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ABSTRACT

Effectively evaluating and promoting pro-grazing prac-
tices necessitates the implementation of a verification
system. To address this imperative, exploration of milk
composition analysis as a means to assess grazing prac-
tices has garnered substantial attention. In this study, we
used component predictions from milk Fourier-transform
mid-infrared (FT-MIR) spectra to construct an indicator
to estimate the proportion of herbage consumed by dairy
cows and another indicator to validate grazing. This ap-
proach was developed and validated using 75 estimated
bulk milk analyses, each associated with 3 variables re-
lated to feeding from the same day = 3 d, totaling 526 ob-
servations. These 3 variables are based on the occupation
time, harvested and conserved herbage, and other feeds
from 7 farms in Luxembourg. Hierarchical clustering
facilitated the effective segregation of observations into
distinct groups, with one group predominantly focused
on herbage and the other group on other feeds. Leverag-
ing partial least squares discriminant analysis trained on
FT-MIR predicted milk characteristics from both groups,
we successfully developed an indicator—the probability
of belonging to the herbage group—with a maximum
accuracy of 0.93, a sensitivity of 0.94, and a specific-
ity of 0.93 on the Luxembourg dataset. In a partial least
squares regression, the cross-validation yielded results of
predicting the percentage of herbage in the diet with an
error of 8.77%. Notably, the indicator relied on FT-MIR
predicted components expected to reflect a diet based
on herbage, such as the total of C18:1 trans fatty acids
and CLA. However, it also incorporated unexpected FT-
MIR predicted parameters like milk acidity parameters,
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citrate content, and specific proteins such as lactofer-
rin. Finally, the developed indicators were tested on the
5,886,364 Walloon spectra collected between 2009 and
2023, as well as 23,718 Walloon spectra between 2023
and 2025 from 72 farms known to practice grazing. The
annual trends were analyzed in the context of Walloon
dairy production, helping to refine the selection of bet-
ter indicators. These results could contribute to practical
tools for monitoring and estimating days spent on pas-
ture. Looking ahead, future research should aim to in-
corporate more comprehensive data, such as precise feed
compositions, to further refine our understanding of the
influence of specific herbage diets on milk composition
and enhance the detection of associated changes.

Key words: milk FT-MIR spectra, grass diet, pasture,
grazing, dairy cows

INTRODUCTION

Grazing and herbage-based diets can be important le-
vers in the management and feeding strategies of dairy
farms. One element often emphasized is their impact
on the organoleptic properties and composition of milk
(Alothman et al., 2019; Birkinshaw et al., 2023). Notable
advantages for human health include the enhancement of
n-3, CLA, and PUFA in milk fat (Dewhurst et al., 2006;
O’Brien and Hennessy, 2017). Another frequently cited
aspect of grazing pertains to animal welfare, as it allows
cows to express their natural behaviors (Haskell et al.,
2006; Legrand et al., 2009; Olmos et al., 2009) and con-
tributes to their overall health and mobility (White et al.,
2001; De La Torre-Santos et al., 2020). Although grazing
also offers benefits to farmers by reducing feeding costs
(Kucevi¢ et al., 2016) and enhancing the sustainability
of their farms, these practices may demand considerable
time, planning, and expertise to optimize the feeding
practices for each farm’s specific context. Current poli-
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cies, such as the Common Agricultural Policy for the pe-
riod 2023 to 2027 within the European Union (Dewhurst
and Moloney, 2013), further endorse and encourage
these practices. This endorsement is not only due to the
aforementioned reasons but also because pastures confer
environmental benefits, such as carbon sequestration
(Dillon et al., 2005) and biodiversity protection (Euro-
pean Commission, 2024).

To effectively evaluate and promote grazing practices,
the implementation of a verification system is critical, as
it would ensure traceability and compliance with policy
standards. Various possibilities have been explored to
address this challenge. One option is sensor-based de-
vices alone, such as the Aficollar, developed by Afimilk
Ltd. (Kibbutz Afikim, Israel), which reported 94% ac-
curacy for both recording grazing and rumination time
(Igbal et al., 2021). Other devices, like the Chronopéature
tool, developed by Adventiel (France), include global
positioning system (GPS) technology and are used in
precision livestock farming to record the animals’ po-
sition every 30 min (Axema Promotion and Services,
2023), offering a means to assess the number of days on
pasture. An advanced approach that involves coupling
sensor-based devices and having their data processed
via methods such as artificial neural networks or random
forest algorithms (Coelho Ribeiro et al., 2021) enhances
the identification of grazing and nongrazing behaviors,
thereby improving the reliability of such tools. Never-
theless, the widespread adoption of these tools may be
hindered by substantial initial investments.

Another approach, which can be less expensive,
involves using satellite data, enabling the verification
process to be scaled up. For instance, high-resolution
images from the Sentinel-2 (10 m), RapidEye (5 m),
and Planetscope (3 m) satellite constellations have
been used (Woodward et al., 2019). When combining
satellite images with a few GPS collars to keep track of
the whole herd’s position, they estimated herbage mass
available with a root mean squared error (RMSE) of
225 kg of DM per hectare and estimated cows’ grass
intake by using the pasture disappearance as a proxy.
However, the reliance on optical data introduces chal-
lenges, including image resolution, orbital revisit time,
and data acquisition frequency.

A third alternative explores milk composition analysis
as a means to assess the proportion of herbage in the
animals’ diet. An indicator called GRASS1 has been
proposed (Soyeurt et al., 2022) based on 48 components
predicted from the Fourier-transform infrared (FT-MIR)
spectra from milk analysis, trained on bulk milk. The
most important components were found to be 6 groups
of FT-MIR—predicted fatty acids (FA): C6:0, C10:0,
C16:0, C18:2 cis-9, C18:2 cis-12, and the medium-chain
FA. The GRASS1 indicator discriminates among several
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management practice groups. It was indirectly validated
by comparison with expected seasonal patterns using a
database built from 533,786 records and resulted in a
10-fold stratified cross-validation accuracy of 95% and
a validation accuracy of 90%. Additionally, herbage and
other feeds were differentiated using milk FT-MIR spec-
troscopy and partial least square discriminant analysis
(PLSDA) with sensitivity and specificity ranging from
80% to 100%, although with challenges in identifying
the specific proportion of the diet derived from grazing
(Capuano et al., 2014). From a nutritional standpoint,
the form in which herbage is provided to cattle affects
milk composition (Alothman et al., 2019). For instance,
protein content and quality in milk change depending
on feed derived from grazed herbage, silage, or hay
(O’Callaghan et al., 2018). Addressing this matter, dif-
ferent proportions of herbage types in the diet have been
predicted (including hay, conserved herbage and fer-
mented forage), reaching 85% precision for diets based
on less than 50% grazing and demonstrating the potential
of milk composition analysis in characterizing diet traits
(Coppa et al., 2021).

Gathering data over the occupation time or grazing
period, so the total time passed on pasture or the actual
time spent grazing (The Forage and Grazing Terminol-
ogy Committee, 2009), is challenging when addressing
modeling questions regarding grazing-related traits.
Instead of hypothesizing about the seasonality to train
the models (Soyeurt et al., 2022), this study consists of
using grazing-based traits recorded in grazing calendars
completed by 7 farmers in Luxembourg. This study de-
velops 2 main types of models: some that predict the
proportion of herbage in the diet, and others that model
the likelihood of feeding strategies centered on grazing
and herbage consumption. Given the nearly daily avail-
ability of FT-MIR bulk milk analysis, this study sug-
gests the potential for developing a monitoring tool to
reward management practices that promote grazing and
optimize farm resources.

MATERIALS AND METHODS

To clarify this study’s stages, the general workflow is
outlined in Figure 1.

Farm Characteristics

Gathered through the Simulating Economic and Envi-
ronmental Impacts of Dairy Cattle Management Using
Agent-Based Models (SIMBA) project, data on farm
characteristics, predicted milk composition, and grazing
calendars were collected in Luxembourg on 4 farms in
2019 and 2020, and 3 other farms in 2020. The sampling
period concerned an extended grazing season, ranging
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Figure 1. Workflow representation. DB = database; PLSDA = partial least squares discriminant analysis; PLS = partial least square analysis.

from March to November. All the farms bred Holstein
cows. The database included both conventionally man-
aged (farms 3, 4, 5, 6, and 7) and organically managed
farms (farms 1 and 2).

Predicted Milk Composition

Because it was not possible to retrieve the results com-
ing from the FT-MIR analysis of bulk milk samples, the
results obtained from the routine milk recording done
on individual cows were used in this study to compute
an approximate herd milk composition. In Luxembourg,
the farms of the SIMBA project participated in the milk
recording routine organized by CONVIS s.c., an agricul-
tural cooperative (Ettelbruck, Luxembourg) every 4 to
6 wk. A sample of milk is collected on each producing
cow following procedure 1 to compute 24-h yields ap-
proved by International Committee for Animal Record-
ing (ICAR) guidelines (ICAR, 2023). Proportional milk
samples from both morning and evening milkings are
collected, preserved, and combined into a single compos-
ite to accurately reflect the full-day yield in accordance
with ICAR standards. The sample is then analyzed using
a MilkoScan spectrometer (Foss Electric A/S, Hillered,
Denmark). From this analysis, the milk fat (%FAT),
protein (%PROT), lactose, and urea contents were pro-
vided. The milk FT-MIR spectrum generated during this
analysis was also recorded in the database. All spectral
data were standardized (Grelet et al., 2017). Additional
cow-level information such as milk yield, parity, and the

Journal of Dairy Science Vol. 108 No. 11, 2025

stage of lactation were also available. From the recorded
spectral data, 54 traits were predicted using equations
developed in past projects. Table 1 presents the equation
characteristics. To represent the analysis of the estimated
herd milk samples, a weighted average based on the milk
yield was computed for all common dairy traits and FT-
MIR predictions. Finally, all information was included
in a database called DB_milk. Due to issues in data col-
lection, computation, or validation of those sample data,
only 75 observations were available for this study.

Grazing Calendar

The second database (DB_Pat) contained daily obser-
vations made at the herd level by the farmer. The time
spent on pasture (Occupation_Time) is expressed in
hours per day. The quantities of harvested or conserved
herbage (compl_herbage) and other feeds (compl_oth-
er) are expressed in kilograms of DM and are averaged
per cow and per day. Unfortunately, compl_herbage was
not detailed regarding the specific proportions of fresh
herbage, herbage silage, and hay. In the same manner, for
compl_other, the specific composition or characteristics
of the feeds were not recorded by the farmers. Based on
typical feeding practices in Luxembourg, these are as-
sumed to include energy- and protein-rich concentrates
like cereal grains such as corn or barley; soybean meal;
rapeseed meal; agroindustrial byproducts such as sugar
beet pulp or brewers grains; and specific nutritional
supplements such as mineral and vitamin premixes.
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Table 1. Descriptive statistics of traits used in the milk dataset, as well as the specifications of FT-MIR equations
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Equation specification'

DB _milk (n = 75)

Trait? Unit n R? RMSE Reference Mean SD
Milk yield kg/d — — — — 25.42 4.008
Fat /L milk — — — — 4.076 0.321
Protein /L milk — — — — 3.410 0.156
Urea mg/L milk — — — — 193.615 71.231
Lactose /L milk — — — — 4.755 0.167
C4:0 g/dL milk 1,371 0.93 0.008 A 0.1 0.012
C6:0 g/dL milk 1,371 0.91 0.006 A 0.069 0.006
C8:0 g/dL milk 1,371 0.91 0.004 A 0.049 0.004
C10:0 g/dL milk 1,371 0.92 0.010 A 0.123 0.011
C12:0 g/dL milk 1,371 0.93 0.011 A 0.157 0.014
Cl14:0 g/dL milk 1,371 0.94 0.030 A 0.493 0.037
Cl4:1 cis g/dL milk 1,371 0.71 0.008 A 0.048 0.005
C16:0 g/dL milk 1,371 0.95 0.091 A 1.205 0.129
Cl16:1 cis g/dL milk 1,371 0.73 0.013 A 0.066 0.007
C17:0 g/dL milk 1,371 0.81 0.003 A 0.026 0.002
C18:0 g/dL milk 1,371 0.84 0.056 A 0.375 0.057
Total of C18:1 g/dL milk 1,371 0.96 0.060 A 0.96 0.105
Total of C18:1 trans g/dL milk 1,371 0.80 0.025 A 0.139 0.018
Total of C18:1 cis g/dL milk 1,371 0.95 0.063 A 0.869 0.096
C18:1 cis-9 g/dL milk 1,371 0.95 0.061 A 0.807 0.09
Total of C18:2 g/dL milk 1,371 0.71 0.014 A 0.099 0.007
C18:2 cis-9,cis-12 g/dL milk 1,371 0.75 0.011 A 0.056 0.006
C18:2 cis-9,trans-11 g/dL milk 1,371 0.74 0.010 A 0.023 0.003
C18:3 cis-9,cis-12,cis-15 g/dL milk 1,371 0.69 0.004 A 0.039 0.01
SFA g/dL milk 1,371 0.99 0.072 A 2.697 0.233
MUFA g/dL milk 1,371 0.97 0.059 A 1.12 0.114
PUFA g/dL milk 1,371 0.79 0.021 A 0.169 0.014
UFA g/dL milk 1,371 0.97 0.064 A 1.289 0.127
SCFA g/dL milk 1,371 0.93 0.025 A 0.359 0.029
MCFA g/dL milk 1,371 0.97 0.104 A 2.125 0.189
LCFA g/dL milk 1,371 0.95 0.110 A 1.568 0.163
Branched FA g/dL milk 1,371 0.77 0.013 A 0.109 0.012
Total of n-3 g/dL milk 1,371 0.68 0.006 A 0.027 0.003
Total of n-6 g/dL milk 1,371 0.74 0.014 A 0.096 0.008
Total of odd FA g/dL milk 1,371 0.84 0.016 A 0.173 0.016
Total of trans FA g/dL milk 1,371 0.82 0.029 A 0.181 0.022
Lactoferrin mg/L milk 2,189 0.70 127.98 NP 114.892 66.218
Casein o, g/L milk 135 0.81 0.58 NP 11.332 0.393
Casein ag, + K g/L milk 135 0.81 0.36 NP 8.191 0.612
Casein g/L milk 133 0.75 1.13 NP 11.245 0.468
Total casein /L milk 133 0.84 1.56 E 31.785 1.182
Protein efficiency % 1,093 0.55 3.05 B 15.338 1.599
Protein nitrogen content /L milk 4,305 1 0.19 NP 27.111 0.916
Sodium mg/kg of milk 1,019 0.44 50.98 C 349.9 24.769
Calcium mg/kg of milk 1,094 0.82 53.38 C 1,191.268 53.001
Phosphorus mg/kg of milk 1,083 0.75 58.71 C 986.346 37.977
Potassium mg/kg of milk 1,090 0.55 88.14 C 1,496.364 38.501
Magnesium mg/kg of milk 1,124 0.72 6.53 C 103.251 3.527
Milk pH — 1,152 0.65 0.07 NP 6.616 0.039
Titratable acidity Dornic degree 930 0.70 1.00 NP 14.582 1.324
Yogurt activity Dornic degree 98 0.42 0.04 NP 0.617 0.013
Yogurt texture N 51 0.12 0.02 NP 0.228 0.003
Isocitrate mmol/L of milk 2,129 0.58 0.03 F 0.158 0.013
Citrate mmol/L of milk 498 0.90 0.68 D 8.55 0.929
Blood fructosamine pmol/L of blood 368 0.32 14.37 G 266.057 4.092
Blood glucose pmol/L of blood 369 0.50 0.33 H 3.708 0.104
Blood IGF-1 ng/mL blood 371 0.61 36.80 H 137.266 15.267
Square root A30 mm 185 0.59 2.74 NP 36.405 1.21

'n = number of records used to build the model; RMSE = root mean squared error; NP = not published; A: Grelet et al. (2014); B: Grelet et al. (2020);
C: Christophe et al. (2021); D: Grelet et al. (2016); E: Grelet et al. (2021); F: Grelet et al. (2024); G: Grelet et al. (2025); H: Grelet et al. (2019).

SCFA = short-chain FA; MCFA = medium-chain FA; LCFA = long-chain FA.
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Depending on farm type and feeding strategy, additional
ingredients such as molasses, bakery waste, or feed fats
may also be included. Because the period of occupation
does not necessarily imply grazing, this study interprets
grazing as a binary variable, indicating whether grazing
is practiced. This consideration is crucial for assessing
the potential for animals to consume fresh herbage.

To merge the 2 databases, the date of milk analysis
(DB_milk) was extended to +3 d around the date of ob-
servation in DB_Pat, resulting in 7 observations from
DB Pat being linked to a single milk analysis. This
chosen extended window was based on relative time for
milk composition to be affected by feeding and animal
digestion, as all components should be digested after
more than 48 h (Mambrini et al., 1994; Wattiaux, 1995).
After merging, 2 additional metrics were computed to
shed light on the feeding patterns of dairy herds and to
analyze their relationship with milk composition. The
first indicator, %Filling, helps ascertain the proportion
of supplementation relative to the average ingestion
capacity. In this study, the ingestion capacity, expressed
in DMI, was estimated using the formula proposed by
Cuvelier et al. (2021):

DMI = 1.4 x (BW/100 + 2) + 0.30 x FPCM,

where BW is the average cow BW, set at 650 kg based
on expert input from the Lycée Technique Agricole
(Ettelbruck, Luxembourg), and FPCM is the quantity of
fat- and protein-corrected milk, expressed in kilograms
per day, estimated using the formula mentioned by De
Brabander et al. (2011):

FPCM = 0.337 + (0.116 x %FAT)
+(0.06 x %PROT)] x milk yield.

Although more complex formulas exist to estimate DMI
(Coulon and d’Hour, 1994), they were deemed too dif-
ficult to apply to this study, which focuses on analyzing
bulk milk and herd-level data. Consequently, parameters
such as individual lactation periods could not be incorpo-
rated into the formulas. The proportion of supplementa-
tion (%Filling) was then approximated as follows:

%Filling = 1.1 x compl herbage
+ 1 x compl other/DMI x 100.

This formula considers the rumen-filling associated with
2 types of feed (i.e., herbage and other). Although the
coefficients vary depending on feed type, an average
value from Baumont et al. (2007) was chosen since the
information was only categorized into herbage and other
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feeds in our database. The second parameter employed
for an easier interpretation is the proportion of herbage
fed to dairy cows (%Herbage), calculated as follows,
with the proportion of compl other fed to dairy cows
regarding their estimated DMI (%other feeds):

%Herbage = 100 — %other feeds.

This approximation is considered valid in cases where
animals consistently reach their maximum ingestion ca-
pacity. Several factors support this hypothesis, such as
the relatively stable milk production per cow. A general
underfed state would negatively affect milk yield or com-
position (Leduc et al., 2021).

Clustering

Because different feeding practices were used on the
farms composing the dataset, clustering was performed
to group the observations. To segregate them into distinct
groups, we employed unsupervised learning, based on hi-
erarchical clustering from Ward’s method (Ward, 1963)
on the Occupation Time, %Filling, and %Herbage. This
agglomerative algorithm works step by step to combine
the closest records until the whole dataset is considered.
The data were clustered using Ward’s method after stan-
dardization by subtraction of the mean and division by
the SD. The visualization resulted in a dendrogram with
a final number of groups defined by the optimal inertia
(i.e., the ratio between the between-class and within-
class variance). The interpretation of these clusters was
based on the descriptive statistics measured for the fea-
tures used in the clustering, resulting in feeding strategy
typology for each cluster.

Feature Selection and PLSDA

The Occupation_Time, %Filling, and %Herbage used
to make the cluster are not readily available on a routine
basis. Therefore, because the consumption of herbage
affects the milk composition (Elgersma et al., 2004; De
La Torre-Santos et al., 2020; Musati et al., 2025), there
is interest in predicting the cluster representing different
feeding strategies. This can be achieved by using milk
traits that are widely available and low-cost as it is the
case for FT-MIR predictions. In this study, 56 FT-MIR
predictions were available (Table 1). However, to provide
a more robust model, it is necessary to limit the number
of features (Grelet et al., 2021). Furthermore, this would
also highlight the specific traits that could be related to
feeding practices in milk analysis.

To select the traits that are mostly influenced by the
found clusters, a first approach consisted of perform-
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ing a single-trait univariate regression for each FT-MIR
trait, as well as milk yield, protein, fat, urea, and lactose
contained in DB_milk (i.e., 75 records). This ANOVA
only included the cluster label as a fixed effect. The
most relevant traits to distinguish clusters were selected
based on their P-value on the global cluster effect. In
other words, if the P-value was lower than 0.05, the
trait was included in the subsequent model allowing the
prediction of the found cluster.

The second step consisted of developing a PLSDA to
predict the cluster promoting more grazing in their feeding
practices, thus presenting a higher value in %Herbage and
lower values in “other feeds” and %Filling. To perform
this model, the records belonging to this cluster were set
to 1 and the ones belonging to another cluster were set to
0. Upsampling was also performed to avoid weight prob-
lems for the clusters with the fewest observations. The
number of partial least squares (PLS) analysis factors was
estimated using the output of a 10-fold cross-validation.
The number of latent variables was chosen to maximize
the coefficient of determination (R?). The output also
provides an estimate of model accuracy, assessed from
the estimation of the area under the curve. We have also
estimated the Cohen’s kappa coefficient, the sensitivity,
and the specificity. Because the modeling was performed
on 10 folds, the mean and the SD were estimated for all
previously listed statistical parameters. The output of
the PLSDA model not only provides a label, which is a
discontinuous variable, but also provides the probability
to belong to the cluster, which is often more interesting
to use in practice because it is a continuous variable. To
complete the approach, a PLS was conducted to directly
predict the %Herbage, the %Filling, and the Occupation_
Time as conducted with the same milk traits as the previ-
ous PLSDA. The number of latent variables was chosen to
minimize the mean RMSE, which was calculated based on
10-fold cross-validation. The results of the PLSDA were
compared with the PLS predicting the %Herbage using a
linear regression that was only calibrated on the dataset,
as no external validation set could be made.

All computations in this study were conducted using
R v4.2.2, although the packages were compiled with R
v4.2.3 (CRAN, 2023) in the RStudio development envi-
ronment (POSIT, 2024). More specifically, both PLS and
PLSDA were computed with the R packages caret 6.0-93
(Kuhn et al., 2023) and pls 2.8-2 (Liland et al., 2023).

Comparison with Another Grass Model

The probability of belonging to a cluster presenting
feeding practices that promote grazing can be computed
for each model. As a way to interpret our models, the
GRASS1 model (Soyeurt et al., 2022) was applied on
DB milk to allow a comparison with the probability
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developed in this study by calculating their correlation.
Because GRASS1 was built without direct validation
data but based on the hypothesis of seasonality, the cor-
relation with our model will be informative for under-
standing how seasonality might be indirectly accounted
for in modeling based on feeding practice traits.

Application to the Walloon Database

To observe the resulting indicators on a wider dataset,
we applied the obtained equations to the recorded milk
database related to the FuturoSpectre agreement link-
ing the University of Liege—Gembloux Agro-Bio Tech
(Gembloux, Belgium), the Walloon Research Centre
(Gembloux, Belgium), the milk laboratory Comité du
Lait (Battice, Belgium), and the Walloon Breeding As-
sociation (Ciney, Belgium). This dataset was composed
of 5,886,364 spectra between 2009 and 2023 from 7,268
dairy farms as part of the milk sampling conducted by
dairies to determine the milk payment. Thus, the milk
FT-MIR spectra were generated by the analysis of bulk
milk using MilkoScan spectrometers (Foss Electric A/S,
Hillerad, Denmark) at the milk laboratory Comité du Lait
(Battice, Belgium) and standardized using the method
developed by Grelet et al. (2017).

From this dataset, a more specific subset was verified
to contain records from 72 farms that implemented graz-
ing practices. Although the specific grazing period was
not detailed, based on our comprehensive knowledge
of local practices, we can infer that grazing typically
occurs from April to October on average. The subset
encompasses milk analysis data spanning from January
1, 2023, to March 6, 2025, yielding a total of 23,718
observations. Due to the uncertainty on the grazing pe-
riods, we only applied the most promising indicators on
this dataset as an example.

RESULTS AND DISCUSSION
Overview of DB_Pat

Table 2 provides the descriptive statistics of the final
DB_Pat dataset. The DMI falls within the expected range.
The SD across the other variables reflects the variation in
the dataset. The relative SE is below 5% for all variables,
indicating that the mean value of each variable is a reli-
able estimation of the mean of the populations.

Farm Typology

Figure 2A and 2B present, by farm, the average char-
acteristics found in DB_Pat. Figure 2A focuses on the
%Herbage, %Filling, and Occupation_Time, which are
used in the clustering. Figure 2B offers a more detailed
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Table 2. Descriptive statistics of the dataset related to grazing calendars

Parameter Unit N Mean SD RSE'
Harvested and conserved herbage kg of DM/cow per day 526 7.01 4.81 2.99
Other feeds kg of DM/cow per day 526 7.72 3.72 2.10
Occupation time h/d 526 9.11 8.39 4.02
DMI kg of DM/cow per day 526 19.54 1.20 0.27
%Filling % 526 79.23 32.37 1.78
%Herbage % 526 61.12 17.69 1.26

'Relative standard error = (SE/mean) x 100.

point of view, presenting specifically the harvested or
conserved herbage and the other feeds. The distinction
allows an easier interpretation of the farm feeding strate-
gies. Compared with the other farms, farms 1 and 2 ex-
hibit the highest scores for %Herbage and the occupation
period. The ratio between other feeds and harvested or
conserved herbage is also clearly in favor of the latter.
These observations were expected, as farm 1 and 2 are
organic. Farm 7 presents the same conclusion concern-
ing the feeding ratio, but like farms 3, 4 and 6, it also
presents a high %Filling and a lower %Herbage. All
farms exhibit an average occupation period that ranges
between 4 to 9 h/d, with the exception of farms 1 and
2, which seem to keep the herd on pasture most of the
time. On average, the highest grazed grass observations
should therefore be found on farms 1 and 2, but also on
farm 5, where %Herbage reaches 67% and the %Filling
reaches 68%, indicating that the herd can still graze and
that a good proportion of the feeds are related to herb-
age (grazed, harvested, or conserved). In contrast, farm
7 should include observations that focus less on grazing,
with the highest %Filling and the lowest time of occupa-
tion. Because the observations vary with the weather and
the time of the year and cannot definitively define a farm,
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Figure 2. Grazing calendars information by farm.
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this typology only draws attention to general patterns
that should be observed after the clustering.

Clustering and Interpretation

The dendrogram obtained from the hierarchical cluster-
ing performed on the Occupation Time, %Filling, and
%Herbage is shown in Figure 3. Based on the observed
inertia, the clustering was divided into 4 distinct groups.
Their characteristics, outlined in Table 3, highlight vari-
ous feeding strategies. Indeed, cluster 2 includes 123 ob-
servations, all focused on grazing and maximizing herb-
age in the diet, as it presents higher Occupation_Time and
%Herbage. Conversely, cluster 4 represents a contrasting
feeding practice with 65 observations, featuring consider-
ably less herbage in the ration. Additionally, all obser-
vations with an occupation time of zero were clustered
within cluster 4. Cluster 3 only isolates 31 observations,
notable for their herds with high levels of %Herbage and
high %Filling. This suggests that access to pasture may
not necessarily mean grazing, as the cows are already sa-
tiated with other forms of herbage. Finally, cluster 1 com-
prises 307 observations that do not align closely with the
characteristics of the aforementioned clusters, displaying

M Harversted or conserved Herbage B Other feeds
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0 |I ‘I || |‘ || || ||
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Figure 3. Dendrogram of the hierarchical clustering based on the Occupation_Time, %Filling, and %Herbage in the diet (n = 526).

traits that are somewhat intermediate between clusters 2
and 4. Considering the farming general context in Lux-
embourg, it is expected that most observations during the
year align with moderate characteristics (cluster 1), opti-
mizing when possible the efficiency of using grazed herb-
age, harvested or conserved herbage, and other feeds. In
the seasonal context, observations in late spring or early
summer are also more likely to be classified as cluster 2.

Another factor supporting the assertion of distinct
management types is the evolution of cluster labels
for each farm between 2019 and 2020, as depicted in
Figure 4. It is evident that farms predominantly main-
tain their affiliation with the same cluster over time.
Changes between cluster 1 and cluster 2 or cluster 1
and cluster 4 were expected, as cluster 1 exhibits inter-
mediate traits. Any other observed changes could likely
be attributed to seasonal variations and fluctuations in
forage availability.

Belonging to the cluster 2 is therefore a sign that the
farm feeding strategy encourages grazing. However,
providing a cluster label on a routine basis is challeng-
ing because the features used in this study to perform
this analysis are not routinely recorded. Therefore,
there is an interest to create a model predicting the

cluster based on routinely available features such as the
milk FT-MIR predictions. Using milk-based predictions
is relevant because it is known that milk composition
is influenced by the herbage consumption on the farm
(Capuano et al., 2014; Coppa et al., 2021; Manzocchi et
al., 2021). Consequently, the next step is to develop a
model to predict this cluster.

ANOVA Between Clusters for the Predicted
Milk FT-MIR-Based Traits

To select the most informative milk-based features
and therefore achieve a more robust model (Grelet et al.,
2021), an ANOVA was conducted on the 75 observations
of DB_milk associated with their respective clusters in
order to highlight cluster 2, assumed to reflect a diet
mainly composed of herbage in various forms, from the
others. Of the 54 traits examined, 25 had a P-value below
0.05, as detailed in Table 4. The predictions of milk yield,
milk transformation traits, as well as the fat, protein, and
mineral composition demonstrated discriminatory capa-
bilities across the clusters.

The average fat content was not significantly different,
and the predicted milk yield was significantly lower when

Table 3. Mean values and number of observations related to the found clusters

Cluster Occupation time (h) Filling (%) Total herbage feed (%) DB_Pat (n) DB_milk (n)
1 5.81 81.15 55.74 307 45
2 17.89 42.80 80.82 123 18
3 16.26 139.23 86.41 31 4
4 4.71 110.47 37.20 65 8

Journal of Dairy Science Vol. 108 No. 11, 2025
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Figure 4. Cluster classification by farm over 2019 and 2020.

cows received herbage (Table 4). This was also observed
in other studies on real measured milk yields (White et
al., 2001; Gulati et al., 2018; Stergiadis et al., 2021).
Regarding the indicators about the fat composition,
the results coming from other studies are more discor-
dant, which can be explained by the influence of the
season (Timlin et al., 2021; Hayes et al., 2023), the
breed (Bér et al., 2020; Kostovska et al., 2024), and the
exact type of feed considered. One of the most discussed
FA contents when comparing grass-based diets to com-
plementation are the CLA. They were observed to be
higher in fat when a grass diet is used, as mentioned by
De La Torre-Santos et al. (2020) with 2.29 versus 1.37
g/100 g fat, by White et al. (2001) with 0.72% versus
0.41% of total FA, or by Collomb et al. (2008) with

1.39 versus 1.21 g/100 g of fat. This follows the results
we obtained, as CLA are part of the FT-MIR—predicted
total trans FA, which is indeed higher with 0.20 versus
0.17 g/dL of milk or 4.92 versus 4.15 g/100 g of fat
(Table 4). Following De La Torre-Santos et al. (2020)
and Kucevi¢ et al. (2016), the milk fat content of C18:1
trans also follows the same trend as CLA, with higher
proportions in the group mainly on pasture. We also
observed a higher FT-MIR predicted total content of
C18:1 trans in milk (Table 4) for cluster 2. In general,
a higher total content of trans FA can be observed in
groups related to grazing or at least herbage consump-
tion (Chassaing et al., 2016; Cabiddu et al., 2022).

For C14:1, the value shows an opposite trend of our
FT-MIR-predicted results, with seemingly higher con-

Table 4. The most informative FT-MIR predictions allowing to discriminate found clusters and their LSM for the 2
opposite clusters: cluster 2 for mainly herbage consumption and cluster 4 for other feeds

LSM

FT-MIR-based traits Unit N Cluster 2 Cluster 4 P-value
Milk yield kg/d 75 24.00 27.33 0.000%**
Cl4:1 g/dL 75 0.04 0.05 0.015*
Cl6 g/dL 75 1.15 1.30 0.043*
Total of C18:1 trans g/dL 75 0.15 0.13 0.000%**
MCFA g/dL 75 2.03 2.24 0.038*
Total of trans FA g/dL 75 0.20 0.17 0.000%***
Ca mg/kg 75 1,174.82 1,257.21 0.001**
P mg/kg 75 975.67 1,017.16 0.017*
K mg/kg 75 1,489.80 1,496.56 0.000%***
Mg mg/kg 75 102.77 107.05 0.000%**
Urea in milk mg/L 75 154.40 176.00 0.000%**
Lactoserum proteins g/L 75 1.24 1.44 0.000%**
Lactoferrin mg/L 75 116.46 127.56 0.002%*
Protein efficiency % 75 16.22 14.26 0.049%*
Protein N content g/L 75 26.881 27.70 0.006**
pH — 75 6.62 6.60 0.004**
Titratable acidity Dornic degree 75 14.78 14.35 0.007**
Yogurt activity Dornic degree 75 0.61 0.63 0.000%**
Yogurt texture N 75 0.23 0.23 0.005%*
Square root A30 mm 75 36.51 36.44 0.035*
Isocitrate mmol/L 75 0.15 0.17 0.000%**
Citrate mmol/L 75 8.40 9.46 0.006**
Blood fructosamine pmol/L 75 265.58 269.55 0.000%**
Blood glucose umol/L 75 3.69 3.80 0.001**
Blood IGF-1 nmol/L 75 136.29 140.59 0.004**

*P<0.5; P <0.01; #**P <0.001.
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tent in grass-based feeding management. In White et al.
(2001) in Holstein, they compare 0.80 versus 0.59 g/100
g, compared with 0.98 versus 1.22 g/100 g in our study.
The FA indicator appears to be context-dependent. For
example, FT-MIR—predicted C18:1 trans had a P-value
higher than 0.05, indicating that the differences could not
be highlighted in Ellis et al. (2006). The same happens
with C14:1 in De La Torre-Santos et al. (2020) and C16
in both De La Torre-Santos et al. (2020) and White et al.
(2001). Our results concerning C16 show a lower content
for cluster 2, which aligns more with a smaller reported
difference of —6% to —10% (Cabiddu et al., 2022) and a
highly significant difference (Coppa et al., 2019).

The results yielded regarding the mineral content
evolve in opposition to those from Gulati et al. (2018)
for milk Ca and P contents. Indeed, those authors found
the content of major minerals to be higher in the out-
door grazing group. In their study, Ca and P contents
were 142.2 versus 131.8 g/100 g of milk, and 104
versus 101 g/100 g of milk, respectively. All minerals
were found with a P-value higher than 0.05 in Stergia-
dis et al. (2021), who compared milk from organic and
conventional farming. In contrast, our study found the
FT-MIR—predicted content of CA, P, K, and Mg to also
significantly differ between the 2 clusters.

Other indicators not previously reported in the litera-
ture, to our knowledge, were also found to be informa-
tive to distinguish the 2 types of milk. For example,
the FT-MIR—predicted milk acidity is higher in cluster
2, whereas the FT-MIR—predicted isocitrate content is
lower. As for the blood indicators, all predictions showed
higher values in cluster 4.

Cluster Predictions Through PLSDA

These 25 significant features (Table 4) were used as
predictors in PLSDA models to predict the clusters. The
models offer the possibility to consider a continuous vari-
able instead of the binary attribution, thanks to the esti-
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mation of the probability to belong to a specific group.
Four different models were tested and compared in this
study. First, in model 1, we used the 2 extreme clusters
(i.e., cluster 2 and cluster 4; Figure 3) leading us to use
26 records out of the 75. Second, because we wanted to
predict cluster 2, the idea was to create a new variable
where the records belonging to cluster 2 were set to 1
and the records belonging the other clusters were set to
0. This approach was realized in model 2. To predict the
absence of herbage in the diet, we created another vari-
able where the records belonging to the cluster 4 were set
to 1 and the ones belonging to another cluster were set
to 0. This new target was used to build model 3. Finally,
for model 4, we followed the clustering dendrogram by
setting the branch of clusters 2 and 3 at 1, and clusters
1 and 4 at 0. The cross-validation performances of those
4 models are exposed in Table 5, where the predictions
were applied to the 75 observations. In the case of model
1, 3 options similar to the training of models 2, 3, and 4
were used to define the cross-validation set and define
whether an observation was supposed to be set as 0 or 1,
in order to apply the cross-validation on the 75 observa-
tions and be able to compare model 1 to the rest. Those 3
options are related to the groups to which clusters 1 and
3 were attributed. Model 2 showed the best performance,
followed by model 3. Model 4 had the worst results,
with a kappa value lower than 0.50, suggesting that the
labeling to a specific cluster is not better than a random
choice. Indeed, even if the performance on the common
dataset (n = 75) is the highest for model 1, this model,
being built on a lower number of observations, seems
to be less robust because its cross-validation specificity
is the lowest. The differences in predicted information
between models can also be observed through the estima-
tion of correlations between the probabilities to belong
to a cluster (Table 6). All models are different, as no cor-
relation is close to 1. Model 1 was more closely related
to model 2, whereas models 3 and model 4 were strongly
related to each other. This suggests that models 1 and

Table 5. Partial least squares discriminant analysis models and indicators computed with the cross-validation

Cluster target1
Model 1 Model 2 Model 3 Model 4

Item C2vs. C4 C2vs. C1C3C4 C4vs. C1C2C3 C2C3vs. ClC4
N records 26 75 75 75

N factors 16 1 1

C2vs. C1C3C4 C4vs. C1C2C3 C2C3vs. Cl1C4

Accuracy 0.85 0.49 0.80 0.93 0.91 0.73
Kappa 0.67 0.14 0.55 0.82 0.62 0.40
Sensitivity 1 0.43 0.82 0.94 0.88 0.68
Specificity 0.81 1 0.79 0.93 0.91 0.75

'C1, C2, C3, C3 =cluster 1, 2, 3, and 4.
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Table 6. Correlation between the cluster probabilities estimated from the 5 models as well as their relationships
with the percentage of herbage in the diet and the Occupation Time

Correlation Modell_C2! Model2_C2? Model3_C4° Model4 C23* GRASSI®
Modell C2 1.00 0.82 -0.32 0.26 0.20
Model2 C2 0.82 1.00 -0.46 0.39 0.44
Model3 C4 -0.32 —0.46 1.00 -0.88 -0.63
Model4 C23 0.26 0.39 -0.88 1.00 0.51
%Herbage 0.35 0.56 -0.56 0.63 0.43
%Filling -0.39 -0.61 0.32 -0.07 -0.52
Occupation_time 0.35 0.49 —0.45 0.47 0.31

'Probability to predict cluster 2 from model 1.
“Probability to predict cluster 2 from model 2.
*Probability to predict cluster 4 from model 3.

“Probability to predict the group composed of cluster 2 and 3 from model 4.
*Probality estimated using the model developed by Soyeurt et al. (2022).

2 use different information from models 3 and 4, given
their correlation pattern.

To compare our approach based on real pasture in-
formation with the unsupervised method based on sea-
sonal specificities made by Soyeurt et al. (2022), we
predicted from our dataset the probability to belong to
the GRASS1 cluster. The estimated correlations with this
additional grass indicator are added in Table 6. All cor-
relations were moderate, with the highest absolute value
observed with model 3. The moderate correlation values
could be related to the fact that GRASS1 might only
consider the presence of herbage, whereas our clusters
reflect multiple aspects associated with grazing. Indeed,
in this study, even if all farms presented harvested and
conserved herbage (if not grazed herbage) in their feed-
ing practices, their typologies were different (Figure 2).

To deepen this discussion, the correlations between all
those probabilities and the pasture characteristics ana-
lyzed in the current study were also estimated and added
in Table 6. The highest absolute correlation with the
%Herbage is observed with model 4, followed by models
2 and 3. Those 3 models have similar absolute correla-
tions with the Occupation_Time (0.45—-0.49). However,
model 4 differed significantly in its relationship with
%Filling, for which this model seems to be more or less
independent. Model 3 is in the middle between models 2
and model 4 for this trait. The GRASS1 model presented
lower correlations overall, although its tendency was
closer to the one observed for model 2. In a similar way,
it opposes the trend of model 3. This smaller value could
also be explained by the fact that the GRASS1 model was
not trained on this dataset, unlike the other models used
in Table 6. For all DB_Pat traits, model 1 had the lowest
absolute correlation, confirming the lack of interest that
we could have for this model. Before making a choice
for the best model, it is also important to observe the
model behavior on a large database in order to verify if
the predictions follow the expected pattern.

Journal of Dairy Science Vol. 108 No. 11, 2025

Direct Prediction of the Quantitative Traits

Before applying the developed algorithm on the Wal-
loon spectral database related to the milk payment, we
completed our approach by building PLS regressions di-
rectly on the pasture variables. Their performance results
are presented in Table 7. The %Herbage and the Occupa-
tion_Time were predicted with RMSE of 8.77% and 6.65
h, respectively. Because the predictor error on pasture
time reached more than 6 h, representing one-fourth of
the daily occupation time, this prediction appears to be
unsuitable for practical applications. The prediction error
for the %Filling, 18.93%, is also too high to be useful
in practice. With an R* of 0.76, the prediction of the
%Herbage could be considered as an interesting indica-
tor. Its predictions were more strongly correlated with
the information given by model 4. By comparison with
Table 6, we can observe that the correlations were a little
stronger for the prediction of %Herbage (0.63) compared
with that observed using the reference %Herbage (0.72).
However, the trend is still the same, potentially confirm-
ing the interest of this trait. However, some limitations
of this study results should now be acknowledged. There
is an uncertainty on the exact type of feed used in the

Table 7. Performances of equations predicting the DB_Pat traits from the
25 milk-based predictors, and correlation with the PLSDA models

Traits Herbage (%)  Occupation_time (h)  Filling (%)
Performance
N records 75 75 75
N factors 11 2 3
RMSE 8.77 6.65 18.93
R’ 0.76 0.37 0.66
Correlation
GRASSI1 0.50 0.67 -0.56
Modell_C2 0.41 0.43 -0.38
Model2 C2 0.65 0.69 —-0.60
Model3_C4 —0.64 —-0.83 0.38
Model4 C2C3 0.72 0.77 -0.06
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category “harvested and conserved herbage.” Its influ-
ence on the predicted herbage content in the diet remains
difficult to estimate. Indeed, the composition of milk can
vary using fresh grass, grass silage, or hay (Elgersma
et al., 2004; van den Oever et al., 2021). For instance,
following Manzocchi et al. (2021), the content of SFA,
trans-11 C18:1, and PUFA were all significantly differ-
ent between a fresh grass diet and the 2 groups of grass
silage and hay. It would therefore be a very interesting
perspective to reiterate our analysis with a broader in-
terpretation, based on the exact type of feed, or more
precisely, on feed composition.

Cluster Prediction Upscale

The 4 developed PLSDA models were applied on
the Walloon milk spectral database related to the milk
payment, and their temporal evolution between 2009
and 2023 is available in Figure 5. The expected trend
is an increase from spring to summer and a decrease
from summer to autumn, following grazing practices
in the Walloon region of Belgium. By observing all
plots, there is an unexpected pattern for model 1. For
most of the years, the model is not responsive and
gives a probability inferior to 0.4. Model 2 has a varia-
tion that is too small within each year. Both model 1
and 2 do not match expected herbage consumption

Model_1

Model_2

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

Model_4

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month
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(grazed, conserved, or harvested herbage) or graz-
ing. Models 3 and 4 both display the seasonal pattern
within each year and the stability of this pattern across
years. Model 4 is slightly less volatile between years
and therefore seems more robust. Combined with its
cross-validation performance, its higher correlation
with %Herbage of 0.63, and its predicted %Herbage of
0.72, it is the model that appears to perform the best,
closely followed by model 3.

Figure 6 shows the proportion of farms classified as
farms encouraging grazing for each month on a specific
dataset provided by the Comité du Lait, exclusively
containing farms that are known to practice grazing. As
an example, the probability threshold to classify was
set to 0.50. In winter, the proportion of farm detected
is still high, varying for the period 2023 to early 2025
~40% to 50%. On one hand, the presence of detected
grazing farms during the winter could be explained by
the composition of feed, which could, for a few compo-
nents, have a similar signature to herbage. For example,
extruded linseed included in the diet can increase some
FA in the milk composition, such as the C16, C18:1
trans, and n-3 content (Beauregard et al., 2023; Huang
et al., 2022). On the other hand, the models were not
trained to specifically differentiate the type of herbage
fed to the dairy cows. The high proportion of grazing
farms detected in winter could therefore be a result of

Model_3
1.0
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Month
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- 2011
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- 2013
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— 2015
- 2016
- 2017
- 2018
= 2013
— 2020
2021
- 2022
- 2023
Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

Figure 5. Evolution the standardized mean of Model 1, Model 2, Model 3, Model 4, and GRASS1 between 2009 and 2023 by year and by

month.
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Figure 6. Percentage of farms practicing grazing that present values above the 0.5 threshold to detect milk based on model 4 and GRASSI.

feeding hay or silage. This hypothesis would require
access to more complementary data on the TMR from
several farms. Model 4 performs similarly to GRASSI,
even though model 4 was not trained directly with any
time variable, unlike GRASS1. This suggests that at
least part of the seasonal information is contained in
the effective herbage intake, the occupation time as
a proxy of the grazing time, and the approximated
%Filling, which were used to make the clustering. This
seasonal impact could then also be transmitted through
milk composition, which was used to build the models.
Consequently, relying solely on a class label would
require a sensitivity analysis to select the most appro-
priate threshold. As it stands, the evolution of herbage
probability per farm could be more informative. Indeed,
for a farm practicing grazing, the probability of herbage
consumption should increase during the summer.

CONCLUSIONS

In conducting this study, several assumptions were re-
quired, inevitably introducing error into the models. Some
were linked to the database, such as estimating %Filling
or extrapolating herd milk composition from individual
samples. Clusters were interpreted to separate feeding
strategies, which added uncertainty to the conclusions.
The herbage proportion in dairy cow diets was evaluated
using PLS, with an RMSE of 8.77% of herbage in cross-
validation. Grazing-oriented practices could also be
predicted from milk analysis through PLSDA, achieving
an accuracy of 0.93, sensitivity of 0.94, and specificity
of 0.93. Leveraging a large database (5,886,364 spectra)

Journal of Dairy Science Vol. 108 No. 11, 2025

further enabled discrimination of models by seasonal
performance. The traits that contributed to separating
herbage-based diets included both expected ones, such
as FA-related variables (e.g., C18:1 trans, CLA), and
more unexpected ones, such as acidity traits (pH, titrat-
able acidity), protein-related traits (lactoserum proteins,
protein efficiency), and citrate. Integrating herbage and
grazing indicators into routine analysis could strengthen
metrics, support external estimation of pasture days, and
attribute grazing-based characteristics to milk.
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