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1. Summary
1.1.

Resilience and efficiency ranking require an objective scoring system

The goal of this task was to develop novel proxies for resilience and efficiency using already existing
at-market technology in order to maximize the cost-efficiency of sensor technologies and obtain
reliable phenotypes of complex traits. A first step in developing these proxies was to agree upon the
to-be-predicted outcomes, i.e. reference measures for resilience and efficiency. Definitions and ways
to calculate these traits were lacking. In order to use resilience and efficiency as outcomes, their
calculation methodology had to be valid to a dairy expert and objective so appropriate ranking of
the cows for these traits on farm was possible.
For resilience, a combination of longevity, health, robustness, production and reproduction
performance had to be considered. This resulted in the following definition for ranking cows:
“resilience is the cumulative result of a cow’s ability to recalve (and thus, to extend her productive
lifespan), supplemented with secondary corrections for age at first calving, calving intervals, 305day milk yield, health events and number of inseminations. Different weightings of the included
variables were proposed and cross-validating the final equations across partners resulted in a
common equation to calculate the resilience scores. The highest weight was given to the number of
parities, while the other variables mainly served to discriminate between cows exiting the herd in the
same parity.
For efficiency it was agreed to use the amount of input over the amount of output, translated in dry
matter input over milk yield output. Highly efficient cows will use less feed to produce more milk and
vice versa. The main challenge, however, is how dry matter intake can be recorded in a reliable way.
One of the main challenges in this work was the availability, completeness and reliability of the
data. As well as the sensor data, for which each technology supplier has its own policy for storage
and access, the cow information that depends on the national (herd book) rules and the registration
of events was found to be very scattered across countries and farms. Addressing the present data
limitations complicated the analysis across partners in the project consortium.

1.2.

At-market technologies allow to calculate features reflecting health and
performance

Sensor technologies record parameters reflecting animals’ performance, behaviours and
physiological state. Besides the classical use for event detection, the resulting time series can be
characterized to provide information on how animals have performed over time. In this task, two
types of sensor features were defined. Type A sensor features generally characterize the sensor
measurements relative to the herd peers, and include the average, minimum, maximum, standard
deviation, lag 1 autocorrelation, slope and skewness of the data. They are calculated in a
straightforward way and are relatively reliable even in the presence of missing data. Type A sensor
features were calculated in a similar way for all sensor data, including milk yield, body weight,
rumination and activity. Type B sensor features specifically target the identification of dynamics in
the time series indicating certain health or fertility events, taking the biological knowledge of how the
series varies upon changes and challenges into account. These features are (mathematically) more
complex and require reliable high-frequency data with few missing values. The Type B sensor
features were developed for milk meter data and activity sensors only.

1.3.

Prediction of resilience and efficiency using sensor features

Several primary algorithms to predict the resilience and efficiency rankings from the sensor features
were tested. Ultimately, ordinal logistic and multiple linear regression were selected and models
were tested using first parity sensor features to predict efficiency and lifetime resilience. A
stepwise exclusion procedure identified between 6 and 14 Type A sensor features and between 6
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and 24 Type B sensor features to be retained in the models across datasets originating from different
farms.
The prediction performance of the models was assessed evaluating correct classification of the
cows into ‘high’, ‘middle’ and ‘low’ resilience and efficiency categories (1/3 of the cows per category),
independent of the actual on-farm rankings because it was assumed that the (management) actions
would not differ for e.g. the 10% best ranked cows of the herd (high = high and low = low). Both the
‘correct’ and the ‘opposite’ classification performances (low classified as high and vice versa) were
evaluated.
For efficiency, including Type A sensor features from 4 different systems (milk yield, activity,
rumination and body weight) resulted in a prediction accuracy of up to 51.5% for one of the partners.
The proportion of oppositely classified animals was as low as 3.8%. For resilience, models with both
Type A and Type B sensor features were tested on different datasets across partners. The Type A
based models resulted in up to 45.5% of the animals being correctly classified with 6.9% cows
predicted in the opposite category when all sensors were combined. Single sensor models had
classification performances of up to 44.5%, and did thus not differ significantly from the multiple
sensor models. Models using Type B sensor features calculated from milk yield time series only had
a classification performance of on average 46.7% correctly and 4.7% oppositely classified over the
data from 27 farms. When both activity and milk yield Type B features were used in combination, the
prediction accuracies improved to on average 55.5%, reaching an accuracy of up to 84% of the cows
classified in the correct category. On average only 2.3% (range 0.0% to 6.7%) of the cows were
predicted as having high resilience while they were actually low and vice versa. A more detailed
overview of the results with regard to Type B sensor features can be found in Adriaens et al. (2020).
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2. Introduction
More and more farmers now invest in on-farm sensor technologies to support their management.
Typically, these sensors are used to detect health problems, reproduction events, or to monitor the
animals’ behaviour. Common examples of on-farm technology are milk meters and activity sensors.
The first measures the amount of milk individually produced each milking. This milk production not
only depends on the animals’ genetic potential, lactation stage and parity, but also on their health
status, feed intake and other management practices. The second measure is activity (from leg or
neck-mounted activity sensors) that measures general behaviour and rumination, linked to both
health and reproduction events (e.g., increased activity before ovulation). Other technologies
currently available for on-farm monitoring include sensors to measure electrical conductivity and
somatic cell counts as proxies for udder health, body condition score and body weight as proxies for
metabolic imbalance, temperature sensors, milk composition sensors etc.
The use of these sensors is currently limited to mainly the detection of individual events to which a
farmer can react by management adaptation. Despite their potential for characterizing the general
performance of the animals over time, further applications of the automatically collected highfrequency time series are barely explored. Obvious applications include supporting both culling
and breeding decisions and precision phenotyping.
Optimized breeding is key for a profitable dairy operation. This optimization not only includes
selecting the best sires, but also requires fast and accurate oestrus detection and appropriate
selection of high-value animals that flourish in their specific farm context. Good dam selection on
farm would result in high longevity and efficiency, and thus a more sustainable dairy sector.
However, the availability of reliable and precise phenotypic information, certainly for complex traits
such as longevity, resilience and efficiency, remains challenging. Reliable prediction of these
traits within a farm would allow for a more evidence-based approach to the management actions
concerning advanced breeding (e.g. sexed semen, embryo transfer) or culling decisions after the
first parity. This way, both the genetic and genomic (available usually once the animal is born) and
phenotypic information can be included in the decision-making process. As such, sustainable
productivity from the available animals on farm is optimized, while in the meantime the phenotypic
information on these complex traits is collected which can be used for future breeding goals.
One possibility to phenotype resilience and efficiency is by using data from already available atmarket sensor technologies. This requires targeted data-processing of the collected high-frequency
time series. Although promising, important challenges for this are (1) the reliability and availability
of good quality data; and (2) the differences in farm structure and farmers’ preferences. Data
accessibility and storage require smart data management plans, which are currently not in place or
very scattered across technology suppliers. The differences in farm structures, management
preferences, farm technology installed, standard operating procedures etc. across farms complicate
the development of one-solution-fits-all techniques. This highlights the need for developing solutions
not only taking country and farm differences, but also changes within farms over time into account.
The economic contexts, the animals’ genotypes and phenotypes, the farm facilities, the feed etc. are
highly dynamic, and therefore the solutions probably need specific tailoring starting from a general
base. One way to do this is by including the process-knowledge as much as possible.
In Task 3.1 of the GenTORE project, novel proxies for resilience and efficiency were developed
using existing on-farm technologies. Based on these proxies, individual animals can be
phenotyped for complex traits, information that can be utilised for on-farm dam selection as well as
for advanced breeding and culling decisions, and also provide population-wide information
complementing the existing genetic and genomic tools. This way, important complementary
phenotypic information can be obtained in a very cost-efficient way while simultaneously on-farm
management actions, having impact on the short-term profitability can be better substantiated.
The development of novel proxies for efficiency and resilience mainly requires the development of
dedicated, targeted and biologically-sound data processing techniques. The diversity in farm
management practices and in the available sensor technologies across countries and between farms
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in the same country, as mentioned above, renders this a challenging task, where general
applicability and simplicity of the solutions have to be benchmarked against the risk of developing a
one-solution-fits-nobody tool. A first crucial step in this context was to agree upon common
definitions for the concepts ‘resilience’ and ‘efficiency’, as no single definition existed.
Furthermore, the overall objectives of Task 3.1 were (1) to develop algorithms for resilience and
efficiency indices using relevant automated on-farm technologies from which data are available to
each partner involved; (2) to identify the more robust methods by cross-validating the developed
methodologies across the different partners; and (3) to refine and validate the methods further
creating a tool having both general robustness and local precision.
Besides the work performed individually by each partner, two practical hands-on workshops were
organised within GenTORE WP3 T3.1. In the first (November 2018, Wageningen, The Netherlands)
the consortium agreed upon the definitions and general methodological flow; in the second (October
2019, York, UK) the algorithms developed by each partner individually were shared and the basis of
the cross-validation was set.
This D3.1 deliverable report gives an overview of how on-farm sensor technology can be used to
characterize and predict resilience and efficiency. The individual solutions are described per partner
in the annexes. Data availability, completeness and reliability were the main bottlenecks in this piece
of work, and throughout the report, the commonalities and differences across partners are
highlighted.
The development of novel proxies for resilience and efficiency comprised 4 steps further detailed
below:





2.1

Data pre-processing including exploratory analysis
Definitions of resilience and efficiency
Meaningful sensor features calculated from at-market technology
Algorithms to predict resilience and efficiency

Data pre-processing and exploratory analysis

Each partner performed several cleaning, editing and sorting steps on their own data in order to get
an overview of the quality, amount and completeness of the available data sets. This included both
the sensor data and the general cow information, such as the insemination, fertility and health
records.

2.2

Definitions of resilience and efficiency

Several definitions for resilience and efficiency of dairy cows exist in literature, and they differ
depending on the purpose and context in which they are used. For example, some authors refer to
‘resilience’ as “the ability to maintain performance regardless of pathogen burden”, or “the capacity
of an animal to be minimally affected by disturbances or to rapidly return to the state pertained before
exposure to a disturbance”, while others mention “adaption to environmental variability” resulting in
long and productive lives. Therefore, an important step was to agree upon the correct definitions
used consistently in the project.
Resilience was defined as ‘the ability of a cow to re-calve in combination with a good health, fertility
and production performance’, which can be calculated based on the number of parities an animal
starts during her life, with 5 additional variables:





Age at first calving;
Number of inseminations;
305-day milk yield;
Number of events;
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Calving interval.

These variables can be combined into an equation for calculating a resilience score of each animal
based on the combined data of her lifetime performance. The exact weights of each of these
variables depend on the judgement of experts on what is considered as a resilient animal, and so
no absolute truth exists. Because of the differences in data availability and farming systems across
partners, each partner could decide individually how much weight was attributed to each variable in
the equation. Part of the cross-validation consisted of calculating the agreement and differences
between the different scores in order to obtain a final resilience equation. With this equation the
lifetime resilience score of all animals on a certain farm (within a specific dataset) could be calculated.
Based on the scores, within-farm rankings were obtained and used to discriminate between resilient
and non-resilient animals. As shown in Figure 1, ‘final parity number’ (i.e., the number of calvings)
impacts the lifetime resilience scores most, and cows with many parities showed high scores.

Figure 1. Example of the resilience score for one herd showing the positive correlation between last parity number (parities
in which an animal exits the herd) and the defined resilience scores using the system developed in Task 3.1 and crossvalidated across partners.

The resilience rankings based on the above variables were considered as the ‘core’ resilience
definitions. However, based on additional data available to each partner individually, ‘adapted’
resilience definitions were also considered. These adapted resilience scores were constructed such
that they included additional information about how animals dealt with their respective farm
environments (e.g., udder health as a proxy for how an animal reacts to infection pressure) and thus
aimed at including more detailed information on the actual resilience of each animal. Both adapted
and core resilience rankings were benchmarked across partners to find the best definition. Besides
‘lifetime’ rankings (after a cow was removed from the herd), the resilience equation could also be
used to rank animals during their life, accumulating the performance until a fixed time point.
For efficiency, the following definition was agreed upon: ‘feed efficiency is the sum of kg feed intake
divided by the total sum of kg milk produced per day’. This definition requires the actual recording of
feed intake (via e.g., roughage intake control bins), or approximation of feed intake with in depth
sensor information, which is not widely available on commercial farms. Therefore, feed efficiency
was not studied in the same detail as resilience in all partners, and only at parity level instead of over
the whole lifetime of the cows.

2.3.

Meaningful sensor features calculated from at-market technology

In a next step it was explored whether commercially available sensor technologies could provide
information about resilience and efficiency. The idea is that the sensors, currently used for example
to detect problems, can also provide a more general image of the animals’ performance and wellbeing when their dynamics are considered over time. Therefore, biologically meaningful ‘features’ of
the sensor time series were defined and benchmarked against other animals in the same herd and
against animals in the same parity of that herd (herd peers). The at-market commercially available
technologies for which features were calculated included milk yields, activity, rumination, body
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weights, automated body condition scores (BCS), milk somatic cell counts and body temperature
measurements.
It was assumed that for example the average level, variability, slopes and skewness over time at
lactation level could provide insight in the sensor dynamics, and thus, the animals’ performance over
time. For example in Figure 2, a milk yield lactation curve of one animal is shown in which subclinical
health problems affected the overall lactation dynamics. Where the potential production performance
of this cow is probably close to the blue line, the purple observations belonging to episodes of
decreased production (perturbations) affecting the milk yield time series. Health events are shown
to also affect reproduction performance, and thus features describing this type of dynamics can give
an image of the animal’s resilience.

Figure 2. Example of the daily milk yield lactation dynamics, indicating the production potential (blue), deviating
observations (purple) and how these perturbations affect the lactation curve (red). The light blue line shows the total daily
milk yield in kg over time for this cow. Calculation of meaningful sensor features based on the dark blue line can allow
capturing an image of the animals’ resilience without additional costs.

Each of the sensor features was defined using the biological knowledge on the expected (lactation)
dynamics, and correction for the average trend at herd level filtered out herd management or parity
effects. What remains are the relative characteristics of the sensor time series within farm. Examples
of the sensor features include the absolute raw levels, averages, variability, skewness and slopes,
but also more specific dynamics such as perturbations are taken into account. The hypothesis is that
these dynamics, and thus the sensor features, can be used as proxies for the resilience and
efficiency of the animals in the herd. This would allow for (1) developing additional monitoring
systems on farm, and (2) precision phenotyping of complex (lifetime) resilience and efficiency traits
from already available data (i.e., creation of added value for the farmer). Each partner developed
their features individually using their own data available, from which a combined set of sensor
features over all partners was derived.

2.4.

Primary algorithms to predict resilience and efficiency

Prediction of resilience and efficiency has several uses on farm, ranging for example from decision
support for culling and advanced breeding decisions to population-wide precision phenotyping.
Depending on the considered use, different algorithms and methods can prove valuable in how to
employ the sensor features for the prediction of resilience and efficiency; an on-farm algorithm for
monitoring will need a different approach than a general characterization in the context of genetic
evaluations.
The approach of how to link the sensor features to the resilience performance of the herds initially
differed across partners: some predicted the ‘lifetime’ resilience, some predicted the resilience at
parity level and some approached it as a way to predict whether or not a certain cow would survive
the current lactation and restart a new parity (i.e., re-calve). The methods developed included linear
regression, partial least squares regression, ordinal logistic regression and standardised regression
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models, correlation methods and early stage prediction using naïve Bayes algorithms. After
discussion and sharing the initial results, it was decided to proceed and cross-validate the linear and
logistic regression methods.
One approach implemented was to use the sensor features of first parity data (i.e., at the beginning
of a cow’s productive life) for predicting her lifetime resilience. Based on the resulting predictions,
the animals can be ranked within farm, giving the farmer an idea of how a specific cow will perform
in the herd in future compared to her peers. The resulting ranking can serve as a basis for selecting
animals for advanced (more expensive) breeding techniques (cows with high expected resilience
that thrive in their farm environments), or for supporting treatment and culling decisions (a farmer
might not want to start an expensive treatment if the cow has low expected resilience). When these
rankings are considered on several different farms and combined with genetic and genomic
information, a population-wide idea of sires that inherit highly resilient cows can be attained. For both
uses, mainly the discrimination between ‘high’ and ‘low’ resilient cows is important rather than the
actual score or ranking of a cow within herds.
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3. Results
3.1. Data overview
3.1.1. RAFT SOLUTIONS LTD. (UK)
RAFT Solutions Ltd. had, after pre-processing and editing, access to datasets from 27 Belgian and
British dairy farms with an automated milking system containing at least 5 years of successive
measurements (Adriaens et al., 2020, Journal of Dairy science). In total, 3754 cows with 9395
lactations were included in the analyses. The lifetime resilience score was calculated using number
of calvings, calving intervals, 305-day milk yield, age at first calving, and lactation stage at the
moment of culling. For all of these farms, daily milk yield data were available, while for 10 farms there
was access to daily activity measurements.
3.1.2. DLO / Wageningen Research (NL)
Wageningen Research had access to data from a research farm (DairyCampus) in the Netherlands.
In total, ancillary cow information and milk meter data from 1,800 cows (5,771 lactations) collected
between 1995 and 2016 were available to study resilience. Only data from finished lactations, either
due to (in)voluntary culling or because of the dry period, were included. Daily sensor time series
were available for activity, rumination, body weights and milk yield. All health events and
inseminations were recorded in the farm management system. For the work on efficiency, daily feed
intake measurements were available for a selected number of cows over their entire lactation period.
The feed intake included both concentrate and roughage and was expressed as dry matter intake
(DMI) [kg] per cow per day.
3.1.3. IDELE & MEDRIA (FR)
Idele and Medria had access to data that originated from 3 experimental farms (Trévarez, BlancheMaison, Poisy) collected between 2000 and 2019 and included 1494 cows for which the entire
lifetime performance was available. On these farms, cows were equipped with activity sensors for
irregular periods of time and an irregular number of cows between 2015 and 2019. These sensors
collected data on daily activity and rumination. Daily milk yield measurements were also available.
3.1.4. UNIPD (IT)
The UniPD dataset included the first lactation data of 357 cows, collected at a farm equipped with
an automated milking system between 2015 and 2017. The available sensor data included
rumination time, milk yield, milk temperature, milk conductivity at quarter level and body weight.
Ancillary cow information such as pedigree information, birth dates and ages, culling dates, milk
solids and fertility information was also available. Additional data selection for e.g. the availability of
lifetime performance resulted in a smaller selected dataset of 84 animals.
3.1.5. FIBL (CH)
FiBL had 2 datasets that could be used for this study; one for the work on resilience and one for
efficiency. The resilience dataset included data from 799 cows originating from 101 different organic
farms that were part of the FiBL Dairy Farm Research database. Test-day records for milk yield, milk
composition and somatic cell counts were available, together with veterinary treatment records, live
weight body condition data, ancillary cow information such as pedigrees, and birth and calving dates.
The efficiency dataset resulted from on-farm trials on two Swiss commercial dairy farms between
2017 and 2019. Rumination and feeding behaviour were recorded using the RumiWatch system for
103 dairy cows during 8 separate time periods.
3.1.6. FSK (PO)
The Polish dataset consisted of 313 cows for which cow information for the calculation of resilience
was available, including calving intervals, birth and calving dates, parity numbers, 305-day milk yield
and the number of inseminations. For a subset of 50 cows high frequency sensor time-series data
were also available, measured by E-stado biosensors. These sensors measure daily rumination
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time, feeding time and time of inactivity. Information about body temperature was collected during
irregular periods of time and were considered unreliable during the pasture season.

3.2.

Resilience and efficiency definitions

3.2.1. General equations to calculate resilience and efficiency
The objective of this task was to enable calculation and prediction of the resilience and efficiency of
each animal in a specific herd in order to enable comparison of these traits across animals. To this
end, the outcomes (i.e., ‘resilience’ and ‘efficiency’) have to be calculated in an accurate way. An
important step forward taken within the GenTORE 3.1 task was the definition of these concepts, as
this was currently lacking. To this end, the different aspects were thoroughly discussed by the
GenTORE project partners involved in T3.1 to agree upon the critical variables of both resilience and
efficiency. For efficiency, ‘feed efficiency’ was considered (dry matter intake vs. milk yield output),
while for resilience the experts agreed upon a general definition and equation based on longevity,
health, fertility and performance, but not on the specific weights for each critical variable included.
The feed efficiency (FE) equation therefore was:
𝐹𝐸 =

𝑇𝑜𝑡𝑎𝑙 𝑖𝑛𝑝𝑢𝑡 (𝑑𝑟𝑦 𝑚𝑎𝑡𝑡𝑒𝑟 𝑖𝑛𝑡𝑎𝑘𝑒, 𝑘𝑔)
⁄𝑡𝑜𝑡𝑎𝑙 𝑜𝑢𝑡𝑝𝑢𝑡 (𝑚𝑖𝑙𝑘 𝑦𝑖𝑒𝑙𝑑, 𝑘𝑔)

(Eq. 1)

For resilience, different weights and implementations of the variables, and thus different versions of
the equations, were proposed depending on the data constraints and the expertise of each partner.
Weighting was an important aspect of these equations as this reflected the relative importance of
the different components on a definition based primarily on ‘ability to recalve’. The aim was to
sufficiently discriminate cows in order to effectively rank individual cows in a herd that satisfied this
definition.The resulting equation to calculate the lifetime resilience score has the following format:
𝑅𝑆𝐶𝑂𝑅𝐸 = 𝑤1 ∗ 𝑃 + 𝑤2 ∗ 𝐻 + 𝑤3 ∗ 𝐶𝐼 + 𝑤4 ∗ 𝐼 + 𝑤5 ∗ 𝐴𝐹𝐶 + 𝑤6 ∗ 𝑀𝑌
With, unless
variables:







(Eq. 2)

differently indicated in the table below (Table 1), following implementation of the
P
parity number in which the animal is culled
H
the number of registered health events, excluding preventive events
CI
sum of the calving intervals between two successive parities in days and
corrected for the average herd peer calving interval in the herd
I
the number of inseminations
AFC the age at first calving, corrected for the herd mean and expressed in days
MY
the 305-day milk yield, corrected for the average herd peer 305-day yield in
the herd and expressed in percentage.

The applied weights and their implementations are presented in Table 1 for the core resilience
definition.
Table 1. Implementation and weights for calculation of the core resilience score proposed by the different consortium
partners.
Variable
Parity (P)
Health events (H)
Calving interval (CI)
No. inseminations (I)
Age at first calving (AFC)
305-day milk yield (MY)

RAFT
300
-20
-1
+10/+8/+4/4(No. ins)*6
-1
1

WR
500
-1
-1
+10/+8/+4/4(No. ins)*6
-1
1

Idele/Medria
10
0
-0.005
-0.75

UniPD
100
0
-3.39
-0.75

FiBL
300
0
-1
0

FSK
100
0
0
10-5*No. ins.

-0.005
0.1

-0.15
9.3

-0.5
2

100-(AFC/HMAFC)*100
1
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In general, most weight was given to the number of calvings (P) each cow had as a measure for the
primary definition of ‘ability to re-calve’. The other variables mainly served to discriminate between
animals that exited the herd in the same parity and so received a lesser weighting. Animals with less
health events recorded, a higher milk yield and shorter intervals between two calvings were
considered more resilient, as were animals that were younger at the time of their first calving. The
actual weightings used varied across the partners; quite different datasets were used and potentially
very different management decision were prioritised in different systems and herds that may have
influenced the ranking outcomes. In 3.2.3, the weights and implementations were cross-validated
between the different partners (see below).
Besides the corrections for herd effects, other “more intelligent” ways to include the different
variables were also implemented. For example, regarding the number of inseminations; an animal
that has not been inseminated at all could be regarded as ‘non-resilient’ because the farmer has
decided not to spend money anymore to try to get her pregnant and make her restart a new lactation
period. However, too many inseminations might indicate fertility problems, which was also viewed
as negative in terms of resilience.
The resulting adapted resilience scores were variations to the core definition with both different
variables included (Vi) or different implementations applied according to each partner’s own insight,
as shown in Eq. 3.
𝑅𝑆𝐴𝐷𝐴𝑃𝑇𝐸𝐷 = ∑𝑁
𝑖 𝑤𝑖 ∗ 𝑉𝑖

(Eq. 3)

Also here, the wi represents the weighting awarded to each variable, as some had more impact than
others. The variables each partner has used in the adapted resilience scores are given in Table 2,
and the details in Annex 6.7. For example, two partners also took the lactation stage at culling into
account: when cows exited the herd before day 100 in lactation, there was probably a health reason
that she was culled or died, which shows less resilience despite having re-calved. Two partners also
accounted for the average milk somatic cell counts in a lactation as a measure of udder health. Also
for this variable it was assumed that more resilient cows have lower somatic cell counts (and thus
fewer udder infections) throughout their lactation compared to high resilient animals.
Table 2. Variables taken into account for the calculation of the adapted resilience scores per partner (except FSK). More
details are given in Annex 6.7.
RAFT
WUR Idele/Medria UniPD
FIBL
Parity (P)
x
x
x
x
x
Health events (H)
x
x
x
Calving interval (CI)
x
x
x
x
x
No. Inseminations (I)
x
x
x
x
Age at first calving (AFC)
x
x
x
x
x
MY 305 days (MY)
x
x
x
x
DIM at culling
x
x
x
Insemination last parity
Energy Corrected Milk Yield
x
Somatic Cell Counts
x
x

3.2.2. About the reliability of on-farm records
Recording health and fertility events still remains a burden on many (commercial) dairy farms, and
often when records exist, they are incomplete or unreliable. Calving dates recorded on the farm and
305-day milk yield gathered through nationally coordinated milk recording programs in contrast are
considered reliable.
3.2.3. Cross-validation of the resilience equation
In order to decide what the final resilience equation would be, the weights and implementations were
cross-validated between the different partners. To this end, each of the proposed weights and
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implementations was applied to calculate resilience scores across the datasets of the different
partners. Based on these scores, the cows were ranked for resilience and the Pearson Linear
Correlation coefficients calculated to evaluate the agreement or disagreement between the different
equations. High positive correlations indicate that the same cows are classified as high or low
resilient, while low correlations suggest that little consistency in the resilience rankings exists. This
resulted in up to 11 different correlations per partner equation (depending on what variables were
available in each of the dataset), shown in Table 3.
Table 3. Pearson linear correlations between the core and adapted resilience rankings on the different datasets across
partners. Each column shows the correlation of the resilience ranking on the data from that partner, each row gives the
ranking/weighting tested.
WRCORE
WR-CORE

WRADAP

RAFTCORE

RAFTADAP

ID/MEDCORE

ID/MEDADAP

UniPDCORE

UniPDADAP

FiBLCORE

FiBLADAP

FSKCORE

0.93

0.98

0.98

0.98

0,98

0.73

0.69

0.88

0.88

0.89

0.95

0.96

-

-

-

-

-

-

-

1.00

0.95

0,96

0.75

0.70

0.99

0.99

0.99

-

-

-

-

-

-

-

0,99

0.67

0.23

0.99

0.99

0.99

0.75

0.40

-

-

-

0.87

0.84

0.84

0.99

0.93

0.92

-

0.99

0.99

WR-ADAP

0.99

RAFT-CORE

0.62

0.60

RAFT-ADAP

-

-

1.00

0.91

0.92

0.93

0.93

-

-

0.90

0.90

0.99

UniPD-CORE

0.54

0.50

0.58

0.58

0.58

0,58

UniPD-ADAP

-

-

0.76

0.76

-

-

0.87

FiBL-CORE

0.99

0.98

0.93

0.93

0.98

0,98

0.85

0.85

FiBL-ADAP

-

-

-

-

-

-

-

-

0.99

FSK-CORE

0.91

0.90

0.95

0.95

0.99

0,99

0.73

0.69

0.99

ID/MEDCORE
ID/MEDADAP

0.99

The core as well as the adapted rankings essentially showed high correlations across partners,
ranging from 0.49 to 0.99. All the obtained correlations were positive, indicating general consistency
in the rankings. The lowest correlations were seen with the UniPD data, probably because of a
difference in how 305-day milk yield was calculated in the Italian dataset. An explanation for the high
correlations is that the main structure of the equation remained similar, and overall, consistently high
weightings were given to the number of parities started (w1) in Eq. 3, stressing the importance of the
‘ability to re-calve’ in the definition. The other variables, integrated to discriminate between all
animals having the same amount of lactations in their lives, are of less influence. Moreover,
calculating the correlations between rankings instead of raw resilience scores also minimizes the
effect of different absolute weights.
To decide on the final equation to calculate resilience, not only the agreement between rankings
across different datasets, but also the amount and reliability of both the data needed to calculate the
resilience scores, and of the sensor data to predict the rankings in a next step was taken into account.
As the final goal of this work was to develop proxies for resilience and efficiency using on-farm
already existing technology, it was crucial to select the most reliable equation taking into account the
ability to predict this ranking in a next step. Therefore, it was agreed to continue working with the
RAFT and WR weightings which were very similar in approach. The results from the other partners
are detailed in the annexes, and included methods to take not the entire lifetime, but only the data
available for one parity or up and until a certain moment in time into account. This largely increased
the number of cows that could be retained for the analysis, but required a somewhat different
approach in what final outcome (i.e., resilience at parity level) was predicted (see also the next
sections).

3.3.

Sensor features calculated from at-market technologies

The most common technologies present on modern dairy farms include:
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1) Milk meters, measuring milk production;
2) Activity meters, measuring behaviour and changes in restlessness;
3) Milk sensors, measuring different milk parameters such as milk temperature, electrical
conductivity, …;
4) Weight sensors, measuring live weight;
5) Rumination and feeding behaviour sensors;
6) Body temperature sensors.
All of these technologies automatically record sensor time series at a high frequency. The sensor
dynamics are typically monitored with built-in algorithms to detect health problems or changes in
behaviour, for example for the detection of oestrus. These algorithms rely on known deviations of
the sensor time series during these events, often taking the individual animal’s sensor trajectory over
time into account. Currently the full potential of these technologies for management support on farm
is not yet exploited. The development of additional uses is often hampered by the challenges
imposed by data accessibility and variability, by technical sensor issues and by the differences in
management style and farmers’ preferences.
In Task 3.1, the potential to use the sensor time series’ features to predict lifetime resilience and
efficiency was explored. To this end, biologically meaningful sensor features had to be calculated
from the high-frequency data, such that the values of these features are informative over the animal’s
resilience and efficiency on farm.
A number of sensor features were defined for the available data, including a) features that could be
calculated for all the different sensor time series independent of the nature and source of the data
(Type A sensor features), and b) more specific features calculated for a specific technology (Type
B sensor features) and more directly linked to known biological phenomena.
3.3.1. Type A sensor features – curve parameters
Type A sensor features can be calculated in similar ways for all the sensor time series available.
They have the advantage that no strict requirements for data continuity, completeness, length and
frequency are needed, which allows to also calculate them for datasets with e.g. sensors only
attached to the animals for specific shorter periods of time. For all sensors, daily aggregated values
were used even when the actual measurement frequency was higher (e.g. in the case of activity, up
to 1 measurement per 15 minutes was available).
The type A sensor features included following curve parameters based on the relative data compared
to the herd peers and the regression line through this relative data (y = aX+b):
1) AVG
2) STD:
3) AC1:
4) MIN:
5) MAX:
6) SKEW:
7) SLOPE:

the mean value of the relative curve compared to the herd peers (i.e.
animals of the same parity in the herd);
the standard deviation of the residuals of relative curve, regressed with
a linear y=aX+b model over time;
lag 1 autocorrelation of the relative curve;
minimum of the residuals of the regression line through the relative
curve;
maximum of the residuals of the regression line through the relative
curve;
skewness of the residuals of the regression line through the relative
curve;
slope of the residuals of the regression line through the relative curve.

The calculation of these core sensor features thus takes the time-series dynamics of the herd peers
into account, by subtracting first the average 'herd peer curve' from the raw data before calculating
the core sensor features. This means that we are basically characterizing the 'deviation from the
herd and parity mean', rather than the raw sensor time series which corrects partly for e.g. herd
specific differences in management. These Type A sensor features were calculated for each of the
sensors (activity, rumination activity, milk yield, live weight, …) and for all parities for which a
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sufficient amount of sensor data (i.e., at least 200 days with data during 1 – 300 DIM) were available.
An example of the calculation of Type A features is shown in Figure 3.

Figure 3. Example for the calculation of Type A sensor features. The upper panel shows the original data (green) and
average herd lactation dynamics (purple). The middle panel shows the relative curve when the average herd dynamics are
subtracted from the data, expressed in %. These residuals are used to calculate the average (AVG), lag 1 autocorrelation
(AC1) and slope (SLOPE). In the lower panel the residuals from the regression of the relative curve are plotted. From this,
MIN, MAX, STD and SKEW are calculated.

Overall, the calculation of these Type A sensor features only requires fairly simple mathematical
implementations. As also previously indicated, this general approach surely has its value to
characterize the overall shape and behaviour of the individual time series, but it does not allow to
capture more specific patterns or dynamics, for example resulting from health events. The Type A
sensor features were used both for the prediction of (feed) efficiency and resilience, as described in
paragraph 3.4.
3.3.2. Type B sensor features – characterizing specific dynamics
Using the known effect of health and fertility events on the milk yield and activity time series
dynamics, additional Type B sensor features were defined taking more specific patterns in the highfrequency data into account. These features could only be calculated in absence of missing data
and for parities for which the sensors recorded measurements throughout the whole lactation up to
day 305 after calving when the lactation length was longer than 200 days. Therefore, only the RAFT
data (coming from 27 commercial dairy farms throughout the UK and Belgium) were used.
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In total 45 biologically-sound Type B sensor features were defined from the time-series data. For the
milk yield time series, these features included (1) lactation shape characteristics including peak
yield, consistency, days in milk of peak; (2) goodness-of-fit and variability measures including the
characteristics of lactation model residuals; and (3) perturbation features characterizing the
perturbations in the lactation dynamics and including the development and recovery rates, the
number of perturbations etc. All these characteristics were assumed to describe part of how the
animals react to challenges in their environment, which in its turn is linked to fertility and the ability
to re-calve. For the activity time series, 15 different sensor features were defined in the following
categories: (1) features related to the absolute (within-herd) levels, i.e. variability and autocorrelation;
(2) fertility-related characteristics based on short spikes representing oestrous behaviour; and (3)
overall activity-related characteristics based on changes in average activity during longer periods of
time.

Figure 4. Example of a lactation curve and the fitted lactation models from which the daily milk yield sensor features were
calculated. Light blue shows the daily milk yield data, the red and blue lines represent the initial and iterated Wood models.
The purple dots represent perturbations in milk yield, possibly caused by health issues.

For the calculations of the Type B milk yield features, we started from a theoretical lactation curve
shape by iteratively fitting a Wood curve on the daily milk yield time series using TMY = A*eB*DIM*DIMC with A, B and C the parameters of the Wood model (Wood, 1967); TMY is the total
daily milk yield in kg and DIM the days in milk expressed in days. An example of the resulting iterated
Wood model is shown in Figure 4, where the dark blue line represents the iterated Wood model and
the light blue line shows the initial model when no perturbations were deleted.
Next, the lactation sensor features were calculated using this final iterated Wood model, its residuals
and the periods identified as perturbations. An example of a perturbation and the corresponding
characteristics is shown in Figure 5.

GenTORE – GA n° 727213
D3.1 Report on the utilisation of existing on-farm technology for novel proxies for resilience and efficiency

16

Figure 5. Example of a perturbation, its maximum milk loss and the resulting development and recovery phase. The blue
dashed line are the residuals calculated using the iterated Wood model.

We discriminated between major (i.e., periods of at least 10 days of successively negative residuals
with at least one day of milk production lower than 80% of the theoretical production) and minor
events (i.e., periods of at least 5 days but less than 10 days of successively negative residuals with
at least one day of milk production between 90% and 80% of the expected production). It was
assumed that large perturbations (major events) may represent severe health problems which might
influence culling and rebreeding decisions, while smaller (minor) perturbations are probably linked
to chronic or subclinical infections, with a different effect on culling or longevity.
The activity sensor features were calculated from the daily aggregated raw activity measures.
Instead of using a parametric lactation model, median smoothers were used to identify the timeseries dynamics. To this end, we discriminated between ‘short’ and ‘long’ term changes. To identify
the short term changes (i.e., spikes) a median smoother using a window of 4 days was used and
subtracted from the raw daily activity data to obtain residual activity levels. For the identification of
the longer-term patterns in the data, a 20 day-window median smoother was applied. An example of
these calculations is shown in Figure 6. A main advantage of this procedure is that it can be applied
to sensor data coming from all types of sensors, independently of the absolute activity levels or
values (e.g., pedometer vs. 3D-accelerometer data) as long as daily aggregates are available.
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Figure 6. Example of the calculation of activity dynamics. The upper panel shows the raw data in blue and the
corresponding median smoothers (brown = 4 days; yellow = 20 days). Based on this smoothing, sensor features
characterizing short (middle panel) and longer (lower panel) term changes in dynamics were defined.

Further calculation details of the Type B sensor features are given in the annexes and in Adriaens
et al. (2020). As the RAFT datasets did not include feed intake data, Type B features were only used
to predict resilience and not feed efficiency.

3.4.

Prediction of resilience and efficiency using on-farm sensor data

Reliable prediction of resilience and efficiency rankings allow for a more evidence-based approach
to the management actions concerning advanced breeding (e.g., sexed semen, embryo transfer) or
culling decisions (Vandeweerd et al., 2012). It complements the genetic and genomic information
(generally available once the animal is born) with highly relevant and cost-effective phenotypic
information. As such, sustainable productivity from the available animals on farm is optimized, while
in the meantime the ‘overall’ phenotypic information on complex traits for future breeding goals is
obtained at herd level. Moreover, targeting low ranked animals for increased monitoring purposes
also becomes possible.
Many approaches to this problem are possible, from using the sensor features calculated on the
previous lactation data for the prediction of survival in the next, to using first parity measurements to
predict the entire lifetime performance. Although the analyses within this task were not limited only
to this, we chose to present the results using first parity sensor data to predict the lifetime
resilience and the lactation efficiency performance. This way, a farmer can estimate the value of
his or her cows in the specific farm environment, enabling farm-based optimization of the breeding,
culling and treatment decisions in a cost-effective way. In practice, it would be enough to discriminate
between ‘top’ and ‘bottom’ ranked cows. The exact ranking is of less importance because (1) the
scoring systems are defined using expert knowledge (no single absolute truth exists), and (2) a
farmer’s decision would not generally be different for e.g. the top 10% cows in the herd. For example,
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highly resilient cows would be selected for e.g. ovum pick-up/in vitro reproduction, multiple ovulation
embryo transfer and insemination with sexed semen, while the lowest ranked animals would be
served with cheaper beef semen and not used to breed the replacement generation from. Therefore,
instead of predicting the rankings (i.e. a continuous variable), the developed models were optimized
and evaluated for their ability to predict the cows in the correct classes of ‘low’, ‘middle’ and ‘high’
resilience and efficiency categories. For each dataset, approximately one third was assigned to each
class within herd. The final algorithms were linear and logistic regression models for which the
predictor variables (i.e., the sensor features) were stepwise selected using an in- or exclusion
threshold of p = 0.2. If a logistic regression model was used, the model structure was (Eq. 4):
𝑃(𝑦 )

𝑌 = 𝑙𝑛 1−𝑃(𝑦𝑖 ) = 𝛽𝑋 + 𝜀𝑖

(Eq. 4)

𝑖

With Y the resilience or efficiency ranking, P(yi) the probability of the ranking [to be high or low], β
the vector of logistic regression coefficients, X the matrix of sensor features for each animal, and εi
the residual error. If a linear regression was used, the final algorithm was as follows (eq. 5):
𝑌 = 𝛽𝑋 + 𝜀𝑖

(Eq. 5)

With Y the resilience or efficiency ranking, β the vector of regression coefficients, X the matrix of
sensor features for each animal, and εi the residual error. Using these algorithms, model fit,
classification accuracy and probabilities were evaluated.
In the following sections, the results of these approaches are presented for 1) prediction of resilience
using Type A sensor features; 2) prediction of resilience using Type B sensor features; and 3)
prediction of efficiency using Type A sensor features. We chose to demonstrate the analyses for
Type A sensor features for WR (NL) only, because this partner had the most complete dataset
available. The results from the other partners can be found in the respective annexes (Section 6).
3.4.1. Prediction of resilience using Type A sensor features
The considered time series from which features were calculated in the WR dataset were milk yield
(MY), body weight (BW), activity (ACT) and rumination (RUM). The ability of the different sensors
separately and that of all sensors together to predict resilience was evaluated.
To predict the resilience, the resilience ranking within farms was considered as the outcome variable,
while the different sensor features were taken as the input variables. The algorithm chosen was
ordinal logistic regression. Features were stepwise selected, keeping only the sensor features that
had a p-value of 0.2 or lower in the prediction models. Models were built using the sensor features
of the different sensors separately (milk yield (MY), body weight (BW), activity (ACT) and rumination
(RUM)), and altogether to evaluate the need for multiple sensor systems. Some of the partners also
implemented slightly different ways to predict resilience depending on the specifics of the datasets,
which can be found in the reports per partner (see annexes).
When considering each sensor separately, for MY the AVG and SLOPE, for BW the STD and SLOPE
and for ACT the MIN and SKEW were retained. None of the RUM features proved significant (Table
4).
Table 4. Features included in the lifetime resilience prediction model for all sensor features
Sensor
MY
BW
ACT
RUM

AVG
X

MIN

MAX

STD
X

X

SLOPE
X
X

SKEW

AC1

X

Figure 7 shows the link between the probability of the cows with low, middle or high resilience to
have a specific sensor feature value for a selection of the features. For example, it shows that the
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probability that a cow will have a low lifetime resilience increases with increasing slope of the MY
curve. Similarly, the probability that a cow will have a low lifetime resilience increases with increasing
standard deviation and slope of the BW curve, and with increasing skewness of the activity curve.
The probability that a cow will have a low lifetime resilience increases with increasing mean of the
MY curve, and with increasing minimum values of the activity curve.

Figure 7. Calculated probabilities of belonging to low, medium or high resilience categories for observed ranges of sensor
features that are kept in the final prediction models (assuming the other features are at average values) for single sensor
feature models.

This translated in the following prediction accuracies (Table 5), calculated with a 10-fold crossvalidation in which 90% of the cows are used to estimate the model coefficients and the resilience
of the remaining 10% of the animals was predicted. The values represent the average of these 10
sets. If only MY is used in the prediction model, a correct classification of 40.8% was reached. The
BW only model showed the lowest performance with 38.4% of the animals predicted correctly, while
with activity features, 44.9% of the cows were classified in their true category. The proportions of
cows classified oppositely were respectively 7.2, 7.5 and 7.3% for MY, BW and ACT.
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Table 5. Prediction performance of the single sensor ordinal logistic regression models for lifetime RS

Predicted
L
M
H

L
0.144
0.170
0.011

Predicted
L
M
H

L
0.071
0.183
0.071

MY
Observed
M
0.110
0.245
0.026
ACT
Observed
M
0.049
0.249
0.083

H
0.061
0.215
0.019

Predicted
L
M
H

M
0.053
0.211
0.061

H
0.002
0.146
0.129

Predicted
L
M
H

L
0.087
0.184
0.053

BW
Observed
H
0.070
0.231
0.080
ALL
Observed
M
0.072
0.223
0.086

L
0.014
0.180
0.100

H
0.016
0.134
0.144

When the features of all sensors were included in the model simultaneously, for MY only the slope
of MY and for BW only the STD of body weight were retained. For activity and rumination, two sensor
features were proven to be significant, respectively the MIN and SKEW and MAX and AC1. For none
of the sensors the average or the lag 1 autocorrelation was kept in the prediction model (Table 6).
Table 6. Features included in the lifetime RS prediction model for all sensor features
Sensor
MY
BW
ACT
RUM

AVG

MIN

MAX

STD

SLOPE
X

SKEW

AC1

X
X
X

X
X

The probabilities of belonging to low, middle and high resilience categories is shown in the below
figure (Figure 8). The minimum value of the activity curve demonstrated a strong prediction potential:
the lower the minimum value, the higher the chance of having a low resilience score. For the other
variables, the effect seemed to be rather weak.
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Figure 8. Calculated probabilities of belonging to low, medium or high resilience categories for observed ranges of sensor
features that are kept in the final prediction model (assuming the other features are at average values) of all sensors
combined

The prediction accuracy improved slightly over single sensor models with 45.5% correctly predicted
and 6.9% predicted in the opposite category. As the difference with single sensor models is quite
small, this added value might not be sufficient to justify the investment in multiple sensor systems.
3.4.2. Prediction of resilience using Type B sensor features
While Type A sensor features were calculated in a similar way for the different sensors of the different
partners in Task 3.1 of GenTORE, Type B features were only calculated for RAFT data coming from
27 different farms with an automated milking system. These farms were selected based on the
amount of uninterrupted high-frequency data, and originated from both Belgian and English modern
dairy farms. In a first step, the possibility to find common predictors (i.e., sensor features to be
included) across farms was explored, but initial analyses showed that on different farms, different
models had to be used to obtain good prediction performance, as described below.
Twenty-seven farms had daily milk yield data available, while only ten farms also had activity sensors
installed. Therefore, the results are given separately for the models including only milk yield features
(27 farms) and models including both milk yield and activity features (10 farms).
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The final stepwise-selected linear regression models to relate first parity milk yield features with the
lifetime resilience ranking included 2 to 12 milk yield features, different across farms. This variability
across these farms is also shown in Figure 9 showing the linear correlation between milk yield sensor
features and the resilience ranking for each farm individually. While some features tend to be
consistently positive or negative, others have a positive correlation with the ranking on some farms
and negative correlations on others.

Figure 9. Pearson linear correlations for the individual farms between the Type B milk yield sensor features and the
resilience rankings. Adapted from Adriaens et al. (2020). The details of the calculations for the sensor features are given
in Annex 6.1

The prediction performance of the individual farm models was assessed using 10-fold (90%-10%)
cross-validation in which the model coefficients (β in EQ2) were estimated on 90% of the cows and
the resilience ranking of the remaining 10% animals was predicted. This yielded up to 70% of correct
classification, with over all farms on average 46.7 ± 8.0 % correctly and only 4.7 ± 3.5% oppositely
classified. The farm-individual model fit (root mean squared error) and predicted classification
correctness is given in Table 7.
Table 7. Model goodness of fit and prediction accuracies for the linear regression models for Type B sensor features
FARM ID
FARM1
FARM2
FARM3
FARM4
FARM5
FARM6
FARM7
FARM8
FARM9
FARM10
FARM11
FARM12
FARM13
FARM14
FARM15
FARM16
FARM17
FARM18
FARM19

Type B milk yield sensor features
RMSE3
PC1
PO2
0.27
0.27
0.27
0.21
0.25
0.18
0.24
0.23
0.25
0.27
0.26
0.24
0.25
0.23
0.19
0.24
0.27
0.19
0.25

45.9
44.3
41.5
50.0
45.8
70.0
59.0
45.6
44.6
48.9
37.1
55.9
45.0
45.6
41.8
44.8
35.8
55.0
55.0

3.7
1.1
3.6
0.0
6.8
0.0
2.6
6.3
2.2
5.6
3.4
1.7
11.2
1.3
1.8
7.4
6.1
5.0
8.3

Type B milk yield & activity features
RMSE
PC
PO

0.20
0.22

52.5
52.6

1.7
1.0

0.21
0.26
0.15
0.24

51.5
45.3
77.5
52.3

1.8
4.0
0.0
1.5
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FARM20
FARM21
FARM22
FARM23
FARM24
FARM25
FARM26
FARM27
1

0.25
0.22
0.20
0.26
0.26
0.26
0.21
0.26

40.7
35.9
45.6
39.3
43.4
41.9
62.0
40.4

5.0
5.3
1.4
2.8
5.9
16.5
2.0
2.5

proportion of correctly classified cows;
validation models.

2

0.22
0.17
0.25
0.22
0.24
0.18
0.24

43.5
66.2
44.4
53.2
49.4
84.0
48.5

proportion of oppositely classified cows;

0.0
0.0
6.7
0.5
5.2
4.2
3.7
3

root mean squared error of cross-

When activity features were also included in the model, between 6 and 24 sensor features were
retained, including between 2 and 10 activity features specifically. Linear correlations (demonstrated
in Figure 10) showed more consistently positive or negative, but still rather small values for several
of the sensor features with the resilience ranking.

Figure 10. Pearson linear correlations for the individual farms between the Type B activity sensor features and the
resilience rankings. Adapted from Adriaens et al. (2020). The details of the calculations for the sensor features are given
in Annex 6.1

For the 10 farms for which both activity and milk meter data were available, the prediction accuracy
improved from 46.2 to 55.5 ± 12.1% [43.5% ; 84.0%], which corresponds to an increase of the correct
classification with 9.3 ± 7.9% (p-value < 0.01). Only 2.3 ± 2.1% [range 0.0% ; 6.7%] of the cows were
predicted having high resilience while they were actually low and vice versa.
The results of this study underpinned the need for more consistent and evidence-based decision
making on one hand, while on the other hand the results show the potential of high-frequency sensor
data to provide vital information on the phenotypical performance of the cows on a specific farm,
which can be combined into complex traits such as lifetime resilience. They both need dedicated
data processing in which the biology of the cows within their farm contexts is taken into account in
order to identify relevant traits. Before decision support and rationalization is possible, broader farm
context measures should be included in the model and monitoring systems, such as key indicators
of management for reproduction performance, health and treatment records and herd-level aspects.
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The high-frequency sensor data allow for monitoring of the animals’ response to challenges through
the characterization of perturbations. As a result, ranking the cows using our process and biological
knowledge could already make a huge difference for many farms, because the rationalization of
decisions may bring consistent and more economically-sound and sustainable management actions.
These results suggest the potential of precision phenotyping of complex traits from readily available
sensor data. Based on this analysis, it could be concluded that first parity milk and activity sensor
data have the potential to predict cows’ lifetime resilience rankings within farms but that consistency
over farms is currently lacking. A more detailed overview of the results with regard to Type B sensor
features can be found in Adriaens et al. (2020).

3.4.3. Prediction of efficiency using Type A sensor features
The final WR dataset for feed efficiency included 96 cows, for which 30 had a low, 36 a middle and
30 a high feed efficiency. Only sensor features calculated for the first parity were tested in the
prediction models, while the efficiency was calculated based on data from higher parities. The
considered time series from which features were calculated were milk yield (MY), body weight (BW),
activity (ACT) and rumination (RUM). The ability of the different sensors separately and that of all
sensors together to predict feed efficiency was evaluated.
A summary of which sensor features were retained in the logistic regression model (i.e., p-value <
0.2) when each sensor was considered separately (i.e., to avoid the need that a farmer should have
to invest in all sensor systems) is given in Table 8. For MY, all features except AVG were found
significant; for BW, AVG, MIN, STD and SLOPE were retained. Only activity SKEW and SLOPE
were found informative for feed efficiency, while for RUM, AVG, MIN and AC1 were included in the
prediction models.
Table 8. Features included in lactation efficiency prediction models for separate sensors
Sensor
AVG
MIN
MAX
STD
SLOPE
MY
X
X
X
X
BW
X
X
X
X
ACT
X
RUM
X
X

SKEW

AC1

X

X
X

X
X

For the definition used, a low score means a high milk yield output for low DMI inputs and vice versa.
Some examples of the resulting calculated probabilities are shown in Figure 11. This figure shows
that the probability that a cow will be more efficient increases with increasing maximum values of the
MY curve, increasing mean, minimum and slope of the BW curve, increasing slope and skewness
of the activity curve and increasing standard deviation of the rumination curve. The probability that
a cow will less efficient increases with increasing standard deviation, slope and skewness of the MY
curve and increasing mean, minimum and autocorrelation of the rumination curve.
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Figure 11. Examples of the probabilities of belonging to low, medium or high efficiency categories for observed ranges of
sensor features that are kept in the final prediction models (assuming the other features are at average values) for single
sensor features.

If the features of all sensors are entered in the model simultaneously, the following features were
retained (Table 9).
Table 9. Features included in lactation efficiency prediction models for all sensors
Sensor
AVG
MIN
MAX
STD
MY
X
X
BW
X
X
ACT
RUM
X

SLOPE
X

SKEW
X

AC1
X

X

X
X

X
X
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In this case, the STD feature was not retained for any of the sensors, while MIN, SKEW and AC1
were kept for 3 out of 4. Figure 12 shows that the probability that a cow will have a low lactation
efficiency score increases with increasing minimum and maximum of the MY curve, increasing mean
and minimum of the BW curve, increasing slope, skewness and autocorrelation of the activity curve
and increasing skewness of the rumination curve. The probability that a cow will have a low lactation
efficiency decreases with increasing slope, skewness and autocorrelation of the MY curve, and
increasing minimum and autocorrelation of the rumination curve.

Figure 12. Examples of the probabilities of belonging to low, medium or high efficiency categories for observed ranges of
sensor features that are kept in the final prediction models (assuming the other features are at average values) for all
sensor features together.

Prediction performances of the ordinal logistic regression models are shown in Table 10. On the
upper left to the lower right diagonals, correctly classified animals are presented. For the individualsensor models for MY, BW, ACT, RUM, respectively 48.1 % 45.6%, 43.1% and 50.8% of the animals
are correctly classified. Mostly cows in the ‘middle’ efficiency category are predicted right. However,
only 8.8 %, 5.0%, 5.0% and 11.9% of the animals are predicted high when they were actually low
and vice versa (predicted in an opposite category). When all sensors were included in a single model,
the prediction performance improved to 51.5% and the proportion of oppositely classified animals
decreased to 3.8%.
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Table 10. Predictive performance of ordinal logistic regression models for lactation efficiency
MY
BW
Observed
Observed
Predicted
L
M
H
Predicted
L
M
H
L
0.085
L
0.124
0.050
0.010
0.091
0.011
M
0.280
M
0.262
0.141
0.163
0.141
0.200
H
0.116
H
0.070
0.078
0.084
0.039
0.061
ACT
RUM
Observed
Observed
Predicted
L
M
H
Predicted
L
M
H
L
0.089
L
0.144
0.084
0.038
0.112
0.059
M
0.268
M
0.273
0.204
0.168
0.155
0.130
H
0.074
H
0.091
0.012
0.062
0.060
0.029
ALL
Observed
Predicted
L
M
H
L
0.139
0.109
0.022
M
0.224
0.150
0.106
H
0.152
0.016
0.082

4. Conclusions
This report describes the utilisation of existing on-farm technology for novel proxies for resilience
and efficiency. We showed a new approach to the definitions of these complex traits, cross-validated
these definitions across partners and tested the potential of predicting the resulting ranking for these
traits using sensor features derived from at-market technologies.
The work for this deliverable was challenging, mainly because of the lack of good quality data.
Consistent and correct registration, collection, mining and storage of data remains an impactful
challenge on many (dairy) farms.
For resilience, a combination of longevity, health, robustness, production and reproduction
performance have been considered. This resulted in the following definition: “resilience is the
cumulative result of a cow’s ability to re-calve (and thus, to extend her productive lifespan),
supplemented with secondary corrections for age at first calving, calving intervals, 305-day milk yield,
health events and number of inseminations”. For the resilience rankings, the different weightings
assigned to the variables by the different partners did not greatly differ across partners, and often
the proportions were maintained. This is also reflected in the cross-validation, where high
correlations were seen between the rankings for each partner’s individual data set. As the data set
of WR and RAFT were the most complete in terms of variables available (i.e., age at first calving,
inseminations, health events etc.), and the correlations in general were high, we decided to proceed
with the WR and RAFT weightings in the second part of the analysis.
For efficiency it was agreed to use the amount of input over the amount of output, translated in dry
matter input over milk yield output. Highly efficient cows will use less feed to produce more milk and
vice versa. The main challenge, however, is how dry matter intake is recorded in a reliable way.
Two types of sensor features were defined. Type A sensor features generally describe the time
series data with measures of relative mean, standard deviation, minimum, maximum, skewness and
lag 1 autocorrelation. Corrected for the herd averages, they allow to characterise the sensor time
series even in the case of missing or irregularly collected data. Type B sensor features described
not only the general shape and variability of the time series, but also specific characteristics linked
to e.g. perturbations or individual events. This has the advantage that they allow for characterizing
the animal’s health and fertility status in more detail but this requires high-frequency measurements
with little missing data, which can be a challenge to collect at most commercial dairy farms.
A variety of primary algorithms and statistical approaches were proposed for linking the sensor
features to the resilience and efficiency rankings of the animals, including linear regression models,
partial least squares regression models, partial least squares discriminant analysis, ordinal
regression models and Spearman Rank correlation. Ultimately, we chose to implement ordinal
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logistic and linear regression to predict lifetime resilience and efficiency using first parity sensor
features. Using the Type A features, the prediction performance for resilience and efficiency was
45.5% and 51.5% respectively. With Type B features for the prediction of resilience ranking,
promising results with prediction accuracies of on average 55% (range 43.5% to 84% for the 10
farms) correct classification were obtained. This suggests the potential of at-market technologies for
precision phenotyping of complex traits.
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Wageningen Livestock Research (WR, NL)
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Forschungsinstitut für biologischen Landbau (FiBL, CH)
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on-farm first parity sensor time series but not using a common equation across
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ABSTRACT
A dairy cow’s lifetime resilience and her ability to re-calve gain importance on dairy farms
as they affect all aspects of the sustainability of the dairy industry. Many modern farms today
have milk meters and activity sensors that accurately measure yield and activity at a high
frequency for monitoring purposes. We hypothesized that these same sensors can be used
for precision phenotyping of complex traits such as lifetime resilience or productive lifespan.
The objective of this study was to investigate if lifetime resilience and productive lifespan of
dairy cows can be predicted using sensor-derived proxies of first parity sensor data. We
used a data set from 27 Belgian and British dairy farms with an automated milking system
containing at least 5 years of successive measurements. All of these farms had milk meter
data available, and 13 of these farms were also equipped with activity sensors. This subset
was used to investigate the added value of activity meters to improve the model’s prediction
accuracy. To rank cows for lifetime resilience, a score was attributed to each cow based on
her number of calvings, her 305-day milk yield, her age at first calving, her calving intervals
and the days in milk at the moment of culling, taking her entire lifetime into account. Next,
this lifetime resilience score was used to rank the cows within their herd resulting in a lifetime
resilience ranking. Based on this ranking, the cows were classified in a low (last third),
moderate (middle third) or high (first third) resilience category within farm. In total 45
biologically-sound sensor features were defined from the time-series data, including
measures of variability, lactation curve shape, milk yield perturbations, activity spikes
indicating estrous events and activity dynamics representing health events (e.g. drops in
daily activity). These features, calculated on first lactation data, were used to predict the
lifetime resilience rank and thus, to predict the classification within the herd
(low/moderate/high). Using a specific linear regression model progressively including
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features stepwise selected at farm level (cut-off P-value of 0.2), classification performances
were between 35.9% and 70.0% (46.7 ± 8.0, mean ± standard deviation) for milk yield
features only and between 46.7% and 84.0% (55.5 ± 12.1, mean ± standard deviation) for
lactation and activity features together. This is respectively 13.7 and 22.2% higher than what
random classification would give. Moreover, using these individual farm models, only 3.5%
and 2.3% of the cows were classified high while being low and vice versa, while respectively
91.8% and 94.1% of the wrongly classified animals were predicted in an adjacent category.
The sensor features retained in the prediction equation of the individual farms differed
across farms, which demonstrates the variability in culling and management strategies
across farms and within farms over time. This lack of a common model structure across
farms suggests the need to consider local (and evidence based) culling management rules
when developing decision support tools for dairy farms. With this study we showed the
potential of precision phenotyping of complex traits based on biologically meaningful
features derived from readily available sensor data. We conclude that first lactation milk and
activity sensor data have the potential to predict cows’ lifetime resilience rankings within
farms but that consistency over farms is currently lacking.
Key Words: resilience; precision phenotyping; prediction model; longevity; precision
livestock farming.
INTRODUCTION
Increasing the longevity of dairy cows is key for the dairy sector’s sustainability in the
three dimensions put forward by the United Nations during the World Summit on Societal
Development in 2005. Cows with a long productive lifespan typically have a good
reproductive performance, few health problems and produce milk in an efficient and
consistent way. A dairy cow typically only starts to make profit for the farmer during her
second lactation and she reaches her full production potential as late as in her third lactation
(Cabrera, 2018). Early culling and short longevity thus clearly has a negative impact on the
economic efficiency of the herd. More importantly, longevity and optimizing the ratio between
the productive and non-productive life is also crucial for the fulfilment of societal demands
and to reduce environmental impacts of the sector (van Knegsel et al., 2014).
One step towards the optimization of the farm management with respect to longevity
would be the identification of animals that have a high probability of completing several
lactations, or more specifically, that are ‘resilient’. Resilient animals can be considered as
animals that avoid early culling by coping well with the farm’s management conditions.
These animals reproduce easily, produce consistently and react well on imposed challenges
and (physiological) stress (Ahlman et al., 2011). Correct and timely identification of these
resilient animals would allow for optimization of breeding, treatment and culling decisions,
selecting cows that thrive in their specific farm environments. Today, many breeding
decisions are still made based on emotion and habit with a significant lack of evidence about
how the animals perform on farm. For example for breeding new replacement heifers, it
might be valuable to use more expensive advanced breeding techniques (sexed semen,
embryo transfer). In this context, the performance, expected longevity and resilience of the
dam can be key to justify these techniques and make them profitable. Also culling and
treatment decisions are made in a similar emotional fashion. Intelligent use of antimicrobials
in the livestock sector is critical, and antimicrobial budgets restricted (de Jong et al., 2018).
Proper prediction of longevity and resilience can help for improving culling and treatment
decisions, as it would allow for the objective substantiation of decisions on which animals
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are worth treating with antimicrobials and which animals are better culled than treated. This
can contribute to the herd efficiency and sustainable production metrics on farm.
Optimized efficiency on farm would require that the lifetime resilience of an animal can
be predicted as soon as possible. Genetic indicators for lifetime resilience are not yet
available as phenotypic information on this complex trait is lacking. Nevertheless, recent
technological developments led to an increased implementation of sensor systems and
automation to improve the herd management and reduce labor requirements (Steeneveld
and Hogeveen, 2015). Besides for the detection of health problem and fertility events, many
of these sensor systems also have the potential to provide targeted information about other,
more complex traits (Friggens and Thorup, 2015). In this study, we hypothesized that
common sensor data such as milk production and activity time series can be used to predict
a complex trait such as lifetime resilience. Simultaneously, additional benefits of these
technologies will be generated from the calculation of precision phenotypes and their use
for the characterization of overall and relative performance of the animals within the farm
context and compared to herd mates (Royal et al., 2000; Tenghe et al., 2015; Sorg et al.,
2017). Accordingly, when sensor data can be used to this purpose, selection of animals on
these more complex traits becomes possible, which, when combined with the genetic merit
of each animal, can boost future breeding efforts at farm and population level (Köning and
May, 2019).
In order to use sensor data for the prediction of lifetime resilience such that it can be used
for both decision support and precision phenotyping, we propose to derive biologically
meaningful proxies for the cow’s physiological status from the high-frequency milk yield and
activity dynamics available from commercially available sensor systems. It was shown
previously that each change in feed intake or energy allocation (for e.g. an immune
response) may result in yield perturbations (Ben Abdelkrim et al., 2019) and thus, the milk
yield dynamics mirror the animal’s physiological status. Similarly, activity dynamics reflect
potential estrus and the more general behavioral responses of the cows to physiological and
environmental stress (Rutten et al., 2013). Because of the link between health and fertility
performance and longevity and culling, the proposed concept is that through
characterization of these dynamics, it will be possible to predict their lifetime resilience.
This study aimed at developing meaningful milk yield and activity features from first
lactation sensor time series and combining these features into a model capable of predicting
the lifetime resilience of the cows on each farm. This model could be used to help farmers
to identify animals that cope well with their specific farm contexts, for example to aid
breeding (e.g., dam selection for sexed semen, embryo transfer or the use of a beef sire) or
culling decisions as early as after the first lactation. As such, there is still time to take
decisions that directly contribute to the farm’s efficiency by selecting animals which perform
well on that particular farm.
MATERIALS AND METHODS
Data Collection and Selection
Available Data. Software back-ups of the farm management system were collected on
respectively 34 and 42 Belgian and British farms with an automated milking system (AMS).
From this database, 27 farms were selected based on (1) the accessibility and reliability of
at least 5 years of contiguous data, and (2) the availability of daily milk yield at individual
cow level. The time period covered by these data varied between 2005 and 2019. All these
27 farms had either an AMS of Lely (Lely Industries N.V., Maasluis, the Netherlands; No. =
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16) or of DeLaval (DeLaval International, Tumba, Sweden; No. = 11). On average 2.4
lactations were recorded per cow’s life. All farms had intensive production systems with
cows kept indoors and fed with both forage and concentrates. Other management practices
differed among herds but were not further documented in the software back-up files of the
farm management system.
All data tables were extracted from the restored back-up files of the AMS software
system using SQL Server Management Studio (Microsoft, Redmond, WA, United States).
The further data mining, pre-processing and merging of these data tables and the rest of the
analyses described below was done in Matlab R2017a (The MathWorks Inc., Natick, MA,
United States). Both the full data set of 27 farms all having daily milk records (data set 1,
DS1) and a subset of 13 farms also having daily activity data available (data set 2, DS2, all
milked by a Lely AMS) were used for this study. An overview of the characteristics of both
data sets is given in Table 1.
Cow Selection. After extraction of data tables, individual cows on each farm were
selected based on the availability of sensor data for their entire lifetime production. Because
exact culling dates were not always available, we elected to apply a criterion to discriminate
between cows that likely had been dried off towards the end of the time span covered by
the dataset available for that farm (not to be included in the analysis) or removed from the
herd (to be included in the analysis). For each farm, the 95% confidence interval on the
average dry period length was calculated. If the last milk record was before the end of the
data set minus the upper 95% confidence interval boundary, that cow had 97.5% chance
that she was removed from the herd and she was included. Accordingly, only cows that met
this criterion and for which the date of her first calving was within the timespan of the
available data for that farm were selected. An overview of the characteristics of this selection
is provided in Table 1. Data set 1 consisted of 3754 unique cows and 9395 unique lactations,
while DS2 included 2075 cows with 5286 lactations. Per farm, respectively 24 to 308 cows
(139 ± 82, mean ± SD) with in total 44 to 799 lactations (348 ± 229) and 57 to 308 cows
(160 ± 84) with 113 to 799 lactations (407 ± 264) were selected for DS1 and DS2.
Sensor data. The milk yield sensor data were recorded by the AMS using ICARapproved milk meters as integrated in the Lely and DeLaval robots. The available activity
sensor data were recorded by Lely neck-mounted activity sensors (Lely Industries N.V.,
Maasluis, the Netherlands) and consisted of raw 2-hourly measures of acceleration, but no
further details of the individual sensor systems were available. For this study, the 2-hourly
measures were summed up per day (midnight to midnight) to obtain time series of single
daily activity records. Although in this study the raw data were all similar with 2-hourly values
varying between 0 and 300, the presented methodology is independent of the actual raw
values and can be applied on all measures of activity for which daily records are available
as long as they represent the behavioral changes of the cows linked with estrous and health
events.
Calculation of Lifetime Resilience Ranking
This study aimed at developing a model for predicting lifetime longevity and resilience
using high-frequency sensor data. To this end, we considered the “lifetime resilience of a
cow” as “the cumulative result of her ability to recalve (and thus, to extend her productive
lifespan) supplemented with secondary corrections for age at first calving, calving intervals,
305-day milk yield, health events and number of inseminations” (Friggens and De Haas,
2019). This definition was agreed upon within the EU Horizon 2020 GenTORE consortium
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consisting of researchers, animal experts, veterinarians, technology suppliers and
geneticists and is further detailed in Friggens and De Haas (2019). Because the number of
inseminations and health events were not consistently available for all herds over the entire
time period, the final equation for calculating lifetime resilience scores (RS) excluded these
variables and was (Eq. 1):
̅̅̅
𝑅𝑆𝑖 = 𝐶𝐼
(Eq. 1)
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Lifetime resilience score for cow i
Average calving interval of the herd
Lactation number in which cow i exited the herd (last lactation number
of a cow)
Age at first calving of cow i in days
Calving interval of cow i between the start of lactation j and (j + 1)
Average calving interval between the start of lactation j and (j+1) of all
cows in the herd
Milk production (in kg) of cow i at day k of lactation j
Average milk production (in kg) at day k of all cows in the herd in
Days in milk (DIM) of cow i at the end of her lactation j
Days in milk of cow i at the end of her last lactation Li

This way, each RS is composed of (1) a baseline equal to the average calving interval of
that herd to avoid negative lifetime resilience scores (this does not contribute to the ranking);
(2) a bonus of 300 points given for each recalving (newly started lactation); (3) a penalty or
bonus score given to cows older respectively younger than 24 months at their first calving
equal to 1 point per day longer or shorter than 730 days (i.e. 24 months); (4) a penalty or
bonus score equal to the number of days the calving interval is respectively shorter or longer
than the average calving interval of the same parity in the herd; (5) a penalty or bonus score
equal to the percentage the 305-day milk production is respectively lower or higher
compared to the average 305-day production of the corresponding parity for all lactations in
the herd, reflecting production performance in the most relevant part of the lactation; and (6)
a penalty score equal to 100-DIMexit for cows exiting the herd before day 100 in lactation
assuming that these cows are involuntarily removed from the herd. The weights of the
variables in Equation 1 were arbitrarily chosen using expert knowledge and ensured that the
number of lactations started (i.e. Li in Eq. 1) had the highest impact on the RS. This way,
cows with a high ability to recalve (and thus, that stay in the herd for several lactations) had
high resilience scores, while the other variables only gave secondary corrections that
allowed discrimination between all cows reaching a certain parity. The RS was used to rank
the cows within farms, resulting in an on-farm lifetime resilience rank (RR) reflecting the
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lifetime resilience performance of each animal within the herd. Using this lifetime RR in the
rest of the study permitted to distinct the lowest from the highest resilient animals on a certain
farm, without the exact weights or points assigned to each variable in Eq. 1 having an
important impact on the results. In the lifetime RR, high ranked cows (‘highly resilient
animals’) represent animals recalving many times, having the (theoretically) optimal age at
first calving, having short calving intervals (and thus good reproductive performance), and
producing proportionally more milk (i.e. taking lactation length into account) compared to
their herd mates. The number of lactations affects this ranking the most because of the 300
points added for each new lactation started. For example, if the average CI of a herd is 400
days, the average CI between the start of first and second parity is 380 days and the average
305-day milk production in first lactation is 8000 kg. Consider a cow in this herd that calved
twice, first at the age of 775 days and a second time after a 420 days calving interval,
producing 5% more milk than herd average in the first 305 days of the first lactation and
20% less than her herd peers in the first 90 days of the second lactation. After being culled
at day 90 in the second lactation, this cow would receive a lifetime resilience score of RS =
400 + 300 * 2 + (730 – 775) + (380 – 420) + 5 – 20 + (90 – 100) = 890 points.
Before entering the lifetime RR in the models, it was scaled for each farm using RRscaled
= (RR-RRmin)/(RRmax – RRmin) with RRmin equals 1 and RRmax equals the maximum rank
(equivalent to the number of cows included in the ranking for that farm). The resulting
RRscaled varied between 0 (i.e. the highest ranked cow) and 1 (i.e. the lowest ranked cow),
and thus, no scale effects caused by the varying number of animals included per farm would
influence the prediction models. In the rest of this manuscript, the RR refers to the scaled
RR.
Sensor Features (SF)
Milk Yield SF. The time-series data of two sensors were included in this study: (1) milk
meter sensors from which daily milk yields were calculated and (2) activity sensors from
which the two-hourly raw data were aggregated into daily activity records. Sensor features
were calculated for each of the cows for which the first lactation was longer than 200 days,
because 200 days is enough to grasp a good image of the time-series dynamics as the
second part of the lactation curve after the peak can be estimated by a linear function (Wood,
1967). Only the data of the first 305 days of the first lactation were included for the
calculations.
As explained more in detail in Appendix A, in total 30 milk yield SF were calculated
based on the daily milk yield dynamics. Moreover, a methodology was developed to
calculate SF from the dynamics of the lactation curves using both the theoretical shape and
the deviations from this theoretical shape as proxies for the cow’s physiological status.
Accordingly, SF were defined in the following categories: (1) lactation shape characteristics
including peak yield, consistency, days in milk of peak, etc.; (2) goodness-of-fit and
variability measures including the characteristics of lactation model residuals; and (3)
perturbation features characterizing the disturbances in the lactation dynamics and including
the development and recovery rates, the number of perturbations, etc. To determine the
theoretical shape of the lactation curve (i.e., potential production when no perturbations are
present), a simple lactation model was iteratively fitted such that perturbations were
excluded and thus, did not influence the lactation model’s coefficients (Adriaens et al., 2018).
The chosen model was the nonlinear Wood model: TMY = A*e-B*DIM*DIMC with A, B and C
being the model’s coefficients, TMY the total daily milk yield in kg and DIM the days in milk
expressed in days (Wood, 1967). The Wood model (gamma function) describes the lactation
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curve with an increasing phase, a peak and an almost linear decreasing phase, describing
the overall lactation dynamics with only three coefficients. Its simplicity reduces the
computational power needed when repeatedly fitting the nonlinear model, and therefor this
equation was preferred over more complex lactation models. In each iteration, the residuals
were calculated by subtracting the fitted Wood model from the milk yield data. Next, all the
residuals smaller than 85% of the theoretical curve (i.e. Wood’s model) were removed and
the model was refitted in a next iteration. This procedure was repeated for each lactation
curve individually until the difference of the average root mean squared error (RMSE)
between two iterations was smaller than 0.10 kg for that curve, or for at most 20 iterations.
The final model coefficients represent the lactation shape when no perturbations would have
been present, and the model’s residuals reflect the perturbations and ‘unexpected’ milk yield
dynamics. An example of the daily milk yield data, the iterated Wood model and the
corresponding residuals is shown in Figure 1.
Next, the milk yield SF were calculated from a) the final coefficients of Wood’s model
(A, B and C), b) the residuals of all daily milk yield records and c) the periods identified as
perturbations. For the latter, major events (i.e. periods of at least 10 days of successively
negative residuals with at least one day of milk production lower than 80% of the theoretical
production) were discriminated from minor events (i.e. periods of at least 5 days of
successively negative residuals with at least one day of milk production between 90% and
80% of the expected production). It was expected that large perturbations (major events)
represent severe health problems while smaller (minor) perturbations are probably linked to
chronical or subclinical infections. Based on our expert knowledge, we assumed that these
major or minor perturbations might affect culling and re-breeding decisions and thus,
resilience and longevity differently (Mulder and Rashidi, 2017). Therefore, they were entered
in the models separately. A detailed description of the milk yield SF and how they were
calculated can be found in Appendix A.
Activity Sensor Features. In addition to the lactation SF, for DS2 also activity SF were
calculated from the daily aggregated raw activity measures. Fifteen different SF were
defined in the following categories: (1) features related to the absolute (within-herd) levels,
i.e. variability and autocorrelation; (2) fertility-related characteristics based on short spikes
representing estrous behavior; and (3) overall activity-related characteristics based on
changes in average activity during longer periods of time which possibly relates to e.g. health
events. To identify the short spikes of the second category, a median smoother using a
window of 4 days was used and subtracted from the raw daily activity data to obtain residual
activity levels. A short spike was identified as an increase above 40% of the maximal
residual. For the identification of the longer-term patterns in the data, a 20 day-window
median smoother was applied and subtracted from the daily activity data to obtain the
residuals. A threshold of 20% of these minimal and maximal activity residuals was set to
identify changes in activity of several days compared to the previous period. The details for
the activity SF calculations are given in Appendix B. Although all the raw values in DS2 had
similar variability and magnitude (i.e., with 2-hourly measures between 0 and 300 and similar
longitudinal patterns), the developed procedure can be applied on all sorts of activity data,
also those originating from other types of sensors independently of the exact activity levels,
as long as daily measurements are available. In that case, the decision criteria for detecting
changes in the residuals might be reconsidered.
Standardization of the SF. The mean and SD differed across SF. For example, days
in milk of peak varied between 10 and 150 days, while the lactation persistency comprised
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values between 0.001 and 1. When using the SF as variables in a prediction model, this can
cause an imbalance in the fitting and selection procedure and it limits the interpretation of
the model regression coefficients. Therefore, standardization of the SF was needed. Before
entering the SF in the models, each SF was standardized within herd using mean centering
(i.e., subtracting the within-herd mean of that SF) and by dividing them by the within-herd
SD. Accordingly, the standardized SF within a herd have a mean of zero and a SD of one,
which thus corrects for differences in their order of magnitude and solves interpretability
issues. This standardization step ensures that a higher absolute value of a model coefficient
indicates a larger effect on the model outcome (i.e., the lifetime RR). Standardized SF (both
milk yield and activity) with values smaller than -3 or higher than 3 (mean ± 3*SD) were
considered as outliers and replaced by zeros (i.e., the average value) to avoid missing and
unbalanced data. The objective was to develop a tool to evaluate and forecast the
(phenotypic) performance of an animal in the herd early in her productive life to still have
time to take breeding decisions that would directly contribute to the farms’ performance, and
so that ‘high risk’ animals could be monitored closer. Therefore, in this study only the first
parity SF were taken into account as proxies for performance, health and fertility to predict
their lifetime resilience and recalving ability on farm.
Exploratory Analysis
In this study, a model was sought to predict the lifetime RR of all the animals on a specific
farm. Ideally, a common model structure that is valid for all farms would be obtained, as this
would allow the calculation of a limited and universal number of SF indicative for the animals’
lifetime resilience. As a first step to evaluate the consistency between the SF and the lifetime
RR across farms, the Pearson linear correlation coefficient between each SF and the lifetime
RR at individual farm level was calculated. High positive and negative correlations would
indicate a strong effect of that SF on the lifetime RR, and thus a potential candidate for
inclusion in further prediction models.
In a second step, mutual correlations between the SF were explored for all farms
together. This initial data exploration using data of all farms together pointed out some
significant (but small) linear correlations between the SF. However, at individual farm level,
these correlations were often inconsistent and the sign of the correlations differed between
farms. To investigate whether an underlying latent structure existed in the SF and avoid
future multi-collinearity in the prediction models, a principal component analysis was carried
out on the SF of both DS1 and DS2. These principal component analyses showed that
respectively 8 and 24 principal components with eigenvalues higher than 1 (Kaiser criterion)
explained only 71% and 74% of the variance, suggesting that a latent structure for data
reduction over all farms did not exist.
Individual Farm Model Development
Several multivariate modelling techniques including partial least squares and general
linear mixed models were tested, but all had poor prediction performance (with classification
results equal or worse than what random classification would have given, i.e., less than a
third correctly classified) or showed significant overfitting of the data. Ultimately, a separate
multivariate linear regression model relating the SF to the lifetime RR within farm was
constructed as follows (Eq. 2):
𝑅𝑅𝑠𝑐𝑎𝑙𝑒𝑑 = 𝛽𝑋 + 𝜀
(Eq. 2)
With RRscaled being the scaled lifetime RR between 0 and 1 as defined above. The β vector
contains the regression coefficients for the standardized SF in the design matrix X, and 𝜀
are the residual errors. A backward stepwise regression procedure was used to identify
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redundant SF in X applying a P-value of 0.2 as the inclusion threshold. This means that if
there was a probability of more than 20% that removing the SF had a significant deteriorating
effect on the prediction model, it was included. The chosen threshold might seem
uncommonly high but given the high variability in the SF both between and within farms, we
deemed relevant to include any feature having a tendency towards significance.
Ten-fold cross-validation (CV) was performed to evaluate the prediction performance of
the obtained models and identify overfitting. To this end, ten times all the cows of each farm
were assigned to either the calibration (90% of the animals) or validation (10% of the
animals) set using random sampling from a uniform distribution, but applying the additional
criterion that both the calibration and the validation set contained at least one animal ranked
in the highest third, one in the middle third and one in the lowest third of the ranked cows.
In each CV-cycle, the cows in the calibration set were used to estimate the regression
coefficients β and the obtained model was used to predict the RRscaled of the cows in the
validation set. The average prediction results over all ten CV-cycles were considered to
represent the final model performance.
Model Evaluation
The initial model fit at farm level was evaluated using the RMSE (i.e., the RMSE TR) and
the R²adj, calculated as shown in equation 3 (Eq. 3):
2
𝑅𝑎𝑑𝑗𝑢𝑠𝑡𝑒𝑑

= 1−

(1−(1−

𝑆𝑆𝐸
))(𝑛−1)
𝑆𝑆𝑇𝑂

(Eq. 3)

1−(𝑘−1)

With SSE = residual sum of squares of the regression, SSTO the total sum of squares (i.e.
the mean value of the outcome RRscaled), n the number of data points of each farm and k the
number of SF retained in the final model for that farm.
To evaluate classification performance and discriminate between high and low resilient
cows (which is of practical relevance), the cows of each farm were divided into three different
categories based on their ranking: high (H; top third), moderate (M; middle third) and low (L,
bottom third) resilient animals. When the predicted RRscaled did not cover the full range of 0
to 1, and to be able to calculate these high, medium and low ranked categories for each
farm, a farm-individual correction factor was applied on the predicted RRscaled scores as
follows (Eq. 4):
̂
̂ 𝑠𝑐𝑎𝑙𝑒𝑑,𝑐𝑜𝑟𝑟,𝑖 = 𝑅𝑅𝑠𝑐𝑎𝑙𝑒𝑑,𝑖 −A
𝑅𝑅
(Eq. 4)
B−A

̂ 𝑠𝑐𝑎𝑙𝑒𝑑,𝑖 being the predicted RRscaled of the ith cow and A and B are farm-specific
With 𝑅𝑅
coefficients representing respectively the minimum and maximum of all the predicted
RRscaled for that farm in the calibration set of each CV-cycle. The RRscaled of the cows in the
validation set of each CV-cycle were predicted using each individual farm model (Eq. 2) and
their category (H, M, L) was determined after applying the correction using the farm-specific
coefficients (Eq. 4). Both the root mean squared error of cross-validation (RMSECV, Eq. 5)
and the classification accuracy were evaluated in this CV to assess the models’ prediction
performance.
1

̂
𝑅𝑀𝑆𝐸𝐶𝑉 = √𝑁 ∑𝑁
1 (𝑅𝑅𝑠𝑐𝑎𝑙𝑒𝑑,𝑖 − 𝑅𝑅𝑠𝑐𝑎𝑙𝑒𝑑,𝑖 )

2

(Eq. 5)

To evaluate whether a common model structure across farms could be identified or
whether specific features are highly correlated to lifetime resilience in all farms, we evaluated
the overlap in retained features for each farm, both in terms of their inclusion or exclusion in
each farm-specific model and the sign of their regression coefficients.
Prediction performance improvement of the models including and excluding activity
features was assessed using a one-sided paired t-test on the percentage correctly classified
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using the null hypothesis “activity features do not improve (i.e. increase) the percentage
correctly classified animals” and on the proportion oppositely classified using testing the null
hypothesis “activity features do not improve (i.e. decrease) the percentage oppositely
classified animals”.
RESULTS AND DISCUSSION
Lifetime Resilience
This study investigates the possibility to predict ‘lifetime resilience’ from SF of the first
lactation. Currently, there is no consensus on what ‘resilience’ exactly is, and definitions
found in literature include the ‘ability to maintain performance regardless of pathogen
burden’ and ‘the adaptation ability to a broad range of environmental conditions’ (Mulder
and Rashidi, 2017; Köning and May, 2018). Our approach differs from these definitions and
considers lifetime resilience as the cumulative effect of good health and fertility and a high
adaptability to challenges, resulting in long productive life spans.
Figure 2 shows the lifetime resilience score plotted against the lactation in which the
cows were culled for one farm as an example. Each circle represents one animal on the
farm, and a higher resilience score also means a higher lifetime resilience ranking. The
animals on this example farm exited the farm in between their first and seventh lactation.
This figure confirms that in general for our definition of resilience, the total number of
lactations each cow has started has the biggest impact on the final lifetime RR. The cows
ranked lower than their herd mates with higher last lactation numbers are seen as spikes.
These are mainly cows that are removed from the herd immediately after calving, and thus
for which the penalty given for exiting before day 100 in lactation has a large effect (𝐷𝐼𝑀𝑖,𝐿𝑖
in Eq. 1).
The inclusion of the 305-day yield originates from the idea that to differentiate two
animals exiting the herd after the same number of lactations, the one with the highest
production in the first 305 days (and thus, probably not encountering severe health events)
would probably be the more resilient one. Ideally penalties or bonus points for health events
and the number of inseminations would also be included, but the health and insemination
records were not sufficiently complete over the whole time period for all farms. Consistent
and correct registration, collection, mining and storage of data remains a challenge in the
development of on-farm applications (Hudson et al., 2018).
Sensor Feature Definition and Overview
The present study shows an example of how real-farm high-frequency sensor data can
be used beyond monitoring and detection applications (Boichard and Brochard, 2012). We
used the longitudinal, high-granularity milk yield and activity data of respectively 27 and 13
commercial dairy operations with an AMS to calculate biologically meaningful features of the
cows. This is a unique data set, not only because of its commercial nature (as opposed to
research farm data), but also because these high-frequency time series allowed for the
inclusion of the dynamics of milk yield and daily activity. The availability of at least 5 years
of successive measurements per farm uniquely permitted us to study the accumulated effect
of health and fertility traits of many animals over their entire lifetime.
Today, cows exit the herd for many different reasons, for which the most common are
poor reproduction performance, udder health problems, metabolic disorders in early
lactation and claw health and locomotion disorders (Ahlman et al., 2011; Santos et al.,
2016). The SF were calculated starting from expert knowledge and biological hypotheses
on the supposed effect of these culling reasons on the sensor time series, and included
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features characterizing the perturbations and dynamics of the lactation and activity curves.
For example Elgersma et al., (2018) showed that fluctuations in milk yield can reflect the
cow’s health status. Table 2 gives a summary of the most important SF over all farms for
DS1 and DS2. As can be seen from the minimum and maximum value of each SF, some of
these SF have extreme values which upon further investigation appear to result from
erroneous calculations rather than from real deviating curves. These outliers were set to
zero for the analysis.
Both the milk yield and the activity features were defined using biological knowledge of
how these time series typically respond to changes in health and nutritional status
(Højsgaard and Friggens, 2010; Codrea et al., 2011; Bjerre-Harpoth et al., 2012). We
thereby always started from the data-own baseline, which was identified using a median
smoother that is insensitive to sudden changes or differences in absolute value or baselines.
Through characterization of the residuals from this median smoother and the correction and
standardization at herd level, group changes and differences in the intensity of the
responses between herds were corrected for.

Predicting Lifetime Resilience Ranking from Milk Yield Features
Pearson Linear Correlations. The Pearson linear correlation coefficients between the
lactation SF and RR are shown in Figure 3. A high (positive or negative) correlation between
a SF and the RR suggests that there is a large effect of the SF on the RR. The average
correlations per SF over all farms varied between ρ = -0.134 and ρ = +0.1492, and for some
of the farms individual features showed correlations of more than +/- 0.4. Visual exploration
of the correlation scatter plots (results not shown) did not show non-linear relationships
either. Although consistency would have been expected, Figure 3 already suggests that
there is only little consistency across farms in which SF can be predictive for the lifetime RR
of the cows of a particular farm. For example, some of the features represent the effect of
health events on the milk yield data through the characterization of perturbations. Because
one could imagine that severe health events and the associated losses negatively affect
longevity on all the farms, we supposed that there would be a consistently high correlation
between perturbation-related SF and the RR. However, this consistency is lacking,
especially in terms of the correlations’ sign (negative vs. positive). The highest and most
consistent correlations are obtained for SF representing model fit and size of the residuals
(RMSE of the Wood model (SF2), number of residuals below 85% of the predicted value
(SF23) and average size of the 3 largest negative residuals (SF24)).
Model calibration. In the stepwise procedure for selecting the SF that are included in
the multilinear regression model, the best possible combination of SF to fit the RR on each
farm is determined, and SF are included or excluded dependent on whether they improve
the model fit. The cross-validation step reveals whether the final model structure overfitted
the training data and whether the selected SF are indeed meaningful for predicting the RR.
If a SF is included in the multilinear regression model, the absolute value of its regression
coefficient is directly related to its effect because of the standardization procedure of the SF
(mean centering and equalizing the variance).
The R²adj of the individual multivariate linear regression models of each farm varied
between 0.03 and 0.61 (0.22 ± 0.16, mean ± SD) and the RMSE TR was between 0.17 and
0.27 (0.23 ± 0.03, mean ± SD). Between 2 to 12 milk yield features were retained, and all
SF were included at least once in one of the models of the individual farms (Table 3). The
SF most often retained in the models were associated with the goodness-of-fit of the
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estimated Wood curves (SF21, 22, 25, 27, 28, 29), the size and number of perturbations
(SF13, 14, 15), and their associated milk losses (SF11, 12, 18). This suggests that the SF
that are proxies for (subclinical or chronic) health events are most informative over the RR,
and thus these health events influence the cow’s longevity. It appears that farmers do take
the health of the cows into account when making culling and re-insemination decisions,
although not consistently and not on all farms. Moreover, the effects found in this study are
rather weak, and in some cases it can be assumed that only the combined result of different
features or only the extreme values might influence productive lifespan and RR. For
example, a cow with severe clinical mastitis is likely to show a large and sudden drop in milk
yield (Rajala-Schultz et al., 1999; Gröhn et al., 2004; Andersen et al., 2011) while a cow with
subclinical mastitis may have a lactation curve which can be well modelled with a lactation
model and which appears to be normal. Both can have impact on reproduction performance
and the probability of culling (Lavon et al., 2010; Wathes, 2012; Wolfenson et al., 2015), but
mathematically capturing the differences without additional health or treatment information
is not possible. General lactation curve characteristics such as peak height and peak DIM,
slopes, rate of the increasing phase of the lactation and persistency of the lactation after the
peak) were only included in the models of only 12 out of 27 farms, suggesting that for
example having a high milk production in the first lactation compared to herd mates barely
affects the RR (and thus the ability to recalve and longevity). The variability between farms
is demonstrated again by the fact that the regression coefficients were consistently above
or below zero for only 2 out of the 30 SF, and so only 2 SF had a consistently positive or
negative effect on the RR.
Cross validation. With the CV, the repeatability, generality and overfitting of the models
was tested. The within-farm CV showed similar performances (RMSEC = 0.24 ± 0.03)
compared to the RMSETR of the initial models with all animals included, indicating that
models were not overfitted. On average 46.7 ± 8.0% of the animals were classified in the
correct H, M, L category, and on average 4.4 ± 3.5% of the cows were classified ‘high’ where
they should have been ‘low’ and vice versa. Also here the large differences in model
performance between the different farms stands out, with a range of correctly classified
cows between 35.8 and 70.0%, and the range of oppositely classified cows between 0.0
and 16.5%. When looking deeper into which cows are predicted in the right category, it was
found that the models do not solely predict animals exiting the herd after the first lactation
correctly but also cows exiting the herd in a later lactation. For cows culled already in the
first lactation, health issues are expected to be the major reason (Pinedo et al., 2010). For
cows culled at a later stage, it might not be expected that first lactation features are predictive
for the RR unless these characteristics are highly repeatable over time or represent chronic
or repeating conditions that fail to cure. However, information on the exact reason and timing
of culling of the cows could not be taken into account in the model as this information was
not available in the data sets. As it is expected that this information can contribute to the
model, future research should focus on solving this multidimensionality issue and developing
new ways to take these complex interactions into account.
Predicting Lifetime Resilience Ranking from both Yield and Activity Features
Pearson Linear Correlations. Data set 2 consisted of 13 farms for which, besides milk
yield features (No. = 30 features), activity features (No. = 15 features) could also be
calculated. These features included both general characteristics of the daily activity
(skewness, variability, absolute daily level) and specific features associated with short term
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and longer period activity changes. Farm-individual Pearson correlation coefficients (Figure
4) between the activity features and the RR varied between ρ = -0.41 and ρ = +0.44 and
only the number of short activity peaks in (SF34) was consistently associated with a higher
ranking (lower number of peaks is associated with a higher resilience, ρ = 0.29 ± 0.10, [0.16
; 0.44]). Several other activity features also had correlations nearly consistently above or
below zero, but these correlations stayed relatively low on average.
Model Calibration. The stepwise linear regression models included 6 to 24 SF (both
activity and milk yield features) and had R²adj values between 0.2 and 0.76 and RMSETR
values between 0.128 and 0.24. The number of activity features retained in the final models
was between 2 and 10, so the activity sensors seemed to be of added value for all of the
farms in predicting their RR. Including activity features gave a higher R²adj and a lower
RMSETR in the calibration, while the number of features retained was sometimes higher and
sometimes lower. Again, there was very little consistency over the different farms in which
features were included in the final models. None of the SF was kept in the model of all farms.
The number of activity peaks and DIM of the first peak were retained most often (respectively
8 and 11 out of 13 times) and with a consistently positive regression coefficient (respectively
0.036 to 0.122 and 0.042 to 0.134). Three of the SF (6.6%) were never retained in any of
the individual farm models.
Cross validation. The CV, using the same cross-validation sets for these farms as in
DS1 (i.e., the same animals were included in each set), showed reasonable performance,
with an RMSECV of 0.22 ± 0.03 (range 0.15 to 0.26). On average 55.5 ± 12.1% (range 43.5
to 84.0%) of the cows were predicted in the correct category (H, M or L) and 2.3 ± 2.1%
(range 0.0 to 6.7%) of them were predicted ‘high’ where they were actually ‘low’ or vice
versa. This means that from the wrongly classified animals respectively 91.8% and 94.1%
were predicted in an adjacent category. Over all the farms, including activity features
improved the correct classification with 9.3 ± 7.9% (P < 0.01). The classification worsened
in only two farms compared to when only milk yield features were included. The proportion
classified in the opposite category decreased with on average 3.5 ± 4.5%, ranging from
5.9% to 2.3% (significant difference, P < 0.01).
Despite the variability between and within farms and the fact that we could not find SF
that were commonly informative to predict RR over all farms, the prediction and classification
performance of the individual farm models was in many cases significantly higher than the
product of a random classification (i.e., a third correctly classified). Furthermore, including
the activity features demonstrated a significant added value compared with using the daily
milk yield features alone (P < 0.01). A correct classification of up to 84% of the animals
suggests that at least part of the variability in the RR is correctly captured by the SF.
One way to explain the lack of a common model structure and the observed differences
in prediction performance is the variability in culling, reproduction and health management
between farms and even within farms. For example, management practices might have
differed over the considered time span because of changing motivations and preferences of
the farm staff, the economic context, the animals’ genotypes and phenotypes, the farm
facilities, the feed etc. Besides the time-varying component, the following factors can also
explain part of the limited prediction performance on some farms: (1) for this study, only
features of the first lactation were included to ensure applicability of the model for decision
support; (2) the lifetime resilience ranking is based on the limited data available in the
commercial situation and was defined by experts; (3) there is a large difference in the
number of animals included per farm, possibly affecting the results.
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Model Use and Implications
Predicting Lifetime Resilience Ranking Supports Breeding and Culling Decisions.
Reliable prediction of lifetime resilience within a farm would allow for a more consistent
approach to the management actions concerning advanced breeding (e.g., sexed semen,
embryo transfer, ovum pick-up, use of beef semen, or selection of animals not to breed the
replacement heifers from) or culling decisions after the first lactation (Mapletoft and Hasler,
2002; Vandeweerd et al., 2012; Boichard et al., 2015). In this way, breeding decisions for
cows in the second parity and higher could be taken using both the genetic or genomic
(available once the animal is born) and the phenotypic sensor-derived information (once an
animal completed her first lactation). The latter would provide information on how well the
animal performs in her specific farm environment, which optimizes sustainable productivity
from the available animals on farm. In practice, discrimination between cows with high and
low lifetime resilience would benefit a farmer even when the exact rankings remain unknown
because farmer’s decision would not generally be different for e.g., the 5th or the 10th ranked
cow in the herd. Moreover, prediction of lifetime resilience also allows for the identification
of animals with a low expected RR. These cows can be targeted for more detailed monitoring
in higher lactations. In practice, the resilience ranking offers a transformative opportunity to
evaluate herd health performance based on automated data collection and analysis. This
analysis can be presented to the herd advisor or veterinarian during for instance regular
herd health visits. The cows in the herd that are expected to have a low resilience based on
this analysis can be submitted to preventive check-ups, and upon detection of a problem
(e.g. reproduction or health issues), targeted management actions can be undertaken (e.g.,
more frequent milking, milking these cows separately, putting them in a different production
group, submitting them to adapted reproduction protocols).
This study also advocates the need for evidence-based decision making on modern
dairy farms supporting more economically-sound and sustainable management actions.
Despite the high prediction performance on some of the farms, the lack of a common model
structure and the low performance on other farms suggest that further data-based
rationalization of decisions is needed. In order to do so, dedicated data processing in which
the biology of the cows within their farm contexts is taken into account is essential, and
ideally also other key farm context indicators should be included in the resulting tools (e.g.,
herd demographics, robot or parlor capacity, economic environment, etc.).
Model use beyond decision support. With the collection and re-evaluation of this
sensor-based information over many years, also general phenotypic information on complex
traits for future breeding goals is collected at herd level. From this, sires that perform well
under many different environmental conditions can be identified. In this way, the proposed
tool can be used in the context of precision phenotyping of traits that are the combined result
of physiological well-being and performance, and future genetic selection based on these
new traits becomes possible.
CONCLUSIONS
In this study, we demonstrate that resilience ranking and productive lifespan of modern dairy
cows on AMS farms in Belgium and the UK could be predicted using farm-individual models
based on first lactation sensor data. With the milk yield and activity SF selected at farm level,
we reached classification performances (low, moderate, high resilience) of up to 84%, while
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only 2.3  2.1% (mean ± SD) of the cows were predicted in the opposite category. This
shows the potential of high-frequency milk yield and activity sensor data to rationalize
evidence-based breeding and culling decisions. However, a common model structure across
all farms could not be found, which shows the variability between farms and which highlights
the need for biologically sound and context-dependent data processing tools. Once a lifetime
resilience-predicting tool is established, the farmer and the livestock sector could not only
benefit from it for management and decision support, but also at genetic level in the context
of new precision phenotyping proxies for complex traits.
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APPENDICES
Appendix A – Definition and Calculation of Milk Yield Sensor Features
In Table A1, the details of the different sensor features (SF) calculated from daily milk yield
data included in the prediction models are given. The Iterated Theoretical Wood model (ITW)
is the result of the iterative fitting and refitting procedure excluding perturbations to estimate
the shape of the theoretical lactation curve. All SF are standardized at herd level before
𝑆𝐹− ̅̅̅̅
𝑆𝐹
̅̅ the
entering them in the models, by = SFstandardized =
with SF each sensor feature, ̅̅
𝑆𝐹
𝑆𝐷(𝑆𝐹)

average of each SF for a herd, and SD(SF) the standard deviation for that SF for a herd.
Table A1. Lactation sensor features (SF) and their calculation included in the prediction
models for lifetime resilience ranking
SF No.

Name

SF1

305-day yield

SF2

RMSE ITW 1

SF3

Peak yield ITW 1

SF4

DIM4 peak yield ITW 1

No. of times
(%)
retained5
Lactation SF
/ activity &
lactation SF
6 (22.2%)
4 (30.8%)
5 (18.5%)
2 (15.4%)
5 (18.5%)
3 (23.1%)
4 (14.8%)
0 (0.0%)

How calculated?

Total milk yield in the first 305 days of lactation
Root mean squared error of the iterated theoretical Wood
model
Maximal value of the iterated theoretical Wood model
Days in milk of the peak milk yield (SF3)
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SF5

Rate increase ITW 1

SF6

Persistency ITW 1

SF7

Sum of strong negative
residuals of ITW 1
Ratio of positive vs.
negative residuals of ITW 1
Number
of
major2
perturbations

SF8
SF9

5 (18.5%)
4 (30.8%)
10 (37.0%)
5 (38.5%)
2 (7.4%)
4 (30.8%)
5 (18.5%)
4 (30.8%)
5 (18.5%)
2 (15.4%)

SF10

Average number of days
needed for recovery from
major2 perturbations

5 (18.5%)
3 (23.1%)

SF11

Average milk loss during
recovery phase of major2
perturbations

7 (25.9%)
2 (15.4%)

SF12

Average milk loss during
development phase of
major2 perturbations

6 (22.2%)
3 (23.1%)

SF13

Average number of days
needed for development of
major3 perturbations

6 (22.2%)
5 (38.5%)

SF14

Average minimum milk
yield
of
the
major2
perturbations
Number
of
minor3
perturbations

7 (25.9%)
3 (23.1%)

SF16

Average number of days
needed for recovery from
minor3 perturbations

5 (18.5%)
1 (7.7%)

SF17

Average milk loss during
recovery phase of minor3
perturbations

4 (14.8%)
0 (0.0%)

SF18

Average milk loss during
development phase of
minor3 perturbations

6 (22.2%)
2 (15.4%)

SF19

Average number of days
needed for development of
minor3 perturbations

3 (11.1%)
4 (30.8%)

SF20

Average minimum milk
yield
of
the
minor3
perturbations
Number of periods in which
milk yield drops below 85%
of the expected yield (ITW)
and that last > 5 days
Number of periods in which
milk yield drops below 85%
of the expected yield and
that last > 10 days
Percentage of days in
which milk yield drops

5 (18.5%)
5 (38.5%)

SF15

SF21

SF22

SF23

6 (22.2%)
1 (7.7%)

6 (22.2%)
5 (38.5%)

Peak yield (SF3) divided by days in milk of peak milk yield
(SF4)
Persistency, slope of the linear decreasing phase of the
iterated theoretical Wood model
Sum of the residuals smaller than 85% of the iterated
theoretical Wood model
Ratio of the number of positive vs. negative residuals
calculated from the iterated theoretical Wood model
Number of perturbations with milk production at least one day
below 80% of the iterated theoretical Wood model and lasting
at least 10 days
Number of days needed for recovery from a major
perturbation (milk production at least one day below 80% of
the iterated theoretical Wood model and lasting at least 10
days)
Average milk losses during recovery phase of a major
perturbation (milk production at least one day below 80% of
the iterated theoretical Wood model and lasting at least 10
days)
Average milk losses during development phase of a major
perturbation (milk production at least one day below 80% of
the iterated theoretical Wood model and lasting at least 10
days)
Number of days needed to reach the minimum of a major
perturbation (milk production at least one day below 80% of
the iterated theoretical Wood model and lasting at least 10
days)
Average minimal milk yield of the major perturbations (milk
production at least one day below 80% of the iterated
theoretical Wood model and lasting at least 10 days)
Number of perturbations with milk production at least one day
between 90 and 80% of the iterated theoretical Wood model
and lasting at least 5 days
Number of days needed for recovery from a minor
perturbation (milk production at least one day between 90 and
80% of the iterated theoretical Wood model and lasting at
least 5 days)
Average milk losses during recovery phase of a minor
perturbation (milk production at least one day between 90 and
80% of the iterated theoretical Wood model and lasting at
least 5 days)
Average milk losses during development phase of a minor
perturbation (milk production at least one day between 90 and
80% of the iterated theoretical Wood model and lasting at
least 5 days)
Number of days needed to reach the minimum of a minor
perturbation (milk production at least one day between 90 and
80% of the iterated theoretical Wood model and lasting at
least 5 days)
Average minimal milk yield of the minor perturbations (milk
production at least one day between 90 and 80% of the
iterated theoretical Wood model and lasting at least 5 days)
Number of periods in which milk yield drops below 85% of the
expected yield (iterated theoretical Wood model) and that last
> 5 days

6 (22.2%)
3 (23.1%)

Number of periods in which milk yield drops below 85% of the
expected yield (iterated theoretical Wood model) and that last
> 5 days

5 (18.5%)
2 (15.4%)

Number of periods in which milk yield drops below 85% of the
expected yield (iterated theoretical Wood model)

GenTORE – GA n° 727213
D3.1 Report on the utilisation of existing on-farm technology for novel proxies for resilience and efficiency

45

SF24
SF25
SF26

SF27

below 85% of the expected
yield (ITW)
Average milk loss of the 3
largest perturbations
Largest negative residual
Number of sign changes of
the residuals throughout
the lactation
Average residual

SF28

4 (14.8%)
1 (7.7%)
6 (22.2%)
1 (7.7%)
6 (22.2%)
2 (15.4%)

Average milk loss of the 3 largest perturbations

9 (33.3%)
7 (53.8%)
7 (25.9%)
5 (38.5%)
6 (22.2%)
5 (38.5%)
3 (11.1%)
4 (30.8%)

Average of the residuals

Largest negative residual
Number of sign changes of the residuals of the iterated
theoretical Wood model throughout the lactation

Average absolute value of
Average of the absolute values of the residuals
the residuals
SF29
Variance of the residuals of
Variance of the residuals
the initial Wood model
SF30
Ratio of the initial Wood
Ratio of the initial Wood curve fitted on all the data and the
curve fitted on all data and
iterated theoretical Wood curve
the ITW 1
1 ITW: Iterated Wood Model
2 Major perturbations: periods of at least 10 days of successively negative residuals with at least one day of milk production
lower than 80% of the theoretical production
3 Minor perturbations: periods of at least 5 days of successively negative residuals with at least one day of milk production
between 90% and 80% of the expected production
4
DIM: days in milk
5 For each SF, it was evaluated how often it was retained in the individual farm models of data set 1 using the stepwise
selection procedure. The more often a certain SF was retained, the more informative it was for predicting the lifetime
resilience ranking of the cows. Data set 1 included 27 farms in total.

Appendix B. Definition and calculation of activity sensor features (SF)
First, the two-hourly activity data were aggregated in daily sums. Next, a moving median
using a window of 4 days was calculated on these daily data time series to identify short
spikes associated with estrous behavior (level 1; all spikes > 0.4* the maximal residual of
the time series minus the moving median). A moving median of 20 days was calculated to
identify periods with generally lower or higher activity (possibly associated with health
events). A threshold of 20% of the minimal or maximal activity residuals was set to identify
these deviating activity periods. The below explained calculated SF are based on the
deviations from these median windows.
Table B1. Activity sensor features (SF) and their calculation included in the prediction
models for lifetime resilience ranking
SF
No.
SF31
SF32
SF33
SF34

Activity feature

SF35

Average peak height of
first level peaks
Maximal peak height of
first level peaks
Days in milk of first peak

5 (38.5%)

Number of periods with
higher activity compared to
long-term median activity

3 (23.1%)

SF36
SF37
SF38

Daily mean
Daily overall skewness
Daily overall variance
Number of first level peaks

No. of times
(%) retained1
6 (46.2%)
1 (7.7%)
9 (69.2%)
11 (84.6%)

5 (38.5%)
8 (61.5%)

How calculated?
Daily mean activity value
Skewness of the daily activity time series
Overall variance of the daily activity time series
Number of sharp peaks, larger than 0.4 times the maximal peak
height after correction for 4-day median activity level
Average peak height of peaks larger than 0.4 times the maximal
peak height after correction for 4-day median activity level
Maximal peak height of peaks larger than 0.4 times the maximal
peak height after correction for 4-day median activity level
Days in milk of first peak larger than 0.4 times the maximal peak
height after correction for 4-day median activity level
Number of periods with activity level higher than 0.2 times the
maximal level compared to long-term 20-day median activity level
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SF39

Average activity level of 3 (23.1%)
Average activity level of periods with activity level higher than 0.2
periods with higher activity
times the maximal level compared to long-term 20-day median
compared to long-term
activity level
median activity
SF40
Maximal activity level in 2 (15.4%)
Maximal activity level of periods with activity level higher than 0.2
periods with higher activity
times the maximal level compared to long-term 20-day median
compared to long-term
activity level
median activity
SF41
Duration of periods with 4 (30.8%)
Duration of periods with activity level higher than 0.2 times the
higher activity compared to
maximal level compared to long-term 20-day median activity level
long-term median activity
SF42
Number of periods with 2 (15.4%)
Number of periods with activity level lower than 1.2 times the
lower activity compared to
minimal level compared to long-term 20-day median activity level
long-term median activity
SF43
Average activity level of 3 (23.1%)
Average activity level of periods with activity level lower than 1.2
periods with lower activity
times the minimal level compared to long-term 20-day median
compared to long-term
activity level
median activity
SF44
Minimal activity level in 0 (0.0%)
Minimal activity level of periods with activity level lower than 1.2
periods with lower activity
times the minimal level compared to long-term 20-day median
compared to long-term
activity level
median activity
SF45
Duration of periods with 2 (15.4%)
Duration of periods with activity level lower than 1.2 times minimal
lower activity compared to
level compared to long-term 20-day median activity level
long-term median activity
1 For each SF, it was evaluated how often it was retained in the individual farm models of data set 2 using the stepwise
selection procedure. The more often a certain SF was retained, the more informative it was for predicting the lifetime
resilience ranking of the cows. Data set 2 included 13 farms in total.

Figure 1. Example of a lactation curve with daily milk yields, the corresponding initial Wood
model fitted on all daily milk yield data and the final Wood model fitted iteratively by excluding
daily milk yields lower than 85% of the estimated curve. The residuals of the latter curve are
used to characterize perturbations (e.g., representing health events).

Figure 2. Example of the relation between the lifetime resilience scores of all the animals
on an example farm (No. of cows = 110) against the parity number in which each animal
exits the herd. Higher resilience scores generally correspond to higher last lactation
numbers.

GenTORE – GA n° 727213
D3.1 Report on the utilisation of existing on-farm technology for novel proxies for resilience and efficiency

47

Figure 3. Pearson linear correlation coefficients between the lifetime resilience rank at farm
level and the 30 lactation sensor features (SF) calculated on first parity data. Each individual
thin line represents the correlations for a particular farm (total No. = 27). The shading
represents the 95% confidence interval on the correlation coefficients over all farms. The
details of the SF are described in Appendix A. The lack of consistency in the correlations’
signs and the magnitude demonstrate the large variability in the relation between the lifetime
resilience and the lactation SF.

Figure 4. Pearson linear correlation coefficients between the lifetime resilience rank at farm
level and the 15 activity sensor features (SF) calculated on first parity data. Each individual
thin line represents the correlations of a particular farm (total No. = 13). The shading
represents the 95% confidence interval on the correlation coefficients over all farms. The
details of the activity SF are described in Appendix B. The lack of consistency in the
correlations’ signs and the magnitude demonstrate the large variability in the relation
between the lifetime resilience and the activity SF. Only SF34 (i.e., number of sharp activity
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peaks corresponding to estrus) have a consistently positive correlation with the lifetime
resilience rank.

Adriaens, Table 1. Overview of the available data sets. Data set 2 (DS2) is a subset of data set 1
(DS1) for which also daily activity data were available besides milk meter data.
Descriptor
No. of days data per farm
No. of cows in total
No. of cows per farm
No. of lactations in total
No. of lactations per farm
Age at first calving per farm (years)
Average 305-day milk yield per farm (kg)
Average calving interval per farm (days)
Average dry period length per farm (days)

Data set 1 (DS1)
Average ± SD [range]
3001 ± 828 [1830 ; 4977]
3754
139 ± 82 [24 ; 308]
9395
348 ± 229 [44 ; 799]
2.2 ± 0.1 [2.0 ; 2.4]
9557 ± 1007 [7931 ; 11739]
407 ± 16 [377 ; 433]
56 ± 13 [35 ; 91]

Data set 2 (DS2)
Average ± SD [range]
3020 ± 815 [1837 ; 4101]
2075
160 ± 94 [57 ; 308]
5286
407 ± 264 [113 ; 799]
2.2 ± 0.1 [2.0 ; 2.3]
9691 ± 1061 [8244 ; 11739]
403 ± 15 [377 ; 432]
59 ± 16 [35 ; 91]

Adriaens, Table 2. Overview of a selection of lactation and activity sensor features calculated on
first parity data for data set 1 (DS1) and data set 2 (DS2). A detailed overview for all the included
features is given in Appendices A and B.
Data set 1 (DS1)
Average ± SD [range]
3754
8261 ± 1772 [2688 ; 13755]
3.4 ± 1.4 [1 ; 28]
34 ± 6 [15 ; 61]
59 ± 25 [1 ; 248]

No. of cows included
Theoretical 305-day yield
RMSE1 [kg.day-1]
Peak yield [kg]
Days in milk of peak lactation [day]
Rate increasing part of the lactation curve
[kg.day-1]
0.64 ± 0.28 [0.08 ; 6.7]
Persistency of the lactation curve [kg.day-1]
-0.05 ± 0.03 [-0.15 ; 0.12]
No. of perturbations per lactation
6.0 ± 3.1 [0 ; 17]
Losses in perturbations per lactation [kg]
148 ± 124 [0 ; 1137]

Data set 2 (DS2)
Average ± SD [range]
2075
8317 ± 1874 [2689 ; 13755]
3.8 ± 1.5 [1.2 ; 28]
34 ± 6 [14 ; 61]
63 ± 27 [1 ; 207]
0.62 ± 0.31 [0.08 ; 6.7]
-0.04 ± 0.03 [-0.15 ; 0.12]
6.3 ± 3.2 [0 ; 17]
154 ± 132 [0 ; 1129]
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Activity skewness
No. of sharp and short activity peaks
Days in milk of first activity peak [days]
No. of general activity changes

-0.05 ± 1.64 [-5.19 ; 8.77]
3.9 ± 2.7 [0 ; 18]
56 ± 64 [1 ; 305]
24 ± 16 [2 ; 94]

1 RMSE: Root mean squared error of the Wood model fitted on each lactation curve
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Adriaens, Table 3. Prediction results of the individual stepwise regression models in calibration and 10-times cross-validation (CV)
CV8, milk yield features only
RMSETR9 RMSECV10 PC11

PO12

2

0.26

0.27

45.9

3.7

2

3

0.24

0.27

44.3

1.1

1

2

0.25

0.27

41.5

3.6

0

1

2

0.21

0.21

50.0

0.0

0

2

6

0.22

0.25

45.8

6.8

5

1

1

3

0.17

0.18

70.0

0.0

4

0

2

2

0.23

0.24

59.0

2.6

0.42

11

2

5

4

0.19

0.23

45.6

6.3

0.08

2

0

1

1

0.25

0.25

44.6

2.2

FARM10

0.16

8

2

2

4

0.24

0.27

48.9

5.6

FARM11
FARM12
FARM13

0.14
0.40
0.21

7
9
8

2
1
2

0
3
3

5
5
3

0.24
0.20
0.23

0.26
0.24
0.25

37.1
55.9
45.0

3.4
1.7
11.2

FARM14

0.28

6

1

3

2

0.21

0.23

45.6

1.3

FARM15
FARM16
FARM17
FARM18
FARM19

0.06
0.10
0.08
0.53
0.18

3
9
6
7
6

2
3
1
2
3

0
2
2
2
1

1
4
3
3
2

0.30
0.27
0.76
0.34

15
14
13
11

3
1
0
2

2
3
3
4

2
5
6
2

1
2
2
0

4
2
1
2

3
1
1
1

0.19
0.23
0.26
0.16
0.23

0.19
0.24
0.27
0.19
0.25

41.8
44.8
35.8
55.0
55.0

FARM20
FARM21
FARM22
FARM23
FARM24
FARM25
FARM26
FARM27

0.14
0.21
0.30
0.11
0.08
0.03
0.61
0.15

5
4
6
5
5
3
12
6

0
1
1
0
1
0
1
1

2
1
0
1
1
2
2
3

3
2
5
4
3
1
9
2

0.33
0.67
0.24
0.36
0.20
0.62
0.32

5
23
14
13
12
8
13

0
3
0
1
1
1
2

1
5
1
3
4
1
2

1
9
4
1
1
4
5

1
2
1
2
2
1
0

0
2
4
4
2
1
3

2
2
4
2
2
0
1

0.24
0.22
0.18
0.26
0.26
0.26
0.15
0.26

0.25
0.22
0.20
0.26
0.26
0.26
0.21
0.26

40.7
35.9
45.6
39.3
43.4
41.9
62.0
40.4

FARM ID

Calibration, milk yield features only
R²adj
N1
NLAC2
NGOF3
NPERT4

FARM1

0.10

8

2

4

FARM2

0.16

5

0

FARM3

0.05

4

1

FARM4

0.27

3

FARM5

0.29

8

FARM6

0.53

FARM7

0.31

FARM8
FARM9

Calibration, milk yield & activity features
R²adj N
NLAC NGOF NPERT NGEN5 NL16

0.51
0.32

8
7

1
1

2
3

2
0

1
1

2
2

NL27

0
0

CV, milk yield & activity features
RMSETR RMSECV PC
PO

0.18
0.21

0.20
0.22

52.5
52.6

1.7
1.0

1.8
7.4
6.1
5.0
8.3

0.20
0.23
0.10
0.19

0.21
0.26
0.15
0.24

51.5
45.3
77.5
52.3

1.8
4.0
0.0
1.5

5.0
5.3
1.4
2.8
5.9
16.5
2.0
2.5

0.20
0.11
0.23
0.21
0.23
0.16
0.22

0.22
0.17
0.25
0.22
0.24
0.18
0.24

43.5
66.2
44.4
53.2
49.4
84.0
48.5

0.0
0.0
6.7
0.5
5.2
4.2
3.7

1

N: Total number of sensor features retained in the stepwise linear regression;

2

NLAC: Number of features linked with the milk yield shape characteristics retained in the final regression models;

3

NGOF: Number of features linked with the goodness-of-fit of the iterated Wood curve fitted on the lactation data retained in the final models;

4

NPERT: Number of features linked with the identified perturbations retained in the final models;

5

NGEN: Number of features linked with the general activity time series retained in the final models;

6N :
L1

Number of features linked with the activity peaks assumed to relate to estrus behavior retained in the final models;

7N :
L2

Number of features linked with periods of high or low average activity assumed to relate to general deviation in behavior or activity level in the final models;

8

CV: Results of the 10-fold cross-validation
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9

RMSETR: Average root mean squared error of the fitted scaled lifetime resilience ranking of the cows in the training set;

10

RMSECV: Average root mean squared error of cross-validation for the predicted scaled lifetime resilience ranking of the cows in the validation set;

11

PC: Proportion of the animals on each farm predicted in the correct category (low, L, moderate, M or high, H);

12

PO: Proportion of the animals on each farm predicted in the opposite category: cows predicted as being in the lowest third while being in the highest third and vice versa
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6.2.

Partner report – DLO (NL)

Data description
Data originated from the Dairy Campus, a Wageningen Research farm, and included data from
1,800 cows, totalling to 5,771 lactations, with calvings between 1995 and 2016. All these cows
had finished their productive lifetime by the end of 2016. Cows that were still producing by the
end of the data collection period were not included in this study. Over this time period, data
was collected with a number of sensor technologies. Activity (steps) and rumination activity
were monitored through SRC-tags (via Lely Industries, Maassluis, the Netherlands). Data from
these tags were available from October 2007 onwards. The barn of this research farm was
split into two sections: one with four groups of approximately 64 cows that were milked and
weighed in milking robots (Lely Industries, Maassluis, the Netherlands), and one where cows
were milked twice daily in a conventional milking parlour where live-weight was recorded
before entering the parlour. Cows were allocated to groups based on research requirements,
and could therefore be milked part of the time in one of the robots and part of the time in the
parlour. In the section were cows where milked in the parlour, two subsections were equipped
with roughage intake control (RIC) bins (Insentec, Marknesse, the Netherlands). Feed trials
were common on this research farm, ensuring detailed measures of individual feed intake. For
the current study we could use feed intake (dry matter intake DMI (in kg) / cow / day) records
from one of the feed trials, where feed intake was monitored throughout entire lactations. All
inseminations and health events (disease cases and treatments) were recorded in the farm
management system.
Description of scoring system of resilience
A lifetime resilience score (RS) was computed for each cow using the below point system
(Table 2.1). Resilience points were counted for each lactation and summed over all lactations
to obtain the overall resilience score of a cow. For each calving a cow gets 500 points. The
additional weights applied to the CORE and ADAPTED variables by DLO are given in Table
2.1. Additional to the CORE resilience definition, the ADAPTED definition excluded
inseminations and 305-day yield and included additional penalties for cows inseminated in
their last lactation.
Table 2.1. Weights of the resilience equation proposed by WR (NL)

Variable
Parity
Health event

Weights – CORE
+ 500
- 1 per health event curative
treatment day
1* (average herd CIa – CI)
1* (+10/+8/+4/4-(No. ins.b-3)*6)
1* (average herd AFC – AFCc)
1*(100*(p305/avg305))-100

Weights - ADAPTED
+ 500
- 1 per health event curative
treatment day
Calving interval
1* (average herd CIa – CI)
Insemination
Age at first calving
1* (average herd AFC – AFCc)
305-day milk yield
Lactation stage at culling
100 – DIMculling if culled before
DIM 100
Last parity inseminationd
-25* No. ins.b
a
b
c
CI: calving interval; ins: inseminations; AFC: Age at first calving in days; d penalties for a
cow exiting the herd while she was inseminated
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Description of scoring system of efficiency
In the current study, efficiency was expressed as feed efficiency (FE), which was computed at
lactation level as total input (DMI, in kg) over total output (milk yield, in kg). To be eligible for
this FE computation, cows were required to have at least one RIC recording per week, for a
minimum of 36 subsequent weeks. Feed efficiency was calculated as the average daily DMI
divided by the average daily milk yield measured in the milking parlour for days 1 – 252 after
calving. Due to the experimental setup, the selection did not include lactations from heifers,
but was restricted to lactations from 2nd – 7th parities. The final dataset included 96 lactations.
Sensor features
Sensor data were available for daily milk yield (MY), live weight (BW), activity (ACT) and
rumination (RUM). For each of the sensor time series, seven sensor features (i.e. curve
parameters) were calculated from the daily aggregated measurements. To this end, first the
absolute daily values were made relative to the herd mean, creating relative curves (red line;
Figure 2.1). Subsequently a linear regression line was fitted through this relative curve (light
blue line; Figure 2.1). The mean, minimum, maximum and autocorrelation (lag1) were
computed based on the relative curve of each cow, and the slope, skewness, and standard
deviation were calculated from the residuals of the regression line through the relative curve
of each cow. These curve parameters were computed for all sensors (activity, rumination
activity, milk yield, and live-weight) and for all lactations for which a sufficient amount of sensor
data (at least 100 days with data during 1 – 300 DIM) was available.

Figure 2.1. Example of the regression from which sensor features were calculated by WR for daily milk yield data

Primary algorithm
Resilience
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All 1800 cows with a lifetime resilience score (RS) were classified as either low (bottom 600
when ranked on lifetime RS), medium (middle 600) or high (top 600). This classification was
combined with sensor features for first lactations. First, lactation sensor curve parameters were
selected for all first lactations with at least 100 days with sensor data in the first 300 DIM. This
was done per sensor separately, and because the availability of sensor data differed from
sensor to sensor this resulted in 4 different datasets (1a – 1d). Additionally, dataset 2 was
constructed for cows with a lifetime resilience score that also had first lactation sensor data for
at least 100 days in day 1 – 300 after calving for all sensors simultaneously. Information about
the datasets is presented in Table 2.2.
Table 2.2. Overview of datasets used for prediction of lifetime RS

Dataset
1a
1b
1c
1d
2

sensor(s)
MY
BW
Act
Rum
All

#rec
1339
706
446
446
370

classification
low
medium
436
485
255
253
120
155
120
155
120
141

high
418
199
171
171
109

Lifetime RS
Mean
Min
1491
38
1415
38
1630
38
1630
38
1437
38

Max
4905
4623
4268
4268
3747

From Table 2.2 it can be concluded that particularly cows with medium to high lifetime RS were
somewhat over-represented in datasets 1c and 1d, and slightly under-represented in datasets
1b and 2.
The relationships between lifetime RS classification and sensor features were analysed with
ordinal logistic regression in R (“polr”). For all datasets the approach was that first a model was
constructed with all available sensor features. In successive steps features with the highest pvalue (as long as >0.2) were deleted from the model (one at a time), until a final model
remained with features with p-values ≤0.2. For dataset 2 additional analyses were performed
where only the features of single sensors were taken into account. Once the final models were
thus determined, the model parameters were validated with 10-fold cross validation with 90%
of the data in the training set and 10% in the validation set. The models are evaluated by
presenting graphical illustrations of the relationships of the model parameters and the
likelihoods that cows are classified as either low, medium or high (assuming the other
parameters are at an average level). Moreover, tables are constructed to evaluate the overall
model performances.
Features that are kept in the prediction models for separate sensor models for datasets 1a 1d are indicated in Table 2.3.
Table 2.3. Features included in lifetime RS prediction models for separate sensors for datasets 1a – 1d.
Dataset Sensor
AVG
MIN
MAX
STD
SLOPE
SKEW
AC1
1a
MY
X
X
1b
BW
X
X
1c
Act
X
X
X
1d
Rum
X
X
X

The relationships of the features included in the regression models and the predicted
contributions of the three categories of lifetime RS are illustrated in Figure 2.2. Ranges of
features presented are as observed in the datasets.
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Figure 2.2. Calculated probabilities of belonging to low, medium or high resilience categories for observed ranges
of sensor features that are kept in the final prediction models (assuming the other features are at average values)
for datasets 1a – 1d.

Figure 2.2 shows that the probability that a cow will have a low lifetime RS increases with
increasing minimum value and slope of the MY curve (coinciding with decreasing probabilities
that the cow will have a high lifetime RS). Similarly, the probability that a cow will have a low
lifetime RS increases with increasing standard deviation and autocorrelation of the BW curve.
The probability that a cow will have a low lifetime RS increases with increasing maximum
values of the activity curve, but decreases with increasing standard deviation and increasing
minimum values. The probability that a cow will have a low lifetime RS increases with
increasing autocorrelation of the rumination curve and decreases with increasing minimum
values and standard deviations of that same curve.
Features that are kept in the prediction models for separate sensor models calculated for
dataset 2 are indicated in Table 2.4.
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Table 2.4. Features included in lifetime RS prediction models for separate sensors for dataset 2.

Sensor
MY
BW
Act
Rum

AVG
X

MIN

MAX

STD
X

SLOPE
X
X

X

SKEW

AC1

X

None of the rumination curve features had a p-value ≤0.2, this in contrast with the previous
analysis. The relationships of the features included in the regression models and the predicted
contributions of the three categories of lifetime RS are illustrated in Figure 3. Ranges of
features presented are as observed in the datasets.

Figure 2.3. Calculated probabilities of belonging to low, medium or high resilience categories for observed ranges
of sensor features that are kept in the final prediction models (assuming the other features are at average values)
for dataset 2 for single sensor features.

Figure 2.3 shows that the probability that a cow will have a low lifetime RS increases with
increasing slope of the MY curve (coinciding with decreasing probabilities that the cow will
have a high lifetime RS). Similarly, the probability that a cow will have a low lifetime RS
increases with increasing standard deviation and slope of the BW curve, and with increasing
skewness of the activity curve. The probability that a cow will have a low lifetime RS increases
with increasing mean of the MY curve, and with increasing minimum values of the activity
curve.
Features that are kept in the prediction models for the full sensor model calculated for dataset
2 are indicated in Table 2.5.
Table 2.4. Features included in the lifetime RS prediction model for all sensor features for dataset 2.
Sensor
MY
BW
Act
Rum

AVG

MIN

MAX

STD

SLOPE
X

SKEW

AC1

X
X
X

X
X
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The relationships of the features included in the regression models and the predicted
contributions of the three categories of lifetime RS are illustrated in Figure 2.4. Ranges of
features presented are as observed in the datasets.

Figure 2.4. Calculated probabilities of belonging to low, medium or high resilience categories for observed ranges
of sensor features that are kept in the final prediction model (assuming the other features are at average values)
for dataset 2 for features of all sensors combined.

Figure 2.4 shows that the probability that a cow will have a low lifetime RS increases with
increasing slope of the MY curve (coinciding with decreasing probabilities that the cow will
have a high lifetime RS). Similarly, the probability that a cow will have a low lifetime RS
increases with increasing standard deviation of the BW curve. The probability that a cow will
have a low lifetime RS increases with increasing skewness of the activity curve and the
rumination curve, but decreases with increasing minimum values of the activity curve and
increasing maximum values of the rumination curve.
The predictive performance of the single sensor models for dataset 2 and the performance of
the full sensor model for the same dataset are in Table 2.6.
Table 2.6. Predictive performance of ordinal logistic regression models for lifetime RS
MY
BW

estimates

Realisation
L
M

H

estimates

realisation
L
M

H

L

0.144

0.110

0.061

L

0.053

0.070

0.014

M

0.170

0.245

0.215

M

0.211

0.231

0.180

H

0.011

0.026

0.019

H

0.061

0.080

0.100

ACT

all sensors

estimates

Realisation
L
M

H

estimates

realisation
L
M

H

L

0.071

0.049

0.002

L

0.087

0.072

0.016

M

0.183

0.249

0.146

M

0.184

0.223

0.134

H

0.071

0.083

0.129

H

0.053

0.086

0.144
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The figures in Table 2.6 show that predictive performance of the models is limited, and that the
improvement of the performance when including all sensors instead of only MY, BW or activity
is limited.

Efficiency
From the experiment described by Van Hoeij et al. (2017) lactation efficiencies could be
calculated for in total 96 cows. However, the six treatments applied during this experiment
(either 0 or 30 days dry period length, glucogenic or lipogenic ration, low or standard energy
level) which have affected the calculated efficiencies. Therefore, the classification of realized
efficiencies into classes Low, Medium or High was carried out within treatment group. Parity
(ranging from 2 – 7) was ignored for the classification, as were BW (688 ±65 kg, ranging from
540 – 850) and fertility. It was attempted to classify 1/3 of the cows within treatments into the
three categories, but this was not always logical given the distributions. The final classification
is in Table 2.7.
Table 2.7. Overview of classification for lactation efficiency per treatment.
class H
class M

class L

Treatment*

Range

#records

Range

#records

Range

#records

0G100

0.64 – 0.73

5

0.74 – 0.84

6

0.85 – 1.05

5

0G84

0.64 – 0.73

6

0.76 – 0.86

5

0.92 – 1.19

6

0L100

0.65 – 0.77

5

0.78 – 0.84

5

0.89 – 0.95

4

0L84

0.67 – 0.76

7

0.85 – 0.89

4

0.96 – 1.19

5

30G100

0.48 – 0.54

3

0.59 – 0.64

8

0.69 – 0.90

5

30L100

0.57 – 0.62

4

0.65 – 0.74

8

0.80 – 0.96

5

0G100 = 0 days dry period (DP), Glucogenic energy source and 100% energy level, 0G84 = 0 days DP,
Glucogenic energy source and 84% energy level, 0L100 = 0 days DP, Lipogenic energy source and
100% energy level, 0L84 = 0 days DP, Lipogenic energy source and 84% energy level, 30G100 = 30
days DP, Glucogenic energy source and 100% energy level and 30L100 = 30 days DP, Lipogenic energy
source and 100% energy level

Thus, in the overall dataset 30 cows were classified as Low efficient, 36 were classified as
Medium efficient and 30 were classified as High efficient. This classification was combined
with sensor features for first lactations. First, lactation sensor features were selected for all first
lactations with at least 100 days with sensor data in the first 300 days after calving. This was
done per sensor separately, and because the availability of sensor data differed from sensor
to sensor this resulted in 4 different datasets (1a – 1d). Next, dataset 2 was constructed for
cows with a lactation efficiency score that also had first lactation sensor data for at least 100
days in day 1 – 300 after calving for all sensors simultaneously. Information about the datasets
is presented in Table 2.8.
Table 2.8. Overview of datasets used for prediction of lactation efficiency
classification
Dataset sensor(s)
#rec
low
medium
high
1a
MY
91
28
35
28
1b
BW
85
26
34
25

Lactation efficiency
Mean
Min
0.79
0.47
0.79
0.47

Max
1.18
1.18
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1c
1d
2

Act
Rum
all

85
85
82

27
27
25

34
34
34

24
24
23

0.79
0.79
0.79

0.47
0.47
0.47

1.18
1.18
1.18

From Table 2.8 it can be concluded that particularly cows with medium lactation efficiency were
somewhat over-represented in all datasets compared with the aim to classify 1/3 of the data
into each category. The analytic approach was the same as was done for resilience.
Features that are kept in the prediction models for separate sensor models for datasets 1a 1d are indicated in Table 2.9.
Table 2.9. Features included in lactation efficiency prediction models for separate sensors for datasets 1a – 1d.
Sensor
AVG
MIN
MAX
STD
SLOPE
SKEW
AC1
MY
X
X
X
X
X
X
BW
X
X
X
X
X
Act
X
X
Rum
X
X
X

The relationships of the features included in the regression models and the predicted
contributions of the three categories of lactation efficiency are illustrated in Figure 2.5. Ranges
of features presented are as observed in the datasets.
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Figure 2.5. Calculated probabilities of belonging to low, medium or high efficiency categories for observed ranges
of sensor features that are kept in the final prediction models (assuming the other features are at average values)
for datasets 1a – 1d.

Figure 2.5 shows that the probability that a cow will have a low lactation efficiency increases
with increasing minimum and maximum values of the MY curve, increasing mean, minimum,
standard deviation and slope of the BW curve and increasing slope and skewness of the
activity curve. The probability that a cow will have a low lactation efficiency decreases with
increasing standard deviation, slope, skewness and autocorrelation of the MY curve,
increasing autocorrelation of the BW curve and with increasing mean, minimum and
autocorrelation of the rumination curve.
Features that are kept in the prediction models for separate sensor models calculated for
dataset 2 are indicated in Table 2.10.
Table 2.10. Features included in lactation efficiency prediction models for separate sensors for dataset 2.
Sensor
AVG
MIN
MAX
STD
SLOPE
SKEW
AC1
MY
X
X
X
X
BW
X
X
X
Act
X
X
Rum
X
X
X
X

The relationships of the features included in the regression models and the predicted
contributions of the three categories of lactation efficiency are illustrated in Figure 2.6. Ranges
of features presented are as observed in the datasets.
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Figure 2.6. Calculated probabilities of belonging to low, medium or high efficiency categories for observed ranges
of sensor features that are kept in the final prediction models (assuming the other features are at average values)
for dataset 2 for single sensor features.

Figure 2.6 shows that the probability that a cow will have a low lactation efficiency increases
with increasing maximum values of the MY curve, increasing mean, minimum and slope of the
BW curve, increasing slope and skewness of the activity curve and increasing standard
deviation of the rumination curve. The probability that a cow will have a low lactation efficiency
decreases with increasing standard deviation, slope and skewness of the MY curve and
increasing mean, minimum and autocorrelation of the rumination curve.
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Features that are kept in the prediction models for the full sensor model calculated for dataset
2 are indicated in Table 2.11.
Table 2.11. Features included in the lactation efficiency prediction model for all sensor features for dataset 2.
Sensor
AVG
MIN
MAX
STD
SLOPE
SKEW
AC1
MY
X
X
X
X
X
BW
X
X
Act
X
X
X
Rum
X
X
X

The relationships of the features included in the regression models and the predicted
contributions of the three categories of lactation efficiency are illustrated in Figure 2.7. Ranges
of features presented are as observed in the datasets.
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Figure 2.7. Calculated probabilities of belonging to low, medium or high efficiency categories for observed ranges
of sensor features that are kept in the final prediction model (assuming the other features are at average values)
for dataset 2 for features of all sensors combined.

Figure 2.7 shows that the probability that a cow will have a low lactation efficiency increases
with increasing minimum and maximum of the MY curve, increasing mean and minimum of the
BW curve, increasing slope, skewness and autocorrelation of the activity curve and increasing
skewness of the rumination curve. The probability that a cow will have a low lactation efficiency
decreases with increasing slope, skewness and autocorrelation of the MY curve, and
increasing minimum and autocorrelation of the rumination curve.
The predictive performance of the single sensor models for dataset 2 and the performance of
the full sensor model for the same dataset are in Table 2.12.
Table 2.12. Predictive performance of ordinal logistic regression models for lactation efficiency

MY
realisation
M
estimates L
0.085
0.050
L
0.141
0.280
M
0.078
0.084
H
ACT
realisation
M
estimates L
0.089
0.084
L
0.204
0.268
M
0.012
0.062
H
all sensors
realisation
M
estimates L
0.139
0.109
L
0.150
0.224
M
0.016
0.082
H

H
0.010
0.163
0.116

H
0.038
0.168
0.074

BW
realisation
estimates L
M
L
0.124
0.091
M
0.141
0.262
H
0.039
0.061
RUM
realisation
estimates L
M
L
0.144
0.112
M
0.155
0.273
H
0.060
0.029

H
0.011
0.200
0.070

H
0.059
0.130
0.091

H
0.022
0.106
0.152

The figures in Table 2.12 show that predictive performance of the models is limited, and that
the improvement of the performance when including all sensors instead of only MY, BW or
activity is small. The results seem somewhat better than those achieved for lifetime efficiency,
but the small size of the dataset implies that the results have to be treated with caution.
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Within dataset cross-validation
Table 2.13. Cross-validation of resilience scores for WR and the other partners
WR-CORE
WR-ADAP
WUR-CORE
0.993
WUR-ADAP
0.993
RAFT-CORE
0.616
0.595
RAFT-ADAP
ID/MED-CORE
0.914
0.922
ID/MED-ADAP
UniPD-CORE
0.537
0.497
UniPD-ADAP
FiBL-CORE
0.992
0.981
FiBL-ADAP
FSK-CORE
0.906
0.898
FSK-ADAP
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6.3.

Partner report – Idele & Medria (FR)

Data description
To build the scoring system, data were used from the national French database in which the
birth and exit dates of the cows were recorded together with the cow identification, lactation
performances, reproduction information etc… Data from 1494 culled cows from 3 French
experimental farms (Blanche-Maison, Poisy and Trévarez) were selected.
To build the primary algorithm and predict resilience scores using sensor features, we used
data which was recorded by two sensors: milk meters and activity collars during 4 years (20152019).
Description of scoring system of resilience
We build two scoring systems. The equation only using the core variables was:
𝑅𝑆𝐶𝑂𝑅𝐸 = 10 ∗ 𝐶 − 0.005 ∗ 𝐶𝐼 − 0.75 ∗ 𝐴𝐼 − 0.005 ∗ 𝐴𝐹𝐶 + 0.1 ∗ 𝑀𝑌
In which,
𝐶 = number of calving; 𝐶𝐼 = calving interval (positive or negative in difference in day to the herd
peers mean); 𝐴𝐼 = number of inseminations (excluding the 1st one); 𝐴𝐹𝐶 = Age at first calving
(in difference to 740 days); 𝑀𝑌 = % of Milk Yield average produced by herd peers. The adapted
resilience definition used was:
𝑅𝑆𝐴𝐷𝐴𝑃𝑇𝐸𝐷 = 20 ∗ 𝐶 − 0.01 ∗ 𝐶𝐼 − 0.75 ∗ 𝐴𝐼 − 0.01 ∗ 𝐴𝐹𝐶 + 0.1 ∗ 𝐸𝐶𝑀𝑌 − 0.25 ∗ 𝐿𝐿𝐷
In which,
𝐶 = number of calvings; 𝐶𝐼 = calving interval (in difference in day to the herd peers mean); 𝐴𝐼
= number of artificial insemination (excluding the 1st insemination); 𝐴𝐹𝐶 = Age at first calving
(in difference to 740 days); 𝐸𝐶𝑀𝑌 = % of Energy Corrected Milk Yield average produced by
herd peers, 𝐿𝐿𝐷 = Last Lactation duration (in days less than 100 days for short lactation).
Coefficients were chosen to discriminate primarily cows exiting the herd in different parities,
(with 𝐶) and secondly within lactation number (with 𝐶𝐼, 𝐴𝐼, 𝐴𝐹𝐶, 𝑀𝑌or 𝐸𝐶𝑀𝑌 and 𝐿𝐿𝐷)
Description of scoring system of efficiency
Idele and Medria could not record individual intake on farm.
Sensor features
We used curve features from the two sensors time series collected between day 60 and 110
after calving for ACT and between day 0 and 200 for milk meters (MY). To this end, first the
absolute daily values were made relative to the herd mean, creating relative curves.
Subsequently a regression line was fitted through this relative curve. The mean, minimum,
maximum and autocorrelation were computed based on the relative curve of each cow, and
the slope, skewness, and standard deviation were calculated from the residuals of the
regression line through the relative curve of each cow.
The activity collars also provided time series of rumination, over-activity, other-activity, lying
and rest. Finally, also the area under the positive and negative curve, number of alerts, mean
power of alerts (mean value of activity curve when alerts coming) and time between calving
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and first alert during the 60th day in milk to the 120th day in milk were calculated and included
as sensor features.

Primary algorithm
Initially Spearman rank correlation were calculated between the resilience score and defined
resilience proxies, alongside an average to generate an average comparison between the
most and least resilient cows in each group. For the available data set, it was not yet possible
to demonstrate any links between resilience score and the majority of proxies, except for the
amplitude of the activity curve.
Secondly, two ways were chosen to investigate the relation between Resilience score and
curve features:
- Long-term ordinal logistic models to predict the overall resilience score by using
curve features from the first lactation.
- Short-term ordinal logistic models to predict the resilience score for a lactation by
using curve features from the previous lactation period.
For each model, features calculated from the lactation curve are tested alone then associated
with features from activity curve. Resilience score was transformed into a categorical variable
with 3 levels (high, medium and low) including the same number of animals. All features having
a p-value below 0.2 were kept in the model.
Table 3.1. Overview of the data and sensor features kept in the prediction models
Model
Number
of
animal MY
conserved from initial
dataset
Long term model on milk 70
MAX
meter
Long term model on milk 42
MIN
meter and activity
SLOPE
STD
Short term model on milk 401
AVG
meter
STD
Short term model on milk 78
AC1
meter and activity
SKEW

ACT

AVG
MIN
MAX

MIN
MAX
AC1
SLOPE
STD

Features retained in the different models are never the same however minimum and maximum
from activity curve are kept in both models including activity (Table 3.1).
Within dataset cross-validation
Given the number of data, the cross validation only tests the group predicted by the model
against the actual group.
Proposed algorithms can predict resilience group with a success of 40% to 60%. Short term
model including only milk meter data seems the most performing algorithm (table 3.2).
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Table 3.2. Classification performance of the developed models

Model

Long term model on milk meter
Long term model on milk meter and
activity
Short term model on milk meter
Short term model on milk meter and
activity

Ability
correctly
predict
resilience
41 %
48 %
59 %
40 %

to

Ability to correctly
predict
high
resilience
48 %
36 %
53 %
38 %

Any other information
The activity data was only available for scattered periods, as these sensors are mainly used
for heat detection. As a result, cows were rarely equipped before the 60th day after calving
while main physiological disease or behaviour trouble could appear near calving. A continuous
equipment is preconized in a new philosophy all-in-one sensor to prevent and detect all health
problems or event: intake, health, heat, calving, well-being during the life of the cow.
Some remarks can be made on the results of the models:
- In addition to the presented analysis, we also tested a selection of features by forward
and backward stepwise selection which did not improve the predictive capacity of the
models.
- These algorithms do not seem to be able to properly separate resilient animals (high)
from non-resilient animals (low). On the other hand, no resilient animal (high) is
considered to be medium. It is possible that the algorithms maximize the separation of
medium animals from others. Logistic regression on two groups (low and high) may
give better results.
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6.4.

Partner report – UniPD (IT)

Data description
A commercial farm located in the Veneto Region (North-East of Italy) and equipped with an
automatic milking system was selected as “pilot farm” from which sensor data were gathered.
The collected data considered 357 Holstein cows, and the recording period was from year
2015 to year 2017. The available sensor data included rumination time, milk yield, milk
temperature, milk conductivity at quarter level and cow body weight. Additional data for
individual cows such as birth, calving and culling dates, lactation number, number of services
per each pregnancy, mature equivalent milk yield (ME), and milk fat and protein content and
somatic cell count (SCC) recorded at the official test days were provided by the regional
breeders’ association (ARAV). An accurate and time-consuming process of data cleaning and
merging was carried out.
Using the resilience definition agreed amongst the consortium partners i.e. “a cow’s ability to
re-calve”, in combination with other additional elements that can differentiate its ability
compared to that of the herd mates”, we decided that only complete lactations (from calving to
calving) should be considered in the evaluation.
Therefore, we kept in the dataset only cows that:
- started the first lactation after January 1st, 2015 and completed it;
- were culled before December 31st, 2018 or were still alive but with at least 3 complete
lactations; and
- have complete data.
Therefore, the final dataset consisted of 84 cows. Such dataset reduction was due to the short
observation period (three years), and the choice of keeping cows not already culled but with
at least 3 lactations was driven by the need of having enough data to carry out the next steps.
Description of scoring system of resilience
The resilience score was calculated in line with the partners agreement. As the number of
health events per individual cow was not available and the number of inseminations was not
reliable, these two variables were not used for our resilience score calculations. Therefore,
parity, calving interval, age at first calving, and 305-day milk yield were considered the CORE
definition, whereas SCC was added to the same variables for the ADAPTED definition. All the
data used in this step were gathered form the official test days, and 305-day milk yield was
included in the dataset as the average of the ME calculated at each test day for the same
lactation. The SCC was considered as a measure of udder health and was defined as the
number of official controls within a lactation in which the SCC was higher than 200,000
cells/mL, thus indicating at least subclinical mastitis. The official test days occurred every 30
to 40 days, thus 10 to 12 controls were available per lactation of each individual cow. The
method of calculation of each variable is reported in Table 4.1. Weights of both CORE and
ADAPTED definitions were calculated by a survival analysis that considered the time to the
third lactation as the outcome. The third lactation was chosen as the minimum parity number
desired by a farmer for a dairy cow. In fact, this is the lactation at which the cow starts producing
a full economic profit after the complete repayment of all the costs incurred from its birth to its
first calving. On the other hand, it was not possible to select the age at culling as the outcome
variable because it was not available for all the 84 cows of our dataset. Survival analysis was
carried out using a Cox Proportional Hazards model. The variables listed in Table 4.1 were
considered as candidate predictors in the model. Cows that had less than 3 lactations were
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considered right-censored in the survival analysis. The model was periodically validated using
0.632 bootstrap with 1000 bootstrap replicates of the original dataset. The coefficients of the
model were shrunk by a factor equal to the calibration slope to avoid overfitting. The corrected
coefficients were considered as the weights of the resilience score and are reported in Table
4.1.
Table 4.1. Resilience weights applied by UniPD (IT)
2.1. Method for calculation (unit
1.1.
Variable
of measure)
3.1. Weights - CORE
6.1. 7.1. 5.1.
Baseline
10.1.
Lactation (n)
11.1.
+100
9.1.
Parity
15.1.
13.1.
Health event 14.1.
18.1.
Individual – Herd
19.1.
–3.39
17.1.
Calving interval
average (days)
23.1.
21.1.
Insemination 22.1.
26.1.
Herd average 27.1.
–
+0.15
25.1.
Age at first
Individual (days)
calving
30.1.
(Individual – Peers
31.1.
+9.30
29.1.
305-day
milk
average)/Peers average
yield
*100 (%)
33.1. SCC1
34.1.
Controls
with
35.1.
SCC>200,000
within
lactation (n)

4.1. Weights - ADAPTED
8.1. 12.1.
+100
16.1.
20.1.
–3.32
24.1.
28.1.

+0.17

32.1.

+0.47

36.1.

–6.29

1

SCC: somatic cell count

The Resilience Score (RS) CORE and ADAPTED of each cow per each lactation resulted from
the sum of each variable multiplied by the respective weight, where SCC was included only
when using the ADAPTED weights. Cows were ranked within the herd based on the lifetime
RS, i.e. the RS of the last lactation available for the cow.
Sensor features
Sensor features were calculated according to the guidelines agreed in York. Therefore, daily
aggregated measures were produced for milk yield (MY), rumination time (RUM) and body
weight (BW) recorded during the first lactation of each cow. Then, seven curve parameters
(i.e. “sensor features” - SF) were calculated per each variable by following the procedure
indicated agreed among partners and described above (see Annex 2). Briefly, per each sensor
variable, the relative curve of each cow was calculated with respect to the peers average curve
within herd, and the residuals of the regression line through the relative curve were calculated
too. The lactation length considered was of 1 to 300 DIM (days in milk). Per each cow, two of
the SF (AVG and AC1) were computed based on the relative curve, whereas the others (MIN,
MAX, STD, SLOPE, SKEW) were calculated from the residuals.
Primary algorithm
According to what was agreed in York, cows ranked on the basis of the lifetime RS were
divided into three groups composed by an equal number of cows (33% each) and
characterized by “High”, “Medium” and “Low” lifetime RS. The SF calculated using the data of
the first lactation of each cow were then used to build up a model that would be able to predict
the right classification of the cows into High and Low RS groups. We decided to use a
cumulative logistic regression model, which is often used to predict ordinal outcomes. In order
to implement our model, we first selected those SF that were most significant. Then, we fitted
cumulative logistic regression. This selection was carried out by iteratively removing the SF
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that was least significant until all remaining SF had p-value <0.20. After this first step, we
trained a cumulative logit over our data set, using the remaining SF as predictors and the
classification of the cows in High and Low as the outcome. The model was validated via internal
cross-validation. As agreed in York, this procedure was performed two times, separately: the
first time only SF of MY were used, and the second time SF of MY, RUM and BW were included
in the model.
Within dataset cross-validation
Due to the limited number of cows in the dataset, we decided to base the number of repeats
of the 10-fold cross-validation on the number of repeats needed for the accuracy of the model
to be stable. For the model with only the SF related to MY we used 15 repeats, whereas we
used 10 repeats for the model with all SF (MY+BW+RUM). The accuracy of the first model
was 0.43 (i.e. the model classified correctly 43% of the cows), whereas the accuracy of the
second model was 0.49. The outcomes are reported in the confusion matrices summarized in
Table 4.2.
Table 4.2. Confusion matrices of the two models used to predict the classification of the cows into Low, Medium
and High resilience score groups, based on sensor features of milk yield (MY) only or on sensor features of MY,
rumination time (RUM) and body weight (BW) recorded during the first lactation of each cow. In the matrices, the
rows represent the predictions and the columns the actual outcome; in the cells the percentage of cows with the
corresponding prediction and actual outcome.
Sensor Features
MY
MY+BW+RUM
Prediction
Low
Medium
High
Low
Medium
High
Low
17.14
7.06
9.05
22.88
6.67
13.03
Medium
7.54
9.52
7.86
3.18
2.12
2.58
High
8.65
16.75
16.43
8.79
16.97
23.79

The percentage of correct prediction for the Low and High RS classes was fairly low. Slightly
better performances were observed for the MY+BW+RUM model, but always below 25%.
Any other information: a novel approach to defining resilience - probability of culling
Our dataset was characterized by a number of limitations when trying to predict lifetime
resilience of a cow based on data of the fist lactation, particularly because of the short
observation period (2015–2017). In order to overcome this problem a different approach
described hereafter was tested.
According to the definition of resilience as the ability of a cow to re-calf, we supposed that the
longevity of a cow in the herd could be considered as a good indicator for it. The outcome was
then defined as the time to the culling of the cow since birth. We tested an approach that aimed
at predicting the probability for a cow of being culled at a specific time-point given the
information on the cow retrieved much before the given time-point. The main advantages of
this approach are: (i) to provide a “resilience score” that can be used to rank the cow within the
herd at different time-points in the future (ii) to be adaptively fitted during the lifetime of the cow
(iii) to allow its implementation by the addition of new variables.
Dataset description. From the original dataset (357 cows), 126 cows were selected for having
the sensor data of at least the first 100 DIM of the first lactation, having completed the first
lactation, and having been already culled (i.e. culling date available).
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Variables considered. The variables included in the model were:
 Milk yield (MY): calculated as the average milk yield (kg) per day produced during the
first lactation;
 Age at first calving (AFC): in days;
 Body weight (BW): calculated as the difference in the body weight between the first
and the last day of the first lactation (kg);
 Rumination (RUM): calculated as the number of changepoints in the rumination pattern
of each cow (min/day) during the first lactation period. The method proposed by Killick
et al. (2012) was used;
 Lactation length (LL): the total DIM of the first lactation.
In order to both account for the variability of the sensor data between cows and put the
covariates roughly on the same scale for computation reasons, each variable was normalized
for each cow as follows:
𝑥𝑖 − 𝑥
𝑥
where 𝑥𝑖 is the value of the variable for the ith cow and 𝑥 is the average value of the same
variable for the herd. Thus, variables were expressed as the percentage of variation (positive
or negative) from the herd mean. The process was run per each cow of the dataset.
Primary algorithm. The Early Stage Prediction (ESP) algorithm proposed by Fard et al. (2016)
was used to estimate the probability of a cow being culled for future time-points. The algorithm
aims to identify the time at which a cow will be culled based on the information retrieved at
prior time points:
𝑻𝒊𝒎𝒆 𝒐𝒇 𝒍𝒊𝒇𝒆 ~ 𝒗𝒂𝒓_𝑴𝒀 ; 𝒗𝒂𝒓_𝑳𝑳 ; 𝒗𝒂𝒓_𝑩𝑾 ; 𝒗𝒂𝒓_𝑨𝑭𝑪 ; 𝒗𝒂𝒓_𝑹𝑼𝑴
At first, the effect of each variable recorded in first lactation about the duration of a cow’s life
was investigated using the Regression Modelling Strategies package in R (Figure 4.1).
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Figure 4.1. A summary of the effect of each variable recorded at first lactation on the length of cows’ life

Then, the algorithm consisted in two phases:
1. the probability of being culled conditional on the values of the variables was estimated
using the data up to a specific time-point, defined as the time at which the 50% of the
cows were culled;
2. the prior probability of culling at future time-points was extrapolated with different family
distributions using data beyond the specific time-point defined in the first step. The
posterior probability of being culled at future time-points was then computed by
weighting the conditional probability computed at the first phase with the prior
probability computed in this phase.
Phase 1. The conditional probability of a cow being culled at a specific time-point (tc) was
obtained using the Naïve-Bayes (NB) model fitted on the data at which the 50% of the cows
were culled:
P(xj|y(tc) = 1)
where xj are the values of the variables (predictors) for that cow.
The NB algorithm is a simple Directed Acyclic Graph (DAG; Figure 4.2) where each variable
is represented by a node and the relationships between variables are described by arcs with
edges from node to node. The simplicity of NB lies in its naïve assumptions, i.e., the outcome
variable is considered the parent node of all other nodes, which are also called child nodes,
and there is no connection between child nodes.
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Figure 4.2. An illustration of the basic structure of Naïve-Bayes (Fard et al., 2016)

In our dataset, the censored date (tf) was set at 31st December 2017 and 21 cows out of 126
were culled before the last date set for the observation period.
The model created two groups of data based on a cut-off time-point (tc) that splits the culling
events in a half occurring before tc and the other half occurring between tc and tf (Figure 4.3).
Figure 4.3. An illustration to demonstrate the problem of early stage event prediction for time tf using the information
of event occurrence until time tc. Circles represent the event occurrence (culling) and crosses the censored (Fard
et al., 2016)

The maximum age at culling in the dataset recorded before tf was of 2051 days, and the model
set tc at 1377 days. Therefore, the first subset of data (0–tc) undergone the Naïve-Bayes
analysis to estimate the conditional probability using the data available until time tc, whereas
the second one (tc–tf) was used in the Phase 2 to predict the prior probability of event
occurrence at tf.
The model in Phase 1 was tested using 3-fold cross-validation, a resampling technique that is
used to evaluate predictive model performances by randomly splitting the data into different
subsets.
Phase 2. In the second phase, the prior probability of culling at time tf (31st December 2017)
was extrapolated using Weibull (WE) and Log-normal (LOG) distribution, two parametric
families widely used to model the time to an event of interest, using the data beyond the time
at which the 50% of the cows were culled (tc–tf):
P(y(tf) = 1|xi, t ≤ tf)
The predictive performances of the models were evaluated using the Accuracy index, i.e. the
proportion of cows correctly classified by the model as culled, and the Area Under the ROC
Curve (AUC).
We decided that the cows were classified as culled if the probability of being culled at a specific
time-point was higher than 0.50. A “resilience score” was defined for each cow as the
complementary of the probability of being culled at a specific time-point (Figure 4.4). This score
can be used to rank the cows in the herd from the most to the least resilient.
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Figure 4.4. An example of the output of the Resilience Score calculated by the Weibull (WE) and Log-normal (LOG)
distribution.

Results and Discussion. The algorithm (both when obtained by WE and by LOG distribution)
showed a good ability to identify cows that will be actually culled at the final time-point set (tf),
with an average accuracy index of nearly 86%. Moreover, both the average AUC value were
of nearly 66%, suggesting a discrete ability of the algorithms to discriminate between cows
with low and high probability of being culled at time tf.
The developed algorithms showed good predictive performances, suggesting that they can be
a good starting point to implement a predictive model able to characterize the resilience of the
cows and thus help farmers in breeding choices. The main advantage of this approach is its
flexibility, as the model can be improved by adding further sensor features, extending the
observation period, and varying the tf. However, further analyses on a larger set of data are
needed to evaluate the reliability of this approach.
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6.5.

Partner report – FiBL (CH)

Data description
a) data used to estimate resilience scores
The data set used to estimate the core resilience scores comprised 799 culled cows having
been milked on 101 different Swiss organic dairy farms, which had data entries in the FiBL
Dairy Farm Research Network data base. Test day records including milk yield, milk
composition, calving dates (age at first calving and calving intervals), veterinary treatment and
BCS data collected from 2009 to 2011 were included. Additionally, for every cow the full
number of completed lactations in its lifetime, was part of the data set.
The data set used to estimate the adapted resilience score was a subset of the data set
described above which also included information on SCS and contained data of 581 culled
cows from 95 farms.
b) data used to estimate efficiency scores
FiBL conducted on-farm trials on two Swiss commercial dairy farms from 30.08.2017 to
26.04.2019 using the RumiWatch system, a noseband pressure sensor for measurement of
ruminating and eating behaviour in cattle developed by Itin and Hoch GmbH (Liestal,
Switzerland; Zehner et al., 2017). Ruminating and eating behaviour, milk samples, body
weight and body condtion score were recorded from 103 different dairy cows of the breeds
Swiss Fleckvieh and Swiss Holstein over four runs per farm, i.e. eight runs in total. An overview
on key variables of the data set obtained after validation is depicted in Table 5.1.
Table 5.1. Descriptive summary of the data sets obtained during eight runs of on-farm experiments (Aug 2017 to
April 2019) conducted on two Swiss dairy farms (four runs per farm)
Farm 1
Farm 2
(n=302 from 35 to 40 cows/run )
(n= 242 from 21 to 42 cows/run)
Variable
Mean ± SD
Min - Max
Mean ± SD
Min - Max
ECM (kg/d)
16.6 ± 5.7
6.7 – 37.0
21.3 ± 5.7
5.2 -33.0
DIM
180.7 ± 76.9
3 - 300
147.7 ± 108.8
3 - 301
Lactation number
3.4 ± 2.8
1 - 12
3.8 ± 2.4
1 - 10
Body weight (kg)
579.4 ± 62.2
456 - 787
647.6 ± 75.5
441 - 810
BCS
2.90 ± 0.29
2.25 - 3.75
3.20 ± 0.36
2.50 - 4.00

ECM: energy corrected milk yield, DIM: days in milk, BCS: body condition score

Description of scoring system of resilience
FiBL defined both a CORE and an ADAPTED resilience score. The CORE resilience score
was estimated using information on parity, calving interval, age at first calving and milk yield.
Age at first calving and the calving interval were taken into account relative to the average herd
performance. The milk yield was compared with herd mates in the same lactation and
expressed in %. The algorithm excluded weights for health events and insemination because
no reliable data was available.
Somatic cell count information was used to calculate the ADAPTED resilience score.
The weights used to estimate the resilience scores can be found in Table 5.2.
Table 5.2. Resilience weights applied by FiBL (CH)
37.1.
Variable
38.1.
Weights - CORE
41.1.
40.1.
Baseline

39.1.
42.1.

Weights - ADAPTED
-
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44.1.
+ 300
45.1.
+ 300
43.1.
Parity
47.1.
48.1.
46.1.
Health event
50.1.
+ 1 * (CI – CIherd)
51.1.
+ 1 * (CI – CIherd)
49.1.
Calving interval (CI)1
53.1.
54.1.
52.1.
Insemination
+ 0.5 * (AFC – AFCherd)
57.1.
+ 0.5 * (AFC – AFCherd)
55.1.
Age at first calving 56.1.
(AFC)2
+ 2 * (MY / MY herd peers) 60.1.
+ 2 * (MY / MY herd peers)
58.1.
305-day milk yield (MY) 4 59.1.
61.1. SCC3
62.1.
63.1.
+ 20
1 CI: calving interval is not included for the first parity and calculated as deviance from the herd mean; 2 AFC: age
at first calving, is only included for the first parity and calculated as deviance from the herd mean; SCC: somatic
cell counts, calculated as the mean log2(((SCC1+SCC2+...SCCn)/n)/100000)+3*(N100/Ntot); where N100 is the
number of test day records with a SCC above 100.000 cells/ml milk devided by the total number of test day records
(Ntot) 4 MY: milk yield; the 305 day milk yield is compared to the herd peers in the same lactation expressed in %

Cows were ranked based on the resilience scores, whereby the cow with the highest resilience
score obtained the lowest rank (with class = «high»).
Rank classes were formed, by dividing the data set into terciles according to the ranks. One
tercile each was assigned to the rank class «high», «medium» or «low», where «high»
represents low ranking cows, i.e. cows with high resilience score estimates.

Description of scoring system of efficiency
The efficiency score used was calculated in several steps. First, we estimated a standard
lactation curve per farm applying an incomplete gamma model defined as DMY = at be-ct,
where DMY= daily milk yield in kg, a= model parameter influencing the “height” of the curve,
b= model parameter influencing the “bending” of the curve, c= model parameter influencing
the “rotation” of the curve, and t= days in milk (DIM) with easyreg (Arnhold, 2018) in R v.
3.6.04 (R Core Team 2013). Second, we applied the farm individual estimated lactation curve
parameters shown in Figure 5.1 to estimate DMY for the specific day in milk (DIM) at collection
day for each cow in the data set, obtaining a new variable called DMY_EST. Third, we
corrected both, the truly measured DMY (DMY_TRUE) and DMY_EST, for the energy content
of the milk at each cow`s individual DIM based on the Agroscope (2016) equation for energy
corrected milk yield (ECM) in kg: ECM (kg) = milk (kg) × [0.38 × fat (%)+ 0.24 × protein (%) +
0.17 × lactose (%)]/3.14.
Third, we calculated a residual energy corrected milk yield (ECM_RESI) by substracting the
obtained ECM_EST from the truly measured ECM_TRUE. The finally used efficeny parameter
was defined as MPE = ECM_RESI/BW^0.75, where MPE is the milk production efficiency,
ECM_RESI is the residual energy corrected milk yield and BW^0.75 is the metabolic body
weight.
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Figure 5.1. Estimated lactation curves (LCP) and lactation curve parameter estimates of the two experimental farms

Sensor features
a) for estimation of resilience scores
Lactation curve parameters (LCP) as shown in Figure 5.2 were used as sensor curve
parameters (SCP) by FiBL to estimate resilience scores. The lactation curves were calculated
based on test day records on data sets described in section 2a applying an incomplete gamma
model in the R-package easyreg (Arnhold, 2018) in R v. 3.6.0 (R Core Team 2013). The
incomplete gamma model was defined as DMY = atbe-ct, where DMY= daily milk yield in kg, a=
model parameter influencing the “height” of the curve, b= model parameter influencing the
“bending” of the curve, c= model parameter influencing the “rotation” of the curve, and t= days
in milk (DIM). From these lactation curves (dotted line in Figure 2), the three model parameters
(a, b, c) and its goodness of fit (R2), the estimated maximal DMY (indicated in blue, here 25
kg), at which day in milk the maximum DMY was achieved (green, here 70 days) and the slope
of the milk yield between DIM 100 and DIM 250 (brown, Slope100-250) were calculated.
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Figure 5.2: Estimation of lactation curve parameters (LCP) as sensor features using an incomplete gamma model

FiBL also tried to calculate models containing the potential sensor features body condition
changes and number of veterinary treatments, but both had P-values >0.20 and were
therefore discarded as sensor features.
b) for estimation of efficiency terms
The Rumiwatch sensor features used to predict the efficiency parameter milk production
efficiency (MPE) were ruminate time (h/d), eating time (h/d), ruminate chews per minute,
ruminate chews per bolus and number of activity changes per day (i.e. change between
rumination, eating and idling).
The descriptive summary of the used sensor parameters per farm are shown in Table 5.3.
Table 5.3. Summary of the Rumiwatch sensor features used to estimate milk production efficiency
Farm 1
Farm 2
(n=302 )
(n= 242)
Variable
Mean ± SD
Min - Max
Mean ± SD
Min - Max
Eating time (h/d)
10.2 ± 1.5
5.7 – 12.8
9.0 ± 1.2
5.4 –11.9
Ruminate time (h/d)
6.8 ± 1.4
3.5 – 10.1
8.2 ± 1.2
5.4 – 11.1
Ruminate chews per 43.2 ± 7.0
26.6 – 67.5
50.3 ± 7.0
31.2 – 71.4
minute (avg. of 24h)
Ruminate chews per 34.4 ± 6.3
18.7 – 55.9
43.7 ± 6.7
28.3 – 60.7
bolus (avg. of 24h)
Activity changes (n/d)
122.7 ± 20.7
77.3 – 183.0
133.4 ± 26.7
79.3 – 220.3

Algorithms for efficiency in dairy cows
We used a linear mixed-effects model applying the lmer function in the package lme4 (Bates
et al., 2015) in R (version 3.6.3) to estimate the effect of the Rumiwatch sensor parameters
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(described in section 5b) on milk production efficiency (MPE) (calculated as described in
section 4). Ruminate time (h/d), eating time (h/d), ruminate chews per minute (avg. of 24h),
ruminate chews per bolus (avg. of 24h), number of activity changes (n/d) and the factor
lactation class (3 levels: 1st lactation, 2nd lactation and 3rd lactation onwards) were used as
explaining variables, while cow within trial were used as random effects. Interactions of fixed
factors were excluded using backwards selection based on the Akaike information criterion
applying the package cAIC4 (Saefken et al., 2018a and 2018b). Our final model showed that
ruminate time and eating time had a highly significant but marginal positive effect on MPE,
while the opposite impact on a comparable small scale was estimated for number of activity
changes (Table 5.4). The R2 computed using the MuMin package (Barton, 2019) revealed a
conditional R2 of 0.87, which is the variance explained by the fixed and random effects. The
marginal R2, which explains the part of the variance in the trait MPE associated with the fixed
factors, was 0.353, mostly associated to the inclusion of the factor lactation class as is also
visible in Figure 5.3.
Table 5.4. Model output to predict milk production efficiency (MPE) of Swiss dairy cows by eating and rumination
behaviour parameters and lactation class
MPE
Predictors

Estimates

SE

p

(Intercept)

-0.0540

0.015

<0.001

Ruminate time (h/d)

0.0043

0.001

<0.001

Eating time (h/d)

0.0035

0.0009

<0.001

Ruminate chews per minute (avg. of 24h)

-0.00005

0.0003

0.876

Ruminate chews per bolus (avg. of 24h)

0.00003

0.0004

0.941

Activity changes (n/d)

-0.0003

0.00004

<0.001

Lactation class [2]

0.018

0.004

<0.001

Lactation class [3]

0.040

0.004

<0.001

N Observations

544

N AnimalID

103

NTrial
Marginal

8
R2

/ Conditional

R2

0.353 / 0.870
Figure 5.3. Regression estimates
for MPE model

Within dataset cross-validation
FiBL performed a 10 times repeated 10- fold cross validation in R (Version 3.6.0) to predict the
classes of the ranking scores with the three levels «high», «medium» and «low» (defined as
described in above) using sensor curve parameters (SCP). First, the coefficients for the AVG,
minimum (MIN), maximum (MAX), SLOPE, SKEW, AC1 (auto) and standard deviation (STD)
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of SCP were estimated using lactation curve parameter estimation with an incomplete Gamma
Model as described above in section 5a.
Second, an ordinal logistic regression model to predict the classes of the ranking scores by
the seven SCP variables applying the package VGAM (Yee, 2010) was estimated and
thereafter reduced step by step excluding all SCP variables with a P-value >0.2.
The reduced models obtained were:
RSCORE: ordered(Class_RANK_FiBL_Core) ~ -0.59549 lowImedium + 0.58730 mediumIhigh+
0.06296 Skew + 6.51193 Slope
RSADAPTED: odered (Class_RANK_FiBL_Ad) ~ -0.71269 lowImedium + 0.49661 mediumIhigh
+0.12493 Mean -0.06639 Min -0.03762 Max + 0.17459 Skew
The obtained reduced ordinal logistic regression models were trained to predict the classes of
the ranking scores of CORE and ADAPTED, respectively, using a 10 times repeated 10-fold
cross validation procedure in the caret package of R (Kuhn, 2020).
The average accuracy in predicting the classes correctly by using the reduced models descri
bed above was 0.3889 and 0.3503 for Class_RANK_CORE and Class_RANK _ADAPTED, re
spectively.
Any other information
Additionally, to the common work, FiBL carried out a study to evaluate to which degree true
resilience (i.e. number of completed lactations) can be estimated in first and second lactation
of cows in organic low-input farms. The respective models were developed on a retrospective
dataset comprising 298 culled cows and were tested on a larger data of >7700 culled cows.
The work will be reported in a publishable manuscript during the next months.

GenTORE – GA n° 727213
D3.1 – Report on the utilisation of existing on-farm technology for novel proxies for resilience
and efficiency
81

6.6.

Partner report – FSK (PO)

Data description
The final data base included 313 cows from a single herd (Juchowo). This database was
prepared and sent to Institute of Genetics and Animal Breeding of Polish Academy of Sciences
in Jastrzębiec for analyses in statistic program SAS. The available data included age at first
calving, time between calvings (calving intervals), the number of lactations, the number of
inseminations in each lactation and the milk yield. The available milk yield data was
standardized for a lactation length of 305 days (305-day milk yield), but in case a cow had a
shorter lactation than 305 days this shorter lactation length was considered (for example 289
days).
To collect sensor data, 50 ear-mounted biosensors from E-stado were installed. These
biosensors measured the time of rumination, feeding time and time of inactivity. The data are
available
in
an
on-farm
application
(e-stado) and we get also information about alarms per SMS. Data for body temperature was
also
available,
but
during
pasture
season
it
was
not
reliable.
Description of scoring system of resilience

The resilience score (RS) was defined with as follows:
RS = 100*No.Parity
(MY/HMMY*100)-100

+

100-(CI/HMCI)*100

+10+(-5)*No.ins

+100-(AFC/HMAFC)*100

+

Table 6.1. FSK weights for the core definition of resilience

Baseline
Parity
Health event

FSK-CORE
0
100
0

Calving interval

100-(CI/HMCI)*100

compared to the herd average, shorter than the herd average bonus points, longer than herd average - minus points will be given

Insemination

10+(-5)*No.ins

the first insemination receives +10 point, the second insemination
-5 point, the third insemination again -5 etc.

Age first calving

100-(AFC/HMAFC)*100

compared to the herd average, shorter than the herd average bonus points, longer than herd average - minus points will be given

305d-MY

(MY/HMMY*100)-100

100 bonus points for each calving

bonus points will be given for each % above the peer average, for
each % below peer average minus points will be given. If cow has
a shorter full lactation than 305 days (for instance 297 days), we
take MY for shorter lactation
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Resilience ranking
Resilience score for cows in Juchowo had a range from 42 to 7686. Based on these scores,ows
ware ranked as low, medium and high resilient cows.
Table 6.2. Resilience scores for each category (low, medium and high resilience)
Low
Medium
High
L
M
H
33%
33%
33%
range RS
to
500
1 509
7 686
from
42
505
1 517
Table 6.3 Correlation coefficient the feature with RS
Variable

Weight

deviation CI

-0,546

No insemintions

0,132

AFC

0,101

deviation AFC

-0,101

deviation 305d-MY

0,039

Parity

0,99

The difference between the herd average CI and the lactation CI had a negative to moderate
impact (-0,546) on the resilience, while the 305d-MY for each lactation had a positive to
moderate impact (0,464) on the resilience. Parity was the most important variable, with a
weight of 0.99 it had a very strong positive impact (0,99) on the RS (Table 6.3). Accordingly,
lifetime milk production (n=313) had a very strong positive correlation (0,905) with lifetime RS.
Table 6.4. Spearman's correlation coefficients of the resilience scores across different partners with FSK data, N =
1249
FSK
FSK

WUR

1.00000

0.89671
<.0001

RAFT

0.98817
<.0001

MED

0.99691
<.0001

UniPD

0.98965
<.0001

FiBL

0.99583
<.0001
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For the cross-validation with WR and RAFT, treatments were excluded.
Below, some examples of the available data are shown for cows that are highly or lowly
resilient using milk control data.
Figure 6.1. Lactation curve for a cow 107 made on the basis milk control data (once a month) - High resilient cow

107
35
30
25
20
15
10
5
0

Figure 6.2. Lactation curve for a cow 107 vs herd mean made on the basis milk control data (once a month) - High
resilient cow

cow 107 vs herd mean
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Figure 6.3. Lactation curve for a cow 526 vs herd mean made on the basis milk control data (once a month) - Low
resilient cow

cow 526 vs herd mean
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Description of scoring system of efficiency
In a first phase, a validation of the biosensors was carried out, in which with image recording
the actual feeding behaviour was monitored. The videos were analysed using BORIS program
to check whether biosensors are really showing the moment of feed intake (August 2018).
In July 2019 a feed intake trial in the barn was done in which an old software version was used
and as a result, the amount of time of feed intake was too high.
Table 6.5. Quantity of feed intake for three cows (kg/min)

cow number

quantity
[kg/min]

277

0,049

196

0,099

518

0,032

Correlation coefficient between time of feed intake and feed quantity was 0,996 with a
standard deviation of 0,035.
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Table 6.6 Quantity of feed intake for three cows (kg/min) (repeated):

cow number

quantity
[kg/min]

277

0,001

196

0,136

518

0,053

The correlation coefficient between time of feed intake and feed quantity was found to be -

0,314 with a standard deviation of 0,068. When both variables were analysed together, a
correlation coefficient between time of feed intake and feed -0,133 was found (standard
deviation 0,048).
In February 2020 another feed intake trial during winter feeding was carried out.
Table 6.7 Quantity of feed intake for four cows (kg/min)
quantity
cow number
[kg/min]
258

0,113

401

0,054

212

0,191

250

0,122

In this trial, following results were obtained:
Correlation coefficient between time of feed intake and quantity of feed – 0,894
Correlation coefficient between quantity of feed intake and MY
0,975
Correlation coefficient between body weight and MY
– 0,929
Correlation coefficient between time of feed intake and MY
0,144
Stadnard deviation
0,056
Data from biosensors (15 cows - all together 259 days observations) included time of
rumination, time of feed intake and time of inactivity was analyzed and compared with daily
MY.
Correlation coefficient between time of rumination and daily MY
0,4
Correlation coefficient between time of feed intake and daily MY
0,3
Correlation coefficient between time of feed inactivity and daily MY
-0,4
Data from biosensors (12 cows - all together 235 days observations) included time of
rumination, time of feed intake and time of inactivity was analyzed and compared with lifetime
RS.
Correlation coefficient between time of rumination and lifetime RS
Correlation coefficient between time of feed intake and lifetime RS
Correlation coefficient between time of inactivity and lifetime RS
Correlation coefficient between daily MY and lifetime RS

0,2
-0,7
0,5
-0,3
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Data from e-stado for 17 cows and together 2637 days observations :
Correlation coefficient between time of rumination and lifetime RS
Correlation coefficient between time of feed intake and lifetime RS
Correlation coefficient between time of feed inactivity and lifetime RS

0,2
-0,2
0,2

Figure 6.4. Time of rumination during 20 days of observation in relation to daily milk yield for cow
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Figure 6.5. Time of feed intake during 20 days of observation in relation to daily milk yield for cow
400,0

18,0

350,0

16,0

300,0

14,0
12,0

250,0

10,0

200,0

8,0

150,0

6,0

100,0

4,0

50,0

2,0

0,0

Daily milk yield in kg

Feed intake in min.

No.20

0,0
1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20

Cow number 20

GenTORE – GA n° 727213
D3.1 – Report on the utilisation of existing on-farm technology for novel proxies for resilience
and efficiency
87

Sensor features
As sensor features, the time of rumination, time of feed intake and time of inactivity as shown
in the E-stado application were used. Figure 6.6 to 6.8 shows these features in relation to the
herd averages and ranges for specific cows.
Figure 6.6. Time of rumination for a cow 258 compared to the herd level and average herd.

Figure 6.7. Time of feed intake for a cow 258 compared to the herd level and average herd.
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Figure 6.8. Time of inactivity for a cow 258 compared to the herd level and average herd.

Primary algorithm for efficiency
Following model was proposed to predict efficiency: FE = RUM + FEEDINT + INAC + DMP
With
DMP – daily milk performance
RUM - time of rumination
FEEDINT - time of feed intake
INAC - time of inactivity

Within dataset cross-validation
In order to pre-select sensor features for the multiple regression models, phenotype (Pearson)
correlations between the features of the observed cows and their resilience value and daily
milk productivity were calculated. Then, their impact on the estimation accuracy was assessed
using MAXR and STEPWISE procedures for multiple regression models from the SAS
statistical package [SAS User’s Guide 1990]. The highest possible accuracy of the estimation
model was tested using the STEPWISE procedure, adding further measurements to it. The
MAXR procedure evaluated the maximum level of accuracy achieved with a constant number
of multiple regressions. Only statistically significant factors were used in multiple regression
equations. As a result of this analysis, the following cows activities measured with a help of
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ear tags were selected for the construction of multiple regression models: Time of rumination,
time of feed intake, time of inactivity as well as daily milk productivity that was taken from
milking parlor sensors.
Table 6.8 Partial regression model for stepwise procedure.
Lifetime RS

Intercept

RS1
RS2
RS3

-3003,66
-5253,47
-3583,98

Daily
milk
performace

Time
of
rumination

-77,81

396,83
501,13

Time of feed
intake

Time
inactivity
618,61
746,72
679,02

of

R2
0,25
0,31
0,35

In our case the best fitted model is RS3 that includes information from daily milk performance,
time of rumination and time of inactivity. All partial regression coefficients were significant
(p<0.001).

Figure 6.9. The residual variance for Lifetime regressors as : time in rumination, time of inactivity and milk.
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Where DMP is daily mik performance, INAC – time of inacticvity and RUM – time of rumination.
Table 6.9 Partial regression model for MAXR procedure.
Lifetime RS
Intercept
Daily
milk Time
of
performace
rumination
RS1
-3003,66
RS2
-5253,47
396,83
RS3
-3583,98
-77,81
501,13
RS4
-5078,49
-81,58
541,05

Time of feed
intake

146,77

Time
inactivity
618,61
746,72
679,02
778,28

of

R2
0,25
0,31
0,35
0,36

In this case the best fitted model is RS4 that includes information from daily milk performance,
time of rumination, time of feed intake and time of inactivity. All partial regression coefficients
with exception of time of feed intake were significant (p<0.001).
Figure 6.10. The rest of variance for Lifetime regressors as : time in rumination, time of inactivity and time of feed
intake.

Where DMP is daily milk performance, INAC – time of inactivity, RUM – time of rumination and
FEEDINT – time of feed intake.
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The time of inactivity seems to be the best trait, which can characterize lifetime resilience.
8. Any other information
We plan to prepare following publications:
1. Prediction of lifetime resilience on basis milk yield in 1 lactation on organic farm.
2. Relation between lifetime resilience and lifetime production on organic farm.
3. Electronic data from biosensors as a tool for predicting lifetime resilience and efficiency
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6.7.

Adapted resilience scores

Table 7.1. Implementation details for the adapted definitions of resilience

Table 7.2. Explanations for RAFT adapted resilience score
Calving interval FORMULA0
+/- days shorter or longer than herd peers of the same lactation (thus: shorter =
positive bonus points, longer = negative penalty points, one per day shorter or
longer than animals in same lactation)
Insemination
FORMULA1
+10 if only 1 insemination recorded; +8 if 2 inseminations recorded; +4 if 3
inseminations recorded; if > 3 inseminations: 4-(No. ins) * 6
AFC
730-AFC
AFC = age at first calving in days; penalties if longer than 24 months, bonus
points if shorter; 1 point per day longer or shorter
305d-MY
FORMULA2
% more or less produced compared to herd peers of the same lactation in the
first 305 days. If less than 305 days available only take into account the true
number of days in production
CULL DIM
FORMULA3
IF culled before Days in milk 100, then subtract the 100-DIMculled
Table 7.3. Explanations for WUR adapted resilience score
Resilience points are counted for each lactation, and summed over all lactations to obtain the overall RS of a cow.
Parity is not included in the formula. for a calving a cow gets 500 baseline points. For the other aspects points are
calculated and weighted according to weighting factors indicated in the table.
AFC: for ech day shorter than the herd mean (HM_AFC) animals get 1 credit point, for each day longer one point is
subtracted. Because of the long timespan represented in the dataset (1990-2016) herd means were calculated for 5year periods. In the core definition credit points were weighted with factor 1.
inseminations: points for inseminations are the same as in the RAFT-CORE approach, and weighted with factor 1.
305-d MY: p305 = 305-day yield as calculated by the DHI, avg305 = the herd mean (again calculated per 5 year
period, with separated figures for 1st, 2nd, 3rd and higher parities. again a weighting factor of 1 was applied .
health events: each disease during a lactation is counted as a health event, but for the last lactation (at the end of
which an animal is culled) additional events are counted for each day the animal is culled before 100 DIM. health
events are weighted with factor -1 in the core definition (so more heath events means less resilience points).
CI: for ech day shorter than the herd mean(HM_CI) animals get 1 credit point, for each day longer one point is
subtracted. Because of the long timespan represented in the dataset (1990-2016) herd means were calculated for 5year periods. In the core definition credit points were weighted with factor 1.
lpar_insemination: lactation score for last lactation of an animal is corrected when the animal was inseminated, where
points given according to the general rule are subtracted and for each insemination the lactation score is reduced by
the number of inseminations multiplied with a weighting factor. In case of the core definition the weight was 0.

Table 7.4. Explanations for Idele/MEDRIA adapted resilience score
Calving interval
+/- days shorter or longer than herd peers of the same lactation (CILact -CI HerdMean)
Insemination

penalties for additional AI
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AFC

compared to 24 month => AFC -730

305 d-MY

% of the herd peers mean

ECM

Energy corrected Milk : 305 d-MY* ((0.337 + 0.116 * (FATCONTENT305 d-MY / 305 d-MY)) +
(0.06 * (PROTCONTENT305 d-MY/305 d-MY)) => in % of herd peers mean
Only for last lactation < 100 DIM => FORMULA = 100-DIM Same than RAFT

CULL DIM

Table 7.5. Explanations for FiBL adapted resilience score
AFC was only used for the first lactation, whereas CI was only used for the second to 10th lactation. 11th and further
lactations were excluded.
A Resilience-value was calculated for each lactation. In the end these values were added for each cow to get a lifetime value. This value was used for the ranking.
AFC and CI were used equivalently. For primiparous cows we used AFC and not CI, for multiparous cows we used CI
and not AFC
CI
CI_herd - CI_individual
days shorter or longer than herd average (shorter
getting a positive value)
AFC AFC_herd - AFC_individual
days shorter or longer than herd average (shorter
getting a positive value)
305d 305MY_individual / MY_cows_in_same_parity * 100 percentage of higher or lower 305d milk yield
100
compared to the cows in the sam lactation (higher
yield getting a positive value)
SCC log2(((SCC1+SCC2+...SCCn)/n)/100000)+3*(N100/Ntot) As a measure of Somatic Cell Score we used the
somatic cell score of the average of the SCC of the
testdays (n) and multiplied this by the ratio of the
test days with SCC > 100'000 (=N100) and the
total number of test days in that lactation (=Ntot).
Table 7.6. Explanations for UniPD adapted resilience score
Parity
lactation number
Health event

Not available

Calving interval

(Individual Cl) – (Average CI of the Herd), in days (ΔCI)

Insemination

Not available

Age first calving

(Average AFC of the Herd) – (Individual AFC), in days (ΔAFC). Included in the formula at
each lactation
Difference in percentage compared to the peers average. The Mature Equivalent available
from the official controls was used (ΔEVM)
Number of official controls within lactation in which the SCC was >200,000/mL (SCC>200).
We had 10 to 12 controls per cow per lactation. This can also be intended as an indicator of
health events, but only about mastitis. SCC was used only for “UniPD-ADAP”

305d-MY
SCC
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6.8.

T3.1 Output

Published outputs
I. Adriaens, N.C. Friggens, W. Ouweltjes, H. Scott, B. Aernouts, J. Statham (2020). “Productive
lifespan and resilience rank can be predicted from on-farm first parity sensor time series but
not using a common equation across farms”. Accepted for publication in Journal of Dairy
Science. https://doi.org/10.1101/826099
C. Kamphuis, Y. de Haas, N.C. Friggens, W. Ouweltjes (2019) Developing proxies for
resilience and efficiency with at-market sensor technologies. Precision Livestock Researchers
Workshop Seminar. Copenhagen, Denmark. 11-12 April 2019
C. Kamphuis, Y. de Haas, W. Ouweltjes (2019) At-market sensor technologies to develop
proxies for resilience and efficiency in dairy cows. Precision Dairy Farming Conference.
Rochester, Minnesota, USA. 18-20 June 2019
Y. de Haas, W. Ouweltjes, C. Kamphuis (2019) Use of at-market sensor technologies to
develop proxies for resilience and efficiency in dairy cows. Interbull annual meeting. Cincinnati,
USA. 22-24 June 2019
W. Ouweltjes, Y. de Haas, C. Kamphuis (2019) At-market sensor technologies to develop
proxies for resilience and efficiency in dairy cows. European Conference on Precision
Livestock Farming. Cork, Ireland. 26-19 August 2019
N. Friggens, J. Statham (2018) What the hell is resilience and efficiency? 69th Annual Meeting
of the European Federation of Animal Science, Dubrovnik, Croatia, 27-31 August 2018
J. Statham (2020) Sustainable Dairy Herd Health. The Western Canadian Association of
Bovine Practitioners Conference, Calgary, Canada, 16-18 January 2020

J. Statham (2018) Veterinary Clinical Data Surveillance (“DataVet”). British Cattle
Veterinary Association Congress, Leicestershire, UK, 18-20 October 2018
Future abstract/publication submissions
F. Moser, A. Bieber, A. Maeschli, A. Spengler Neff, F. Leiber (2020) Predicting longevity
based on lactation curve, cell count and calving interval in organic cows. EAAP 2020
(conference abstract submission delivered March 2020)
Bieber, A. Spengler, C. Baki, J.K. Probst, F. Moser, F. Leiber. Prediction of Resilience and
Efficiency with chewing sensor data in grazing-based dairy systems (full publication
submission planned for August 2020)
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Bieber, F. Moser, A. Maeschli, I. Lora, G. Cozzi, A. Spengler, F. Leiber. Prediction of
productive lifespan and lifetime yields from 1st and 2nd lactation data (full publication
submission planned for September 2020)
Spengler, C. Baki, A. Bieber, F. Leiber. Prediction of efficiency in grazing suckler cows with
chewing sensor data (full publication submission expected March 2021)
M.Liberacka, T. Sakowski (authors to be confirmed). Prediction of lifetime resilience on basis
milk yield in 1 lactation on organic farm (writing planned for 2020-2021 (publication depending
on data received from newly constructed biosensors)
M.Liberacka, T. Sakowski (authors to be confirmed). Relation between lifetime resilience and
lifetime production on organic farm (writing planned for 2020-2021 (publication depending on
data received from newly constructed biosensors)
M.Liberacka, T. Sakowski (authors to be confirmed). Electronic data from biosensors as a tool
for predicting lifetime resilience and efficiency (writing planned for 2020-2021 (publication
depending on data received from newly constructed biosensors)
M.Liberacka, T. Sakowski (authors to be confirmed). Electronic biosensors as a useful tool in
PLF - a literature review (writing planned for 2020-2021)
M.Liberacka, T. Sakowski (authors to be confirmed). Estimation of the amount of fodder intake
in the pasture and in the barn using activity signals from biosensors (writing planned for 20202021)
M.Liberacka, T. Sakowski (authors to be confirmed). Control of animal activity in the barn and
pasture and what results from it for the farmer? (writing planned for 2020-2021)
I. Adriaens, J. Statham (2020) On-farm sensor technology – the vet’s burden or a helping
hand? RAFT Precision Livestock Farming in Practice Conference
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