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Chapter 1.

General Introduction



1.1 A global view of the dairy sector

Worldwide, it is estimated that 757 million tons of cow milk were produced in 2021 (FAO,
2022a). With an average global consumption of dairy products of 54.4 kg per capita in 2021,
these products represent 5.5% of the daily caloric intake and 8.4% of the daily protein intake
(FAO, 2022a). Impacted by high regional variations, the preponderant role of milk as a source
of nutrients for humans is mostly visible when these global numbers are broken down per
continent. Europe and North America are the highest consumers worldwide, with a respective
consumption of 117.8 and 116.6 kg per capita in 2021. Relative to the other food sources, dairy
products represent 17-18 % of the food consumption in those regions. Compared to global
nutrition figures, the importance of dairy in supplying calories and protein in these regions is
roughly double the world averages. The evolution of these figures over the last 10 years is

plotted in Figure 1.1.
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Figure 1.1 Representations of the nutritional importance of dairy products
plotted over the last 10 years using data reported by the Food and Agriculture
Organization (FAO, 2022a). Over all three panels, the world data is plotted
combined with a continental breakdown of the different variables. In panel A,
the relative proportion of dairy products is plotted in relationship to the total
food consumption and the historical evolutions since 2010. Similarly, panels B
and C show the evolution of the proportional importance of dairy products as
a source of calories and protein.

While at first sight, these metrics seem to follow a quite stable trajectory, it is important to note
that by fixing these figures per capita, the underlying global increase in consumption and
production is overshadowed. Using 2021 as a reference year, the increase in production globally
has been estimated to be 140% since 1961, or using a more recent time window 26% since 2010

(FAO, 2022a). The continental decomposition of these production figures combined with the



dairy cow population dynamics delineates two different processes at play, plotted inFigure 1.2
and Figure 1.3. On the one hand, Europe and North America’s milk production increased from
1961 to 2021 with respective 19.9% and 72%, the dairy cow population decreased by 48.5%
and 60 % in the same period. On the other hand, the exponential increase of milk production
over the same period in Asia (1127 %), Africa (424%) and South and Central America (376%)
coincides with an increased dairy cow population of 260% in Asia, 305.7% in Africa and 100%
in South and Central America. This phenomenon is more apparent when looking at the top-
producing countries per continent. For example, over the last 60 years, China increased their
milk production by sixtyfold and its dairy population by twentyfold. In other words, they went
600.000 tons of milk (2.3 % of the continent’s total production) to 35 million tons of milk
produced in 2021 (13.8% of Asia’s milk production), becoming the second highest producer in

Asia. A summarising table of these different figures is available in Appendix A.
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Figure 1.2 These panels plot the evolution of milk production and the dairy
cattle population over the last 60 years. The data used originates from FAO
reports that compiled estimates and official figures. Within each panel, the data
is grouped by continent. The figures concerning milk production and the dairy
cattle population are plotted in absolute values in panels A and C. Panels B &
D represent the relative proportion of the continental figures over time



A) Relative evolution of milk production B) Relative evolution of dairy cattle population
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Figure 1.3 These two panels plot the in- and decreasing dynamics of milk
production (A) and dairy cattle population (B). The data utilised comes from
FAO estimates and official figures. Each panel organises the data by continent.
1961 forms the reference year in both panels.

1.2 Critical urgency of sustainable dairy production
Despite the influence of various complex factors (geopolitical, geographical, environmental,
demographic) on the figures shown in the previous section, the general trajectory of these

figures emphasises the demand for milk as a source of nutrients for the global population.

Nevertheless, in a context of high scrutiny concerning the sustainability of our food production,
this rise in production does not come without challenges. For example, the emissions of global
greenhouse gases associated with milk production, represent one of many the flip sides of the
coin. The Food and Agriculture Organization of the United Nations (FAO) reported that in
2021, estimated methane and nitrous dioxide emissions of 20.7 and 0.5 megatons worldwide
were associated with the dairy industry. Calculating the CO; equivalent of these emissions
equals 667 megatons of CO2 emissions; this is roughly equivalent to the total emissions
produced by an industrialised country such as Germany in 2021. The evolution of these
estimated emissions is plotted in Figure 1.4. This plot indicates that the emissions at the turn of
the 21st century globally decreased to 582 tons of CO2, nearing the levels of the 1960s. Linking
these dynamics with the aforementioned evolutions in milk production shows that in 2021, 44.8
% of the world's milk was produced in Europe or North America, with 15.8% of the world’s
dairy cattle population, only accounting for 27.8 % of the global greenhouse gas emissions
attributed to milk production. This highlights the possible major pitfalls for the industry
regarding sustainability. The increase in production in certain parts of the world seems to have

counteracted the realised emission improvements in other parts of the world.
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Figure 1.4 Using the data reported by the FAO, this plot illustrates the
estimated emission of greenhouse gasses linked with the production of milk
over the last 60 years. Methane and nitrous dioxide emissions were converted
to their CO; equivalent (1kg CHs4 : 25kg CO,, 1kg N,O : 298kg CO). Data was
grouped by continent, highlighting regional differences.

Furthermore, greenhouse gas emissions only represent one of the many challenges emanating
from dairy production. Milk production challenges biodiversity, water and energy use and soil
fertility (Van Calker et al., 2005). While dairy is not the only sector contributing to these
disruptions, disruptions in all these layers of the environment have been recorded at an alarming
rate in the last decade, justifying the urgency for a more sustainable approach across all

industries, including dairy (Cardinale et al., 2012; Allen et al., 2018; Salehi, 2022).

Thompson (2007) provides an overview of the conceptual definitions of “sustainability” and
what it could mean in the agricultural context. Although this work relates more to the
philosophical analysis of this broad buzzword, it also brings new understanding to the different
positions taken today in the sustainability debate. One of the definitions of sustainability
resonating the most with the mainstream paradigm in the dairy industry is the resource
sufficiency concept (von Keyserlingk et al., 2013; Britt et al., 2018). In Thompson (2007), the

resource sufficiency concept is defined as follows :

Sustainability as a measure of the duration associated with practices that produce (or detract
from) well-being. It leaves questions about whose well-being and the relative measure of different
forms of satisfaction open. It is consistent with the general form of the utilitarian maxim, and indeed
seems to specify nothing more than the temporal dimension of it.

In a certain sense, this definition formulates the global hurdle of sustainability. The crux lies in

the openness of whose well-being is assessed and how much it weighs in the general



appreciation of sustainability. In other words, the rise in milk production in developing
countries could be interpreted as a sustainable way for these countries to increase the well-being
of their population. This is achieved by increasing food or economic security and attributing
relatively lower importance to milk production's environmental or social aspects. It also creates
a framework to understand evolutions in consumer perceptions in Europe or North America,
where the general welfare of cows is included in the sustainability framework in the absence of
perceived threats to human well-being. Seeking to achieve sustainability in this context

necessitates exploring potential solutions, such as those offered by technological advancements.

At the same time, automation and digitalisation have revolutionised agriculture as a whole and
their potential to achieve sustainable food production has often been discussed (FAO, 2022b).
For instance, FAO in their report “State of Food and Agriculture 2022” formulates its potential

in the following way:

Agricultural automation can raise productivity, build resilience, improve product quality and
resource-use efficiency, reduce human drudgery and labour shortages, enhance environmental
sustainability, and facilitate climate change adaptation and mitigation. (FAO, 2022b)

However, the report also states that this potential can only be achieved if the developed
technologies are available, inclusive, accessible to all, and tailored to local conditions. In a
certain sense, the FAO pleads for all actors in the industry to evaluate their potential elements
of progress against these limitations. Only then will the industry be able to harness the
inherently revolutionising potential described for numerous technologies (Al, Robotics, cloud
solutions...) and lead to global sustainable agriculture. For academics, this request could be
seen as adding an assessment component when evaluating automation and digitalisation to
achieve more sustainable food production. Not only including the direct micro repercussions in
implementing their research but also the possible macro repercussions outside of their initial

research goals.

1.3 Health in the Dairy Sector

The cow's health has often been central to evaluating the well-being question posed by the
sustainability framework. This can either be expressed in the direct effect of health challenges
on production as well as the underlying welfare issues. Whereas conceptually, the link between
health challenges and detrimental welfare situations is rational, it is challenging to quantify
accurately. Numerous studies have shown the effects of disease on production parameters:

decreased reproductive performance (Bertoni et al., 2009; Santos and Ribeiro, 2014), decreased



milk yield (Fourichon et al., 1999; Warnick et al., 2001; Adriaens et al., 2021b). Health as the
point of action to improve the dairy industry's sustainability takes different forms academically.
It consists of studying and understanding the processes at play ((patho)physiologically,
epidemiologically, economically...), transferring this understanding to detect detrimental

situations and consequently allowing the prevention or cure of health-disrupting events.

The digitalisation of dairy farms in the context of health played a major role in revolutionising
the fundamental understanding of health. This mainly due to the increase in data volume and
novel data measuring techniques (behaviour, vision...), combined with an increased
accessibility in cutting edge methods for analysis (artificial intelligence, machine learning,
increased computing power...) (Hermans et al., 2018). As an example, sensor technologies
allowed the associations between rumination behaviour and the occurrence of health diseases
to be quantified (Paudyal et al., 2018). In the case of the detection and prevention of certain
health statuses through automated digital systems, progress has been more nuanced. Academic
efforts researching this topic still encounter low implementations in the outside world
(Eckelkamp, 2019). Low confidence in the reported disease definitions, necessitating a learning
process, cumbersome data integrations, and economic costs are often cited as reasons
explaining the difficulty in reaching higher adoption of these technologies (Barkema et al.,

2015; Eckelkamp, 2019; von Keyserlingk et al., 2024).



Chapter 2.

State of the Art



2.1 The Transition Period
2.1.1 From Physiology to Pathology

The typical cyclicity in a dairy cow's life is determined by the cycles of lactations, which, in
terms, define the lifetime productivity of a dairy. Each cycle or lactation starts with a calving
event initiating the productive stage of the lactation cycle. As the lactation progresses to peak
milk, the animal resumes her reproductive stage of lactation, eventually leading to pregnancy.
Milk production typically stops around 220 days of pregnancy as the cow is dried off (Goselink
etal., 2024). Even though the optimal length of the lactation is currently debated in the industry,
in practice, it typically ranges from 370 to 450 days (van Knegsel et al., 2022). Although each
of these stages present their own challenges, the transition between two lactations has been the
industry's main focus since the beginning of the 21st century (Drackley, 1999; Overton et al.,
2017). The transition period is typically defined as the period of 3 weeks before until 3 weeks
after calving (Grummer, 1995). Nevertheless, currently discussions exists in the literature,
where some authors argue that the transition period should be defined from dry off till 6 weeks
after calving (Lopreiato et al., 2020). During that period, animals present an elevated risk of
developing metabolic and/or infectious diseases, having possible long-lasting effects during the
remainder of the lactation. Different authors emphasised on the concept of homeorhesis to
understand and explain the physiological processes during this period (Bauman and Bruce
Currie, 1980; Horst et al., 2021; Van Saun, 2023a). Contrary to homeostasis, which represents
the physiological process to maintain a physiological status quo, homeorhesis represents the
physiological prioritisation of essential nutrients by different tissues to support a specific
physiological state (e.g. pregnancy). At calving, the physiological status of the dairy cow needs
to transition from a non-lactating pregnant state to a lactating non-pregnant state in a matter of
hours. In a homeorhetic process, the prioritisation of milk production characterises this
transition of states. Concretely, 97% of the net energy during the transition period is utilised by
the mammary gland (Drackley, 1999). This, at first sight, could be seen as beneficial, though
this unconditional focus of the metabolism seems to have detrimental effects on deprioritised
key physiological processes such as immunity and reproduction. Epidemiological studies have
shown that 30 to 50% of dairy cows will experience at least one health challenge during the
transition period (LeBlanc, 2010; Hostens et al., 2012). These health challenges have been
qualified in the past as a man-made production disease caused by the intensification of milk

production, straining the animals' natural metabolism (Mulligan and Doherty, 2008). To grasp



how these physiological processes can evolve to vulnerable situations, an outline will be given

on the drastic alterations in both the calcium and energy metabolism.

Within the 24 hours after calving, calcium requirements increase by 6-fold (Pascottini et al.,
2022). This increase in calcium requirements is the concrete manifestation of the homeorhetic
priority towards supporting milk and colostrum synthesis (Couto Serrenho et al., 2021). This
prioritisation can potentially jeopardise calcium’s other important roles in multiple
physiological processes including bone mineralisation, coagulation, cardiac action potentials,
cell signalling as a second messenger, muscle contractility and immune response (Wilkens et
al., 2020; Horst et al., 2021). Although calcium reserves are abundant within the bones,
mobilising the bone-stored calcium needs to be complemented with gastrointestinal and renal
absorption of calcium. The organisation of the different bone/intestinal tissues in the function
of this calcium demand is modulated by hormones such as parathormone and calcitriol and
utilises other minerals such as magnesium and phosphorus (Wilkens et al., 2020).The specific
pathways regulating calcium concentrations however fall outside the scope of this manuscript.
Nevertheless, the described prioritisation has been associated with detrimental effects on health,

fertility, and production (McArt and Oetzel, 2023).

Concurrently, the initiation of the lactation is also characterised by a deficit in energy caused
by the disbalance between the nutritional energy input and energy output in the form of basal
metabolism and milk. A reduction in dry matter intake (DMI) 2 to 3 weeks before parturition
combined with a lagged recovery to the maximal DMI at the start of the lactation causes the
restriction in energy input (Bell, 1995; Grummer et al., 2004; Drackley et al., 2005). Oppositely,
the output increase at the start of the lactation is mainly due to the production of milk (Drackley,
1999). The intrinsic alterations in the energy metabolism needed to maintain milk synthesis
under negative energy balance (NEB) have been an industry-wide research focus since the
initial definition of the transition period (Grummer, 1995; Friendly, 2010; De Koster and
Opsomer, 2013; McArt et al., 2013b; VandeHaar et al., 2016; Overton et al., 2017). In their
review, Horst et al. (2021) expand on the physiological adaptation of the glucose metabolism
given its central role in lactogenesis and the subsequent osmoregulatory force driving the milk
volume. To compensate for the dietary shortage of gluconeogenic precursors occurring at the
start of the lactation, hormonal modulation allows catabolism and mobilisation of respective
muscle and adipose tissue (Bell, 1995; Bell and Bauman, 1997). The lipolytic mobilisation
manifests itself as the export of non-esterified fatty acids (NEFA) from the adipose tissue under

modulation of somatotropin, insulin and catecholamines. Although this influx of NEFA forms

10



a substantial source of energy for the peripheral tissues and mammary gland, some of it is
converted into ketone bodies. The exact mechanism regulating ketogenesis occurring in the
liver is not fully understood. Yet, it is likely that a limited supply of oxalacetate combined with
the buildup of acetyl-CoA through the B-oxidation of NEFA, pushes the acetyl-CoA towards
ketogenesis. Additionally, reduced glucose uptake in the skeletal muscle also occurs because
of the oxidation of fatty acids and ketones (De Koster and Opsomer, 2013). Similarly to
calcium, Horst et al. (2021) describe a homeorhetic process regarding glucose, where a
unidirectional flow of glucose/energy is organised towards the udder to support the drive to

produce milk.

In summary, the transition period is characterised by a shift in production status, turning the
psychological priorities upside down. Despite the seemingly standard nature of this
prioritisation towards milk production, pathological evolutions in other deprioritised processes

can challenge the sustainability of milk production.

2.1.2  From Clinical to Subclinical

It is generally assumed that maladaptations caused by the calcium and energy focus induce a
state of immunosuppression, facilitating the development of infectious diseases (Wilkens et al.,
2020; Horst et al., 2021; Pascottini et al., 2022). The general dogma regarding the transition
period has been that clinical disease only represents the ‘tip of the iceberg’, while under the
surface a larger proportion of animals face subclinical diseases, insidiously altering the health
and welfare of the animal (LeBlanc, 2010). Initially focusing on the clinical diseases, the term
‘production diseases’ is typically used to describe clinical hypocalcemia, retained placenta,
metritis, clinical ketosis, displaced abomasum (Drackley, 1999; Probo et al., 2018) as well as,
lameness and mastitis occurring early in lactation (Mulligan et al., 2006). Within the production
diseases, metritis, mastitis, and certain forms of lameness represent infectious diseases of the
uterus, udder and parts of the locomotive system, respectively. Clinical hypocalcemia and
clinical ketosis characterise metabolic disruptions in calcium and ketone bodies in the blood.
The remaining disorders represent a more eclectic appearance of pathological situations, though
etiologically still seen as a consequence of the processes occurring in the transition period,
Table 2.1 provides a global view of these production diseases clinical signs and aetiology. Many
of the aforementioned production diseases result in reduced milk yield (Seegers et al., 2003;

Hostens et al., 2012; Adriaens et al., 2021b), lower reproduction performance (Giuliodori et al.,
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2013; Pascottini et al., 2020), higher culling rates (Probo et al., 2018) and altered animal welfare
(Proudfoot, 2023).

Table 2.1 General overview of the production diseases. clinical signs and etiology was
extracted from literature.

Disease Typical clinical signs Etiology
Clinical mastitis Inflammation signs (swelling, heat, bacterial infection
(Ruegg, 2017) hardness, pain, redness)
clots in milk
Clinical Metritis Purulent uterine discharge, Polymicrobial infection

(Sheldon et al., 2006) sometimes with systemic clinical
signs such as fever, milk production
decrease, anorexia, depression

Clinical Paresis, subnormal body Increase in calcium
hypocalcemia temperature, cold extremities, requirements near parturition
(Lorenzetal., 2011) tachycardia combined with a
dysfunctioning calcium
regulation
Clinical ketosis Anorexia, milk yield decrease, loss Excessive fat mobilisation &
(Fox, 1971) of body condition, dry firm faeces, accumulation of ketone
sometimes neurologic signs bodies in blood
Displaced abomasum  Anorexia, milk yield decrease Abomasal hypomotility
(LeBlanc et al., 2005) and/or dysfunction of the
intrinsic nervous system
Retained placenta Failure to expel fetal membranes Precise etiology unclear,
(Sheldon et al., 2006)  within 24h after parturition though probably caused by a
disturbed immunology
Lameness Abnormal  movement  and/or Pain inthe locomotor system,
(Roche et al., 2024) posture mainly hoof due to infection

(digital dermatitis, foot rot,
heel horn erosion, interdigital
dermatitis) or non-infectious
(sole  hemorrhages, sole
ulcers, or white line disease)

The prevalence of these diseases has been described by Drackley et al. (1999) and are presented
in Table 2.2. This table also combines these prevalences as reported in 1999 with those
described in Van Saun et al. (2023) as obtained from more recent American Animal Health
Monitoring Data. Van Saun (2023) argues that the trends in disease prevalence demonstrate
that little to no progress has been made in reducing disease occurrences over the past 25 years.
A more concrete demonstration of this trend can be found in Lean et al. (2023), where
associations between parity and production disease were studied by pooling data from different
studies from 1992 to 2020. In their logistic regression models, the effect of the study year
showed some reduction in the odds ratio in the case of clinical hypocalcemia, displaced
abomasum, and retained placenta. An increase in odds ratio over the years was found for clinical

ketosis, mastitis, and lameness.
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Table 2.2 Compilation of reported production disease incidence found in Drackley (1999)
and Van Saun (2023).

Drackley (1999) Van Saun (2023)

Disease l\g}ean Prevalence Reported prevalence + standard error
0
Emi)n — max]
1996 2002 2008 2014
Milk fever 7.2[0-44.1] 52+0.1 52+01 49+£01 28+0.2
Retained Placenta 9.0 [0 — 22.6] 78x0.2 7802 78+£02 45+04
Metritis 12.8 [0 - 66] NR NR NR 6.9+£0.8
Ketosis 3.7[0-20] NR NR NR 42+05
Mastitis! NR 13.1+£03 147+03 165+05 248+24
Lameness NR 105+£03 11.6+03 129+0.3 8.2%05
Displaced 3.3[0-14] 2.8+0.2 08+£01 06+£01 06+£0.3
abomasum

! Limited to the postpartum occurring mastitis.

While the precise etiopathogenesis of these diseases was intensively researched (Horst et al.,
2021; Van Saun, 2023a), others have attempted to create intervention methods to limit their
negative consequences (LeBlanc, 2010). Returning to the iceberg analogy, mitigation strategies
have focused on what’s happening under the water level, associating subclinical diseases as a
gateway to the clinical disease or detrimental on their own. In contrast to infectious subclinical
diseases defined by a pathogen, metabolic subclinical diseases are not defined by the presence
or absence of a metabolite. They are rather defined by associations for different metabolites at
different concentrations emanating from metabolic surveys. In other words, metabolites
become biomarkers for their own subclinical disease, with estimated detrimental effects in the
real world. Different metabolites/biomarkers have been studied in recent years to estimate the
proportion of animals with subclinical diseases. Subsequently, the effects on production, health
and reproduction were used to discriminate metabolically favourable from unfavourable states.
This section will give a short overview of the studied biomarkers and their associations with an

animal's health and metabolic status.

Circulating NEFA and Beta-hydroxy butyrate (BHB) formed the starting point to discriminate
favourable from unfavourable metabolic status with regard to the NEB. Overton (2017) links
this starting point back to the first rigorous epidemiological study by LeBlanc et al. (2005)
linking different biomarkers (NEFA, BHB, glucose, phosphate, calcium, cholesterol and urea)
with displaced abomasum. They found that elevated prepartum NEFA and elevated post-partum
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BHB were associated with an increased risk of developing displaced abomasum. These
increased risks kickstarted a series of studies investigating further associations under the general
idea that both biomarkers were indirect measures of the magnitude of NEB and the success of
the cow’s adaptation to it (Herdt, 2000). McArt et al. (2013a) provide an overview of the
different studied cut-off values for BHB and NEFA in blood pre- and post-partum and their
association with diseases or diminished production in the transition. Their overview identified
the increased BHB post-partum as having consistently been associated with a higher risk of
displaced abomasum and culling. Post-partum increased BHB showed inconsistent effects on
reproduction and production performances. For NEFA prepartum, it was found that displaced
abomasum was more likely, reproduction and production were negatively impacted, and culling
risk was higher. Post-partum NEFA concentrations were associated with a higher risk for
diseases (e.g. clinical ketosis, metritis, displaced abomasum). However, no associations with

reproductive performance and inconsistent associations with milk yield were found.

Other biomarkers have been proposed such as insulin-like growth factor-1 (Wathes et al., 2021),
fructosamine (Sorondo and Cirio, 2009; Caré et al., 2018) and haptoglobin (Huzzey et al., 2009,
2011, 2015). These alternate biomarkers presented similar associations as BHB and NEFA with
some form of metabolic status. A short overview of these associations: higher haptoglobin
concentrations were associated with lower milk yield (Huzzey et al., 2015) and lower
reproductive performances (Huzzey et al., 2011). Fructosamine was associated with the glucose
concentration over the previous 1-3 weeks (Caré et al., 2018). Lower IGF1 concentrations were

found to be associated with low DMI and lower milk production.

2.1.3 From Biomarker to Monitoring

With the aim of creating accurate on-farm possibilities to detect metabolic unfavourable
situations and prevent detrimental effects on the animal, in-field monitoring strategies were set
up parallel to academic research identifying biomarkers. For the daily management of the
transitioning cows the initial strategy formulated by LeBlanc (2010) consisted of measurement
of NEFA one week prepartum or BHB measurements in the first week after calving. In practice,
NEFA measurements were rapidly abandoned, due to the lack of an accurate cow-side test
(Overton et al., 2017). Other biomarkers faced similar limitation to their implementation. In
contrast, BHB measurements could be made in blood using a handheld device, urine or milk
using colour strips (Iwersen et al., 2009). These tests measurements presented high sensitivity

[87-93%] and specificity [93-100%] at identifying elevated BHB in their respective media and
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at different cut-offs when validated with lab tests (LeBlanc, 2010). The availability of these
accurate cow-side measurement options has formed the basis for the industry-wide focus on
BHB as the key biomarker, while research has indicated multiple times its nuanced and
inconsistent role (McArt et al., 2013a; Overton et al., 2017; Horst et al., 2021). Under the
general idea that “you can’t manage what isn’t measured” for the last 15 years, farmers have

been monitoring BHB, albeit with little or no effect on disease prevention (Van Saun, 2023a).

Alternative methods have been researched to circumvent this BHB-centred and cut-off based
focus. For instance, researchers used machine learning clustering as unsupervised dimension
reduction techniques to combine multiple biomarkers into automated metabolic status classifier
models (De Koster et al., 2019; Grelet et al., 2019; Xu et al., 2019; Vossebeld et al., 2022;
Heirbaut et al., 2023; Zhang et al., 2023). These models were defined in a similar way in these
studies. Study data was clustered based on measured biomarkers or calculated energy balance.
The discrimination between imbalanced/unfavourable clusters and balanced/favourable clusters
was made using different descriptive statistics such as biomarkers (BHB, NEFA, IGF1), DMI,
milk production and disease diagnosis within the clusters. for example, Heirbaut et al. (2023)
classified the clusters with high BHB and NEFA combined with low glucose, insulin and IGF1
as imbalanced. The imbalanced cluster presented a 2.97 higher relative risk of developing a
production disease. Both De Koster et al. (2019) and Heirbaut et al. (2023) proposed models
that are able to predict the cow’s cluster based on readily available milk mid infrare spectra and
dairy herd improvement (DHI) data. They state that their model could be used as a way to
routinely screen for the metabolic status of animals, though to our current knowledge, this has
not been implemented in the field. More recently, behaviour monitoring has also been
investigated as a possible alternative to the predominance of biomarkers (Overton et al., 2017).
By focusing mostly on the rumination behaviour and the time spent ruminating, associations
were found with low rumination times and clinical diseases and elevated key biomarkers
(Kaufman et al., 2016; Schirmann et al., 2016). Stangaferro et al. (2016a; b; c) by developing
an automated health-monitoring collar system that combined rumination with physical activity
studied were able in a large observational experiment to detect disease events (displaced
abomasum, hyperketonemia, indigestion, mastitis, and metritis) with a sensitivity of 59% and
a specificity of 98%. Despite the limitations of a single-farm setting, those promising results
highlight the possible usage of behaviour in short-term monitoring of the transition period in

individual animals. However, again the implementation of these seemingly promising
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technologies in the real-world farm seemed to have been hampered by external factors outside

of the effectivity of these technologies.

On the long term, the advent of standard genomic testing and refined selective breeding
solutions open the ability to adapt breeding programs to account for the health and welfare
challenges posed by the transition period (Aleri et al., 2016). Genetic parameters have been
studied for a plethora of phenotypes such as metabolic disease cases (Pryce et al., 2016), the
general immune response (Thompson-Crispi et al., 2014), BHB concentrations in milk and
blood (Leal Yepes et al., 2019; Nayeri et al., 2019; Pralle et al., 2020), dry matter intake (Tetens
et al., 2014) and metabolic clusters (Atashi et al., 2020). Some of these studies were
implemented into commercial products, e.g. CLARIFIED® plus (Zoetis, Parsippany-Troy Hills,
US; Fessenden et al., 2020).

On the one hand, the long-term breeding solutions that seem to have been developed in recent
years allow us to stay positive about tackling the transition period in the future. On the other
hand, the short-term options to improve health seem to have failed in the last 15 years or are
not able to penetrate the dairy industry. Although the general discussions in (inter)governmental
organisations are focusing on the automation of farming to solve challenges like the transition
period monitoring. The following section will frame this automation revolution in a historical
context and expand on the possible leverage points this phenomenon presents in order to

challenge the current status quo in the individual short-term transition period monitoring.

2.2 Precision livestock farming

2.2.1 What is precision livestock farming?

The FAO defines precision livestock farming (PLF) as follows:

“A data-based livestock management strategy that monitors and controls individual animal or
group productivity, environment, health and welfare in a continuous, real-time and automated
manner. It focuses on improving resource-use efficiency, productivity, quality, profitability and

sustainability of livestock production.”(FAO, 2022b)

This definition provides a vague outline of how automation and digitalisation can be used
concretely towards sustainability. Concrete examples of how PLF manifests itself as a tool,
arise from the early-day publications that conceptualised PLF (Wathes et al., 2008; Berckmans,
2017). Wathes et al. (2008) defined PLF as applying process engineering principles and
technologies to livestock production. Furthermore, to apply PLF for biological processes, they

state it requires:
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1. Continuous sensing of the output with information fed back to the process controller >

growth, body condition scores, activity

2. A mathematical model able to predict dynamic responses of the output for variations in

each input. = growth curves, nutrient modelling, heat detection from activity change

3. A target for each process output. = accepted deviance from growth curves, accepted

fluctuations in body condition scores, threshold for heat event trigger

4. Actuators and a model-based predictive controller for the process inputs. = Alert

systems for deviations

Recent advancements in sensor development and miniaturisation, communication technologies,
modelling techniques,, and modelling technologies, combined with the global digitalisation of
agriculture, have shifted PLF-based approaches into higher gears (Aquilani et al., 2022). This
resulted in the development of a plethora of new measurement/sensor technologies, sometimes
combined with the development of models associating the produced data with real-world events
(Garcia et al., 2020; Aquilani et al., 2022). Those recent studies have focused on behaviour
identification e.g. grazing behaviour in cattle with accelerometers collars (Aquilani et al., 2022)
or on the identification of the health status of cows through different physiological
measurements such as body temperature sensors or body weight (Stygar et al., 2021). Some
studies going a step further by linking behaviour with health status (Stangaferro et al., 2016a;
b; ¢). Despite the increasing array of technologies focusing on cow physiology/behaviour, the
transfer towards real decision-making to improve health management has lacked some key
components such as information integration (Rutten et al., 2013). Historically, automation has
played a major role in improving the dairy industry. Almost a century before the
conceptualisation of PLF, the dairy industry already focused on data collection and how it could
improve milk production. Retrospectively, these approaches could be seen as early forms of
PLF with all the principles of process engineering present, only lacking in the continuous
sensing of the process. The next section will explain how DHI were established and how they

fit in a PLF framework.

2.2.2  Dairy industry: precision livestock farming before it was cool.

The dairy industry has historically been a pioneer in the standardised recording of production

data. In the US, this started as early as 1905 (Hodgson, 1964). In Belgium, the creation of a
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generalised milk recording system was instituted in 1919 as a tool to improve dairy breeds
(AWE). From those early days, the drive to collect data as a way to improve general production
has always remained central in the dairy industry. Digitalisation and automation over the course
of the 20" century have allowed the diversification of the data that could be recorded. This
digital revolution also allowed technologies to assist the farmer in daily repetitive tasks that

require physical or mental labour (Hodgson, 1964; Aernouts and Adriaens, 2023).

The best in-field example of this digital revolution has been the incremental changes to DHI
programs. A program originally built as formative tool, which consisted of individual cow
recording on farm where production and milk fat were recorded by itinerary specialists
(Hodgson, 1964). This program incrementally grew from its initial goal of educating the
farmers, to assist farmers in their breeding decisions, to incorporate economic evaluation of
production, and to provide approximate herd health evaluations. Although the DHI has not been
the only groundbreaking implementation of technological tools, the improvements of the
modern dairy industry stand on the shoulders of the DHI programs (Voelker, 1981; Weigel et
al., 2017). The focus on production data and derived tools over the last 100 years allowed
breeding organisations to calculate the genetic value of high-producing animals and select the
best within the population (Wiggans, 1991; Weigel et al., 2017). This potential has been widely
understood int the industry, the International Committee for Animal Recording (ICAR) reports
compiled the self-reported participation rates from the different DHI organisations all over the
world. Figure 2.1 provides an overview of those participation rates in Europe in 2022. In
Belgium, only 42.2% of the dairy farms participated in a DHI program in 2022. The DHI
programs in Belgium are regionally organised, either by the Dutch/Flemish breeding
organisation (CRV; Arnhem, The Netherlands) or the Walloon breeders association AWE
(Ciney, Belgium). Reported participation rates in 2022 were 54.3% in Flemish herds and 25.8%

in Walloon herds.
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Figure 2.1 Self-reported participation rates in DHI programs across Europe. A)
Map of European DHI participation rates. Countries are labelled with the
percentage of recorded cows from the global population. Below that is the
number of animals recorded (in 100.000 animals). B) Overview of participation
in a 10-year window (2012-2022). On the y axis, the percentage of recorded
animals is plotted for Belgium and its neighbouring countries.
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Figure 2.2 visualises the modern analysis of how DHI programs could be interpreted as a PLF
approach to milk production as a biological process. The inputs and output of the PLF
framework are clear in the case of milk production: nutrition, management, health and genetics
lead to an output of milk. Sensing of the output would be associated with the 4 to 6 weeks
recording of milk production and a detailed overview of what is measured today: such as milk
solids (fat %, protein %...), somatic cell count, urea in milk. These data are directly transmitted
to the farmer serving as a non-model base controller, which will use farm-specific targets to
assess the inputs of their milk production. Alternately, the role of a model-based controller
could also be assigned to the breeding value models. These are used to estimate the genetic

merit of animals, which in term can be used to influence the genetic input of milk production.

INPUT:
- Nutrition Biological Process: OUTPUT:
- Management Milk Production Milk (kg)

- Genetics
A

A 4

.| Mathematical Model: Sensor:
Lactation Curve Milk meter

Y

(Model Based)
Controller: 3
Human Farmer

A

Target

Figure 2.2 Graphical representation of how milk recording in DHI could be
interpreted within a PLF framework. Adapted from Wathes et al. (2008)
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Ultimately, mathematical lactation curve models perform the milk yield (output) predictions,
serving as the PLF framework's core component. An overview of these models is presented in

the following section

2.2.3  Lactation curve modelling

Modelling techniques

With the aim to process and evaluate the collected milk production records, mathematical
modelling of the lactation process started in the 1920s with Brody et al. (1923). Following on
their initial paper describing only the descending phase of the lactation curve, Brody et al.
(1924) updated their model to include the ascending phase of the lactation curve. Despite 100
years of research and the numerous models developed over the years, the initial shape of the
lactation curve remained unchanged, shown in Figure 2.3. Modelling the lactation curve has
been characterised by a high variability of approaches: from empiric to mechanistic, from
parametric to non-parametric, from linear to non-linear. Overall, the preponderant approach to
lactation curve modelling has been empiric, parametric and non-linear. The subsequent segment

will clarify the definitions of these terms, in the context of lactation curve modelling.

wn
()

Milk Yield (kg)*

0 100 200 300
Days in milk #
Figure 2.3 General shape of the lactation curve (orange, -) extracted from the

fitted value of a wood model, the values used for the fit are the daily milk yields
of a single cow (blue, -)

In essence, empiric means that those models are based on the descriptive components of
lactation. This is in contrast to mechanistic models, which are based on underlying theoretical

assumptions (Macciotta et al., 2011). As an example of this binary distinction, a mechanistic
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model could base its milk yield prediction on the underlying energy compartmentation theories,
whereas empiric models would only look at the course of milk yield over time. This distinction
is often described as choosing between a practical value (empiric) or generating new knowledge
(mechanistic; Nestorov et al., 1999). However, nuance is necessary when models are
differentiated within this binary view. Assuming theoretical assumptions are only reserved for
mechanistic models would overshadow the complexity of the lactation curve modelling
(Macciotta et al., 2011). Concretely, even the simplest empirical model contains theoretical
assumptions, such as the expectation of a peak yield, ascending phase, and descending phase.
In a pharmacological context, Nestorov et al. (1999) underline the important relativity of this
distinction, suggesting to focus on the model's predominant element and not underestimating

the extrapolation capabilities based on this distinction.

Parametric refers to the model’s use of a finite set of parameters to describe the response of
milk production in time in a linear or non-linear function. The parametric approach allows the
algebraic calculation of lactation curve characteristics, such as yield at peak production and
time to peak using the first derivation of the lactation curve function or cumulative milk yields
by integrating the function over a specific time interval (Bouallegue and M’Hamdi, 2020).
Additionally, the non-linear functions used in most of the parametric models were exponential
or included an exponential element in the function. This inherent exponential characteristic,
while providing a good fit on the physiological process of the lactation, required some
manipulation to reduce the computational power needed to use these models (e.g. linearisation
of gamma functions) (Bouallegue and M’Hamdi, 2020). More recently, non-parametric models
have also been studied. Those models differ from the parametric approach not by a complete
absence of parameters, but by the fact that the model structure is not specified in advance
(Salvador, 2017). The structure is extracted from the data itself in a so-called training process,
where the number and essence of parameters can vary depending on the training data (e.g.
neural networks) (Salvador, 2017). Non-parametric approaches are often referred to as black
boxes due to the difficulty of interpreting the inner workings of specific models. The trade-off
between interpretability (parametric models) and flexibility (non-parametric models), is not

binary and exists on a spectrum dependent on the specific modelling techniques.
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Overview Models

The emergence of these different approaches can be analysed as a stepwise search for
improvement in lactation modelling. Table 2.3 enumerates the principal lactation curve models
and their mathematical properties (Macciotta et al., 2011; Bouallegue and M’Hamdi, 2020).
The first viable function was formulated by Wood (1967) in the early days of the computerised
era. Wood’s function is an incomplete gamma function (exponential), presented a good fit and
has a computational less demanding linearised fitting option. Globally, up to the present day,
the Wood (1967) model is the reference to model the lactation curve (Dijkstra et al., 2010). The
underlying reasons for the central role of the Wood model could lay in the simplicity of the
model (3 parameters) or the linearisation possibility. Despite the shortcomings of the Wood
model and an array of remedial models (Cobby and Le Du, 1978; Congleton and Everett, 1980;
Dhanoa, 1981; Dematawewa et al., 2007), the practicality and interpretability of alternate

models seemed to hamper further implementations (Dijkstra et al., 2010).

The addition of a mechanistic layer to lactation curve models was studied at the end of the
1980s. Starting with the publication of Wilmink (1987), the correction of predictions for
environmental factors was investigated. While these corrections were computationally
challenging, a viable model was presented. This was possible by using clever model
engineering, such as dimension reduction by splitting the factors into classes (e.g. 10 age
classes) and separating the effect estimation of environmental factors (linear mixed model) from
the fitting to the lactation curve (exponential curve). Similarly, Stanton et al. (1992), during the
development of the test day model, integrated corrections for environmental factors, though
these corrections were not applied to a lactation curve but to group/herd averages. Ptak and
Schaeffer (1993), hypothesised that these corrected daily predictions would allow more
accurate breeding values, but would require a drastic increase in computational power. By the
late 1990s, multiple national breeding organisations had adopted the test day model for
evaluating milk production traits (Weller et al., 2017). In Flanders and the Netherlands, the

Wilmink model was used.

Fully mechanistic models developed by Dijkstra et al. (1997) and Pollot (2000) approached the
milking process by exploiting the close relation between milk production and the number of
cells in the mammary gland. These models describe the proliferation and death of mammary
gland cells during lactation to model milk yield. An alternate approach within a mechanistic

framework was formulated by Martin and Sauvant (2010), where the compartmentation and
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prioritisation of energy towards different physiological statuses (growth, maintenance,
gestation and lactation), using an array of sub-models. Their approach described changes in dry
matter intake, body weight, foetal growth, milk yield and composition. Although these
mechanistic models showed similar fits to the standard empiric models (Dijkstra et al., 2010;
Martin and Sauvant, 2010), the direct link with biological processes would seemingly increase
the interpretability of the model. Nevertheless, Pollot (2000) indicates the limitations formed
by their model's overparametrisation and the difficulties it would have to fit in a monthly-based

recording system.

The pursuit of greater flexibility, particularly in addressing individual lactations deviating from
the average pattern, has driven various studies away from traditional parametric models
(Macciotta et al., 2011). Initial studies looked at different non-parametric methods to predict
milk yield such as cubic splines regressions (White et al., 1999; Silvestre et al., 2006), neural
networks (Lacroix et al., 1995) and kernel density estimations (Weihrather, 1993). In recent
years, the emergence and wide accessibility of non-parametric models (specifically machine
learning techniques), combined with an ever-increasing variety and volume of data, has
provoked an increase in interest in these techniques. The initial benefit of these models was an
increased model accuracy when compared to traditional lactation curve models (Grzesiak et al.,
2006; Murphy et al., 2014). In the neural network model developed by Liseune et al. (2020),
predictions are adapted to account for health events such as mastitis, by making use of the
inherent capability of neural networks to capture complex non-linear relations. Although these
studies often indicated potential in a non-parametric flexible modelling of milk production, they

remained mostly theoretical so far.

Since the first viable lactation curve models, scientific efforts have been made to improve
lactation curve modelling. Notably, while improvements were found in the modelling
performance, conversion of these into actual implementations within the field are rare. A
hypothetical explanation of the underlying reason for this conservative pose could be found
within the application field of those lactation models, i.e. the DHI and the PLF framework
described above. Within this framework incentives for changing the mathematical model are
low if the model can only reasonably accurately predict the output. Reasonability in this context
would be dictated by the trade-off between (1) the ability of the controller-based model to
impact the inputs based on the prediction, (2) the shortcomings of the model and (3) practicality
(e.g. needed computational power, inputs). In other words, early-day milk yield predictions

were accurate enough to predict impactful breeding values motivating a status quo.
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Table 2.3 Overview of mathematical models representing the lactation curve of dairy cattle.

Publication Type Function Parameters
Brody et al.(1924) Empiric, Y, = ae it — ge~kat a = Milk yield at calving
parametric, k1 = ascending constant
non-linear > k2 = descending constant
exponential t =time
Wood (1967) . Y, = atPe~ct a = scaling factor ~ average milk yield
Empiric, b = pre-peak curvature
parametric, C = post-peak curvature
non-linear - InY, =Ilna+bInt—ct t = time
exponential
Wilmink (1987) . Y, =a+be k +ct a = scaling factor ~ average milk yield
Empiric, b = production increase towards peak yield
parametric, ¢ = production decrease after peak yield
non-linear - t = time
exponential k = correction factor for the moment of peak
Ali  and Schaeffer t t \> 305 305\2  a=regression coefficient ~ milk yield
Empiric, Yio=a+boote (ﬁ) td—+k (ln —> b = regression coefficient ~ increasing slope
(1987) parametric, ¢ = regression coefficient ~ increasing slope
non-linear - quadratic d = regression coefficient ~ decreasing slope
polynomial k = regression coefficient ~ decreasing slope
t = time
Dijkstra et al. (1997 . b1-e™®h . a = theoretical initial milk production
! (1997) Mechanistic, fp=ae -« b = cell proliferation rate at parturition
parametric, ¢ = decay of cell proliferation constant
non-linear = d = cell death constant
exponential t = time
Ehrlich (2011) eCT_t a = scale, level of milk production
Mechanistic, Y,=al1-——|e b = ramp, increasing slope
parametric, 2 c = offset, correction between calving and start of
non-linear > lactation
exponential d = decay, decreasing slope
t=time
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2.2.4 (Model-based) Controller

In a historical context, as mentioned above, the standardised recording of production was set
up as a tool to educate and provide concrete action points to farmers to manage their farms. In
the PLF framework, the farmer could be seen as the ultimate controller step combining the
measured and predicted milk yields with real-world constraints (feed, temperature, breeding
decisions...) to steer the milk production on the farm. Alternately, the central model-based
controller step for DHI programs has primarily been breeding value models. By linking the
modelled milk production performance as a hereditary feature, sires and cows with high-
producing descendants could be selected for further breeding. An overview of used techniques
within breeding evaluation would fall outside of the scope of this manuscript, though the central
role of these evaluations as a major force in the increase of milk production was already
established in the 1960s (Hodgson, 1964). In Figure 2.4, this increase in milk production is
visualised using data from the USDA and FAO (USDA NASS; FAO, 2022a). Unilaterally
attributing the progression of milk production to genetic selection would overshadow the
inherent interactions between genotype and environment in determining a phenotype such as
milk production. Concurrent with the improvements in breeding evaluations, improvements in
feeding, breeding and disease management created an environment where genetic merit could
express itself. Nevertheless, the average national production follows the same trend as the
historical evolution in breeding values reported by different studies and breeding organisations
(Weigel et al., 2017; CRV, 2018). Breeding for milk production impacted the whole industry,
whether a farmer actively participated in DHI programs or solely used curated semen provided

by breeding organisations.

This success story is mostly built on the usage of 1 specific type of trait, the cumulative yields
(kg milk, fat, protein) within 305 days in milk (Cole et al., 2023). Since the mid-1990s, breeding
organisations have attempted to create more depth in the variety of genetically evaluated
phenotypes (such as fertility, health, calving, workability and longevity), in an attempt to
balance the possible adverse effects created by mono-trait selection towards high production
(Miglior et al., 2017; Cole et al., 2023). The prerogative for this diversification in genetic traits
was the diversification in available phenotypes (Miglior et al., 2017). More specifically, this
manifested itself in the rollout of new measurements on the collected milk, with some of these
phenotypes being presented back to the farmer as monitoring tools for identifying health and
management issues. For instance, urea measurements in milk to identify nitrogen imbalances

in the ration or individualised somatic cell count numbers for udder health monitoring.
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Figure 2.4 Evolution of milk production per cow on average in Belgium,
neighbouring countries and the USA. Data was extracted from the USDA
(1920-1960) and FAO (1961-2022).

Fundamentally, the usage of DHI as an effective day-to-day health monitoring tool is hampered
by the sampling frequency (4 to 6 weeks), but as a monitoring tool at herd-level on the longer
term it has been effective in different fields of dairy farm management such as udder health
monitoring through somatic cell count determination (Ruegg, 2017) or feed optimisation

through the determination of urea concentration in the milk (Jonker et al., 2002).

Currently, the industry's sustainability relies on a more tailored approach to tackle key hurdles
such as health monitoring. The answer to this need was recently embodied by the emergence of
a data-driven approach identifying health perturbations. Concretely, different studies focused
on a similar approach, i.e. an individualised lactation curve is constructed representing the
healthy status of the animal and deviations from that lactation curve were seen as health
challenges (Adriaens et al., 2018, 2020, 2021a; b; Poppe et al., 2020; Abdelkrim et al., 2021a).
These studies moved away from low-frequency data collection inherent to the DHI and
harnessed the capabilities of high-frequency automated data collection through automated
milking systems and milk meters in conventional milking systems. In doing so, insights on milk
perturbation dynamics were unravelled, allowing objective quantifying of milk losses per
perturbation (Adriaens et al., 2021a; b). Although promising methodologies were studied,
implementations in the field have only been reported by Poppe et al. (2020) and again confined
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to the field of genetic improvement. Specifically, The empirical characteristics of the
perturbation (recovery, stability) have been regarded as a new phenotype for resilience and have
been integrated into a breeding evaluation by CRV (CRV, 2024). While the dairy industry is in
dire need of health-focused controller models, transferring the knowledge from literature to

real-world implementations seems to be the final frontier.
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Chapter 3.

Rationale

29



This thesis aims to address sustainability challenges within the dairy industry by prioritising
improvements in dairy cow health, specifically by developing a tool designed to mitigate factors
impacting both production and animal welfare. In the state-of-the-art, we focused on the
transition period, clarifying that it has been and still is one of the main challenges on dairy
farms. The drastic changes that cows experience during this period can potentially negatively
impact animal health and, consequently, jeopardise the sustainability of the dairy industry. We
presented an overview of the research efforts over the last 25 years, aiming to understand the
physiological changes occurring during the transition period. The clinical signs of physiological
maladaptation were categorised into different production diseases, and in addition, the general
dogma was introduced that a clinical disease is generally preceded or accompanied by a
subclinical state of maladaptation. While the previous chapter highlighted the direct link
between this principle and the predominant use of biomarkers for monitoring the herd and
individual cows, it also emphasised the potential shortcomings of this focus. To this end, an
overview of alternatives listed the long- and short-term monitoring of the transition period on
the farm. The second part of the state-of-the-art introduced the concept of PLF and its current
recognition by global policymakers as a crucial path toward improving sustainability. Despite
the 21st-century origin of the PLF framework, it provides a relevant lens for analysing early
20th-century DHI programs. By mapping DHI elements onto the PLF framework, we reveal

how these programs leveraged industry aspects to improve dairy farming.

The state of the art highlights that dairy farms need powerful and validated health monitoring
tools that can specifically address the transition period. Given the global urgency for more
sustainable production practices across all industries, focusing on broadly applicable action
points with a clear emphasis on practical implementations in the field is crucial. In our view,
the process that yielded the current widespread focus on biomarkers for such tools, can be traced
back to the lack of a clear understanding of etiopathology in the transition period. Resulting
from the research studies addressing these processes, monitoring possibilities were formulated.
While this approach resulted in some monitoring possibilities, it had limited effects in
controlling the challenges associated with the transition period. Novel technologies have been
mentioned in the state of the art, yet most of them require a more exhaustive validation or a
financial investment from the farmers before they can be reliably used for disease monitoring.
By approaching the transition period as a controllable process, the PLF framework offers

concrete objectives for developing and understanding a data-based health monitoring tool.
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Figure 3.1 provides a schematic overview of this proposed approach as further addressed in this

thesis.
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Figure 3.1 The transition period fitted within the PLF framework. The green
arrows and the according annotations provide an overview of the following
chapters and highlight how they tie in the transition period framework. Adapted
from Wathes et al. (2008).

This thesis deliberately focused on sensing milk yield as the basis for evaluating the transition
process, within the PLF framework. This approach aligns with health challenge identification
methods developed in multiple studies (Adriaens et al., 2018, 2020, 2021a; b; Poppe et al.,
2020; Abdelkrim et al., 2021a) and inspired by previous work like the transition cow index
developed by Nordlund (2006), within this PLF framework, this thesis deliberately focused on
the sensing of milk yield as measure to base the evaluation of the transition process.
Nevertheless, using milk yield as the output of interest in the specific case of the transition
period also highlighted one of the major gaps in knowledge. Since the transition period can
disrupt milk production from the onset of lactation, the traditional way of fitting lactation
models might be affected by these disruptions. Moreover, these models generally require milk

yield data from the same lactation to predict the remaining lactation curve. Additionally, the
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deliberate focus of our approach towards the sensing of milk yield by using DHI programs and
milk provides dual advantages. Firstly, it facilitates the exploitation of historical, high-volume
datasets which have been routinely collected. Secondly, it enables future implementation on a
majority of farms with few extra investments. Investigating novel insights in well-established

technologies like milk meters and DHI programs reduces the barrier to finding added value.

The scientific aims of this thesis focused on two key aspects of the proposed framework (Figure
3.1): the mathematical modelling and the development and validation of a novel control
measurement. The mathematical model would involve a prediction model, which is able to
accurately predict the unperturbed milk yield at the start of the lactation; this formed the primary
goal of [Chapter 4]. Based on the predictions of this model, a measure would be derived. This
metric needs to provide sufficient insight into the processes at play during the transition period
to allow effective monitoring and control of the transition period. For this an extensive
validation in necessary where this metric is evaluated with regard to its associations with key
elements of the inputs and outputs of the transition period. This constituted the major goal in

[Chapter 5],[Chapter 6] and [Chapter 7].
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Prediction of first test-day milk yield using historical records

in dairy cows
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4.1 Introduction

The increase in milk yield of dairy cattle coincides with multiple challenges imposed to the
cows, especially during the transition period in the six weeks around calving (Probo et al.,
2018). In literature, the duration of transition period has been argued in recent years, certain
authors define the transition period from dry off till 6 weeks after calving (Lopreiato et al.,
2020). In this period, 30 to 50 % of the cows develop metabolic or infectious diseases such as
mastitis, metritis, ketosis, lameness or, displaced abomasum (LeBlanc, 2010; Hostens et al.,
2012; Pascottini et al., 2020b). To better support animals at risk of developing transition
problems, identification methods to date have mainly focused on the lab analysis of metabolic
markers as discriminating factor, either requiring milk or blood samples (Saun and Robert,
2006; De Koster et al., 2019; Grelet et al., 2019). Though, these techniques require action from
the farmer, which may lead to poor identification performance. The development of an
automatic alert system to point out animals at risk, could drastically improve the early

identification of sick animals.

The advent of routine data collection on dairy farms has led to the opportunity to develop data-
driven and automated health monitoring tools. For example, Adriaens et al. (2021) proposed to
monitor udder health through perturbations in milk yield. A bottleneck to this approach is that
it requires an accurate estimation of the expected milk yield in an unperturbed state, typically
derived from a theoretical lactation shape and the production data available from a certain
lactation (Poppe et al., 2020; Abdelkrim et al., 2021b; Adriaens et al., 2021b). In this context,
multiple data-based models using high-frequency milk meter data have been developed to
predict the unperturbed milk yield within the same lactation (Macciotta et al., 2011; Adriaens
et al., 2018). Up till today, these models have had a wide range of application. They have, for
instance, been used to estimate the expected production at herd or cow level, as tools to design
suitable breeding strategies or genetic selection criteria, as individual health monitoring
algorithms and as tools that estimate the response to management and environmental changes
(Dematawewa et al., 2007; Ehrlich, 2011; Macciotta et al., 2011). Predicting the unperturbed
milk production in the first weeks of lactation, however, is challenging, because at that stage
there is a limited amount of milk production data to base the model on. More specifically,
estimates of the unperturbed state based on only the first few days of milk production are
deemed unreliable because health problems might already have influenced the lactation
performance at or even before the start of the lactation. Therefore, differences between

predicted milk yield and actual milk yield could be low while health issues are remain unnoticed
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in the transition period. Nordlund (2006) identified a potential solution which could overcome
the aforementioned issues, by using information from the previous lactation to make predictions

on the milk production of the next lactation.

The application of advanced machine learning techniques to the increasing amount of data in
dairy farming has led to the development of new insights in animal welfare and to real-time
monitoring possibilities (Hermans et al., 2018). For example, recently Liseune et al. (2021)
presented a deep learning model to predict the unperturbed daily milk yield of the first 305 days
in milk (DIM), using daily milk meter data of the previous lactation in combination with cow
and herd key performance indicators. This model demonstrated the application of machine
learning to predict milk production of the next lactation. Relying on daily sensor data, this
model excludes a wide range of farms that do not have milk meters installed. An alternative
approach is to use test-day records (TDR) collected through national dairy herd improvement
programs. TDR are recorded with a frequency of four to eight weeks, but present the advantage
of having been collected for many years on a majority of dairy farms, thus having plenty of

historical data readily available.

In the past, models based on TDR have been proposed for genetic evaluation of dairy cattle as
a replacement for the traditional 305-d lactation yield. These models typically have the ability
to account for environmental effects occurring on the day of milk recording (Mayeres et al.,
2004). Additionally, random regression test-day models have been developed to predict future
performance of animals in the same parity (for example, milk yield in the ninth month of the
lactation based on the performance of animals in the first eight months of the current lactation).
To our current knowledge, no study has evaluated the potential of using TDR of the current
lactation to predict the performance of an animal in a next lactation. As TDR are widely
available and standardised, they allow training of complex machine learning models. In their
turn, these models can create added value to data that is already routinely collected on dairy

farms.

In the present study, we aimed to combine powerful machine learning techniques with the idea
of using historical data to predict milk production in the next lactation. To this end, a set of
random forest regression models was developed to predict the expected milk yield at the first
test-day of a lactation, based on features derived from historical TDR of the previous lactation

and additional cow and herd information.
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4.2  Material and methods
4.2.1 Raw Data

The raw dataset was accessed via the MmmooQOgle™ platform (Bovicom, Puurs, Belgium) and
originated from 102 herds located in six countries (BE: n =74, the NL: n= 16 DE: n=5, USA:
n=4, FR:n=2,IT: n= 1), spanning a period of 20 years between 2000 and 2020. In total, data
from 83 406 animals with on average 2.6 lactations per animal were available. These data
incl