’s
variation can be explained by aggregating the predictions (Figure 4.3). As for
the rest of the models it ranged to 23.61% for decision tree, 27.60% for random

forest, 25.63% for ANN, 30.09% for SVM and 10.57% for Naive Bayes.
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Figure 4.3 Scatterplot of predictive vs actual collective disease diagnosis probability

per herd/quarter-year

Predicted VS Actual Disease Probability Percentage Per Herd/Quarter-year
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There was no substantial improvement in model performance using an overall
disease status outcome compared to the models predicting occurrence of an

individual disease (Figure 4.4).
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Figure 4.4 Pearson’s correlation coefficients between aggregated predicted and
observed outcomes (per herd-quarter-year) across model types for all individual
disease outcomes and for collective disease status (“Disease_Status”) using models

built on individual lactation data,
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4.3.2.3 Aggregated Herd/quarter-year level models

For the models built using the herd/quarter-year as a unit of data, the final
predictive variables that were included in the models were the mean rumen fill
per group both pre and post-partum, the neck rail height, water trough space,
feed fence space and THI per group in dry pens, the month pre calving, the
mean BCS pre partum as well as the mean BCS change pre and post calving,
the mean 305 milk yield per group for the previous lactation, and finally the

percentages of calf mortality and twinning, again, per group.

The mean percentage of cows diagnosed with at least one disease per herd-
guarter-yearrwas10.1% with a median of 8.8% (minimum 0% and maximum

75%). (Figure 4.5)
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Figure 4.5 Histogram of collective disease diagnosis distribution per herd each quarter-

year
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The metrics of the resulted aggregated level models are displayed in table 4.17
and Figure 4.6. R? on the test set was consistently low with the highest yielded
value being 32% for the MARS model, meaning that the models were at best

able to explain up to nearly a third of the variation of the outcome.
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Table 4.17 Metrics of all methods of disease diagnosis percentage per herd per

guarter-year on both the training and the test sets

Training Set

RMSE R? MAE

Linear 0.160 0.230 0.126
Regression

Decision Tree 0.149 0.228 0.110

Random Forest 0.150 0.109 0.110

Artificial Neural 0.167 0.251 0.121
Networks

MARS 0.131 0.343 0.122

Test Set

RMSE R? MAE

Linear 0.175 0.211 0.133
Regression

Decision Tree 0.157 0.222 0.119

Random Forest 0.158 0.199 0.122

Artificial Neural 0.176 0.239 0.132

Networks
MARS 0.142 0.320 0.129
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Figure 4.6 Metric comparison of different models of the collective disease percentage

outcome on the test set
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4.4 Discussion

For this chapter, individual and collective disease outcomes were investigated
on both an individual lactation and an aggregated herd/quarter-year level.
Various predictive models were built further looking into the possible effect of
the machine learning method used on the overall performance. With the kappa
value as guide, it became clear that all models produced were of little predictive
value and could not provide a model with reliable predictions. Up-sampling,
while improving the overall metrics was not enough to increase the kappa
values to an acceptable threshold. When it came to individual disease
outcomes on a lactation level, the kappa values of all methods in all diseases
did not exceed the maximum of 0.122 which was the SVM method for milk fever.
Using the individual lactation models for aggregated predictions did not produce
meaningful R? values (5.7% for LDA to 18.2% for milk fever both for the SVM
model), for all diseases except for metritis (66.9% for the Naive Bayes model).
The same value for the collective disease outcome was at 44.5%. Finally, for
the aggregated models the R? ranged low from 20.1% to 36.5% for LDA and
milk fever respectively. When it came to the collective disease outcome, again
the individual lactation models produced low kappa values with the highest one
being 0.172 for the random forest model. Further using the model for
aggregated predictions had similar negative results with the correlation
coefficient being non-statistically significant. Moving to models built on an
aggregated level also did not improve the results, with the R? ranging low from

0.199 to 0.302 for the random forest and the MARS models respectively.

There was a wide variety of predictor variables available for predictive
modelling and a wide variety of methods and techniques was utilised. Yet no
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meaningful predictive models for post-calving disease, neither individual nor
collective, were created. This does not clash with any existing research, as
according to the current research as well as the systematic review conducted
by Slob et al. (2020) the papers that looked into using machine learning for
dairy cow disease outcomes mainly focused on mastitis, which was not a part

of the outcomes used for this thesis.

These results also highlight that, in cases of unbalanced outcomes, even
models with relatively low predictive power can exhibit high accuracy metrics.
For instance, the random forest, which achieved one of the highest accuracies
along with balanced PPV/NPV and kappa values, still lacked strong predictive
capabilities. A closer examination of metrics, particularly kappa and balanced
accuracy—which account for outcome imbalances—revealed that none of the
models demonstrated adequate predictive power. Although up-sampling
appeared to enhance model performance, the resulting algorithms were still
unlikely to be sufficiently predictive for practical use. Very unbalanced
outcomes are likely to become quite common in terms of predictive modelling.
One such example is oestrus detection, since most of the times most cows are
not even in heat when it occurs. Post et al. (2021) while focusing on the
prediction of mastitis and lameness, which were beyond the scope of our study,
did emphasise the effects of an imbalanced dataset on the metrics and
therefore practical application of a model. Their models in particular, while
producing fair values of sensitivity and specificity, also had very low PPV,
similar to a lot of our individual disease models. They argued that these results,
even though sometimes warranted by a developer standpoint, do not accurately

represent the real-world application on a practical farm. Post et al. (2020) even
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showcased that different up- and down-sampling techniques for balancing
training data had no impact when applied to unknown, realistic datasets, again
reinforcing our findings. Sturm et al. 2020 also dealt with a health outcome that
was not part of our study (subclinical ketosis), however their results are worth
reporting as they were dealing with an imbalanced dataset as well. The best
performing model had some reasonable metrics with accuracy at 0.725,
sensitivity at 0.669, specificity at 0.736 and NPV at 0.922, accompanied with
some quite low, with F1 at 0.435 and PPV at 0.322, once again showcasing the
effects of a minority class. Avizheh et al. (2023) also implemented sampling
methods (down-sampling and cost-effective method) in order to improve
metrics and found that the AUROC of their models did not show improvement,
while the F-score showed an average difference of 0.031 while the Roc curve
did not reveal any improvement in predictive power. On the other hand,
Keshavarzi et al. (2020) when dealing with an imbalanced dataset for the
prediction of abortion incidence, reported that both up-sampling and down-
sampling methods were found to improve predictiveness. On average the F1-
score had an average difference of 0.106 and 0.088, while AUROC showed
differences of 0.897 and 0.893 for down-sampling and up-sampling
respectively. It was also noted that while rules, trees and functions showed
significant increase in metrics, Naive Bayes models did not. These results seem
to be in agreement with our findings, as the average difference of F1 in milk
fever was 0.077, for RFM 0.071 and for metritis 0.053, only including the
methods that were able to compute a F1 value pre-sampling. The only model
that could compute an F1-score for LDA before up-sampling was actually the

ANN that showed a numerical increase in Fl-value, of 0.112. The differences
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in AUROC were -0.014 for milk fever, 0.079 for LDA, 0.057 for RFM and 0.026
for metritis, so for all disease except milk fever there was an overall numerical
increase. The average numerical increase in kappa pre and post sampling was

0.090 for milk fever, 0.013 for LDA, 0.032 for RFM and 0.051 for metritis.

Accuracy was moderate across all models, even after applying resampling
techniques, underscoring its potential to be misleading. Sensitivity and
specificity, when considered alone, also failed to consistently reflect the models'
true performance. In the case of the random forest, decision tree, and naive
Bayes algorithms, while specificity was high, sensitivity was notably low,
highlighting the issue of class imbalance. However, in other algorithms, there
was a better balance between the two, with sensitivity around 0.6, masking the
models’ inability to make accurate predictions. This demonstrates that these
metrics can vary significantly between methods and are insufficient to fully
evaluate model performance. Since accuracy, sensitivity, and specificity are
frequently cited in the literature, this presents concerns. These issues were
evident in our study, where the kappa values across all models were below the
0.4 threshold required for moderate agreement (Viera & Garrett, 2005),
reinforcing the idea that accuracy, even when combined with sensitivity and
specificity, is inadequate for evaluating predictive models—particularly in
imbalanced datasets, as seen in our case with a disease prevalence of only

10.98%.

Brodersen et al. (2010) proposed that balanced accuracy should replace overall
accuracy, particularly for addressing imbalanced datasets. The findings of this

study support that perspective, as balanced accuracy across all models
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hovered just above 50%. This can be attributed to the algorithms' tendency to
predict the majority class for all instances. Balanced accuracy accounts for both
classes equally by calculating their individual accuracies and averaging them.
In imbalanced datasets, it is common for overall accuracy to be maximized by
misclassifying all instances of the minority class, with all predictions assigned
to the majority class. In such cases, the accuracy of the majority and minority
classes would be 1 and 0, respectively, resulting in a balanced accuracy of 0.5.
In our study, the fact that balanced accuracy is close to 0.5, while overall
accuracy remains high for most models, highlights an issue with class

imbalance.

Viera and Garrett (2005) describe how kappa is influenced by the prevalence
of the disease examined, hence the frequency of its class in the dataset. At the
same time, from the literature it is evident that in the past and even in some
recent studies there is a preference in reporting the overall accuracy, which can
be misleading in the case of imbalanced datasets, and not complement it with
additional metrics that take the proportion of the classes into account (Table 1).
A lot of contemporary studies include the AUROC, it has been argued that it is
not an appropriate metric in every situation and it can in fact provide an overly
optimistic assessment of a model's performance in imbalanced datasets, as it
may be inflated by the model's success in classifying the majority class while
ignoring the minority class (Lobo et al., 2008, King et al., 2021, Hancock et al.,
2023, Bednarski et al., 2022). From our results it is evident that kappa is one of
the metrics most affected by this situation. In fact, the maximum value of kappa

was just 0.16 for the random forest model even after up-sampling, pointing to
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the issue of the model’s actual predictive performance perhaps more effectively

than other metrics.

Another issue highlighted in our study is the challenge of algorithm selection.
In imbalanced datasets, if models are chosen primarily based on overall
accuracy, those with low predictive power may be favoured, as high overall
accuracy can be easily achieved by misclassifying the minority class. A notable
example is the naive Bayes model in both collective disease outcomes and
individual lactation models, which exhibits one of the highest overall accuracies
but also the lowest balanced accuracy and a very low kappa. In reality, its
predictive power does not surpass that of the logistic regression model, which
has a much lower overall accuracy. This illustrates that relying on inappropriate

metrics can lead to misleading model comparisons.

It is clear from the literature that machine learning algorithm reporting in the
veterinary epidemiology field has evolved from mainly using accuracy as the
headline metric to utilising and interpreting more complex metrics. This work
further supports the more widespread adoption of alternative metrics such as
balanced accuracy or kappa, especially where the outcome being predicted is

either very common or very rare.

The results for the aggregated outcomes milk fever, LDA, RFM, metritis and
collective disease percentage per quarter-year were similar to that of the binary
models, as the R? of all aggregated prediction models was lower than 0.5 and
for most cases much lower than that. Nonetheless, when it came to using the
individual level models for making predictions on an aggregated level the

results varied. For most disease the individual level models failed to make
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meaningful aggregated predictions. However, the results for metritis indicated
that the aggregated predictions explained almost 67.0% of the total variation of
the aggregated outcome, resulting in a fair R? value. The same method for the
collective disease status resulted in a lower value of 44.5%, which though
higher than most other diseases, does not even explain half of the variation of
the outcome and it would be safe to assume that the increase in value
compared to LDA, milk fever and RFM was probably an effect of the influence
of metritis. From these results it is evident that the use of the individual level
model predictions on an aggregated level is possible when it comes to metritis,
since it presented a moderate value of R? and it outperformed both the
individual level model making predictions on the individual level and the fully

aggregated model.

As stated above the majority of existing research that aimed in utilizing machine
learning to predict disease outcomes mainly focused on mastitis (Ebrahimie et
al., 2018b, Ebrahimie et al., 2018a, Hassan et al., 2009, Kamphuis et al., 2010,
Kamphuis et al., 2008, Mammadova et al., 2013, Panchal et al., 2016, Sharifi
et al., 2018, Slob et al., 2020, Sun et al., 2010). Common predictors for mastitis
appear to be milk parameters (Hassan et al., 2009, Sun et al., 2010) or in some
cases genetic data (Sharifi et al., 2018). In one systematic review (Slob et al.,
2020) that did include papers with both health and production outcomes,
although mostly health outcomes (21/38), most papers included milk
parameters (66%) or milk properties (58%) as independent variables, with only
a few (29%) having calving information and/or cow characteristics and just a
fifth of them (21%) using lactation information. Other have also reported the use

of machine learning for the detection of lameness (Pastell and Kujala, 2007) as
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well as ketosis (Slob et al., 2020). A number of studies have focused on milk
spectra for disease prediction. Hernandez et al. (2021) presented a collective
disease outcome that included lameness, mastitis, reproductive disorders,
calving disorders and finally other ailments. They presented various metrics,
however they focused on the sensitivity and the PPV as, similar to our data,
they had only a fraction of positive diagnoses. Their best model produced low
values of these two metrics (61.74% and 59.99% respectively), which were also
accompanied by very high values of standard deviation (15.99% and 26.20%
respectively). Therefore, while there might be an indication that milk MIR
spectra might be better predictors and that a collective disease outcome might
be predictable as a collective measure, these results need to be interpreted
cautiously. Multiple studies explored the prediction of hyperketonemia (Bonfatti
et al., 2019, Luke et al., 2019, Pralle et al., 2018, Walleser et al., 2023) using
milk spectra reporting good specificity and sensitivity. Franceschini et al. (2022)
utilised unsupervised methods to create clusters of animals with possible
metabolic disease and general health status, using milk spectra as well, and
their results were promising. All these studies indicate that milk spectra might
be a viable predictor for health status, however it was not considered in our
study as it was not routinely analysed on most herds in the dataset, with our
focus targeting more easily routinely gathered data. Another recent study
(Lasser et al.,, 2021) focused on predicting disease such as metritis and
periparturient hypocalcaemia, reporting various metrics such as F1, specificity,
sensitivity, precision and accuracy. The F1 for metritis ranged within moderate
values from 0.521 to 0.606, with periparturient hypocalcaemia following with

similar, if not slightly lower, values from 0.482 to 0.548. Vidal et al. (2023)
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focused on the prediction of metritis as well, providing some models with high
F1 scores, but they utilised sensor data from accelerometers. An even more
recent study (Risvanli et al., 2024) also aimed to predict metritis, using a sensor
measuring intrauterine gases, providing models with high accuracy (71.22%),
precision (64.4%) as well as recall (71.2%). However, this study examined uteri
collected from abattoirs and not live cows so potential practical application
could yield different results. De Oliveira et al. (2021) also investigated metritis,
but rather than its diagnosis they attempted to predict its treatment success,
presenting models with high F1 (0.81), sensitivity (0.85) and PPV (0.78), but
low specificity (0.39) and NPV (0.50). Finally, Merenda et al. (2020) attempted
to predict metritis, acute metritis, along with success and failure of treatment.
The predictive variables used were routinely available data, BCS and
behavioural data. The models for metritis and acute metritis produced had fair
AUROC (0.82 and 0.87 respectively) with reasonable specificity and sensitivity,
however the model for acute metritis had low PPV (0.30) while metritis’ was fair
(0.60). The metritis model scored considerably better than even the best of our
metritis’ models. One possible explanation is that their predictive variables were
overall more appropriate for prediction. Their routinely gathered data included
information such as indigestion and California Mastitis Test results which we
did not have access to. However, it is also possible that the fact they only data
from 2 farms, as opposed to our 79, could lead to some degree of overfitting.
The study also lacked external validation. In addition to Hernandez et al. (2023),
Zhou et al. (2022) also explored a collective disease outcome. They utilized
variables such as milk yield, physical activity, rumination time changes, and the

electrical conductivity of milk, while the out of the multiple diseases they
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included in their outcome the one in common with our study was metritis. The
model presented as best, a decision tree, achieved the highest F1, precision
and AUROC (0.787 92.86%, and 0.908, respectively), however it lacked in
sensitivity (68.42%). In comparison, our models never achieved such values,
with the highest F1 score for the collective disease outcome being 0.274,
highest precision 33.5% and highest AUROC 0.674, while the highest
sensitivity was at 54.8%. This could be an indication that the combination of
milk variables and behavioural data collected through the automated monitoring
system Zhou et al. (2022) used were in fact better predictors for the combination
of diseases selected. Nevertheless, they emphasized that the low sensitivity is
an indication that their algorithms still required improvement to be properly
utilized. It should also be noted that they used a control group, eliminating the
class imbalance naturally occurring on farms. However, having a limited
number of cows in their dataset (131 sick and 149 control cows) in addition to
the fact that they were sampled from only 2 farms, as opposed to our 12,863
from 79 farms. might have led to overfitting of the algorithm which occurs when
the data is not variable enough. Dineva and Atanasova (2023) also opted for a
general disease outcome, however their definition was even broader as the
data was collected from health diaries and disease was defined as any kind of
condition, including those caused by heat or cold stress. A ‘suspect’ group was
added as an outcome, to include the presence of condition in cows that have
not yet manifested as disease. The predictors included age, lactation number,
DIM, daily milk yield, weather data, month and week and were all collected
through 10T (Internet of Things) devices. Their best model was a random forest

classifier with 95.4% sensitivity, 97% PPV and 95.4% accuracy. They also used
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sampling methods as they were dealing with an imbalanced dataset. Once
again, it is possible that variables such as the weather-related data that were
not available in our analysis, did in fact improve predictiveness, however similar
to Zhou et al. (2022), Dineva and Atanasova (2023) collected data from only
one farm and 120 cows, eliminating any farm variability that could affect
predictions. In fact, not only were the data collected from one farm but the
month and week variables were added as predictors as well as opposed to the
approach taken in our study where the herd-month groups were distinctly
separated in training and test groups in order to avoid data leakage.
Nevertheless, it should be acknowledged that both Zhou et al. (2022) and
Dineva and Atanasova (2023) had small sample sizes, due to the fact that they
utilised new sensor technology to collect their data, therefore a wide
implementation was logistically difficult, and that part of the difference in our
models’ predictiveness could be attributed to the better quality of predictor
variables an automated system could potentially collect compared to a human-

driven system with potential subjectivities, however small.

There are a number of limitations in our study, such as the number of missing
data in the predictors and potential under-reporting of certain diseases. When
it comes to the impact on predictive modelling, predictors with missing data can
result into great loss of information if used in a model, as only complete cases
can be included. For this reason, we excluded variables such as the rumen fill
post-partum with great numbers of missing data. For the predictive models, the
possible under-reporting in farms, during the data collection, could mean that
the model does not provide accurate predictions as an entire subset of the

outcome is ignored. However, the incidence of the disease was so low that the
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percentage which would be overseen would be most likely negligible. The
overall quality of the predictive variables might also lack in certain areas,
considering that they were recorded by human assessors, who however well
trained might insert a level of subjectivity or variability in their assessments.
Furthermore, the choice of variables collected were not in any way specifically
collected for their presumable correlation with a certain outcome but were rather
monitored in an already established program as general measures of farm
management. However, since the purpose of the study was to showcase
whether itis possible to make predictions using easily available information that
farmers may already have the results are still valuable. It is evident that most
relevant studies have shown the best results when using special equipment
such as sensors and automated monitoring systems (Hernandez et al., 2021,
Bonfatti et al., 2019, Luke et al., 2019, Pralle et al., 2018, Walleser et al., 2023.
Franceschini et al., 2022, Vidal et al., 2023, Risvanli et al., 2024, Zhou et al.,
2022). Therefore, there is an indication that perhaps the most advanced use of

technology for variable collection might be the more valuable approach.

A further limitation could be the convenience sampling from farms with similar
characteristics, which would result into poor generalisability of the models.
Nonetheless, if we acknowledge that the results only apply in UK farms with
high productivity the models and their results can still be of use for other similar
farms. Furthermore, the use of data from 79 farms in the final models would still
introduce some variability and probably better generizability compared to
Merenda et al. (2020) and Zhou et al. (2022) with data from 1 and 2 farms

respectively. Nonetheless, our study lacks external validation which would
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ultimately verify any possible highly predictive model, adding another limitation

to our research.

190



Chapter 5 — Prediction of reproductive outcomes

5.1 Introduction

Fertility is a key driver of profitability in dairy farming systems (Cabrera, 2014),
and there is extensive evidence that events around “transition” (i.e. occurring
pre- and post-calving) have associations with subsequent reproductive
performance (Roche et al. 2017). Microbial infections that are established
postpartum can lead to decreased reproductive function in females (Dobson et
al., 2008, Gautam et al., 2009, Kasimanickam et al., 2004). Furthermore, the
NEB that occurs during this period is also linked with a decline in reproductive
performance by increasing the calving to first ovulation interval and decreasing
pregnancy rates at first service (Butler and Smith, 1989). Factors associated
with transition cow management, such as nutrition, appropriate BCS
maintenance, udder health, calving difficulties, reproductive diseases and cow
comfort seem to influence reproductive performance (Caraviello et al., 2006,
Lucy, 2001, Schefers et al., 2010). Other factors that are reported to be linked
with reproduction include genetics, milk yield, heat stress, NEB, timing of
insemination and the presence of reproductive or other diseases (Shahinfar et
al., 2014). Clinical mastitis and high somatic cell count recording have also
been associated with decreased reproductive performance (Hudson et al.,
2012). Poor reproductive performance has been reported to be the first reason
for culling, much higher than low milk production (42% and 25% of cows culled,
respectively) (Coleman et al., 1985). Gréhn and Rajala-Schultz (2000) also

reported that the primary deciding factor when it comes to culling was
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pregnancy status, with milk yield being the second one. NEB especially seems
to have a key role in determining reproductive performance (Hudson, 2011).
Cows with elevated BHBA concentrations during the first or second week
postpartum were 20% less likely to get pregnant after first service, and up to
50% less likely if BHBA levels were high on both weeks (Ospina et al., 2013).
The relationships between various proxy measures for degree of NEB (such as
those based on BCS) and reproductive performance have been established,
with a common finding being that with increased NEB there is a delay to the

resumption of ovarian cyclicity (Butler and Smith, 1989, Gimen et al., 2005).

Interpreting the extensive body of literature on factors affecting reproductive
performance in dairy cows is hindered by the wide variety of fertility outcome
measures. These can broadly be categorized as rate- or interval-based
measures. Recently, 21-day pregnancy rate has emerged as the key
reproductive metric (at least for year-round calving herds). This is defined as
the proportion of “eligible” cows (those past the herd’s voluntary wait period, not
marked as selected to cull and not already pregnant) which become pregnant
every 21 days. This is determined largely by the 21-day insemination rate
(proportion of eligible cows inseminated every 21 days) and the conception risk
(proportion of inseminations which lead to a pregnancy). Interval-based
measures (such as time from calving to first insemination, establishment of

pregnancy or subsequent calving) are also used.

The majority of papers utilizing machine learning methods on dairy cow derived
data have in fact dealt with reproduction outcomes; including models to predict
first service conception rate, the probability of conception in heifers, time of
calving, calving difficulty and/or dystocia in both heifers and cows, oestrus
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detection and prediction, insemination success and semen quality (Caraviello
et al. 2006, Fenlon et al. 2017a, b , Borchers et al. 2007, Grzesiak et al., 2010,
Higaki et al. 2019, Hempstalk et al., 2015, Shahinfar et al., 2014, Dolecheck et
al. 2015, Aguiar et al. 2012, Bates and Saldias, 2019, Romadhonny et al., 2019,
Cairo et al., 2020, Keceli et al., 2020, Keshavarzi et al., 2020, Miller et al., 2020,
Avizheh et al., 2023, Vazquez-Diosdado et al., 2023, Hemalatha et al., 2021,

Schweinzer et al., 2019, Wang et al., 2020).

Caraviello et al. (2006) used the accuracy and AUROC to report the predictive
ability of their models. Namely, they focused on building models on first service
conception rate and pregnant status at 150 DIM, with an accuracy of 75.6%
and 71.4% and AUROC of 0.68 and 0.73 respectively. Machine learning
techniques have been applied to estimate the time-to-calving (Miller et al.,
2020), with models for dairy cows demonstrating improved predictive accuracy
up to 4 hours before calving. During this period, Matthew's correlation
coefficient increased from 0.06 to 0.14. The optimal combination of AUROC,
sensitivity, and specificity occurred 2 hours before calving, reaching 95.4%,
91.3%, and 93.5%, respectively. After evaluating various techniques, Borchers
et al. (2017) produced ANN models focused on predicting the time of calving
both on daily and bihourly intervals, with the first one having a sensitivity of
100% and specificity of 86.8% and the latter a sensitivity of 82.8% and
specificity of 80.4%. In a study with comparable findings, Keceli et al. (2020)
used activity and behavioural data to develop models that achieved 100%
sensitivity, specificity, PPV, and NPV for predicting calving on the day before.
Similarly, Vazquez-Diosdado et al. (2023) explored calving prediction using

sensor data, with the best performance obtained using data from 2 days before
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calving, achieving 87.81% accuracy, 92.99% specificity, 75.84% sensitivity,
82.99% PPV, 78.85% F-score, and 90.02% NPV. Another study which
investigated the prediction of calving difficulties reported AUROC values
between 0.64 and 0.89 (Fenlon at al., 2017b), while a second one attempting
to predict dystocia (Zaborski et al,2018) reported accuracy up to 0.589 for a
MARS model focused on heifers and 0.649 for an ANN model focused on cows.
Avizheh et al. (2023) used historical data to predict calving difficulty, but the
resulting models showed low AUROC and F1l-scores due to an imbalanced
dataset. Although sampling methods improved these metrics, they remained
relatively low, with F1-scores ranging from 0.38 to 0.42. In contrast, Brand et
al. (2021) employed milk spectral data for pregnancy prediction, achieving a
model with a sensitivity of 0.89, specificity of 0.86, and overall accuracy of 0.88.
Two studies researched into predicting oestrus detection, with one producing
models with very high accuracy, lying between 91% and 100% for all models
(Dolecheck et al., 2015), while the other one produced less conclusive results,
demonstrating only a numerical difference in sensitivity and precision, both at
94% (Higaki et al., 2019). Cairo et al. (2020) also focused on predicting oestrus
using behavioural data, reporting high accuracy. Similarly, Hemalatha et al.
(2021) used milk parameter data, achieving high accuracy along with strong
precision, recall, specificity, and F1 scores. Schweinzer et al. (2019) developed
a model using accelerometer data, which demonstrated over 90% sensitivity,
specificity, PPV, and NPV. Wang et al. (2020) incorporated both accelerometer
and location data, with their best-performing neural network model predicting
within a 30-minute time window, achieving 99.36% sensitivity, 53.33%

specificity, 95.76% PPV, 93.72% NPV, 95.36% accuracy, and an F1 score of
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97.51%. Romadhonny et al. (2019) created an oestrus classification model with
over 80% accuracy, but it only correctly identified late oestrus 6.4% of the time.
Two studies (Hempstalk et al., 2015, Shahinfar et al., 2014) looked into
predicting the likelihood of conception success per insemination and reported
AUROC values ranging between 0.487 and 0.675 for the one, and accuracy
between 72.3% and 73.6% with AUROC between 0.73 and 0.75. Another study
trying to predict the probability of conception, specifically on heifers, however
even though their models had an overall accuracy between 77.1% and 78.9%,
however the consistently low specificity deemed them as of low predictive value
(Fenlon et al., 2017a). Grzesiak et al. (2010) developed models for detecting
artificial insemination difficulties, achieving an AUROC of nearly 0.9. Bates and
Saldias (2019) compared regression and machine learning methods by
creating models to predict the 21-day submission rate in dairy cows. Their study
found no significant differences in predictive performance between the
methods, and while the AUROC values were reasonably strong (0.68-0.73),
positive outcomes were more accurately predicted than negative ones. Finally,
Keshavarzi et al. (2020) created models to predict abortion incidence, with a
mean AUROC of 0.863 and an F1 score of 0.520. After applying sampling
methods, performance improved, with AUROC values reaching 0.893 and
0.897, and F1 scores improving to 0.610 (up-sampling) and 0.626 (down-

sampling).

Only 3 studies have focused on the prediction of an individual insemination
outcome. Fenlon et al. (2017a) only focused on the prediction of their outcome
only in heifers, hence leaving room for further research on a similar outcome

for the rest of the herd. Hempstalk et al. (2015) did focus on the entirety of the
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herd with a total of 7 herds included, using herd and cow level variables and
producing AUROC as the evalulating metric. Similarly, Shahinfar et al. (2014)
utilised cow level data from 26 dairy farms and reported the AUROC and
accuracy with moderate results. Our study further builds upon these two
papers, as it draws data from 133 herds making it the largest within its scope.
Furthermore, it encorporates the reporting of a wide variety of metrics, with a
special focus on Kappa for the evaluation of its models, which is a more
appropriate metric compared to accuracy and AUROC in the case of an
imbalanced dataset. Finally, our study focuses on multiple outcomes both
binary and continuous, such as the insemination success, the mean percentage
of insemination success per herd per month, the mean DIM at conception,
which has not been studied prior, and it also includes inferential models,

providing a more well-rounded approach in regards to reproduction.

Therefore, the aim of this chapter is to provide predictive modelling for the
insemination success, the mean percentage of insemination success per herd
per month and the mean DIM at conception, as well as inferential models for

the insemination success and time to pregnancy.
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5.2 Methods

5.2.1 Data preparation

Lactations beginning with calving events between October 2016 and October
2018 were considered eligible for inclusion in this study; calving events earlier
than this window would not have had any related scoring data and the end date
was set to ensure that outcomes were known for almost all inseminations. For
each insemination recorded in these lactations, the outcome was determined

using the following set of rules. An insemination was considered successful if:

1) if there was a positive pregnancy diagnosis before the next insemination, or

2) there was no positive pregnancy diagnosis recorded in the lactation, and this

insemination was the one closest to day 282 before the next calving

An insemination was categorized as unsuccessful if:

1) there was a next serve before a positive pregnancy diagnosis, or

2) there was a negative pregnancy diagnosis before the next serve, or

3) the cow was culled more than 90 days after the insemination, with no fertility

events recorded prior to culling, or

4) no positive pregnancy diagnosis was recorded in the lactation, and the
subsequent calving date is outside of a range of 282 +/- 25 days from the
insemination date (i.e. subsequent calving is unlikely to relate to this

insemination)
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In every other scenario the outcome was defined as unknown.

Inseminations between 25 and 100 DIM were included, on the basis that these
were most likely to be influenced by events around transition. Pen level data
were not included at this part of the analysis as the relevant information was

missing for over 50% of the cows.

Two separate datasets were then created. The first one was using a binary
outcome of insemination success with the unit of data being each insemination
(Dataset X), while the second one was using the continuous outcome of days
from calving to successful insemination with the unit of data being each
lactation. (Datasets W and Y). All variables present in each dataset are shown

in table 5.1.

198



Table 5.1 Potential Predictive Variables for Datasets W, X and Y

Categorical Continuous

Milk Fever 305 Milk Yield

RFM Corrected Protein % in milk
LDA Corrected Butterfat % in milk
Metritis

Calf Mortality

Twinning

Rumen Fill pre-partum

Rumen Fill post-partum

BCS pre partum

BCS change

Lactation number

A third dataset was created by grouping the insemination level dataset by herd-
month (Dataset Z). That allowed the aggregation of several variables, displayed
in table 5.2 All the aforementioned variables were averaged to either what
percentage of animals inseminated per herd per month per year had the
relevant characteristic (for binary variables) or what was the mean value for all

cows per herd per month per year (for continuous variables).
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Table 5.2 Dataset Z Potential Predictive Variables

% of value for inseminated cows Mean of value for inseminated

per herd/month cows per herd/month
Milk Fever Rumen Fill pre-partum
RFM Rumen Fill post-partum
LDA BCS pre-partum
Metritis BCS change

Calf Mortality Lactation number
Twinning 305 Milk Yield

Corrected Protein % in milk

Corrected Butterfat % in milk

Similarly for the outcome a percentage of successful inseminations of all cows
per herd-month was calculated, making the units of data of the dataset the herd-
month with the outcome being the proportion of inseminations in each herd-
month that were successful. Data points with less than 10 insemination events

were excluded from the dataset.
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5.2.2 Analysis

Analysis for a total of 5 studies was conducted for the insemination outcomes.

The studies used one of the 3 aforementioned datasets each, as demonstrated

on table 5.3.

Table 5.3 Reproductive outcome Studies and Datasets used in each one

Study Dataset (Outcome) Type

A X (Insemination Success) Predictive

B Z (% of insemination success per Predictive
herd/month)

C W (DIM at conception) Predictive

D X (Insemination Success) Inferential

E Y (Time to insemination Inferential
success)

The predictive algorithms used for study A included the ones mentioned in
previous chapters for binary outcomes: logistic regression, decision trees,
random forest, ANNs and SVM. A 10-fold cross-validation was used, and
assessment of model performance primarily based on the kappa metric.
Furthermore, sampling methods and most specifically up-sampling was

implemented to assess any improvement in model performance in the case of
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an imbalanced dataset. Further details on how and whether up-sampling
affected our results is presented in chapter 5.3.1.1, while more information on

model building, having binary outcomes, is presented in chapter 2.1.3.4.1.

For study B, having a continuous outcome, the modelling methods used were
linear regression, decision trees, random forest, ANNs and MARS. A 10-fold
cross-validation was used again, with R? being the primary metric used for

assessment.

Study C also used continuous outcome (DIM at the time of conception). The
modelling methods were the same as in study B: linear regression, decision
trees, random forest, ANNs and MARS with a 10-fold cross validation and R?
as the main metric. The dataset W used was the same as dataset X used in
study A with the main difference being that only one data point per lactation
was kept. The data point kept in each lactation the successful insemination, if
one occurred for that lactation. If no successful inseminations took place the
data point was removed from the analysis. Successful inseminations occurring
after more than 300 DIM were also removed. More information on building

models, having continuous outcomes, is presented in chapter 2.1.3.4.2.

All predictive models, both binary and continuous were fit using the caret
package in R (Kuhn, 2005) with a 10-fold cross validation. After acquiring the
metrics of all methods for each outcome, they were compared to each other
(per outcome) and the best performing model with the best kappa (binary) or

R? (continuous) was determined.

The last part of the analysis was inferential, rather than predictive analysis and

was included in order to assess the differences between predictive and
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inferential models and to evaluate potential indicators of effect size and

direction.

Study D was similar to study A in terms of the dataset and the outcome used
(insemination success, dataset X), however instead of predictive modelling,
inferential modelling was applied. A generalized mixed effects model was built
using backwards elimination. The random effect added in the model was the

farm ID.

Study E was a survival analysis to determine the “risk of insemination success”
and conducted using the “survival” package in R (Therneau, 2022). A Kaplan-
Meier estimator and a Cox Proportional Hazards model were built. The outcome
used was similar to that of study C. The proportional hazards assumption was
tested using a Schoenfeld test. This approach to this outcome is looking at a
bigger picture in terms of biology and management, as time to conception would
also depend on the cow being detected to be in heat and inseminated, whereas
on the other studies we just focused on the success of a certain insemination

after it was already performed.

The dataset (Y) was very similar to that of study C (dataset W) and was derived
from dataset A. Only one insemination was kept per lactation and that was
either the successful insemination (if one occurred during said lactation) or the
last insemination (if no successful inseminations took place in that lactation).
Again, inseminations (either successful or unsuccessful) that occurred later

than 300 DIM were removed.

Backwards elimination was implemented to remove unnecessary variables

from the model. Any variable that produced a p-value larger than 0.05 was
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excluded. The aareg() function from the “survival” package (Therneau,
2022) was then used to visualize the change of the different covariates over

time.
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5.3 Results

5.3.1 Predictive models

5.3.1.1 Study A

The final dataset consisted of 9239 data points, each point being an
insemination. The total number of unsuccessful inseminations was 5996
(64.9%), while the successful ones were 3088 (33.4%). A total of 155 data

points (1.7%) had no assigned outcome and were excluded from the analysis.

The potentially predictive variables that were considered in the model after
forward selection were metritis, milk fever, predicted milk yield, corrected
protein percentage in milk, residual milk yield, service number, hock hygiene
both pre and post calving, lameness both pre and post calving, rumen fill both
pre and post-partum, twinning, lactation number, left displaced abomasum, calf

mortality, retained foetal membranes and calving month.

After producing models both with and without the use of sampling methods, it
was determined that up-sampling improved their performance as the numerical
value of kappa throughout all methods increased. In fact, before up-sampling
the kappa value for logistic regression, decision tree, ANN, SVM and Naive
Bayes was 0. A comparison of kappa values on the test set before and after
up-sampling is presented on table 5.4. More detailed information on the metrics
of all models before up-sampling, both on the train and the test set, is presented
ontable 5.5. In addition to kappa, sensitivity and detection rate was O for logistic

regression, decision tree, ANN, SVM and Naive Bayes, while specificity was 1
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and PPV as well as F1 could not be computed, indicating that the imbalance of
the dataset affected the computations in a similar way as in the models

presented in chapter 4.3.1.1.

Table 5.4 Comparison of Kappa values on the test set before and after the

implementation of up-sampling.

Method Kappa before up- Kappa after up-
sampling sampling

Logistic regression 0 0.059
Decision Tree 0 0.054
Random Forest 0.176 0.174
ANN 0 0.054
SVM 0 0.068
Naive Bayes 0 0.038
KNN 0.061 0.052
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Table 5.5 All metrics of all machine learning models, as calculated on both the training

and the test sets, predicting Insemination Success outcomes, before up-sampling

Insemination Success

Accuracy

Kappa

Sensitivity

Specificity

PPV

NPV

AUROC

Detection

Rate

Balanced

Accuracy

F1

Logistic

Regression

0.650

0.650

0.549

0.5

Training Set
Decision Random
Tree Forest
0.650 0.621
0 0.179
0 0.404
1 0.729
- 0.392
0.650 0.783
0.5 0.591
0 0.161
0.5 0.550
- 0.458

Test Set

ANN

0.650

0.650

0.5

0.5

SVM

0.650

0.650

0.5

0.5

Naive
Bayes

0.650

0.650

0.5

0.5

KNN

0.645

0.078

0.289

0.783

0.408

0.680

0.550

0.098

0.536

0.338
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Logistic Decision Random  ANN SVM Naive KNN

Regression Tree Forest Bayes
Accuracy 0.652 0.652 0.713 0.652 0.652 0.652 0.638
Kappa 0 0 0.176 0 0 0 0.061
Sensitivity 0 0 0.389 0 0 0 0.218
Specificity 1 1 0.701 1 1 1 0.799
PPV - - 0.327 - - - 0.392
NPV 0.652 0.652 0.800 0.652 0.652 0.652 0.701
AUROC 0.541 0.5 0.572 0.5 0.5 0.5 0.543
Detection O 0 0.158 0 0 0 0.087
Rate
Balanced 0.5 0.5 0.543 0.5 0.5 0.5 0.530
Accuracy
F1 - - 0.437 - - - 0.303

After up-sampling, the metrics and the kappa value in particular, showed at
least numerical improvements. On the training set the accuracy of all models
ranged from 43% (Naive Bayes) to 62% (random forest), Kappa from 0.04
(Naive Bayes) to 0.18 (random forest), balanced accuracy from 0.52 (Naive
Bayes) to 0.59 (random forest) and AUROC from 0.542 (decision tree) to 0.647
(random forest). Both sensitivity and specificity had a wide range with the

former being from 0.415 (random forest) to 0.804 (Naive Bayes) and the latter
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being from 0.243 (Naive Bayes) to 0.703 (random forest). PPV and NPV were
overall similar for all models with the best ones being 0.419 (random forest) and
0.752 (random forest) respectively and the worst being 0.699 (logistic
regression) and 0.752 (random forest) respectively. Detection rate and F1 were
low for all models, the highest ones being 0.273 and 0.495 respectively, both

for the Naive Bayes.

Results on the test set were very similar with kappa being low ranging from
0.038 (Naive Bayes) to 0.174 (random forest), accuracy ranging from 0.436
(Naive Bayes) to 0.621 (random forest) and AUROC ranging from 0.542
(decision tree) to 0.647 (random forest). Sensitivity as well as specificity had a
wide range, from 0.493 (random forest) to 0.805 (Naive Bayes) for the former
and 0.244 (Naive Bayes) to 0.687 (random forest) for the latter. PPV was
consistently low with the highest at 0.419 for the random forest, while NPV had
moderate to high values with the lowest one at 0.686 for the KNN. Detection
rate, balanced accuracy and F1 were all consistently low, with the highest
values being 0.200 (decision tree), 0.590 (random forest) and 0.493 (Naive
Bayes) respectively. Detailed information on the metrics of all models both on
the training and the test set are presented on table 5.6. The metrics of all

models on the test set are also graphically shown in Figure 5.1.
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Table 5.6 All metrics of all machine learning models, as calculated on both the training

and the test sets, predicting Insemination Success outcomes, after up-sampling

Insemination Success

Accuracy

Kappa

Sensitivity

Specificity

PPV

NPV

AUROC

Detection

Rate

Balanced

Accuracy

F1

Logistic

Regression

0.547

0.063

0.512

0.543

0.329

0.699

0.550

0.192

0.540

0.441

Training Set
Decision Random
Tree Forest
0.514 0.621
0.059 0.183
0.570 0.415
0.489 0.703
0.349 0.419
0.714 0.752
0.542 0.647
0.206 0.172
0.543 0.594
0.454 0.477

Test Set

ANN

0.515

0.060

0.561

0.501

0.351

0.708

0.559

0.203

0.537

0.453

SVM

0.531

0.071

0.551

0.530

0.368

0.725

0.555

0.194

0.551

0.459

Naive

Bayes

0.436

0.043

0.804

0.243

0.349

0.720

0.543

0.273

0.529

0.495

KNN

0.523

0.058

0.539

0.526

0.356

0.710

0.544

0.200

0.535

0.447
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Logistic Decision Random  ANN SVM Naive KNN

Regression Tree Forest Bayes
Accuracy 0.533 0.514 0.621 0.515 0.531 0.436 0.523
Kappa 0.059 0.056 0.174 0.054 0.068 0.038 0,052
Sensitivity 0.532 0.587 0.493 0.578 0.558 0.805 0.547
Specificity 0.533 0.477 0.687 0.482 0.517 0.244 0.511
PPV 0.371 0.367 0.449 0.367 0.374 0.355 0.367
NPV 0.688 0.694 0.724 0.689 0.694 0.712 0.686
AUROC 0.545 0.539 0.630 0.542 0.547 0.544 0.539
Detection 0.181 0.200 0.168 0.197 0.190 0.274 0.186
Rate
Balanced 0.533 0.532 0.590 0.530 0.538 0.525 0.529
Accuracy
F1 0.437 0.448 0.470 0.447 0.448 0.493 0.439
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Figure 5.1 Comparison of all metrics for all different methods predicting insemination success after upsampling, on the test set.
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Since from the results above the random forest was the best performing model,
it was further investigated on whether it could make predictions on a herd-

month level, instead of an individual lactation level.

A total of 685 herd-month groups were identified, with 20% of those (137
groups) being separated as a test dataset. After applying the exclusion filter in
order to only include groups with insemination success within 15% and 45% the
test set was reduced to 64 groups. When testing the predictions, the difference
in the probability difference in each group ranged from -8.0% (less likely to
predict a positive outcome compared to the actual percentage of positive
outcomes) to 24.2% (more likely to predict a positive outcome compared to the
actual percentage of positive outcomes). Variable importance indicated
predicted 305 milk yield as the most valuable predictor, with residual daily milk

yield and corrected protein percentage following it closely.

Figure 5.2 Scatterplot of actual insemination success per group vs the predicted
insemination success per group
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The R? describing the relationship shown in the scatterplot (Figure 5.2) was
found to be 36.5%, meaning that the averaged predictions explain over a third

of the variation of the averaged insemination success per group.

5.3.1.2 Study B

The initial size of the dataset after the aggregation of the variables as well as
the outcome was 268 herd/quarter-years. 42 farms were included in the
analysis in total. The missing data of all potentially predictive variables are listed

at table 5.7.
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Table 5.7 Aggregated variables available for analysis, along with missing data.

Variable

Missing Data (%)

Metritis percentage per

herd/month/year

Milk Fever percentage per

herd/month/year

Twinning percentage per

herd/month/year

Calf Mortality percentage per

herd/month/year

Service number average

Mean rumen fill pre calving

Mean BCS

Mean BCS change

Mean Lactation Number

Mean predicted Milk Yield

Mean residual Milk Yield

Mean corrected Protein

percentage

8 (1.2)

8 (1.2)

8 (1.2)

8 (1.2)

0 (0.00)

0 (0.00)

0 (0.00)

0 (0.00)

0 (0.00)

36 (5.4)

36 (5.4)

32 (4.8)
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Mean corrected Butterfat 32 (4.8)

percentage

Mean Butterfat Protein ratio 32 (4.8)

The mean percentage of insemination success per herd per month was at
34.3%, with the least successful months having as low as 6.7% insemination
success rate and the most successful ones having as high as a 72.7% rate

(Figure 5.3).

Figure 5.3 Insemination success percentage per herd/month group distribution
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The results of all models are shown in table 5.6. On the training set the R?
values ranged low with the highest being the MARS model at 0.252. On the test
set the RMSE remained at below 12.4% except for the MARS model which had
a much higher RMSE at 34.5%. Similarly, MAE was below 10.1% for all models
except the MARS model with an MAE of 33.0%. After applying the models on
the test sets the results were comparable. all R? values were found to be under
25%, with the highest performing model (MARS) being at 0.235. RMSE and
MAE were below 13.6% and 10.8% respectively, with the exception of the
MARS model which produced and RMSE and MAE of 38.1% and 35.8%

respectively. All metrics are shown in table 5.8.
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Table 5.8 Metrics of all models predicting insemination success percentage per

herd/month group on both the training and the test sets.

Training Set

RMSE R? MAE
Linear 0.124 0.082 0.101
Regression
Decision Tree 0.119 0.149 0.089
Random Forest 0.122 0.240 0.090
Artificial  Neural 0.345 0.219 0.330
Networks
MARS 0.103 0.252 0.092

Test Set

RMSE R? MAE
Linear 0.136 0.074 0.108
Regression
Decision Tree 0.124 0.133 0.097
Random Forest 0.129 0.223 0.097
Artificial  Neural 0.381 0.204 0.358
Networks
MARS 0.126 0.235 0.100
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5.3.1.3 Study C

The final dataset after keeping only successful inseminations was comprised of
4,500 lactations. The potentially predictive variables that were considered in the
model after forward selection were the same as mentioned in study A, with the
final variables included in the model being metritis, LDA, RFM, milk fever,
corrected percentage of protein in milk, the lactation number, BCS post-partum,

rumen fill again both pre- and post-partum and finally the calving month.

The mean DIM at conception was 107.4, with a median of 93, a minimum of 23
and a maximum of 300 (DIM of 301 or larger had been removed during

preparation of the dataset) (Figure 5.4)

Figure 5.4 Histogram of DIM at the time of conception
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On the training set, the R? values were consistently very low, with the highest
being 3.0% for the linear regression. RMSE and MAE values were high with the
former ranging from 51.0 DIM (random forest) to 116.7 DIM (ANN) and the latter
ranging from 39.8 DIM (random forest) to 104.2 (ANN). The R? values of all
models on the test set were also very low, ranging from 0.1% for the ANN model
to 2.4% for the linear regression model. RMSE values were correspondingly
high and ranged from 51.8 to 118.7 DIM for the random forest and ANN models
respectively. Similarly, MAE values ranged from a minimum of 40.8 DIM for the
random forest to a maximum of 106.5 DIM for the ANN. It should be noted that
the ANN model was an outlier especially when it came to RMSE and MAE
values — other models had RMSE values of around 51.8-52.3 DIM while MAE
ranged between 40.8 and 41.3 DIM. All metrics on both training and test sets

are shown on table 5.9.

220



Table 5.9 Metric of all models predicting DIM at conception for both the training and

the test set.

Training Set

RMSE R? MAE
Linear 51.5 0.030 40.2
Regression
Decision Tree 51.1 0.014 40.3
Random Forest 51.0 0.024 39.8
Artificial  Neural 116.7 0.005 104.2
Networks
MARS 51.6 0.026 40.1

Test Set

RMSE R? MAE
Linear 52.3 0.024 41.1
Regression
Decision Tree 52.0 0.010 41.0
Random Forest 51.8 0.014 40.8
Artificial  Neural 118.7 0.001 106.5
Networks
MARS 52.2 0.021 41.3
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5.3.2 Inferential Models

5.2.3.1 Study D

The explanatory variables included in the final generalized mixed effects model
after backwards elimination were lactation number, calving month and calf

mortality.

More specifically, when compared to heifers, cows had decreased odds of
insemination success (with odds ratio decreasing with each subsequent
lactation), cows that had experienced calf mortality in that same lactation also
had decreased odds. The only statistically significant difference when it came
to calving month, using January as a baseline, was September having
increased odds of insemination success. The results are shown in detail on
table 5.10. The Hosmer-Lemeshow goodness of fit test had a p-value of 0.16,
indicating no statistical evidence for rejecting the Ho, meaning that our data

appear to be matching the model.
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Table 5.10 Odds Ratios with 95% CI for mixed effects logistic regression model of

insemination success

Variable OR 95% CI p-value
Lactation 1 Baseline

Lactation 2 0.810 (0.714, 0.920) 0.001
Lactation 3 0.736 (0.643, 0.842) >0.001
Lactation 4 0.601 (0.516, 0.701) >0.001
Lactation >5 0.491 (0.418, 0.577) >0.001
(Calving month) Baseline

January

February 1.008 (0.804, 1.263) 0.946
March 1.151 (0.924, 1.433) 0.209
April 1.095 (0.871, 1.377) 0.435
May 1.071 (0.850, 1.349) 0.562
June 1.111 (0.889, 1.389) 0.353
July 1.079 (0.872, 1.335) 0.486
August 1.030 (0.829, 1.280) 0.789
September 1.455 (1.165, 1.817) <0.001
October 1.056 (0.844,1.322) 0.631
November 0.991 (0.791, 1.242) 0.941
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December 1.175 (0.949, 1.455) 0.139

CalfMortality 0.730 (0.546, 0.977) 0.034

5.2.3.2 Study E

The graph below (Figure 5.5) shows the survival probability of a cow becoming

pregnant.

Figure 5.5 Kaplan-Meier survival curve of time to pregnancy in cows
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The number of observations was 5,516 with a total of 4,500 events. The

variables that were included in the final Cox Proportional Hazards model were

the lactation number, the calving month, whether the cow was diagnosed with
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metritis at that lactation, and the corrected average protein percentage in milk.

(Table 5.11).
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Table 5.11 Hazards Ratios from Cox Proportional Hazards model with outcome time

to pregnancy in cows conceiving at <100 DIM.

Variable Hazard 95% Confidence p-value
Ratio Interval

Metritis 0.84 (0.70, 0.97) 0.01

Corrected Protein 0.88 (0.84, 0.91) <0.001

%

Lactation No 1 (Baseline)

Lactation No 2 0.90 (0.82, 0.97) 0.01

Lactation No 3 0.87 (0.79, 0.94) 0.002

Lactation No 4 0.86 (0.76, 0.95) <.003

Lactation >4 0.77 (0.67, 0.86) <0.001

(Calving Month) (Baseline)

January

February 0.86 (0.68, 0.95) 0.05

March 1.08 (0.90, 1.26) 0.56

April 1.09 (0.91, 1.27) 0.90

May 0.97 (0.77, 1.17) 0.68

June 0.94 (0.76, 1.12) 0.55

July 1.02 (0.84, 1.20) 0.18
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August 0.92 (0.74, 1.10) 0.62

September 1.28 (1.14, 1.41) <0.001
October 1.04 (0.86, 1.22) 0.12
November 0.97 (0.79, 1.15) 0.41
December 1.09 (0.91, 1.27) 0.90

The proportional hazards assumption was tested using a Schoenfeld test,
producing a global Schoenfeld test p-value of 0.072945, and individual p-values
of 0.0927, 0.5054 and 0.0582 for lactation number, corrected protein
percentage and calving month respectively. All values being above the 0.05
cutoff as well as examination of the Schoenfeld residuals graph that highlights
that the residuals do not change over time (Figure 5.6) supports the belief that

the proportional hazards assumptions is not violated.
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Figure 5.6 Global Schoenfeld test and individual Schoenfeld tests for each
independent variable included in the Cox Proportional Hazards Model with outcome

time to pregnancy in cows conceiving at <100 DIM.
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Further analysis was conducted to look into the slopes of the variables included
in the model, to challenge the assumption that they stay constant and see if
and how they change throughout time. The slopes and their behaviour over

time are graphically depicted in Figure 5.7.

All slopes seem relatively stable, apparently only diverging towards the end of
the time period, which is to be expected to a degree since as more cows get
pregnant we have a smaller sample size and therefore wider confidence
intervals. The most noteworthy changes are in lactation 5 where it seems that
if a cow has not become pregnant by day 50 then the chances are starting to

decrease greatly.
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Figure 5.7 Slopes of Hazards Ratios over time
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5.4 Discussion

For study A (predictive models with the outcome of conception for a given
insemination) it is evident that the models do not produce adequate predictive
value, with the Kappa was consistently low, again with the highest value
appearing in the random forest with 0.18. The sensitivity and specificity balance
each other, as in models when one increased the other appeared to decrease
dramatically. One such example is the random forest model with the highest
sensitivity of 82% and the lowest specificity of 27%. The Naive Bayes model on
the other hand behaves differently achieving the highest specificity of 74% and
the lowest sensitivity of 35%. The rest of the models follow a similar pattern with
the logistic regression and SVM models trying to fit both sensitivity and
specificity closer to 50%. The PPV of all models approximated 70% with the

NPV at around 40%.

The possibility of a predictive tool that can be used on farm to assess the result
of a given insemination has been tackled by research in the previous years.
Two papers had already investigated the possibility of predicting insemination
success, similarly to Study A (Hempstalk et al., 2015, Shahinfar et al., 2014).
However, both these studies lack reporting of some informative metrics, such
as the Kappa, balanced accuracy or even specificity and sensitivity, and only
present AUROC as a measure of evalulation for their models. AUROC may give
an overly optimistic evaluation of a model's performance on imbalanced
datasets, as it can be skewed by the model's ability to classify the majority class
while overlooking the minority class (Lobo et al., 2008, King et al., 2021,

Hancock et al., 2023, Bednarski et al., 2022).
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After using a variety of phenotypic and genotypic variables, Shahinfar et al.
(2014) produced a random forest model indicating the most predictive variables
to be mean conception rate per herd in the past 3 months, the herd-year-month
group the insemination took place in, DIM at insemination, times the cow had
been inseminated for the current lactation and the stage of lactation at the time
of insemination. They also reported a decision tree model, using the C4.5
methods as opposed to the C5.0 used for our project, which identified incidence
of ketosis, mastitis, RFM, lameness for primiparous cows, and LDA, mastitis
and RFM for multiparous cows.These results seem to align for the greater part
with ours, having found that the variables that added the most predictive value
in the model were DIM during lactation, incidence of metritis and milk fever,
lactation number, service number, and various milk variables. The AUROC
reported for the random forest model, which was the highest performing
algoritms, ranged from 72.3% and 75.6%, while for the rest of the methods,
which included decision trees, Naive Bayes, Bootstrap Aggregation and
Bayesion Network, ranged between 60.0% to 68.0%. This pattern was similar
to our results where the random forest model had an overall better performance
compared with the rest of the algorithms, which was reflected in both accuracy
and AUROC. However, as Sharinfar et al. (2014) reported this trend could be
attributed to the random forest method overfitting the data, rather than it
producing the most predictive algoritms. Their overall performance in regards
of AUROC was higher, but the difference was not overwhelming and it should
be noted that they used variables that we did not utilise, mainly the herd-month-
year which effectively adds a random effect for herd-month that cannot be

utilised in a farm setting to make predictions.
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The second study with a similar approach (Hempstalk et al. 2015) and
conception rate of 47.3%, also reported AUROC values, the highest one being
generated by a logistic regression model at 66.5% and the lowest by a C4.5
decision tree at 49.2%. They also used an independent dataset for further
external validation in order to more accurately access the generazibily of their
models and, again, the best performing one was found to be the logistic
regression with an AUROC value of 66.5% and standard deviation of 2.5%. The
rest of the algoritms included C4.5 decision trees, Naive Bayes, Bayes
Network, SVM, Partial Least Squares, random forest and rotation forest with
their AUROC after external validation being between 52.1% and 65.7%. The
predictive variables used included information on the lactation number, the
number of insemination and DIM when it occurred in the current and the
previous lactation, breed, milk production, energy balance, BCS and its
changes as well as the day of the week and month of the year. Once again, the
results looked fairly similar to our metrics even prior to the external validation.
In this case the logistic regression model seemed to outperform the other
algorithms, however the AUROC reported was no more than fair for all of them.
As mentioned above AUROC was the only metric reported making it difficult to
determine if there is actual any predictive value in the models, however in either

case the values were rather low to have a clinically significant impact.

When the models of Study A were used to make predictions on aggregated
data (study B) all models produced a low R? with the MARS model having the
highest value of 23.5% and the linear regression the lowest of 7.4%. The
reasoning behind aggregating the data here was based on the fact that in many

biological situations group-level predictions appear to be easier to make
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compared to predictions on the individual level. In this case, across a given
group of serves it'd be expected to be able to make reasonable predictions of
what percentage would be successful, even using a model that was relatively
poor at predicting which of the inseminations would be successful. Eventually,
in this study the R? improved somewhat, with the value for the best performing
increasing from 18.0% to 23.5%. However, as a whole this increase did not
appear to meaningfully increase the predictiveness of the models as the
variation of the outcome explained continued to be at under a fourth of the total

variation.

Study C (where the predictive model was built and tested on data aggregated
at herd-month level) had similarly low R? values throughout all models. The
linear regression was the model that achieved the highest R? at just 2.4%. Since
in study B it was determined that predictions are not possible using an
aggregated, continuous outcome and aggregated variables, the reasoning
behind study C was to investigate whether predictions can be made on an
individual, continuous outcome without aggregating any variables. However, it
is evident that the predictions actually lay far from the actual values rendering

the models unsuccessful in making adequate predictions.

Study D was effectively an inferential model with the same outcome and
predictors offered as the predictive model in Study A (inseminations as units of
data, with conception as the binary outcome). Here, the variables included in
the final model were the lactation number, BCS pre- and post-partum, month of
previous calving and calf mortality. It is interesting to note that the most
important predictive variables included in the model of study A (predicted 305
milk yield, residual daily milk yield and corrected protein percentage in milk)
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were not even present in the inferential model. A possible explanation is that
since all three of these variables were calculated from the lactation curves that
are specific to each herd, their contribution to the predictive model was in fact
the herd effect. And since the inferential model had already controlled for herd
effect by adding the random effect (herd) in the mixed effects model the milk

variables did not have any further contribution.

The survival analysis model (study E) suggested that cows diagnosed with
metritis as well as lactation numbers being larger than 1, have a decreased
chance of getting pregnant. The calving month also seem to affect the chances
with February having decreased chances compared to January, while
September having increased chances, again compared to January. Gréhn and
Rajala-Schultz (2000) described a similar survival analysis looking into the time
to conception using milk variables, parity, disease and calving season as likely
variables. Both studies identified lower chances of conception in older cows.
They also found lower chances of conception in cows with metritis, retained
placenta or ovarian cysts, and while the present study did not find a change in
hazard ratio for RFM, there was an evident reduction for cows with metritis.
Lastly, they reported a drop in hazard ratio when calving during the spring
months (March to May). In this study the drop is apparent in February instead,
however if we are taking into consideration how the seasonal temperature may
have shifted in the decade that separates the two studies it is possible that they
are describing a similar effect. Our study also reported an increase in
conception chances when calving in September, which is not reported in Grohn
and Rajala-Schultz (2000), possibly due to the fact that they did not focus on

individual months but in seasons.
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The failed inseminations in our data compose the 66% of the final dataset as
opposed to 34% successful ones, making it somewhat imbalanced though not
as much as the dataset used for Chapter 4. Nevertheless, as shown by the
Kappa values in contrast with the Accuracy produced the same issue that
occurred during the analysis of that dataset reoccured. In fact before using
sampling methods, the accuracy of all models lay between 48-63% and Kappa
between 0.06 and 0.10, the random forest being the best performing model with
its accuracy very closely approaching the incidence of failed inseminations.
This is a strong indication that the models are taking advantage of the numerical
difference of the two classes to achieve a numerical overall superior accuracy

by assigning the label of the majority class in most predictions.

Even after upsampling the majority of the models did not seem to improve in
terms of predictiveness. The random forest model, which was already the best
performing before upsampling, had the most drastic change in metrics with
Kappa rising from 0.10 to 0.18, specificity from 27% to 36%, while the
sensitivity, AUROC, balanced accuracy and accuracy remained relatively
unchanged. In all models, according to the scale set by Viera and Garrett
(2005),Kappa values indicated only slight aggreement of predicted and actual
values. Furthermore, the balanced accuracy never managed to achieve values
much higher than 50%, again reinforcing the suggestion by Brodersen et al.
(2010) that balanced accuracy is a metric that more appropriately measures
model performance where classes are imbalancedcompared to regular

accuracy.

As Hempstalk et al. (2015) explained, relatively poor predictive performance in
this context is perhaps not surspising considering the very wide variety of
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factors that could influence the outcome of an insemination (e.g. individual cow
energy balance, semen characteristics and handling, heat stress etc).
Interestingly, performance barely improved when the models were used to
make predictions on aggregated groups of inseminations. So not only did the
models fail to identify which specific inseminations would be specific, but could
not even measure the overall impact on success on a herd-quarter-year group.
This could point to the fact that there are variables affecting the process which
cannot be measured beforehand and therefore cannot be accounted for. These
could include herd-season-year group, the capability of the technician, as well
as the bull’s fertility (Hempstalk et al., 2015). This seems to align with our
findings in relation with the inferential models, where the herd/quarter-year
group random effect played an important role in explaining the variation of the

outcome.

When it comes to the inferential models, the main variables that were found to
have a statistically significant association with the outcomes in both the logistic
regression and the Cox proportional hazards model were the lactation number,
the calving month (and in particular September), BCS pre as well as post
partum, predicted milk yield, metritis diagnosis and calf mortality. The
reproductive health has been associated with poor insemination success
(Shahinfar et al., 2014), which is in accordance with our results for metritis and
calf mortality reducing the insemination success odds as well as increasing the
time to pregnancy. Similar associations have been found for milk yield and
energy balance (Shahinfar et al., 2014) which would explain the association we
have found with BCS and predicted milk yield. Lactation number could be

associated with numerous other factors, such as cow health which also has a
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positive correlation with insemination success (Shahinfar et al.2014). This
would explain why primiparous cows, having less health issues, might have a
greater chance at getting pregnant. Finally the month could be possibly
interpreted as a heat stress proxy, however since only September seemed to

differ it seems a bit unlikely.

Our studies had a number of limitations that affected them. Namely, the dataset
used was gathered through convenience sampling. While that does not greatly
impact the predictive models, since we are not looking for potentially causal
associations, however it would mean that in the event of a usable predictive
model we would have to assess its generalisability and potentially consider
external validation to confirm potential predictiveness. For the inferential
models, it similarly means that the results are not necessarily generalisable, at
least not to the entirety of dairy cows in the UK. It still has great value to look
into the measured and the effects for that specific population of cows as it

represents a great deal of the dairy farms a clinician would visit.

All the potential risk factors identified during the inferential analyses were used
in the predictive models, so all the statistically significant associations did
appear to help with the predictive process somewhat. It is interesting to note
that the predictive models did pick up some extra variables, perhaps identifying
more subtle or intriquate associations, that improved their kappa value. Even

still, however, the overall predictiveness of our models remained poor.

It is also interesting to note that the infential models found a few very strong
associations, but while the predictive models included them as well as

additional variables they still failed to produce highly accurate predictions. This
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is especially important, as before predictive modelling became common
practice researchers could potentially draw conclusions about the variation of

an outcome based on inferential models instead.
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Chapter 6 — Prediction of production Outcomes

6.1 Introduction

Milk production can affect greatly economic losses in dairy cattle, not only by
its reduction, but by a decline in protein and lipid composition or a rise in the
number of somatic cells (De Amicis et al., 2018). Production normally rises
steeply during early lactation, with good health and appropriate feed intake
helping ensure a consistent increase (LeBlanc, 2010). It then steadily
decreases until the end of the cow’s production cycle when the cow is dried off,
either at a pre-determined time prior to her next calving, or in some cases where
production drops below a threshold set by the herd manager (Martinez Lopez
et al., 2019). Evaluating the shape of this “lactation curve” can be a powerful
tool in predicting a cow’s total milk yield (Martinez Lopez et al., 2019) and
assessing the cows’ health status (Dudouet, 1982). Functions commonly used
to describe the lactation curve are discussed in detail by Martinez Lopez et al.
(2019). As summarised, they can be either linear or non-linear and can be all

summed up as:

Y=n(t,B)

where Y is the milk yield at time t of the lactation and 8 the unknown parameters
of the model that are to be estimated from the data and n is the function that
describes their relationship. Among the particular mathematical functions used
to calculate the lactation curve include the incomplete gamma (Wood, 1967),
the polynomial (Ali and Schaeffer, 1987), the exponential (Wilmink, 1987) and

the Legendre polynomial (Kirkpatrick et al., 1994). But the need for more
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complex models as the number of available features increased (Murphy et al.,
2018) has led researchers to use other methods such as a multivariate
regression model using test-day record, month of calving and gene data
(Grzesiak et al., 2003), and autoregressive models (Vasconcelos et al., 2004),
Macciotta et al., 2002). In addition, models with reduced number of features
have been presented for situations where there is a sparsity of data (Graesbgl

et al., 2016).

Management factors, including diet, moving cows to a different group and
weather conditions, are also shown to influence milk yield variability (LeBlanc,
2010). Frequently, a reduction in milk production precedes the clinical
symptoms of a disease (Edwards and Tozer, 2004). Trends in production during
early lactation can be used as a source of information for assessing the success
of the transition period on the herd-level (Nordlund and Cook, 2004). Milk
composition at this stage has been linked with periparturient diseases, through
its association with the cow’s energy status (Toni et al., 2011). Milk constituents
as well as the month of calving have been associated with fertility outcomes,
such as the probabilities of the occurrence of pregnancy (Cook and Green,
2016), but other authors have found that milk composition information was
unlikely to be usefully predictive for herd conception risk (Hudson and Green,
2018). Lukas et al. (2015) suggested that transition period monitoring using
daily milk yield can be valuable for herd managers, allowing them to take action

timely and prevent cows from experiencing transition related problems.

Reduced milk production has been linked with disease. In particular, reduced
production has been shown in cows with clinical or puerperal metritis (Giuliodori
et al.,2012), and 610 kg of lost milk per cow was calculated as a mean measure
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for every case of LDA (Grymer et al., 1982). Retained placenta was found to be
associated with a 0.8 kg/day loss across the lactation, or2.5 kg/day loss across
the first 100 days in milk (Fourichon et al., 1999). In a systematic review,
Fourichon et al. (1999) reported that only 5 out of 13 studies had found
production losses after dystocia, while none out of 6 studies reported a loss

after a milk fever diagnosis.

The shape of the lactation curve in early lactation has been used a predictor in
various reproductive outcomes, such as the calving to conception interval in
dairy herds (Cook and Green, 2016) and insemination outcomes (Hudson and
Green, 2018). But the prediction of lactation curves themselves have also been
the subject of several studies. ANNs have been used in several studies in order
to predict milk yield (Lacroix et al.,1995, Lacroix et al., 1997, Salehi et al., 1998),
either in terms of total 305-day yield (Grzesiak et al., 2003, Gorgulu, 2012),
daily milk yield (Grzesiak et al., 2006, Torres et al., 2005), 305-dayyield in first
lactation (Sharma et al., 2006, Sharma et al., 2007, Njubi et al., 2010), or total
herd production (Murphy et al., 2014, Sanzogni and Kerr, 2001). Deep learning
methods have also been utilised in making milk yield predictions by Liseune et

al. (2021), appearing to outperform baseline models.

The lactation curve has been proved critical to the herds’ monitoring systems
as itis a tool to detect disease such as ketosis and mastitis as an early stage
(Grzesiak et al., 2003, Adriaens et al., 2018). This early detection possibility is
what makes them so useful for farmers as disease can have a great economic
impact in terms of production loss, treatment expenses or animal capital loss
(Wilson et al., 2004, Grohn et al., 2004). One downside is that in order to
calculate the lactation curve it is generally necessary to have an initial number
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or early milk yields. Therefore, the existence of a model that would be able to
predict said lactation curves without the access to such information could be a

very important asset.

Several machine learning studies aimed at production outcomes have been
published throughout the past two decades. Murphy et al. (2014) for instance,
compared 3 different models that focused on predicting total daily milk yield of
the herd. Njubi et al. (2010) attempted predictions on next month and first
lactation 305-day milk yield of Holstein-Friesian cows in Kenya. In a more
recent study Grzesiak et al. (2021) also dealt with primiparous cows, predicting
average milk yields with low RMSE and MAE and correlation coefficients of
predicted vs actual values ranging between 0.75 and 0.99. Gianola et al. (2011)
managed to predict fat, milk and protein yield with some success using genomic
data. Grzesiak et al. (2006) focused on daily milk yield producing models with
R? values ranging from 31% to 79%, while Shahinfar et al. (2012) studied the
prediction of breeding values in dairy cattle, including milk yield with a maximum
correlation of 0.93. Sefeedpari et al. (2015) focused on forecasting milk yield of
50 target farms in Iran, using energy consumption data, and presenting models
with R? values ranging between 0.65 and 0.93. Zegler et al. (2020) analysed
the prediction of milk production in pastures for each of two months, using
variables such as improved legume cover, residual sward height, and non-
improved grass cover. Nguyen et al. (2020) launched a small-scale study of 36
cows, aiming to predict daily milk yield by using 35 cows as a training set with
the remaining one as a test set, for each one of them, producing 36 models for
each method used. The R? of their four initial methods averaged at around 70%,

showing an increase in their autoregressive models at an average of around
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80%. Dallago et al. (2019) explored the prediction of first day milk yield in heifers
and provided three different models with less than 4kg MSE, out of which the
ANN was considered the best. Fuentes et al. (2020) used feed, weight and
weather data as inputs to develop models predicting milk yield, protein and fat
content, using daily data from 36 cows gathered over a period of four years,
while Ji et al. (2022) explored various production measures, including the
prediction of daily milk yield of the next month using data collected by robotic
milking systems over a period of five years in a herd of a total of 80 cows, with
a mean R? of 91.9%. Piwczynski et al. (2020) took advantage of robotic milking
systems for data collection as well, on a larger scale study of 37 herds, building
a decision tree model predicting monthly milk yield. Gocheva-llieva et al. (2022)
ulitilsed data from 158 cows throughout 4 farms and identified, farm, udder
width, chest width and stature of the cow as important predictors for average
305-day milk yield. Other recent studies have used machine learning methods
to predict milk yield. Salamone et al. (2022) have reported a selection of random
forest models aiming to predict first day milk yield, with R? values of up to 52%.
Bovo et al. (2021) also reported models predicting milk yield, based on their
median accuracy, using mainly environmental predictors about temperature
and heat stress. The built their models using 91 animals from one herd,
presenting a relative error of 18% for daily milk yield, which can drop to 2%
when they use the total milk yield (of an average 68 test days). To our
knowledge, there are no other studies of this size utilizing machine learning to
predict predicted 305-milk yield or daily milk residuals through various cow

predictors.
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Multicollinearity of independent variables is also a significant issue dealt with in
this chapter. Multicollinearity is a major issue in predictive modelling, especially
in multiple regression analysis, arising when two or more predictor variables
are highly correlated. This can hinder accurate estimation of model coefficients,
as it inflates their standard errors, making them unreliable and complicating
result interpretation (Alin, 2010; Shrestha, 2020; Ayinde & Nwosu, 2021). Such
inflation can lead to wider confidence intervals, reduced statistical power, and
ultimately diminish the model's predictive accuracy (Shrestha, 2020; Arici,

2023).

Multicollinearity is a concern not only in regression models but also in a range
of machine learning algorithms, such as decision trees, random forests, artificial
neural networks, support vector machines (SVM), K-nearest neighbours (KNN),
and naive Bayes classifiers. Its impact can differ considerably across these
techniques, affecting both model performance and interpretability. Tree-based
models, such as decision trees and random forests, are generally less sensitive
to multicollinearity allowing them to handle correlated predictors effectively,
while maintaining robust predictive performance despite high correlations
among input features (Abbas et al., 2024). Support vector machines are more
sensitive to multicollinearity through the use of kernels, with more complex
kernels exacerbating the effects of multicollinearity, leading to overfitting and
reduced generalization (Abbas et al., 2024). KNN may also be affected by
multicollinearity as it relies on distance metrics that can be distorted by
correlated predictors (Singh et al., 2023). The effect of the phenomenon on
ANN is less pronounced, however still consequential as the network may

struggle to learn the underlying patterns when predictors are highly correlated,
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leading to difficulties in training the model and subsequent overfitting (Farrell et
al., 2019). For Naive Bayes classifiers, multicollinearity violates the assumption
of feature independence that they operate under, leading to biased predictions.
The presence of redundant features can cause the classifier to assign equal
importance to both relevant and irrelevant features, which may further reduce

classification performance (Chen et al., 2021).

One popular method to assess multicollinearity is to calculate the Variance
Inflation Factor (VIF). The VIF quantifies how much the variance of a regression
coefficient is inflated due to multicollinearity (Kyriazos and Poga, 2023,
Kiligoglu and Yerlikaya-Ozkurt, 2024). There is no universal consensus as to
which VIF cutoff is considered optimal (Vatcheva et al., 2016), however often a
VIF value greater than 5 is considered indicative of problematic multicollinearity
(Kim, 2019), with others accepting a more lenient cutoff at 10 (Holder and Field,

2019, Mutchler and Anderson, 2010).

Detecting multicollinearity in models that include categorical independent
variables as it is in our case can be challenging, but several methods can be
employed to assess and address this issue effectively. Categorical variables,
when included in regression models, are typically transformed into dummy
variables. This transformation can introduce multicollinearity, particularly when
the number of categories is high or when categories are correlated with one
another. When dealing with categorical variables, it is essential to calculate the
VIF for each dummy variable created from the categorical variable. If any
dummy variable exhibits a high VIF, it may suggest that the categorical variable
is contributing to multicollinearity. It is crucial to omit one category of the dummy
variable to avoid a phenomenon which occurs when perfect multicollinearity
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arises due to the inclusion of all categories (Dressler et al., 2016). This practice
is supported by various studies that emphasize the importance of careful
dummy variable management in regression analysis (May et al., 2011, Je &
Lee, 2023, Wei et al., 2024). Their findings highlight that when dummy variables
are appropriately managed, they can enhance model fit without introducing
significant multicollinearity. Moreover, the use of VIF is not limited to traditional
regression models. It has been applied in various contexts, including machine
learning and econometric models. For instance, in support vector regression,
VIF is utilized to establish a multicollinearity threshold for variable selection,
ensuring that the model remains robust against multicollinearity (Folli et al.,
2020). In conclusion, the incorporation of dummy variables in regression
models necessitates careful consideration of multicollinearity, with VIF serving
as a critical diagnostic tool. By ensuring that one category of the dummy
variable is omitted and monitoring VIF values, researchers can mitigate the
risks associated with multicollinearity, thereby enhancing the reliability of their

regression analyses.

Another consideration was confounding. Controlling for confounders has been
a challenge, especially in biomedical studies (He et al, 2019, Smith and Nichols,
2018, Topol, 2019), as they can interfere with the perceived relationship
between input and output variables (Duncan and Northoff, 2013, Jager et al,
2008, Pourhoseingholi et al., 2012). As predictive modelling does not focus on
interpreting causation but rather on predictive power, it becomes a concern
under certain conditions such as a scanner effect or head motion in
neuroimaging or it might affect the generalizability of the model across different

contexts as one population might have the confounding effect while another
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may not when dealing with predictors such as biomarkers (Spisak, 2022).
Therefore, the most pressing issues with confounding in predictive modelling

are multicollinearity and overfitting.
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6.2 Methods

Four separate lactation curves were fitted for each herd in the dataset,
representing expected lactation curve shape for animals in lactation 1, 2, 3 and
4 and above in that herd, using all milk recording test day yields in each herd
dataset between 2014 and 2020 and occurring at betweenl and 400 days in
milk (DIM). Curves were fitted via the MilkBot equation, a modification of the
original Woods curve (Ehrlich, 2010), using the nsILM function in the R package
“‘minpack.lm” (Timur et al., 2016).For each milk recording test day, the predicted
yield was calculated, based on the lactation curve parameters for that herd and
parity and the DIM of the animal at that test day. The residual yield (observed
minus predicted daily yield for that test day) was calculated for each cow at
each test day, representing the absolute difference in daily yield between the

individual and her prediction.

The predicted yield divided by observed yield was used to update the “scale”
parameter of the herd/parity lactation curve for that particular test day, and the
MilkBot formula rearranged to estimate a 305-day yield based on each
individual test day yield. For lactations with at least five test day yield records,
the mean of the five or more predictions was taken to represent the 305-day

yield of that lactation,

Both predictive and inferential models were built using both lactation-level
predicted 305-day yield, and test-day-level residual yield as outcomes.
Potential predictor variables considered were binary disease occurrence in the
relevant lactation (milk fever, LDA, RFM and metritis), existence of lameness

both pre- and post-partum, rumen fill, BCS, THI and hock hygiene both pre-
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and post-partum, having either twin calves or a dead calf at the beginning of

the lactation, and finally the calving month and lactation number.

In addition to the predictive models described above (built using lactation- and
test-day-level data) models were also built aggregating data at herd-quarter-
year level (i.e. averaging over all lactations/test days in a given herd in a given

guarter-year). Predictions were attempted using 3 different methods:

Method A) Predictions at the individual cow level, using cow level models

Method B) Predictions at herd/month level, using cow level models

Method C) Predictions at herd-quarter-year level using herd-quarter-year

models

For group C all variables were aggregated on the herd-quarter-year level.
Quarter-year was favourited over month groups, in order to avoid groups with
very few cows. Furthermore, groups that had less than 10 observations were
omitted. Continuous variables were averaged as a mean of the group, while
binary ones were converted to a percentage of positive instances in the herd-
guarter-year group. Factors with multiple levels, that could not be treated as
numerical in order to be averaged (e.g. hock hygiene score), were removed
from the analysis. The variables used were mean BCS pre- and post-partum,
mean lameness score both pre- and post-partum, mean THI both pre- and post-
partum, mean rumen fill score again both pre- and post-partum, mean lactation
number, the percentage of LDA, RFM, metritis and milk fever diagnosis and the

percentage of twinning and calf mortality of all cows in each herd/trimester

group.
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A variety of machine learning algorithms appropriate to continuous numeric
outcomes were selected: these were linear regression, decision tree, random
forest, ANN and MARS. As in previous chapters, 10-fold cross validation was
used to fit all initial models. The R?, RMSE and MAE were used to evaluate all

models’ predictive value with an initial emphasis on the R?values.

For method B a holdout dataset was used, splitting the train and test data 80%
to 20% of the herd-quarter-year groups. The best performing model was chosen
to make predictions on the test data and then those predictions were averaged
as a mean of each herd/trimester group and compared to the actual means of
the groups. The predicted and actual values were plotted against each other
and a Pearson’s correlated coefficient was calculated, as well as predictive
models that used the actual means as an outcome and predicted ones as a
predictive variable. The effects of possible multicollinearity were also
considered for all models. The Variance Inflation Factor (VIF) described in 6.1
was used to assess the multicollinearity effect of each independent variable.
Continuous and binary variables were assessed unmodified, while multi-level
categorical variables were split into dummy variables and a VIF value was
calculated for each level. The first level of each variable was omitted to avoid
instances of perfect multicollinearity (Dressler et al., 2016). In order to calculate
the VIF the car package in R was used (Fox and Weisberg, 2019).
Multicollinearity was considered an issue when the VIF was over 5 (Kim, 2019).
As generally recommended, when VIF values exceed the threshold, the
variables were excluded from the model, as high VIF values can lead to
unstable estimates and make it difficult to determine the individual effect of each

predictor on the dependent variable (Prunier et al., 2015, Ghareeb, 2023, Kroll
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and Song, 2013, Xi, 2024). As mentioned in 6.1 confounding is another issue
that in predictive modelling can result in multicollinearity and overfitting.
Therefore, considering possible confounding, multicollinearity was taken into
account through VIF value calculation, as described above, and overfitting was

tackled through cross-validation.
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6.3 Results

6.3.1 Method A-Individual cow level and models

6.3.1.1 Outcome: Predicted 305-day lactation milk vield

The total number of data points (lactations) used for the models was 7,296. The
mean predicted 305 milk yield was at 10,971 kg, with a median of 10,886 kg, a

maximum of 19,687 kg and minimum of 3,769 kg.

The variables that were considered for the final model and also included
missing data were hock hygiene post-partum with 1,635 missing data points
(22.4%), LDA with 6 missing data points (0.08%), THI pre-partum with 5053
(55.4%) and THI post-partum with 8360 (91.7%) missing data points. Due to
the volume of missing data, variables THI pre- and post-partum were removed
from the analysis to avoid discarding or imputing values for a very high

proportion of the data.

The VIF value was calculated for all possible independent variables (Table 6.1).
The dummy variables for rumen fill score 5 both pre and post-partum were
found to cause perfect multicollinearity so they were excluded from the initial
model in order to be able to calculate the VIF values. The rest of the variable
levels were included in order to minimise information loss. The variable levels
that generated a VIF value higher than the set cutoff of 5 were all 5 levels of
the hock hygiene score post-partum variable, rumen fill score post-partum 2, 3
or 4 (so all the variable levels except a score of 1), BCS pre-partum score of
2.5, 2.75, 3, 3.25, 3.5 or higher than 3.5 (so all levels except for a score of 2)
and a BCS score post-partum of 2.75 (only level of that variable). Hence those

variable levels were excluded from the analysis. Therefore, the final predictive
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variables included in the models were lactation number 2, lactation number 3,
lactation number 4, lactation number >4, Hock Hygiene Score 1 pre-partum,
Hock Hygiene Score 2 pre-partum, Hock Hygiene Score 3 pre-partum, Hock
Hygiene Score 4 pre-partum, Hock Hygiene Score 5 pre-partum, Rumen fill
score 1 pre-partum, Rumen fill score 2 pre-partum, Rumen fill score 3 pre-
partum, Rumen fill score 4 pre-partum, Rumen fill score 1 post-partum, BCS 2
pre-partum, BCS 2 post-partum, BCS 2.5 post-partum, BCS 3 post-partum,
BCS 3.25 post-partum, BCS 3.5 post-partum, BCS >3.5 post-partum, twinning,
calf mortality, lameness pre-partum, lameness post-partum, calving month
February, calving month March, calving month April, calving month May,
calving month June, calving month July, calving month August, calving month
September, calving month October, calving month November, calving month

December, Milk Fever, LDA, RFM and metritis.
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Table 6.1 VIF values for all possible predictive variables as calculated when fitting a

linear regression model on the predicted 305 milk yield with all variables included

Variable VIF

Lactation No 2 1.725

Lactation No 3 1.629

Lactation No 4 1.449

Lactation No >4 1.581

Hock Hygiene Score pre-partum 1 1.023

Hock Hygiene Score pre-partum 2 1.026

Hock Hygiene Score pre-partum 3 1.031

Hock Hygiene Score pre-partum 4 1.009

Hock Hygiene Score pre-partum 5 1.006

Hock Hygiene Score post-partum 14.020
1

Hock Hygiene Score post-partum 56.840
2

Hock Hygiene Score post-partum 70.375
3

Hock Hygiene Score post-partum 49.849
4
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Hock Hygiene Score post-partum 16.286

‘ m

Rumen Fill pre-partum 2 1.934

Rumen Fill pre-partum 4 2.920

Rumen Fill post-partum 2 14.762

Rumen Fill post-partum 4 12.182

BCS pre-partum 2.5 8.555

BCS pre-partum 3 25.238

BCS pre-partum 3.5 22.676

BCS post-partum 2 1.187
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BCS post-partum 2.75 5.543

BCS post-partum 3.25 3.203

BCS post-partum >3.5 1.374

Calf Mortality 1.046

Lameness post-partum 1.063

Calving month-March 2.086

Calving month-May 2.229

Calving month-July 2.633

Calving month-September 2.328

Calving month-November 1.873
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Calving month-December 1.987

Milk Fever 1.090
LDA 1.027
RFM 1.120

Metritis 1.091

The R? of all models when applied on the test set ranged from 10.5% (decision
tree) to 33.9% (random forest); performance metrics could not be calculated for
the ANN model, most likely due to a single value being predicted for all cases
(i.e. a lack of variance). RMSE and MAE ranged in similar values for all models
with the exception of ANN, which was an outlier for the reasons stated above,
and had very high values (11600.62 L and 11313.89 L respectively). For the
rest of the models RMSE ranged between 2084.48 L (random forest) and
2423.94 L (decision tree), while MAE ranged between 1614.89 L (random
forest) and 1949.63 L (decision tree). Therefore, the overall best model was the
random forest explaining around a third of the outcome’s variation. All RMSE,
R? and MAE values for both the training and the test set are shown in Table
6.2. Furthermore, all the values of R?, RMSE and MAE values produced when

models were applied on the test set are also graphically shown in Figure 6.1.
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Table 6.2 R?, RMSE and MAE values of all models (excluding ANN) predicting 305-

day milk yield, when applied on both the training and the test set.

Training Set

RMSE R? MAE
Linear regression 2349.15 0.148 1874.91
Decision Tree 2376.59 0.114 1903.37
Random Forest 1925.70 0.351 1588.77
ANN 11505.12 - 11294.01
MARS 2396.11 0.182 1912.41

Test Set

RMSE R? MAE
Linear regression 2398.65 0.124 1925.35
Decision Tree 2423.94 0.105 1949.63
Random Forest 2084.48 0.339 1614.89
ANN 11600.62 - 11313.89
MARS 2412.13 0.115 1936.01
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Figure 6.1 R?, RMSE and MAE values of all models (excluding ANN) predicting 305-

day milk yield, when applied on the test set.
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6.3.1.2 Outcome: Residual Daily Milk Yield

The total number of data points used for this part of the analysis after removing

the residual milk yield missing data was 15,742. The milk residuals

(representing deviation in daily milk yield from what would be predicted by the

lactation curve shape for that parity in that herd) had a mean value of 1.56

(median 1.59), with a minimum of -31.28 and a maximum of 29.91 (Figure 6.2)
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Figure 6.2 Distribution of milk yield residuals on the final dataset of a total 15,742 data

points.
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The VIF values were very similar to the ones described in 6.3.1.1 and are
shown in Table 6.3. The final predictive values included were the same and
included lactation number 2, lactation number 3, lactation number 4, lactation
number >4, Hock Hygiene Score 1 pre-partum, Hock Hygiene Score 2 pre-
partum, Hock Hygiene Score 3 pre-partum, Hock Hygiene Score 4 pre-partum,

Hock Hygiene Score 5 pre-partum, Rumen fill score 1 pre-partum, Rumen fill
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score 2 pre-partum, Rumen fill score 3 pre-partum, Rumen fill score 4 pre-
partum, Rumen fill score 1 post-partum, BCS 2 pre-partum, BCS 2 post-partum,
BCS 2.5 post-partum, BCS 3 post-partum, BCS 3.25 post-partum, BCS 3.5
post-partum, BCS >3.5 post-partum, twinning, calf mortality, lameness pre-
partum, lameness post-partum, calving month February, calving month March,
calving month April, calving month May, calving month June, calving month
July, calving month August, calving month September, calving month October,
calving month November, calving month December, Milk Fever, LDA, RFM and
metritis. Variables with missing data points were the hock hygiene pre-partum
dummy variables with 3,376 (21.4%) and milk fever, LDA, calf mortality and

metritis all with 7 missing data points (0.04%).

261



Table 6.3 VIF values for all possible predictive variables as calculated when fitting a

linear regression model on the residual milk yield with all variables included

Variable VIF

Lactation No 2 1.462

Lactation No 3 1.855

Lactation No 4 1.277

Lactation No >4 1.843

Hock Hygiene Score pre-partum 1 1.010

Hock Hygiene Score pre-partum 2 1.017

Hock Hygiene Score pre-partum 3 1.027

Hock Hygiene Score pre-partum 4 1.012

Hock Hygiene Score pre-partum 5 1.027

Hock Hygiene Score post-partum 16.226
1

Hock Hygiene Score post-partum 53.527
2

Hock Hygiene Score post-partum 76.267
3

Hock Hygiene Score post-partum 52.025
4
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Hock Hygiene Score post-partum 14.824

‘ m

Rumen Fill pre-partum 2 2.137

Rumen Fill pre-partum 4 3.182

Rumen Fill post-partum 2 15.845

Rumen Fill post-partum 4 11.457

BCS pre-partum 2.5 9.457

BCS pre-partum 3 26.835

BCS pre-partum 3.5 23.952

BCS post-partum 2 1.255
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BCS post-partum 2.75 5.735

BCS post-partum 3.25 3.001

BCS post-partum >3.5 1.427

Calf Mortality 1.072

Lameness post-partum 1.053

Calving month-March 2.214

Calving month-May 2.173

Calving month-July 2.748

Calving month-September 2.173

Calving month-November 1.453
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Calving month-December

Milk Fever

LDA

RFM

Metritis

1.356

1.084

1.021

1.099

1.079

R? values ranged from 1.7% for the MARS model, to 21.4% for the random

forest model on the test set, with all models except for the random forest having

a value of less than 3%. R? could not be computed for the decision tree model,

similar to the ANN model in 6.3.1.1, most likely due to lack of variance. The

RMSE ranged from 5.93 (random forest) to 6.66 (decision tree), while the MAE

from 4.53 (random forest) to 5.20 (ANN). So overall the best performing model

was the random forest, explaining over a fifth of the outcome’s variation. The

exact metrics of all models as fitted on both the training and the test set are

shown in Table 6.4, while the values with their 95% confidence internal are

graphically shown in Figure 6.3.
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Table 6.4 R?, RMSE and MAE values of all models predicting milk yield residuals, when

applied on both the training and the test set.

Training Set

RMSE R? MAE
Linear regression 6.502 0.039 5.099
Decision Tree 6.616 - 5.110
Random Forest 5.814 0.232 4.468
ANN 6.580 0.034 5.112
MARS 6.554 0.025 5.089

Test Set

RMSE R? MAE
Linear regression 6.581 0.025 5.146
Decision Tree 6.664 - 5.197
Random Forest 5.937 0.214 4.531
ANN 6.659 0.021 5.200
MARS 6.605 0.017 5.155
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Figure 6.3 R?, RMSE and MAE values of all models predicting daily residual milk yield

on the test set
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6.3.2 Method B- Individual cow models used for predictions at herd-

guarter-year level

6.3.2.1 Outcome: Predicted 305-day milk vield

The total data points included in these models, after removing the herd-quarter-
year groups contributing less than 10 lactation was 6,968. The minimum
number of recordings per group was 11, the maximum 129, the mean 34.5 and
the median 27. The total number of groups was 202, with 161 of them

comprising the train dataset while the remaining 41 the test dataset.

Models were re-trained on the training dataset as described in section 6.3.1.1.1,
with the random forest model performing the best and having similar

performance characteristics to those described in the previous section (where
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the full dataset was used for training). The random forest model was used to
generate predictions aggregated at herd-quarter-year level, which were

compared with observed values.
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Figure 6.4 Scatter plot of predicted mean 305-day milk yield vs observed mean 305-

day milk yield per herd-quarter-year group for the random forest model
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The R? describing how much of the actual 305 milk yield’s variation is explained
by the predictions was found to be just at 2.4%, indicating that only a very small
fraction of the variation could be explained by the predictions made by the

model.

6.3.2.2 Outcome: Residual milk vield

In total 229 herd/trimester groups were used to fit these versions of the models,
after removing the groups with less than 10 observations. Out of those the 183

were used for training the model, while the remaining 46 were used for testing.
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Since it was the best performing model, the random forest was chosen for
further predictions on the group level. After making the predictions for the
individual cows and averaging those predictions to come up with a mean value
for the group, predicted values were plotted against the observed mean
predicted 305-day milk yield of all the cows in the group (Figure 6.5). The

groups used for this testing were a total of 30.

Figure 6.5 Scatter plot of predicted residual milk yield vs observed residual milk yield

per herd-quarter-year group for the random forest model
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The R? describing how much of the actual values’ variation is explained by the
predictions was found to be at 33.7% meaning a third of the variation of the

outcome appears to be explained by the predictions made by initial model.
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6.3.3 Method C — Herd-quarter-year level models

6.3.3.1 Outcome: Mean predicted 305-day milk vield

The total number of herd/quarter-year group available for this part of the
analysis were 205. In regards to multicollinearity all variables were found to
produce low VIF values, all below the 5 cutoff threshold (Table 6.5). The final
variables in the analysis were mean BCS both pre and post-partum per group,
mean rumen fill both pre and post-partum per group, mean Hock hygiene score
both pre and post-partum, mean lactation number of the cows in the group,
percentage of cows with milk fever, metritis and/or RFM per group and
percentage of cows that had twins at the start of that lactation period, again,
per group. Variables with missing data included metritis percentage, RFM
percentage, milk fever percentage and twinning percentage all with 3 missing
data points (2.4%) and the Hock hygiene pre- and post-partum with 41 missing

data points (20%).
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Table 6.5 VIF values for all possible predictive variables as calculated when fitting a
linear regression model on mean predicted 305-day milk yield per herd-quarter-year

group with all independent variables included.

Variable VIF

Mean BCS pre-partum 2.897

Mean BCS post-partum 2.865

Mean Hock Hygiene score pre- 1.096
partum

Mean Hock Hygiene score post- 1.191
partum

Mean Rumen Fill score pre- 1.728
partum

Mean Rumen Fill Score post- 2.004
partum

Mean Lactation No 1.107

Percentage of Milk Fever 1.168

diagnoses

Percentage of LDA diaghoses 1.108

Percentage of RFM diagnoses 1.098

Percentage of Metritis diagnoses 1.115

Percentage of Calf Mortality 1.035
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Percentage of Twinning 1.089

The R? in the final models ranged from 12.0% to 39.4%% for the linear
regression and the random forest models respectively. Similarly to 6.3.1.1 ANN
could not compute an R? value possibly due to lack of variation. Excluding the
ANN model, the RMSE ranged from 1280.77 L to 1558.75 L, while MAE ranged
from 1035.90 L to 1268.93 L, both for random forest and linear regression
respectively. All R?, RMSE and MAE values for all models are shown in Table

6.6 and Figure 6.6.
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Table 6.6 R?, RMSE and MAE values of all models predicting mean 305-day milk yield

per herd-quarter-year group, when applied on both the training and the test set.

Training Set

RMSE R? MAE
Linear regression  1532.62 0.143 1232.79
Decision Tree 1344.95 0.312 1102.64
Random Forest 1218.60 0.410 1006.26
ANN 11198.49 - 11069.51
MARS 1436.07 0.241 1196.59

Test Set

RMSE R? MAE
Linear regression  1558.75 0.120 1268.93
Decision Tree 1392.14 0.303 1131.14
Random Forest 1280.77 0.394 1035.90
ANN 11235.79 - 11119.15
MARS 1461.45 0.234 1205.38
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Figure 6.6 R?, RMSE and MAE values of all models predicting mean predicted 305-
day milk yield per herd-quarter-year group with their 95% confidence intervals, as

applied on the test set.
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None of the models appeared to be of any considerable predictive value, with
the best performing model, (random forest) explaining over a third of the

outcome’s variation.

6.3.3.2 Outcome: Residual milk vield

The total number of groups and hence data points that were used for this part
of the analysis were 229. The means of the residuals ranged from -5.18 to 6.67
with a mean of 0.94 and a median of 0.86. Assessing the presence of
multicollinearity, VIF values for all possible predictive variables were below the
threshold of 5 (Table 6.7) meaning the possibility of multicollinearity is in fact
low. The final predictive variables were mean BCS both pre and post-partum

per group, mean rumen fill both pre and post-partum per group, mean Hock
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hygiene score both pre and post-partum, mean lactation number of the cows in
the group, percentage of cows with milk fever, metritis and/or RFM per group
and percentage of cows that had twins at the start of that lactation period, again,
per group. Variables with missing data included milk fever percentage, RFM
percentage, LDA percentage, metritis percentage, twinning percentage and calf
mortality percentage all with 4 missing data points (1.7%) and mean Hock

hygiene score both pre- and post-partum with 49 missing data points (21.4%).
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Table 6.7 VIF values for all possible predictive variables as calculated when fitting a

linear regression model on the mean milk yield residuals per herd-quarter-year group,

with all independent variables included.

Variable VIF

Mean BCS pre-partum 2.629

Mean BCS post-partum 2.515

Mean Hock Hygiene score pre- 1.102
partum

Mean Hock Hygiene score post- 1.136
partum

Mean Rumen Fill score pre- 1.783
partum

Mean Rumen Fill Score post- 1.951
partum

Mean Lactation No 1.131

Percentage of Milk Fever 1.170

diagnoses

Percentage of LDA diaghoses 1.099

Percentage of RFM diagnoses 1.036

Percentage of Metritis diagnoses 1.198

Percentage of Calf Mortality 1.014
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Percentage of Twinning 1.055

Again, R? values on the test set were generally low, from 2.3% (linear
regression) to 13.4% (random forest). RMSE and MAE values ranged relatively
high, from 2.384 L (random forest) to 2.647 (MARS) for the former, and 1.914
L (random forest) to 2.086 L (MARS) for the latter. All metrics for all models, as
produced both on the training and the test set, are shown in Table 6.8 and

Figure 6.7.
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Table 6.8 R?, RMSE and MAE values of all models predicting mean daily residual milk

yield per herd-quarter-year group on both the training and the test set

Training Set

RMSE R? MAE
Linear regression 2.386 0.035 1.926
Decision Tree 2.529 0.085 2.139
Random Forest 2.302 0.141 1.870
ANN 2.499 0.087 2.007
MARS 2.600 0.060 2.012

Test Set

RMSE R? MAE
Linear regression 2.594 0.023 2.066
Decision Tree 2.465 0.095 2.000
Random Forest 2.384 0.134 1.914
ANN 2.630 0.062 2.103
MARS 2.647 0.056 2.086
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Figure 6.7 R?, RMSE and MAE values of all models predicting mean daily residual milk

yield per herd-quarter-year group on the test set

Model comparison

1
MAE
ANN | == B —
s - —
linear_regression = 4 -
descision_lres —— s ———
random_fanest T —_—
T T T T T T T T T T T
00 02 04 06 08 10 15 20 25 1.5 20 25

Confidence Level: 0.95

281



6.4 Discussion

Predictive models for production outcomes showed very varied model
performance across the wide range of different machine learning algorithms
tested, both of the outcomes under consideration (305-day lactation yield, and
deviation from predicted daily yield based on herd- and parity-specific lactation
curves), and the different approaches taken to aggregating data for model
building and predictions. The best performing model in terms of R? value was
the random forest model for prediction of residual daily milk yield, explaining
just over a third of the observed yield variation; for many of the outcomes,
algorithms and aggregation approaches R? values were substantially lower.
Inferential models found a large number of statistically significant associations
between potential predictor variables and production outcomes, but again

explained a relatively small proportion of observed variation in milk yields.

For the purposes of this chapter both the predicted 305 milk yield as well as the
residual daily milk yield were used as outcomes. One of the major differences
is that for the 305-day milk yield, lactation number and herd effects are likely to
be major predictors, while with the residual daily milk yield theses are effectively
accounted for as the expected yield from which the residual is calculated is
based on a lactation curve for that herd and lactation number. The models for
305 milk yield did indeed find lactation number to be an important predictor and
the inferential model in particular both indicated an association with the
outcome and lactation number and showed that herd effect explained a great
deal of the outcome’s variation. The models for the residual daily milk yield also

included lactation number. Similarly to other chapters, none of the models were
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likely to be predictive to a practically useful extent. This result is somewhat on
a par with Salamone et al. (2022) who used similar random forest models to
predict day one milk yields with slightly different cow and herd level variables.
The best performing model we reported was the random forest model predicting
residual daily milk yield with a R? value of 33.5% while Salamone et al. (2022)

found an R?of 52.0%, which while considerably better is still a moderate value.

In method B the predictive values were similar with the model describing the
relationship between averaged predictions and averaged predicted 305 milk
yield per herd-quarter-year group having a R? value of 2.7%, while the model
describing the relationship between averaged predictions and averaged
residual daily milk yield having a R? value of 33.7%. This means that using our
model, inputting individual cow level information, there is little possibility of
making reliable conclusions on if the herd will underperform or over perform.
The better of the two models in that regard was the residual daily milk yield
model, with the aggregated predictions explaining a bit over a third of the
aggregated residual daily milk yield values. Variables used for these predictions
were health information, such as milk fever, metritis or LDA diagnosis, calf
mortality, hock hygiene score pre -partum, rumen fill score both pre- and post-
partum, BCS both pre- and post-partum, lameness also both pre- and post-
partum, the lactation number and finally the calving month. This differs from
existing research, in either the predictive variables used or in the outcome
studied. In particular, we studied predictions on the entirety of the 305-milk
yield, while Salamone et al. (2022) focused on the day one yields using

individual cow information on production and reproduction, as well as herd level
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production data. Also, in contrast with Bovo et al. (2021) we used individual cow

health data rather than just environmental data.

A described in 6.1 there are a number of studies investigating the possibility of
milk yield prediction in dairy cattle, and while their specific outcomes are
different, with daily milk yield being amongst the most common, it is still
interesting to examine what might cause a decrease in predictive value in our
models. One interpretation might be the difference in data size and specifically
the lack of variation when it came to herds. In fact, multiple studies only
collected data from one herd, as they wanted to focus on robotic system data
collection that had not been widely implemented yet (Nguyen et al., 2020,
Fuentes et al., 2020, Ji et al., 2022). Murphy et al. (2014) collected data from
one herd of 140 cows as well, while Bovo et al. (2021) collected data from 91
cows, once again by one herd. Grzesiak et al. (2006) also had data originating
from a single herd and while the total number of daily milk yields was high
(>100,000), it only included three lactations of a total 320 cows. In a more recent
paper by the same author (Grzesiak et al. 2021) over 900 primiparous cows
were included in a dataset used to build ANN models, however once again they
were all from the same farm. The lack of farm variation could potentially result
in more overfitted models that follow closely the trends and animals of that one
specific farm that were perhaps too complex to capture in models where 50
different farms were included, such as ours. Further lack of external validation
makes it difficult to assess the generalizability of the one-herd models.
Gocheva-llieva et al. (2022) gathered data from 4 farms, however the total
number of cows did not exceed 158, which could also affect generalizability. In

addition, they did in fact identify the farm being an important predictor in their
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models, further supporting the theory that a one-herd model would inherently
produce better metrics than one with multiple herds. Sefeedpari et al. (2015)
did not have this issue since they sampled their data from 50 farms, however
their outcome was milk yield of the targeted farm, meaning that 50 was their
total sample size. Furthermore, their target population was in Iran, a location
with potentially many differences in the dairy industry compared to the UK, while
using energy consumption as predictors, again a very different compared to
ours. It is perhaps possible that a farm-wide outcome is easier to predict
compared to an individual animal one, however even in Method C of our study
in which a herd-quarter-year outcome was included the predictiveness was
lacking. This could indicate that the energy consumption variables that
Sefeedpari et al. (2015) used were of better quality since they were gathered
for that purpose and not averaged from existing individual animal-specific
variables. Zegler et al. (2020) gathered data from 20 farms including 2 pastures
from each farm for 2 separate months, but again the outcome variable was
pasture milk yield keeping the total sample size low. Another aspect is that the
predictive variables they used included weather and pasture variables, as well
as soil characteristics that could be more identifiable in organic farms, which is
the kind of farms this particular study investigated. Other studies closer to ours
in terms of sample size were Salamone et al. (2022) with 102 herds collected
through historical data covering a period of 20 years, Piwczynski et al. (2020)
whose data originated from 27 farms, 3,778 cows and 36,005 milk yields,
Salamone et al. (2022) presented models predicting first day milk yield of next
lactation, with the first day test being anytime from 1 to 60 DIM. In fact, the most

important predictor included is the DIM the first day test occurred, with

285


https://onlinelibrary.wiley.com/authored-by/Piwczy%C5%84ski/Dariusz

cumulative 305-day milk yield of previous lactation following as slightly less
significant. Since the first couple of months of the lactation however, the
lactation curve is so steep, the presence of DIM in the lactation of interest raises
a question as to whether the model is ultimately trained to identify its overall
general shape that is expected in all cows rather than actually make meaningful
predictions for the individual animal. Furthermore, the R? of their models ranged
from 9% to 52%, not too different from our predicted 305-day milk yield models
in Method A (ranging from 10.5% to 33.9%), especially when taking into
account that the inclusion of DIM of first day test might artificially decrease
variance as well as RMSE and MAE. Piwczynski et al. (2020) demonstrated
that the inclusion of several variables in their decision tree model provided a
statistically significant variance reduction, as supported by F-test. The most
influential variable by a long margin was the milking frequency, where its
increase brought a corresponding increase in milk yield. This increase appears
plausible as it has been established in some papers (Vijayakumar et al., 2017,
Alex et al., 2015), however it has been stressed that it can highly depend on
the stage of lactation as well as udder health (Lyons et al., 2014b). It is overall
possible that milking frequency is in fact a better-quality predictor than the ones

we had available in our study.

Various disease variables such as metritis, LDA and RFM have been
associated with a noteworthy drop in milk production (Daetz et al., 2016,
Dezfouli et al., 2013, Figueiredo et al., 2021, Fourichon et al., 1999, Giuliodori
et al.,2012, Grymer et al., 1982, Lyons et al., 2014a, Ribeiro et al., 2013). LDA
was included as a predictor in both our models (methods A and B). This seems

to be on par with existing research that have shown that milk yield can decrease
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in cows with LDA compared to healthy counterparts (Dezfouli et al., 2013,
Lyons et al., 2014a). Metritis, as research has shown its association with milk
loss (Daetz et al., 2016, Figueiredo et al., 2021, Giuliodori et al., 2012, Lina et
al., 2019, Ribeiro et al., 2013), was also included in both predicted 305-day milk
yield models as well as residual milk, along with RFM which is found not only
to be associated with milk production losses (Dervishi et al., 2016) but also with
the development of metritis (Filho et al.,, 2012) as well as clinical mastitis
(Pinedo and Fleming, 2012), which can exacerbate the existing production
issues. Milk fever has also been associated with clinical mastitis (Pinedo and
Fleming, 2012), however the overall association between milk fever and milk
production appears to be more complex and potentially in some cases positive
(Jawor et al., 2012). BCS post-partum was also included in the predictive
models, as BCS has a well-established link with production (Kul et al., 2020,
Loker et al., 2012, Roche et al., 2009, Rodriguez et al., 2021). Parity has been
linked to milk production as well with multiple studies reporting an increase of
milk production in subsequent lactations (Hoka et al., 2019, Koc, 2011, Utrera
et al., 2013). It is therefore evident that there might have been some actual
associations between our predictors and milk yield, however potentially due to
the complex nature of the phenomenon they could not be translated to a
meaningful predictive model, and the low overall R? values suggest that they

are not likely to be key drivers of productivity.

There were a number of limitations in our study. Firstly, there were some issues
with the quality of our data resulting into not having enough reliable information
for some variables, such as the THI values pre and post calving, and ending up

dropping them from the analysis. Temperature data have been used before to
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predict milk yield by Bovo et al. (2022), however they had used THI information
of several days in a row, to assess the effect of potential heat stress; it is
doubtful that the single temperature recordings pre- and post-calving per
lactation in our data would provide as much information to our models. As with
other studies in this project, the nature of the data collection should also be
considered. The fact that scoring occasions generally occurred fortnightly for
each herd introduces potentially relevant variation depending on when cows
are scored relative to calving. For example, a cow scored on the day after
calving would be expected to have a lower rumen fill score than if she had been
scored 10 days later simply because of the changes in feed intake expected
around parturition. Another limitation is the sample size, especially in Method
C. While in method A the total data point included in the model were around
7,000 for the predicted 305-day milk yield and around 15,000 for the milk
residuals. However, when grouped by herd-quarter-year the number fell to
around 200 for both outcomes. Larger sample sizes generally improve the
robustness and accuracy of machine learning models. With more data, models
can learn more complex patterns and relationships, leading to better
generalization to unseen data (Ingalhalikar et al., 2021). There is a well-
documented issues referred as the curse of dimensionality which points to the
phenomenon where the feature space becomes increasingly sparse as the
number of dimensions (features) increases. This sparsity makes it difficult for
machine learning algorithms to find meaningful patterns unless there is a
sufficiently large sample size (Dhiman et al., 2022; Ramezan et al., 2021). As
noted by Dhiman et al., (2022) larger sample sizes are necessary when using

machine learning methods to mitigate the impact of this curse and improve
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model accuracy. Furthermore, smaller sample sizes can lead to overfitting,
where the model learns noise in the training data rather than the underlying
signal, which can lead to generalization failure when attempting predictions on
new data (Infante et al., 2022) and thus poor predictive performance. Takahashi
et al. (2020) emphasized that machine learning models typically require larger
datasets than traditional statistical methods to achieve robust performance due
to the plethora of degrees of freedom that need to be covered. For instance,
Collins et al. (2015) reported the recommendation that at least 100 events and
100 non-events need to be included just for the external validation of a
predictive logistic regression model. Thus, sample size could have been a
potential issue in Method C since it would be difficult to assess the actual
predictiveness or our model, especially in the scenario of a highly predictive

model, since it could easily be the result of overfitting.

Generalisability is also a potential issue, as our data collection was performed
onto farms with similar characteristics (notably from relatively high yielding
herds) from within Great Britain. That would mean that predictions might not
apply to any farms that do not fit with this set of characteristics. Although there
will be some biological characteristics that are consistent across cows within
different systems, there are other measures which may have different relevance
in different systems. Overall, this study has reinforced the difficulty in accurately
predicting milk production outcomes from scoring and other routinely recorded
data, while providing insight into some of the factors that are associated with

changes in milk yield.
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Chapter 7 — General Discussion

7.1 Summary of Results

The aim of our study was to utilise transition period data in order to attempt
predictions on the health, reproduction and production of the cow with the use
of machine learning. In Chapter 3 the characteristics of the herds participating
in our studies was explored in more detail and it became evident that overall
we were dealing with farms on the higher end of productivity. In Chapter 4 the
models built to attempt predictions on health outcomes proved to be of little
value, with the kappa metric not surpassing the expected threshold. When
using lactation level models to make predictions on a herd/quarter-year level
the averaged predictions on metritis were able to explain over a third (66.9%)
of the variation of the averaged outcome. In Chapter 5 the focus was moved to
the reproductive performance. Outcomes on both the insemination success and
the day of conception were investigated, however predictive value was found
to be relatively poor in these models. Inferential modelling did find significant
associations for both outcomes, which were seemingly not enough to explain
much of these outcomes’ variation and make accurate predictions. In Chapter
6 the outcomes of interest were the predicted 305 milk yield and the residual
daily milk yield. Not unlike the results of the previous Chapters these models
did not produce very high R? values, with the best performing ones being the
individual lactation models both predicting on an individual and on an
aggregated level, which seemed to explain about a third of the outcome’s

variation.
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7.2 Discussion

7.2.1 Predictiveness of Models
The vast majority of the models presented in this work did not reach high levels

of predictive value.

Regarding the collective disease outcomes, even when taking steps to increase
the sample size of positive instances with up-sampling, the variety of disease
that were included in said outcome, may have been each associated with
different variables in many complex ways and hence not going towards one
clear direction when binned together. It is also important to consider whether
the choice of variables was poor or whether important factors were omitted. The
individual level models, especially the binary ones, were underwhelming in
terms of predictiveness regardless of outcome. The best performing one on an
individual lactation level was the residual daily milk yield model, with an
R2explaining over 30% of the variation of the outcome, which is not likely to be

sufficient for practical application.

Out of all the models the best performing overall was the individual lactation
model for metritis when predicting on an aggregated level, with the averaged
predictions explaining over two thirds of the variation of the aggregated
outcome. The improvement on predictions when it comes to metritis may also
be apparent on the collective disease status model, where the aggregated
predictions of the individual disease model explained almost 45% of the
averaged disease outcome, in contrast with the LDA, RFM and milk fever
models which all produced R? values lower than 20%. So, while predictions on

an individual level did not seem possible, that same model managed to produce
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predictions on a herd/quarter-year level that could potentially be of some value
to farm managers as a possible marker for transition success, on a group level.
It is not uncommon with biological outcomes that when failing to make individual
level predictions these same models can produce improved results on an
aggregated level. This approach, of predicting a probability value for a binary
outcome is essentially model calibration, where the evaluation data is
separated into groups (usually deciles) and then the model’s bias is calculated
for each one of the groups (Chen et al., 2022). The improvement is evident in
the metritis model and even the collective disease one and could probably be
seen in the insemination outcome model, which described over a third of the
averaged outcome’s variation. This effect is not as evident on the milk

outcomes, plausibly since these variables were already on a continuous scale.

In addition to using models built to predict lactation level outcomes to aggregate
predictions across groups, we also explored building models using this
aggregated dataset. This produces a much smaller dataset (where units of data
may, for example, be herd/quarter-years) and a continuous outcome
(representing the proportion of lactations affected within that group). Regarding
these aggregated models, none seemed to make a significant improvement
over the already existing ones. The models for LDA, RFM, as well as milk fever
all showed improvement compared to the individual level models making
predictions on an aggregated level. However, none of the R? values exceeded
40%, indicating low predictiveness. The models for metritis were an exception
as the aggregated level model did not surpass the lactation level one. The same
applied for the collective disease status with the best aggregated model

producing an R? value of 32.0% (MARS). The situation reversed for the
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insemination success model, while for the two milk outcomes the results were
mixed. It is interesting that, overall, each outcome showed a mixed behaviour,
since aggregating the predictive variables did not necessarily cause neither an
improvement nor a decline in predictive value. So, while it could be argued that
aggregating the variables might in fact lead to a loss of information and a drop
in predictiveness, in some cases it might be a viable method to improve the

model metrics.

Therefore overall, the manipulation of the variables or the change in predictive
goal from the individual lactation level to the aggregated one appeared to be
working more consistently in binary outcomes with varied results in the
continues ones. This was to be expected, since the binary models’ results do
not have as much margin for error as the continues ones that are just asked to

approximate a possible value.

7.2.2 Predictive vs Inferential

For chapter 5, inferential models were attempted to be built for the insemination
outcomes, alongside the predictive ones. Despite inferential models showing
several statistically significant associations with each outcome, predictive
models still underperformed. This is another indication that essential terms,
which affect those outcomes, and either were not measured, or perhaps are
unmeasurable, were omitted. Hempstalk et al. (2015), when attempting to build
machine learning models predicting the conception success to a given cow

lactation, suggested this exact thing for the herd-season-year group in
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insemination outcomes, along with other factors such as the capability of the

technitian or the bull’s fertility.

This realisation is especially essential since before predictive modelling
became mainstream in research, scientists used to rely on inferential models
and oftentimes suggest that real life actions on herd heath management ought
to be taken based on them. While the existing knowledge might still be useful

in herd management, it is good to keep that in mind during future research.

7.2.3 Metrics

Throughout the research the subject of metric selection and importance was
raised, especially for binary outcomes with imbalanced datasets. Accuracy
appeared to be misleading in such cases, even after resampling methods,
showcasing that complete reliance on this metric can lead to inappropriate
conclusions. Specificity and sensitivity appear to be more robust, however both
of them and/or their combination in AUROC should be reported to paint an
accurate picture of both classes. Meanwhile, accuracy, specificity and
sensitivity appear to be amongst the most popular metrics used to judge a
model’s predictive performance. Several studies in farm medicine that have
used machine learning methods to develop predictive algorithms for
classification have reported metrics such as the overall accuracy, (Borchers et
al., 2017, Caraviello et al., 2006, Dolecheck et al., 2015, Fenlon et al., 2017,
Zaborski et al., 2018, Pastell and Kujala, 2007, Aguias et al., 2012, Chen et al.,
2020, Cevik, 2020, Jiménez-Montero et al., 2013, Dolechek et al., 2015,
Ebrahimie et al., 2018a, Ebrahimie et al., 2021, Farah et al., 2021, Zaborski et
al., 2018, Tamura et al, 2019, Douphrate et al., 2019, Njubi et al. 2010, Sturm

et al., 2020, Romadhonny et al., 2019, Rodriguez et al., 2019, Taneja et al.,
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2020, Zhao et al., 2020) sensitivity, specificity (Borchers et al., 2017, Caraviello
et al., 2006, Dolecheck et al., 2015, Zaborski et al., 2018, Nielen et al., 2015a,
Nielen et al., 2015b, Hassan et al., 2009, Sun et al., 2010, Kamphuis et al.,
2015, Mammadova et al., 2013, Panchal et al., 2016, Fenlon et al., 2017b, Post
et al., 2020, Becker et al., 2021, Lasser et al., 2021, Lardy et al., 2023, Srikok
et al., 2020, Volkman et al., 2021, Esener et al., 2021, Sadeghi et al., 2022,
Imada et al., 2024, Vergara et al., 2014, Miller et al., 2020, Warner et al., 2020),
AUROC (Hempstalk et al., 2015, Shahinfar et al., 2014, Zaborski et al., 2018,
Avizheh et al., 2023, Williams et al., 2016, Panchal et al., 2016, Wisnieski et
al., 2019, Post et al., 2020, Shahinfar et al., 2021, Imada et al., 2024, Vergara
et al., 2014, Merenda et al., 2020, Post et al., 2020, Grzesiak et al., 2010,
Keshavarzi et al., 2020, Miller et al., 2020, Warner et al., 2020) or correctly
classified instances (CCI) (Shahinfar et al., 2014). When predicting health
outcomes in particular, the metrics reported were again accuracy (Ebrahimie et
al., 2018, Sharifi et al., 2018), sensitivity and specificity (Kamphuis et al., 2010,
Mammadova et al., 2013, Panchal et al., 2016), AUROC (Panchal et al., 2016),
success rate (Mammadova et al., 2013) and the diagnostic odds ratio (Panchal
et al., 2016). Out of the studies looking at transition period health management
Wisnieski et al. (2019) used logistic regression models to predict metabolic
stress and reported sensitivity, specificity, AUROC and well as the positive and
negative predictive values. Similarly, Vergara et al. (2014) in a study exploring
postpartum issues in dairy cows reported the predictive models’ AUROC,
sensitivity and specificity. In a meta-analysis Shine and Murphy (2021)
determined that in 85 studies centred on classification problems, the most

frequently utilized evaluation metric was classification accuracy (77%), followed
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by recall (66%), specificity (49%), PPV (48%), F1 Score (27%), AUROC (26%),
NPV (15%), Cohen’s Kappa (12%), false positives (FP) (9%), and false
negatives (FN) (6%). It is evident that, especially recently F1-score is more
likely to be included in the assessment of the predictive value of their models
(Avizheh et al., 2023, Hunter et al., 2021, Keshavarzi et al., 2020, Sturm et al,
2021, de Oliveira et al, 2021, Rodriguez Alvarez et al., 2018, Rodriguez Alvarez
et al., 2019, Smith et al., 2016, Vidal et al., 2023, Wang et al., 2020, Carslake
etal., 2021, Cantor et al., 2022, Dineva and Atanasova, 2023, Dutta et al., 2015,
Ghaffari et al., 2019, Hemalatha et al., 2021, Hyde et al., 2020, Luo et al., 2023,
Shafiullah et al., 2019, Sturm et al., 2020, Vazquez-Diosdado et al., 2023,
Williams et al., 2019, Wang et al., 2023), however Cohen’s Kappa while slowly
picking up is still lower on the preference of researchers as a metric of choice
(Hassan et al., 2009, Balasso et al., 2021, Hyde et al., 2020, Maciel-Guerra et
al., 2021, Esener et al., 2021, Volkmann et al., 2021, Sadeghi et al., 2022, Nagy
et al., 2023, Barney et al., 2023, Siachos et al., 2024, Sturm et al., 2020, Imada

et al., 2024).

So, it becomes evident that sensitivity, specificity and accuracyup until recent
years accuracy were used primarily when reporting predictive models in
veterinary medicine. And while the combination of specificity and sensitivity
usually helps gain a relatively good understanding of how a model performs in

both classes, kappa appears to be more likely to give a definitive picture.

Balanced accuracy could also be more effectively used in imbalanced datasets
as suggested by Brodersen et al. (2010). In contrast with regular accuracy that
only takes into account the minority class based on how much of the total

dataset it consists of, balanced accuracy treats both classes equally and thus
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emphasizes lack of predictiveness even in a class that is underrepresented. In
most of the predictive models in this study, balanced accuracy was just over
50%, so was little better than would be expected from completely random

predictions.

Another metric that could be considered and is used in some of the
afforementioned studies is the AUROC. However, as reviewed by Lobo er al.
(2008), it is not always an appropriate metric for various reasons, such as the
bias of the mean probabilities towards the most frequent class (Hosmer et al.
1980). While it provides a single scalar value that summarizes model
performance, it does not account for the distribution of classes in the dataset,
which can lead to misleading interpretations in imbalanced scenarios (King et
al., 2021, Hancock et al., 2023). In imbalanced datasets, where one class
significantly outnumbers the other, the AUROC can give an overly optimistic
view of a model's performance. This is because the metric can be inflated by
the model's ability to correctly classify the majority class while neglecting the
minority class (Bednarski et al., 2022). Hence, it is likely that the kappa value
is perhaps the best overall measure of model predictiveness, especially when
working with imbalanced data. We should, however, also mention a drawback,
that has potentially prevented the wider adoption of kappa as a sole evaluation
metric so far, and that is the arbitrary nature of its scale which while enabling
the comparison of models with each other, might make their individual

interpretation a bit difficult for the end user.

Currently, other metrics dominate the field of veterinary epidemiology as the

final selector and judge of predictive model and thus this work supports the
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adoption of the alternatives mentioned above especially when the classes are
of unequal size. In any case, the use of a good combination of metrics (at least

one for each class) is advised.

7.2.4 Limitations of the study

As stated before, one of the major limitations of the study is the convenience
sampling that took place in order to gather the dataset. The descriptive statistics
presented in Chapter 3 indicate that our herds were almost all following a
relatively high input system, with cows calving year-round and likely mostly
housed. This could lead towards biased results that reflect the situation in
particular types of herds only and not translate in models that could be widely
used for all types of dairy cow herds. Dairy farming in the UK is polarising so
that farms either pursue an all year round calving system (maximising milk yield,
while accepting a higher cost of production per litre) or pursue a block calving
system (spring or autumn calving, long grazing, season outdoors, mostly grass
based diet, lower yields) where the focus is on minimising costs and accepting
level of production will be lower (AHDB, 2017). This could be bypassed in the
case of external validation, which unfortunately was not possible during our
research. When however, taking into account that the majority of models did
not hold significant predictive power this seems like less of a problem. Even so,
with the individual lactation metritis model predicting on an aggregated level
which showed some predictive potential, it is still valuable to identify this model
even it applies for herds similar to those included in our sample. It should also
be noted that while it is very likely that the models presented in this thesis would

not generalise well to the system of low cost-low productivity cows, the
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prevalence of e.g. diseases and subfertility is probably much lower in these

systems anyway so predictions would be less important.

Furthermore, the nature of the data collection could potentially have caused
some unreliable variables in our study. As stated in previous Chapters, scoring
occasions generally occurred fortnightly for each herd which could cause
variation in terms of length from day of scoring to the day of calving. This in turn
means that scores of rumen-fill for example that were on the calving date would
be systematically lower than those from a few days earlier or later, and yet they
would be weighted equally in the analysis. Additionally, due to the nature of the
data and them being gathered from many different sources and initial datasets,
when coming together during the cleaning, there were occasionally variables
without any information for the majority of the finalised data points. This
certainly led to loss of information that could have potentially improved the
predictive power of the models. However, as stated before there are so many
complex and immeasurable terms affecting the outcomes that these few
variable contributions were likely not that great. It should also be noted that
there is likely measurement inaccuracy between observers and occasions, for
at least some of the variables, though probably negligible since all the

assessors had been trained.

7.2.5 Possible Future Research

This study could be the basis for future research. Most importantly, for the
individual level metritis model making predictions on an aggregated level
outcome which appeared to be able to explain over two thirds of the outcome’s
variation, external validation is going to be necessary to determine the

predictiveness of the model on a wider context, when including herd with
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various characteristics that may not have been presentin our thesis. This would
ensure the possibility for a widely used assessed tool available for all herd

managers to use.

Another angle that studies could take is the use of individual level models for
aggregated predictions, at least when it comes to binary outcomes. As seen in
our study, binary models such as the one for metritis mentioned above or even
the collective disease status showed a significant improvement when
converting the results to a percentage and comparing them to the aggregated
results of the actual outcome. This is not unheard of in binary outcomes,
probably since the approximation of a value allows more flexibility rather than
choosing only one of two variables, which also explains why this improvement
is not guaranteed in already continuous outcomes. This approach could
potentially create value out of algorithms that appeared to be underwhelming
at first, like the individual model presented for metritis. A lot of already studied

models could be revisited with renewed potential.

Finally, an important consideration for future research aiming to improve the
predictive capability of their models is the use of sensor data. Sensor data could
have significantly enhanced the quality of our dataset by providing detailed and
accurate measurements that are otherwise unattainable. The potential
importance of on-animal sensors, due to them making the collection of large
amounts of data accessible and therefore enabling the on-farm practical
application of predicted models, has been highlighted for the dairy industry
(Hudson et al., 2018). Their use is becoming more mainstream especially with

the existence of projects such as CowManager, which is a is a precision
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livestock monitoring system, which relies on sensors attached on ear tags that

collect data in real-time.

Multiple studies, especially more recent ones, have utilized sensors for their
data collection with good results (Benaissa et al., 2019b, Carslake et al., 2021,
Chung et al., 2020, Lardy et al., 2023, Post et al., 2020, Post et al., 2021, Sturm
et al., 2020, Vazquez-Diosdado et al., 2023). The majority of these studies only
include a small sample of cows, especially compared to ours, with only Sturm
et al. (2020) achieving a final dataset of 671 cows, Post et al. (2021) including
348 cows and one of 4 datasets utilised by Lardy et al. (2020) reaching 300
cows. Post et al. (2020) collected data from 167 cows, with Vazquez-Diosdado
et al. (2023) and Benaissa et al. (2019b) having lower sample sizes (82 and 31
respectively). Finally, Sturm et al. (2020) only included 3 cows in their study.
With the increasing adoption of systems like CowManager, future research
should prioritize large-scale studies that leverage high-quality sensor data.
Such efforts could produce robust predictive models addressing critical
outcomes, including disease management, production efficiency, and

reproduction in dairy cows.
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7.3 Conclusions

This thesis has added to existing knowledge in a number of ways. Firstly, it
determined that, at least for our combination of cow level and environmental
level variables, out of all disease, reproduction and production outcomes,
metritis was the one that had the most potential in terms of accurate predictions.
Furthermore, it was showcased that for binary variables in particular, the
individual level model results, even if not predictive have the potential to be
aggregated to a group level and approximate the group’s averaged outcome,
providing useful results on that aggregated level. This could indicate that group
predicted prevalence of metritis (which in our case was the most predictive
model) might be a useful measure for farmers to monitor over time as an overall
transition “success” index. In regards with classification models and especially
when dealing with imbalanced datasets (which is common in biological
outcomes), the importance of reporting the correct metrics was demonstrated.
As shown the kappa was among the most useful metrics, being able to capture
the difference in predictive performance between the two classes and was

proposed to be more widely used for similar situations.

Finally, the overall importance of predictive compared to inferential modelling
in terms of making herd-level decisions was emphasised. Inferential modelling
is useful in order to look at and understand relationships between predictors
and outcomes, while predictive modelling specifically aims at making accurate
predictions, without explaining these relationships. Therefore, relying on the
former for predictions would not be sensible since the latter are better at that

specific task. Again, our models showcased this exact thing with th inferential

302



models describing strong relationships and yet the predictive ones not

producing accurate predictions.

Transition management is really key to successful dairy farming, hence
monitoring it, using machine learning methods, could benefit farmers greatly. It
is evident from our work that such a thing might be possible in the future,
potentially with measures like the group predicted prevalence of metritis over
time. However, more work is needed in order to determine and assess such

measures.
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Appendices

Appendix |

Supplementary to Chapter 2: Sample code for predictive model fitting

ctrl <- trainControl(method = "cv", number = 10)

or

ctrl <- trainControl(method = "cv", number = 10, sampling = “up”)

when using upsamling

train(Outcome~Variable,

data = data,

method = method,

na.action = na.omit, trControl = ctrl, metric = metric)

where:

data is the respective dataset used for each analysis,

method the methodology used to fit the model,

and metric was set to “Kappa” for binary models, while left as the default

option for continuous outcomes.
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Supplementary to Chapter 2: Sample code for Odds Ratios from mixed

effects logistic regression model

mod <- glmer(Outcome ~ Variablel +

... + VariableN +

(1|FarmlID), data, family = "binomial")

cc <- confint(mod,parm="beta_", method = "Wald")

ctab <- cbind(est=fixef(mod),cc)

rtab <- exp(ctab)

print(rtab,digits=3)

where data was the dataset used for each analysis,

Outcome was the outcome variable,

Variablel,..., VariableN the number N explanatory variables used in the analysis

and FarmID each herd identification number
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Appendix Il

Figure A2. 1Rumen fill distribution based on 28,480 dry cows
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Figure A2.2Rumen fill distribution based on 43,185 fresh cows
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Figure A2.3 Hock Hygiene distribution based on 12,847 lactations
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count

Figure A2.4 Types of pens for both dry and fresh cows, based on 2,787 pens
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Figure A2.5 Feed Fence space available per cow, based on 2,787 pens
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Figure A2.6 Feed Fence space available separately per dry and fresh cows, based on
2,787 pens
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Figure A2.7 Water Trough space available per cow, based on 2,787 pens
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Figure A2.8 Water Trough space available separately per dry and fresh cows, based
on 2,787 pens
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Figure A2.9 Neck Rail Height available based on data on 2,787 pens
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