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Introduction

Bonjour Madame, Bonjour Monsieur,

Lactanet was proud to host the 45th annual ICAR conference in conjunction with the Interbull meeting. The
uncertainty around the worldwide management of COVID-19 regulations was challenging for the organizing
committee, but three years after our last in-person event, we were delighted that 363 participants registered
for the conference; 297 attended the meeting in person, while 66 participated virtually from home. Our guests,
coming from 42 countries, had the opportunity to immerse themselves in Montréal, this vibrant, multicultural
metropolis, the business hub of the French-speaking province of Québec, and also discover the quaint setting
of «Vieux-Montréal» and its charming little streets.

Share. Connect. Transform.

The topics, the relevance and the quality of the presentations demonstrated that we, as animal improvement
experts and scientists, are taking action and looking for innovative and practical solutions to help the livestock
sector face the upcoming environmental challenges. In total, 82 abstracts were submitted and distributed
amongst eight themes. The «Advanced Analytics for Adding Value to Livestock Data» session was particularly
popular, highlighting that artificial intelligence and data analytics are now integral to the dairy science and
animal agriculture toolbox.

Our planet is facing alarming climate change. The livestock sector has been called upon to make their
contribution to limiting global warming and will need to adapt to the changing climate. International collaboration
is vital for sharing and implementing global actions that will bring about the necessary changes to meet
these challenges. Besides exploring solutions through research, the livestock sector urgently needs tools
and information on how to select the next generation of animals to be more resilient and respond better to
these challenges. The presentations on feed efficiency, data analytics and the use of sensors and advanced
automated systems in our routine farm practices, showed us that we can develop solutions to help farm
managers monitor and predict changes better, allowing them to optimize their operations. Beyond the primary
objective of feeding people, animal agriculture now concerns itself with protecting our resources, using the
right inputs, and connecting with consumers to meet their demands and expectations for nutritious, safe,
affordable and sustainable food. Integrating multidisciplinary sciences is our challenge, along with being
open to new opportunities that could transform our sector into the sustainable, efficient, and resilient one
that will feed the world.
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The success of such a conference comes with the support of its valued partners

We would like to extend our heartfelt thanks and appreciation to the sponsors and exhibitors who supported
the organization of the conference. Their generous support allowed the ICAR and Interbull communities to
meet and share their knowledge and expertise to advance the livestock sector. We hope that the Montréal
conference has brought about collaboration and business opportunities. Acknowledgement also goes out to
the ICAR Secretariat team for their support and kind help with the general organization, and to the AgoraOpus3
team, who supported us from the beginning of this great adventure to the final day.

Finally, we would like to thank the Quebec Ministry of Agriculture, Fisheries and Food (MAPAQ) and the
Canadian Agricultural Partnership funding program for their support.

Daniel Lefebvre
Chief Operations Officer for Lactanet and President of ICAR

« Ce projet est financé en vertu de I’Accord Canada-Québec de mise en ceuvre du Partenariat canadien pour
l'agriculture. Ensemble, le gouvernement fédéral et le gouvernement du Québec ont investi 293 millions de
dollars répartis sur une période de 5 ans, soit de 2018 a 2023. Cet accord appuie des initiatives stratégiques
qui aideront les secteurs a croitre, a innover et a prospérer».
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and international collaboration for genetic evaluation
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Feed efficiency and methane emissions are important trait groups with regard to
environmental impact, sustainability and efficiency of dairy cattle production. The
ICAR Feed and Gas working group was established as a permanent ICAR working
group in 2015 to support ICAR’s key role of providing guidelines on animal recording to
support farmers in daily management decisions and to deliver validated information for
genetic evaluations. The working group developed its first guidelines in 2020. Current
priorities of the working group are to update and extend these guidelines and facilitate
and evaluate possibilities for international genetic evaluation.

Keywords: Feed intake, methane emission, guidelines,, international collaboration,
genetic evaluation.

The ICAR Feed and Gas working group was established as a permanent ICAR working
group in 2015 to support ICAR’s key role of providing guidelines on animal recording
to support farmers in daily management decisions and to deliver validated information
for genetic evaluation. The main objectives of the group are:

e To update and extend guidelines for recording dry matter intake and methane
emissions in cattle, sheep and goats worldwide.

e To provide a forum to ensure international exchange of knowledge and project
results for feed intake and methane emission and coordinate international
collaboration in research and development.

e To conduct and report periodic international surveys

Abstract

Introduction
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Update guidelines

International
collaboration for
genetic evaluation

e To elaborate challenges and possibilities for international genetic evaluation for
feed efficiency and methane emission.

The ICAR Feed and Gas Working Group developed guidelines for recording and genetic
evaluation of individual feed intake and methane emissions in 2020. There is a need
to clearly define and standardize recordings for feed intake and methane emissions.
The group works on updates of the guidelines including results of new developments in
recording techniques, trait definitions and trait evaluation for feed intake and methane
emissions. For instance, precision livestock farming provides new solutions to record
individual feed intake by using 3D cameras to get reliable estimates of individual daily
feed intake (e.g. Lassen et al., 2018, Bezen et. al. 2020). This technique is applied by
research and industry organisations and first results and experiences are available. In
particular, for individual methane emissions data new research results became available
in the last two years. Guidelines will be reviewed to account for evolving science in the
field, and practical tips on how to edit raw data to produce a reliable phenotype record
for management purposes or further genetic analyses.

Several countries, including Australia, United States of America, Denmark, Norway,
Finland, New Zealand, The Netherlands, United Kingdom, and Canada have
implemented a genetic evaluation of feed efficiency in the recent years (summarized
by e.g. Brito et al. 2020 and Stephansen et al., 2021). Those countries are invited to
provide descriptions of national genetic evaluations for feed efficiency. This information
is provided in the genetic evaluation form of Interbull (GE Form). Here, practical
information about data editing steps and models used for genetic evaluations will be
provided. In future, the GE forms will be incorporated in the newly developed PREP
database by the Interbull Centre. The PREP database is a platform developed by the
Interbull Centre to enable users to upload descriptive information regarding performance
recording, national genetic evaluation systems, and publication policies. The Feed &
Gas working group and the Interbull Centre will work together closely to set up the
PREP database for feed efficiency traits.

The widespread use of genomic information has enabled selection for scarcely recorded
traits such as individual feed intake and methane emissions. However, to achieve
desirable reliabilities of genomic breeding values for feed efficiency traits that are
developed from feed intake data, a large reference population of 30,000 animals is
suggested (Brito et. al. 2021). de Haas et. al. (2021) estimated that recording individual
methane emissions on an average of 150 cows across 100 farms for a minimum period
of 2 years is needed to achieve a desirable reliability of genomic breeding values for
methane. Phenotyping several thousands of individuals for difficult to measure traits is
still challenging for single countries. International collaborations to share and exchange
phenotypes are of extreme importance in this regard. Here, we mention three initiatives
to share data across countries.

The Global Dry Matter Initiative (gDMI, de Haas et. al. 2014) was the first research
initiative to collate feed intake records across countries in an international reference
population to estimate genomic breeding values for dry matter intake (DMI). Fifteen
partners (both science and industry) from nine countries worldwide collaborated to form
a reference population of around 10,000 phenotyped and 6,000 genotyped animals.
The outcome of the collaboration showed clear benefits by improving reliabilities of
genomic breeding values for DMI for most countries (de Haas et. al. 2015).
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The Resilient Dairy genome Project (RDGP; http://www.resilientdairy.cq) is a large-
scale applied research project funded by Genome Canada with the overall aim to
provide genomic tools for selection of more resilient dairy cattle. The focus of RDGP
is to build a large international reference population for feed efficiency and methane
emission. The RDGP database currently holds 12,687 feed intake and 3,093 methane
emission records of individual animals from seven partners. Within the RDGP all data
are accessible by all partners to be used in their own national genetic evaluations.

Re-Livestock — Facilitating Innovations for Resilient Livestock Farming Systems is a
large-scale international project to be started in September 2022 addressing challenges
of the work programme HORIZON-CL6-2021-CLIMATE-01-06. The overall objective
of Re-Livestock is to adopt and apply innovative practices across-scale (animal, herd/
farm, and sector) to reduce greenhouse gas emissions of livestock and increase
resilience of the livestock sector. A work package is dedicated to investigating the
contribution of breeding to a reduced impact of livestock on climate change mitigation
and to the adaptation of livestock to climate change. Phenotypes and genotypes of
around 13,000 cows (dairy and beef) will be merged across countries to perform multi-
trait genomic predictions.

Sharing and exchange of scarce and expensive-to-record phenotypes for genetic
evaluation has been very successful within research projects (see initiatives mentioned
above ) for feed efficiency (and methane emissions). In commercial applications,
sharing data is still sensitive, and often data ownership issues and commercial interests
hinder collaboration across countries. However, possibilities for the future are to apply
methods, such as meta-analysis of national genomic evaluation results or the Interbull
GMACE or SNP MACE methods (Jighli et. al., 2019) to increase the reliability of genomic
predictions for feed efficiency traits and methane emissions.

Bezen, R., Y Edan, I. Halachmi 2020 Computer vision system for measuring
individual cow feed intake using RGB-D camera and deep learning algorithms
Computers and Electronics in Agriculture 172:105345

Brito, L. F., H. R. Oliveira, K. Houlahan, P. A. S. Fonseca, S. Lam, A.
M. Butty, D. J. Seymour, G. Vargas, T. C. S. Chud, F. F. Silva, C. F. Baes, A.
Canovas, F. Miglior, and F. S. Schenkel. 2020. Genetic mechanisms underlying
feed utilization and implementation of genomic selection for improved feed
efficiency in dairy cattle. Can. J. Anim. Sci. 100:587-604. doi:10.1139/cjas-2019-
0193.

Brito, L. F., N. Bedere, F. Douhard, H. R. Oliveira, M. Arnal, F.
Penagaricano, A. P. Schinckel, C. F. Baes, and F. Miglior. 2021. Review:
Genetic selection of high-yielding dairy cattle toward sustainable farming systems in
a rapidly changing world. Animal. 100292. doi:10.1016/j.animal.2021.100292.

de Haas, Y., J.E. Pryce, M.P.L. Calus, |. Hulsegge, D.M. Spurlock,
D. Berry, E. Wall, P. Lavendahl, K.A. Weigel, K. Macdonald, F. Miglior, N.
Krattenmacher, R.F. Veerkamp. 2014. Genomic Predictions for Dry Matter Intake
Using the International Reference Population of gDMI. Interbull Bulletin 48, 94-99.
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The costs and practical challenges of measuring individual feed efficiency on dairy farms
have hampered its use both in farm management and genetic selection. The concept
of residual carbon dioxide (RCO,) is similar to the index of residual feed intake (RFI),
and used as a proxy, it could potentially enable ranking cows based on feed efficiency.
In this study, we aimed to assess the relationship between RCO, and RFI in mid-
lactation (115 to 175 days in milk), using data of 313 cow-per-treatment observations
from five experiments with individual feed intake records. Carbon dioxide production
was measured by GreenFeed units. Residual CO, (kg/day) and RFI (kg of dry matter/
day) were estimated using a mixed model approach. Three cow groups (high/mid/low)
of equal sizes were created both for RCO, and RFI. Cows in the high-RCO, group
produced 1.92 kg/day (95% CI: 1.78 — 2.06, P < 0.0001) more carbon dioxide than
their low-RCO, herd mates. At the same time, high-RCO, cows had 1.31 kg/day (95%
Cl: 0.95 - 1.67) higher RFI compared to their low-RCO, counterparts (P<0.0001). The
overall classification accuracy based on RCO,, using RFI as a reference, was 48.2%,
however, inefficient (i.e. high RFI) cows could be identified with 59.0% accuracy. In
conclusion, relevant differences were found between RCO, groups in terms of feed
efficiency. Therefore, routinely collecting individual carbon dioxide emissions seems
to be a promising tool to record feed efficiency on a large scale.

Keywords: dairy cattle, feed efficiency, residual feed intake, carbon dioxide, GreenFeed.

Dairy production has to meet the increasing demand for milk and dairy products of the
growing world population. Improved feed efficiency of dairy cows has large potential
to reduce the environmental impact of this growth in multiple ways. First of all, land
requirements of feed production can be decreased by 6.7% per cow via reducing feed
intake by one standard deviation, at the same level of energy-corrected milk yield (Bell
etal., 2012). Moreover, traditional selection for improved feed efficiency can decrease
methane emissions per kg of fat- and protein corrected milk by 26% over a selection
period of 10 years (de Haas et al., 2011). More feed efficient cows also produce less
manure, thereby reducing the amount of methane and nitrous oxide released into the
atmosphere (Connor, 2015). Farmers also benefit from improved feed efficiency through
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reduced feed costs, which represent more than 50% of the total cost of milk production
(European Commission, 2020). As a moderately heritable trait, feed efficiency could
be improved by selective breeding, although, the costs and practical limitations of
recording dry matter intake (DMI) limit selection (Seymour et al., 2019).

The concept of residual carbon dioxide (RCO,) is similar to the index of residual feed
intake (RFI), and used as a proxy alone or in combination with other easily available
parameters, it could potentially enable ranking cows based on feed efficiency (Huhtanen
etal., 2021). The concept of RCO, was originally developed using data from respiration
chambers, but using sensors with highly repeatable carbon dioxide measurements
(e.g. GreenFeed), the approach could be used on the farms, as well. In this study, we
aimed to assess the relationship of RCO, and RFI in mid-lactation on a dairy farm.

The data of 313 cow-per-treatment observations from five experiments, carried
out at Dairy Campus of Wageningen University and Research (Leeuwarden, The
Netherlands), were used in the analyses. Dry matter intake (kg/day), energy-corrected
milk (kg/day), daily average body weight (kg), and carbon dioxide production (kg/day)
were collected. Carbon dioxide production was measured by GreenFeed (C-Lock,
Inc., Rapid City, SD) units. Dry matter intake from GreenFeed bait was not taken into
account. Records between 115 and 175 days in milk were retained for the analyses, to
minimize the possible effects of changes in energy balance, and because RFI measured
in this period is highly correlated with the average RFI over the whole lactation (Martin
etal., 2021).

Residual CO, and RFI were obtained from mixed-effects models, accounting for
energy-corrected milk and metabolic body weight (MBW, i.e. body weight®7®) as fixed
effects, and treatment and experiment as random effects. Cows were classified into
three equal-sized groups (high/mid/low, n = 104 — 105 each) based on RCO, and RFI.
The resulting groups were compared using linear models, followed by Tukey’s post
hoc tests for pairwise comparisons.

The descriptive statistics of the parameters are shown in Table 1. The level of dry
matter intake, energy-corrected milk production, and the body weight of cows were
comparable to those of Huhtanen et al. (2021).

Table 1. Descriptive statistics of the analysed parameters.

Parameter
Dry matter intake (kg/day)

Carbon dioxide production (kg/day)
Energy-corrected milk (kg/day)
Metabolic body weight (kg)
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Significant differences in RCO, were observed between RCO, groups (Table 2). The
low-RCO, group produced on average 1.92 kg/day less carbon dioxide than the high-
RCO, group, at the same level of energy-corrected milk yield and metabolic body weight
(P < 0.0001). Feed efficiency, expressed in RFI, differed significantly between RCO,
groups. The low-RCO, group consumed 1.31 kg less feed per day than the high-RCO,
group, at the same energy-corrected milk production and metabolic body weight (P <
0.0001). Our results support the findings of Huhtanen et al. (2021), who found similar
differences between low- and high-RCO, groups both in terms of RCO, and RFI.

Residual CO, and RFI groups are cross-tabulated in Table 3. Overall, 48.2% of the
cows were correctly classified based on RCO,, using RFI as reference, however,
inefficient (i.e. high-RFI) cows could be identified with 59.0% accuracy. Inefficient
cows were rarely misclassified as being efficient (16.2%), and vice versa (14.4%).
This supports the potential of residual carbon dioxide to be used as a proxy for feed
efficiency on dairy farms.

On the other hand, care should be taken when evaluating RCO,, because energy
balance influences RCO,. For example, cows in negative energy balance mobilize
body fat reserves to produce milk fat, which process does not generate carbon dioxide,
consequently, these cows can be erroneously considered efficient. Therefore, carbon
dioxide measurements should be performed in mid-lactation, when the probability of
such misclassification is low (Huhtanen et al., 2021). Alternatively, changes in body
condition or milk composition can be followed to obtain information on energy balance
(Friggens et al., 2007; Thorup et al., 2018).

Table 2. Differences in residual carbon dioxide production (RCO:) and residual feed intake (RFI) between
RCO: groups.

RCO- RFI
Difference Difference
RCO: group (kg/day) 95% ClI P-value (kg/day) 95% ClI P-value

Mid vs. high -1.02 -1.16--0.88 <0.0001 -0.89 -1.25--0.5 <0.0001

Low vs. high -1.92 -2.06--1.78 <0.0001 -1.31 -1.67—--0.95 <0.0001
Low vs. mid -090 -1.04--0.76 <0.0001 -0.42 -0.78 —-0.06 0.0168

Table 3. Number (% in parentheses) of cows by residual carbon dioxide (RCOz) group,
using residual feed intake (RFI) groups as reference.

RCO, group
RFI group High (n = 105) Mid (n = 104) Low (n = 104)

" High (n = 105) 62 (59.0) 26 (24.8) 17 (16.2)
Mid (n = 104) 28 (26.9) 39 (37.5) 37 (35.6)
Low (n = 104) 15 (14.4) 39 (37.5) 50 (48.1)
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Selecting dairy cattle that are efficient in utilizing feed is topical for many reasons
discussed widely. Residual feed intake (RFI) is a trait that can capture the metabolic
efficiency of a dairy cow in a broad sense including the abilities to digest feed, to have
low energy loss through methane exhalation, and to use metabolizable energy for
production. In 2020 the countries Denmark, Finland and Sweden have included the
traits metabolic body weight and RFI into the Nordic Total Merit indices for Holstein,
Nordic Red and Jersey dairy cattle. When adding more data from commercial farms
to the genomic prediction for RFI, it was recognized that partial regression coefficient
estimates may vary significantly across environments and parities. In this study we
applied different approaches to predict breeding values for metabolic efficiency in
Jersey dairy cows to assess the implications of using RFI breeding values for selection.

The approaches were:

A) similar to the current Nordic RFI evaluation where firstly dry matter intake (DMI) is
regressed on energy sinks to get RFI observations that are subsequently used for
predicting breeding values.

B) was otherwise same as A) but instead of regressing DMI on energy sinks, DMI
was regressed on expected DMI, where expected DMI values were calculated by
utilizing energy requirement estimates from dairy nutrition studies.

C) also otherwise same as A) but RFI observations were the difference between DMI
and expected DMI.

D) a random regression breeding value prediction model where DMI was regressed
on expected DMI (ReFl).

Estimated heritability was 0.14, 0.16, 0.10 and 0.10, and estimated additive genetic
standard deviation was 0.89 kg, 1.02 kg, 0.95 kg and 5.4 % when applying approach
A, B, C and D, respectively. Metabolic efficiency was unfavourable correlated with yield
traits when applying A or B. In contrast, metabolic efficiency was favourable correlated
with yield traits when applying C or D. We found that with approach A and B it was not
possible to model the expected feed intake properly, which caused the discrepancy
between the breeding values. Consequently, when selecting the genetically 10% best
cows based on approach A, then these cows had only a 4% higher feed conversion
efficiency compared to average cows, but when selection was based on approach D,
then the cows had highest yield and 12 % higher feed conversion efficiency compared to
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Introduction

average cows. Results indicate that using RFI as a trait to improve metabolic efficiency
in dairy cows should be reconsidered if the modelling of partial regression coefficients
for the energy sinks is not satisfying.

Keywords: Feed efficiency, residual feed intake, regression on expected feed intake,
Jersey.

Improving resources efficiency of dairy cows not only by selecting for the traits commonly
included in total merit indices but preferable by also including efficiency traits into total
merit indices has been studied intensively. Pryce et al. (2015) proposed to include a
subindex that accounts for feed saved due to lower feed requirement for maintenance
and higher metabolic efficiency of the cow. In this regard, the metabolic efficiency of a
cow is understood in a broad sense that includes the abilities to digest feed, to have
low energy loss through methane exhalation and to use metabolizable energy for the
different energy pathways, and all that can be modelled by residual feed intake (RFI)
(Koch et al., 1963). For breeding value estimation purposes, it is common that RFI
observations are modelled from the same data that is used for estimating the breeding
values. Therefore, dry matter intake (DMI) is modelled by partial regression analyses
and obtained deviations from the expectations, i.e. the residuals, are used subsequently
as observations for estimating RFI breeding values (Berry and Crowley, 2013).
Alternatively, RFI can be described by a linear function of feed intake and energy sink
traits breeding values from a multivariate analysis (Kennedy et al., 1993), which also
can be tailored to complex multiple-trait random regression models (Islam et al., 2020).

In 2020 Nordic Cattle Genetic Evaluation (NAV) has included a Saved feed index
into the Nordic Total Merit for selecting Holstein, Nordic Red and Jersey dairy cattle
in Denmark, Finland and Sweden (Stephansen et al., 2021). The Saved feed index
considers the animal’s genomic breeding value for metabolic body weight (MBW) to
account for the feed needed for maintenance, and the animal’s genomic breeding value
for RFI to accounts for the metabolic efficiency of the cow. Research on improving
genomic predictions for both traits has been continued with the aim to increase the
reliabilities of the genomic breeding values. For the MBW evaluation carcass weight
will be included as correlated trait and for RFI more data from commercial herds with
the CFIT 3D camera system (Lassen et al., 2018) are used. In this attempt, we have
recognized that partial regression coefficient estimates from the first step of the RFI
evaluation may vary significantly across environments and parities. Furthermore,
partial regression coefficients also differed from regression coefficients developed in
nutrition studies (Agnew et al., 2003). This was observed both on research farm data
and CFIT data. In an earlier study (Mehti6 et al., 2018) it was also found that the partial
regression coefficients, when estimated from the data, may deviate significantly from
those obtained in nutrition studies. Moreover, we noticed that the varying of partial
regression coefficient estimates has a noteworthy effect on RFI breeding values.
Therefore, a better understanding of the implications of using RFI breeding values for
genetic improvement of dairy cattle is needed.

An alternative approach (Lidauer et al., 2022) that allows modelling regression
coefficients to be close to their biological expectations, is regression on feed intake
(ReFl), where DMI is regressed on expected DMI (eDMI). For this approach, eDMI is
calculated by using energy requirement (ER) coefficients that are estimated in nutrition
studies (e.g. Agnew et al., 2003) rather than estimating partial regression coefficients
simultaneously while estimating breeding values for RFI. The aim of this study was to
contrast estimated breeding values (EBV) obtained from a RFI model like that applied
by NAV with those obtained from the ReFl model. To dissect differences between
the two approaches, we modelled metabolic efficiency by two additional approaches
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and estimated the genetic correlations between these metabolic efficiency traits and
the production traits milk yield (MY), fat yield (FY), and protein yield (PY). We also
contrasted phenotypes of selected superior cows, when selection is based on the four
alternative EBV.

For this study Jersey feed efficiency data were extracted from the NAV genetic
evaluation. The data were collected on four herds between January 2019 and December
2021 and included 46,822 records up to the sixth parity of 1,211 Jersey cows (Table
1). Weekly averages of daily DMI and body weight (BW) predictions were attained by
the CFIT 3D camera system (Lassen et al., 2018). The BW predictions were used to
calculate daily MBW and daily BW change (DBW). The milk yield data were from the
official milk recording scheme and were used to form for each intake record an energy
corrected milk (ECM), MY, FY and PY observation. All data was cleaned from outliers.

Material and
methods

Table 1. Descriptive statistics for dry matter intake (DMI), metabolic body weight (MBW),
energy corrected milk (ECM), milk yield (MY), fat yield (FY) and protein yield (PY) given for

1,211 Jersey cows by first (1) and later (2+) parities.

DMI MBW ECM
Mean 21.3 95.0 28.9
Std 3.2 55 5.6

Parity N
1 18,221

Mean 245 103.3 37.1
Std 3.3 5.1 6.1

28,588

The RFI approach and ReFl approach are conceptually rather different. Despite that
the ReFl approach utilizes coefficients from ER studies, also the applied model is rather
different. To better understand the source of differences in EBV from both approaches,
we also included two intermediate approaches.

The approach involved two steps. In a first step DMI was regressed on energy sinks
to get RFI observations:

DMl=c, xA+c,xA?+LP +LYS + HYS +y, x ECM + v, x MBW + y, x ABW + rfi (1)

where ¢, and c, are regression coefficients to model the calving age (A) effect of the
cow; LP is lactation month nested within first and later parities; LYS is lactation period
nested within year and season; HYS is the herd x year x season contemporary effect;
v,» ¥, and y, are the coefficients for the partial regressions on the energy sinks ECM,
MBW and ABW, respectively that are nested within LP classes; and rfi is the model
residual and was regarded as a raw RFI observations. The raw rfi observations were
adjusted for heterogeneous variance to accommodate a single trait evaluation in the

Approach A: Currently
used residual feed intake
model (RFI_A)
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Approach B: Residual
feed intake with
regression on feed
requirement (RFI_B).

Approach C:
Requirement residual
feed intake (RFI_C).

second step (Stephansen et al., 2021). The final RFI observations used in the second
step were formed by adding to the adjusted rfi observations the LYS and HYS solutions
from model (1) to avoid that genetic variation would be lost in step 1. For the second
step the applied breeding value estimation model was:

RFI=LYS+HYS +pe+a+e (2)

where LYS and HYS are same fixed effects as described for model (1); pe is the cow’s
random permanent environmental effect; a is the random additive genetic animal effect;
and e is the random residual.

The approach was otherwise identically with approach A, but the model for the first
step was modified:

DMlI=c, xA+c,x A’ +LP +LYS + HYS + ¢ x eDMI + rfi, (3)

where all effects in the model are the same as in model (1) but the model included
instead of partial regressions on energy sinks a regression on eDMI, where ¢ is a
regression coefficient nested within LP classes. Calculating for each record the eDMI
value was done by firstly calculating ER:

ER =4.81 x ECM + 0.603 x MBW — 27.6 x BW_Loss + 38.3 x BW_Gain (5)

where the coefficients are metabolizable ER in mega joules for producing 1 kg ECM,
maintaining 1 kg®”® MBW, utilizing energy from 1 kg BW loss, and gaining 1 kg BW.
The applied coefficients were the averages of the estimates reported by Agnew et al.
(2003). Then, ER values were scaled so, that the obtained eDMI covariables should
yield 6 regression coefficient estimates that have on average an expectation of unity:

eDMI = ER x mean(DMI) / mean(ER). (6)

Again, the approach was otherwise identically with approach A, but a raw RFI
observation was calculated as a difference:

tfi = DMI — eDMI 7)
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This approach only requires modelling of DMI by a random regression model that
regresses DMI on eDMI:

DMI = B x eDMI + 1 x eDMI + y x eDMI + & x eDMI + e (8)

where & is a fixed regression coefficient nested within herd x year x parity classes,
h is a random regression coefficient nested within herd x year x month classes, is a
random regression coefficient nested within permanent environmental classes, & is
a random regression coefficient nested within additive genetic animal classes, and e
is the random residual.

The relationships between animals were modelled by setting up the numerator
relationship matrix (A). Therefore, the pedigree of all cows with observations was
pruned including five generations at most, which resulted 4,223 informative animals in
the pedigree. Univariate analyses were carried out to estimate variance components for
the four metabolic efficiency approaches by applying model (2) for the RFIl approaches
(A, B and C) and model (8) for the ReFl approach (D). The genetic correlations
between the four metabolic efficiency traits and the production traits MY, FY and PY
were estimated by multivariate analyses using as observations yield deviations (YD)
and applying a multiple-trait repeatability animal model that included a mean and the
random permanent environmental, random animal and random residual effects. The YD
observations were obtained by firstly carrying out a multivariate analysis for the yield
traits and univariate analyses for metabolic efficiency by the approaches A, B, C and D,
and followed by summing solutions for the permanent environmental, additive genetic,
and residual effects. For the genetic correlation study only first parity data was used.

All data were used for the prediction of EBV based on model (2) for the RFI approaches
(A, B and C) and model (8) for the ReFIl approach (D). Cows with at least 5 observations
in the first parity were ranked alternatively based on the four different sets of EBV, and
the first parity phenotypic means of the genetically 10 % best cows were contrasted
against the phenotypic means of all cows.

The estimated heritability was 0.14, 0.16, 0.10 and 0.10, and the estimated additive
genetic standard deviation was 0.89 kg, 1.02 kg, 0.95 kg and 5.4 % for RFI approach
A, B, C and ReFI approach, respectively. Considering that the average DMI was
23.2 kg, the genetic standard deviations estimated by approach A, B and C can be
expressed in efficiency percentages to make it comparable to ReFl. Thus, the genetic
standard deviations for RFI by approach A, B, and C relate to 3.8 %, 4.1 % and 5.2
%, respectively, which all are lower than that one estimated by ReFI. Even estimated
genetic variance was higher for RFI_C and ReFl, the heritability was lower. This was
because RFI_C and ReFl resulted higher residual variance estimates compared to
those from RFI_A and RFI_B.

The genetic correlation between metabolic efficiency by the four approaches and
yield traits are given in Table 2. For RFI_A and RFI_B we obtained moderate positive
(unfavourable) correlations with the yield traits. This was unexpected, because RFI
observations are corrected for yield. In contrast, for RFI_C and ReFl we obtained

Approach D: Regression
on feed intake (ReFl).

Estimation of
variance components
and breeding values

Results and
discussion

Variance component
estimates
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Regression
coefficients for
modelling feed intake
expectations

Table 2. Genetic correlations between metabolic efficiency by approach A
(RFI_A), B (RFI_B), C (RFI_C) and D (ReFl), and the yield traits milk (MY), fat
yield (FY) and protein yield (PY).

Yield trait
MY

FY
PY

moderate negative correlations with FY and PY, which indicates a favourable genetic
association between metabolic efficiency and milk content traits, in particular with fat %.

The differences in the estimated genetic correlations between the yield traits and
metabolic efficiency by the four approaches are a result on how the expected DMI is
modelled. For RFI_A the expectations were obtained by the estimated partial regression
coefficients for the three energy sink traits ECM, MBW and DBW (Table 3). For RFI_B
only one single regression coefficient (6) was fit for each class, instead of fitting a
partial regression coefficient triplet. For approach RFI_C no regression coefficients
were estimated, and for the ReF| approach regression coefficients (&) were estimated
within a different set of classes because regression coefficients also modelled the

contemporary group effect.

The mean estimates given in Table 3 indicate that there is a discrepancy between the
estimated partial regression coefficients and the coefficients reported in ER studies (e.g.
Agnew et al., 2003). Considering that ER regression coefficients applied in equation (5)
are sufficiently close to the ER of the cows in this study, and that the average energy
density of the feed was 9.80 mega joule / kg DMI, then it can be expected that on
average a cow would have required 0.49 kg, 0.062 kg, and 3.91 kg DMI to produce
1 kg ECM, maintain 1 kg®”®> MBW and increase BW by 1 kg, respectively. However,
the partial regression coefficient estimates for ECM were on average 37% and 63%
lower in first and later parity, respectively. And the partial regression coefficients for
MBW were 2.6 and 3.2 times larger in first and later parity, respectively. Consequently,
for high yielding cows the modelled feed intake expectations were far too low and
such cows received a positive RFI observation, which explains the unfavourable
correlation between RFI_A and yield traits. Also the regression coefficients for RFI_B
where significantly lower than the expected value of 1.0. Therefore, similarly to RFI_A,
for high producing cows the modelled feed intake expectations were too low, which

Table 3. Means of regression coefficient estimates across lactation month classes
(RFI_A, RFI_B) and across herd x year classes (ReFl) by first (1) and later (2+)
parities. Energy sink traits: energy corrected milk (ECM), metabolic body weight
(MBW), body weight change (4BW), and expected dry matter intake (eDMI).

RFI A |
MBW |

-0.277 0.463
-0.244

0.159
0.196

Y2

Proceedings ICAR Conference 2022 Montreal

18



Network. Guidelines. Certification.

Lidauer et al.

resulted also in unfavourable correlations with the yield traits. For the ReFl approach
the estimated regression coefficients were on average close to the expected value of
1.0 (Table 3), which supports that the estimated favourable correlations with yield traits
might be closer to the true genetic association between metabolic efficiency and yield.
The finding for the ReFl approach were supported by the RFI_C approach, which did
not require to estimate regression coefficients from the data.

The four different sets of EBV for metabolic efficiency differed considerably. We
obtained a correlation between EBV from the approach A with EBV from approaches
B, C and D of 0.92, 0.69 and 0.61, respectively. Consequently, groups of genetically
superior cows were rather different when selecting based on the different sets of
EBV. In Table 4 the first parity phenotypic means of the four different cow groups are
tabulated against the first parity phenotypic means of all cows with at least five first
parity observations.

When 10 % best cows were selected based on RFI_A and RFI_B then they had lowest
DMI but also lower yields compared to average cows. In contrast, when 10 % best
cows were selected based on ReFl, then cows had lower DMI as average cows but
highest yields. Consequently, when selecting based on RFI_A, then the feed conversion
efficiency of the 10 % best cows was only 4 % higher than that one of average cows,
but the feed conversion efficiency was 12% higher when selection was based on ReFl.

In this study we compared different approaches to predict breeding values for
metabolic efficiency in dairy cows. With the currently used approach that models
metabolic efficiency by a residual feed intake model, genetically superior cows were

Phenotypes of
genetically superior
cows based on four
alternative breeding
values

Table 4. Phenotypic means of first parity dry matter intake (DMI), metabolic body weight
(MBW), energy corrected milk (ECM), milk yield (MY), fat yield (FY), protein yield (PY) and
feed conversion efficiency (FCE=ECM/DMI) for all cows with at least 5 observations and for
10% best cows with at least 5 observations selected based on EBV estimated by four

Approaches. Approach A (RFI_A), B (RFI_B), C (RFI_C) and D (ReFl).

All cows ‘ DMI |
10% best cow| Method 21.2]
RFI_A 18.6

RFI_B 18.4
RFI3_C 19.9
ReFI 19.8

MBW
94.9
94.7
92.8
93.1
93.9

ECM
28.7
26.3
25.3
29.1
29.8

MY
21.8
18.8
18.3
215

22.0

FY

130

1.22
1.17
1.34
1.37

PY
0.946
0.860
0.833
0.966
0.982

FCE
1.35
1.41
1.38
1.46
1.51

only moderately better in feed efficiency but had lower production. In contrast, when
applying an alternative approach, where dry matter intake is regressed on expected dry
matter intake, then superior cows were clearly more efficient and had also significantly
higher production. The poor performance of the residual feed intake model in this study
was due to the inability of the model to estimate the partial regression coefficients for

the energy sinks properly.

Conclusion
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Large scale phenotyping of methane for genetic
evaluation is possible with ‘Sniffers’
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Our objective was to demonstrate that the ongoing recording of methane of individual
cows on 100 dairy farms in the Netherlands will provide meaningful breeding values
for methane mitigation. Previously we conducted a power calculation that used the
available literature, which predicted that recording on 100 dairy farms, 15,000 cows,
and two years of recording, would provide a high enough reliability of prediction, to allow
for practical direct selection for lower methane emissions. To determine what reduction
in methane could be achieved by 2050, a methane trait with genomic prediction was
included in the Dutch national selection index, showing that methane intensity could be
reduced by between 14% and 24% (depending on the strategy). To be able to achieve
these gains, a large scale phenotyping strategy needed to be implemented. We have
commissioned 100 infrared spectrometry methane sensors, or ‘sniffers’, to be used
to fulfil the data need. To date, 15 sensors have been installed, and at the time of
writing, installation of the remaining sensors is ongoing and will be completed in the
second half of 2022. The benefit of using sniffers is that it allows for a high throughput
of cows and continuous recording for extended periods of time. With the data already
available we have calculated traits referred to as mean visit, daily, and weekly methane
concentration (ppm). These methane concentration traits are moderately heritable (0.13
to 0.32) and repeatable (0.30 to 0.68). The downside of using sniffers is that it records
the methane concentration and not the methane production (g/day). We have also
temporarily installed GreenFeeds on 16 farms (four overlapping with sniffers). There
are 1,800 cows with sniffer recorded weekly methane concentration, and 822 cows
with GreenFeed recorded weekly methane production (184 cows with both). All of the
cows are linked via the pedigree and there are 1,655 which are also genotyped. A
preliminary genetic correlation between Sniffer methane concentration and GreenFeed
methane production is high at 0.71, indicating that selection for methane concentration
as recorded with sniffers will in fact reduce methane emissions. We have learned a
number of valuable lessons in the large scale rollout of methane sniffers which will be
useful for future industry application. Most importantly, is that suitably reliable genomic
breeding values for methane are closer to being a reality than ever before.

Keywords: Greenhouse gas, environment, dairy cows, ruminant, CH,, CO,
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The Dutch government has committed to reducing greenhouse gas emissions by 55%
in 2030 compared to year 1990, and by 2050 to be carbon neutral (Communication
from the Directorate-General for Climate and Energy, 2022). The Dutch dairy industry
is a large contributor to greenhouse gases in the Netherlands (Van der Maas et al.,
2009). We have been investigating how to use animal breeding as a methane mitigation
tool, to help achieve these goals and reduce the environmental impact of the Dutch
dairy industry.

To achieve a reduction in methane with breeding, accurate breeding values are required.
To obtain accurate breeding values large scale recording of methane is needed. The
use of various infrared spectrometry sensors have been used in various studies to
estimate genetic parameters of methane (Lassen and Difford, 2020). Collectively
these sensors have been referred to as ‘sniffers’. Sniffers offer a comparatively cheap
method of phenotyping a large number of commercial cows (Madsen et al., 2010;
Garnsworthy et al., 2019).

We have reviewed our decision process in selecting sniffers as the most suitable method
of large scale recording and how we determined that 100 farms would need to have a
sniffer installation, to obtain reliable genomic breeding values (de Haas et al., 2021).
We summarise the parameter estimates obtained from large scale methane recording
with sniffers, including the trait definitions and genetic correlations with methane traits
measured with GreenFeed (C-lock Inc. Rapid City, SD, US (Zimmerman, 2011)). Then
using the current knowledge and lessons learned during the upscaling to 100 farms,
we outline the next steps towards genomic breeding values and implementation in
breeding programs. This demonstrates the progress made towards accomplishing
our objective, of large scale phenotyping with sniffers in the Netherlands to provide
meaningful breeding values for methane mitigation.

Wageningen University and Research has ongoing research on the application
of breeding as a strategy for methane mitigation. The results presented here are
summaries of the work done during the projects Climate Envelope (The Klimaatenvelop
is supported by the Dutch Ministry of Agriculture, Nature and Food quality), and
Climate Smart Cattle Breeding (Public-private partnership with the cooperative cattle
improvement organization CRV, Friesland Campina, and the Dutch government). We
have focused only on recording and outcomes of ongoing projects directly related to
animal breeding.

We wanted to determine what the current genetic trends are for methane production (g/
day) and methane intensity (g/kg), and what theoretical gain could be made if methane
was added to the Dutch national breeding goal. To this end, we adapted a selection
index that included 15 traits that are included in the current breeding goal. We tested
various goals and economic weights placed on methane with or without genomic
prediction. Concurrently a power analysis was performed to determine a recording
strategy that would achieve a high enough reliability of genomic prediction that would
facilitate the selection and genetic gain seen in the selection index. Published genetic
parameters and preliminary data collected during the Climate Envelope were used as
inputs for the selection index and power analysis. For full details on the selection index
and power analysis see de Haas et al. (2021).
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Previously 15 sniffers were purchased and installed on 14 commercial dairy farms
across the Netherlands (WD-WUR v1.0, manufactured by Carltech BV), between
March 2019 and September 2020. The sniffers were installed with the air intake
located in the feeding bin of automated milking robots (AMS), where they measured
methane concentration (0 to 2,000 ppm) and carbon dioxide concentration (0 to
10,000 ppm) continuously, for between 64 and 436 days (depending on farm). During
the data collection and analysis, several practical and technical lessons were learnt.
These lessons were used to develop a second generation of sniffers. Installation of
an additional 90 units has begun using the new design. Methane data has continued
to be collected after September 2020 and is expanding as new sensors are installed.
The data collected from the sniffers is uploaded in near real time to a Microsoft Azure
data cloud.

Using long-term and continuous recording with sniffers can be used to defined methane
traits, but the raw sniffer requires processing for this purpose. A method similar to
Garnsworthy et al. (2012) was used to match cow visits to the AMS with peaks in
methane concentration. The data was then processed to remove background levels
of methane and carbon dioxide and correct for cow behaviour. Across the farms there
were 1,746 Holstein Friesian cows that visited an AMS a total of 308,968 times, during
each milking event the methane concentration was measured.

The main considerations included, calculation methods (mean, median, log, ratio) and
the period used per record (visit or weekly). Based on various combinations of trait
definitions we wanted to estimate heritability and repeatability of various methane traits
defined from the largest data set of long-term repeated cow records. All cows were
linked via pedigree and 1,611 were genotyped. Parameter estimates were made using
univariate animal models, that included repeated records, with ASReml 4.2 (Gilmour
et al., 2015). The heritabilities and repeatabilities were used to calculate reliability of
the breeding values and determine the number of records per daughter that would be
needed for implementation. For full details on matching AMS and sniffer data, data
processing, parameter estimations, and determining reliability of estimated breeding
values see van Breukelen et al. (2022a).

The application of sniffers for genetic selection is still in a development stage, and
is why we explored the genetic relationship with traits recorded with GreenFeed, as
GreenFeed are considered the gold standard for on-farm recording of individual cow
methane. Since the univariate analysis with the sniffers, data collection has been
ongoing and is expanding to measure methane on 100 dairy farms. There have also
been GreenFeed units installed temporarily on 16 farms (four overlapping with sniffers).
At the time of this analysis, there were 1,800 cows with sniffer recorded daily methane
concentration, and 822 cows with GreenFeed recorded daily methane production (g/
day) (184 cows with both). All of the cows are linked via the pedigree and there are
1,655 which are also genotyped. Bivariate animal models in ASReml 4.2 (Gilmour et
al., 2015) were used to estimate the genetic parameters for methane concentration
(ppm recorded by sniffers) and methane production (g/day recorded by GreenFeed).

Developing a sniffer and
installation

Defining methane
traits from sniffer
recorded methane

Sniffer and
GreenFeed methane
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Based on the current Dutch selection index, the genetic trend for methane production is
unfavourable with a genetic trend of increasing methane by 5.79 g/day per generation.
However, as the current index selects for traits that improve production efficiency,
methane intensity will decrease by 13%. With active selection on lowering methane
production and utilizing genomic prediction, the genetic trend for methane production
can be decreased by 5.79 g/day, will still result in increasing milk production, and lower
methane intensity by 24%. This was a clear justification for us to develop a recording
scheme that will allow us achieve these theoretical improvements. We found, to achieve
a desired reliability of genomic prediction of 0.40 within two years of recording, we
would need to record methane on 100 farms with an average herd size of 150 cows
(15,000 total cows). For full results of the selection index and power analysis see de
Haas et al., (2021).

During the data collection and analysis of the first 15 sniffers, we identified several
technical requirements that should be considered when developing new sniffers. Due
to the challenging environment of dairy barns and the sensitivity of methane sensors,
the housing containing the sensor should be dust resistant, operate within a wide range
of ambient temperatures and humidity, and exclude gases that can interfere within
the measured wavelength such as water. Methane sensors can have a large range of
detection limits, while most measurements are within 200 to 2,000 ppm, consider that
the error should be minimized within the most common recording ranges (measurements
closer to the mean per visit should be the most accurate). Some methane sensors
are prone to drifting away from the calibration curve, limiting factors that affect the
methane sensor can help to minimize the drift, regular checks of the incoming data
can help identify when a sensor drifts and requires recalibration. If this is ignored it
can limit the potential analysis, for example traits that use a ratio with carbon dioxide
were limited because the methane sensor drifted and the carbon dioxide sensor did
not drift. The methane data recorded in these projects is uploaded in near real time to
a data cloud infrastructure, however there can be issues with communication due to
interference with farm equipment or with poor connections via the telecommunication
infrastructure, having built-in data storage options are a good redundancy. With these
lessons learned, 90 new sniffers were purchased that implement these requirements.
However, they are still in development and with limitations in global supply chains the
full scale installation was inhibited. The installation on 100 farms is expected to be
completed in 2022, in the meantime this still remains the largest and longest methane
recording dataset on individual cows for genetic evaluations.

We have found that mean methane per visit is heritable (0.13 + 0.01) and repeatable
(0.30 + 0.01), but with lower estimates compared to weekly methane (0.32 + 0.01
and 0.68 + 0.01, respectively). However this has limited effect for the reliabilities of
the breeding values. To achieve a reliability of 0.50, 25 mean methane records on 10
daughters is needed. For the full results of on the genetic parameters estimated with
sniffers see van Breukelen et al. (2022a). The estimated heritabilities and repeatabilities,
were within the parameter space of the estimates used in the selection index and power
analysis, indicating the large scale methane recording currently in progress, will make
the goal of providing meaningful breeding values for methane mitigation possible.

The previous parameter estimates were for methane concentration traits, while the
desired trait change is placed on methane production. The preliminary results with
the GreenFeed have been very encouraging. The heritability (0.20) and repeatability
(0.34) for methane production are within the same parameter space as the sniffers
(van Breukelen et al. 2022b, accepted). Importantly the genetic correlation between
GreenFeed and sniffer methane is high and positive (0.71). This indicates that
selection for lower methane concentration will reduce methane production and be a
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useful methane mitigation option. This has given us confidence that by the end of the
project there will be the required data for reliable breeding values for a methane trait
that can be selected.

The work so far has mostly utilized data already collected. As the dataset from the full
100 farms becomes available there are several research objectives to be completed.
Genetic and phenotypic correlations will be estimated with all of the traits included in the
current national Dutch breeding goal. Subsequently a selection index that incorporates
the new methane traits will be developed. Reliable breeding values for the methane
trait to be included in the selection index need to be estimated. In the meantime, the full
100 sniffers need to be installed, the data processing is being refined, and methods to
improve the accuracy of the methane traits are being explored such as standardising
the methane measurements across devices and including the microbiome population
as a random effect.

Animal breeding is a promising method of methane mitigation that can be used to help
reach greenhouse gas targets. Before breeding strategies can be implemented, there
needs to be enough data to reliably predict breeding values. Long-term measuring with
sniffers is a viable method of data collection. Results so far are encouraging and the
traits developed could be used for selection purposes. With the expansion of sniffers
to 100 farms we believe meaningful breeding values for methane mitigation will be
available in the relatively near future.

The research leading to these results was part of the Climate Approach Project, funded
by the Dutch Ministry for Agriculture, Nature and Food Quality (LNV, The Hague;
project number BO-53-003). This work was supported by the TKI Agri and Food
project LWV19155 (Wageningen, the Netherlands) and the partners CRV (Arnhem,
the Netherlands) and FrieslandCampina (Amersfoort, the Netherlands). The authors
gratefully acknowledge the farmers for participating in this research.
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The objective of this study was to describe the collection protocol for growth, feed
efficiency and greenhouse gas (GHG) emissions in young Italian Holstein bulls. The
phenotypes will be used in genetic evaluations for the reduction of environmental
impact in Italian Holstein.

The animals involved in this study were young lItalian Holstein bulls undergoing own
performance test at the Genetic Center (GC) of Italian National Breeders Association
for the Holstein, Brown and Jersey dairy cattle breeds (ANAFIBJ). Phenotypic data
was provided for on 218 Holstein bulls between the age of 171 and 541 days. All bulls
were genotyped using various SNP chips resulting in 69,127 SNP after imputation.

The phenotypic data can be summarized in three groups:

1. a group of traits describing growth and condition of the animal;

2. adataset derived from measures taken with the Roughage Intake Control system
(RIC; Hokofarm Group, Marknesse, The Netherlands) and

3. dataset derived from measures taken using the GreenFeed (C Lock Inc., Rapid
City, SD, USA).

The group A included measures of body growth taken using electronic scales and
stadiometers operated by qualified personnel. These included body weight (WEI), body
condition score (BCS), heart girth (HG) and height (HEI). Group B included single-visit
measures that were converted into daily measures and included: number of visits at the
feeder per day (NVF), average intake at the feeder (AIF), average time at the feeder
(ATF). Group C included single-visit measures then converted to daily records and
included: number of visits (NVG), carbon-dioxide daily emission (CO,), methane daily
emission (CH,), average airflow (AIR) and average time (ATG).

Variance components and genetic parameter estimation (heritability and genetic
correlations) was carried out using a GBLUP mixed model that included a genomic
relationship matrix built on the SNP markers.
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The growth traits showed the largest estimates of heritability, close to 0.40. Heritability
estimates for the RIC-derived traits were lower, ranging from 0.167 (AIF) to NVF (0.306).
Estimates for emission traits ranged from 0.241 for ATG to 0.480 for CO,,

Results suggest that selection indices could be built in order to reduce GHG emissions
without compromising growth, condition, stature and feed intake. The upcoming research
should be focused on the use of feed efficiency and relative GHG emission, as these
components need to be adjusted by the growth and size of the animal. Subsequently
a further data-set should include GC sire performance and their daughters’, reared in
dairy commercial farms.

Keywords: Greenhouse gas emissions, feed efficiency, genomic selection, Italian
Holstein.

Dairy cattle is known to be impactful on greenhouse gasses (GHG) emissions, with its
enteric emissions accounting for over ten percent of the emissions from the livestock
sector globally (Gerber et al., 2013). Methane emissions are also energetically
expensive because of the fermentation process (Appuhamy et al., 2016) but this
inefficiency could be reduced by steering the fermentation process, redirecting the
energetic resources to reproduction and milk production (Haque, 2018). Methane and
carbon dioxide emissions have been shown to be heritable, providing the basis for
applying genetic selection for their reduction (Cassandro et al, 2010; Cassandro M.,
2013; Cassandro et al., 2013; Pickering et al., 2015; Lassen and Lavendahl, 2016).
Such selection could be applied by selecting directly for breath measurements, but
also using indirect selection including indicator traits such as feed intake (de Haas et
al., 2017; Niero et al., 2020).

The objective of this study was to estimate genetic parameters for verifying the feasibility
of (direct or indirect) selection for reduced GHG emissions in Italian Holsteins.

The animals involved in this study were young ltalian Holstein bulls undergoing progeny
test

in the genetic centre of the Italian National Breeders Association for the Holstein, Brown
and Jersey dairy cattle breeds (ANAFIBJ) as reported by Callegaro et al. (2022). The
ANAFIBJ genetic center is equipped with five Roughage Intake Control system units
(RIC; Hokofarm Group, Voorsterweg, The Netherlands) distributed over three pens.
One of the three pens is also equipped with the Automated Head-Chamber System
(AHCS; GreenFeed C Lock Inc., Rapid City, SD, USA), an automated feeding station
designed to measure daily CH, and CO, emissions (g/d) from ruminant’s breath (Hristov
et al., 2015).

Phenotypic data was made available on 221 Holstein bulls between the age of 171
and 541 days. All bulls were genotyped using various SNP chips resulting in 69,127
SNP. Genomic data was edited using the preGSf90 software (Aguilar et al., 2010),
removing SNP with call rate below 0.90 and minor allele frequency below 0.05. After
editing, 61,591 SNP were available.

The first set of traits included measures of body growth taken using electronic scales
and stadiometers operated by qualified personnel. These included body weight (WEI),
body condition score (BCS), heart girth (HG) and height (HEI). The second group of traits
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included measures of feed intake and feeding behaviour assessed using the Roughage
Intake Control system (RIC; Hokofarm Group, Marknesse, The Netherlands). Records
were organized as daily measures: number of visits at the feeder per day (NVF),
average intake at the feeder (AIF), average time at the feeder (ATF). The third group
of traits included measures of greenhouse gasses emission and were obtained using
the GreenFeed (C Lock Inc., Rapid City, SD, USA). Again, the single-visit measures
were converted to daily records and included: number of visits (NVG), carbon-dioxide
daily emission (CO,), methane daily emission (CH,), average airflow (AIR) and average
time (ATG). A single dataset was created, containing all the phenotypic information.
Individuals showed an average of 4 records for the growth traits, 36 records for the
RIC-derived traits, 19 records for the GreenFeed-derived traits. For all records, the
age at recording was calculated. In addition, the date of birth of the individual was
transformed to numerical values as the difference, in days, from a fixed arbitrary date.

Estimates of variance components and genetic parameters were carried out using a
linear mixed model that included a genomic relationship matrix constructed using the
SNP markers. The model was defined as follows:

y=Xb+de+pr+Zaa+e (1)

where y is the vector containing phenotypic records, X and b are the incidence matrix
and vector of solutions for the fixed effects (age at phenotyping, date of birth), Z, and d
are the incidence matrix and vector of solutions for the ‘date of recording’ uncorrelated
random effect, Z and p are the incidence matrix and vector of solutions for the animal
permanent environmental uncorrelated random effect, Z_ and a are the incidence matrix
and vector of solutions for the animal additive genetic random effect (with genomic
relationship matrix), e is the vector of random residuals. The model was implemented
for single-trait and two-trait analyses in order to obtain estimates of heritability and
genetic correlations, using the gibbs2f90 software (Misztal et al., 2002). Estimates of
variance components and genetic parameters were obtained as posterior means and
their dispersion was obtained as the posterior SD and the 95% confidence intervals.
The heritability was expressed as the ratio between the additive genetic variance and
the sum of the four variance components.

Descriptive statistics and heritability estimates for the studied traits are reported in
table 1. The growth and condition traits showed the largest estimates, all being above
or close to 0.40. While these traits are expected to be highly heritable, the estimates
appear larger compared to those found in literature. This could be due to the relatively
small sample size. On the other hand, heritability estimates for the RIC-derived traits
were lower, ranging from 0.167 (AIF) to NVF (0.306). Heritability estimates for the
emission traits were moderate to high, ranging from 0.241 for ATG to 0.480 for CO,,.

Genetic correlation estimates are reported in table 2. Among the growth traits,
correlations were strong for WEI-BCS and BCS-HG, but weak for all the other
combinations of traits. Correlations between NVF and AIF was 0.74, the genetic
correlation between AIF and ATF was 0.98 (result not shown in table). Correlations
among the GreenFeed-derived traits were moderate to strong, especially among CH,,
CO, and AIR, which were all above 0.70. NVG was moderately related to the other
GreenFeed-derived traits, with correlations below 0.7. The genetic correlation between
AIR and ATG was 0.95 (result not shown in table). Genetic correlations between the
growth traits and the RIC-derived traits were all positive and strong, approaching unity

Statistical analysis

Results
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(0.89 to 0.99). Genetic correlations between the growth traits and the GreenFeed-
derived traits were also positive and strong, with values ranging from 0.90 to 0.96.
Similarly, the genetic correlations between the GreenFeed-derived traits and the RIC-
derived traits were positive and moderate to strong, with values from 0.60 to 0.73.

The estimates show substantial genetic variation for all the studied traits. The CO, and
CH, daily emissions show high heritability with the possibility of selection, therefore
reduction of GHG emissions. The estimated values for the heritability of CH, and CO,
are larger than values found in literature (Lassen and Levendahl, 2016; Brieder et
al., 2018), although this could be due to the involvement of growing bulls rather than
lactating cows and the limited sample size in the current study. The genetic correlations
indicate that there is the possibility to select for less impactful animals. The genetic
correlation between CO, and CH, emissions is strong (0.84), suggesting that selection
for one component of the emissions would improve the other as well. Similarly, the
AIR shows strong correlations with the GHG emissions, suggesting that this trait could
be used as an indicator. Similarly, the NVG could serve as an indicator trait to reduce
the emissions, although the achievable genetic progress would be limited due to the
moderate genetic correlations (0.7-0.8). In fact, the value of 0.7 was indicated as the
minimum acceptable value for achieving a relevant genetic progress in case of multiple-
trait genomic predictions by Calus and Veerkamp (2011). Using this same criterion,
NVF could reduce GHG emissions better than feed intake (AIF) given the stronger
genetic correlations (0.74 vs ~0.65). Unsurprisingly, selection for larger animals will
also lead to individuals that consume more feed with all correlations between growth
traits and RIC-derived traits being close to 0.9. Similarly, selection for larger animals
could lead to more GHG emissions (correlations close to 0.9). In general, selection
indices could be built in order to reduce GHG emissions without compromising growth,
condition, stature and feed intake. The upcoming research should involve the use of
feed efficiency and relative GHG emission, as these components need to be adjusted
by the growth and size of the animal.

Results suggest that selection indices could be built in order to reduce greenhouse
gas emissions while still improving growth, condition, stature and feed intake. The
upcoming research is involving the use of feed efficiency and relative GHG emission,
as these components need to be adjusted by the growth and size of the animal as
well as production records from cows that are sibs of the tested bull. Moreover, we will
test these bull’'s semen in other experimental stations equipped with these precision
instruments in order to register intake data and GHG data emission on some of the
daughters of these bulls and re-estimate the genetic correlations between bulls and
cows as proposed by other colleagues in the early nineties (Nieuwhof et al.,1992)
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Table 1. Descriptive statistics (posterior means with posterior standard deviation) and
heritability estimates for the traits analysed.

Mean ) h?
309.3 77.5 0.45 (0.24)
3.0 0.3 0.51 (0.20)
157.3 14.2 0.44 (0.25)
125.5 7.7 0.39 (0.23)
26.0 116 0.31 (0.12)

0.3 0.1 0.17 (0.15)
317.0 117.1 0.29 (0.18)
3.9 1.7 0.36 (0.11)
6198.2 1103.9 0.48 (0.21)
223.6 51.8 0.40 (0.17)
AV 4.0 0.45 (0.09)
329.3 87.5 0.24 (0.11)
WEI: body weight; BCS: body condition score; HG: heart girth; HEI: height; NVF: number of
visits at the feeder; AIF: average intake at the feeder; ATF: average time at the feeder; NVG:
number of visits at the GreenFeed; CO, daily carbon dioxide emissions; CH,: daily methane
emissions; AIR: average airflow at the visit; ATG: average time at the GreenFeed.

Table 2. Estimates of genetic correlations’ among the growth-related traits’, the RIC-derived
traits® and the GreenFeed-based traits’.

WEIl BCS| HG  HEI
0.84 0.75 0.64

0.84 0.72 0.55

0.75 0.72 0.11

0.64 0.55 0.11

0.95 0.90 0.90 0.90

0.99 0.98 0.98 0.97

0.93 0.96 0.94 0.95

0.92 0.93 0.90 0.93

0.92 0.93 0.90 0.92

0.94 0.95 0.94 0.95
Estimates of the genetic correlations are the posterior mean for the parameter. Values in bold indicate that
the value ‘0’ was not included within the 95% confidence intervals, therefore are to be considered significant
for P<0.05.
*WEI: body weight; BCS: body condition score; HG: heart girth; HEI: height; NVF: number of visits at the
feeder; AIF: average intake at the feeder; NVG: number of visits at the GreenFeed; CO, daily carbon dioxide
emissions; CH,: daily methane emissions; AIR: average airflow at the visit.
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Rumination time was assessed as an indicator of efficiency and sustainability in dairy
cattle. This study comprised 7782 records on 656 mid-first lactation Holstein cows.
Animal models were used for rumination time and methane emission traits, while
repeatability animal models were used for feed efficiency and production traits in
bivariate analyses to estimate genetic parameters, including heritability, and genetic and
phenotypic correlations between all traits. Rumination time had a moderate heritability
(0.48+0.14) and genetic correlations of -0.45 (+0.25) with methane production, -0.88
(+0.24) with methane intensity, -0.08 (+0.19) with feed efficiency, and 0.48 (+0.18) with
energy corrected milk. Although these findings should be validated in larger datasets,
they suggest that rumination time has the potential to be used as an indicator trait for
methane emissions and production levels.

Keywords: Rumination time, methane, dairy.

Livestock is responsible for 6% of the global anthropogenic greenhouse gas (GHG)
emissions (Gerber et al., 2013) with methane (CH,) from the eructation of ruminants
being a major contributor (Beauchemin et al., 2020). The production of CH, also
corresponds to a 10% loss of dietary energy (de Haas et al., 2011). A decrease in
CH, emissions would improve both efficiency and sustainability in the dairy sector.
The recording of CH, and feed efficiency (FE) is costly and time-consuming, making
the use of related traits that are inexpensive and easily measured necessary. One
candidate indicator trait for CH, emissions and FEis rumination time (RT). Measured by
automated sensors such as rumination collars, RT is already used at the commercial
level in the monitoring of functional and production traits (Kaufman et al., 2018). For
RT to be an indicator trait, it should be heritable and genetically correlated to traits
of interest (Byskov et al., 2017). This study aimed to evaluate RT as an indicator of
sustainability and efficiency in dairy cows by estimating genetic parameters, phenotypic
and genetic correlations among RT, CH, emission, FE, and production traits in Canadian
Holstein cows.
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This study comprised 656 first lactation Holstein cows between 110 and 210 days in
milk. Measured traits were rumination time (RT), methane production (CH,), methane
yield (MeY), methane intensity (Mel), dry matter intake (DMI), feed efficiency (FE),
metabolic body weight (MBW), and energy corrected milk (ECM). Rumination time
in minutes per day was obtained from Heatime® neck collars, (SCR HiTag, Allflex,
Netanya, Israel) (Schirmann et al., 2009; Andreen et al., 2021). Milk samples were
collected weekly and analysed by Lactanet Canada (Guelph, ON) for fat and protein
content in kilograms. Energy corrected milk was calculated, where ECM = (0.25 x milk)
+ (12.2 x fat) + (7.7 x protein) (Sjaunja et al., 1990). Daily live body weight (BW) records
were used for the calculation of MBW as BW°7®. Records for DMI in kilograms were
obtained as the product between total mixed ration (TMR) intake in kilograms and the
calculated dry matter percentage in the diet, where TMR intake was calculated daily
as the difference between offered and leftover feed. Feed efficiency was calculated
by a recursive linear transformation of DMI based on the genetic (co)variances among
DMI, ECM and MBW (Jamrozik et al., 2021). Methane emission was obtained using
the GreenFeed® System (C-Lock Inc., Rapid City, South Dakota, USA) (Hristov et
al., 2015; Huhtanen et al., 2015). Methane records were used to calculate MeY and
Mel as grams of methane per kilograms of DMI and ECM, respectively. Each trait was
assessed for outliers at three standard deviations from the average. All traits had to
have a minimum of two records per week of lactation to be considered for analysis,
where the week of lactation was defined using the milk test day. Finally, all traits were
averaged for the week of lactation. Cows had repeated records of weekly averages
for DMI, FE, ECM and MBW.

Animal models were used for RT, MeY and Mel, while repeatability animal models
were used for FE, DMI, ECM, and MBW in bivariate analyses to estimate genetic
parameters. All (co)variance components were estimated using the average information
residual maximum likelihood algorithm in ASREML 4.0 (Gilmour et al., 2015). For each
trait, heritability was the average result from all bivariate combinations. In general, the
model used in this study was:

Yijklm: u + ACi+ WLj+ Ysk + al+ peI + eijklm’

where Y, represents the m" phenotype (for RT, CH,, MeY, Mel, FE, DMI, ECM, and
MBW) of the ™ animal; p is the overall mean of the trait; AC, is the fixed effect of the
i age at calving class in months (nine classes); WL, is the fixed effect of the ji" week
of lactation (fifteen levels); YS, is the fixed effect of the k™ year and season of calving
class (sixteen classes); a, is the random additive genetic effect of the I cow; pe, is the
random permanent environmental effect (for FE, DMI, ECM and MBW) of the I cow,

and e, is the random residual error term.

The heritability (h?) estimates in Table 1 show that selection is possible for all analysed
traits. The estimated RT h?(0.48+0.14) was larger than 0.33+0.16 and 0.34+0.05
previously reported (Byskov et al., 2017; Moretti et al., 2018). However, these studies
used different trait definitions for RT, which could affect h? estimates. Estimated
heritabilities of CH,, Mel, and MeY are found to range from 0.05 to 0.38 (de Haas et
al., 2011; Manzanilla-Pech et al., 2021) and the variation in the results can be attributed
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to the environmental impact on the methane produced by cows, and the method of
measurement (Lopez-Paredes et al., 2020). The h?for FE (0.13+0.07) was within the
reported range for FE (0.01 to 0.40) (de Haas et al., 2011; Vallimont et al., 2011).
Thus, improvements in FE could be possible through selection, however, correlation
with other economically important traits should be assessed.

Genetic correlations were estimated between all traits (Table 1). The bivariate
analysis between MeY and RT did not converge, and this may have been caused
by the model not being robust enough to estimate parameters for all traits in a small
data set. Rumination time was uncorrelated to FE and had negative correlations with
CH, (-0.45+0.25), Mel (-0.88+0.24) and MBW (-0.24+0.12) while showing positive
correlations with the remaining traits. The genetic correlations between RT and ECM
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and lower fermentation rate (Ramin and Huhtanen, 2013), possibly explaining the
association between RT and CH, and between RT and Mel.

The goals of this study were to estimate genetic parameters for automatically recorded
RT and identify if RT is genetically correlated to efficiency, methane production, yield
and intensity, and milk production. Our findings show that RT is heritable and is a
candidate trait for the identification of low-emitting and high-producing animals with
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Livestock production contributes to global human-induced greenhouse gases
(GHG) emissions in the form of CH,, N,O and CO,. Beyond climate change, direct
CH, emissions are also linked with efficiency in dairy cows. The aim of this study was to
estimate genetic correlations between methane emissions and nitrogen use efficiency
(NUE) in Walloon dairy cows. Milk mid-infrared (MIR) spectra were used to predict CH,
emissions (PME, g/d) using existing equations. The trait log-transformed CH, intensity
(LMI) was defined as the log-transformed ratio of PME divided by the daily milk yield
(MY, kg/d) recorded on the same test-day achieving a more normal distribution. The
values of predicted NUE (PNUE) and N losses (PNL) as proxies of the NUE and N loss
were obtained using the combined MIR spectra, parity, and milk yield-based prediction
equations on test-day MIR records with days in milk (DIM) between 5 and 50 d. The
used data were restricted to the first-parity cows. Random regression test day models
were used to estimate genetic parameters with the Bayesian Gibbs sampling method
using a single chain of 100,000 iterates with a burn-in period of 20,000 iterates. Mean
(SD) daily h? estimated for PME and LMI were 0.14 (0.05) and 0.24 (0.05), respectively.
Mean (SD) daily genetic correlation estimated between PME and LMI was 0.55 (0.03).
At a level of reliability of more than 0.30 for all examined traits, breeding values of
420 bulls born after 1995 were used to estimate the approximate genetic correlations
(AGC) between PME and LMI and PUNE and PNL. The AGC estimated between
PME and PUNE was -0.33 (0.07) and that found between LMI and PUNE was -0.60
(0.07). The AGC estimated between PME and PNL was 0.43 (0.08) and that found
between LMI and PNL was 0.32 (0.08). The results showed that CH, emission, as
an indicator of energy lose, is positively correlated with predicted nitrogen lose and
negatively correlated with N use efficiency. It can be concluded that genetic selection
for decreasing CH, emission will also decrease N loss and increase N use efficiency
in dairy cows.

Keywords: greenhouse gas emission, mid-infrared spectrum, genetic relationship

Efficiency traits in dairy production have received increasing attention as affect not only
farm profitability but also losses to the environment (Phuong et al., 2013). Therefore,
the dairy industry is under constant pressure for further improvement of efficiency
traits (Connor, 2015). If the nutrients consumed are not converted to milk, meat,
body reserves, or new born calf, they are excreted into the environment, resulting in
emissions such as urea (nitrogen (N) loss) and methane (energy loss) (Phuong et al.,
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2013). Proposed CH, emissions traits include CH, production, defined as the daily
production (g/d); CH, yield, defined as the amount of CH, produced per unit of dry matter
intake; CH, intensity, defined as CH, produced per unit of product (milk or meat), and
residual CH,. An increasing number of studies showed that N use efficiency (NUE), N
loss (urinary urea, milk urea, and faecal urea), and CH, emissions are heritable traits
and are correlated with milk yield and composition in dairy cows (Pickering et al.,
2015; Chen et al., 2021a; Chen et al., 2021b; Richardson et al., 2021). However, both
types of traits (NUE and CH, emissions) are challenging to record and to analyse on
phenotypic and genetic level. Moreover, there is no report on the genetic correlation
between proxies for N efficiency traits and methane emissions. Therefore, the aim of
this study was to estimate approximate genetic correlations between CH, emission
and the N use efficiency in Walloon dairy cows.

Milk samples were collected on first parity cows from 2006 to 2021 by the Walloon
Breeding Association (Ciney, Belgium). All milk samples were analysed using Milkoscan
FT4000, FT6000, and FT+ (Foss-Electric A/S, Hillerad, Denmark) by the milk laboratory
Comité du Lait (Battice, Belgium) to generate the MIR spectral data. Methane emissions
(PME, g/d) were predicted from the recorded spectra using the equations developed
by Vanlierde et al. (2021). To eliminate potential abnormal records, the PME values
below the 0.1 percentile and above the 99.9 percentile were deleted (Kandel et al.,
2017). Methane emission intensity (PMI, g/ kg of milk) was defined as the ratio of PME
divided by the daily milk yield (kg/d) recorded on the same test-day. The PMI was then
log-transformed to be normally distributed and called log-transformed CH, intensity
(LMI). Records from days in milk (DIM) lower than 5 d and greater than 365 d were
eliminated. Age at the first calving (AFC) was restricted to the range of 540 to 1200
d. The final dataset consisted of 1,529,282 test-day records on 229,465 first-parity
cows distributed in 1,530 herds collected from 2006 to 2021. The EBV and reliability of
predicted NUE (PNUE) and N losses (PNL) were obtained from (Chen et al., 2021b).

The (co)variance components for PME and LMI were estimated using the following
random regression test-day model (RR-TDM).

4 2 2 2
Vijkim = B+ HTD; + Z AS;a, (1) + Z HYy o, (1) + Z peoy () + Z a8, (0 + ejjam (1)
b=o b=0 b=o b=0

where y, .. is the test-day record (PME or LMI) on DIM m of cow |, belonging to i"
class of HTD, j" class of AS, and k™" class of HY, HTD is the fixed effect of herd-test-
day, AS is the fixed effect of age-season of calving defined as following: age at calving
class (10 classes) x season of calving (four seasons),

Yis—o ASjoy (1)

is the fixed regression coefficients of the age-season at calving modelled using Legendre
polynomials of order 4,
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Zo-o HYkoy ®, Yi-o P18, (1) and Lé=o a18p (t)

are, respectively, the random regression coefficients of herd-year at calving (HY),
permanent environment, and additive effects modelled using Legendre polynomials

of order 2, and e_ is the residual effect.

ijkim

The (co)variance components were estimated by Bayesian inference using the
GIBBS3F90 software (Aguilar et al., 2018). Gibbs sampling was used to obtain
marginal posterior distributions for the various parameters using a single chain of
100,000 iterates. The first 20,000 iterates of the chain were regarded as a burn-in
period to allow sampling from the proper marginal distributions. Genetic (co)variances
on each test day were calculated using the equation described by Jamrozik and
Schaeffer (1997). Daily heritability was defined as the ratio of genetic variance to the
sum of genetic, permanent environmental, herd-year calving, and residual variances
ata given DIM. The vector of estimated breeding values of each animal | (EBV)), which
included daily EBV from all DIM (5 to 365) as estimated by multiplying the vector of
predicted additive genetic random regression coefficients by the matrix of Legendre
orthogonal polynomial covariates; that is EBV, = T4, | where is the vector of predicted
additive genetic coefficients for animal I, and T is a matrix of orthogonal covariates
associated with the Legendre orthogonal polynomial functions. In addition, the total
EBV of animal | was obtained by averaging the EBVs from day 5 to 365 as following:

EBV, = Y2°2EBV,

The approximate genetic correlations (AGC) between PMI, LMI, and PNUE, PNL were
estimated using the strategy presented by Blanchard et al. (1983). Bulls born after
1995 (included) with more than 0.30 in reliability for EBV of all traits were selected.
The method of calculating standard errors of the AGC was the same as Chen et al.
(2021b). The total EBV and reliability of PMI and LMI were used in this part.

Means (SD) for PME, PMI and LMI were 326.8 (67.65) g/d, 14.97 (5.70) g CH,/kg
of milk yield, and 2.64 (0.35), respectively. The mean PME found (326.8 g/d) was in
the range reported by previous studies (Pickering et al., 2015; Kandel et al., 2017).
Heritability estimates for PME and LMI were relatively stable across lactation, with a
mean h? of 0.14 and 0.24, and peak h? of 0.21 and 0.30, respectively. Moderate h?
were estimated for PME and LMI in agreement with the literature (De Haas et al.,
2011; Kandel et al., 2017; Sypniewski et al., 2021). A total of 420 bulls were used to
estimate AGC between the proxies for N efficiency traits and methane emissions. Most
of them belong to the US (137), the Netherlands (111), and Canada (52). The average
reliabilities (SD) of EBV for PME, LMI, PNUE, and PNL were 0.84 (0.16), 0.84 (0.16),
0.48 (0.15), 0.49 (0.15), respectively. Estimated AGC (SE) between PME and PNUE
was -0.33 (0.07) and between LMI and PNUE was -0.60 (0.07). The AGC (SE) estimated
between PME and PNL was 0.43 (0.08) and between LMI and PNL was 0.32-(0.08).
Methane emissions, as an indicator of energy lose, are positively correlated with PNL
and negatively correlated with PNUE. These results seem to suggest that selection of
NUE and CH, simultaneously is possible.

Approximated genetic

correlation

Results and
discussion
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Advanced analytics create insight and supports the
Danish dairy farmers

J. Frandsen, T. Hejgaard Sgrensen and L.A. Nielsen

SEGES Innovation, Denmark

Danish dairy farmers have access to one of the most comprehensive management
systems in the world. Data is the key to most management decisions on the farm and
with advances analytics, data is transformed into valuable insights. Below are four
examples of advanced analytic solutions available to the Danish dairy farmers.

Predictive forecasting models is used to predict the cell count for the coming 4
months. The prediction is based on more than 7 years of data, taking detected
seasonality into account.

Advanced statistical models are implemented several places for example to predict
lactation curves for individual and groups of cows. Advanced statistical models are
also used to create a graphical analysis tool showing a longevity profile and a claw
trimming profile for individual herds.

Key influencers are derived from regression analysis in a reproduction management
tool available to dairy farmers. The identified key influencers are the individual
factors with the most impact on reproduction results.

Al solutions such as Optical Character Recognition (OCR) and speech recognition
is implemented in mobile apps to simplify data entries for the Danish farmers.

The Danish Cattle Database system is unique in the sense that data from sources
within the whole dairy industry is registered in one place and therefore provides a huge
amount of information available for both farmers, advisors, and researchers, see the
overview in figure 1. Examples of some of the more important data contributors to the
Danish Cattle Database are:

The farmers.

Dairies — daily amount of delivered milk and analysis.
Slaughterhouses — weight and quality data on culled animals.
Breeding companies.

Veterinarian management system.

Milking equipment management systems.

Feeding equipment management systems.

Sensor equipment management systems.
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Examples for
data analysis
in the Danish
Management
system, DMS

Forecast of the milk
production

The data registered on animal level are movement data, milk recording data including
milk quality analysis, reproduction events from heat to pregnancy, registration of
disease, treatment and medicine consumption, slaughter data like quality and weight,
sensor data like activity and health alerts and in some cases also daily milk weight
from milking equipment. On group and herd level the database receives delivered milk
incl. quality analysis and feed consumption each day.

The big amount of data at the representation across all areas in the dairy production
gives a good foundation for solid data analysis to guide the farmer and the service
sector around the farmer.

In the following there is a short description of how data are uses in analyses of the
production to guide the farmer towards optimizing the production. The main engine
in the data analysis is the Data WareHouse, DWH, where the raw data are crouched
and processed to enriched key figures and used in different reports and systems.
Most of the reports are build in Microsoft Power Bl, which offers motivation dynamic
presentation of the data, and a continuedly development in functionality

With certified data on milk production from the milk recording on more that 90% of the
dairy cattle and validated movement data and solid reproduction data SEGES has
analysed data and developed a system to forecast the production. By using data on
the individual cow, it is possible to make the forecast on the individual cow. These
forecasts are used in different analyses from lactation analyses to forecast of the
production for budget purposes

Figure 1. Overview of the Danish Cattle data, and management system.
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The dairies in Denmark use SSC as a parameter in their payment to the farmer,
which leads for a decrease in payment for e number of farmers. Bu using the forecast
possibilities in Power Bl on the data series in the database the farmer in DMS can see
the consequences in payment id nothing is done. As a supplement to the data DMS
present some advises about how to avoid the problem

By using data from the different sources DMS presents a daily Dashboard for the dairy
farmer to guide in where to focus. It gives a daily KPI overview of the herd performance
on milk production, reproduction, heath and feeding including a reference to goals for
the performance.

A lot of farmers find a big motivation in benchmark against other similar herds
performance. By using data and the daily data processing in the Data WareHouse DMS
provides a Benchmarking system with more than 140 key figures with possibilities to
benchmark against other comparable herds and own goals as seem in this example

Allin all, the data in the Danish Cattle Database are used to analysis for the benefit
of the farmer, it

e Gives the farmers a very qualified basis for making decisions on an operational
and strategic level regarding their production.

e Gives the service entities around the famer the best possible basis for servicing
and advising the farmers.

e Makes it attractive for the on farm equipment suppliers to join the data exchange
for the benefit of the farmers.

Prescriptive data

Daily dashboard

Benchmarking

Conclusion
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Exchanges of French genetic data are driven by farmer
consent managed in a dedicated blockchain

L. Journaux?, L. Duveaux?, H. Gilles®and S. Picardat*

France Génétique Elevage (FGE), 149 rue de Bercy 75595 Paris cedex 12, France
Corresponding Author: laurent.journaux@france-genetiqgue-elevage.fr

2Association SPIE, 9 avenue George V, 75008 Paris, France

SFAST, 149 rue de Bercy 75595 Paris cedex 12, France

‘Agdatahub, 9 avenue George V, 75008 Paris, France

FGE manages French collective system for the genetic improvement of ruminants
and offers services to its members with shared genetic information systems. The
information system for cattle genetic improvement manages 200 million of animal (+7.5
million per year) and more than 1 billion of information (+40 million per year), coming
from 44 000 farms, recorded and used by more than 300 companies (135 with a very
significant activity).

FGE launched in 2020 the deployment of a new professional national data base,
connected with a dedicated data exchange platform and a breeder’s consents
verification platform “Agata Consent” to validate and secure the exchange based on a
consortium blockchain solution. The system, in production for the first users, ensures
the informed consent of breeders speaking about the use of their data by several
professional organizations for research and development, genetic improvement or
innovation, without any intervention from the user. It works as a trusted third party to
exchange data even with multiple addressing, with addressing parameters supported by
web services. It increases the confident of breeders and organizations in the exchanges
and the uses of data all along the value chain, in adequation with the European Data
Act regulation.

Since the 60’s, the French cattle breeders’ organizations have been structuring their
technical data recorded on farm for ruminant production (cattle, sheep and goat) at
regional and national levels. Initially, the investment and infrastructures were funded
and performed by state.

Gradually, the part of investment and cost supported by breeder’s organization
increased. Today, the cost and investments of the system are supported by farmer’s
funds for 90% and by state subsidies for 10%.

Afirst step occurred in 1998 to renew all the system in a distributed relational database.
The system was well adapted to the land organization with, small to medium size, local
farmer associations or cooperatives (Rehben et al., 2005; Rognant et al., 2005). The
system, currently in production (Balvay 2017, Balvay et al., 2014), has been managed
by the national professional organization France Génétique Elevage (FGE) for 14 years
with the development of new tools as consent management.
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For Cattle, the information system covers animal identification, parentages, performances
(i.e. milk production, weight, fertility and so on) and genotyping (DNA information)
with all the technical information to use this data for statistical treatments (location,
birth date, calving rank...). These data are specially used to estimate the breeding
value of animal and to perform advices for the farmers; these data are exchanged at
international level to establish international ranking of artificial insemination sires on
breeding values. In addition, this information is available for farmers themselves and
others clients like private companies.

The amount of data collected each year is very large as the total amount of information
cumulated for 60 years.

The number of actors who contribute to the system is large: more than 300 data
providers in 2019. 135 of them exchanged more than 10 000 records.

One specificity of this information system is to manage data on a very long term: the
statistical studies performed to estimate breeding values needs a very large number of
data and a knowledge of pedigree with a maximum of depth (minimum 4 generations
of ancestors, i.e. data managed during a minimum of 30 years for Cattle!)

Table 1. Number of data managed in the cattle information system (in Millions)

Records created

in 2021
Total in the
database

A new landscape
for regulation

Identities Births | Lactations

7,012 6,749 2,232 20,393 1,271 1,156 6,514

A new landscape
of actor for new
needs on data

Milk Morphology

Weighin Inseminations
records ghing records

857,0

The data exchange in France are regulated by EU regulation on personal information
— RGPD, CNIL 2022. In the next year this regulation will be updated by the Data
Governance Act. While the Data Governance Act, presented in November 2020 and
agreed by co-legislators in November 2021, creates the processes and structures to
facilitate data sharing by companies, individuals and the public sector, it also clarifies
who can create value from data and under which conditions. Especially, the Data
Governance Act defines a new role of Data Intermediary Service Provider which must
be independent of any storage or treatment of any kind. Furthermore, to ensure the
liability and accessibility of data from production, beneficiary companies will have to
ask for an explicit consent (prolonged GDPR for non personal data). This consent
must be also verifiable on behalf of any data exchange. This new regulation will be in
force by the end of 2023 (EU, 2022).

Nowadays, the situation has evolved a lot compared to the beginning of the century. In
some parts of the territory some small organizations remain structured around regional
information systems managed by breeder cooperatives or associations dedicated to
this technical activity. But, in other parts, big players (more than 100 M€ income) are
individually part of the game. They have an internal information system covering all
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the aspects of the management of the company, technical data dedicated to genetic
improvement is now only a part of information system structured in ERP (Enterprise
Resource Planning).

The demand for exchange of data for multiple use is now very frequent and push the
development of new solutions of exchange or sharing of data (iDDEn Reents and
Pekeler, 2021; DataGene, Shaffer 2021; US Dairy Brain project Cabrera et al., 2021.

Since 2017, FGE engaged a large project to adapt the existing system to this new deal.
After 3 years of initial studies the project is entering into the final phase of development
and production.

The new system is a national database managed by FGE to capitalize all the data
collected since the 60’s and a set of web services to support data exchange with all
the regional or private information systems.

The architecture of the new information system is organized to combine a national
central data base with regional platform shared by several actors and private information
systems where the technical information managed for genetic purposed is a part of
integrated ERP of the company.

To take into account the mandatory respect of breeder consent in accordance
with French and Eu regulation and to be compatible with policy of French Farmers
Union, this new system is combined with a consent management system open to
all the companies involved in cattle genetic improvement. This system is based on
blockchain: this technology has been chosen for multiple reasons included its capacity
of disintermediation and trust creation and the legal value of data encrypted and stored
in the blockchain (as described in Leporcher, Goujon, Chouli, 2019)

Exchange between the different databases will be performed by web services

The development of a consent management system paired with a web services
exchange system aims at ensuring the informed consent of breeders speaking about the
use of their data by several professional organizations for research and development,
genetic improvement or innovation. This system is implemented in the new organization
to increase the confident of breeders and organization in the exchange and the uses
of data.

e If an organization of genetic improvement environment obtained a consent of the
farmer for a family of data, it can use the data in accordance with the use stated in
the consent and it will have an easy access to the data using the tools developed.

e If a company outside the genetic improvement frame obtained a consent of the
farmer and organization who recorded the data’s, it can use the data in accordance
with the use stated in the consent and it will have an easy access to the data using
the tools developed.

The web service solution used is a very standard solution. The publication of web
service messages will allow a large use by actors of cattle genetic improvement and
other players.

To facilitate data exchange, and extension at national or European level, FGE seeks
to maintain the highest compatibility with international data exchange standard. It's
Includes, at the first place, the Animal Data Exchange Standard promoted by ICAR
(ICAR ADE, 2022). This new French genetic data system already applies all the legal
requirements concerning the Data Government Act.

Description of the

new system
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Focus on Base
Pro and exchange
system

The Base Pro database is based on the PostgreSQL opensource technology.

Base Pro will allow data exchanges between all actors involved in ruminant breeding
sector and extended to the livestock value-chain according to modalities compliant
with IT state of the art: Web Services.

These tools with standardized interfaces increase the efficiency of access to data by
economic players and ensure compliance with management rules for exchanges. In
particular, integration into web services of the systematic consent verification before
any access to data to check the existence of the data’s right holder’s consent is a key
factor in the confidence and appropriation of the system by these actors..

Figure 1. Base Pro Web Services functional architecture.

In the target architecture the client will access to the web services through the data
exchange system (SED) as a trusted third party. The authentication is based on a
Keycloak standard solution.

The technical application accounts are stored in a LDAP and managed through the
administration portal PAGO which allows the management of the accounts and their
access grants.

The technical framework is based on the standard technologies java/Rest/Wildfly/
Swagger.

The Base Pro web services are deployed on a multi-node infrastructure which offers
following features:

e Scalablity / Redundancy.

e Security.

e Multi-node load balancing and resilience.

e Continuous integration platform.

e Industrialized platform based on a standard components catalogue.

e Multi-version.
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Figure 2. Simplified chart of solution.

e Documented Interface Contract (Swagger).
e Volumetric capacity:
= 10 000 000 requests/month.

= Peak : 20 000 000 requests/day.

= Capacity Load Tests: 13 000 000 requests/hour.

The consent management system called Agata Consent, developed by FAST company
(FAST, 2022), was designed to achieve objectives of the Base Pro project: being
able to ensure the collection of farmers’ consent for data exchanges between various
actors of the breeding value chain and giving them access to the consents they gave.

The system is combined with a data exchange management system (SED) developed
by Agdatahub company (Agdatahub, 2022) to ensure security and trust.

Administrators of data domains / perimeters can access an ergonomic interface to
administrate, create, modify the consents. They can also directly use the available APIs
for the different functionalities. Thanks to a detailed rights gestion, farmers access the
same interface to consult and accept / refuse consents.

Farmers have their own simple and pragmatic interface to consult and modify (according
to contractual parameters) the delegations they gave to professional organizations
and the related consents. This interface is exposed on Agri Maker (Agri maker, 2022),
a digital services platform for agriculture, already gathering about 33 000 farmers and
25 services.

Agata Consent is a decentralized consent management solution based on open-
source components that can be hosted on different cloud platforms using Kubernetes
orchestrator. Webservices are developed based on Opensource Springboot framework.
Full web management interfaces are developed with Javascript Angular framework,

Focus on consent

management
system
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Conclusion

Reference

they are design responsive. Types encoding uses UTF-8 for exchange and storage,
dates are encoded using the ISO 8601 norm.

Agata has a distributed architecture with a variable number of nodes, which is coherent
with blockchain philosophy and ensure the security of the system by pseudonymization.
Agata ensures consents privacy by encrypting all personal data in the blockchain.

Each node of Agata Consent Blockchain has the following technical architecture:

e HyperLedger Fabric Ledger: data storage in the blockchain.

e Smart contract: Java code used in the blockchain.

e Couch DB: database technology Fabric-CA: certification authority.
o Orderer: Hyperledger control.

The solution has a Tier Il availability classification (with a maximum of 1,6 hours of
unavailability per year)

If a specific organization obtained a consent of the farmer for a category of data (also
called “data family”), it can use the data in accordance with the usage established in
the consent. Moreover, the organization will have an easy access to the data using
the tools developed. The system can also be used by a company outside the genetic
improvement sector. Indeed, the Consent Management System is generically designed
to be able to manage consents relating to data from all sectors of agri-food value
chains and even other sectors of economy. It is organized into functional areas called
“domains” within which data concerned and rules for managing consents are defined.
This organization, which is both modular and generic, makes it possible to offer the
service to a wide range of customers, while preserving specificities of each.

Agata Consent has been identified as a mean to obtain the label “Data Agri” for the
companies who will use this solution.

For the system initialization, 273 071 existing consents have been loaded. It's concern
74 534 herds and 138 companies.

Agata Consent is technically compatible with the French consent portal AgriConsent,
(Agriconsent, 2022) the commercial version of Multipass project (Lauga et al., 2019)

The first 2 domains on which the system combining SED and SGC will be deployed
are ruminant identification and genetic improvement. Moreover, even if the system
has been developed in this objective, it is applicable to all the agricultural value chain.

The initialization of the system ended in May 2022 and we are now int the phase of
increase in load.

The promoters of this solution hope that it will be applied on a large fields of animal
data exchange.

Agdatahub, 2022, https://agdatahub.eu/
Agriconsent, 2022,, https://agri-consent.eu/

Agrimaker, 2022, https://www.agri-maker.com/home.
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Dairy farming is being intensively computerized, whereby the goal is to use the recorded
data to optimize production processes. This requires extensive analytics, which needs a
good understanding of the data. It is also necessary that the datasets be federated to be
able to get an integrated view. Although conventional database tools are helpful in that
process, it is believed that linked data and ontologies can provide seamless integration
of different sources while providing a semantic layer allowing deeper introspection of
data. The objective was to build an ontology to provide such a semantic layer to dairy
herd improvement (DHI) data.

A large dataset of milk production data was provided by Lactanet, Canadian Network
for Dairy Excellence. This data is typically heterogeneous, i.e., covering partially or
thoroughly health, nutrition, yield, and genetics. It also possesses a complex structure,
with a large variety of data for a unique animal, dispersed in many records and multiple
tables. A dedicated domain ontology, referred to as the Dairy Cattle Performance
Ontology (DCPO), was built from a semantic analysis of the datasets. The initial core
set of entities was determined using the definitions and minimal attribute sets for traits
provided by ICAR guidelines and CDN documents. This core was gradually enriched
with lower-level entities and aligned to more abstract concepts from the Basic Formal
Ontology (BFO) to provide a foundational theory. The process was validated by domain
experts. DCPO provides a rich and extensible data schema, a vocabulary based on
international standards to support stakeholder collaboration. It federates external data
sources and provides a semantic interface to query the obtained integrated linked
data. Finally, DCPO underlies a knowledge base supporting analytics and decision
making. Preliminary evaluation followed a query-based approach: SPARQL queries
were designed reflecting typical questions experts might ask to assess the practical
usability of DCPO.

Mining structural regularities, or patterns, in data may lead an expert to discover
unknown phenomena or to confirm an already formulated hypothesis. The benefit of
using DCPO as vocabulary for patterns is to enable seemingly unrelated yet isomorphic
sub-graphs in the data with diverging vertex and edge labels, to become identical
once their labels are generalized to DCPO classes and properties. Key benefit thereof
was the patterns were described using the domain expert language to increase their
interpretability. Next, we plan to use the ontology to support the deep learning-based
inference of predictive models for milk production.

Keywords: Precision agriculture, dairy farming, domain ontologies, knowledge discovery
from data, graph mining.
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Introduction

Motivation

Agriculture 4.0! refers to future trends helping the sector face the main challenges
pertaining to the demands of the future. Precision farming, in particular, is about
improving the overall farming process through in-depth analysis of its various aspects as
reflected in their historical data generated by farming devices, produce/crop processing
entities, regulatory bodies, etc. This requires all the stakeholders (e.g., producers,
managers, analysts, consultants, etc.) to work together to leverage available data as
a competitive advantage.

A typical approach is the design of machine learning or data mining-based analytical
tools to, inter alia, predict outcomes in daily-life situations the stakeholders face or
to detect major trends and/or exceptional events in the data. As living beings are
involved, data are typically heterogeneous and complexly structured: They may cover
such aspects as the well-being and health issues for farming animals, nutrition, yield,
genetics, etc. Inner structure, e.g., time series, and inter-record relations, e.g., animal
pedigree, would also appear in the data.

Constituting such complexly structured datasets requires a significant data-modelling
effort. Moreover, as ever more aspects of the farming process get computerized,
extensibility to further datasets is often a prime concern. This motivates a full-scale
domain modelling in the form of a dedicated domain ontology (DO). DOs have a wide
range of benefits beyond mere rich/extensible data schema. For instance, they provide
a standardized vocabulary to support stakeholder collaboration while representing a
centralized repository for domain expertise, thus enabling the design of decision-support
systems for various domain tasks [1]. We present here the design of our dairy cattle
performance ontology (DCPQ), its current state and intended usage. The remainder
of the paper is as follows: Section 2 presents our motivations while section 3 lists
relevant prior work. Next, section 4 details our iterative modeling process and our tool
set. Finally, section 5 concludes.

Lactanet?, is the dairy production centre of expertise covering the province of Quebec
and the Atlantic regions of Canada. Lactanet’'s accumulated data about dairy production
and milk control describes 6,670 herds and 1.5M cows. Key concepts reflected in the
data include milk control samplings and the associated laboratory-based analyses that
estimate the principal milk components: fat, protein, milk urea nitrogen, etc. Overall, the
records provided by Lactanet amount to 3+ billion data end points. This huge dataset
hides potentially meaningful concepts, e.g., unproductive cows admitting improvement
vs those to quickly sell, and behavioral patterns for cows or farmers, that need to be
uncovered. In order to allow richly structured heterogeneous datasets to be: (1) properly
built and (2) analyzed to yield meaningful and intelligible patterns, we decided to design
a DO. A number of our dairy analytical tools are symbolic-level, including graph mining
methods whose cornerstone is a DO-powered generalized pattern miner. Additionally,
a set of predictive models exploiting deep neural net architectures have been designed
targeting a variety of yield metrics such as milk production and overall cost [2]. The
way these can benefit from the ontology and the graph mining tools’ output is currently
under investigation.

thttps://www.worldgovernmentsummit.org/api/publications/
document?id=95df8ac4-e97c-6578-b2f8-ff0000a7ddb6

2https://lactanet.ca/en/home
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Several ontological sources have been developed about dairy production. The
Animal Trait Ontology for Livestock (ATOL, https://www.ebi.ac.uk/ols/ontologies/
atol) models phenotypical animal traits. These are represented from an environment-
aware and animal breeding-driven point of view. A Common Dairy Ontology (CDO)
[3], has been designed towards assisting on farming decision making and semantic
alignment (www.smartdairyfarming.nl).Yet CDO is primarily focused on sensor data
and lacks a transverse view of the domain. AgroRDF [4] is a data exchange standard
designed for agro-industrial purposes and built with semantic technologies. However,
it lacks a unifying broader framework able to precisely describe the dairy domain. The
agriOpenLink [5] system provides open interfaces and linked services to enable the
development of new processes with a plug-and-play architecture. The Dairy Farming
Ontology (DFO) is among the many created within the agriOpenLink project. Albeit
strongly appealing for our own goals, it is not publicly available. The FAO (Food and
Agriculture Organization of the United Nations) project develops agricultural standards
such as AgroVOC vocabulary [6]. While it covers a wide range of subjects, it lacks
middle-level concepts involved in dairy production, hence it is too generic for our needs.

In the recent past, DOs have been used to support a semantically rich data mining
process. Indeed, they expose domain knowledge to machine processing while providing
a rich vocabulary that is easily intelligible for domain experts [7]. Pattern mining [8],
[9] aims at discovering recurrent data fragments in a dataset that might represent
potentially useful trends and regularities (combinations of descriptors). Depending
on data record topology and how much thereof is preserved in the patterns, various
flavors of patterns have been studied, from itemsets (sets of products) to sequences
to graphs. Independently, generalized patterns [10] have been introduced to deal
with cases where abstracting from concrete data items (e.g. Corona virus instead of
SARS CoV 2 can bring insights absent in the ground level of data records. Generalized
patterns are defined on top of an item taxonomy.

Graphs are among the most challenging pattern formats and adding a DO on top of
their vertex and edge labels further compounds the issue. Partial solutions to the graph
mining with a DO problem were investigated in [11]-[13]. Both [12] and [13] under-exploit
the ontological structure by focusing only on parts of it (object properties and classes,
respectively). In comparison, our DO is intended to support abstraction on edges as
well, e.g. use parent property in patterns to match the dam property (female parent of
a bovine) in data. In [11], abstraction from both vertices and edges was formalized,
yet for graphs built around a vertex sequence which largely eases the mining task. In
contrast, we deal with unrestricted graphs.

Finally, the problem of feeding the knowledge from a DO into a neural learning process
was approached in [14] with class-embedding-based techniques. Prior studies have
investigated mimicking the ontological structure by the neural network architecture
[15]. Unlike these, we rely on discovered graphs patterns for data augmentation [16].

We were provided with several non-ontological resources such as datasets of various
provenance and coverage pertaining to dairy production, together with their data
dictionaries. Additionally, we followed the International Committee for Animal Recording
(ICAR, www.icar.org) guidelines and the publication of dairy cattle genetic evaluations in
Canada provided by the Canadian Dairy Network (CDN, https://www.cdn.ca), consisting
of publicly available data dictionaries. Starting from these resources, we applied an
iterative modeling process inspired by the Ontology Summit 2013 Communiqué’s life
cycle (://ontolog.cim3.net/OntologySummit/2013/communique.html. Below, we describe
its main steps and outcomes.

Related work

Building the dairy
cattle performance

ontology
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Requirements

Ontological analysis
and design

Figure 1. Global project architecture.

Our initial focus was on purpose and scope of the ontology. Figure 1 depicts the global
architecture of the information system the ontology is intended to support.

The DCPO, in the center, is intended to support three use cases: (1) a federated
schema for external data sources on the left, (2) a semantic interface to cross-domain
querying the linked data produced from the integration of external and internal sources,
and (3) a knowledge base for graph mining algorithms on the right side. The produced
generalized graph patterns are injected into further machine learning tools as additional
ontology-based features to make their results more intelligible. As the results of this
ontology supported system are intended to be used by anyone in the dairy community,
it is important the compliance to international standards in the field, in particular to the
ICAR guidelines and CDN’s genetic vocabularies.

Precision dairy farming is about optimizing dairy cattle performance indicators that
reflect complementary aspects of the dairy process. In the long term, DCPO will embody
knowledge about six perspectives of the dairy process: breeding (pedigree), genetics,
production and milk quality control, environment, health and nutrition. Currently, it
encompasses only the first four, corresponding to the datasets and data dictionaries
made available as departing point.

The ontological analysis for DCPO has been guided by domain experts, experienced
data scientist, and the available structured description of the dairy data recording
procedures within the ICAR documentation. This documentation was informative
enough as to provide a core set of terms that was gradually enriched with lower-level
concepts and properties and aligned to an upper ontology to provide a foundational
theory.
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Figure 2. Bottom-up analysis: From dictionary names, via ICAR terms, to DCPO
entities.

To take advantage of the available resources mentioned before, a bottom-up approach
was performed. To identify the key entities of the ontology, we extracted the names of
our datasets and their columns from available data dictionaries and matched them to the
terms defined in the ICAR documents, so that we could link them to the standardized
dairy domain terminology, Figure 2 illustrates this process. On the left, the candidate
term Lactation is retrieved from the dataset name, and it's matched to the terms defined
in the ICAR document, where an occurrence is found. In the matched definition, the
related candidate terms/phrases Calving and DryPeriod are retrieved. Additional
examination of the document identifies another candidate term ProductionPeriod and
its relationship to the other terms are inferred (e.g. hasLactation).

In defining hierarchies (i.e., classes and properties) we usually provide an abstract level
to factor out the common characteristics of the elements in a particular module, and
one or more specialization levels below which inherit and refine these characteristics.
This facilitates the management of the overall ontology architecture and inter-module
connections, its extension, readability, and better grouping of similar entities. In some
cases, the generalization process leads to the finding of ontology patterns (OP) that can
then be reused across the ontology to provide modularity. Moreover, this decomposition
of the ontology in abstraction layers allow the discovery of generalized graph patterns
(GGP) from data, as we will see in the next section.

One such OP is the ascertainment pattern shown in Figure 3 (left). In detail, a target,
Thing, undergoes an assessment procedure of some kind or Ascertainment, about
some DeterminableQuality of the target and it is quantified by some measure or
DeterminateQuality. This OP abstracts different ways of acquiring certain knowledge
concerning the target entity. Under the umbrella of this OP, one finds such dairy farming
activities as milk composition tests, genetic evaluations, and cow conformation scoring,
to name a few. For instance, genetic evaluation is depicted on the right of Figure 3.

In searching for abstractions and OPs, we combine the bottom-up strategy of
generalizing from concrete entities with the top-down strategy of making them
specializations of a foundational ontology, the Basic Formal Ontology (BFO) from the
OBO Foundry in our case. This greatly simplifies the integration of the two ontologies
as the specialization approach gradually refactors the DCPO using BFO as a design
guide, trying to align our entities to entities in the upper ontology. This has the effect
of forcing our design to comply to the upper ontology, and thus absorb its principles.
As an example, a genetic trait is any measurable characteristic of a cow that is
heritable with some probability. Using the bottom-up strategy, we found a hierarchy
of trait classes associated with concrete measures. From the top-down perspective
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Ontology description

Figure 3. The OP Ascertainment (left) and its instantiation as GeneticEvaluation
(right).

we understand that traits are BFO:Quality specializations. So, we created the classes
DeterminableQuality and DeterminateQuality for general use in our patterns, which
are both specializations of BFO:Quality and generalizations of our concrete classes
for traits and measures correspondingly (see Figure 3).

This strategy enabled the rapid design of a coarse first model made of candidate
classes and properties. We chose OWL since it is a standard Semantic Web technology
built on top of RDF, a data format designed for interoperability, and provides valuable
inference capabilities allowing ontology consistency to be checked with a reasoner, thus
greatly reducing the production effort for the formal ontology artifact. Domain experts
challenged this first model/design. This strategy enabled an analysis/design process
following an iterative feedback loop (refining, updating, and adding new entities) with
domain experts regularly challenging the latest changes.

The ontology has been modularized according to the different aspects of the dairy
process covered at this stage: core, production and quality control, testing, breeding,
and genetic evaluation. In the following paragraphs we summarized the ontology
description as depicted in Figure 4. Notice the use of italics to highlight ontology entities
where classes begin with an uppercase letter and properties with a lowercase one.

At the core of the ontology, the central entity Bovine, factors out common characteristics
of main actors: Cow and Bull, regardless of their particular role in the process or their life
stage, allowing these concrete specializations to refine a common base by inheritance.
Bovine is derived from Animal, used to enable extensions of the DCPO to other dairy
species. A parent property and its specializations femaleParent and maleParent are
defined on Animal to allow the construction of a parentage graph tracking the pedigree
of each animal, with further specializations dam and sire for the cows and bulls involved
in breedings, respectively.

The productive periods of a cow have three main stages: Calving, representing the
birth of a new calf; Lactation, the milk production periods the cow has went through
and DryPeriod, the time the cow is not producing milk. During Lactation, the Milking of
cows undergoes QualityControl whose instances represent the different milk quality
checkpoints performed during lactation. Quality control performs MilkSampling to
produce a MilkSample that isAnalyzedBy a CompositionTest. During MilkSampling
a QuantificationTest is performed to measure the milk yield . A Breeding between
a breedingDam and a breedingSire engenders a new Calving producing a newborn
Bovine. Each Bovine, undergoes a GeneticEvaluation that determines the geneticMerit
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Figure 4. Dairy ontology and its modular desig.

of the animal on several Traits, to assess its value (a full description is available
through CDN). Finally, a Herd entity is associated with the concept of HerdMembership,
representing the fact that a cow belongs to a herd.

As a preliminary evaluation of the DCPO, we adopted a query-based approach. The
motivation behind was two-fold: (1) assess the practical usability of the populated
ontology and (2) ensure the correctness of applied data transformations. Led by
domain experts, we implemented SPARQL queries that reflect the typical questions
experts might ask, e.g., to estimate the impact of cow management w.r.t to genetic
potential. An example query is to compute average values on day 305 estimates for
milk, protein, and fat for cows, herds, and regions for both production metrics (i.e.,
milk, fat, and protein) and estimated genetic potential (i.e., estimated breeding values).
By substracting — relative to average — values for production and genetics, rough
estimates of the quality of management practices for cows and herds are computed.

Structural regularities, or patterns, in the data can provide useful insights as to the
general trends it reflects: They may lead an expert to discover unknown phenomena
or, more realistically, to confirm an already formulated hypothesis. Therefore, such
regularities, are worth mining and presenting to experts for an in-depth examination.

The immediate benefit of using a DO as vocabulary for pattern graphs is to enable
the shared structure in data graphs to be explicitly described at the conceptual level,
even though it may manifest in diverging ways at the data level. In other words,
isomorphic graphs on the data level with diverging vertex and edge labels, which are
thus, seemingly, unrelated, can become identical once their respective labels are
generalized to the respective classes and generic properties from the DO.

Ontology usage
and evaluation

Query-based
evaluation

Generalized graph
pattern mining with
a DO
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Figure 5. Example pattern (right) from a data graph (left), both supported by the dairy ontology.

Experts’ rules
implementation

Here, our DCPO and its instances act as a dual graph model where the former is used
as a blueprint while the latter acts as the actual data to explore and analyze. Another
way to picture it is to consider it as meta-data to formulate relevant hypothesis whereby
graph data is used to (in-)validate such hypothesis.

As an illustrative example, Figure 5 represents a data graph and a matching pattern that
refers to DCPO. The pattern —found in an ad-hoc manner— was deemed potentially
useful by our experts. It reflects the fact that a number of cows culled for reasons that
were not under farmer’s control (involuntary culling) had, prior to that event, at least
one lactation with two quality controls, one of which indicates worrisome values of
somatic cells. Such a co-occurrence is perfectly plausible as increased somatic cell
counts are major signals for mastitis (inflammation of the udder tissue). Consequently,
larger patterns contextualizing recurrent health issues could very well reveal the actual
trigger for the involuntary culling. Therefore such patterns deserve to be investigated
so that the underlying phenomena could be better understood and, if necessary, more
closely monitored.

In the ontology, we describe what things exist in the domain, their attributes, and
relationships. In general, this knowledge is external to animal experts, it is mostly
established knowledge about the dairy process and its validity is not expected to change
with the addition of new knowledge. But exists also internal knowledge developed
by local experts. This internal knowledge usually expresses conditions on the state
of individuals under which certain phenomena occurs. We use rules as knowledge
representation in this case.

An example of this situation is the diagnosis of positive or negative effects of nutrition,
management, and environmental factors in herds according to their bulk tank milk
component profiles. The specification of the intervening entities (herd, milk profiles),
their attributes (the values of the different measures for each profile component) and
the relationships between them are expressed in the ontology (see Figure 6).

Animal experts have determined associations between extreme values of profile
measures and different anomaly situations in herds. To express this associations, we
define rules that use the vocabulary in the ontology. In this way, the ontology, rules, and
a reasoner constitute a decision support system (DSS). Figure 6 shows an example
of such rules: when a profile record is introduced in the ontology as an instance of
a profile, the reasoner tries to match rule antecedents with instance data, if a match
holds, the rule triggers and its consequent is executed, in this case it reclassifies the
profile as a profile specialization.
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Figure 6. Part of the ontology representing bulk tank milk
profiles for herds.

We reflect here on our efforts on the design and implementation of DCPO, unifying
several key aspects of dairy production. A major challenge we faced was the trade-off
between plausible domain modeling and support for expressive knowledge discovery
tools. At the current stage, it proved possible to reach both goals within a unique
ontlogy. Next, we shall look at how to exploit ontology design patterns [18] and given
we conform to the BFO, we envision an integration to the OBO (www.obofoundry.org)
ontologies, with alignments to the relevant ontologies of the library. In longer run, we
shall look at enhancing the data-centered ontology with knowledge discovered from
the data by mining tools.
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Cattle breeding has been data driven since decades ago, with central data storage
and data processing. Breeding goals are including more and more trait complexes
and more and more diverse data sources have been recorded over time. Pedigree
and genomic information in combination with a variety of phenotypes for dairy, beef,
functional and conformation traits are available. The increasing awareness and need
for transparency in regard to health and welfare has led to further documentation and
data sources as well as the further exploration of existing data sources, e.g. DHI with
mid-infra-red spectra. The need to increase efficiency has raised interest in feeding
and management information and technological advances are revolutionizing the dairy
sector with a large amount of novel data sources. One of the aims in the D4Dairy
project is to explore the joint use of diverse data in combination with machine learning
methods disease risk prediction and prevention.

Based on information from 165 farms with data from different life domains such as milk
recording, genetic, housing, nutrition, management, climate and health , algorithms
to predict the disease risk for lameness, acute and chronic mastitis, anestrus, ovarian
cysts, metritis, ketosis (hyperketonemia), and periparturient hypocalcemia (milk fever)
have been derived. The results are encouraging, as, for example lameness can be
predicted with high sensitivity and specificity (F1=0.74). Using three machine learning
approaches of varying complexity (from logistic regression to gradient boosted trees)
it was shown that to some extent the complexity of the algorithm can compensate for
less diverse data. Presently the studies are ongoing with focus on elaboration of a
data-driven decision support tool for early warning to reduce the disease risk.

Keywords: Big data, disease risk prediction, data integration.
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Introduction

Material and
methods

Due to technological progress a huge amount of different data is generated in dairy
operations. Data and central data processing have been a main pillar for breeding
for decades. Breeding based on data and central data processing has started more
than fifty years ago. Data are generated from many different data sources on and
off the farm. As breeding goals have expanded in recent decades, interest in linking
various existing data sources has increased. These include traditional data from
performance recording or linear scoring of animals, as well as veterinary diagnoses,
data from claw trimming or data from laboratories. Since about 15 years ago, genomic
information based on single-nucleotide-polymorphisms (SNP) is used in breeding and
more and more genomic information is available. The advances from research on
mid-infrared-spectra (MIR) show potential to use this information for early warning of
diseases or optimization of feeding. The advances in sensor technology is another
big step forward. More insight into animal physiology and behavior is possible, as well
as more detailed information from the milking process. Feeding information, sensors
measuring the housing climate in the stable as well as other information describing
environmental conditions offer new possibilities for developing decision support tools
to predict an animal’s risk of disease.

Digitization offers many opportunities to develop new tools as well as to improve the
existing approaches in high-efficiency dairy farming. Nevertheless, the challenge very
often is the lack of standardization and linkage of data.

In the project D4Dairy, a highly integrated dataset with data from the various data
sources mentioned above was created and a holistic approach for prediction of
diseases was developed.

The research questions are based on the assumption that digitization has the potential
to significantly improve early detection and prevention of animal diseases. With our
research, we wanted to answer to main research questions

¢ Do complexintegrated datasets enable new approaches to the detection of animal
diseases or improve existing ones.

¢ Do advanced methodological approaches improve prediction performance?

The prerequisite to study these research questions is an integrated dataset fulfilling
different requirements with regards to data quality and quantity as well as the
methodological approaches for the analyses of large data sets.

The dataset used for this study was an existing data set from the project “Efficient
Cow” (Egger-Danner et al., 2017) consisting of data from 166 farms, with 142 different
variables, 6,519 cows and 45,944 observations. In addition, data from the national
disease registry and national weather service were combined with the existing data
set. The data set included data on diagnoses, housing, breed, age, management,
conformation, feed, breeding values, lactation stage, environment and milk
performance. The study concentrated on the eight most frequent diseases lameness,
acute and chronic mastitis, anestrus, ovarian cysts, periparturient hypocalcemia,
ketosis, metritis (Lasser et al. 2021).

In order to get more insight into the development of disease, as it is often an interaction
of multiple factors, farm-risk-profiles were derived (Matzhold et al. 2021). A UMAP
(Unifold Manifold Approximation and Projection) algorithm for dimension reduction
and to identify pertinent factors was used. The HDBSCAN algorithm was used to
identify clusters of farms with similar attributes. With multivariate regression models
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the impact of individual risk factors was analysed. Each farm cluster identified a farm
as a combination of environmental factors and management practices.

To predict the disease risk, three methods with increasing complexity were studied.
The baseline was a logistic regression approach. In addition, two more complex
machine learning approaches (random forests and gradient boosted trees — XGBoost)
were employed to assess the improvements in disease prediction performance with
increasing algorithm complexity. The methods were applied on two different datasets:
A full dataset including information from the “Efficient Cow” project and weather
information, and a reduced dataset that was comprised of data that is routinely collected
by performance recording organisations.

Figure 1 shows the farm-risk-profiles for the eight different diseases (Matzhold et al.
2021). Cluster 1 is characterized by the lowest prevalence of anestrus, ketosis, chronic
mastitis, metritis and ovarian cysts. These are mainly farms in higher altitudes and
with access to pasture. Cluster 4 showed the highest prevalence in anestrus, acute
mastitis, lameness and ovarian cysts. These farms are characterized e.g. by less
individualized feeding.

In Table 1 the F1-Score, Precision and Recall for predicting the eight diseases are
shown for the logistic regression applied on the full dataset (Lasser et al., 2021).
Precision is defined as probability that a predicted disease will actually be diagnosed,
recall is the probability that an actual disease was correctly predicted. The F1-Score
is the harmonic mean of precision and recall. Prediction works well for anestrus and
lameness, with an F1-Score of 0.74. Prediction performance is worst for acute and
chronic mastitis, with F1-Scores of 0.48 and 0.51, respectively. It has to be considered
that the dataset collected did not include specific environmental and management
factors related to mastitis e.g. hygiene measures, but it included specific information
on housing and feeding with potential impact on lameness.

Table 2 shows the feature category importance for different diseases. The impact
of the breeding values is rather small whereas environmental factors like feeding or
housing show a high impact.

In Figure 2 precision and recall for the three different methods (logistic regression,
random forest and XGBoost) and two datasets are presented. More complex methods
perform better, especially when using the restricted dataset.

The studies on disease prediction using the “Efficient Cow” dataset showed promising
potential of disease risk prediction using integrated datasets. The challenge remains
the collection and integration of a data set with such diverse features.

In the next step the different approaches and methods will be applied on an even
more complex and integrated dataset including additional data from daily milking and
animal based sensors. The aim of the continued research is the development of a
data-driven decision support tool providingearly warnings and enabling interventions
before diseases fully emerge.

Results and
discussion

Conclusion and
next steps
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Figure 1. Farm-risk-profiles (Matzhold et al. 2021).

Figure 2: Precision and recall from different methods applied on 2 different datasets (Lasser et al. 2021).

Table 1. Logistic regression results (F1-Score, Precision, Recall) based on the
“Efficient Cow” dataset (Lasser et al., 2021).

Disease F1 Score Precision Recall
Anestrus 0,739 0,763 0,729
Lameness 0,737 0,780 0,700
Ovarian cysts 0,616 0,675 0,543
Ketosis 0,521 0,651 0,437
Metritis 0,549 0,677 0,490
Hypercalcemia 0,482 0,576 0,420
Chronic mastitis 0,514 0,635 0,445
Acute mastitis 0,479 0,656 0,395
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Table 2. Feature category importance (Lasser et al., 2021).

Ovarian Periparturient Chronic Acute
Feature category Anestrus Lameness cysts | Ketosis Metritis hypocalcemia mastitis mastitis
Age 4,9 36,7 2,8 4,7 2,2 28,4 7,1 11,3
Breed 1,8 2,6 1,2 15 2,4 0,4 0,3 2,5
Breeding values 3.0 2, 2,7 1,7 2,7 1,9 4.0 2,5
Diagnosis source 16.0 15,6 29,6 11,9 7,1 18,9 16,3

Environment 14,3 49 16,5 10,5 13,8 19,8 10,1
Feed 27,4 11,8 17,5 22,4 7,5 18.0 19,9
Housing 11,5 12,9 11,3 19.0 5.0 7,4 13,6
Husbandry 9,1 5.0 4,5 8,8 . 2,7 6,4 6,4
Lactation stage 2,7 1,2 4.7 16,1 28,9 0,7 1,3
Milk indicators 5,9 2.0 3,6 0,7 1,4 10,4 12,5
Physical indicators 3,6 4.8 5,7 2,7 3.0 7,1 3,7
Cumulative permutation feature importance contributions for the eleven feature categories. Values are given in % of the sum
of all feature importances for a given disease.

This work was conducted within the COMET-Project D4Dairy (Digitalisation, Data Acknowledgement
integration, Detection and Decision support in Dairying, Project number: 872039) that
is supported by the Austrian Federal Ministry for Climate Action, Environment, Energy,
Mobility, Innovation and Technology (BMK), the Austrian Federal Ministry for Digital
and Economic Affairs (BMDW) and the provinces of Lower Austria and Vienna in the
framework of COMET-Competence Centers for Excellent Technologies. The COMET
program is handled by the FFG.
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Making use of dairy herd improvement records and
machine learning to identify best management strategies
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Dairy herds continuously generate on-farm data that have a high potential for
decision making support. However, variability among herds can be high and it can
be, therefore, challenging for dairy producers and extension services to interpret farm
records and identify best management practices. In this observational study, we used
DHI data to identify the main factors explaining the overall herd performance for 71
commercial Holstein herds in New Brunswick, Canada. A machine learning approach
was used to generate high-level recommendations as well as detailed herd-specific
recommendations. Enrolled farms were equipped with a parlour (n = 31), pipeline (24) or
automatic (16) milking system. Herd performance records from September to December
2020 were assembled from a DHI database and included 71 indicators related to
production, reproduction, health, and longevity. Herds were segmented based on their
overall herd performance using hierarchical clustering based on principal components.
The principal components were used primarily as pre-processing step to de-noise the
data and to balance the influence of the similar DHI records. In-dept analysis of clusters
was conducted using decision tree induction with the aim to generate an interpretable
on-farm decision making tool. Three herd clusters were identified and consisted of
low overall herd performance across all DHI indicators (Cluster 3; n = 17), a medium
overall herd performance but high longevity (Cluster 1; n = 36), and high overall herd
performance but with a concomitant low longevity (Cluster 2; n = 18). Decision tree
induction further allowed to identify the most important DHI indicators explaining the
adherence of a herd to one of the three clusters. This ultimately allowed to establish
high-level recommendations and visualize which performance indicators a herd might
want to focus on to improve overall herd performance. For instance, low performing
herds were observed to be mainly driven by a low reproduction performance. In addition,
single predictions of the decision tree algorithm were fitted with a local interpretable
model. This latter approach allowed to add interpretability to the decision tree model
and generate dynamic herd-specific recommendations for each farm. In conclusion,
the results suggest that mining DHI data can give a valuable insight into best herd
management practices and can be used to highlight opportunities for improvements.

Keywords: Decision support, DHI, artificial intelligence, decision tree.
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Introduction

Material and
methods

Participating herds

Data collection
Dairy herd improvement
data.

Survey data

Dairy herds continuously generate on-farm data that have a high potential for decision
making support. However, variability among herds can be high and it can be, therefore,
challenging for dairy producers to interpret farm records and identify best management
practices. In addition, on-farm data from dairy herd improvement (DHI) records are
typically complex, incomplete, variable over time, and correlated to each other. With
such datasets, traditional inferential statistical methods often perform poorly (Heald
et al., 2000). A machine learning approach might be more suitable for DHI data as
these types of algorithms provide more flexibility with incomplete data and generally
handle better interactions among predictors and non-linear relationships (Abbot, 2014).
Unsupervised machine learning algorithms such as clustering are typically used to find
hidden patterns in complex and large datasets, whereas supervised machine learning
algorithms are typically used for generalized predictions. In addition, machine learning
is particularly suitable for field applications as it can be implemented and automated for
field applications (Dominiak and Kristensen, 2017). As such, a combined unsupervised
and supervised machine learning approach was used in the present study to find
groupings in data originating from the dairy herd population in New Brunswick, Canada,
and to identify management practices of high performing dairy herds as opposed to other
dairy herds for decision making support to improve herd performance and profitability.

A total of 89 dairy herds across New Brunswick for which DHI records are routinely
collected were initially included in the study. Only herds predominantly composed of
Holstein cows (71 herds) were considered for further analysis as herd management
was likely influenced to a large degree by the breed. Among these, 31 herds had a
parlour, 24 herds had a pipeline, and 16 herds had an automatic milking system. Each
participant received free access to the Lactanet service for transition management
(Transition Cow Index; Nordlund, 2006) and subclinical ketosis screening (Foss,
2009) during the entire length of the study period which were used as input data in
the prediction model.

Test day records were collected and included 12-month average data on herd
demography, production, longevity, and reproduction based on the last test records
registered between September and December 2020. Data was cleaned to remove
implausible values and outliers by removing the 15t and 99" percentile. Originally 71
variables were considered for data analysis. Variables missing at random were imputed
using a random forest approach as described in van Buuren (2012), which generally
handles well complex and inter correlated data in the presence of missing cases
(Tang and Ishwaran, 2017) as it the case for DHI data. Data not missing at random
(bodyweight, milk urea nitrogen records) were omitted from the analysis.

Management practices were collected through an online survey administered by
Lactanet technicians and advisors. The survey was previously developed and applied
to collect data on approximately 2300 Quebec dairy herds with questions pertaining to
the building, housing, feed bunk and feeds, bedding, cleaning, milking system, footbath,
hoof trimming, exercise and pasture, calving, and drying off management (Lactanet,
2021). Among the 71 Holstein herds in New Brunswick, 42 completed the survey and
were thus considered for analysis. Amongst these, 23 herds had a parlour, 22 herds
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a pipeline, and 12 herds an automatic milking system. The survey was completed
between March 2020 and April 2021.

To identify the best management practices, herds were clustered into similar groups
based on the overall herd performance using their respective test day DHI records by
means of agglomerative hierarchical clustering on principal clustering (HCPC) using
the FactoMinerR package in R (version 3.5.0; R Foundation for Statistical Computing,
Vienna, Austria) of Le et al. (2018). Computation of the principal components was
thereby done as pre-processing step to de-noise the data and to balance the influence
of several groups of variables.

Differences in the DHI records among the identified clusters were first evaluated
through a mixed effect linear regression with cluster considered fixed and milking type
considered random using the ImerTest package (Kuznetsova et al., 2017).

The cluster output was investigated in more detail through a decision tree approach
with the aim to predict the adherence to one of the three groups with the DHI indicators
and identify the most meaningful indicators explaining the difference between the high,
medium, and low performant herds. Decision tree induction was conducted through a
CART classification tree as described in Breiman et al. (1984) using the caret modelling
package workflow of Kuhn (2008). This approach allows to compute a tree-structured
classification containing a collection of decision rules (represented by the tree branches)
and cluster predictions (represented by the terminal node of a branch). Its simple and
interpretable structure as well as its ability to compute decision rules in the presence
of missing values using surrogate variables (i.e., substitutes for the primary splitter of
a node when the primary splitter is missing; Rokach and Maimon, 2005) makes it an
interesting tool for future field applications.

Prior to applying a decision tree algorithm, collinearity was checked to remove variables
with a Spearman correlation coefficient above 0.60 as multicollinearity could lead to
over-fitting, resulting in 19 final variables. The optimal model hyperparameters for the
tree size (complexity parameter) were evaluated through a random search using a
5-fold cross-validation.

The global variable importance scores, that is the variables contributing most to
the model development, were extracted based on the sum of the reduction in the
loss function (information gain) attributed to each variable at each split. The model
response was illustrated through an alluvial diagram for the variables with the higher
global importance score. The variables were thereby normalized to a mean of 0 and
a standard deviation of 1. Additional model agnostics based on the LIME approach
(Local interpretable model-agnostic explanations; Ribeiro et al., 2016) were run to
extract local variable importance scores, which allow to interpret the model outcome
for each participating herd.

The survey data were analysed using a Fisher’'s test on the cluster output. The
Fisher’s test was preferred over the more commonly used chi-squared test due to the
small sample number and failing to comply with the strict requirements of the latter
(e.g., expecting a frequency never smaller than 1 and a frequency of 5 or more for at
least 80% of the output cells). A list of promising management practices known to affect
herd performance has been elaborated and presented to the participating producers.
However, as the findings were statistically inconclusive due to the low response rate
and large variability observed among the participating herds leading to an overall non-
significant P-value (> 0.10), results from the survey are not shown here.

Data analysis
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Results and
discussion

Dairy herd
improvement data

Each participant received a customize report with benchmarks for DHI records
previously identified using decision tree induction as well as for some relevant
management practices via a parameterized R markdown report (version 1.1.; Allaire
et al., 2019) and were directly sent to the respective participant from the RStudio user
interface via the utility package mailR (version 0.4.1; Premraj, 2015).

Three cluster were identified based on the herd DHI records and labelled as high,
medium, and low overall herd performance. A detailed cluster description is shown in
Table 1 for variables that differed significantly (P < 0.05) among clusters. The herd size
did not differ significantly among the clusters (P = 0.076) but was somewhat higher
for the Medium performance cluster due to a higher number of herds equipped with
a milking parlour. The Low performance cluster did not contain any herds equipped
with an automatic milking system. However, herds pertaining to the High performance
cluster were not driven mainly by a specific milking system.

The cluster analysis suggested that the High performing herds were also the herds with
the highest milk performance, milk value (mainly based on milk yields and components)
and genetic potential. The somewhat higher genetic potential for energy-corrected milk
for the Medium performant herds implies that some herds in this cluster do not exploit

Table 1. Cluster description for overall herd performance.

Cluster

Variable Medium
Number of herds 36
Herd size (median) 97.2
Milking system (number of herds)
Automatic 10
Parlour 17
Pipeline (tie stall) 6
Production’
kg ECM 9,909
kg fat 397
kg protein 328
Milk value (CAN$) 7,188
Genetic index for ECM 440
Reproduction and health®
Transition Cow Index® 260
Calving interval 403
Days to first breeding 81
Age at first calving 25
Days dry 63
% cows with SCC > 200,000
Longevity"
% involuntary culled 16
% cows dead . 2.8
% cows left 30
% cows left at 60 DIM . 5.2
% cows left for reproduction . 4.6
% cows left for feet problems . 1.9
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their genetic potential to the fullest as suggested by their lower milk performance and
milk value. In addition, the High performing had the best transition cow management
and a high reproduction performance. This further highlights the importance to pay
attention to the non-producing cows and heifers within a herd. Nonetheless, these
herds had a high involuntary culling rate and deficiencies in early lactation, in particular
compared to the Medium performance cluster indicating a potential for improvement.

Using a decision tree approach, the most important variables were identified that
explain the adherence of a herd to either the High, the Medium and Low performing
herd cluster (Figure 2). The top performing herds could be predicted via a low calving
interval, low age at first calving, high involuntary culling rate, high energy-corrected
milk yield, high turnover rate and percentage of cows left, and an excellent transition
cow management. The decision tree suggested that the contribution of the genetical
potential was low overall suggesting that some lower performing herds might not fully
exploit their genetic potential.

Using a model-agnostic approach, the model predictions were investigated in more
detail. For a randomly selected herd (herd 61 in Figure 2), we noticed a high calving
interval, suboptimal transition management and low turnover rate which were in line
with other Low performing herds. However, its genetic potential was overall within the
top 50% herds and thus considerably higher than that of its peers, suggesting that
herd 61 does not fully exploit its high genetic potential. This approach allows therefore
to investigate the decision rules for each individual herd and can help with decision

Figure 1. Model response, as shown by an alluvial diagram with predicted cluster adherence as
affected by the mostimportant predictors ranked by their variable importance score. Nodes on
the left denote the Medium (1), High (2), and Low (3) performance cluster; nodes for predictors
with respective means were fixed to five nodes based on the frequency distribution (y-axis).
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Conclusion

ransition Cow Index < -135
422 < Genetic index £ 533 I

33.5 < Turnover £ 39.4

Weight

Figure 2. Contribution of variables of a randomly selected herd
pertaining to the Low performing cluster (Cluster 3) based on a
model agnostic approach.

making by highlighting possible similarities or discrepancies among herds within the
same cluster and by pinpointing to potential deficiencies for a producer to focus on.

The findings presented here suggest that mining DHI data can give a valuable insight
into best herd management practices and can be used to highlight opportunities for
improvements. DHI records have a high potential for decision making support. Due
to the type of records at hand, a more flexible approach using machine learning is
recommended to deal with the large data volume and variety. Clustering allowed to
identify 3 main herd clusters based on the overall herd performance using DHI data.
High performing herds differentiated themselves from low performing herds mainly by
adopting an optimal transition management, overall good reproduction performance and
high attention given to the non-producing animals despite a potential for improvement
in early lactation management. Decision tree induction further allowed to identify the
most important DHI indicators explaining the adherence of a herd to one of the three
clusters. This ultimately allowed to establish high-level recommendations and visualize
which performance indicators a herd might want to focus on to improve overall herd
performance. A local interpretable model fitted to single decision tree predictions
allowed to add interpretability to the decision tree model and help with decision making
by highlighting specific possible deficiencies within a herd.
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Grassland provides access to a local and low-cost food resource usable by livestock.
Today, for some brands of dairy products, one of the specifications asked the farmers
is to put their cows on pasture for a minimum period or feed their cows mainly with a
grass-based diet. But this constraint is rarely verified. However, this kind of feeding has
a fingerprintin the milk. So, this work aims to develop a method predicting indirectly the
level of grass in the cows’ diet using features estimated from milk mid-infrared (MIR)
spectrometry. More than 3 million records were collected between 2011 and 2021 on
2,449 farms. Those included the fat, protein, lactose, and urea contents estimated by the
spectrometers and 34 MIR-based predictors reflecting the milk fatty acid composition,
the protein fraction, the minerals, and the lactoferrin content. As no grazing calendars
and detailed feed composition were available at large scale, the innovative aspect of
this work will consist of estimating the grass-based diet using a trait defined from the
month of analysis of bulk milk. Indeed, in Wallonia, nearly all herds are on pasture
between the beginning of sprint and the beginning of autumn. The data were collected
between 2019 and 2020. The calibration set used 80% of the farms chosen randomly
(345,223 records). The remaining ones were used to validate the model (85.069
records). The direct prediction of test month from a Partial Least Square discriminant
analysis (PLS-DA) was poor (0.40). However, a hierarchical clustering applied to those
obtained predictions revealed a GRASS group composed of predictions done in June,
July, August, and September. So, a second PLS-DA was realized to discriminate the
GRASS group. A better accuracy was good (0.88). Then, the probability of belonging
to the GRASS modality was used to observe the feeding typology of the farm. The
evolution of this probability through the year was the one expected with an increasing
value from April and a constant decrease after summer. The interval between this
increase and decrease could be used to count the number of days spent by cows on
pasture and the intensity of this change can be studied discriminate different feeding
strategy. In conclusion, using the MIR analysis done for the milk payment by dairy
companies, it is feasible to detect the presence of grass in the cow diet and estimate
potentially the number of days spent by the cows on pasture during a year.
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In the Southern part of Belgium, grassland represents a large part of the useful
agricultural surface. Permanent grasslands represent 42.1% of this surface (309,180 ha)
and temporary grasslands represent 5% (State of the Walloon Environment, 2020).

Grassland has an important place in our landscape and fulfils many roles. But grassland
provides also access to a lower cost feed resource, requiring very little supplementation
for ruminants (Kolver, 2003). Therefore, producing milk from pasture makes sense.
Many specifications for milk and protected designation of origin products require farmers
to have a minimum period of grazing for their cows. For example, in France, CANDIA
recommends an average of 150 days of grazing per year and for at least 6 hours
per day. The “Lait de paturage” label is based on the same rules but also requires a
minimum grazing area of 10 ares per animal. Finally, the “Grand Paturage” milk requires
its members to have cows that have access to at least 180 days of pasture per year.
In Belgium, the “MARGUERITE HAPPY COW” chain advocates feeding cows with a
minimum of 70% grass in the ration and at least 180 days of grazing, for a cattle load
of 4 animals per ha (Servais, 2015).

However, even though these specifications exist, there is no real verification of these
conditions. Thus, recently, the Chronopature tool was developed to automatically count
the number of days that the herd spends grazing, using a GPS collar. Unfortunately,
such equipment can hardly be developed on a large scale, as it depends on the choice
of the breeder. An alternative could be to observe more specifically the variations of
milk composition according to the feed. For example, Coppa et al (2021) demonstrated
that it was possible to predict the composition of the cow’s ration and to identify PDO
practices using mid-infrared spectrum (MIR) analysis of milk, but they did not attempt
to predict the number of days on pasture. This will be the aim of this work with the
innovative aspect to use an indirect reference to predict the grass-based diet.

The data come from the FuturoSpectre agreement linking Gembloux Agro-Bio Tech
(University of Liege, Gembloux, Belgium), the Walloon Agricultural Research Centre
(CRA-W, Gembloux, Belgium), the milk laboratory ‘Comité du Lait’ (Battice, Belgium),
and the Walloon Breeding Association (AWé, Ciney, Belgium). Milk samples were
collected in the bulk tank of 2,868 Walloon dairy farms between 2019 and 2020.
The dataset contained 430,292 observations. All milk spectral data were generated
by MilkoScan FT6000 MIR spectrometers (Foss Electric A/S, Hillerad, Denmark).
Equations were applied on the recorded spectral data to estimate 38 traits related to
the milk fatty acid (FA) profile, composition of mineral and protein as well as the content
of lactoferrin and beta-hydroxy butyrate. All equations have a prediction R2 higher than
65%. The FA contents initially predicted by MIR in g per dI of milk were converted into
g per 100 g of fat using the fat content provided by the spectrometer.

The prediction of grass-based diet is not directly possible as we do not have data on
grazing management. However, in the Walloon Region of Belgium, there is grazing
between the beginning of spring and the beginning of autumn. So, the hypothesis
formulated in this work is that there is an indirect link between the month of the milk
analysis and the presence on pasture. This month of test was so predicted using
Partial Least Square (PLS) regression. To allow an external validation of the developed
prediction equations, the initial dataset was divided into two parts: 80% training set
and 20% validation set. The former includes 2,287 farms (345,223 records) while the
latter includes 581 farms (85.069 records). To ensure the data independence, the
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partition was performed with the constraint that the same farm could not be found in
both sets. Based on the obtained predictions for the month, a hierarchical clustering
was performed to highlight a “GRASS” group and a “NOGRASS” group. Then a second
prediction model was performed to predict the GRASS modality. The prediction quality
of the model was assessed by calculating the accuracy.

The accuracy obtained for the prediction of the month of test based on the used features
was poor and equal to 0.394 + 0.002. The accuracy of the external validation was of
0.398. However, a strong confusion existed between some months (Figure 1). Based on
the dendrogram created after the hierarchical clustering done on the predicted values,
it appeared clearly 2 groups. The first group that covered June, July, August, and
September can be attributed to predicted of grass-based diet (i.e., GRASS modality).
Therefore, a second PLS regression was built to predict the GRASS modality. The
obtained prediction was, as expected, strongly better with an accuracy of 0.874 + 0.002.
The validation accuracy was similar (0.876). This confirms the findings of Frizzarin et
al. (2021) and Coppa et al. (2021) who mentioned that PLS-DA has very good ability
to predict cow diet from the MIR spectrum.

The feeding fingerprint explains this capacity to discriminate the grass-based diet
in milk spectral data. According to Chilliard et al. (2000), fresh grass is the richest
food in C18:3 fatty acids. Therefore, its ingestion by cows will confer a particular
composition to the milk. A literature review done by Elgersma et al. (2006) revealed

Results and
discussion

Figure 1. Dendrogram and confusion matrix between predicted and observed months.

ICAR Technical Series no. 26

83




Network. Guidelines. Certification. Title of the manuscript

Figure 2. Yearly evolution of the ratio of predicted unsaturated to saturated fatty acids
and the predicted content of C18:2 cis-9,trans-11 and C18:3 cis-9, cis-12,cis-15 in
milk fat.

Figure 2. Yearly evolution of the ratio of predicted unsaturated to saturated fatty acids and the predicted content of C1
cis-9,trans-11 and C18:3 cis-9, cis-12,cis-15 in milk fat.

that the milk of cows fed with fresh green forage has a higher ratio of unsaturated to
saturated fatty acids and contains a higher proportion of polyunsaturated fatty acids and
conjugated fatty acids (CLA) than the milk of cows fed with a total mixed ration. Even
if the prediction accuracy for those FA traits by FT-MIR spectroscopy is moderate, the
same trends were observed from our predicted FA values during the grazing period
(Figure 2). Moreover, Frelich et al. (2012) observed an increase in long-chain FAs
(LCFA) and a decrease in short- (SCFA) and medium-chain FAs (MCFA) in the milk
fat when the feeding of cows is based on fresh grass. Again, this was also confirmed
by our predicted FA values (Figure 3).

The presence of grass-based diet is not a binary variable. Indeed, there is a feeding
transition between winter and summer diets. The composition of the milk will therefore
evolve gradually. Therefore, the use of a binary prediction does not make sense.

Thus, it is much more relevant to look at the evolution of the prediction probability
related to the presence of grass-based diet. Figure 4 represents the distribution of
the GRASS PLS probability following the week of test in 2019. The annual evolution
of these probability values has an expected trend with an increasing probability from
April, which represents the passage to pasture, and then a decrease when the winter
arrived, signifying the return of cows to the barn and a total mixed ration as feeding.
So, the interval between the increase and decrease of the probability of belonging to
the GRASS modality could be used to calculate the number of days spent by dairy
cows on pasture.
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Figure 3. Yearly evolution of the predicted content of short, medium, and long chain fatty acids in milk fat.

Figure 4. Boxplot of probabilities of belonging to the GRASS group in 2019 according to weeks (N = 101,442).
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The objective of this work was to contribute to the development of a tool for counting
days on pasture for dairy cows on a given farm automatically. To achieve this objective,
model was built to predict the presence of grass-based diet from the spectral data
provided by the analysis of milk collected in the bulk tank. As no grazing calendar
was available, this innovative aspect of this study was to propose the development of
a model predicting an indirect trait, the test month. The month confusion during the
prediction revealed the possibility to create a GRASS group. So, the second model was
built to predict this group with a good accuracy. The evolution of the PLS probability had
the expected trend and suggest the possibility to count the number of days spent on
pasture. This measurement as based on the milk mid-infrared spectrometry presents
the advantage to be cheap and available for all farms delivered their milk to a dairy
company. This calculation is also interesting as the frequency of data acquisition is
high. Indeed, the bulk tank milk samples are analysed every 1 or 4 days in each farms
delivered milk to the dairy company.
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Routine analysis of fatty acids (FA) in commercial bulk tank samples through
Fourier-transform infrared (FTIR) spectroscopy is increasingly being used as a dairy
management tool to assess feeding and farm management practices. Bulk tank
FTIR milk FA profiles from 3,200 dairy herds in Quebec, Canada, over 3 years (April
2019—-March 2022; 1.9M samples) were assembled in a national database (Lactanet,
Canada) and matched with the nearest test day records. The emphasis was put on
the de novo, mixed and preformed FA groups as they originate from synthesis in the
mammary gland (de novo), feed intake or body fat mobilization (preformed), or both
(mixed). Specifically, de novo FA were associated with improved fat and protein content
in bulk tank milk (r_ = 0.81-0.82). Seasonal changes were distinctive with decreased
de novo and mixed FA and increased preformed FA during the summer months.
Increasing the proportion of corn silage in the ration up to 50% was associated with
increased de novo and decreased preformed FA (based on a subset of 513 Holstein
herds with available feed records). The margin over feed costs (MOFC; in $ per kg of
hl milk or per kg of milk fat) was greater with increased de novo FA and smaller with
increased preformed FA, whereas no association was observed between the milk FA
profile and MOFC per cow (based on a subset of 95 Holstein herds with available
profitability records). Overall, with increasing herd performance (kg of milk fat/cow and
day) de novo FA increased, and preformed FA decreased. This trend was inversed
for high performing herds (=1.70 kg milk fat/cow and day), which further emphasizes
the need to compare herds with specific milk FA profiles to their appropriate peers.
However, variation of milk FA profiles was high within cohorts of herds with similar milk
performance, thus highlighting the importance for using herd-specific benchmarks in
relation to historical farm data and strategic goals for a herd (internal benchmarking). An
interactive dashboard application was developed to visualize milk FA profiles including
benchmarks for the user to interpret their herd performance against their peers and
identify best management practices. To facilitate early detection and decision making
on farm, current research efforts include the detection of anomalies and changes in the
overall trend of milk FA as well as the identification of their potential causes (diagnostic)

through artificial intelligence.

Keywords: Decision support, fatty acid, mid-infrared spectroscopy, benchmarking.
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Introduction

Milk fatty acids
origin

Fat is the most variable component of milk. Its concentration and its fatty acid (FA)
profile vary according to several factors including the animal (parity, lactation stage,
breed), the environment (season, management system) and nutrition (forage and grain
type and proportion, amount, and composition of dairy fat supplements). Traditionally
analyzed by gas chromatography, a laborious and costly technique, advances in
technology over the last decade allow measuring major milk fatty acids routinely and
rapidly by mid-infrared (MIR) spectroscopy. This technique offers the opportunity to
monitor milk FA in bulk tank or individual cow samples alongside and, thus, at the
same frequency as analyzing for major components (e.g., fat, protein, lactose, milk
urea nitrogen, somatic cell counts). It is therefore possible to obtain the complete
composition of a milk sample, including the FA profile with the main groups of FA.
Management and dietary practicing that modulate cow behaviour and rumen conditions
were previously found to be associated with changes in the FA synthetized de novo
from rumen precursors based on northeastern US commercial dairy farms (44 and
39 farms, respectively; Woolpert et al., 2016, 2017). Analyzing these FA routinely in
bulk tank samples collected every other day therefore open the possibility to better
monitor herd health and performance, and to better understand and monitor herd milk
components and overall herd performance. Our main objective was to better understand
herd milk FA profiles through benchmarking and the development of a decision-making
tool to support producers in their daily management decisions.

Milk FA can be divided in 3 main groups, according to their biological origin. These
groups include de novo FA (short chain FA synthesized in the mammary gland from
rumen precursors); Preformed FA (Long chain FA derived from dietary FA transferred
into milk and FA mobilized from adipose tissue); and Mixed FA (Medium chain FA from
mixed origin; Figure 1). Accordingly, changes in nutrition, management or metabolism
of the cows and the herd will be reflected as changes in milk fatty acid profile.

Figure 1. Milk FA groups based on origin and potential causes of increases or decreases of these
groups in milk (g/100g milk).
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Since April 2019, Lactanet offers routine milk FA profile analysis to all Quebec dairy
producers, and more recently to some producers from other provinces in Canada
as well. The objective is to implement this analysis across the labs in Canada and
therefore be able to offer it across the country. Meanwhile, Quebec data was used to
benchmark and compare FA results from herds based on different criteria, in order to
provide a better understanding of this new metric.

Bulk tank milk samples from 3,200 dairy herds on milk recording in Quebec (N=1.9M) Data analysis and
analyzed from April 2019 to July 2022 were used in this analysis to evaluate the use  main findings
of FA as a monitoring tool.

Figure 2. Relationship between de novo and main milk components (Butterfat. BF; and true protein)
expressed in g/100g of milk for 1.9M bulk tank samples from 2019 to 2022 in Quebec dairy herds of
different predominant breed type.

Figure 3. Boxplot representation of milk fat and fatty acid concentrations (g/100g milk) for 2821
Quebec herds of different breeds (AY = Ayrshire; BS = Brown Swiss; HO = Holstein; JE = Jersey).
Horizontal line represents provincial average.
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Fatty acid
benchmarks

Milk fat and protein were correlated with de novo FA from bulk tank milk (rcorr=0.81-0.82;
Figure 2) and to a lesser extent with preformed FA (rcorr=0.45 and 0.04, respectively).
On a milk basis, each 0.1-percentage unit of increase in de novo FA increased milk
fat content by 0.201 unit (r_ =0.82) and milk protein content by 0.117 unit (r_ =0.81);
whereas each 0.1-unit increment in preformed FA increased milk fat by 0.099 unit
(r,,,=0.45) and had no impact on milk protein (r_ =0.04).

corr

Several benchmarks were produced such as for milking system, organic status, herd
size and milking frequency and are made available online (https:/lactanet.ca/en]

profilab-factsheets-with-benchmarks/). Main results are summarized below.

Bulk tank values were matched with the closest test-day results for milk recording
herds (N=3700) in order to compare milk FA profiles of herds of different breeds or
performance levels. On a milk basis (g FA/100g milk) Jersey (JE) herds had higher
concentrations of all fatty acid groups, followed by other colored breeds and finally
Holstein (HO) herds (Figure 3). Interestingly, the variation of FA concentrations within a
breed was often higher than across different breeds, as shown on the previous Figure.

Holstein herds were classified in percentile ranking based on performance (kg milk/
cow/day) to compare milk FA profiles of different production level groups (Figure 4).
Again, results revealed bigger within-group difference than between-group variation.
A similar comparison was performed with herd performance expressed as kg of milk
fat/cow and day (Graph not shown). Overall, with increasing herd performance, de
novo FA increased and preformed FA decreased. This trend was inversed for high
performing herds (=1.70 kg milk fat/cow and day), which further emphasizes the need
to compare herds with specific milk FA profiles to their appropriate peers.

Organic status of herds and its seasonal impact on milk fat and fatty acids was also
studied and revealed very distinct patterns for organic herds with a noticeable increased
in preformed fatty acids and concurring decrease in de novo fatty acids coinciding with
the onset of the pasture season (Figure 5).

Figure 4. Boxplot representation of milk fat and fatty acid concentrations (g/100g milk) for 2652
conventional Holstein herds in Quebec, Canada based on their production level. Horizontal line represents
provincial average.
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A subset of 513 Holstein herds with available feed records was used to assess the
impact of corn silage proportions in the ration on milk fat and fatty acid profiles. Herds
were grouped based on the relative proportion of corn silage fed to the lactating herd
(dry matter basis). Results suggest that increasing the proportion of corn silage in the
ration up to 50% is associated with increased de novo and decreased preformed FA

concentrations in milk (Figure 6).

Finally, the margin over feed costs (MOFC; in $ per kg of hl milk or per kg of milk fat)
was greater with increased de novo FA and smaller with increased preformed FA,
whereas no association was observed between the milk FA profile and MOFC per
cow (results not shown).

Figure 5. Seasonal variation of milk fat and fatty acid concentrations (g/100g milk) for 1572 conventional
and 62 organic Holstein herds in Quebec, Canada.

Figure 6. Boxplot representation of milk fat and fatty acid concentrations (g/100g milk) for 426
conventional Holstein herds in Quebec, Canada based on the proportion of corn silage in the ration
(dry matter basis). Horizontal line represents provincial average.
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In conclusion, variation of milk FA profiles within specific cohorts of herds is often
greater than within cohorts, thus highlighting the importance for using herd-specific
benchmarks in relation to historical farm data and strategic goals for a herd (internal
benchmarking). An interactive dashboard application was developed to visualize milk
FA profiles including benchmarks for the user to interpret their herd performance against
their peers. Current usage in Quebec provides these values updated at every bulk
tank pick-up, thus approximately every 48 hours. Future developments include the
development of a cow-level monitoring tool as well as the use of artificial intelligence
to provide support in the detection of variations and interpretation of milk fatty acid
profiles at the herd level.
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Optimize breeding and replacement decisions using milk
recording data
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With more breeding options available, decisions regarding which animals to replace
and which animals to breed and the type of semen to use has become increasingly
complex. US dairy farmers typically consider a couple key individual performance
measures in the decision making process. Assessing the future economic returns would
provide a better assessment, however requires more data inputs and a more complex
method of analysis. This paper will explain how a prediction model developed by the
University of Florida in collaboration with Dairy Records Management Systems will
reduce the guesswork and simplify the process of making replacement and breeding
decisions using cow performance data collected through milk recording.

Keywords: Fourdraine, Clay, De Vries, optimization, breeding, replacements, economic,
decision, support, milk, recording.

Sorted semen has enabled important changes in how producers manage programs
for replacement animals while optimizing overall genetic progress. Increased use of
sorted dairy semen can achieve more female calves to replace existing cows or to
expand the herd without significantly impacting conception rates. A ready supply of
replacement heifers provides more options to replace cows that are low producing,
have reproductive problems or are not healthy. Genomic testing accelerates a herd’s
overall genetic progress when the highest genetic merit cows and heifers are bred with
sorted dairy semen. Recently, in addition to conventional and sorted semen, U.S dairy
farmers have added another option when making breeding decisions — semen from
beef bulls. Typically, the most valuable animals (heifers and higher genetic merit first
lactation cows) are bred to sorted dairy semen at first service. Conventional semen
usually is used for later services. Because dairy farmers want to take advantage of
higher revenues for a dairy/beef calf, there has been an increased use of beef semen
in the dairy industry. Utilizing Dairy Records Management Systems (DRMS) breeding
data from over 2 million cows, recent results found not only increased use of beef
semen but there have been recent changes in the age and timing that dairy cows
have been bred to beef semen.

With so many options available including using cows as embryo donors or recipients,
how can a producer determine the best breeding option for each animal and thereby
improve returns? Utilizing a prediction model developed by the University of Florida in
collaboration with DRMS, decision support software was developed that reduces the
guesswork while simplifying the process of making replacement and breeding decisions
using cow performance data collected through milk recording.

Abstract

Introduction
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U.S. breeding
trends

This new decision support software features individual cow genetic information coupled
with cow performance data to predict each cow’s future performance and economic
values for replacement and mating decisions. This information can be used to decide
whether a cow should be retained, bred or replaced. In addition, the model assigns an
economic value to each of the three potential mating sire choices: sorted dairy semen,
conventional dairy semen or beef semen. As inputs related to each cow’s stage of
lactation, reproductive status or genetic information may change daily, outcomes from
the model will change as well, and, replacement and breeding decisions can be made
based on the most current data.

Using data from over 10 million DRMS breeding records, Figure 1 illustrates the type
of semen used for Holstein and Jersey breedings during the recent two years. Based
on this two-year period, it is clear that there has been an increase in use of both beef
semen and dairy sorted semen that has resulted in reduced use of conventional dairy
semen. Overall, almost 50% of breedings to Holstein and Jersey cows were to sorted
dairy or beef semen.

With easier access to replacement animals and improved fertility, producers have
lowered the threshold in terms of how many times they will breed a cow before deciding
to stop breeding and to replace her. Therefore, as the number of times a producer will

Figure 1. Semen usage trend for Holstein and Jersey cows.
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Table 1. Semen distribution for Holstein cows by parity, service number, and type of semen.

Service # % Beef % HO Conv | % HO Sorted
4.0% 36.0% 58.3%
6.7% 40.0% 51.7%
25.3% 48.2% 24.6%
13.1% 59.8% 24.8%
19.5% 61.2% 17.0%
37.7% 55.3% 6.3%
24.8% 60.6% 13.4%
29.8% 60.4% 9.0%
42.8% 53.7% 2.8%
36.1% 55.2% 7.8%
39.8% 54.4% 5.2%
50.2% 47.1% 21%

Heifer

1st Lact

2nd Lact

3> Lact

1
2
3
1
2
3
1
2
3
1
2
3

breed a cow before considering culling has dropped in the past five years, the decision
process to breed with three choices of semen at hand has changed significantly. A
fourth option for herds that consider embryo transfers is to use a low genetic merit cow
as a recipient. Table 1 shows a comparison based on parity and service number and
the type of semen used on Holstein Cows in the DRMS breeding records

Over fifty percent of US Holstein heifers were bred to sorted semen on first or second
service. This makes sense because these should be genetically superior animals and
because breeding these animals with sorted semen should yield the greatest number
of female offspring to use as replacements. Interestingly by the third service, the
percent of breedings to beef semen on heifers is twenty-five percent. Additionally, the
use of beef semen increases rapidly with lactation number. Thirteen percent of first
lactation cows were bred to beef semen on first service. Use of beef semen increases
to thirty-six percent for third and greater lactation cows.

Another observed difference relates to semen usage based on herd size. Figure 2 show
the distribution of semen usage for herds with a minimum of 1,000 cows. Based on the
DRMS data, smaller herds used a substantively lower percentage of beef semen and
sorted semen than larger herds. This trend for smaller herds did not change much in
the recent two years while the trend in larger herds was to use more beef and sorted
dairy semen and less conventional dairy semen.

Over fifty percent of US Holstein heifers were bred to sorted semen on first or second
service. This makes sense because these should be genetically superior animals and
because breeding these animals with sorted semen should yield the greatest number
of female offspring to use as replacements. Interestingly by the third service, the
percent of breedings to beef semen on heifers is twenty-five percent. Additionally, the
use of beef semen increases rapidly with lactation number. Thirteen percent of first
lactation cows were bred to beef semen on first service. Use of beef semen increases
to thirty-six percent for third and greater lactation cows.

Another observed difference relates to semen usage based on herd size. Figure 2 show
the distribution of semen usage for herds with a minimum of 1,000 cows. Based on the
DRMS data, smaller herds used a substantively lower percentage of beef semen and
sorted semen than larger herds. This trend for smaller herds did not change much in
the recent two years while the trend in larger herds was to use more beef and sorted
dairy semen and less conventional dairy semen.

Dairy managers face an increasingly complex decision making process pertaining to
when a cow should be sold, bred and which sire to breed the cow to. In most cases,
decisions are based on a small number of variables that can be easily obtained on an

% Jersey
1.7%
1.6%
1.9%
2.3%
22%
0.7%
1.1%
0.9%
0.6%
0.8%
0.6%
0.7%
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individual cow. For example, a replacement decision typically is based on how much
did the cow produce in her current or past lactation, did she experience several health
problems, is she open and how many times was she bred? The breeding decision
concerning which semen type to for a cow will include some of the same variables but
in most cases also includes the genetic value of the animal. Although this process can
be managed using a report from herd management software and making a personal
judgement, it does not take into account some of the more complex factors such as
milk price, replacement cost, value of a dairy female versus dairy male or the value of
a dairy beef cross calf, to name a few.

To make more informed decisions and allow for a larger number of parameters for
individual cows and the herd to be part of the analysis, the University of Florida Animal
Sciences department, in collaboration with DRMS, developed a model that will calculate
an economic value of each the cow in the herd and also calculates values for breeding
a cow to either dairy conventional, dairy sorted or beef semen. The outcomes from
the model were then incorporated into a decision support tool showing the relative
ranking of the cow in the herd and provides a first choice and second choice breeding
recommendation for cows that need to be bred.

Data inputs to the model consist of parameters for the herd and individual cows. Most
of the herd parameters such as conception rates, milk production levels by lactation can
be obtained from the on farm PCDART herd management software or monthly DRMS
test day processing. Financial information must be provided by the producer. Financial
information consists of milk price (including milk components), heifer replacement
costs, beef price, selling price of a dairy bull calf and dairy x beef calf, and costs per
unit of sorted, conventional dairy and beef semen. The model also allows for a feed
cost adjustment.

Cow data includes cow lactation number, days in milk, status data (milking or dry),
reproductive status (Bred, Pregnant, Open, etc..), the last 2 test day milk, fat, and
protein weights, current lactation to date milk, fat and protein weights, and past lactation
305D milk, fat and protein weights. The economic genetic merit (Net Merit Dollars) is
also included for each cow.

The model estimates future cash flows following each decision alternative (keep,
replace, and breed with sexed dairy, conventional dairy, or beef semen) following
optimal replacement and breeding decisions now and into the future. These future
cash flows are calculated using dynamic programming and future cow performance
estimates based on the milk recording data and prices. Cash flow estimates include
cash flows from replacement heifers when the cow is replaced now or in the future.
Typically cash flows for six years into the future are needed to capture all changes in
cash flows that follow from a replacement or breeding decision. The model automatically
determines this length of time.

A novel feature of this model is that future cash flows are calculated for each cow
based on her best estimated future performance for milk production, fertility, forced
culling, genetic merit etc. This allows for accurate future cash flow estimates. Finally,
the model calculates the differences between the net present values of the future cash
flow estimates and presents them as four different economic values. For example, the
economic value of the cow (Keep Dollar) is the difference between the net present
value of the keep (and optimal breeding) decision and the decision to replace the cow
now with a heifer. When this economic value is greater for a cow, the more valuable
the cow is to keep in the herd. Cows that rank low for this economic keep value should
be culled and replaced. Insemination values are calculated as the net present value
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of breeding with that type of semen compared to the net present value of the decision
to delay breeding until the next opportunity.

As stated above, the model returns four key economic values, the economic value of
the cow (Keep Dollar), plus three economic insemination values for breeding the cow
to either Sorted Dairy, Conventional Dairy or Beef semen respectively. The results
from the model are merged with other cow data, and the percentile ranking for the
cow’s Keep Dollar that provides an easily interpreted rank of relative economic worth
for each cow within the herd.

The three insemination values are ranked for each cow and the recommendation with
the highest economic merit is presented as first choice, while the next highest value
is presented as second choice. The dollar difference between first and second choice
is provided to determine the economic difference between first and second choice.
Picture 1 provides an example output for cows that are due to be bred.

In the example above, Cow 8068 has a Keep Dollar of 1020 which ranks her at 66th
percentile (Keep Perc.) within the herd. The first choice recommendation is to breed
her with (S)orted dairy semen and second choice would be (C)onventional dairy
semen. Breeding 8068 with Sorted semen has a 17 dollar advantage over breeding
her with conventional dairy semen. Cow 8075 ranks a much lower 37th percentile so
the breeding recommendation is to breed her with (B)eef semen. However, her second
choice of (C)onventional semen is close behind with a 1 Dollar difference.

Dairy farmers can use the combination of the cow’s Keep percentile and first semen
choice recommendation to determine which cows to breed (low Keep percentile cows
should be considered for replacement). If semen inventory is limited, ranking cows by
first choice and the economic difference between first and second will allow the dairy
farmer to select the highest dollar difference values that would be the cows with the
strongest recommendation to breed to first choice.

This new decision support tool will help dairy farmers make more informed breeding and
culling decisions. The model is customizable using each herd’s unique situation, and,
new parameters that would impact a cow’s economic value can be added. In addition,
this new tool is time sensitive and will use the most current data available from the
herd management software to ensure changes in production or reproductive status are
reflected in a cow’s relative economic value in the herd. Current efforts are focused on
testing the model with several dairies, and, future enhancements will include breeding

Table 2. Sample Output.

Keep First Second First over

Dollar choice choice Second
729 2
1020 17

739 4
863 18
875 10
646 1

Presentation of
results

Conclusion
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recommendations for heifers allowing further expansion to a herd level decision tool
taking into account number of replacements needed to maintain herd size.
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The reproductive performance of a dairy cow can be influenced by her metabolic status
during early lactation. As this period is also characterized by important changes in
the milk yield and milk fatty acid (FA) profile, we aimed to assess the potential of first
test date milk FA profiles analysed by Fourier-transform infrared (FTIR) spectroscopy
to predict the subsequent reproduction performance. First-test date records from
246,345 Holstein cows in early lactation (5—-35 DIM) across Quebec, Canada, were
included in the analysis. Records pertained to 2,835 herds and spanned over 2 years
(2020 and 2022). Cows were clustered in similar cohorts based on their first test date
milk composition, FA (expressed as g/100 g of total FA) and yield using principal
components. Clustering was based on the CLARA concept with a k-medoid approach
on subsamples to overcome the limitation of computational resources in clustering a
large dataset. Three clusters were identified after iteration. Reproduction success was
assessed based on the interval between first service to conception (FSTC) and culled
by 60 DIM (CULL) using a linear regression and binomial logistic regression mixed effect
model, respectively. Cluster 3 was composed of cows with high preformed FA (56.2%
on total FA basis), 18:1-to-14:0 ratio (4.74), BHB (0.17 mM) and fat-to-protein ratio
(1.51), but low de novo FA (17.1%). In contrast, Cluster 2 was composed of cows with
low preformed FA (39.9%), 18:1-to-14:0 ratio (2.08), BHB (0.08 mM) and fat-to-protein
ratio (1.17), but high de novo FA (25.8% total FA). Cluster 1 was in between Cluster 3
and 2 and had the highest milk yield. The FSTC was greatest (P < 0.001) for Cluster
3 (62.2 days) followed by Cluster 1 (60.7 days) and Cluster 2 (57.9 days). Likelihood
for CULL was greatest (P < 0.001) for Cluster 3 (odds ratio of 2.6). This preliminary
analysis suggests that FTIR milk FA profiles at first test date could be used as early
indicators for the following reproduction success of dairy cows and help improve the
transition management through continuous monitoring.

Keywords: Decision support, DHI, fertility, early lactation.

The increased mobilization of body reserves after parturition is reflected by changes
in milk composition and milk fatty acid (FA) profiles, in particular through increased
uptake of FA by the mammary gland and decreased de novo synthesis of FA. As early
lactation is also a critical phase for later production and reproduction performance with
metabolically challenged cows more likely to suffer from early lactation disorders, first
test date milk composition might be used as early indicator for reproductive success.
The objective of this study was to assess whether first test milk components and FA
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profiles are associated with the subsequent reproductive performance in commercial
dairy herds using a large DHI dataset.

Test day records with milk components, milk and reproduction performance were
obtained by Lactanet database (Lactanet, Sainte-Anne-de-Bellevue, Canada). For this
retrospective study, we restricted the dataset to first test date records from Holstein
cows in early lactation (5-35 DIM) with test results over two complete years (2020 and
2021). The dataset included 246,345 cows (30% in parity 1; 26% in parity 2; and 44%
in parity 3 or more). In total, 2,835 dairy herds from Quebec, Canada, equipped with
a pipeline (N = 2,226), parlour (N = 251) or automatic (N = 358) milking system were
included in the study. As a confirmed gestation was not recorded, the subsequent
lactation start date was used to define the actual conception date. Therefore, for
reproduction performance indicators requiring a confirmed gestation, the dataset was
limited to 28,254 test dates from 100,711 cows with tests dates until July 2021.

Milk samples were analysed as regular DHI milk samples for fat, protein, lactose, MUN,
SCC, and FA by Fourier-transform infrared (FTIR) using MilkoScan FT+ and MilkoScan
7 RM instruments (Foss, Hillerad, Denmark). Fatty acids included individual and groups
of FA (C14:0, C16:0, C18:0, and sum of C18:1, saturated, mono-unsaturated, poly-
unsaturated, short-chain, medium-chain, long-chain, de novo, mixed, and preformed
FA) as described in FOSS Application Note 64 and Schwarz et al. (2018).

Data were cleaned to remove implausible values and outliers by removing data below
the 15t and above the 99" percentile. The milk FA profile was expressed as % of totall
FA (TFA; i.e., the sum of de novo, mixed, and preformed FA).

Cows were grouped in similar cohorts based on their first test date milk composition and
yield using k-medoid clustering via principal components. The principal components
were used to de-noise the data and to balance the influence of similar milk components.
To deal with the large number of observations a sampling approach was used for
clustering (CLARA; Kaufman and Rousseeuw, 1990). The procedure consists of
randomly splitting the dataset into multiple subsamples and applying the PAM algorithm
(Partitioning Around Medoids; Kaufman and Rousseeuw, 1990) to generate the optimal
set of cluster centres for each subsample, here computed based on a dissimilarity
function based on the Euclidean distance. The optimal number of clusters was evaluated
using the average Silhouette approach.

Differences in milk composition and reproduction performance among the identified
clusters were evaluated through a mixed effect linear regression with fixed effects
assigned to cluster, milking system, lactation, DIM at test date, season and year, and
random effects assigned to herd. For a binary outcome, a mixed effect logistic regression
was used. All analyses were conducted using R (version 4.1.3; R Foundation for
Statistical Computing, Vienna, Austria) and add-on packages computing the principal
components (FactoMiner; Lé et al., 2018), clusters (cluster; Machler et al., 2022), and
mixed effect linear regression (ImerTest; Kuznetsova et al., 2017), and mixed effect
logistic regression (Ime4; Bates et al.; 2015).

Clustering animals based on their first test milk composition, yield, and fatty acid profiles
resulted in three distinct clusters. Most cows were assigned to Cluster 1 but herds,
herd size and housing system were similarly distributed among clusters (Table 1).
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The milk composition differed among clusters (P < 0.001; Figure 1) which resulted
in Cluster 3 having the least ideal profile with a high fat-to-protein ratio (FPR;
mean of 1.51), high BHB (0.17 mmol/L), high preformed FA (56.2% of TFA), a high
C18:1-t0-C14:0 ratio (4.74), low de novo FA (17.1% of TFA), and low mixed FA
(26.8% of TFA). Although the FPR is typically high for early lactation cows due to
the higher milk fat synthesis during the postpartum negative energy balance, cows
with a FPR value greater than 1.5 (Heuer et al., 1999) or 2.0 (Toni et al., 2011)
may show an increase in postpartum diseases. Likewise, cow with milk BHB above
0.20 mmol/L were more likely to suffer from hyperketonemia (Denis-Robichaud
et al., 2014), and cows with de novo FA below 20% of TFA were more likely to
have early-lactation diseases and be removed from the herd (Bach et al., 1999).
Milk composition for Cluster 2 was particular high in de novo (25.8% of TFA) and
mixed (34.5% of TFA) FA, low in preformed FA (39.7% of TFA) and C18:1 to C14:0
(2.08). Cluster 1 was intermediate among the three clusters but had a higher milk
yield (+9.1 kg milk to Cluster 2).

Table 1. Cluster description.

Cluster

Variable 1 2
Number of herds 2722 2726

Number of cows 107,657 72,889
Number of lactating cows (median) 71.7 71.9
Number of herds in tie stalls 2,195 2,200

Figure 2. Milk composition and milk fatty acid (FA) profile at first test date by cluster.

ICAR Technical Series no. 26

101



Network. Guidelines. Certification. Milk fatty acid profiles in early lactation

Acknowledgement

References

Preliminary analyses suggested that the reproduction performance differed among
clusters. Cluster 3 with the least ideal milk composition and FA profile was associated
with the longest (P < 0.001) interval between first breeding to conception at 62.2 days
(confidence interval of 32.2-92.3 days) compared to 57.9 (27-8-87.9) days for Cluster
2 and 60.7 (30.6-90.8) days for Cluster 1. Likewise, cows assigned to Cluster 3 were
more likely (P < 0.001) to be culled before 60 DIM than cows in Cluster 2 (odd ratio of
2.6 and 1.3, respectively). The contrast among clusters is expected to be even more
greater considering that cows left before the event occurred were not considered for
first breeding to conception (e.g., cows removed before the first breeding or before
the start of the next lactation). Future studies should therefore use a survival analysis
approach to take into account censored observations in the analyses.

These findings suggest that the milk composition and milk FA profile at first test date
can be indicative for the following reproduction success. As such, these findings can be
useful for prevention measures and can help with transition management and decision-
making support for future lactations but will be of limited use for current early lactation
cows due to the monthly DHI test sampling scheme generally used in practice. A more
frequent test sampling during the first two weeks of lactation should be considered for a
timely intervention. Likewise, test day information from the previous lactation might be
relevant for the current reproduction performance and add predictive power to forecast
future reproduction issues.
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Large amounts of data are generated by robotic milking systems (RMS), creating
an opportunity to add-value to these data by developing tools that can help improve
decision making and RMS management. One of the strategies to improve RMS
efficiency is to select cows based on their performance at the RMS (kg of milk produced
per total time spent in the RMS; kg milk/minute of box time). The objective was to
develop box time-based indicators to rank the cows according to their performance
at the RMS. Data was collected for 8 months (October 5, 2020, until June 14, 2021)
from 41 RMS Holstein herds, for a total of 5,429 cows and 411,405 records. Data
included milk production, box time, preparation time, DIM, parity, milking start and end
time, milk composition and milk prices. Calculations were done based on the ICAR
standards (i.e., 4-day average). Preliminary analysis has shown that box time and hence
the indicators vary significantly across and within lactation. Variability was very high
during early lactation, presumably associated with the important increase of production
during that period. The variability was also very high in late lactation, because of a
decreasing number of observations due to ended lactations, thus data were limited
to DIM between 28 and 365. Regression analysis was performed to generate factors
to correct indicators for parity groups (1,2 and +3) and stage of lactation (DIM). Herd
was considered as a random effect. The best fittings were obtained with quadratic
polynomials. The resulting equations can be used to generate a factor to correct the
data to 150 DIM within each parity, and to adjust to parity 2 for data in the other two
parity groups. In addition to the amount of milk produced per minute of box time an
economic indicator was also developed: dollars per minute of box time. The average of
box time was 7.22 min/cow, and the average of the indicators were 1.86 kg milk/min of
box time and 1.50 Can$/min of box time. The box time indicators can be used to rank
and subsequently select cows according to their performance at the RMS, in addition
to other indicators such as somatic cell count. They can also be used to calculate
benchmarks for comparative analysis across RMS herds, as the RMS efficiency is
key for the economic success of the farms.

Keywords: Box time, robotic milking systems, efficiency.
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Data produced by robotic milking systems (RMS) is an opportunity to personalise
the milking management, as the RMS generates a large amount of individual cows’
data. These data also allow the development of tools that can help the overall RMS
management. One of the key factors of RMS management and hence the successful
economic use of the robots is to improve their efficiency, (i.e., maximise the amount
of milk produced per robot per day) (Carlstroem et al., 2013). Studies had suggested
that the most important factor to achieve this is the total of kg of milk produced per total
time spent in the RMS; kg milk/minute of box time (Carlstroem et al., 2013; Vosman et
al., 2014). Box time is composed of the milking time and the preparation or treatment
time (e.g., cleaning, attachment etc.), in other words is the time the cow spends in the
robot and is expressed per milking or can be aggregated by day.

Genetics is also an important factor of RMS efficiency as milking time is related to
cows’ genetics (e.g., milkability) and preparation time to a lesser extent too (e.g., udder
conformation and cows’ temperament). However, it is known that genetic decisions
have a medium to long term impact. For short term decision-making using data from
the RMS is an opportunity. Nevertheless, in the future the integration of genetic data
and RMS data could help improve the decision management tools. The objective was
to develop box time-based indicators to rank the cows according to their performance
at the RMS.

Data was collected for 8 months (October 5, 2020, until June 14, 2021) from 41 RMS
Holstein herds, for a total of 5,429 cows and 411,405 records. Data included milk
production, box time, preparation time, DIM, parity, milking start and end time, milk
composition from the RMS sensors and milk prices. Calculations were done based
on the ICAR standards (i.e., 96 hours average). The RMS efficiency per cow was
calculated as the average of milk production (kg) per minutes of box time for a 96h
period. To have an economic box time indicator the dollar per minute of box time
was calculated as follows: dollar value of milk produced per minute of box time for a
96h period; where the dollar value of milk was calculated as a linear combination of
milk component yields. Milk components were available from the RMS sensors and a
constant was used for lactose content.

Our preliminary analysis has shown that box time and hence the indicators vary
significantly across and within lactation (Figure 1a), which has been also reported
by Heringstad and Bugten (2014). The variability was also very high in late lactation,
because of a decreasing number of observations due to ended lactations, thus data were
limited to DIM between 28 and 365. Regression analysis was performed to generate
factors to correct indicators for parity groups (1,2 and +3) and stage of lactation (DIM).
Herd was considered as a random effect. Analyses were conducted in SAS version
9.4 (SAS Institute Inc.).

The best fittings were obtained with quadratic polynomial equations. The resulting
equations can be used to generate a factor to correct the data to 150 DIM within each
parity, and to adjust to parity 2 for data in the other two parity groups (Figure 1a, b).
The average of box time was 7.22 min/cow, and the average of the indicators were
1.86 kg milk/min of box time and 1.50 Can$/min of box time.
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Figure 1. a) Raw data of the indicator dollar per minute of box time by parity groups
(1,2, +3). b) Adjusted values of dollar per minute of box time by parity groups (1,2,
+3). The DIM were converted to weeks in milk to facilitate the visualisation of the

different points.
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Studies have reported the importance of RMS efficiency in the management of robotic
milking (Carlstréom et al., 2013; Heringstad and Bugten, 2014). Therefore, developing
an indicator to rank the cows according to their performance has become a valuable
decision support tool for RMS management, as shown by the implementation of these
indicators among others in the interactive robot report by Lactanet.

Selecting cows for improving efficiency using the milkability trait could be a
complementary approach. Milkability heritability ranges between 0.21 and 0.44
(Carlstroem et al., 2013; Cesarani et al., 2021) depending on the breed.

The box time indicators can be used to rank and subsequently select cows according
to their performance at the RMS, in addition to other indicators such as somatic cell
count. They can also be used to calculate benchmarks for comparative analysis across
RMS herds, as the RMS efficiency is key for the economic success of the farms. Future
work will focus on the possibility of adding genetic tools to refine the box time indicators
and on the development of the adjustment factors for different breeds, as sufficient
data becomes available to calculate robust adjustment factors.

Ce projet est financé en vertu de I’Accord Canada-Québec de mise en ceuvre du
Partenariat canadien pour I'agriculture. Ensemble, le gouvernement fédéral et le
gouvernement du Québec ont investi 293 millions de dollars répartis sur une période
de 5 ans, soit de 2018 a 2023.

Cet accord appuie des initiatives stratégiques qui aideront les secteurs a croitre, a
innover et a prospérer.
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Changes in the bulk tank milk component profiles (e.g., basic components, MUN
and specific fatty acids) often indicate some positive or negative effects of nutrition,
management, and environmental factors. Generally, producers and their advisors
detect abnormal trends by visual inspection of components on a report, which is tedious
and requires skills due to large volume of information. Our interim goal is to develop
analytical tools to assist in the identification of unwanted, abnormal trends. Our broad
goal is to develop tools that can propose plausible diagnostics and possible actions
to re-establish the desired situation.

To achieve the interim goal, identification of anomalies is based on three numerical
indicators (deviation, variation, and gradient) and breed-specific population ranking.
Deviation is the difference between component values and population benchmarks,
while variation and gradient indicate short-term (e.g., 4 days) and longer-term
(e.g., 10 days) changes, respectively. We developed a python package which is
executed daily to generate indicator values for all milk components, calculate the herd
rank for each indicator, and create a series of reports for validation purpose. Among
all possibilities that were investigated to trigger alerts and attention messages, an
approach based on extreme gradients of the three main groups of fatty acids was
adopted to start with.

With respect to the broad goal, we explore a rule-based expert system approach
for diagnosing and recognizing potential issues regarding herd or rumen health
management. Currently, we are at the stage of eliciting, implementing, and validating
diagnostic IF-THEN rules with the collaboration of domain experts and computer
scientists. The rules are based on the anomaly indicators and ranks. In parallel, we
are exploring the use of ontology and symbolic artificial intelligence to develop a more
complete diagnostic and recommendation system.

Keywords: Bulk tank milk component, anomaly detection, time series analysis,
rule-based system, diagnostic rule, ontology.

Changes in the value of indicators such as bulk tank milk components generally indicate
some positive or negative effects of management and environmental factors such
as feed quality, feeding behaviour, or ambient conditions. The data provided on milk
profiles keeps expanding with the recent addition of fatty acids (e.g., de novo, mixed,
preformed, polyunsaturated) to more standard components (e.g., fat, protein, MUN).
Abnormal and unwanted trends can be detected in this data, which is generally done
by producers and their advisors through visual inspection of components on a report.
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Material and
methods

Anomaly detection
method

Routine bulk tank analysis of milk fatty acids allows early detection of pattern changes
which can provide early information on potential future problems. For example, a sudden
and unplanned drop in de novo fatty acids concomitant with an increase in preformed
fatty acids will often result in impaired rumen function, and eventually a drop in fat and
protein yields, which will have an impact on milk revenue.

Trend anomaly detection on a report is tedious and requires skills, especially when
simultaneously considering many complex variables such as specific fatty acids. Indeed,
changes in trends often are not so obvious to detect by visual inspection, especially if
they happen gradually over many days. In addition, there are many complex variables
which are moving simultaneously in different directions. Also, experienced experts are
not always available for consulting. One possible solution is to use robust analytics to
provide insights to producers and their advisors, to help them reacting more rapidly
and making more informed decisions.

This project aims to

1. assist in identification of anomalies in bulk tank milk components using basic
statistical techniques;

2. inform/alert a producer and advisors that an abnormal trend is happening.

Complementarily, the use of a rule-based artificial intelligence (Al) approach is explored
to help diagnosing and recognizing potential issues with respect to herd or rumen
health management.

Our anomaly detection approach is based on the transformation of raw milk component
values into features which we believe better represent an anomaly. These features,
or indicators, are some basic statistical measures extracted from milk component
values, and subsequently, a series of reports are produced for validation purposes on
a daily basis. For running the aforementioned tasks, we developed a python package.
However, the software should get enhanced to be capable of triggering messages and
alerts based on extreme values in the new features. In parallel, we will continue to work
with domain experts on the development of diagnostics rules.

The lab analysis is performed on a bulk tank milk sample of a typical herd every two
days for extracting the profile of its components, including fat, protein, MUN, and fatty
acids such as de novo, mixed, preformed, and polyunsaturated. In this project, there
are seven time series that are considered for each herd. Having such data for about
1300 herds over 3 years, we calculate daily a moving average per breed for each
component and use it as time series benchmark. All components are on a milk basis for
this analysis (kg/hL for fat and protein, mg N/dL for MUN and g/100g milk for fatty acids).

Our anomaly detection approach consists of two major steps: (1) Calculating statistical
measures for all components of all herds, and (2) Ranking the herds, each component
separately, within the same predominant breed. Specifically, in the first step, three
measures are calculated for all components of each herd, as illustrated in Figure 1:

e Deviation is the difference between the component value and population
benchmarks (see the chart lines of the de novo which show that herd values are
lower than benchmarks). The advantage of using deviation measure is removing
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Figure 1. Calculating deviation, variation, and gradient. Component profiles and their corresponding
benchmarks are shown by dark and light colours, respectively.

trend or seasonality, and population reaction effects, such as thermal stress, in
the original time series.

Variation is defined as the difference of the current component value from the second
last measures (see the line chart of the MUN). We also calculate the z-score of the
variation values for each herd to make results comparable with each other herd.
Variations specify short-term changes.

e Gradient is defined as the rate of change in 10 days (see the line chart of the
preformed which indicates a decreasing trend). Gradients represent trends or
long-term changes.

It must be noted that the number of lags in variation and the number of days in gradient
are considered as parameters which can be regulated based on expert opinion and
on-going calibration.

After obtaining the measurements, we can rank the herds, each component separately,
in the second phase. Rank, or more precisely, percentile rank, is a common metric for
scoring that maps a quantity to a value between 0 and 100. For instance, if rank of the
fat deviation for a herd is 20™, it means 20% of the herds are below that herd. Having
three measures and seven milk components, we will end up to 42 indicators (21 raw
values + 21 rank values) for each herd. It is worth mentioning that ranking is done
within the same predominant breed. However, it also can be done without considering
the breed, if the number of herds with specific predominant breed is scarce.
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Diagnostic method

Results and
discussion

Transformation of the deviation, variation (z-score), and gradient raw values for each
herd into percentile ranks has some advantages:

1. Itis unitless.
2. We can easily select thresholds and extract data (e.g., top 10%).

3. It can be used as a proxy for probability, likelihood, or degree of confidence.

Our basic approach toward finding problematic herds is to assess component ranks
in extreme cases, for each measure, separately, while user-defined thresholds define
low and high extremes, where both are considered anomalies. Based on an inventive
formula, we assign a confidence level to each measure/component of a herd, and
consequently, a total confidence level to the herd, along with the number of confidence
levels. For instance, consider gradient ranks for a herd are 4 in fat, 9 in protein, 1 in de
novo, 0 in mixed, 89 in preformed, 98 in polyunsaturated, and 5 in MUN. If we set low
and high thresholds to 10% and 90%, respectively, then the preformed value is filtered
out and the confidence level for a component is calculated using the following relation:

e

If rank :_:High (1)

=

conj = 1 rank

This leads to a confidence level greater than the high threshold for a component, i.e., 96
in fat, 91 in protein, 99 in de novo, 100 in mixed, 98 in polyunsaturated, and 95 MUN.
Then, we report the average of the confidence levels over the six confidence levels as
overall confidence level for the herd, which in this example equals to 97.

Although our basic approach recognizes problematic herds, it leaves the interpretation
of anomalies and diagnosis to farm advisors or producers, which can be challenging. To
assist producers and their advisors in diagnostics and selection of corrective actions,
the use of a rule-based expert system approach is being explored. Currently, we are
at the stage of eliciting, implementing, and validating diagnostic IF-THEN rules with
the collaboration of domain experts and computer scientists. The rules are based on
the anomaly indicators and ranks. In parallel, a prototype ontology-based diagnostic
and action recommendation system was developed to explore the convenience of a
symbolic Al approach in terms of experts’ knowledge maintenance and automated
reasoning capabilities,

A python package was developed for trend anomalies and diagnostic. Using the
package, daily anomaly reports for advisors can be produced. One report consists of
the statistical measures by component and herd ranks. We also create symbolic rank
reports to highlight the herds with the lowest or highest percentile scores, applying
user-defined thresholds over the ranks. These results are intended to trigger alerts for
producers and advisors in extreme cases.

Proceedings ICAR Conference 2022 Montreal

112



Network. Guidelines. Certification.

Ayat et al.

Currently, we have come up with two extreme cases which relate to the existence of
severe problems in herds. However, these cases are not associated with a specific
diagnostic. Interpretation of extreme cases remains with the observant:

e Extreme Case I: De novo is decreasing (i.e., the rank of the gradient is less than
10%) and preformed is increasing (i.e., the rank of the gradient is greater than 90%).
See, for example, Figure 2. This case usually reflects a sudden body mobilization.
Documented examples would include important stress affecting a great proportion
of cows in the herd (e.g., diarrheal episode through the herd, feed delivery issue
impacting ration composition for a few meals/hours), an expected but sudden
change in ration composition (e.g., cows going out on pasture in early summer,
addition of an oil-containing feed as home-roasted soybeans or potato chips) or
an important proportion of cows freshly calved.

e Extreme Case Il: De novo is decreasing, mixed decreasing, and preformed
decreasing. See, for instance, Figure 3. Our experience shows that these cases
are often related to an overall decrease in dry matter intake in the herd: Preformed
fatty acids decrease because of the lower fatty acid intake directly; and de novo and
mixed fatty acids decrease because of the decreased rumen precursor availability
due to reduced rumen fermentation, therefore affecting mammary gland synthesis
of these fatty acid groups. It is important to note that this change could also be
due to an increase in milk yield (i.e., dilution effect on fatty acid concentrations on
a milk basis), therefore a generally positive outcome for the producer.

It should be noted that we are developing a mechanism which not only recognizes
severe problems, but also display attention messages on reports accordingly, and
suitably sends alerts to the producers at a reasonable frequency (not too high to be
unnecessarily bothering, and not too low to leave severe cases unrecognized). To find
out if the above extreme cases can be considered as the base of the alert/attention
system, we analysed the data over a 3-month period (February to April 2022), which
contains 52,483 observations on 1271 herds. Table 1 shows a summary of the analysis:
For instance, if only the trend of the de novo fatty acid is investigated, we see that
about 90 percent of herds had at least one observation of negative trend in these

Extreme value
analysis

Figure 2. An example of the component profile of a herd in Extreme Case I.
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Table 1. Analysis of extreme cases.

% Observations % Episodes | % Herds
All records 100% 100% 100%

De novo is decreasing 9.6% 5.5% 90.4%
Extreme Case | 1.7% 1.2% 36.%
Extreme Case Il 0.7% 0.5% 18.6%

3 months. Or, equivalently, 9.6 percent of the records had an occurrence of decreased
de novo (which corresponds to the fixed thresholds of 10%), among which 5.5 percent
of records indicate episodes of decreased de novo, considering an episode is defined
as a series of consecutive drops or increases. The average length of episodes in this

0 s
L
et

case is equal to 5.5~ ~ . Interestingly, the number of observations and episodes in
both Extreme Case | and Il is very low. Thus, both cases look qualified enough to
trigger alerts along with proper messages on reports for producers at the beginning of
an episode with an average length of 1.4 observations. Without triggering new alerts,
attention messages can remain on reports during an episode.

With the help of domain experts in collaboration with computer scientists, we developed
a rule-based system with seven diagnostic profiles and corresponding sets of corrective

Figure 2. An example of the component profile of a herd in Extreme Case I.

Proceedings ICAR Conference 2022 Montreal

114



Network. Guidelines. Certification.

Ayat et al.

Figure 3. An example of the component profile of a herd in Extreme Case II.

actions. Examples of profiles are risk of acidosis (Figure 4) and lack of consumption.
One rule was developed for each profile, with each rule antecedent consisting of terms
evaluating the value of selected deviations and gradients of milk components. A level
of confidence in a diagnostic can be calculated through the ranks of the antecedents,
similar to the previously presented extreme gradient rules. The rules were implemented
in the anomaly detector program that runs every day. All rules are checked against all
herds, and firing results are circulated for validation purposes.

Without surprises, this prototyping exercise has shown what has been known for
years: there are challenges in the development, adjustment and maintenance of rule-
based systems, and this approach leads to knowledge bases that tend to be static
and limited in scope. For example, the possible corrective actions that were identified
could individually be associated with different profiles, actions could be revised, and
new actions could be frequently added, edited, or removed. Such knowledge could
be embedded and handled more efficiently through an ontology, as we explored
that avenue by implementing the seven rules and diagnostic profiles together with
possible corrective action in a prototype. In this prototype, the ontology is stored in
an OWL (Ontology-Web-Language) format and accessed by a python script. This
script populates the ontology with the bulk tank data for each herd, which triggers
an embedded reasoner and produces the corresponding diagnostics. Queries on
the ontology can be done to retrieve possible corrective actions. Although, this
prototype ontology was very limited, it could be expanded to make more complete
recommendations, like suggestions about how to implement some corrective actions.
In addition, such an ontology could be coupled to other existing ones, to expand the
scope of recommendations of additional specific information.

In this project, we are developing a software application for recognizing anomalies in
dairy herds, having bulk tank milk component profiles, such as fat, protein, MUN, and

Diagnostic rules
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IF
Fat is low &

Mixed is low &

THEN

RULE: Risk of acidosis

De Novo is decreasing &

Preformed is increasing &
Polyunsaturatedis increasing & ....

Profile = risk_acidosis

Possible actions

- Analyze fiber

- Verify 18:2 in feed

- Adjust feed sequence
- Verify competition

Figure 4. An example of a diagnostic rule and possible actions.

Conclusion
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The Pheno3D project aims to bring the selection of beef cattle into high-throughput
phenotyping by relying on the non-invasive technology of three-dimensional (3D)
imaging. Thanks to artificial intelligence, the automation of 3D image analysis is now
possible. Thus, from an existing 3D “scanner”, the PHENO3D project aims to develop
an automated processing device (artificial intelligence) and in real time of 3D images
to extract phenotypes used in the bovine meat sector (weight and scoring notes). To
develop and validate the PHENOSD artificial intelligence, the project will first have to
build a database comprising 3D images of the animals and their phenotypes (weight
and scores) of approximately 500 images for each of the 10 involved breeds in beef
recording. Artificial intelligence (Machine Learning, Deep Learning) will be optimized
on its phenotype prediction performance but also on its ability to be embedded in a
3D scanner. The project will go beyond proof of concept by building a 3D imaging
phenotyping service and its business models, and developing the skills needed for these
use cases. To achieve its objectives, the PHENO3D project will rely on a network of
actors covering the entire animal selection sector (RandD actors, performance control
actors, breeding organisations). This use case in beef cattle will be a first step towards
the deployment of high-throughput phenotyping by 3D imaging.

Keywords: 3D imaging, phenotype, performance, cattle, weighing, scoring, genetic.

In France and in the beef cattle sector, genetic improvement is based on performance
monitoring (also called phenotyping) of a large population of animals (Griffon et al.,
2017). Phenotyping is based in part on a network of farmers affiliated to breeding
organisations. For beef calves a first phenotyping is done around weaning. This
collection of performances is carried out by advisers from Eliance network or from
breeding organisations on farm. It includes animal weighing and scoring morphological
traits. The morphological assessment comprises 19 scores on muscular and skeletal
development or functional traits (see Figure 1). The compilation of performances
allows, based on the phenotypic characterization of the breeders, the reasoned
choice of mattings to meet the objectives of breed evolution. Even if the scoring by
visual scores remains the most reliable, fast and less expensive technique compared
to taking manual measurements on animals, the beef sector has expressed its need
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Figure 1. Syntheses of the positions of muscular development on the left and skeletal development on the
right of beef cattle at weaning.

for an automatized digital solution to lower the very significant training costs and to
reduce the human subjectivity effect on measurements.

The project partners have significant background and experience in the field of 3D
imaging. At the scientific level, IDELE in partnership with INRAE and 3D Ouest led
the morpho3D project. The objective was to estimate the weight and morphological
measurements of dairy cows from 3D images of the entire animal (Le Cozler et al.,
2019a; Le Cozler et al., 2019b). Another project involving the same partners aimed to
obtain the body condition score of dairy cows from the cows’ back 3D images (Fischer
et al., 2015).

At the field level, FCEL, IDELE and Ingenera have developed a system (BodyMat M)
to measure dairy cows BCS using a cane equipped with a 3D camera. Another project
(BodyMat X) carried out with the same partners aimed to carry out morphological scoring
of beef cattle using a scanner equipped with 3D cameras. Unfortunately, these initiatives
failed to be industrialised with success because of difficulties with the industrial partner.

Finally, 3D imaging is a technology that has been proven to be the basis of prediction
models for both simple metric measurements such as weight (Le Cozler et al., 2019a;
Le Cozler et al., 2019b) or more qualitative notations. complex such as the body
condition score (Fischer et al., 2015). If the collection of 3D images has been the subject
of convincing proofs of concept, the processing of these images is not yet automatic
and remains time-consuming. However, the application of finer artificial intelligence
methods (such as simple or deep neural networks) on these images makes it possible
to automate 3D image processing and analysis.

Considering the real needs and the past scientific, technical, and commercial
experiences, we decided to run our own project from the development to the commercial
phase.

The objectives of the Pheno3D project are to:

Proceedings ICAR Conference 2022 Montreal

118




Network. Guidelines. Certification.

Bruyas et al.

1. define the specification of the 3D scanner adapted to young beef cattle and for a
mobile use;

2. define the best logistical arrangements for the installation and the passage of animals;

3. validate the ability of the system to gather good quality 3D images of entire beef
cattle in movements:

4. develop and validate Al algorithms to estimate automatically morphological scores
and weights of young beef cattle.

The tool must produce one or several 3D images to reconstitute an entire animal as
a whole or partly. From this reconstruction, features will be extracted automatically.
From the features or directly from the images, models and algorithm will estimate:

e The morphological scores for the traits described in figure 1.

e The weight with a prediction error or 3% max.

The device must be portable or transportable (and in this case be installed and ready
to collect data in 30" and uninstalled in 20'). The dimensions of the device should not
exceed 3m wide and 3.5m high which corresponds to the dimensions necessary to
obtain qualitive 3D images (the smaller the distance between the animal and the sensor,
the better the image quality) while avoiding scaring the animal to go inside. It must be
transportable in a vehicle usually used by technicians and advisors. It will also have
to be light (15kg of simultaneous load maximum) so that a single person can handle
it. Indeed, it will be used by technicians who will move it from one farm to another.

The device must be able to produce a 3D image from a moving animal that will be guided
within the device (using cables or fences). Indeed, the idea is to capture the data during
the passage of animals (walking/running), one after the other, in a containment corridor.

The 3D cameras must be able to take a picture indoor or outdoor so they mustn’t be
too much sensitive to sunlight. The activation of the device can be done from human
intervention. It will then have to be able to connect with an electronic animal identification
device for farms where the animals are equipped with electronic loops.

The device will have to provide the expected score estimates in real time without
internet access. The data must be exportable to another system.

The technical characteristics of the tool will be refined in the various specifications
written throughout the project.

The system will be used on beef calves at weaning (currently between 5 and 9 months).
The algorithms will be developed for the French fallowing breeds: Charolaise and
Limousine to start the project (being the 2 most developed breeds in France) then
Aubrac, Bazadaise, Blanc Bleu, Blonde d’Aquitaine, Gasconne, Parthenaise, Rouge
des Prés and Salers will be integrated.

General project’s
road map

Main objectives

Device specifications

Targeted animals
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Conditions of use
and measurement

Device test and linear
measures validation

Development

and validation

of Al algorithms

to estimate
morphological scores
and weight

The animals will have to pass through the device and the images will be taken on
the moving cattle. The animals will therefore have to pass in motion, without running,
without jumping, and perpendicular to the gantry to obtain clear images by the 5 pairs
of sensors present on the device. To achieve this goal, field tests will be organized to
optimize the speed and position of the animals. Several configurations will be tested
to obtain the best results in order to validate the tool.

The objectives will be to validate the ergonomics and the robustness of the device, the
quality of the recorded images, the speediness of the images collection, in different
conditions. This action must make it possible to adjust the prototype if necessary.

To validate the accuracy of the device, this action will aim to compare the measurements
estimated by the prototype with reference measurements (like withers height, hips
width, chest depth etc., see Figure 2) done manually on the animals and under different
conditions.

This action will make it possible to estimate the prediction errors, repeatability and
reproducibility of the 3D image collection and will validate the ability of the device to
take a representative image of the real cattle. The exigence criteria for the validation
are presented in table 1.

The automatic processing of 3D images will be a revolution since in this project we
want to achieve high-throughput phenotyping. Previously, image processing was largely
manual, took much time and was not compatible with high-throughput phenotyping.
In a performance monitoring use case, it is necessary to have a direct information in
the 3D image quality to eventually make the animal pass a second time under the 3D
scanner device. Having an automatic processing of the images, will allow advisers and

Figure 2. Morphological parameters tested
to assess the quality of the image and
measurements (in red).
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Table 1. Exigency criteria for the device’s validation.

Criteria VEIES

We will use the notion of completeness of the image. For
this, we will look at the part of the animal that fits in a virtual
box going from the hocks to the withers and from the tip of
the buttocks to the end of the neck. This image should be

complete.

Image quality

That is to say that if all the measurements defined above

are feasible, the image will be considered complete and

usable.

80% of the images must be usable on the first pass and

95% after 2 passes through the device.

Correlation coefficient (Pearson) between manual
Measurement precision measurements and measurements estimated on the 3D

image > 0.7

Repeatability and reproducibility < 49
e}

farmers to have access to weight and scores quickly and discuss the results to adjust
the monitoring of the herd in a unique session. Deep learning or machine learning
models will be used to predict the weight and each morphological scores that are part
of the scoring. The models will be built on a large dataset (more than 500 animals
scanned, weighted and scored) built on farm to calibrate and then validate every
models. The building of the dataset will be done on several farms during the current
performance monitoring done by trained morphological scorers to ensure to capture
the whole variability of the breed and thus having reproducible models.

The development of models by breed will be an important step since each breed has
its morphological specificity and its own variability so the scoring has to be done based
on breed standards. Because of this intra-breed specificities, models will have to take
a breed effect or to have a model by traits to predict. The idea is to see if models can
be efficiently adapted to one breed to another and if breed with a lower population (and
probably a lower dataset) can benefit of the datasets from other breeds.

Possible adjustments to be used routinely and safely (robustness, sensor protection,
rugged boxes, data transmission and storage protocols, user manuals, transport cases,
etc.) will be necessary as well as optimizations to limit construction costs. Development
of the complete application for the end user will be done and will integrate their needs
and requests. The final prototype integrating hardware and software adjustments will
lead to the pre-industrial version of the device.

A first prototype was developed and tested on the field. The picture 3 below shows
the main features and characteristics of the device.

Figure 3. On the right, the plan of the prototype; on the left, the prototype tested on
the field; the prototype includes 5 pairs of cameras; the height is 2.6 m; width is 3 m

Coefficients of variation of repeatability and reproducibility

Prototype adjustment
and development of
the final version

First results and
achievements

Development of the
first prototype
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A few images were taken on the first trial. The first version tested only had two 3D
sensors on the top of the scanner. A sample of the images taken are presented in figure
4 below. Images processing will allow a smoothing of the surface. Will all the sensors,
the 3D images quality seems promising for extracting phenotypes.

Figure 3. On the right, the plan of the prototype; on the left, the prototype tested on
the field; the prototype includes 5 pairs of cameras; the height is 2.6 m; width is 3 m

Figure 4. Depth and 3D images taken from the first prototype.
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The objective was to define scanning organizations to have animals that: Optimization of
the passage of
animals in the
scanner

e Will pass under the device walking or trotting in the most standard position.

e Will not deteriorate the 3D sensors

On-farm tests allow us to define 2 organizations for scanning the animals. One, where
the device is directly placed at the exit of a weighting scale without any additional
fences or restraining elements (figure 5). The animals are managed in the way defined
on the farm for weighting. The other requires two empty and adjacent pens of a barn
or of a contention system. The device is placed in the first pen with additional fences
that create a “funnel” from the width of the pen to a gate of 1.5 m (figure 6). Then the
animal pass under the device and an operator guides it in the second pen where the
animal will wait the end of the operation

Figure 5. Organisation of the scanning at the exit of the weighting scale.

Figure 6. Organisation of the scanning in a pen. White fences are additional
fences added to form a funnel.
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Summary of the road

Conclusion

Below the provisional schedule of the PHENOSD project is described:

e Spring to fall 2022: prototype testing phase in various situations to find the best
way to pass animals in the device and obtain the best results

e Fall 2022: validation of the prototype: having good results passing animals

e Fall 2022 to spring 2023: data collection with several prototype to have lots of data
by breed and to create algorithms.

e Spring 2023: validation of algorithms by breeding organisations. Each organisation
will validate the algorithms concerning its own breed.

o During 2023: industrialization of the tool. 3D Ouest or another IOT manufacturer
will industrialize the tool. We have estimated a need for more than 100 tools for
France

e During 2024: routine use in the field

Automated morphological scoring based on 3D imaging will meet the sector’'s demand
for an alternative to the current costly method: visual observation by technician scorer.
The tool will be designed to obtain scoring and weighing data in a single scan of the

a
Lag
Field test phase Multiplication of Field test phase Industrialization of the
the tool in 5 ex. whole solution &
Technician training
April 2022 Mid-fall 2022 Summer 2023
Delivery of the 3D Delivery of 3D Field deployment of
scanner device by 3D scanner devices by 3D the PHENO3D whole
Quest Ouest solution

End_m’ summer 2022: End of spring 2023: 2024_: End
Validation of the 3D Whole solution of project 1

scanner device validation

Figure 7. Project road map.

animal. Today the weighing is carried out 2 to 3 times before weaning, the score only
once. By adapting the system on the weighing sites, we will be able to collect more
data on the morphology of the animal, at different ages, and new phenotypes like
volume and body surface of the animal. This could improve selection schemes and
advice services on sorting animals on farms.

We also want to export the device internationally for weighing cattle without restraint,
as the French scoring system is not used internationally.

In the medium term, artificial intelligence developed in the project will facilitate research
on new phenotypes for beef cattle. Exporting the technology and the artificial intelligence
developed in PHENO3D to animal other ages, other types of animals, or other sectors
will make it possible to make significant advances in the collection and development
of phenotypes for multi-performance breeding.
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Milk mid-infrared (MIR) spectral data is a rich source of information. Even if the
technology has been known for decades, exploring its capacities beyond the estimation
of major milk components is rather new. Experiences have shown the necessity to
develop high levels of cooperation between industry and science but also across
countries. The former North-West European Interreg project OptiMIR created an
innovative European network of Milk Recording Organizations (MROs) that shared
existing tools and approach of services to farmers, harmonized the way to record key
data and allowed the access to the latest technology in getting information out of milk
analysis. The tools developed by OptiMIR also allowed MROs easier development of
implementations of MIR-based predictions and tools. One major achievement was to
develop a method allowing the standardization of different MIR spectrometers across
laboratories, and brands of apparatus. This standardization is now available to industry
through an association of European MROs called European Milk Recording (EMR).
Amongst the most important current issues in dairy herd improvement is the research
of technologies for health and welfare monitoring. The current North-West European
Interreg project HappyMoo develops novel strategies, methods, and tools to address
this taking up the linked challenges but also feeding on opportunities in the use of MIR
spectra. Amongst the five freedoms of animal welfare, we are addressing especially
three, the absence of disease, hunger and stress. The ongoing research shows the
importance of clear final objectives, precise trait definitions and collaborative work of
industry and science. Among the topics that will be exemplified are the difficulties to
combine reference data across systems (scales x implementation) for lameness, the
problems to use sensor data provided in the field for BCS, the issue of synchronising
reference and MIR data and the design of experiences to generate the needed reference
data. The obtention of correct, variable, and validated reference data is one of the
major challenges. Particularly considering more the biological background, but also
concepts like deep phenotyping and molecular phenotypes will play certainly also a
role in the future. Moreover, MIR-based phenotypes are always linked to the availability
of the, at the most monthly, MIR data and innovative ideas are needed to go beyond
this limitation. Advances in computational strategies will be needed as the use of pre-
defined calibrations should be replaced by more advanced cloud-based learning and
decision-making algorithms integrating sensors or other on-farm technologies.
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Importance of fine milk composition for dairy cow management and breeding was
already highlighted by several previous reviews (e.g., Gengler et al., 2016) and the
use of milk mid-infrared (MIR), often also called FT-MIR, for Fourier-Transform MIR
as currently predominant implementation, spectrometry (e.g., De Marchi et al., 2014)
has been recognized in this context. The technology has evolved for decades but until
rather recently in milk analysis its use was limited to major milk components. This
document draws major conclusions on the challenges and opportunities in the use of
milk MIR spectra in the context of management and breeding. Emphasis will be given
to the experiences learned from the OptiMIR and HappyMoo projects and additional
aspects beyond these will be highlighted.

Large-scale phenotyping using milk MIR spectra was extensively developed during the
last years. This phenotyping has become an important source of improvement in herd
management, animal genetic evaluation, and control of quality of milk and subsequently
milk products. But as highlighted by Grelet et al. (2021) key factors affect the quality of
prediction. As a matter of fact, a priory the milk MIR spectra are very similar to marker
genomic data and needs to be “calibrated” to make it a posteriori useful. Currently
extensive research is ongoing to advance in the understanding of the requirements
to achieve high quality prediction equation. Research illustrated the need to address
several issues as the precise definition of the target trait (reference phenotype) and
its nature, the excellent control of the variability in reference and MIR data, both in the
calibration datasets but also the application datasets. Also, some merely technical
issues were highlight as the potential difficulty to get access to raw spectra and the
need to harmonize spectra coming from different brands models and machines, but also
improve stability over time. All these experiences have shown the necessity to develop
high levels of cooperation between industry and science but also across countries.

From 2009 to 2015 supported by 3.7 M€ European Union funding through the North-
West European Interreg scheme the OptiMIR project (https://keep.eu/projects/6989/
OptiMIR-new-tools-for-a-more-EN/) joint 11 milk recording organizations, 1 lab
and 5 research units creating an innovative European network of Milk Recording
Organizations (MROs). Figure 1 gives the partnership but also the geographical
distribution across 6 countries. These MROs shared existing tools and approach of
services to farmers, harmonized the way to record key data and allowed the access to
the latest technology in getting information out of milk analysis. Very relevant was the
joint acquisition of reference data covering the variability across the different production
systems but also the joint developments of functional specifications. This allowed MROs
much easier development of implementations of MIR-based predictions and tools. From
a research point of view several equations were improved, new equations initiated. One
major achievement was the development of a method allowing the standardization of
different MIR spectrometers across laboratories, and brands of apparatus (Grelet et
al., 2015). This standardization is now available to industry through an association of
European MROs called European Milk Recording (EMR) (https://www.milkrecording.
eu/).
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Figure 1. OptiMIR partnership and geographical distribution.

Based on this success and in order to address one of the most important current
issues in dairy herd improvement, the research of technologies for health and welfare
monitoring, in 2018 several of the groups involved in OptiMIR (https://keep.eu/
projects/21152/Delivering-NWE-dairy-farmer-EN/) but also new partners, joint forces in
2018 for a four year project supported by 2.3 M€ European Union funding through the
North-West European Interreg scheme (Figure 2). OptiMIR develops novel strategies,
methods, and tools to address this taking up the linked challenges but also feeding on
opportunities generated by OptiMIR.

Amongst the five freedoms of animal welfare, especially three, the absence of disease,
hunger and stress are addressed by HappyMoo.

Figure 2. HappyMoo partnership and geographical distribution.

ICAR Technical Series no. 26

129



Network. Guidelines. Certification. Use of milk MIR spectra: experiences learned

Lessons learned

Potential future
challenges and
opportunities

Conclusion
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The ongoing research shows the importance of clear final objectives, precise trait
definitions and collaborative work of industry and science. Among the precise issues
that were found were the difficulties to combine reference data across systems. This
was recently exemplified for lameness illustrating the fact that harmonization is not
only an issue of scales but also their implementation and use are critical. Similarly, in
the context of studying BCS provided by sensors, problems to use this data, the issue
of synchronising reference and MIR data and the design of experiences to generate
the needed reference data is an important issue. The obtention of correct, variable,
harmonized and validated reference data is one of the major challenges. Here the
role of ICAR as harmonizing body comes into focus. However, if for good reasons,
reference data reflects differences in traits, breeds, circumstances, the question that
needs to be answered if a general prediction equation can be achieved, or even ii the
preferable option. Equations adapted to specific situations could be an alternative.

A bottleneck that MIR-based phenotypes cannot avoid is the precise definition and
recording of needed high quality reference phenotypes. Novel concepts like deep
phenotyping and molecular phenotypes adding more biological background will play
certainly a role in the future. Moreover, MIR-based phenotypes are always linked to
the availability of the, at the most monthly, MIR data and innovative ideas are needed
to go beyond this limitation. Advances in computational strategies will be needed
as the use of pre-defined calibrations should be replaced by more advanced cloud-
based learning and decision-making algorithms integrating sensors or other on-farm
technologies. Finally, all developments will have to be integrated in the development
of technical, scientific, and regulatory frame works, obviously a field were ICAR but
also IDF potentially through ExtraMIR (Extra value from -smart use of- MIR spectra),
a new joint action team of both organisations, will be important players.

Uses of MIR spectra in the dairy sector are increasing. International collaboration as
exemplified by OptiMIR and HappyMoo with the objectives to offer concrete solutions
and tools, both for MROs but also at the end to the farmer, was recognized as a
promising strategy. Despite these experiences, current challenges, and opportunities
in the use of milk MIR spectra subsist and new ones appear.
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Mid infrared (MIR) spectra have been used since the late 2000s to phenotype new
traits at large scale through prediction equations. It has been used in France since
2012 to quantify free fatty acids on herd milks in the framework of quality-based milk
payment system. In addition to the loss of income, a high lipolysis level leads to a
degradation of organoleptic (rancid taste) and technological (processing inability)
properties of milk. Monitoring lipolysis is required to maintain the quality of milk and
dairy products. Lipolysis depends on many factors: genetics, farming practices, milking
equipment, transformation process. Regarding genetics, Vanbergue suggested in 2017
the existence of a genetic susceptibility to spontaneous lipolysis.

The present study aims to investigate this issue further, by studying the genetic
determinism of spontaneous lipolysis in a larger number of cows. This work was carried
out within the framework of the LIPOMEC project which aims to better understand the
molecular mechanisms controlling the degradation of milk fat in dairy species. Studying
the genetic determinism of lipolysis requires the phenotyping of many cows. As the
equation initially developed on herd milk was not fully appropriate for individual milks
(range, precision), a new prediction equation was estimated from the MIR spectra of
individual milks. For this purpose, 432 milk samples were collected in 4 experimental
farms in 2018 (approximately 40 cows per farm sampled 2 or 3 times a year) to maximize
the variability of breeds (Holstein, Normande, Montbéliarde, Jersey) and diets.

A joint analysis of lipolysis according to ISO/TS 22113 standard (BDI method) and
by MIR spectrometry was carried out on each sample. Lipolysis measured by BDI
method averaged 0.53 mmol/100 g fat (sd=0.41 mmol/100 g fat). The equation was
developed by Partial Least Square regression after LOG transformation. Its coefficient
of determination R2 reached 0.72, with a residual standard deviation S _ of 0.19
mmol/100 g of fat. The equation was then applied to obtain phenotypes on more
than 300,000 MIR milk spectra from Holstein, Normande and Montbéliarde breeds.
Genetic parameters were estimated using a repeatability animal model. Heritability
and repeatability estimates were moderate in both Normande and Holstein breeds but
higher in Montbéliarde breed. This work opens the opportunity to new uses of MIR
spectra to improve the control of lipolysis in farm, by a closer management of the herd,
or even by a selection plan. The LIPOMEC project was funded both by APIS-GENE
and the French National Agency.

Keywords: Lipolysis, dairy cattle, mid infrared spectroscopy, cow genetics.
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Material and
methods

Data collection
Collection of milk
samples

Milk lipolysis is the breakdown of milk fat by an enzyme, the lipoprotein lipase, resulting
in the release of free fatty acids in milk. This may lead to the development of a rancid
flavor in milk considered unacceptable by the consumer beyond a certain threshold.
Moreover, the presence of partial glycerides in milk interferes with technological
processes in the industrial processing of dairy foods. In some French regions, lipolysis
is therefore part of the criteria of the quality-based milk payment system, which leads to
penalties when the level of lipolysis is above national standards (0.89 mEq/100g of fat).

Since 2012, lipolysis levels in milk are routinely measured in France by inter-professional
milk analysis laboratories accredited under the milk quality payment scheme according
to an instrumental method based on mid-infrared spectroscopy (MIR). However, this
method has two drawbacks. First, the equation used was constructed from herd milks,
and is not fully adapted to individual milk samples. Second, the anchor method used to
check and adjust the calibration equation is the copper soap method, which is calibrated
in the range from 0.4 to 1.2 meqg/100 g fat, does not thus allow the identification of
extreme values of lipolysis in milk.

Lipolysis results from a complex interplay between animal physiology, farming practices,
milking equipment and technological process (Vanbergue, 2017; De Marchi et al. 2017).
Recently, Vanbergue (2017) suggested the existence of a genetic susceptibility of dairy
cows to lipolysis that needs to be confirmed.

The objective of this study was therefore to develop a new equation based on MIR
spectra to predict the level of lipolysis in individual milk samples, with the goal of using
this tool to phenotype the high number of milk samples required to further explore the
genetic determinism of lipolysis. This work was carried out within the framework of
the LIPOMEC project, the first integrative project aimed to better understand lipolysis
mechanisms in dairy species and granted both by APIS-GENE and the French National
Agency.

Four hundred and thirty-two milk samples have been collected to meet the above
objectives. A joint analysis of lipolysis according to ISO/TS 22113 standard (BDI method)
and by MIR spectrometry has been carried out on each sample.

Four hundred and thirty-two milk samples were collected from four experimental farms,
located in several regions in France, between March and October 2018 (approximately
40 cows per farm sampled two or three times per year) to maximise variability in dairy
breeds (Holstein, Normande, Montbéliarde, Jersey) and diets.

During sampling, vials containing 0.02% bronopol preservative (wt/vol) were filled to
capacity (100 mL) to avoid “churning” of the milk that could damage fat globules and
activate lipolysis during transport. After collection, milk samples were stored at 4°C to
limit bacterial proliferation and lipase-associated activities. Milk samples were sent at
4°C to ACTALIA CECALAIT (39800 Poligny, France) for subsequent analyses.

Table 1 shows the distribution of these samples across farms and time periods.
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Table 1. Distribution of samples collected between farms and sampling periods.

Number of milk samples
Experimental farm  March/April 2018 June 2018 October 2018  Total

Grignon 41 40 36

117
UE du Pin 40 36 40 116
UE Herbipdle 40 38 40 118
IE PL Le Rheu 41 0] 40 81
Total 162 114 156 432

MIR spectra were recorded at ACTALIA CECALAIT using MilkoScan™ FT+
spectrometer (Foss, Hillerad, Denmark).

Reference values for lipolysis in milk were determined using the ISO/TS 22113|IDF/RM
204 BDI (Bureau of Dairy Industry) method which specifies a method for determining the
titratable acidity of milk fat. This analysis was carried out by ACTALIA CECALAIT within
36 hours of sampling. Lipolysis measured by BDI method averaged 0.53 mmol/100 g
fat (sd=0.41 mmol/100 g fat).

Four hundred and thirty individuals were retained after removal of two outliers for the
development of the milk lipolysis prediction equation. The reference lipolysis values
obtained by BDI method were log transformed. The equation was developed by partial
least squares (PLS) regression using R software.

The lipolysis prediction equation was applied to 348,000 spectra from a database
created in the PhenofinLait programme (2008-2013). After exclusion of outliers (very
high values), 333,862 individuals were used for phenotypic description.

The estimation of genetic parameters was performed within breed using an animal
model with repeated data over the first 3 lactations, i.e., 73,000 data for the Holstein
breed, 71,000 for the Normande breed and 55,000 for the Montbéliarde breed. The
following fixed effects were considered: herd x test day, analysis laboratory and time
between sampling and analysis, month of calving within the season, age at calving in
first lactation, stage of lactation (intra parity) and stage of pregnancy.

The developed milk lipolysis prediction equation has a coefficient of determination
(R2) of 0.72 and an error (S ) of 0.19 meq/100 g fat. Figure 1 shows the prediction

results obtained using this equation, compared with the reference values obtained
using the BDI method.

Recording of MIR
spectra.

Measurement of lipolysis
in milk.

Data processing

Development of the
lipolysis prediction
equation.

Calculation of genetic
parameters of lipolysis

Results and
discussion

Accuracy of the
prediction equation
of milk lipolysis
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Phenotypic variability
of milk lipolysis

Genetic parameters
of milk lipolysis

Observed lipolvsis
(meq/100 g fat)

47

0 1 2 3 4
Predicted lipolysis (meq/100 g fat)

Figure 1. Lipolysis predicted by the developed
equation compared with the values observed by
BDI method.

The developed milk lipolysis prediction equation is sufficiently accurate to be immediately
used for breeding advice or genetic research but is intended to be improved with the
inclusion of new data and new samples for others purposes linked to the milk quality
payment scheme.

Data obtained from the PhenoFinlait database showed that milk lipolysis fluctuates
during lactation with a more significant amplitude in first lactation.

The effect of breed was highlighted, with Normande displaying a lower lipolysis rate
in milk than Montbéliarde, while Prim’Holstein being intermediate.

The heritability of the milk lipolysis trait is moderate to high, which makes it possible to
consider genomic selection in the future. In addition, for all three breeds, several regions
of the genome related to the trait ‘milk lipolysis’ have been identified, some of which
are genes or gene regulatory regions whose involvement remains to be confirmed.
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The newly developed equation can be used as a new precision breeding tool to monitor
lipolysis in farms for a closer management of the herd. It opens the road to genetic
selection to monitor lipolysis at the animal level.
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Body condition score (BCS) is a subjective metric used worldwide to reflect the fat
stored in mammals. BCS, as well as its change in early lactation, has been associated
with productive, reproductive, and health traits. The objective of the present study was
to predict, using different statistical techniques, BCS change (ABCS) in early lactation
dairy cows using milk mid infrared (MIR) spectra. A total of 73,193 BCS records from
6,572 cows were collected from five research farms. To generate daily ABCS, splines
with 6 knot points across days in milk (DIM) were fitted through individual test-day
records of BCS. Daily BCS was interpolated from the splines and used to calculate
daily ABCS. ABCSobservations were merged with MIR spectra recorded on the same
week. Data in the first 120 DIM were retained. Three statistical methods were used to
predict ABCS from the spectra; partial least squares regression (PLSR), generalized
additive mixed model (GAMM), and neural networks (NN). Spectra and DIM were used
as predictors in NN and PLSR, while the first 20 principal components of the spectra
and a spline fitted through DIM were used as predictors in GAMM. Tuning parameters
of PLSR were determined using 10 fold cross-validation. The NN model had two
hidden layers and a Bayesian regularization applied to the input layer. To compare
predictive ability across the approaches, the dataset was divided in 4 sub-datasets,
and iteratively 3 sub-datasets were used to train the methods, while the remaining
sub-dataset (the test dataset) was used to test the methods. Prediction accuracy was
evaluated according to the root mean square error of the test dataset (RMSEV; here
multiplied by 1000) and the correlation (r) between the actual and the predicted ABCS.
The RMSEV and r obtained from the four test datasets were averaged. Body condition
score change was predicted with an average RMSEYV of 1.02 BCS units (SD=0.010)
and r of 0.87 (SD=0.004) from NN; the SD of actual ABCS was 2.05*10 BCS units.
Partial least squares regression performed better than GAMM with an average RMSEV
of 1.06 (SD=0.010) and 1.10 (SD=0.010) BCS units, respectively, and an r of 0.86
(SD=0.004) and 0.84 (SD=0.004) for PLSR and GAMM, respectively. Results from
the present study demonstrate the potential to use milk MIR spectra to predict ABCS,
which can be used to support farm decisions and can be incorporated in dairy cow
breeding programs.

Keywords: Mid-infrared spectroscopy, body condition score change, early lactation,
machine learning.
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Body condition score (BCS) is a metric used worldwide to reflect fat stored in mammals
(Roche et al., 2009). In dairy cows, BCS tends to be lost after parturition and it is
generally restored before a new calving (Bauman and Carrie, 1980). Body condition
score change is used on farms as an indicator of cow energy balance, and its trajectory
in early lactation is generally used to support fertility decisions. In fact, BCS, as well
as its change in early lactation, have been associated with fertility and health traits
(Berry et al., 2007; Buckley et al., 2003; Roche et al., 2007). Buckley et al. (2003), for
example, reported that the mean BCS at 60 and 100 days of lactation was positively
associated with both submission for breeding in the first 21 days of the breeding
season and the likelihood of pregnancy after 42 days of breeding. Butler and Smith
(1989) documented the effect of the change of body condition score in early lactation
on the rate of conception at first serving, reporting a conception rate of just 17% to
first service in cows that lost more than 1 BCS unit (5-point scale) after calving, while
cows that lost <1 BCS unit had a conception rate of 53% to first service. Body condition
score, as well as its change (ABCS), are therefore useful metrics for producers. Body
condition score change can be calculated from multiple BCS records albeit these may
not always be available.

Mid infrared spectroscopy of milk is a fast, cheap, and non-disruptive technique to
generate spectra from milk samples (De March et al., 2013). The spectra are produced
from the interaction between the light emitted from the spectrometer and the molecules
within the milk and, utilizing suitable statistical techniques, it is possible to predict milk
and animal traits from the spectra (Soyeurt et al., 2006; McParland et al., 2014). Milk
MIR spectra are used to predict milk fatty acids with good accuracy (Soyeurt et al.,
2006) and, as reported by Nogalski et al. (2012), cows that lost >1 BCS unit in early
lactation had a different milk fatty acid profile compared to cows that lost < 1 BCS
units. Thus there is a strong biological hypothesis as to why ABCS could potentially
be predicted from milk MIR spectra. McParland et al. (2014) pioneered the research
on predicting DBCS from milk spectra in dairy cows, reporting a correlation between
the actual and the predicted ABCS ranging from 0.57 to 0.75 using different spectra
combination and partial least squares regression (PLSR) as the prediction method.

The objective of the present study was to predict DBCS using morning milk spectra
in early lactating dairy cows and to compare predictions from PLSR with those from
generalized additive mixed model (GAMM) and neural networks (NN). Predicting ABCS
from milk MIR spectra can routinely provide producers with DBCS estimates, which
can be used in making reproductive decisions, as well as providing phenotypes for
use in dairy cow breeding programs.

A total of 73,193 BCS records from 6,572 cows were recorded in 5 Teagasc research
farms between 2015 and 2019. Body condition score was assessed by trained scorers
using a 5-point scale with increment of 0.25 (Edmonson et al., 1989). BCS was recorded
every 18 days, with a repeatability of BCS within a 7-day period being 0.69. Cows were
from different parity orders (from parity 1 to 12) and different breeds (Holstein-Friesian,
Jersey, Norwegian Red, as well as their crosses). Daily BCS for each lactation was
calculated after fitting a cubic spline with 6 knot points at 20, 70, 120, 170, 220, and
270 days in milk (DIM) through individual test-day records of BCS with a covariance
structure fitted among knot points (McParland et al., 2014). Daily ABCS was calculated
from the fitted splines as the BCS on a given day minus the BCS of the previous day.
To avoid potential problems with interpolation, only DBCS calculated on the day of an
actual BCS records were retained. Lactations greater than 10 were deleted, and only
DBCS records between DIM 5 and 120 were retained. Parities were grouped as first,
second, third, fourth, and fifth or greater, and DBCS outliers were deleted for each
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parity group as DBCS records greater than 3 standard deviations (SD) from the mean
ABCS of the respective parity group.

From the same cows and across the same time period, 423,532 individual milk
spectra were collected from morning milking. Spectra outliers were deleted following
the same procedure as described by Frizzarin et al. (2021a), and were standardized
across time using the standardization coefficients provided as part of the European
Milk Recording project ring testing program (Grelet et al., 2015; Grelet et al., 2017).
Body condition score change records were merged with the closest spectra recorded
within one week. The final dataset comprised 13,492 ABCS records across 2,489
lactations from 1,250 cows.

All the analyses were conducted using the statistical software R (R core team). Three
different prediction methods were used to predict ABCS: PLSR, GAMM, and NN.
For the PLSR analyses, the a.m. spectra as well as a fourth order polynomial of DIM
were used as predictor variables. The R package pls (Mevik et al., 2019) was used to
develop the prediction equation. The number of PLSR factors were defined using 10
folds cross-validation (CV). For the GAMM analyses, the first 20 principal components
of the a.m. spectra were used as linear predictor variables with DIM fitted as a spline;
cow-lactation was accounted as repeated measures in the model. The R package
gamm4 (Wood and Scheipl, 2020) was used to develop the prediction equation.
Lastly, a Bayesian regularized NN was developed using the a.m. spectra and the
DIM as predictor variables. The R package brnn (Perez Rodrigez and Gianola, 2020)
was used to develop the prediction equation, and the default tuning parameters were
chosen, which included two hidden layers and a Bayesian regularization to the input
layer to improve generalizability.

To test the predictive performance of the methods on unseen data, the original dataset
was divided into four sub-datasets, three of these were used to train the prediction
equation (i.e., training dataset), and the fourth sub-dataset was used to test the
equation (i.e., test dataset). This process was repeated until all the four sub-datasets
were considered as test dataset once.

Different metrics were used to evaluate prediction performance, such as the root mean
square error on the test dataset (RMSEV), the correlation between the predicted ABCS
values in the test dataset and the actual ABCS values (r), the bias of the prediction,
the slope, and the ratio of performance to interquartile distance (RPIQ). The bias
corresponds to the average of the residuals, the slope corresponds to the slope of
the line where the real ABCS values are plotted against the predicted ABCS values,
and the RPIQ is the ratio between the interquartile range of the observed trait values
and the RMSEV. All these metrics were calculated for each of the test datasets, and
were subsequently averaged. The SD of the performance metrics across the four test
datasets was also calculated and was considered as a reflection of robustness of the
prediction method. The F-test was used to compare the RMSEV across prediction
methods.

Prediction methods

Measures of
prediction
performance
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Predicting body condition score change

Results

The prediction performance of the different prediction methods on the test datasets used
to predict ABCS are summarized in Table 1. Neural networks had the lowest RMSEV (P
< 0.05) as well as the greatest r and RPIQ; thus, for this dataset, NN was the prediction
method which predicted ABCS with greatest accuracy. Partial least squares regression
had a slightly greater (P < 0.05) RMSEV compared to NN. Generalized additive mixed
model was the prediction method with the poorest prediction performance (P < 0.05).
For all prediction methods, the SD of the RMSEV and r was low, indicating that the
prediction performance were robust across all the test datasets.

In Figure 1 is presented the average actual ABCS across DIM, as well as the average
predicted values from PLSR, GAMM, and NN. Both GAMM and NN predictions perfectly
followed the actual ABCS trend, while PLSR slightly over predicted the actual ABCS
between week 3 and week 8 of lactation, and slightly under predicted actual ABCS
between week 8 and week 12 of lactation.

Table 1. Prediction performance’ on the test dataset of partial least squares regression (PLSR), generalized
additive mixed model (GAMM), and neural network (NN) to predict body condition score change across 120

days in milk (DIM).

Method =

PLSR
GAMM
NN

RMSEYV = root mean square error in validation data set; r = Pearson correlation between the actual observed value of the

RMSEV~* (SD*”)
1.06 (0.010)
1.10 (0.010)
1.02 (0.010)

~ Bias® (SD?)

0.00 (0.042)
0.04 (0.057)
0.00 (0.040)

r (SD)
0.86 (0.004)
0.84 (0.004)
0.87 (0.004)

Slope (SE) =
1.00 (0.010)

0.99 (0.010)
0.99 (0.010)

RPIQ (SD)
3.16 (0.11)

3.04 (0.11)
3.27 (0.10)

trait and predicted value of the trait; SD = standard deviation; SE = standard error.

% Values presented are values *1,000
¥BCS units
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P
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Figure 1. Body condition score (BCS) change (grey continuous line), ABCS
predicted from partial least squares regression (orange long dashed line),
generalized additive mixed model (green dotted line), and neural network (blue
dot-dashed line).
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Body condition score, as well as ABCS, have been related to both fertility and health
traits in lactating dairy cows (Berry et al., 2007; Buckley et al., 2003; Roche et al.,
2007). Body condition score change is used by producers as an indicator of cow
energy status, and, as demonstrated in the present study, it can be predicted from
the MIR milk spectra.

One of the main challenge in predicting ABCS is accounting for scorer subjectivity. In
fact, BCS evaluation, even if executed by trained scorers, is a subjective measure.
Roche et al. (2004) studied the variability of international scoring systems, and reported
a strong correlation between the scoring systems across countries. Moreover, in the
same study, Roche et al. (2004) reported that the accuracy of the BCS assessed
depended also on whether the assessment was just visual or a combination of visual
plus tactile appraisal of the cow. This suggests that BCS assessment is somewhat
scorer-dependent and may vary according to the scale and the method (visual or tactile
appraisal) used by the scorer. In the present study, BCS was assessed by trained
scorers using both visual and tactile appraisal. Using ABCS as opposed to BCS in the
development of the prediction should negate the impact of mean score differences
among scorers. As a further strategy to minimize the impact of the BCS uncertainty
on the development of prediction methods, only ABCS predicted from the splines on
the same day of an actual BCS record were retained. Nonetheless, considering the
uncertainty of the trait being predicted, perfect or almost perfect prediction performance
should not be expected.

McParland et al. (2014) previously predicted ABCS across 305 day of lactation in 1,018
lactating dairy cows from milk MIR using PLSR; they reported a correlation between the
actual and the predicted ABCS of 0.75. Machine learning approaches have sometimes
been shown to slightly improve the accuracy of predicting traits from milk MIR when
compared to predictions developed using PLSR (Frizzarin et al., 2021b; Soyeurt et al.,
2020). Partial least squares regression has the potential to be an interpretable statistical
method, but assumes linearity between the trait and the latent variables of the spectra
(Wold et al., 2001). Generalized additive mixed model had low variability in the ABCS
predictions, and NN is less generalizable than simpler models, requires more tuning
parameters identification, and requires large data sets. Therefore, it is important to
consider the advantages and disadvantages of the different statistical methods when
deciding which method to use for the final spectra predictions.

While the present study related individual cow milk MIR to ABCS, the prediction models
could also possibly extend to the routinely taken herd bulk tank samples to assess
mean herd energy status. Nevertheless, herd averages could hide individual cows
mobilizing considerable body condition. Whereas, the present study was based on milk
MIR samples taken weekly, this is usually not always practical in commercial farms.
Nonetheless, technologies are being developed to routinely assess milk samples using
different regions of the spectrum. These wavelengths are simply overtones of the mid-
infrared region; hence, it could therefore possible to re-derive prediction equations for
ABCS using data from different regions of the spectrum. Body condition score change
can be used by the farmers to take specific animal decisions, like diet requirements, or
whether inseminate a cow or not. Lastly, the prediction of ABCS after milk recording
permits to generate a large amount of phenotypes which can be included in breeding
programs (e.g., as correlated traits in a multi-trait genetic evaluation).

The results from the present study demonstrated the potential of using MIR spectra to
predict ABCS in early lactating dairy cows. Body condition score change was predicted
with a correlation between the actual and the predicted ABCS of 0.87 using NN and
spectra obtained during morning milking. The prediction of ABCS from MIR spectra

Discussion

Conclusion
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The transition period is recognized as a critical phase in a cow’s lactation. Poor transition
can often be associated with clinical or subclinical diseases, but there is still a proportion
of cows where poor transition cannot be linked to routinely measurable metabolites in
milk. Also, millions of milk infrared spectra are generated in milk recording laboratories
every year. These spectra contain comprehensive information about milk chemical
composition. The objective of this study was to evaluate whether milk spectra can be
mined in search for minor milk components that are not routinely measured in monthly
milk samples and that might be potential biomarkers to assess transition success. First
test day records within lactation and their corresponding spectra between 2015 and
2020 were extracted from Lactanet’s database for Holstein cows in Québec, Canada.
A categorical variable was created as a proxy for transition management based on
the value of Transition Cow Index (TCI). ANOVA—simultaneous component analysis+
(ASCA+) was used to test the effect of the TCI category on spectral variability. In
the first round of analysis, spectra of samples collected during the first two weeks of
lactation (N=238,773) had the highest variability attributed to the TCI category, which
peaked on 8-11 DIM at 3.02%. This variability falls to 1.41% on week 4 of lactation.
Spectral variabilities attributed to the other studied factors, namely DIM and parity (2,
3+), were <1% and <0.5%, respectively. The second round of analysis included 41,464
spectra of samples collected during the first two weeks of lactation. The results of the
analysis revealed that low TCI category had direct correlation with spectral features
of milk fat and protein and inverse correlation with those of lactose. In addition, direct
relationship was observed between spectral features that can be attributed to milk
fat, protein, creatine, phosphate, sulfur containing compounds and trans fatty acids.

These findings suggest that more frequent milk sampling is needed during the first two
weeks of lactation and monitoring additional minor milk components might be useful
in assessing transition success. To conclude, milk infrared spectra represent a rich
source of information regarding the chemical composition of milk, and they can be
mined to gain insights and detect trends to assess transition success in dairy cows.

Keywords: Cow transition, FTIR spectroscopy, biomarkers.
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Introduction

Materials and
methods

Assembly of the
dataset

A good transition cow management is important as it affects the entire productive life of
a dairy cow. The Transition Cow Index® (TCl) was developed by Ken Nordlund at the
University of Wisconsin (Nordlund, 2006). The principle involves a 13-factor equation
used to predict how much milk a cow is expected to produce during her 305-day
lactation. Factors included in the equation are environmental (calving month), related to
the cow (breed, parity) or related to her current (days in milk at first test, lactation start
reason) or previous lactation (production, number of days dry, lactation start reason,
lactation duration, last test day somatic cell score). At the cow’s first test date, the actual
projected 305-day milk yield is compared to this prediction. If the cow’s production is
exactly as predicted, the TCl is 0. If the cow produces more than predicted, the TCI
will be positive; if less, then the TCI will be negative. A TCI value can be calculated
for all second and greater lactation cows that are between 5 and 39 DIM at their first
test day. The TCl is an objective way of evaluating the start of lactation for each cow.
Since a good start to lactation is generally a promising sign for a good performance
in overall lactation, an increase in the TCI suggests that cows will have a higher milk
yield over the coming lactation. Generally speaking, a 100-point increase in a herd’s
average TCI corresponds to a milk yield increase of 93 kg of milk per cow for 305 days
of production (Lactanet data, 2014).

Previous work has demonstrated that a very high proportion of 15! lactation cows have
elevated milk beta-hydroxybutyrate (BHB) on their first test (Santschi et al., 2016a)
indicating an excessive body reserve mobilization which could be linked to poor
transition, excessive stress related to the onset of lactation, or a normal biological
response. The ideal detection method for subclinical disorders in early lactation cows
would be blood monitoring of specific metabolites. However, this technique is laborious,
expensive, and intrusive. Recently, several studies suggested the use of milk spectral
information and Fourier-transformed infrared (FTIR) spectroscopy as a metabolic
profiling tool, specifically in early lactation (de Roos et al., 2007, Santschi et al., 2016a,
Pryce et al., 2019). Around the world, routine testing for BHB has become a fast and
inexpensive way to monitor herd-level prevalence of hyperketonaemia (Santschi et
al., 2016b). Itis hypothesized that routine testing of early lactation milk could therefore
become an effective and affordable screening tool to identify individual cows needing
specific attention. Recent studies have tried to predict specific metabolites with variable
precision (Barbano et al., 2015, Pape et al., 2018, Luke et al., 2019), often by using
FTIR to predict a single blood component. The present study aims at looking at overall
spectral signature rather than trying to predict specific metabolites. This approach
aims at screening the differences in spectral signature, and then eventually identify the
possible metabolites involved, using a historical database of several hundred thousand
Canadian Holstein cows, and using TCI as the classification variable to group cows
based on their status.

First test within lactation records and their corresponding spectra between 2015 and
2020 were extracted from Lactanet’s database. The total number of extracted records
was 238,773. A categorical factor was created, TCI_CAT, and three levels were defined
for it as follow: 1) high, which contained records with TCI value =66™ percentile and
they represented successful transition, 2) mid, which contained records with TCl value
>33 percentile and <66™ percentile and they were dropped to enhance the contrast
in differences between records in the other two categories, 3) low, which contained
records with TCI value <33" percentile and they represented poor transition.
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ANOVA simultaneous component analysis + (ASCA+) was chosen to test the effect
of the TCI category on the spectral dataset. In the first round of analysis, the spectral
dataset was divided into subsets according to days in milk (DIM): 5-7 DIM, 8-11 DIM,
12-14 DIM, week 3, week 4, week 5&6. The ASCA+ model contained the following
factors: the TCI category, parity groups (second, third and higher) and DIM. In the
second round of analysis, data and spectral records were limited to those that were
collected during the first two weeks of lactation (N=41,464) and the spectral dataset
was divided into subsets according to parity (i.e., all, second, third and higher).

Inspection of the loading spectrum of the TCI category factor allowed the association
of specific milk components with the TCI category effect. High loadings, positive or
negative, at characteristic wavenumbers of milk components were observed and were
interpreted according to methodology described elsewhere (Bahadi et al., 2021).

The first round of analysis revealed that milk spectra could capture more variability
related to cow transition in the first two weeks of lactation (Table 1), which peaked
in 8-11 DIM at 3.02%. This variability falls to 1.41% on week 4 of lactation. Spectral
variabilities attributed to the other studied factors, namely DIM and parity (i.e., second,
third and higher), were <1% and <0.5%, respectively. This observation means that the
current first test date window of 6 weeks might not be tight enough to capture differences
in milk composition between cows that do well or poorly during the transition period.
To better understand these differences, the first test date window might need to be
shortened to less than 6 weeks, preferably to two weeks of lactation, in order to better
capture these differences in milk composition.

Inspection of the loading spectrum of the TCI_CAT variable reveals positive loadings
at characteristic wavenumbers of milk fat and protein, and negative loadings at
wavenumbers attributed to lactose. This observation suggests the existence of an
inverse relationship between fat and protein, on one hand, and lactose, on the other
hand, in milk samples belonging to either low or high TCI category. Indeed, when we
inspected the means of fat, protein and lactose that were determined by the lab for the
studied samples, we observed that milk samples from cows classified in the low TCI
category had higher fat and protein content and lower lactose content in comparison
with milk samples coming from cows in the high TCI category. In other words, TCI
values had an inverse relationship with fat and protein content and a direct one with
lactose content in milk samples.

In the second round of analysis, variability in minor milk components’ spectral features
was observed and it was attributed to differences in milk composition in samples coming
from cows assigned to low and high TCI categories. These minor milk components
are sulfur containing compounds, trans fatty acids, creatine, and phosphate. Hence,
these components might be candidate biomarkers for monitoring transition success.
In fact, sulfur containing compounds were already reported as probable biomarkers
to monitor transition success in studies done on cows’ blood plasma and liver (Zhou
et al., 2017). In addition, trans fatty acids have already been reported in the literature
as contributors to inflammation in bovine mammary epithelial cells (Rezamand and
McGuire, 2011). The variability in lactose, sulfur containing compounds and trans fatty
acids was highest during the first two weeks of lactation and in milk samples coming
from cows in their third parity or higher. Cows that suffer from poor transition in a
lactation become more susceptible to inflammation and health issues in subsequent

Testing the effect of
the TCI category on

spectral data

Attributing milk
components to the
TCI category effect

Results and
discussion
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Table 1. Percentage of variance in the spectral data described by several factors of the
ASCA+ model.

Term 57D' 811D  12-14D  w3? D

Parity 0.48 0.34 0.44 0.25

DIM (OR<]0)
TCI_CAT 2.10
D = Days
W = Week

0.98 0.16 (0R<]0]
3.02 2.14 1.65

lactations, which might mean more variability in candidate transition biomarkers in
cows with higher parities.

Conclusion The findings of this study suggest that the first test date window might need to be
shortened to less than 6 weeks and it is preferable to do the first test during the first
two weeks of lactation in order to capture the differences in milk composition between
cows that do well or poorly during their transition period. In addition, monitoring more
minor milk components might be useful in assessing transition success. Milk infrared
spectra represent a rich source of information regarding the chemical composition of
milk, and they can be mined to gain insights and detect trends to assess transition
success in dairy cows.
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Dairy cows often enter a state of energy deficit in early lactation, leading to an increase
in plasma concentrations of non-esterified fatty acids (NEFA) and beta-hydroxybutyrate
(BHB). Currently, diagnosis of excessive energy deficit is done on farms using handheld
blood BHB meters. However, this process is laborious and can become costly when
used as a whole-herd screening method. Several studies have investigated the use of
Fourier transform mid-infrared (FTIR) estimates to predict excessive energy deficit, but
these studies relied on a single, test-day DHIA milk sample with no knowledge of actual
blood NEFA or BHB concentrations. We determined the diurnal variation in plasma
NEFA and BHB as well as FTIR estimates of milk BHB, milk predicted blood NEFA, and
milk fatty acids with particular focus on differences between groups of cows that were
hyperketonemic or non-hyperketonemic. We collected blood samples every 2 h for 5
consecutive days from 28 multiparous Holstein cows that were between 3 and 9 days
in milk. Cows were housed in a tie-stall facility and offered free choice access to water
and a TMR that was delivered once a day at 0900 h. Blood samples were analyzed
for BHB and NEFA concentrations, and cows were classified into hyperketonemia
groups based on their average daily BHB concentration. If a cow’s average daily BHB
was >1.2 mmol/L for >3 study days, she was assigned to the hyperketonemia group
(n=13). Alternatively, if her average daily BHB was >1.2 mmol/L for <2 study days, she
was assigned to the non-hyperketonemia group (n=15). We found clear and consistent
diurnal patterns in plasma BHB and NEFA as well as FTIR estimates of milk BHB,
milk predicted blood NEFA, and milk fatty acids. Interestingly, these diurnal differences
were much more predictable when analyzing milk, with a greater ability to separate
hyperketonemic from non-hyperketonemic cows. Our results support the use of FTIR
estimates of milk BHB and milk predicted blood NEFA as a tool in diagnosing HYK,
however time relative to feeding should be considered when analyzing results. Milk
fatty acid metrics on a relative basis may also be useful to separate hyperketonemic
from non-hyperketonemic cows. In particular, these results support the use of high
frequency milk monitoring and measurement to detect alterations in early lactation
health of dairy cows.

Dairy cows often enter a state of energy deficit in early lactation, leading to an increase
in plasma concentrations of non-esterified fatty acids (NEFA) and beta-hydroxybutyrate
(BHB). Currently, diagnosis of excessive energy deficit is done on farms using handheld
blood BHB meters. However, this process is laborious and can become costly when
used as a whole-herd screening method. Several studies have investigated the use
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Study design and
results

Blood results

Milk results

of Fourier transform mid-infrared (FTIR) estimates to predict excessive energy deficit
through milk (Denis-Robichaud et al., 2014; Santschi et al., 2016; Bach et al., 2019), but
many of these studies relied on a single, test-day DHIA milk sample with no knowledge
of actual blood NEFA or BHB concentrations. Here we present our investigation of
the diurnal variation in plasma NEFA and BHB as well as FTIR estimates of milk BHB
and predicted blood NEFA, with particular interest in differences between groups of
cows that were hyperketonemic or non-hyperketonemic. This information will improve
knowledge and usability of on-farm testing results and promote discussion of the
benefits of routine milk testing and analysis.

We collected blood samples every 2 h for 5 consecutive days from 28 multiparous
Holstein cows that were between 3 and 9 days in milk. Cows were housed in a tie-stall
facility and offered free choice access to water and a TMR that was delivered once a
day at 0900 h. Blood samples were analyzed for BHB and NEFA concentrations, and
cows were classified into hyperketonemia groups based on their average daily BHB
concentration. If a cow’s average daily BHB was >1.2 mmol/L for >3 study days, she
was assigned to the hyperketonemia group (n=13). Alternatively, if her average daily
BHB was >1.2 mmol/L for <2 study days, she was assigned to the non-hyperketonemia
group (n=15).

We saw the lowest concentrations of BHB just prior to feeding, at 0700 h, with a
steady rise following feed delivery (Figure 1A). Not surprisingly, BHB was higher in
the hyperketonemic cows than the non-hyperketonemic cows (Figure 1B). Unlike BHB
however, we saw a peak in NEFA just prior to feeding at 0700 h, with concentrations
falling quickly after feed delivery (Figure 1C). The hyperketonemic cows had greater
concentrations of NEFA than the non-hyperketonemic cows (Figure 1D).

To understand the effect of hyperketonemic on the daily fluctuations of BHB and NEFA,
we calculated the difference between the daily maximum and minimum concentrations
for each metabolite by hyperketonemia group. The hyperketonemic cows experienced
a nearly two-fold greater difference between daily maximum and minimum BHB
concentration as compared to the non-hyperketonemic cows. Interestingly, the
difference between daily maximum and minimum concentrations of NEFA were
relatively similar for both the hyperketonemic and non-hyperketonemic cows.

We saw similar diurnal findings with mid-FTIR milk predicted metabolites, however
with a general lag in peak or nadir concentrations than blood. The lowest milk BHB
and milk predicted blood NEFA concentrations were at the morning milking just prior
to feeding (Figure 2A, 2C). As for blood, predicted milk BHB and milk predicted blood
NEFA were higher in hyperketonemic than non-hyperketonemic cows (Figure 2B, 2D).
However, unlike blood, difference in milk BHB between hyperketonemic groups was
more consistent, and the pattern of diurnal variation in milk predicted blood NEFA
never overlapped between the two groups.
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Figure 1. Concentrations of BHB and NEFA from multiparous Holstein cows classified
as hyperketonemic (HYK; average daily mean BHB >1.2 mmol/L for >3 study days,
red dashed line) or non-hyperketonemic (non-HYK; average daily mean BHB
>1.2 mmol/L for <2 study days, solid blue line). Black arrows indicate time of feed

delivery (Adapted from Seely et al., Journal Dairy Science, In Press).
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Figure 2. Concentrations of mid-FTIR milk predicted metabolites (milk BHB
and milk predicted blood NEFA) from multiparous Holstein cows classified as
hyperketonemic (HYK; average daily mean BHB >1.2 mmol/L for >3 study

days, red dashed line) or non-hyperketonemic (non-HYK; average daily mean
BHB >1.2 mmol/L for <2 study days, solid blue line). Black arrows indicate time
of feed delivery; M1 = morning milking, M2 = afternoon milking, M3 = evening
milking (Unpublished data from Seely, McArt, and Barbano).
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Cows were milked 3 times per day. Therefore, each milk sample theoretically
represents the average of what happened in the blood for the 8 h period prior to
milking. We averaged the 2 h blood testing data over each 8 h period, prior to each
milking, to achieve better correspondence of the time period for milk and blood results.
Milk predicted blood NEFA, milk BHB, and milk fatty acids were measured at each
milking using a mid-FTIR milk analysis (Delta FTA, Perkin-Elmer Corp., Drachten, The
Netherlands). The data for milk predicted blood NEFA and blood NEFA over consecutive
milkings for the hyper and non-hyperketonemic groups of cows are shown in Figures
3 and 4. Both the blood NEFA and milk estimated blood NEFA cycled during each 24
h period with a slight lag in timing of the cycling. Both the blood NEFA and the milk
estimated blood NEFA clearly separated the two groups of cows.
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Figure 3. Milk estimated blood NEFA over consecutive milkings.
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Figure 4. Blood NEFA (2 h samples averaged across the 8 h period prior to milking)
plotted as a function of consecutive milkings.
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The concentration of milk BHB was also measured by infrared milk analysis and
concentration in milk also cycled (data not shown).

Milk fatty acids (denovo, mixed origin, and preformed) were also measured at
every milking by mid-infrared milk analysis (Figures 5, 6, and 7), as described by
Wojciechowski et al., 2016 and Woolpert et al., 2016. The comparison of relative
concentration for the 3 different groups of milk fatty acids between hyper and non-
hyperketonemic groups of cows was clearly separated for all three milk fatty acid
metrics. The non-hyperketonemic cows had higher relative concentrations of de
novo and mixed origin milk fatty acids and lower performed milk fatty acids than the
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Figure 5. De novo milk fatty acids (relative %) measured by mid-infrared milk
analysis. Fresh feed offered immediately after milking 3, 6, and 9.
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Figure 6. Mixed origin milk fatty acids (relative %) measured by mid-infrared milk
analysis. Fresh feed offered immediately after milking 3, 6, and 9.
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Figure 7. Preformed milk fatty acids (relative %) measured by mid-infrared milk
analysis. Fresh feed offered immediately after milking 3, 6, and 9.

hyperketonemic cows. The cycle phasing of the relative concentrations of the de novo
and mixed origin fatty acids had the opposite phasing when compared with the phasing
of the preformed milk fatty acid cycling. Cycling of the relative concentration of milk fatty
acid groups (Figures 5, 6, 7) was related to cycling of blood NEFA and the cycling of
the fatty acid groups was consistent with the milk estimated blood NEFA cycling (Figure
3). When milk estimated blood NEFA was at a maximum of a cycle, preformed fatty
acids were also at the maximum. Immediately before the cows were given fresh feed,
milk estimated blood NEFA and relative concentration of milk preformed fatty acids
were at a maximum and the de novo and mixed origin fatty acids were at a minimum.

We hypothesize that the differences between peak and nadir blood and milk metabolites
are due to milk having a higher correlation with an 8-hour average of blood metabolite
concentrations rather than a single blood sample. This makes biological sense and
also supports the idea that milk analysis might be an improved method of representing
a cow’s overall energy status than a single snapshot in time as currently provided with
blood sampling.

We would like to acknowledge Dr. Kathryn Bach, the post-doctoral associate who
assisted with study organization. Our study was funded by the USDA National Institute
of Food and Agriculture, Hatch project no. 1017096.
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Ketosis is the most frequent metabolic disease in dairy cows. Recently, several
new mid-infrared (MIR) traits have been derived that can be predicted from routine
milk samples and provide a more accurate indication of subclinical ketosis than the
commonly used fat-to-protein ratio, such as KetoMIR and other MIR-predicted traits
(e.g. blood beta-hydroxybutyrate, acetone, citrate). KetoMIR was developed by LKV
Baden-Wurttemberg based on ketosis diagnoses. KetoMIR is a three-class ketosis
index: 1 = low ketosis risk, 2 = moderate ketosis risk, and 3 = high ketosis risk.
The increased ketosis risk based on the KetoMIR index was associated with lower
average herd milk yield (-1,975 kg milk). The interval from calving to first service was
prolonged by +36 days, as was the calving interval with +58 days. Mean herd somatic
cell count in first and higher lactations was increased by 60,000 and 134,000 cells/
ml, respectively. So far, KetoMIR results have only been used for herd management.
Feeding advisors use this new MIR trait to assess and, if necessary, adjust the
feeding situation on the farm in the dry cow period and early lactation. Furthermore,
a MIR equation for beta-hydroxybutyrate in blood was derived, which has already
been validated on 49 Austrian farms and 670 dairy cows. For this purpose, capillary
blood was analyzed for beta-hydroxybutyrate concentration in all cows during milk
recording in early lactation (1st and 2nd test day after calving) using a handheld device
(WellionVet BELUA, MED TRUST Handels GmbH, Marz, Austria). The result from
the handheld device was considered as the gold standard for detecting subclinical
ketosis (betahydroxybutyrate concentration > 1.2 mmol/l). Blood beta-hydroxybutyrate
predicted from MIR had a sensitivity of 56% and a specificity of 81% for detecting cows
with subclinical ketosis. Currently, data from Austria are being integrated into the MIR
equation for beta-hydroxybutyrate to improve the equation. First genetic analyses
showed high heritabilities between 0.16 and 0.30 for MIR-predicted traits. The moderate
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to high genetic correlations between MIR-predicted traits and subclinical ketosis
suggest that consideration of these traits in selection would help to reduce subclinical
ketosis.

Keywords: mid-infrared, subclinical ketosis, herd management, genetic selection

Metabolic disorders occur more frequently after calving. In this phase, the energy
demand due to milk production is higher than the feed intake, resulting in a more or
less pronounced negative energy balance. Although the majority of metabolic disorders
are not visible, but are present subliminally, these metabolic disturbances lower the
cow’s resistance and increase, for example, the risk of mastitis or hoof diseases
(Pieper and Mahlkow-Nerge, 2017).

Ketosis is the most common metabolic disease of the dairy cow. Since affected cows
usually show no signs of disease at all, detection is very difficult. Recently, several
new mid-infrared (MIR) traits have been derived that can be predicted from routine
milk samples and provide a more accurate indication of subclinical ketosis than the
commonly used fat-to-protein ratio, such as KetoMIR and other MIR-predicted traits
(e.g. beta-hydroxybutyrate (BHB) and acetone).

KetoMIR was developed by the LKV Baden-Wirttemberg (Dale et al., 2018). Using
veterinary ketosis diagnoses and the MIR spectra of milk samples from the first 120
days of lactation from milk recording, KetoMIR, a three-level ketosis index, was
developed (Dale et al., 2018). Class 1 indicates low ketosis risk, class 2 indicates
medium ketosis risk, and class 3 indicates high ketosis risk.

The KetoMIR index has a sensitivity of 68% and a specificity of 81% to detect clinical
ketosis (Dale et al., 2018). KetoMIR is an alert system to help in herd management
during the first 120 days of lactation, but it is not diagnostic.

In Austria, the average frequency of cows with a positive KetoMIR result is 14%
at the farm level. Highly elevated frequencies of >30% are found in 8.6% of farms.
The increased ketosis risk based on the KetoMIR index was associated with lower
average herd milk yield (-1,975 kg milk). Mean herd somatic cell count in first and
higher lactations was increased by 60,500 and 134,400 cells/ml, respectively. The
interval from calving to first service was prolonged by +36.5 days, as was the calving
interval with +58.2 days.

A MIR equation for beta-hydroxybutyrate (BHB) in blood was available from European
Milk Recording (EMR), which has already been validated on 49 Austrian farms and
670 dairy cows. For this purpose, capillary blood was analyzed for BHB concentration
in all cows during milk recording in early lactation (1st and 2nd test day after calving)
using a handheld device (WellionVet BELUA, MED TRUST Handels GmbH, Marz,
Austria). The result from the handheld device was considered as the gold standard for
detecting subclinical ketosis (BHB > 1.2 mmol/l). Blood BHB predicted from MIR had
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a sensitivity of 55.9% and a specificity of 81.4% for detecting cows with subclinical
ketosis, which was higher than for the commonly used fat-protein ratio > 1.5 (Table 1).

Heritabilities and genetic correlations for BHB measured with the handheld device and
MIR predicted ketosis risk traits are shown in Table 2. Heritabilities for all traits were
high, 0.26 for BHB results gained by the handheld device and between 0.16 and 0.30
for MIR predicted traits. The heritability estimates found in our study were consistent
with previous literature results (Belay et al., 2017; Hamann et al., 2017; Benedet et
al., 2020). The genetic correlations between BHB concentration from the handheld
device and the traits predicted by MIR ranged from 0.60 to 0.73. Genetic correlations
between BHB results gained by a handheld device and MIR predicted traits recorded
at the same time could not be found in the literature. However genetic correlations
with clinical ketosis from veterinary diagnoses were available. A moderate genetic
correlation of 0.47 between predicted blood BHB at first test day and clinical ketosis
was reported by Belay et al. (2017). Because the standard errors of the estimates in our
study were high, the results should be taken with caution. However, the moderate to
high genetic correlations between MIR-predicted traits and subclinical ketosis suggest
that consideration of these traits would reduce subclinical ketosis.

Recently, several new MIR traits have been derived that can be predicted from routine
milk samples and provide a more accurate indication of subclinical ketosis than the
commonly used fat-to-protein ratio, such as KetoMIR, beta-hydroxybutyrate and
acetone. Preliminary results suggest that these new traits could be used in both herd
management and breeding programs to reduce the incidence of subclinical ketosis.

Genetic

parameters

Conclusion

Table 1. Sensitivity and specificity given that cows with subclinical ketosis have a beta-

hydroxybutyrate-concentration > 1.2 mmol/l using the handheld device.

Sensitivity Specificity

Blood beta-hydroxybutyrate > 200umol/L 55.9

814
83.1

Fat-protein ratio > 1.5 39.2

Table 2. Heritabilities (on diagonal) and genetic correlations (above diagonal) with standard errors in

brackets.

BHB —
handheld KetoMIR BHB-MIR Aceton-MIR
device

0.26 0.61 (0.35) 0.60 (0.32) 0.73 (0.33)

KetoMIR 0.30 0.48 (0.37) 0.35 (0.39)
BHB-MIR 0.19 nc.t
Aceton-MIR

Fat-protein-ratio

n.Cc. = no convergence

BHB — handheld

device

Fat-protein-
ratio

0.60 (0.37)

0.20 (0.45)

0.72 (0.32)

0.61 (0.38)
0.20
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Livestock farming, especially dairy breeding, has a significant influence on environmental
balance, accounting for about 50% of greenhouse gases (GHG) emissions from the
primary sector. To increase the environmental sustainability of the dairy sector,
even in the face of growing interests of the consumers towards this topic, a holistic
approach is needed. Methane and carbon dioxide emissions have been shown to be
heritable in cattle, providing the basis to apply genetic selection for their reduction.
Furthermore, it is necessary to consider that GHG recording is complex, expensive
and time consuming. In this context national breeding programs can provide relevant
contributions. For this reason, the Italian Association of Holstein, Brown and Jersey
breeders (ANAFIBJ) is working on data collection of innovative phenotypes and, in the
future, to set-up routine recording in commercial dairy farms. Since 2018 ANAFIBJ,
has started to record GHG data on young genotyped Italian Holstein bulls passing
into the Genetic Center. For this purpose, the GreenFeed system (C-Lock Inc., Rapid
City, SD) has been installed and used. In three years, a dataset of more than 11,200
phenotypic records collected on more than 200 young bulls has been set-up. Preliminary
analyses showed that animals emit 223,6 g of CH4/d with a heritability (h2) of 0.396.
Thanks to this experience ANAFIBJ has the intention to contribute further and set up
a routine recording system for these phenotypes implementing experimental protocols
to apply in commercial farms. For this purpose, Laser Methane Detector Mini (LMD,
Crowcon, Abingdon, UK) is currently being tested at ANAFIBJ Genetic Center and a
data collection protocol is under investigation. Once a standard protocol will be defined,
individual CH4 emissions will be collected in 3,000 genotyped Italian Holstein dairy cows
(some of them daughters of the young bulls recorded at the Genetic Center) distributed
in 100 commercial farms throughout the country. At the Genetic Center, in addition,
several phenotypes will be collected in order to better define the GHG data emission.
Main biometric measures will be recorded and samples of ruminal fluid and faeces will
be collected. Biological samples will be frozen and stored at -80°C, until instrumental
and bioinformatic analysis. Activities in commercial farms and in experimental stations
will allow to study the interaction between host and environmental microbiome, and to
evaluate the reliability of faeces as a proxy of rumen sample. Furthermore, it will be
possible to estimate the genetic parameters and to develop models for genetic and
genomic evaluations of methane emissions.
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Agriculture and livestock sectors are recognized as important contributors to global
temperature increase (Cassandro et al., 2013). Livestock farming, with particular regard
to ruminants, is linked to GHG emissions due to enteric fermentation. Furthermore,
livestock sector indirectly contributes to GHG emissions through activities related to
feed production, manure spreading and storage, nitrogenous fertilisers, fossil fuels
consumption and deforestation.

Methane and carbon dioxide emissions have been shown to be heritable, providing
the basis to apply genetic selection for their reduction (Pickering et al., 2015; Lassen
and Lavendahl,, 2016). Such program could be applied directly, by selecting for
breath measurements, but also using indirect selection including indicator traits such
as feed intake (de Haas et al., 2017). National breeding program can provide relevant
contribution to reduce GHG emissions. The objective of this study was to present
the ANAFIBJ experience and future perspective for GHG data collection and set up
of a routine protocol for commercial and experimental ltalian Holstein dairy farms.
Furthermore, it will allow to study in deep the knowledge of the microbiome-host and
environment-microbiome interactions and to evaluate the reliability of faeces as a
proxy of rumen sample.

Animals involved in this preliminary study were young genotyped Italian Holstein bulls
undergoing progeny test in the Genetic Center of the ANAFIBJ as reported by Callegaro
et al. (2022). These young bulls had a genomic index included in the best 2% of the
Italian Holstein population; they will be the future reproducers of the Italian Holstein
breed. The ANAFIBJ Genetic Center is currently equipped with two instruments for
individual impact recording: 1) GreenFeed (QlLock Inc., Rapid City, SD, USA), and 2)
The Laser Methane Detector (LMD - Crowcon, Abingdon, UK).

1. The GreenFeed, considered as an “Automated Head-Chamber System (AHCS), is
an automated feeding station designed to measure daily CH, and CO, emissions
(g/d) from ruminant’s breath (Hristov et al., 2015). No more than 20 animals were
housed in the GreenFeed box in order to ensure animal welfare and to avoid
multiple animals at once. Each animal could visit the AHCS every six hours. At
each visit the feed was unloaded a maximum of six times, for a total of 24 daily
visits per animal. This set of traits included number of visits (NVG), carbon-dioxide
daily emission (CO,), methane daily emission (CH,), average airflow (AIR) and
average time (ATG).

2. Laser Methane Detector Mini (LMD). The LMD is a highly responsive, hand-held
device that is pointed at an animal’s nostrils and, based on infrared absorption
spectroscopy, measures methane column density along the length of the laser
beam (ppm*m) (Garnsworthy et al., 2019). This instrument is connected to a
smartphone or tablet for data storing. During LMD data collection all ventilation
or cooling systems inside the barn were turned off. LMD default settings were
maintained with a measurement interval of 0.5 seconds (two values of CH, per
seconds were measured). The operator was located in front of the standing
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animal at a distance of 1.5 meters. Each measurement lasted 330 seconds.
Each animal was recorded 3 times per day for 10 consecutive days for a total
of 28 measurements per animal. The data generated make a list of CH, values
accompanied by a unique date and time stamp and a value for the quality of the
reflection of the laser beam. A single measurement consisting in a time series of
CH, values of a single animal is called “profile”. From each profile the raw mean
(MEAN) of CH, and the mean of all peaks (P_MEAN) was calculated (Niero et
al., 2020).

GreenFeed data were relative to 221 Italian Holstein young bulls between 171 and
541 days of age. Data have been recorded in the period between May 2018 and April
2022 and each trial lasts on average 15 days.

LMD Genetic Center phenotypic data available belong to 18 Italian Holstein young bulls
between 171 and 541 days of age for a total of 483 profiles. Records with intensity
less than 100 were discarded. Profiles analysis was carried as reported by Sorg et al.,
2018. Data have been recorded in the period between January 2022 and June 2022.

Animals’ biometric measures were also recorded. This set of traits included measures
of body growth taken using electronic scales and stadiometers operated by qualified
personnel as body weight (WEI), Body Condition Score (BCS), hearth girth (HG) and
height (HT).

All young bulls were genotyped using various SNP chips resulting in 69,127 SNP.
Genomic data were subsequently edited using the preGSf90 software (Aguilar et al.,
2010), removing SNP with call rate below 0.9 and minor allele frequency below 0.05.
After editing, 61,591 SNP were available.

Descriptive statistics and heritability estimates for the studied traits are reported in
Table 1 and Table 2. Growth traits showed the largest heritability estimates (h?), all
being above or close to 0.40. While these traits are expected to be highly heritable,
the estimates appeared larger compared to those found in literature. This could be due
to the relatively small sample size. Heritability estimates for the emission traits were
moderate to high, ranging from 0.241 for ATG to 0.480 for CO.,,

Heritability estimates showed substantial genetic variation for the studied traits.
The CO, and CH, emissions calculated on daily basis showed high heritability with
the possibility of selection and therefore possible reduction of GHG emissions. The
estimated values for the heritability of CH, and CO, were higher than those found in
literature (Lassen and Lgvendahl, 2016; Brieder et al., 2019), although this could be
due to the involvement of growing bulls rather than lactating cows and the limited
sample size in the current study.

Results

Discussion
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Conclusion

Table 1. Descriptive statistics (posterior means with posterior standard deviation) and
heritability estimates for the traits analysed.

Metric \| Mean SD h
kg 885 309.3 77.48 0.445 (0.236)
score 849 3.0 0.33 0.512 (0.201)
cm 715 157.3 14.15 0.441 (0.247)
cm 714 125.5 7.71 0.393 (0.225)

count 2817 3.9 1.71 0.360 (0.113)
g/d 2817 6198.2 1103.88 0.480 (0.206)
g/d 2817 223.6 51.83 0.396 (0.169)
L/s 2817 29.2 4.02 0.448 (0.088)
S 2817 329.3 87.49 0.241 (0.105)
WEI: body weight; BCS: body condition score; HG: heart girth; HEI: height; NVG: number of visits at
the GreenFeed; CO, daily carbon dioxide emissions; CH,: daily methane emissions; AIR: average
airflow at the visit; ATG: average time at the GreenFeed.

Table 2. Descriptive statistics for the traits analysed using Laser Methane
Detector.

Trait’

P_MEAN
MEAN

P_MEAN: arithmetic mean of all peaks; MEAN: arithmetic mean of all values.

These preliminary results suggest that selection indexes could be implemented in order
to reduce GHG emissions. ANAFIBJ is testing several experimental protocols in the
Genetic Center; itis turning in a “Living Lab”. Thanks to this experience ANAFIBJ wants
to contribute further and set up a routine recording system implementing experimental
protocols to be applied both in experimental and commercial farms to collect a critical
mass of data useful for Italian Holstein selection. Individual CH, emissions will be
collected in 3,000 genotyped Italian Holstein dairy cows distributed homogeneously
in 100 commercial farms throughout the country. Some of these cows are daughters
of the young bulls recorded at the Genetic Center. In addition, other phenotypes will
be collected in order to better define GHG data emissions.

Furthermore, samples of ruminal fluid, faeces and buccal swabs will be collected.
Rumen fluid will be collected using the Flora Rumen Scoop (Geishauser et al. 2012),
a ruminal probe specially designed for cattle. The first 0.5 liter of the rumen fluid will
be discarded to avoid saliva contamination, and the next 0.5 liter will be retained
for sampling. After each sampling the probe will be washed with water, disinfected,
rinsed and dried. This procedure will allow to avoid cross-contamination of rumen fluid
between animals and to avoid interference of chemical products used for disinfection.
Ruminal fluid samples will be stored in individual bottles at -80°C. At the same time
buccal swabs and faeces will be sampled. Buccal swabs will be collected using
salivary swabs. Faeces will be obtained by rectal grab sampling using disposable
gloves and will be stored in plastic bags. Ruminal fluid, buccal swabs and faeces will
be submitted for metagenomic analysis. Relative abundance of OTU (Operational
Taxonomic Units) will be evaluated. These activities will allow to study in deep the
knowledge of the microbiome-host and environment-microbiome interaction and to
evaluate the reliability of faeces as a proxy of rumen sample.
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Mid-Infrared Analyzers: Herd management milk fatty acid
calibration and validation of multiple instruments
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Mid-infrared (MIR) analyzers require calibration with samples that have known reference
chemistry values. Traditional milk calibration samples are individual farm, or cow milks,
with reference chemistry for each sample. A more advanced procedure for making
an orthogonal design (fat, protein, lactose, urea) sample calibration set (14 samples)
with all-lab mean (n=8 to 10) reference chemistry was published and updated in 2020.
Recently, this same sample set has been used for milk fatty acid calibration. The fatty
acid reference chemistry is from gas chromatography run on the extracted fat from the
ether extraction used for the fat payment test. Reference values for major individual
fatty acids and those used for the most useful dairy herd management decision making
(i.e., de novo, mixed origin, preformed fatty acids, and double bonds per fatty acid)
are produced for this orthogonal design sample set. Reference chemistry for groups
of milk fatty acids utilizes the values for only the major fatty acids (C4, 6, 8, 10, 12,
14, 16:0, C16:1, C18:0, C18:1, C18:2, C18:3) normalized to 100% and expressed as
0/100 g of milk. Using only the major fatty acids will achieve better between laboratory
agreement and consistency for GLC fatty acid methods. Glycerol is approximately
5.5% of the weight of milk fat. A useful quality control metric for MIR data is the sum
of the de novo, mixed origin, and preformed fatty acids (g/100 g milk) divided by the
fat test, and should be between 93 and 96% of the fat test in g/100 g milk. If outside
this range, there is a problem with ether the MIR fat test or one or more of the MIR
values for fatty acid groups. Nine MIR milk analyzers located in different regions of the
US were calibrated with samples described above and then validated with a group of
8 individual farm milks from collected from different regions of the US by comparison
to GLC reference chemistry on the same milks. The best agreement (g/100 g milk)
for the mean of all instruments with reference chemistry was for de novo (MD -0.016
and SDD 0.028) and double bonds per fatty acid (MD 0.00 and SDD 0.01). Mixed
and preformed had MD of 0.08 and -0.054 and SDD of 0.053 and 0.048, respectively.
Mixed and preformed fatty acid models are more sensitive to variation in homogenizer
performance than de novo.

The development of PLS models for mid-infrared (MIR) milk analysis of dairy herd
management parameters was initiated in 2011 in a collaborative program among
researchers from Cornell University (Ithaca, NY), the laboratory of St Albans Cooperative
(St Albans, Vermont), and Delta Instruments, Drachten, The Netherlands. The new
herd management milk analysis parameters de novo, mixed origin, and preformed
fatty acid (FA) models, fatty chain length, double bonds per fatty acid (i.e., milk fat
depression index), milk estimated blood NEFA were initiated and were first applied in
2012 for routine testing of producer bulk tank milks from the St Albans Cooperative
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management fatty
acid models
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(about 400 farms). Application of these same herd management models (plus models
to measure milk urea, milk BHB, and milk acetone for individual cow milk testing was
initiated in 2014 in a collaboration between Cornell researchers and researchers at
the W. H. Miner Institute, Chazy, NY. Our first work on bulk tank milks from farms at
the St Albans Cooperative found a positive relationship between higher de novo and
de novo + mixed origin fatty acids with bulk tank fat and protein tests. The relationship
between de novo , mixed origin, and preformed milk fatty acids with fat and protein test
and fat and protein production per cow per day was the focus of joint field research
study by Cornell University and W. H. Miner Institute.

The results of the field studies of the herd management milk analysis models were
published in two research papers (Woolpert et al., 2016 and Woolpert et al., 2017).
Woolpert et al., 2016 and 2017 identified management practices, such as higher stall
stocking density and lower feeding frequency, which were related to lower de novo
FA content in bulk tank milk. Farms with lower de novo FA, on average, produced less
milk fat and protein per cow per day. In addition, higher dietary EE was related to lower
de novo FA content of milk. High de novo farms also had higher milk yield and fat and
true protein content and yield. Management (i.e., frequent feed delivery and increased
feed bunk space per cow) and dietary (i.e., adequate physically effective fiber and
lower ether extract) factors that differed between high de novo and low de novo farms
have been shown in earlier studies to affect ruminal function. At a constant level of
milk production, the gross income per unit of milk produced was higher on the high de
novo farms because of higher milk fat and true protein concentrations. Therefore, the
de novo FA concentration of bulk tank milk may be an important tool for monitoring
ruminal function on commercial dairy farms.

Our strategy for development of herd management milk analysis PLS models was to
develop milk analysis metrics that could be used more strategically and tactically to
identify the causes of increases and decreases in milk fat and protein production per
cow per day. With respect to herd management milk testing for diagnostic determination
of why milk fat has increased or decreased, the strategy was to develop milk analysis
models that provide information on milk fat production by two different milk fatty acid
sources:

1. De novo synthesis of fatty acid in the mammary cells and

2. Transfer of performed fatty acid from the blood stream into mammary secretory
cells.

The development and modeling performance metrics (i.e., RSD values) of the PLS
models for measurement of milk de novo, mixed origin, preformed, and total milk
fatty acids were described by Woolpert et al. (2016). The development and modeling
performance metrics for the fatty chain length (mean carbon number) and the milk
double bonds per fatty acid models (i.e., milk fat depression index) were described
by Wojciechowski and Barbano (2016). The development and modeling performance
metrics for the milk estimated blood NEFA model were described by Bach et al. (2021).
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Like all other MIR milk analysis metrics (e.g., fat, protein, solids, urea, etc.), all
milk fatty prediction models need to calibrated with reference samples with known
reference values. The reference values for milk fatty acids are determined by gas liquid
chromatography (GLC). The sample extraction, methylation and GLC method used
in our studies was described by Wojciechowski and Barbano (2016). Briefly milk fat
was extracted from each sample by an ether extraction milk that is the reference for
milk fat payment (AOACI, 2021, method 989.05), the formation of methyl esters was
catalyzed by methanolic KOH and boron triflouide, and methyl esters of fatty acids were
determined GLC as described by Wojciechowski and Barbano (2016). The calculation
of milk fatty acids, fatty acid chain length and double bonds per fatty acid was described
by Kaylegian et al. (2009). The steps of accounting for recovery of short chain fatty
acids, normalization of fatty acids to 100% and removal of the impact the added methyl
group on the relative proportion on each fatty acid chain length are important steps
described by Kaylegian et al. (2009). These methods and the approach of measuring
fatty acid groups (de novo, mixed origin, and performed) are applied to an orthogonal
design set of MIR calibration milks (Kaylegian et al. 2006) that was modified to include
milk urea by Portnoy et al. (2021). The reference values for each of the 14 milks in the
calibration set for de novo, mixed origin, and preformed fatty acids are expressed as
grams of fatty acid per 100 g milk, as shown in Figure 1.

Three hundred and forty sets of the calibration samples shown in Figure 1 are produced
once every 4 weeks and distributed laboratories for calibration of components and
milk fatty acids.

Materials and

methods

Calibration of MIR
milk fatty acid models

Cornell University Fatty Acid Calibration Standards
Reference Values for Fatty Acid Calibration and milk components
total grams
totalgrams mixed  totalgrams
de novo originfatty preformed
fatty acid acid fatty acid

Figure 1. Milk calibration samples and reference chemistry (components and fatty acids).

(g/100g (g/100g (g/1009g Lactose

Sample milk) milk) milk) Fat Protein Solids (anhydrous) MUN SNF 0s
1 0.0506 0.0752 0.0813 0.2192 4.2354 9.5217 3.9957 9.30 5.07
2 0.1480 0.2201 0.2379 0.6412 2.2222 8.4280 4.5419 7.79 5.56
3 0.2473 0.3679 0.3977 1.0716 3.8950 11.2754 5.0897 10.20 6.31
4 0.3453 0.5137 0.5552 1.4962 2.5608 10.1190 4.9484 8.62 6.06
5 0.4437 0.6601 0.7135 1.9227 3.5669 10.8796 4.2728 896 5.39
6 0.5419 0.8062 0.8713 2.3480 2.8979 10.8918 4.5492 8.54 5.65
7 0.6422 0.9554 1.0326 2.7827 3.2329 11.6934 4.5429 891 5.68
8 0.7384 1.0985 1.1872 3.1995 3.0759 11.78390 4.4157 8.59 5.51
9 0.8375 1.2459 1.3466 3.6289 3.4041 12.8757 4.6757 9.25 5.84
10 0.9344 1.3901 1.5024 4.0488 2.7419 11.9600 4.1412 7.91 517
11 1.0337 1.5378 1.6621 4.4791 3.7500 14.2347 4.8220 9.76 6.01
12 1.1310 1.6825 1.8185 4,9006 2.4144 12.2930 4.0055 7.39 498
13 1.2313 1.8317 1.9797 5.3350 4.0805 15.2020 4.5430 9.87 579
14 1.3290 1.9770 2.1368 5.7583 2.0770 13.9981 5.0924 8.24 6.16
Mean 0.6896 1.0259 1.1088 2.9880 3.1539 11.7972 4.5454 8.8093 5.6553
min 0.0506 0.0752 0.0813 0.2192 2.0770 8.4280 3.9957 7.3925 4.9781
max 1.3290 1.9770 2.1368 5.7583 4.2354 15.2020 5.0924 10.2037 6.3087
Range 1.2784 1.9018 2.0554 5.5391 2.1585 6.7740 1.0967 2.8113 1.3307
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Results and
discussion

Between laboratory
agreement: milk
fatty acid validation
testing

Four times per year, a set of 8 unknown individual farm milk are sent to all laboratories
for performance evaluation. The farms selected for this testing are 2 farms from each
of 4 regions of the US. These 8 farm milks are sent to one laboratory and they split and
shipped to all laboratories for testing by MIR milk analysis and for reference testing.
Tables 1 through 5 below contain an example of the results from multi-laboratory testing
of the same milks. The results in the Tables below are from a group of instruments
that are a mixture of Delta FTA and Delta Combi milk analyzers. Recently, additional
instruments by Bentley and Foss have been using our calibration samples and in
general their performance on the milk fatty acids is similar to what we have observed
for the Delta instruments.

On average for this set of unknown farm milks, most MIR laboratories produced a mean
estimate of the de novo fatty acids was lower than the reference chemistry. However,
on an absolute basis all labs had a mean difference that was < 2.93% relative of the
reference chemistry mean for the sample set.

On average for this set of unknown farm milks, most MIR laboratories produced a
mean estimate of mixed origin fatty acids that was higher than the reference chemistry.
However, on an absolute basis all labs had a mean difference that was < 8.9% relative
of the reference chemistry mean for the sample set.

On average for this set of unknown farm milks, most MIR laboratories produced a
mean estimate of performed fatty acids that was lower than the reference chemistry.
However, on an absolute basis all labs had a mean difference that was < 7.0% relative
of the reference chemistry mean for the sample set.

Table 1. Between laboratory comparison of de novo fatty acid analysis (g/100 of milk) and calculated mean
difference (MD) and standard deviation of the differences from reference chemistry for the 8 samples.

De novo Lah Lah Lab Lab Lab Lab Lab Lah lab

Reference 1 2 3 4 5 6 7 3 9
1 0.8991 0.860 0.862 0.874 03860 0.870 0.894 0.920 0.89%0 0.8%0
2 0.8484 0.820 0.810 0.838 0.820 0.822 0.828 0.840 0.820 0.830
3 0.7209 0.720 0.732 0.743 0.730 0.715 0.748 0.750 0.720 0.720
4 0.8179 0.810 0.811 0.819 0.800 0.789 0.804 0.840 0.800 0.830
5 0.7540 0.720 0.729 0.754 0.750 0.731 0.740 0.740 0.730 0.740
6 0.9635 0.930 0.937 0.964 0.940 0.933 0.953 0.950 0.930 0.950
7 07910 0.810 0,798 0,803 0820 0.796¢ 0.804 0.840 0.810 0.810
8 1.3033 1.220 1.224 1.252 1240 1.234 1220 1.240 1.230 1.250

0.8873Mean 0.861 0.863 0.881 0870 0.861 0.874 0.890 0.866 0.878

MD -0.026 -0.024 -0.006 -0.017 -0.026 -0.013 0.003 -0.021 -0.010
sDD 0.031 0.029 ©0.023 0.029 0.022 0.032 0.035 0.027 0.022
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Table 2. Between laboratory comparison of mixed origin fatty acid analysis (g/100 of milk) and calculated mean

difference (MD) and standard deviation of the differences from reference chemistry for the 8 samples.
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We have observed that the mixed and preformed milk fatty acids tend to deviate in
opposite direction relative reference chemistry values. The mixed origin and preformed
fatty acid models are more sensitive to variation in homogenizer performance than de
novo fatty predictions or prediction of the main milk components.

On average for this set of unknown farm milks, most MIR laboratories produced a
mean estimate of fatty acid chain length that was lower than the reference chemistry.
However, on an absolute basis all labs had a mean difference that was < 0.92% relative
of the reference chemistry mean for the sample set.

On average for this set of unknown farm milks, most MIR laboratories produced a
mean estimate of mean fatty acid unsaturation that was very close to the reference
chemistry. On an absolute basis all labs had a mean difference that was < 4.4% relative
of the reference chemistry mean for the sample set. The between lab agreement on
this parameter

Recognizing when °

there is laboratory
problem with MIR

Bulk tank producer milks: The sum of de novo, mixed, and preformed fatty acids
(9/100 g milk) should be about 94.5% of the fat test (g/100 g milk). This will vary
from farm-to-farm, but all values should be between 93 and 96%. If sum of de

fatty acid data

novo, mixed and preformed as a % of fat test increases or decreases with change
in fat concentration for a population of farms, the error is in the slope setting for the
prediction of total fat, not the fatty acid testing.

o If alltests are lower than 93 or higher than 96% then it could be bias error in fat test,
or the wrong reference chemistry has been used to adjust the slope and intercept
on one of the 3 fatty acid measures.

Table 4.. Between laboratory comparison of fatty acid chain length analysis (carbons per fatty acid) and calculated
mean difference (MD) and standard deviation of the differences from reference chemistry for the 8 samples.
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Table 5. Between laboratory comparison of mean fatty acid unsaturation (double bonds per fatty acid) and calculated

mean difference (MD) and standard deviation of the differences from reference chemistry for the 8 samples.

N+ T 7 I - T A N
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Individual cow milks: The sum of de novo, mixed, and preformed fatty acids
should be about 94.5% of the fat test. This will vary from cow-to-cow. The errors
discussed on the previous slide for bulk tank milk can have the same impact on
individual cow milk tests.

The PLS fatty acid herd management models were developed for bulk tank milks
and for milks from individual cows in positive energy balance. Thus, these fatty acid
models will not work well on milks from cows at less than 5 days in lactation. Very
early lactation milks will give values for the sum of the fatty acid (g/100 g milk) that
exceeds the fat test in g/100 g milk. These samples are outside the scope of the
ability of the current models.

Herd management application of milk fatty data. This is a discussion that is
beyond the scope of this presentation, but we have presented data from field
studies and provided examples of how to interpret the fatty acid data from bulk
tank milks. Those examples are provided in a series of papers presented at the
annual Cornell Dairy Conference (Barbano et al 2014,2017, 2018, 2019 ; Barbano
and Mellili 2016).

Milk fatty acid analysis is a useful tool for dairy herd management. Most dairy herd
management milk fatty acid analysis in the USA has been applied to bulk tank and
tanker load samples from individual farms in milk payment testing laboratories. Today
bulk tank milk is tested on virtually every pick up and for large farms every tanker
load of milk is tested daily. Results from this testing are usually posted within 36 h of
sample collection. This has provided a valuable resource for nutrition management
on dairy farms in the USA and dairy nutritionists have rapidly improved their skills for
interpretation of the data. Monitoring milk fatty acid composition across time on the
same farm (g/100 g milk) has proved very useful in management of dairy rations.

Conclusion
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Individual cow milk testing is still a challenge. In general, the frequency of milk sampling
and testing of milks from individual cows is too low to provide useful information for
farm management. The interpretation of the data is more complex because there are
normal and systematic changes in milk fatty acid composition with stage of lactation
and these factors need to be considered when interpreting milk fatty acid data from
individual cows. In the long- term future, the dairy industry needs to strive to achieve
milk testing hardware innovations that allow individual cow milk analysis to occur in
real-time on the farm during milking. If that is achieved, monitoring and management
of individual cow health will advance rapidly.
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In a grazing system, about one-quarter of the costs associated with rearing dairy heifers
are incurred between birth and weaning. In addition, the risk of mortality is considerably
higher during this period which influences farm profitability as well as consumer attitudes
towards the dairying industry. Genetic tools, such as estimated breeding values, can
contribute towards improved outcomes for calves and easier calving routines for
farmers. Stillbirth and heifer livability are two examples of calf traits. Acknowledging
the astute ability of calf rearers to differentiate between calves that are easy or difficult
to rear, a farmer-scored trait of calf vitality is under investigation. This study describes
variation in calf vitality scores amongst a group of Australian Holstein herds. .

Keywords: calf vitality, calf health, dairy cattle breeding.

In the Australian dairy context, sustainability is described as enhancing farmer
livelihoods, improving the wellbeing of people, providing best care for all our animals
and reducing environmental impact (Dairy Australia, 2020). Heifers often comprise
around one-third of the total herd and are costly to rear. In a recent analysis, the cost
of heifer rearing was estimated to be between AU$1190 (75% grazing) and AU$1718
(zero grazing) per heifer, of which $315 is incurred between birth to weaning in both
systems (Shannon et al. 2022). Reducing stillbirth, calf morbidity and mortality can
improve profitability by spreading costs over a larger number of healthy animals to be
sold or retained as herd replacements. At the same time, farmers have an obligation
to provide the best care for calves.

There is strong evidence that breeding values are useful genetic tools to improve the
production and longevity of dairy cows (Veerkamp and van Pelt 2020) and thereby
contribute to improved sustainability. In a specific calf example, the genetic trend for
calving ease in Holstein bulls demonstrates a 1% increase in normal or easier calvings
for every 5 years since 2000 in Australia. Easier calving is beneficial to both cows and
their calves (Eaglen et al. 2011; Eaglen et al. 2013; Murray and Leslie 2013). A further
example is found in the heritability of the calf survival trait that is estimated to be 5%
for survival to 10 months in the UK (Winters 2019), 0.72% for survival to 18 months in
the USA (Neupane et al. 2021), 0.60% for survival to 365 days in the USA (Gonzalez-
Pena et al. 2019) and 4.2% for survival to first calving in Denmark (Fuerst-Waltl and
Sarensen 2010) in Holsteins. Finally, stillbirth heritability estimates are also varied but
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Introducing Calf
Vitality Score

are generally higher (1-12%) as summarised by Cole et al. (2007). It seems clear that
breeding for calf traits can also contribute to sustainability.

In the analysis of stillbirth, calf survival and calf health traits, there is often insufficient
data for a robust analysis, especially in countries where data recording is not enforced
through legislation or strict quality schemes. So, the question becomes what calf trait
recording initiatives could be implemented to increase the quality and quantity of calf
health data that improves the genetic evaluation of calf traits and ultimately lifts calf
performance?

A research project is underway to better understand the genetic variation in stillbirth,
calf morbidity and mortality in Australian dairy calves. The project has already recruited
more than fifty herds, of which six herds formed an early pilot group to test data collection
processes. Several farmers in the early pilot group requested the opportunity to record
something more than stillbirth, morbidity and mortality. They wanted to record calves
that were exceptionally easy to rear in contrast to calves that were dull, sluggish and
difficult to teach to drink. Using Australian colloquial language, calf rearers describe
them as calves that were ‘Rippers’ or ‘Duds’. As a result, the data collection was
broadened to include a subjective calf vitality score.

Subjective trait measures are successfully used in the genetic evaluation systems of
various countries. An example is the farmer scoring of milking speed, temperament and
likeability in Australian dairy cattle with heritability estimates of 0.18-0.26 in Holstein
and 0.25-0.29 in Jerseys (Beard and Jones 1991; Beard 1993; Visscher and Goddard
1995). Beard and Jones (1991) reported that Likeability, as a ‘catch all’ trait is a useful
trait in models that predict early survival in animals without complete phenotypes.
Despite the subjectivity of their scoring, these workability traits are influential in current
breeding indexes (Byrne et al. 2016).

Given there is already familiarity with workability traits, we used a similar scoring scale
as the base for a new Calf Vitality Score and modified to include aspects of behavioural
scoring in beef cattle (Parham et al. 2019; Ceballos et al. 2021) and health scoring in
humans (Streiner 2015). Key features of a successful scoring system will likely have
the following characteristics:

o Clear terminology that is easily understood by observers.
e Simple definitions that can be memorized.

o Categories that are sufficiently different from each other.
e 3-5 categories.

The four-category calf vitality score is described in figure 1 where A-Ripper/Great,
B-Good, C-Dull/Sick/Dud, D-Dead. The visual representation of the score is presented to
support the needs of people with a range of learning styles. The consensus of the pilot
group was that the calves should be scored for calf vitality within the first month of life.
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Figure 1. Calf Vitality Score.

Six commercial dairy herds located in South-Eastern Australia were recruited in
Spring 2020 as pilot participants, of which three recorded calf vitality scores. Farmers
were asked to record calf identity, pedigree, calving dates, calf fate (stillbirth), calving
ease, calf size, health and treatment events to weaning, deaths, deformed calves and
calf vitality score. All stillborn calves were recorded, regardless of breed or gender.
Health and vitality records were collected for dairy heifers and bulls kept for rearing. It
is important to note that the calf vitality score was co-developed, with farmers, during
the collection period.

Participation in the project was voluntary. Participants were invited to participate if they
were passionate about calf health, willing to:

1.

2. provide feedback and information to the project, had calves that are predominantly
sired by an Al sire and used Holstein, Jersey or Red Breed sires.

collect the required data;

Data was supplied in a wide variety of paper-based and electronic formats but compiled
into a Microsoft Access database (Microsoft) and then analysed in R Studio (RStudio
Team 2021). Health and treatment events were included in this analysis so that a health
event could be a diagnosis (such as scours) and/or treatment for an illness (such as
treatment for scours), as recorded by the farmer. Herds were predominantly Holstein
and were located within 15 km of each other meaning that calves were likely to be
exposed to similar weather conditions, although management practices are expected
to vary. Subsequently, we calculated summary statistics such as means and standard
deviations for each herd and repeated for the overall group..

There were 228, 127 and 171 recorded calves in each of 3 herds with calf vitality scores
totalling 506 calves born between July and October 2020. As shown in Table 1, the
mean mortality for each herd was 11, 35 and 2% including stillbirths. Stillbirths were
8, 31 and 2% respectively.

The most recorded health events were scours (37% of calves) and pneumonia (1%
of calves). Calf vitality scores were recorded for 452 calves with means and ranges of
Score A 32% (15-77), Score B 56% (0-73), Score C 8% (0-24) and Score D 3% (0-4).
No animals with a Score A had a recorded health event. The prevalence of health
events increased with subsequent scores as shown in Figure 2. Fifty-seven percent
of calves with a Score B had at least one health event and this increased to 67% and
87% for Scores C and D.

Materials and
methods

Results
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Table 1. Mortality, stillbirth and calf vitality scores in 3 pilot herds.

Herd A Herd B Herd C Overall
Mortality \ \ \
Observations 228 127 151 506
Mean (xSD) 0.114 0.354 0.020 0.146 + 0.354
Stillbirth

Observations 228
Mean (£SD) 0.079

151
0.020

506
0.119 + 0.324

Vitality

Score A 0.241
Score B 0.714
Score C (0]

Score D 0.044

0.146
0.728
0.086
0.040

0.323
0.564
0.080
0.033
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Figure 2. Mean proportions of calf vitality scores and recording of illness in 3 pilot herds.

Discussion Farmers in the pilot group were co-developing the calf vitality scoring system during

the first season of collection. The scale, descriptions, timing of scoring and recording
spreadsheets were developed as the scoring was taking place. This is the likely reason
for different scoring patterns between herds, as indicated by the range in mean scores.
However, early indications suggest that the scoring system made sense as there were
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zero calves with Score A that also had a recorded health event. They were accurately
recorded as ‘Rippers’. In contrast, 87% of calves with Score D had a recorded health
event.

While this is an early indicator that the scoring system could be useful, it also suggests
that the variation in vitality scores could be so strongly linked to health events that
recording health events alone could be of close to equal value. Herd recording
systems are already in place for recording health events in dairy heifers. Relying on
health event recording would avoid further software development tasks that would
be required to systematically collect calf vitality scores nationwide. However, current
recording systems typically exclude records for beef cross heifers and bulls. From a
sustainability perspective, adequately managing and monitoring the health and welfare
of these calves are equally as important as dairy replacements.

Following this pilot, the calf vitality score descriptions, images, recording sheets and
timing of scoring were refined for use in subsequent calvings and in a much larger group
of herds. For example, farmers reported that the best time to score was after the first
week of life but it needed to be done before 4 weeks when differences became less
obvious. Secondly, images were drawn and refined to provide a visual representation
of each score. Further analysis of the larger collections that followed in 2021 and 2022
are expected to provide further insight to the value of calf vitality scoring.

Results from the pilot herds show that it is possible to score calf vitality as an additional
piece of information in calf recording routines. Early indications suggest that calf vitality
scoring is helpful in increasing engagement with farmers that can lead to improved calf
health data recording. Higher quality and quantity of calf health records, for complete
cohorts, will be useful to improve the benchmarking of sustainability metrics like mortality
and morbidity as well as producing new genetic breeding tools. However, it is too soon
to assess the value of calf vitality as an independent score. Continued collection of
calf vitality scores in 2021 and 2022 has provided a larger volume of data which will
be later analysed to determine the value of vitality scoring in genetic predictions of calf
health traits, over and above conventional health recording.

This research has been funded by DairyBio, Agriculture Victoria and DataGene, with
support from Zoetis. The authors acknowledge the significant effort of participating
farmers as well as herd recording software organisations, herd recording centres and
genomic service providers for their contributions.
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Milk recording data have the potential to provide a dynamic picture of the overall herd
status and management practices. We developed a dairy management tool to assess
and monitor herd sustainability based on 10 routinely collected DHI indicators linked
to key aspects of dairy management over the life span of a dairy cow. The indicators
were selected by a committee of dairy industry experts and are related to longevity
and culling (% cows in lactation =3; involuntary culling; cow mortality), feeding and
production (% cows with milk urea nitrogen <5 or >18 mg/dL; Transition Cow Index;
a management score index to evaluate how well the genetic potential of cows to
produce milk is expressed), heifer management (calf mortality; age at first calving),
and health (% cows with BHB >0.20 mM at first test; % cows with subclinical mastitis
as SCC >200,000) at herd level (12-month rolling averages except for early lactation).
Indicators were aggregated to a composite herd sustainability index (SI) and aimed to
benchmark the overall herd sustainability of a herd relative to its peers and highlight
specific areas with opportunities for improvements. The herd Sl and benchmarks are
computed three times per year and made available to dairy producers and advisor
services via customized reports. Preliminary analyses were conducted with 2,608
dairy herds across Quebec and New Brunswick, Canada, to validate the herd Si
with herd performance and profitability (12-month test date averages for 2020), and
farm management practices collected through an online survey in 2020. Overall,
with increasing herd SI, the herd performance improved for production (+8.9 kg/cow
and day; top 10% versus bottom 10% herds for all reported results), herd longevity
(-36% involuntary culling and -74% cow mortality), heifer management (-62% calf
mortality), reproduction (-36 days open and -37 days for calving interval), for health
parameters (-51% potential subclinical mastitis; -71% potential hyperketonemia), and
herd profitability (+26% milk value and +$93,810 in operation margin). A descriptive
study of association with farm management practices on 2,143 dairy farms highlighted
some important aspects of calf, heifer, dry cow, and milking management. In particular,
improving the stall surface and housing comfort, colostrum management, ventilation,
and udder and hoof health were key aspects to improve the herd Sl. In conclusion,
milk recording data can be useful to assess and monitor herd sustainability and can
help dairy producers adopt best management practices to improve the production

performance and herd profitability.
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Introduction

Material and
methods

Sustainability
Indicators

Longevity and culling

Keywords: Decision support, DHI, Benchmarking, Sustainability

Sustainability is a global concept addressing the balance and long-term viability of a
system. At the herd level, a sustainable herd would be a herd in an optimal balance
between productivity, profitability, and longevity of the cows in the herd. This would
therefore add-up to an overall performing herd with minimal incidence of disease and
allowing for a good work-life balance of the producers. Using a similar approach by
integrating different aspects of sustainability, Ryan et al. (2016) showed that the most
profitable herds were also the ones performing best from an environmental sustainability
perspective.

Due to the multidimensional nature of sustainability, a composite index for sustainability
was created. A proof-of-concept with a comprehensive validation of the robustness
of the composite index was published elsewhere (Warner et al., 2020). The results
showed that herds could be evaluated relative to their peers while maintaining the
ability to intervene on specific areas with opportunities for improvement through the
individual indicators.

Our objective was to evaluate the possibility to use routinely collected DHI information
to calculate herd sustainability, and then compare this ranking to performance and
profitability rankings.

To select the proper criteria to be included in the index, and with the objective of
encouraging future adoption of the S, we conducted a consultation with a committee of
industry and research experts from various fields including nutrition and management,
welfare, economics, milk recording. This committee had the precise mandate to come
up with a list of routinely collected dairy herd improvement (DHI) variables that could be
used to identify key parameters that contribute to overall herd sustainability. In addition,
the committee had to ensure that these indicators would cover the full life cycle at the
farm (birth to culling) without overlapping among chosen criteria.

A total of 10 indicators was chosen and grouped in four categories as detailed below.

1. Cows in 3 lactation and over (%): percentage of cows in the herd that started at
least a 3rd lactation in the last 12 months before the index is calculated.

2. Involuntary Culling (%): percentage of cows removed from the herd in the last 12
months for reasons classified as involuntary culling (reproduction, feet and legs,
udder health, injury, ...)

3. Cow Mortality Rate (%): percentage of cows removed from the herd for mortality
during the last 12 months prior to the calculation of the index.
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1. Milk Urea Nitrogen (MUN) <5 or >18 mg N/dL (%): average percentage of cows
tested individually for MUN that had a result of less than 5 mg of nitrogen per dL
OR more than 18 mg per dL in the last 12 months prior to the index calculation.

2. Management Score for Milk (kg): The general principle of the Management
Score is to evaluate if the genetic potential of cows to produce milk in a herd is
well expressed, isolating the “environment” portion of the popular “Phenotype =
Genetics + Environment” equation.

3. Transition Cow Index™: Objective assessment of the success of the transition
period at the herd level, based on Nordlund (2006).

1. Calf Mortality Rate (%): Percentage of calves reported dead within the first 24
hours after birth over the last 12 months.

2. Age at First Calving (months): Average age at first calving of the animals that
calved within the 12 months preceding the calculation of the SI.

1. Cows with BHB >0.20 mmol/ | milk (%): percentage of cows with a result greater
than 0.20 millimoles of Beta hydroxybutyrate (BHB) per liter of milk during the 12
months preceding the calculation of the SI.

2. Cows >200,000 cells/ml (%): percentage of cows that had a somatic cell count
(SCC) greater than 200,000 in the 12 months prior to the calculation of the SI.

A percentile rank (1-99) is assigned for each of the ten parameters for each herd and
the ten percentile ranks are summed to establish an overall ranking of the herds. This
overall ranking is then re-expressed as a percentile rank, which is the Sl of the herd.
Herds can therefore compare against peers for their overall Sl, but also for each of the
ten indicators separately to better identify and improve weaknesses.

In order to have a Sl calculated, a single herd must have at least seven out of the
ten indicators available at milk recording (some are optional). For any missing data,
a percentile rank of 50 is assigned. The Sl is calculated for all Canadian herds three
times a year (April, August and December). Each reports presents actual results as well
as historical performance of the herd over the last two years to monitor improvement.

A subset of 2,608 eastern Canadian herds were used to compare performance of
top herds according to the Sl versus the top herds in terms of performance (Table 1).

Overall, with increasing herd Sl, the herd performance improved for production (+8.9
kg/cow and day; top 10% versus bottom 10% herds for all reported results), herd
longevity (-36% involuntary culling and -74% cow mortality), heifer management (-62%

Feeding and
production

Heifers

Health

Sustainability
Index Calculations

Results and
discussion
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calf mortality), reproduction (-36 days open and -37 days for calving interval), health
parameters (-51% potential subclinical mastitis; —71% potential hyperketonemia).

Simulations were done using a fictional herd with a quota of 100 kg of butterfat/day
(Canadian supply management system and milk prices), Overall herd profitability was
increased (+26% milk value and +$93,810 in operation margin) for herds in the top
10% for SI.

A descriptive comparison was made to compare performance and demographics of
the best herds for Sl versus the best herds in terms of milk value (milk yield corrected
for price of milk components; Top 10% for both groups; Table 2).

Top Sl herds had slightly lower corrected milk (-2.9 kg/cow/d) but improved milk quality
and higher longevity due mainly to reduced culling.

Finally, a descriptive study of association with farm management practices on 2,143
dairy farms collected via a questionnaire (Lactanet, 2021) revealed some important
aspects of calf, heifer, dry cow, and milking management. In particular, improving the
stall surface and housing comfort, colostrum management, ventilation, and udder and
hoof health were key aspects to improve the herd SI.

Table 1. Comparison of demographics and performance of bottom, average and top
herds for the sustainability Index (Sl) based on 2,608 eastern Canadian herds.

Bottom 10% SI  Average Sl | Top 10% SI

Production \
Fat (%) 4.16 4.10 4.09

Protein (%) 3.22 3.18

SCC ('000 s.c./ml) 263 193

Milk (kg/year) 8,414 9,844

Corrected Milk (kg/day) 31.4 36
Demographics

3rd lactation or + (%) 37 42

Culled Cows (%) 39 34

Involuntary Culling (%) 23 19

Age at First Calving (months) 27.1 25.2
Reproduction

Calving Interval (days) 432 T 395

Days Open 152 129 116

3,18
137
11,023
40.3

239

Table 2. Comparison of demographics and performance of the best 10% herds
for sustainability index and milk value (CAN$/cow and day).

Sustainability index Milk value

Production

Fat (%) 4.09 4.03

Protein (%) 3.18 3.15

SCC ('000 s.c./ml) 137 170

Milk (kglyear) 11023 11990

Corrected Milk (kg/day) 40.3 43.2
Demographics

3rd lactation or + (%) 46 41

Culled Cows (%) 32 38

Involuntary Culling (%) 15 21

Age at First Calving (months) 23.9 24.2
Reproduction

Calving Interval (days) 395 401

Days Open 116 121
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Customized reports are published three times per year and made available to dairy
producers and advisor services, including historical records to monitor changes over
the last two years (an example as well as additional information on the Sl can be found

on online: pttps:/lactanet.ca/en/thematique/farm-sustainability/).

In conclusion, milk recording data routinely collected and available in DHI databases Conclusion

was used to develop a herd sustainability index and compare herds across Canada.
The Sl can be useful to assess and monitor herd sustainability and can help dairy
producers adopt best management practices to improve overall production performance
and herd profitability.

Authors wish to thank the committee members who participated in the development ~ Acknowledgement

of this index, as well as Lactanet colleagues and producers who provided feedback
throughout development.
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Towards new breeding tools in a context of climate
change: first results of the RUMIGEN project on new
phenotypes for heat tolerance traits
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RUMIGEN is a project financially supported by the EU that aims to develop breeding
programs capable of managing the trade-offs between efficient production and resilience
to extreme climate conditions. RUMIGEN is designed under a multi-disciplinary
approach that mixes competencies in both genetics and social sciences. The genetic
approach aims to enhance genomic selection using three levers: quantitative genetics,
genome editing, and epigenetics.

One of the objectives of RUMIGEN is to enlarge selection criteria and to provide
genomic tools to select dairy cows tolerant to heat stress. Studies are dedicated to the
definition of heat-tolerance traits based on production, reproduction and health records,
as well as to the study of the trade-offs between these traits, and with those already
selected. These analyses are based on performances recorded in commercial herds in
France, Spain and the Netherlands (i.e., milk production traits and somatic cell scores
recorded by Milk Recording Organizations, and fertility traits derived from Al events),
in combination with meteorological data obtained from the corresponding Meteorology
Agencies. Records are associated to meteorological information at the farm level, in
order to measure the impact of heat stress. First results obtained for different breeds
and in a large range of farming and climatic scenarios showed that the combination
of both types of information is relevant to measure the decline of performances due to
heat stress and to define heat stress indicators and new traits for future breeding tools.

Keywords: Dairy cattle, animal breeding, heat tolerance, climate change, new
phenotypes.
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Introduction

Material and
methods

Performances of the
cows used in the
analyses

Social expectations are more and more pushing for the development of sustainable
breeding programs and linked technologies, as well as of breeding for adaptation to
climate change while taking into account genetic diversity. The RUMIGEN program
(https://rumigen.eu/), financially supported by the EU, aims to produce robust and
efficient cattle able to manage the trade-offs between production and adaptation to
extreme climate conditions.

To reach this goal, RUMIGEN gathers a large panel of competences. Research in
quantitative genetics are focused on the study of heat tolerance traits and of the
impact of climate change on the trade-offs between traits. The partners also study new
approaches to maintain genetic diversity using genome information and the potential
use of epigenomics information to enhance genomic predictions. Another ambition of
this program is to improve the understanding on how genetic and epigenetic processes
shape the phenotypes. Several experiments will be conducted to determine the impact
of environmental stressors (metabolic demands during the gestation, heat, immunity
challenge and pathogens). Epigenotyping tools will be used on a large scale to study
the variability of the epigenomic profiles, their transmission between generations, and
their impact on phenotypes. Regarding new biotechnologies, genome editing has
been also suggested as a promising tool to speed up selection and design disease
resistance alleles. However, it raises technical and social issues since only few data
are available regarding the genome integrity (off-targeting, rates of de novo mutation).
This is why RUMIGEN aims to assess the potential of genome editing to speed up
introgression and the security of genome editing in different conditions. Finally, animal
breeding brings not only biological, technical and economical issues, but also societal
concerns with respect to breeding objectives, biodiversity and the potential use of new
breeding technologies. Therefore, a work-package of RUMIGEN is dedicated to the
social acceptance of breeding and the related technologies.

One of the main objectives of RUMIGEN is to provide is to provide breeding tools
to face selection under the harsh environmental conditidions generated by climate
change. For this purpose, France (Idele, INRAE), Spain (INIA—CSIC, IRIAF) and the
Netherlands (Wageningen University and Research) collaborate to define new traits
related to heat tolerance. Large-scale data from commercial farms are combined with
meteorological information in order to highlight mid-long term impact of heat stress on
performances and to define new traits related to heat tolerance.

The objective of this paper is to present the first results of using performances of
Spanish, French and Dutch dairy cows recorded by Milk Recording Organizations
(MROs) and associated meteorological data to measure the impact of heat stress
period on production and health traits.

Test-day (TD) records for milk yield (MY, kg/d), fat yield (FY, g/d), protein yield (PY, g/d),
fat content (FC, %), and protein content (PC, %) for French, Spanish, and Dutch cows,
were extracted from the respective genetic evaluations for production and health traits.
In addition to these traits, TD records for somatic cell score (SCS; defined as SCS =3
+log_2 (SCC/100,000), with SCC being somatic cell counts in cells/ml) were available
for French and Dutch cows.

Three breeds were involved in the analyses: the Holstein population, studied in the
three countries, and two regional breeds, that is Montbéliarde studied in France, and
Meuse-Rhine-Yssel (MRY) studied in the Netherlands.

For all countries, the extracted datasets covered approximately a period of 10 years,
starting from the 2010s. Different edits were applied across countries. For example,
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after editing, the analyses carried out cover out the period 2016 - 2020 for France,
and the period 2010 to 2020 and 2021 for Spain and the Netherlands, respectively. All
countries analysed the different lactations separately with univariate models. Common
edits were applied by all three countries on parity, age of calving at different parities
(age of calving between 23 and 42 months and 35 to 60 months for 1%t and 2" parities
respectively) and extreme phenotypic values. In all countries, only cows with known
parents were considered. Only Days in Milk (DIM) between 5 and 305 were retained
in France and in the Netherlands, between 5 and 400 in Spain.

Briefly, the datasets with production and health traits (MY, PY, FY, PC, FC, and SCS)
for Holstein included around 36 million test-day records associated with around 7 million
French first- and second-parity Holstein cows, around 20 million TD records associated
with around 1 million Spanish first- to third- parity cows, and around 7 million TD records
associated with around 500 thousand Dutch first- and second-parity Holstein cows.
These cows were distributed in around 45,000 French herds, around 4,600 Spanish
herds, and around 1,500 Dutch herds.

Meteorological data were provided by Météo-France (Safran database) for France, by
the National Meteorological Agency (AEMET) for Spain, and were extracted from the
Koninklijk Nederlands Meteorologisch Instituut (KNMI) website for the Netherlands.
Weather records were available for the French territory in the form of a grid of
9,892 8x8km squares, for 1,993 Spanish weather stations, and for 34 Dutch weather
stations. Each herd was connected to theses meteorological information through the
(partial) ZIP code of the farm.

For each daily record measured in each weather station, a Temperature — Humidity
Index (THI) was computed using the NRC (1971) formula:

THI = (1.8*T+32)-(0.55-0.0055*RH)*(1.8*T-26)

with T being the average daily temperature (degrees Celsius) and RH the average
daily relative humidity.

The phenotypes (MY, FY, PY, FC, PC and SCS) of each lactation were analysed in
separate studies. THI was calculated as the average THI of 3 days (in Spain and in
the Netherlands: 3 days before the record; in France: day of TD and 2 days before).

For each population, the effect of THI on phenotypic performances at the population
level was estimated using the following model:

y=XB+Z a+Z,p+e

wherey, B, a, p and e are respectively the vectors of phenotypes, fixed effects, additive
genetic random effects, random permanent environment effects and the random
residuals respectively, and X, Z, and Z, are the incidence matrices for the listed effects.

Weather data
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The fixed effects were almost the same in all countries, excepted the gestation stage
that was included in the French and in the Dutch model but not in the Spanish one.
However their combination differ from one country to the other:

o France: Herd-Year, THI, DIM, gestation stage, month of calving and age at calving.

e The Netherlands: Herd-Year, THI, DIM, gestation stage, age at calving-year- season.

e Spain: Herd-Year-Season, THI, DIM and age.
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Figure 1. Effect of THI on MY, FY, PY FC, PC and SCS on cows in 1 lactation, according to the country
and to the breed (FRA=France; NLD =the Netherlands; SPA = Spain; HOL=Holstein; MON=Montbéliarde,

MRY=Meuse-Rhine-Yssel).
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Figure 2. Effect of THI on MY, FY, FC and SCC on French Montbéliarde and Dutch Holstein cows in 1%
and in 2" Jactation (FRA=France; NLD = the Netherlands; HOL=Holstein; MON=Montbéliarde).

Results and
discussion

The estimated effects of THI on MY, FY, PY, FC, PC for 1% parity cows of the three
breeds and of the three countries, and on SCS for Dutch and French populations are
presented in figure 1. The estimated THI effects on MY, SCS, FY and FC in 1%t and
2 |actations are compared on figure 2 for French Montbéliarde and Dutch Holstein
cows. Estimated THI effects presented on both figures were averaged using a rolling
basis of 5 THI units to smooth the fluctuations.

This study covered several breeds, climatic conditions and farming systems. A common
approach was defined between countries and breeds to identify heat stress indicators
and to measure their impact on the cow performances.

Dutch results of estimated effects of high THI must be interpreted carefully since the
Netherlands are exposed to oceanic climatic conditions, with moderate daily variations.
Only 66 days with a daily THI over 72 were observed within 10 years (2010-2019).
However, THI over 60 were observed on average 120 days each year during the same
decade, which means that the effect of a moderate heat stress can be measured using
Dutch data. The frequency of days with very high THI was much higher in France and
in Spain (eg. in France, pending on the region, between 88 and 345 days with a THI
over 72 observed within 5 years).

This study showed that increasing THI had a negative impact on all studied traits, but
more prominent for production than for SCS. To illustrate that, the estimated decrease
in FY between 50 and 70 units of THI (ie., 9 and 22 °C of daily average temperature for
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Conclusion
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the relative humidity in summer in France) corresponds to 11% of the daily production
of 18t parity French Holstein cows. The pattern of the curves of THI effects depended on
the trait: for MY, SCS and PY, the THI effects were almost stable below 50 (with some
exceptions such as the French Holstein cows for PY), while a decline was observed
all along the THI scale for FY, FC and PC.

Some differences of magnitude of the estimated effects and of THI-thresholds were
observed between countries, more than between breeds, particularly for the yields
and for SCS. For MY, FY and PY, moderate THI (50-70) had a stronger impact on the
performances of French females than for the other populations. For SCS, the effect of
increasing THI over 50 was stronger for the 1%t parity French cows. The comfort regions
observed in France were relatively low when compared to the literature (Carabafno
et al., 2017) and to the two other countries. This could be explained by differences of
farming systems, that are often based in France on pasture. Thus French cows are
often exposed to outside temperatures (even if they are kept inside during very hot
periods) which is almost not the case in Spain. In the Netherlands, a large proportion
of females included in this study were raised in farms equipped with automatic milking
systems, with less grazing and potentially equipped with barns more adapted to heat
than the average Dutch farms. Brigemann et al. (2012) also reported lower milk yield
losses in feeding systems based on crop production than on pasture. The exposure to
wind, more frequent in summer in oceanic regions than in continental ones may also
explain some differences. In Spain, a probable acclimatization along the large periods
of high temperatures during the summer and the use of heat abatement devices and
mitigation practices in many farms could also explain some differences with the two
other countries.

This study showed that heat stress indicators could be defined, combining performance
and meteorological data. Increasing THI, mostly due to increasing temperatures, had a
negative impact on all studied traits and all breeds. The estimated impact differed from
one trait to the other and it was more prominent for production than for SCS. Therefore,
heat stress tolerance is a complex trait. The studies are going on with reproduction traits
in order to get a global view on the major traits included in breeding goals in dairy cattle.

Differences of magnitude of the effects of heat stress and of THI-thresholds were
observed between countries, more than between breeds. This could probably be due
to differences in farming systems and, in the case of Spanish cows, an acclimatization
along the summer periods.
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This study aims to describe the practical experience of introducing a new udder health
monitoring service in Estonia and Thuringia, Germany. This new service is based on
the combination of somatic cell count (SCC) and differential SCC (DSCC) test day
results obtained through regularly performed dairy herd improvement (DHI) services.

A new udder health report based on SCC and DSCC information was developed.
It allows to categorised the udder health status of a cow into four different groups:
Udder Health Group (UHG) A — healthy, SCC <200,000 cells/ml and DSCC <65%,
B — onset of mastitis, SCC <200,000 cells/ml and DSCC >65%), C — (active) mastitis,
SCC >200,000 cells/ml and DSCC >65%, D — chronic mastitis, SCC >200,000 cells/
ml and DSCC <65%.

Regularly available DHI test results were used to investigate the performance and
future development (e.g. high SCC at next test day, culling) of cows in the different
UHG. Findings were used during the launch of the new udder health report as they
contribute to provide evidence on the added value of the service based on local data.
DHI service field staff was trained about the new service to support new herds enrolling
to the new service. Different media and local events such as exhibitions and annual
meetings were used to further promote.

Practitioners working with the new udder health report described that it helps them to
improve their herd management, particularly cubicle management and milking routine,
resulting in overall better udder health of the herd and lower consumption of antibiotics
with regards to mastitis treatments.

Keywords: Mastitis, SCC, milk recording, antibiotics.

The companies EPJ and Qnetics offer various services to dairy farmers in Estonia and
Thuringia, Germany, respectively. Among other things, these include the organisation
and execution of DHI testing for dairy cows, ewe, and dairy goats, milk payment
analysis, and advisory services for herd management, dairy cow nutrition and milk
quality challenges.
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Dairy farming
in Estonia and
Thuringia,
Germany

Udder Health
Group concept

The total number of dairy cows is 80,000 and they are kept in approximately 400 herds,
which translates into an average herd size of 200 cows. More than 96% of herds are
enrolled to DHI services. The average annual production is at 10,484 kg milk, 394 kg
fat, and 345 kg protein per cow.

There are 94,548 dairy cows on 282 dairy farms in Thuringia, Germany. The vast
majority (98.2%) of these farms are utilising dairy herd improvement services on a
regular basis. The average annual production is at 9,978 kg milk, 404 kg fat, and 345
kg protein per cow. The average herd size is at 335 cows and approximately 60% of
all cows are kept on 25% of all farms.

The key motivation of EPJ and Qnetics was to be able to provide farmers with better
DHI-based services for managing udder health, in particular earlier detection of udder
health issues.

Regularly available DHI samples are analysed on CombiFoss 7 DC. The SCC and
DSCC test day results are then used to were categorised the udder health status into
four different udder health groups (UHG, Figure 1):

e A —healthy: SCC <200,000 cells/ml and DSCC <65%,
e B —onset of mastitis: SCC <200,000 cells/ml and DSCC >65%
e C — (subclinical) mastitis: SCC >200,000 cells/ml and DSCC >65%
e D - chronic mastitis: SCC >200,000 cells/ml and DSCC <65%

The SCC cut-off of 200,000 cells/ml used is according to IDF recommendations (IDF,
20183). The DSCC cut-off of 65% has been identified as optimal cut-off in a study
where the actual udder health status of cows as defined by bacteriological testing was
available (Schwarz et al. 2020a).

Figure 1. Dairy herd improvement results of one dairy farm (random example)
to illustrate the four different udder health groups: A — healthy, B — onset of
mastitis, C — (subclinical) mastitis, D — chronic mastitis.
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Figure 2. Average daily milk weights in different Udder Health Groups based on data from Estonia

Comparing milk weights in the different UHG (Figure 2) based on data from Estonia
and Thuringia, Germany, interesting differences were found. These differences, in
turn, indirectly confirm the interpretation of the four groups. Cows in group A showed
the highest performance, which was to be expected as they are healthy based on
their low SCC and low DSCC test day results. Cows in group B showed a significantly
lower performance than those in group A, which is explainable based on inflammatory
processes (i.e. high DSCC values) consuming energy that is then not available for milk
production anymore. This confirms that cows in group B might be in the early stage
of mastitis. Presences of mastitis pathogens and inflammatory processes has been
described in such cows before (Schwarz et al., 2011a,b; Pilla et al., 2012; Schwarz
et al., 2020a). Lower performance of cows with elevated SCC have been described
before, but we could observe significant differences between cows in groups C and D.
Those in group D performed significantly worse than cows in group C. Cows in group
D are considered to experience chronic mastitis and it is well-know that such chronic
infections lead to destruction of milk producing tissue explaining the low performance.
All results have been published in detail elsewhere (Schwarz et al., 2020b).

Above-described results have been presented to dairy farmers at various events and
contributed to create a lot of interest because most farmers would be interested in
optimising the performance of their herds and understand the distribution of their cows
among the 4 UHG.

New udder health reports to visualize and process the combined results of SCC and
DSCC were implemented in Estonia and Germany, respectively. Besides a graphical
overview of test day results, a benchmarking table (Figure 3) is core of this report. The
table provides a detailed overview on number and percentage of cows in each of the
four UHG, target values, and average results of all herds tested. Percentage numbers
are colour-coded to simplify the interpretation of the results.

New udder health
report introduced
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Experience from
the field

Conclusion

Herds working with the new udder health report agree that “the information provided
through the new report and the arising possibilities aid in improving animal health and,
at the same time, lead to better usage of resources and higher animal performance.” It
allowed them to, among other things, fine-tune their cubicle management and milking
hygiene and helped them to document improvements. This, in turn, was invaluable
because staff could be motivated to do some extra effort and apply known measures
used to prevent mastitis. Often in collaboration with veterinarians, herds also based
selective dry cow therapy decisions on the information provided through the new
udder health report. As a result, the number of antibiotic treatments and the volume
of wasted milk were reduced.

In EU, a new Animal Health Law (http://data.europa.eu/eli/reg/2016/429/2021-04-21)
has been introduced recently and is in force now. The livestock industry is supposed to
avoid unnecessary use of antimicrobial treatments and, instead, focus on prevention of
diseases. In this context, veterinarians appreciate the new udder health report because
it helps them to convince herd managers to improve in terms of prevention of mastitis.

A comparison of herds with different proportions of cows in UHG A has been conducted
(Schwarz et al., 2022). A key finding was that average daily production was significantly
higher and bulk tank somatic cell count and number of antibiotic mastitis treatments
were significantly lower in herds with high compared to herds with low proportions of
cows in UHG A.

Figure 3. Screenshot of benchmarking table from new udder health report of a
randomly selected herd as introduced in Estonia.

Mastitis is still a huge challenge on dairy farms and is one of the key reasons for
premature culling of dairy cows. The new SCC and DSCC-based udder health report
helps dairy herds to better manage udder health as it provides further insights in herd
management. We have already observed improvements in terms of dairy cow health,
welfare, performance, and a reduced number of antibiotic mastitis treatments. It is
expected that the percentage of herds utilising the new service will continue to increase
and that longevity and milk quality will improve in the long run as well.
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ICAR member’s needs regarding the use of robots and
sensor data

C.van der Linde and M. Burke

ICAR, Utrecht, The Netherlands

A survey was conducted among 13 ICAR full members (mainly milk recording
organisations) about their needs and how they use robot and sensor data in their
services. Main aims of the survey were to inventorise the purpose, availability and
needs of the use of robot and sensor data and the role that ICAR can play for members
in using these data for their services.

The survey was also conducted among 4 ICAR associate members (manufacturers
of robots or sensor devices) about the value of ICAR certification and their needs for
ICAR approval of robot and sensor devices.

All full members that participated in the survey are using daily milk yields from robots
for at least the calculation of the milk yield at the day of milk recording. Few other
organisations use some robot measured traits like milking speed and teat conformation
traits in their genetic evaluation. Other robot or sensor data is hardly used for official
milk recording or genetic evaluation, but are used for heat or health alerts with some
robot data reported back to the farmer for management purposes.

For members, the main traits of interest from robot and sensor data are the standard
milk recording components, (for management and genetic evaluation), as well as body
weight, milking time and milking speed.

Not being able to use robot and sensor data in their services is a hurdle members
would like to overcome. Members expressed the need for harmonisation of robot and
sensor outputs, to help with the uncertainty about the quality of data (e.qg. is calibration,
maintenance done). Many members are in the process of implementing ICAR Animal
Data Exchange standards to solve issues with harmonisation of output.

For data from sensors, like activity meters, there is the question of which modifications
to the data needs to be done and how to incorporate that information into genetic
models or services.

The need for ICAR certification of devices, especially for official milk recording was
seen as a key, as also it is to maintain data quality in general. If devices would not
meet the standards for certification, there is still value in ICAR assessing and validating
the accuracy level of the data from such devices. The ICAR validation of devices or
systems should be clear for all stakeholders (manufacturers, members and users).

For manufacturers the value of ICAR certification is high. It enables them to get access
to certain markets, it enables their customers to use data generated by the devices in
milk recording or genetic evaluation. It also proofs the ability of the device to generate
quality data.

Regarding the value of ICAR approval of sensor or robot devices, manufacturers ask
the question for who is the benefit of ICAR approval. And what the value is for farmers.

Abstract
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Introduction

Material and
methods

Results and
discussion

There needs to be a balance between costs and benefits for them. Another remark
was that sensor devices and certain traits measured by robots are generally designed
for herd management, the development of these devices was not targeted on ICAR
certification. Manufacturers see the risk that approval of lower accurate devices would
dilute the value of current ICAR certification.

ICAR has a long history in providing certification of devices and guidelines for the
recording of quality animal data. For official milk recording, data is collected with ICAR
certified milk meters and samplers. Nowadays, the recording of animal data is rapidly
expanding. Farmers have invested in robot or sensor devices and are often asking
ICAR members to use these data for services like milk recording. But getting access
to these data and being able to include these data in existing or new services can
be challenging. Therefore, ICAR conducted a survey among 13 ICAR full members
(mainly milk recording organisations) and 4 ICAR associate members (manufacturers
of robots or sensor devices). Aims of the survey were to inventorise members needs
of the use of robot and sensor data, the value of ICAR certification or approval for
manufacturers and members and manufacturers needs regarding ICAR certification
or approval of devices.

The list of questions for this survey were composed by the ICAR staff. The survey
for ICAR full members consisted of 9 questions (see Appendix 1). Questions asked
to the members were about the services they offer to their clients, the current use of
and needs for use of robot and sensor data in their services, the main hurdles they
face in not being able to use these data and their needs for certification or validation
of robot and sensor devices by ICAR.

The survey for manufacturers consisted of 5 questions (see Appendix 2). Questions
asked to the manufacturers were about the devices or products they sell to their
customers, their need for and the value for them of ICAR certification or approval.

The questions were mainly open questions. The survey was conducted during March
through May 2022, by video meetings asking the questions to the participants. There
were 16 full ICAR member organisations approached, involved in at least milk recording,
and 4 ICAR associate members.

A total of 13 full members from 11 different countries participated in the survey. These
participants were from Australia, Canada, Czech Republic, Denmark, Finland, France,
Germany, Ireland, The Netherlands, Norway and the United States. All the participants
are involved in processing milk recording data. Most of the organisations also carry out
related services like animal recording, milk analysis in the lab and genetic evaluations.

All participants collect milk yields from robot devices. Some of them also collect
other data like fat and protein percentage, somatic cell count, milking speed and teat
coordinates. As main reasons for not using more traits than milk yields are mentioned
a lack of standardisation of the output of robot devices across manufacturers, a lack
of ICAR certification and problems with linkage between observation and official ID.
Most participants use the milk yield data only to calculate the milk yield at the day of
milk recording, some use daily milk yields also to calculate lactation yields. But other
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traits than milk yield, measured by robots or sensors, are not used for other official
services like milk recording, genetic evaluation or pedigree certificates.

Some members are investigating opportunities to include milking speed data from
robots in the genetic evaluation of milking speed. Daily yields, heat alerts and other
sensor alerts or data are used by some members for management reporting. Many
members are considering to implement the ICAR ADE/IDDEN standards, some of
them already have started implementing.

The data from robot or sensor devices that members would like to use for their services
are components (fat and protein), milking time, milking speed, box time, body weight,
body condition, activity data, rumination data. For components that are measured by
robots (or any other on-line or in-line device) two conditions are mentioned though, the
accuracy of the components measured needs to be known and there needs to be a
frequent calibration of the device. Many members would like to use these components
data for the milk recording and some also indicated to want to use it for the genetic
evaluation.

Some of the most frequent hurdles mentioned that prevent the use of robot and sensor
data for services to dairy farmers include; access to data, data collection (in regard
of demand of time for milk recording), lack of advantage for the farmer to share data,
lack of harmonisation of outputs, getting the same information from different systems,
quality of data (accuracy, consistency, calibration and maintenance of device), source
of information (version of software and hardware) not always available, missing
certification of data and output and missing information about definition of data value
and missing documentation.

Members clearly state that ICAR certification is important to maintain the quality of
data at the current level. The quality of data is especially important to them for use in
the genetic evaluation. Members are also interested in ICAR approval of devices that
record data that does not meet criteria for ICAR certification, provided that:

1. They know the accuracy of the data measured.
2. They know with which type of device the data is measured.

3. ICAR provides recommendations about the required quality of data for certain
purpose (e.g. genetic evaluation, milk recording, herd management etc.)

4. ICAR provides guidelines or recommendations about how members could use
these data for different purposes.

5. Manufacturers provide information about the quality of the recorded data, about
the relationship between the measured and real data value, about the proper use,
maintenance and calibration of the device etc.

6. Data output across manufacturers of data measured on the same traits will be
standardized as much as possible.

An important point of discussion is how ICAR could approve devices that do not meet
current certification criteria. An even more important question is probably what kind of
approval to assign to a potential ICAR test for these devices. The outcome of the test
should be valuable for the manufacturer and the costs of the test should be balanced
with the value for them. ICAR and ICAR test centres should be able to come up with
clear and consistent test plans for these devices.

Needs of ICAR
members
regarding
certification of
sensor or robot
devices
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Summary and
conclusion

There were 4 manufacturers participating in the survey. All of the manufacturers are
producing ICAR certified devices for milk recording, some of them are also producing
other recording devices like sensors.

For manufacturers the value of ICAR certification is high. It enables them to get access
to certain markets, it enables their customers to use data generated by the devices in
milk recording or genetic evaluation. It also proofs the ability of the device to generate
quality data.

Regarding the value of ICAR approval of sensor or robot devices, manufacturers ask
the question for who is the benefit of ICAR approval. And what the value is for farmers.
There needs to be a balance between costs and benefits for them. Another remark
was that sensor devices and certain traits measured by robots are generally designed
for herd management, the development of these devices was not targeted on ICAR
certification. Manufacturers see the risk that approval of lower accurate devices would
dilute the value of current ICAR certification.

Daily milk yields from robots are widely used by ICAR members to calculate milk
yield at the day of milk recording. Robot measured traits like milking speed and teat
conformation traits are used by a few members in their genetic evaluation. Other
robot or sensor data is hardly used for official milk recording or genetic evaluation,
but e.g. heat or health alerts or some robot data are reported back to the farmer for
management purposes.

Main traits from robot and sensor data that members want to use for their services are
the components for milk recording and for the genetic evaluation, body weight, milking
time and milking speed.

The main hurdles preventing ICAR members from using robot and sensor data in their
services are: 1) need for harmonisation of robot or sensor output, 2) uncertainty about
the quality of data and 3) unknown which modifications to the data needs to be done
to incorporate this information into genetic models or services. Many members are in
the process of implementing ICAR Animal Data Exchange standards to solve issues
with harmonisation of output.

ICAR certification or validation is important for ICAR members to maintain the quality of
data at the current level, especially for milk recording. If data recorded by devices does
not meet criteria for ICAR certification, members are still interested in ICAR approval
of these devices to use these data. In that case it is important to know the accuracy of
recorded data, the type of device that recorded the data and to get recommendations
how and for which purpose to use the data.

Manufacturers play an important role in providing information about the quality of
recorded data and about maintenance of the device and by standardising data
output. The ICAR validation of devices or systems should be clear for all stakeholders
(manufacturers, members and users).

ICAR certification enables manufacturers to get access to certain markets. Therefore,
the value of ICAR certification is high for them. It also enables their customers to use
data generated by the devices in milk recording or genetic evaluation. ICAR certification
also proofs the ability of devices to generate quality data.

The main question of manufacturers about the value of ICAR approval of sensor or
robot devices is who will benefit of it. What is the value for farmers, for manufacturers
and for milk recording or related organisations? For manufacturers, there needs to be
a balance between costs and benefits. Manufacturers also see a potential risk that
approval of lower accurate devices would dilute the value of current ICAR certification.
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Which services do you offer to your clients?

1.

Animal identification

e Milk recording (cattle)

e Beef recording (cattle)

e Herdbook recording

e Conformation recording

e Data processing

e Laboratory analysis (milk)

e Laboratory analysis (DNA)

e Genetic evaluation (dairy cattle)
e Others...

Do you make use of/include robot data in your milk recording service? If so, which
data and how many herds/cows/records?

Do you flag/mark the data coming from sensors or robots to discern it from data
sourced from approved milk recording sampling?

Do you restrict the use of sensor data? e.g. Ok for management but not for genetic
evaluation / pedigree certs?

Do you make use of/include other robot or sensor data in other services? If so,
which data for which service?

For which of these services do you want to make use of robot or sensor data and
which data do you want to use?

What are the main hurdles to not be able to use robot and sensor data for your
services?

What are your needs regarding certification of sensor or robot devices? What is
the value for your organisation?

What do you want ICAR to develop regarding the use of robot and sensor data
for your services?

Appendix 1.
Questions of
survey among
ICAR full members
about their needs
for use of robot
and sensor data.
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Appendix 2.
Questions of
survey among
manufacturers
about the value of
ICAR certification
and their needs
for ICAR approval
of devices.

1.

Which kind of devices do you produce/sell to your customers?

Milking robots

Sensor devices

Other recording devices
Data processing

Others...

Are there any of these devices you would like to be certified by ICAR?

What is the value for your company of ICAR certification?

Is there merit in ICAR certifying your sensor devices or specific traits measured
by your robot?

Open discussion on the questions above.
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Supporting automatic milking farms in milk recording

K. Leppikorpi

Association of ProAgria Centres, P.O. Box 251, 01301 Vantaa, Finland
Corresponding Author: Kirsi.leppikorpi @ proagria.fi

In Finland there are 3755 herds in milk recording (73 % of all herds) and 200 134 cows
(80 % of all cows). Currently, 52 % of the milk recording’s milk comes from robotic
herds, and the estimated amount by 2035 is 80 %. More than 90 % of the Finnish farms
are doing their milk recording work by themselves, such as milk sampling and data
transferring, but there are several software and customer support services available.
The calculation of milk recording data, reporting to customers and the maintenance
of the programs are handled by Mtech Digital Solutions Ltd.

The Finnish milk recording organization ProAgria offers various services to all farms,
but here the focus is on services for automatic milking farms (AMS) to help their daily
work and keep them involved in milk recording. The basic services provided to AMS
farms are different technical milk sampling services, milk recording and sampling
data’s transferring service and customer service. In addition, AMS farms are offered
a new comprehensive service that considers a whole farm. This service is still under
development and is therefore called “AMS development program”.

Keywords: AMS, milk recording.

Most of the Finnish AMS-farms do regularly milk recording and milk sampling by
themselves without difficulty. However, part of farms finds this laborious and would
like to either outsource the work or stop taking milk samples. There would be more
demand for outsourcing these if more services were available.

There are delays in the data recording on some farms, which is reduced by offering a
data transfer and recording services. The Data Quality Points system has helped reduce
data recording delays and farms can monitor their officiality in milk recording monthly.

Milk recording service is offered for robot farms. The expert will take and save the
milk data remotely from the customer’s robot and checks at the same time all relevant
information has been sent on time and the reports are fine..

Abstract

Introduction

Services for robot
farms

Data transfer and
recording
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Customer service

Robot sampling

Challenges

Conclusion

Customer service assists all the farmers in milk recording, but they also support robot
farms with their many technical issues in milk sampling. At the same time, they monitor
the situation of data quality points of the farms.

There are plans to develop different new support services for robot sampling:
1. Continuous basic service, sampling 1 x / month by a technician.

2. Temporary service, according to the customer’s needs, e.g., during seasonal work
or in case of sickness etc.

3. Customer sampling support service; the customer takes care of the sampling, but
can get help in many ways, if needed.

4. Help desk -phone, technical support.
5. Equipment rental (samplers, scanners).
6. Maintenance service for sampling equipment.

Some of these services already exists, but availability is currently limited to certain areas.

Connection problems on farms causes the data transfer to be interrupted. There are
only a limited number of technicians with technical expertise and located in certain
areas; training and new employees are needed. Long distances between facilities and
reaching the customers who benefit the most from the services are also challenges.

Services may not be needed immediately on a large scale because farms are used
to doing it themselves and there is no ready-made model. If there is no visible order
for the service, it is easy to think that there is no need for it. In Finland, the challenge
of the robot sampling service is the long distances between the farms, it is difficult
to make it profitable. In addition, other work should be arranged for the employee in
connection with farm visits. However, the number of AMS farms using the data transfer
and recording service has increased, as well as using milk recording customer service’s
advices for milk sampling. So, we are going in the right direction.
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enough?

J. Mattison and S. Sievert

National DHIA/Quality Certification Services, P.O. Box 930399, 53593, Verona, WI, USA
Corresponding Authors: jmattison@dhia.org; sjsievert@dhia.org

With the investment of new technologies for on-farm data measurement and recording,
there is an increasing amount of data available from dairy operations. These data
include estimates of traditional measures such as milk yield and components, but
also provides access to measurements on new traits of interest to herd recording
organizations. With the volume of data available, it is logical to find new paths for
data movement from on-farm software or manufacturer servers into organization
databases. ICAR has supported milk recording organizations and dairy producers in
the traditional test-day collection of data with standards and equations that deliver data
for daily management decisions and to qualified information for genetic evaluations.
Today, the challenge that exists for recording organizations and national databases
is balancing the volume of data from new sources with the accuracy of the individual
measurements. Further, the speed of data flow has the potential to allow unqualified
data to enter databases before issues or concerns are identified. The challenges of
veracity, volume and velocity of new streams of data lead to the question ‘how good
is good enough’ for usability by organizations and databases.

In addition to identification of the source, an evaluation of the data quality at a
system level is key for determining the usability or suitability. Focus on the automatic
identification as well as the automatic recording of measurements is critical, both on-
farm and as data moves into central databases. In addition to linkage of animal ID to
measurements, considerations on the completeness and consistency of continuous
data flow are of merit. Finally, the editing of data points, including estimation of missing
observations and the precision of individual measurements are a component of data
quality and contribute to the usability of data. A fresh approach on the inclusion of
new streams of data is needed. This systems quality approach should embrace the
technology of on-farm sensors that generate valuable insights into dairy cattle milk
yield, milk composition, conformation, behavior and activity with the goal of inclusion
of usable data that is ‘good enough’ rather than focus on data exclusion based on
precision of an individual measurement.

Herd recording programs have traditionally relied on data collected on the dairy during
periodic visits and includes milk yields and cow event data accompanied by visible cow
identification by organizational staff. The source of the yield data, and subsequent milk
component estimates, is ICAR-certified devices either owned by the herd recording
organization or by the dairy op