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ABSTRACT

A new method to estimate residual feed intake (RFI) was recently developed based on a multi-trait
random regression model. This approach deals with the dynamic nature of the lactation, which is in con-
trast with classical linear approaches. However, an issue remains: pooling data across sites and years,
which implies dealing with different (and sometimes unknown) diet energy contents. This will be needed
for genomic evaluation. In this study, we tested whether merging two individual datasets into a larger
one can lead to valuable results in comparison to analysing them on their own with the multi-trait ran-
dom regression model. Three datasets were defined: the first one with 1 063 lactations, the second one
with 205 lactations from a second farm and the third one combining the data of the two first datasets
(1 268 lactations). The model was applied to the three datasets to estimate individual RFI as well as vari-
ance components and correlations between the four traits included in the model (fat and protein cor-
rected milk production, BW, feed intake and body condition score), and a fixed month-year-farm effect
was used to define the contemporary group. The variance components and correlations between animal
effects of the four traits were very similar irrespective of the dataset used with correlations higher than
0.94 between the different datasets. The RFI estimates for animals from their single farm only were also
very similar (r > 0.95) to the ones computed from the merged dataset (Dataset 3). This highlights that the
contemporary group correction in the model adequately accounts for differences between the two feed-
ing environments. The dynamic model can thus be used to produce RFI estimates from merged datasets,
at least when animals are raised in similar systems. In addition, the 205 lactations from the second farm
were also used to estimate the RFI with a linear approach. The RFI estimated by the two approaches were
similar when the considered period was rather short (r = 0.85 for RFI for the first 84 days of lactation) but
this correlation weakened as the period length grew (r = 0.77 for RFI for the first 168 days of lactation).
This weakening in correlations between the two approaches when increasing the used time-period
reflects that only the dynamic model permits the regression coefficients to evolve in line with the phys-
iological changes through the lactation. The results of this study enlarge the possibilities of use for the
dynamic RFI model.
© 2021 The Authors. Published by Elsevier B.V. on behalf of The Animal Consortium. This is an open access
article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

Implications

analysed on their own. This opens up for deriving better residual
feed intake estimates from pooled data and implies that there

This paper shows that a new multi-trait random regression
model, estimating feed efficiency in a continuous manner across
the lactation, is suitable for combining datasets from different
origins, at least for similar farming systems. It adequately accounts
for differences in feeding environments and allows residual feed
intake estimates to be produced for datasets too small to be
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would be considerable value in a centralised database for combin-
ing efficiency datasets from different sites.

Introduction

With feed costs representing above 50% of total production
costs in dairy cattle farms (European Commission, 2018),
improving feed efficiency has become of great importance in dairy
cattle. Although different mathematical ways of estimating feed
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efficiency exist, residual feed intake (RFI) is nowadays the most
commonly used one. First proposed in cattle by Koch et al.
(1963), RFI is the difference between the actual feed intake of an
animal and its predicted feed intake based on its performance,
measured over a fixed time-period. The predicted intake is the
intake necessary to cover the demands of the different energy sinks
(milk, growth, maintenance, etc.), estimated by regression. One of
the major advantages of this method is, in contrast with ratio traits
such as feed conversion ratio, the built-in absence of correlation
(classically at the phenotypic level but also proposed at the genetic
level by Kennedy et al., 1993) between the efficiency trait and its
predictors such as milk production or BW. This is particularly inter-
esting for selection purposes (Berry and Crowley, 2013). However,
some issues remain with this approach. The first issue is related to
the use of static linear coefficients in the regression equation.
When applied to lactating animals, this does not reflect the biolog-
ical reality of different processes occurring at different lactation
stages, such as body reserve mobilisation in early lactation or
reserve accretion associated with pregnancy in late lactation.
Therefore, estimating RFI over the whole lactation with a linear
regression leads to biased assessments (Li et al., 2017). Various
studies have explored further the methodology of RFI or the rela-
tionships between its components (e.g. Manzanilla Pech et al,
2014; Strathe et al., 2014; Lu et al., 2015) which led recently to
the development of new methods based on multi-trait random
regression models that incorporate the dynamic dimension of the
data and propose a solution to this first issue (Islam et al., 2020;
Martin et al., 2021b). However, as the number of parameters to
estimate in the model is considerably greater than for a classical
linear regression, the number of records required for its estimation
is greater, leading to a second issue. Residual feed intake datasets
tend to be relatively small due to the difficulty and cost of measur-
ing intake. Therefore, large-scale phenotyping (in order to provide
a reference population for genomic selection for example) requires
pooling of data across different farms and years. However, pooling
across sites and years implies merging animals with different diets
that all have their own energy contents. Then, if DM intake is used
as the measure of intake, the efficiency estimation is polluted by
the different feed energy densities. Using a conversion to energy
intake based on book values could also introduce bias and poten-
tially squeeze out any variance in digestive efficiency (Martin
et al., 2021a). The literature offers ideas on how to deal with this
issue. For example, Tempelman et al. (2015) and Lu et al. (2017)
used random ration-specific regressions of DM intake on milk
energy and BW. However, all the needed information about the
cows’ diet is not always available. Therefore, it is useful to search
for simpler methods that could be used at least within broad farm
feeding types, especially while using methodologies such as Martin
et al. (2021b) that deals with the first issue as well. Accordingly,
this study has two objectives. First, we test whether this simplifi-
cation of using only a contemporary group fixed effect is suitable
to deal with diet differences, as well as merging a small dataset
with a larger one and compare results obtained when computed
on the merged dataset or on the initial datasets analysed sepa-
rately. Second, we continue testing the dynamic approach by com-
paring its RFI estimates with estimates produced from a linear
regression model computed on the same datasets.

Material and methods
Population resources and feeding management
The records used in this study came from two different datasets.

Dataset 1 included records collected between 2002 and 2016 at the
Danish Cattle Research Centre (Foulum, Denmark) coming from
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Holstein cows in first to third lactation. Housing conditions and
details on the partial mixed ration were extensively described in
Martin et al. (2021b). In short, the diet was based on rapeseed
meal, barley, dried sugarbeet pulp, grass silage, maize silage, urea
and minerals for a typical net energy of lactation of 6.9 MJ per kg
of DM. The nutritional values of the partial mixed ration were all
within the range of typically recommended requirements, formu-
lated to support the milk yield level of the herd, and allocated in
amounts allowing approximately 10% orts to ensure ad libitum
intake. In addition, cows were supplemented daily with a maxi-
mum of 3 kg of concentrate in the milking parlour. Dataset 2 con-
sisted of records collected between 2014 and 2017 at the INRAE
UMR PEGASE Méjusseaume experimental farm (Le Rheu, France)
coming from Holstein cows in first to seventh lactation. Animals
were housed in a freestall barn and fed with a total mixed ration
previously described in Fischer et al. (2018). In short, this diet
was based on maize silage, energy concentrate, soybean cake,
dehydrated alfalfa and minerals. It had a net energy density of
6.6 M] per kg of DM. Similarly to dataset 1, cows were fed ad libi-
tum with a daily target of 10% orts per cow.

Phenotypes and data editing

For dataset 1, a weekly measure of average daily milk yield per
cow was obtained by averaging daily milk yield records per cow in
each week. Milk samples were taken weekly for fat and protein
analyses. Dry matter content of the mixed ration and concentrates
were analysed regularly and the compositions were aligned and
merged with feed intake records to obtain weekly DM intake
(DMI) values for each cow. Animals were also automatically
weighed at each milking so that BW records were averaged to
obtain a weekly record of BW per cow in each week. Body Condi-
tion Score (BCS) was evaluated every two weeks and scored on a
scale from 1 to 5 (Kristensen, 1986). For dataset 2, milk quantity,
BW and DMI were obtained daily, milk fat and protein were anal-
ysed two days a week and BCS was evaluated monthly on a scale
from O to 5 (Bazin, 1984). All daily measurements were averaged
per week.

A corrected milk (cmilk) trait was created for both datasets fol-
lowing the FAO formula which defines as a standard milk with 4.0%
fat and 3.3% protein (FAO, 2010):

Cmilk (kg) = raw milk (kg) * (0.337 + 0.116 * fat content (%) + 0.06 *
protein content (%))

The same filters as the ones used in (Martin et al., 2021b) were
applied to avoid non-sensical performances. Therefore, records
implying differences between two consecutive records higher than
12 kg for cmilk, 50 kg for the BW, 7 kg for the daily DM intake and
one unit of BCS were discarded. Less than 2% of the data were dis-
carded for cmilk and BCS and about 4% for BW and DMI. Both data-
sets included at least 200 days of records within each lactation for
each animal. The final number of animals and lactations was 564
animals and 1 063 lactations for dataset 1 and 149 animals and
205 lactations for dataset 2. A third dataset, Dataset 3, was created
by merging Dataset 1 and Dataset 2 together, leading to 1 268 lac-
tations from 713 animals.

Statistical analyses

Dynamic model. After some analyses to get descriptive statistics
performed using Proc Means under SAS/STAT® software for each
farm separately, the methodology presented in (Martin et al.,
2021b) was applied to the three datasets using the Wombat soft-
ware (Meyer, 2007) to estimate a dynamic RFI for each animal at
each time point. Briefly, the approach used was as follows:
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First, a multi-trait random regression model was applied to the
data using each of the four traits (cmilk, BW, DMI and BCS) the fol-
lowing equation:

3 2
Yitmr = Ci + anoﬂln q)nr(t) + anoamﬂ(pnr(t) + Citmr

where y;;,,, is the observation of the r-th trait, ; is the fixed effect of
the contemporary group, i.e. the i-th month-year combination for
Datasets 1 and 2 and the i-th farm-month-year combination for
Dataset 3, corresponding to the record date, B, is the n-th fixed
regression coefficient specific to parity class 1, o, is the n-th ran-
dom regression coefficient of the animal m, ¢,,(t) is the n-th coef-
ficient of a Legendre polynomial of degree 2 for the animal effect
and degree 3 for the parity class, evaluated at day in milk (DIM) t,
and ey, is the random residual effect. Successive lactations from
the same animal were considered as coming from different animals.
Within trait, residual effects were assumed to have a homogenous
residual variance as no differences were observed during tests using
heterogeneous residual variance except an increase in calculation
time.

For each trait and lactation, an estimated animal effect was gen-
erated for each day of lactation. These animal effects will be
denoted aemin(t), Auweign:(t), apmi(t) and agcs(t). It is worth noting that
as no pedigree nor genomic information was included in this study,
the animal effect includes both the genetic and the permanent
environmental effects.

Then, by multiplying the variance components of the random
regression by the corresponding time coefficients of the Legendre
polynomials, variances and covariances at each time point were
estimated for each trait and used to calculate correlations between
traits across the lactation.

Using elements from the resulting variance-covariance matrix
and the animal effects for cmilk, weight and BCS, a predicted intake
was estimated by a multivariate regression. Finally, the RFI esti-
mate was obtained as the difference between the actual animal
effect for DMI and the one predicted from the three other variables
(cmilk, BW and BCS). As this RFI is dependent on time, we also
defined RFl,; as the averaged RFI of each animal over the whole
lactation.

Linear model. In order to compare the results obtained from the
dynamic approach to a more classical approach, RFI estimates were
also calculated on animals from Dataset 2 from a linear regression
model as proposed by Fischer et al. (2018). Briefly, after centring
the independent variables, the following mixed model was applied
as follows:

DMI; = (i py) +a x NEMilk; + b x (BW*™)
+ ¢ x (BWgain x BCS); + d x (BWloss  BCS);
+ parity + Year + Fortnight « Year + ¢;

where Fortnight is the fixed effect of lactation fortnight (14-day
period), DMI; is the mean daily DMI calculated over each fortnight
for cow j, p is the intercept, NEMilk; is the mean daily net energy
in milk of cow j calculated for the considered fortnight according
to the equation below, BW®” is the mean metabolic BW of cow j
on the considered fortnight, (BWgain = BCS) is the body reserve gain
in the considered fortnight calculated as the fortnight average of the
product between BW gain and BCS, and (BWiloss * BCS) is the equiv-
alent for body reserve loss, Year is the fixed effect of year of exper-
imentation and Fortnight*Year is the interaction between the fixed
effect of fortnight within each year of experimentation. p is the
fixed part of the intercept and p; is the individual animal deviation
of the intercept, a, b, ¢ and d are the slopes. The residual feed intake
is defined here as p;, the individual animal deviation of the inter-
cept. The model also included the simple and two-way interactions
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with parity and Year. This mixed model was carried out using the
Proc Mixed of the SAS/STAT® software, using a repeated effect of
cow nested within lactation with a first order autoregressive vari-
ance-covariance matrix and a random effect of cow nested within
lactation, as defined in Fischer et al. (2018).

The net energy in milk was estimated according to the equation
of INRA (2010):

NEMilk = (MY x [0.44 + 0.0055 x (FC — 40)
+0.0033 x (PC — 31)]) x 7.12

where NEMilk is the net energy in milk in MJ/d, MY is the milk pro-
duction in kg/d, FC is the milk fat concentration in g/kg and PC is the
milk protein concentration in g/kg.

Mean RFI for the two farms of Dataset 3 were compared using
Proc Ttest of the SAS/STAT® software (significance threshold of
0.05). Correlations between the results obtained from the different
datasets or from the different models were calculated using Proc
Corr.

Results
Descriptive statistics

Descriptive statistics for both farms, averaged over the lactation,
are reported in Table 1 for the raw data of the four considered traits.
As already observed by Martin et al. (2021b), some values are espe-
cially low (for example, 3.1 kg of cmilk or 5.0 kg of DM) but they are
unlikely to be measurement errors because first, data were averaged
on a weekly basis and second, they are relatively close to the previ-
ous value for a given animal (due to the filtering step). These extreme
values are possibly due to health issues. The raw data of the two
farms are very similar with the only exception being the body con-
dition score, which shows a difference of one point between the
farms. As the standard deviations are nearly the same, it is likely
due to a difference in the scale of notation (scale of 1 to 5 for Aarhus
and 0 to 5 for Méjusseaume). The similarity between farms lasts dur-
ing the entire lactation as illustrated by Fig. 1.

Comparison of the variance-covariance matrix obtained from the
three datasets

Each dataset leads to 430 variance components and 258 corre-
lations (four traits and 43 weeks of lactation). The correlations
between the three datasets for these results (the variance compo-
nents and the correlations between traits) are presented in Table 2.
As expected given the large role that Dataset 1 plays in Dataset 3
constitution, the correlations between Dataset 1 and Dataset 3
are almost one. However, the correlations between Dataset 2 and
Dataset 3 are extremely high as well (>0.95). This is also the case
for the correlations between Dataset 1 and Dataset 2, i.e. between
the two farms analysed separately (>0.94). It is interesting to note
that the slight difference between dataset 2 and the two other
datasets is mainly linked to BCS. In fact, for the 258 correlations
among the four traits estimated within each dataset, the average
value for a given correlation estimated from dataset 2 is 0.08
higher than the same correlation estimated from one of the two
other datasets. But this average difference of 0.08 hides variability:
for correlations between cmilk, weight and DMI, the average differ-
ence between estimates from dataset 2 and estimates from dataset
1 is 0.03 (range of —0.08 to 0.15) while this difference averages
0.12 (range of —0.07 to 0.34) for correlations between BCS and
one of the three other traits. The difference between datasets also
increases through days in milk.

The residual variances of the four traits estimated from the
three datasets are presented in Table 3. Some differences are
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Table 1
Number of observations (n), means, SD, minimum (min) and maximum for the four predictor traits over all lactations in each of the two dairy cattle farms considered.
Trait Farm N Mean SD Min Max
Corrected Milk Aarhus 40 619 334 7.8 3.1 68.9
Méjusseaume 7734 304 5.9 4.2 58.0
BW Aarhus 40 662 642.5 74.8 398.9 982.9
Méjusseaume 7131 632.2 69.2 404.0 901.0
DM Intake Aarhus 42177 21.7 34 6.0 38.7
Méjusseaume 7 266 21.7 33 5.0 304
Body Condition Score Aarhus 19 661 3.13 0.34 1.50 4.75
Méjusseaume 1698 1.98 0.35 1.25 3.67
80
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Fig. 1. Evolution of the mean corrected milk (cmilk), BW, DM intake (DMI) and body condition score (BCS) by dairy cattle farm over the lactation (expressed in day in milk).
With cmilk expressed in kg, weight expressed in 10 kg, DMI expressed in kg and BCS expressed in 0.1points on the y-axis and the x-axis representing days in milk.

Table 2
Correlations between the equivalent variance components and correlations obtained
from the three dairy cattle datasets.

Datasets Correlation on the Correlation on the
variance components correlations between traits

Dataset 1/Dataset 3 0.999 0.996

Dataset 2/Dataset 3 0.953 0.951

Dataset 1/Dataset 2 0.940 0.964

Dataset 1: Animals from Aarhus farm only; Dataset 2: Animals from Méjusseaume
farm only; Dataset 3: Animals from both farms.

observed between the two farms when analysed individually. The
residual variances from the model combining the two farms are
intermediate but closer to Dataset 1, which represents 80% of the
data from Dataset 3.

Comparison of residual feed intake estimates depending on farm origin
in dataset 3

The average RFI of the 1 063 lactations from Aarhus on one
hand, and of the 205 lactations from Méjusseaume on the other
hand, were estimated at each time point and are presented in
Fig. 2. Animals from Aarhus seem to be on average slightly more

Table 3

Residual variances of the four traits for the three dairy cattle datasets.
Trait Dataset 1 Dataset 3 Dataset 2
Corrected milk (kg?) 5.96 5.42 2.61
BW (kg?) 8.31 10.00 19.62
DM Intake (kg?) 1.54 1.54 1.49
Body Condition Score 0.31 0.30 0.12

Dataset 1: Animals from Aarhus farm only; Dataset 2: Animals from Méjusseaume
farm only; Dataset 3: Animals from both farms.

efficient in early lactation than animals from Méjusseaume but
after 120 days in milk, this difference switches with animals from
Méjusseaume appearing on average more efficient. However, this
difference never exceeded 0.2 kg of DMI, which is very small rela-
tive to daily intake, and given the sample size, this difference is
never significant over the lactation (P > 0.05).

Comparison of residual feed intake estimates and efficiency ranks
between datasets

Estimates for RFI and ranking of the animals based on their RFI
averaged over the entire lactation were calculated for each dataset.
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Fig. 2. Evolution of the mean residual feed intake (RFI) by dairy cattle farm over the lactation (from the results of Dataset 3).

For the animals from the Aarhus farm, the correlation between
their RFI estimated from Dataset 1 and from Dataset 3 is almost
one (>0.99) and the same is observed for the efficiency ranks. For
Méjusseaume animals, a correlation of 0.95 is obtained between
Dataset 2 and Dataset 3 for RFI estimates and 0.94 for efficiency
ranks, indicating very limited reranking. These correlations are
illustrated in Fig. 3. For both farms, the standard deviations of
RFI (mean s.d. of the daily s.d.) are similar for the two dataset esti-
mations, but slightly higher for Aarhus (s.d. = 1.15 kg DM/d in both
cases for Aarhus from datasets 1 and 3 vs 0.72 and 0.78 kg DM/d for
Méjusseaume RFI evaluated from Datasets 2 and 3, respectively).

Comparison of residual feed intake estimates between the dynamic
and the linear residual feed intake approach

RFI estimations were available for Dataset 2 both from the ran-
dom regression model and a linear model. Correlations between
the results obtained from these two approaches are presented in
Table 4 for two different time intervals (1 to 84 and 1 to 168
DIM). The correlation between the two time intervals is very high
when using the dynamic approach (0.9) and quite high as well
between the two time intervals when using the linear approach
(0.72). The correlations between the two approaches were also
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high for each period: 0.77 and 0.85 for 1 to 84 and 1 to 168 DIM,
respectively.

When comparing RFI results of a given animal on successive
years, the correlations are higher on both periods for the linear
model, which included the animal as an effect in the model, than
in the dynamic model, which considered different lactations inde-
pendently as different animals (1 to 84 DIM: 0.55 vs 0.25; 1 to 168
DIM: 0.75 vs 0.55). These correlations are, however, estimated
from a relatively small number of animals (50). The same
calculation when performed on the Aarhus animals on the overall
lactation gives correlation results of 0.43 between lactations 1 and
2 (345 animals), 0.47 between lactations 2 and 3 (154 animals) and
0.32 between lactations 1 and 3 (143 animals).

Discussion
Pooling datasets: A useful opportunity

The first objective of this study was to test the behaviour of the
dynamic model of RFI analyses when merging data from different
origins and test its suitability to deal with the differences between
feeding environments when combining datasets. When combining
datasets, a correction of the environmental conditions is necessary

5 b) Mejusseaume Farm
7
/
7
o~ /
ke) 7/
= e/
o 7
)] F Vad
= g% ;
o o ,“/‘»‘ parity
® 0J W . o« M
e LRA p
- ¥ e
= 4
B o«
= z
& y
7
7
7
-5
-5

RFI with dataget 2 (kg DM/d)

Fig. 3. Comparison of the residual feed intake (RFI) obtained for each dairy cow in the single-farm VS multi-farm analysis. Where a) is the graph for animals from the Aarhus
farm and b) the graph for animals from the Méjusseaume farm. P means primiparous and M multiparous cows. Each dot corresponds to the average RFI of one animal over all

the lactation.
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Table 4

Correlations between RFI estimates of dairy cows obtained from the dynamic
estimation approach and from the linear approach for the periods: days in milk 1 to
84 and days in milk 1 to 168.

Item Linear RFI Dynamic RFI Dynamic RFI
DIM 1 to 168 DIM 1 to 84 DIM 1 to 168

Linear RFI 0.72 0.85 0.85

DIM 1 to 84

Linear RFI 0.55 0.77

DIM 1 to 168

Dynamic RFI 0.91

DIM 1 to 84

Abbreviations: RFI = Residual feed intake, DIM = days in milk.

to account for the different nutrient contents of the feeds used in
the different experiments. It also serves to adjust for all other
environmental differences and thereby avoid bias such as the
Simpson’s paradox (i.e. misjudgement of an overall result when
combining data of different groups without taking the group infor-
mation into account). Accordingly, a contemporary group effect
(farm-month-year) was used as a corrective effect. This is a usual
way to combine data from different farms in a RFI model
(Tempelman and Lu, 2020; Taussat et al., 2020). The fact that no
significant difference of RFI was found in the present study
between the average levels of the two farms strongly suggests that
such a correction adequately accounts for differences in the feed-
ing environment. In addition, the high correlations between esti-
mates when considering farms separately or together confirm the
suitability of the RFI dynamic approach for pooled datasets, at least
when the different original datasets are quite similar.

Pooling data from different farms in the same model presents
several benefits. First, increasing the sample size leads to improved
accuracy of the estimates of variance-covariance components.
Therefore, when estimated from a larger dataset, more representa-
tive of the population, the correlations between traits can be con-
sidered as more reliable for further use on other animals. Being
able to pool phenotypes from different farms is also particularly
important for genetic and genomic analyses, not only for an
increase of accuracy in estimation of the genetic parameters but
also because intake is a phenotype that is difficult to obtain. The
implementation of a genomic selection for feed efficiency would
be of great interest. Such selection requires a large reference pop-
ulation of several thousands of animals and therefore pooling data
from different farms is necessary. Even though we were unable to
do it in this article due to the lack of genomic information, the
dynamic model is easily adaptable to include such a component
(when genotypes are available) and it could be used in the imple-
mentation of a genomic evaluation. Finally, pooling datasets may
also be useful to obtain estimates on very small datasets. When
analysing alone very small datasets with a random regression
model, it is possible that too few information are available to allow
convergence. Therefore, pooling information from different data-
sets appears to be a promising solution to get estimates from data-
sets too small to be considered alone.

An unknown extend of these conclusions due to farm similarity

If the situation exposed here showed very good results on
merging data from different origins, it is worth noting that the
two farms used in this study were rather similar in terms of
management and performance levels. Apart from the differences
in feed composition, the only notable difference in this study was
the BCS that was not recorded on the same scale. This difference
had an effect on the variance-covariance components and caused
changes in correlations among traits up to 0.3-0.4 in late lactation,
which is not negligible. Even if in the present case, the model
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correctly handles estimations of animals from different farms
(and anyway such scale effects could be corrected for), this small
difference in BCS and its consequences provide a warning with
respect to the limits of using a simple linear adjustment to deal
with between farm differences. One could ask if the approach
would be able to deal with data from very different origins and
diets. It could be hypothesised that the model would produce
biased estimates for a small dataset of, for instance, grazing ani-
mals if it is combined with a large dataset of indoor highly produc-
ing cows. Therefore, the present results need to be confirmed, or
infirmed, on farms with markedly different management strategies
and performance levels. However, currently, most farms with
intake data on a large number of animals use indoor feed recording
systems with more or less the same type of management, which
limits the possibility of testing on radically different situations.

Another limit of this study holds in using a corrective contem-
porary group fixed effect when pooling datasets. It is indeed possi-
ble that a true difference of efficiency values between the animals
of the farms (not due to diet and environmental conditions but real
existing difference of level of efficiency) may be hidden by the cor-
rective effect. In the present case, this was unlikely given that the
two farms had similar management and performance levels.
Nonetheless, in a more general situation where true differences
in efficiency level may exist between animals of two farms, it
would be necessary to include additional information in the anal-
ysis. Genetic information to connect the farms would help distin-
guish environmental effects from true differences between the
animals. Farm specific feed energy values could also be used, either
directly or by including random ration-specific coefficients in the
regressions of DMI on milk energy and BW, as proposed by
Tempelman and Lu (2020).

Comparing residual feed intake estimates from different approaches

The second objective of this study was to provide the first com-
parison of RFI results from a linear approach with results from the
dynamic method. The correlations between the estimates of the
two models were quite high (0.85 and 0.77) and similar or higher
to other (all linear) RFI model comparisons. For instance, Knott
et al. (2008) compared linear RFI models based on different predic-
tors on growing sheep and found correlations above 0.60 and 0.76
when evaluated at 6 months old and 13 months old, respectively,
for the efficiency ranking, and above 0.64 and 0.78 at these two
ages for the RFI estimates. This is also similar to the correlation
of 0.72 found by Liu et al. (2000) between RFI estimated using
residual metabolisable energy consumption calculated from
regression analyses and RFI estimated using nutritional prediction
equations. It is worth noting that in all cases, even if the correla-
tions are high, they are not equal to one anyway and some rerank-
ing is occurring between models which implies that an animal
could be considered as more efficient by one model and less effi-
cient by another without any way for the observer to discriminate
the two estimations.

It is interesting to observe that the correlation between the lin-
ear model in early lactation (1 to 84 DIM) and the dynamic model
in early lactation was the same (0.85) as the correlation between
the linear model in early lactation and the dynamic model in
early + mid-lactation (1 to 168 DIM). In contrast, the correlation
of the linear model in early + mid-lactation with the dynamic
model in early lactation was considerably lower (0.55). It has been
shown that the middle of lactation is the most stable period in
terms of RFI (Connor et al., 2019; Martin et al., 2021b). However,
the RFI in early lactation is more susceptible to short-term varia-
tion, which reflects changes in the physiology of the energy sinks
(Prendiville et al., 2011; Martin et al., 2021b). During the first
5-7 weeks of lactation, a substantial increase of milk production
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occurs, associated with a pronounced mobilisation of body reserve,
and a time-shifted increase of feed intake. This period is associated
with an increased risk of health and fertility issues (Esposito et al.,
2014). The two RFI approaches (linear and random regression)
produce similar estimations when computed on a relatively short
period but this similarity decreases when the period is longer
and includes multiple lactation stages. The differences in these
correlations highlight the key difference between the RFI estima-
tion approaches. One can hypothesise that for the linear approach
on the 1 to 168 DIM period, the regression coefficients are largely
influenced by the stable mid-lactation period, which masks the
changes that occurred in early lactation. In contrast, with the
dynamic estimation approach, the regression coefficients are
allowed to change at each time point and to follow as much as
possible the underlying biological changes. The RFI value reported
for the dynamic estimation approach on a given period of time (1
to 84 DIM or 1 to 168 DIM) is in fact the mean of the successive
RFIs calculated weekly over the period. Thus, the dynamic estima-
tion process allows a better description of the changing RFI profile
through lactation (Martin et al., 2021b).

Conclusion

We have shown that a dynamic RFI estimation approach,
from a multi-trait random regression model, is suitable for use
with data combined from different origins, indicating that the
contemporary group correction in the model adequately
accounts for differences in feeding environments, at least as long
as the animals from the different datasets are raised in similar
systems with comparable performances levels. This allows RFI
estimates to be produced for datasets too small to be analysed
on their own. It thus allows a possible use of this model on
pooled datasets in a genomic evaluation. In addition, a compar-
ison with a linear RFI approach showed generally high correla-
tions with the dynamic estimation approach. The correlations
between linear and dynamic estimation approaches decrease
when increasing the time-period used to estimate feed effi-
ciency. This is because only the dynamic model permits the
regression coefficients to evolve in line with the physiological
changes through the lactation.
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