f animals

Article

Detection of Dairy Herd Management Issues Using Fatty Acid
Profiles Predicted by Mid-Infrared Spectrometry

Sébastien Franceschini ¥, Claire Fastré 110, Charles Nickmilder 1©, Débora E. Santschi 2, Daniel Warner 20,

Mazen Bahadi (7, Carlo Bertozzi 3, Didier Veselko 4, Frédéric Dehareng >, Nicolas Gengler !

and Héléne Soyeurt 1-*

check for

updates
Academic Editors: Federica Salari,
Robert Kupczynski and
Michat Bednarski

Received: 27 March 2025
Revised: 9 May 2025
Accepted: 19 May 2025
Published: 28 May 2025

Citation: Franceschini, S.; Fastré, C.;
Nickmilder, C.; Santschi, D.E.; Warner,
D.; Bahadi, M.; Bertozzi, C.; Veselko,
D.; Dehareng, F; Gengler, N.; et al.
Detection of Dairy Herd Management
Issues Using Fatty Acid Profiles
Predicted by Mid-Infrared
Spectrometry. Animals 2025, 15, 1575.
https://doi.org/10.3390/
anil5111575

Copyright: © 2025 by the authors.
Licensee MDPI, Basel, Switzerland.
This article is an open access article
distributed under the terms and
conditions of the Creative Commons
Attribution (CC BY) license

(https:/ /creativecommons.org/
licenses /by /4.0/).

TERRA Research and Teaching Centre, Gembloux Agro-Bio Tech, University of Liege,
5030 Gembloux, Belgium; sfranceschini@uliege.be (S.E); claire. fastre@uliege.be (C.F.);
charles.nickmilder@uliege.be (C.N.)

Lactanet, Saint-Anne-de-Bellevue, QC H9X 3R4, Canada

Walloon Breeders Association, 5590 Ciney, Belgium

Comité du Lait, 4651 Herve, Belgium

Walloon Agricultural Research Centre, 5030 Gembloux, Belgium

Correspondence: hsoyeurt@uliege.be

These authors contributed equally to this work.

[S I I N

*

Simple Summary: Farms generate increasing amounts of data each year. One example
is the bulk tank milk composition, predicted through spectrometry, which is routinely
measured for milk payment purposes. Among the different milk components, the fatty
acid profile is of utmost importance because it is closely linked to animal status and farm
management practices. This research aims to explore a novel application of these fatty
acid profiles by developing a practical herd-monitoring tool for farmers and advisors.
The methodology developed consists of an unsupervised learning method that identifies
meaningful patterns in fatty acid profiles, combined with an expert-driven interpretation
of those patterns. The analysis was performed using a Belgian bulk tank milk database.
Seven distinct patterns were identified; among these, three were associated with good
management practices, three indicated potential risks, and one highlighted a metabolic dis-
order probably related to management practices. Most of these patterns were also observed
in a Canadian bulk tank milk dataset, demonstrating that the method is generalizable
across different regions and farming conditions. Moreover, the probabilities associated
with each pattern can serve as a reliable foundation for creating practical alerts to support
on-farm decision making, thereby enhancing farm management and contributing positively
to animal welfare.

Abstract: This article focuses on the creation of a monitoring tool using routinely collected
data from milk payment analyses. Milk samples were analyzed through Fourier Transform
mid-infrared spectrometry every 1 to 3 days, and their compositions were predicted using
machine learning models. Among the predicted parameters, fatty acid profiles appear to
be effective indicators of animal status and management practices. In this research, these
profiles were summarized using 31 fatty acids or groups of fatty acids. The methodology
consists of four steps: hierarchical clustering to detect patterns in a Belgian spectral dataset
(N =774,781), interpretation of the identified seven clusters, development of predictive
models applied to a Canadian dataset (N = 670,165), and validation using management
information collected from Canadian farms. The identified clusters revealed significant
relationships with feeding management strategies and temporal evolutions, highlight-
ing the potential to develop automated alert systems that assist farmers and advisors in
herd monitoring.
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1. Introduction

In 2023, the Food and Agriculture Organization (FAO) emphasized the critical role of
milk in enhancing nutrition and health due to its nutritional composition and significance
in global food systems [1]. Cow milk typically comprises 86.9% water, 4.6% lactose, 4.2%
fat, 3.4% protein, 0.8% minerals, and 0.1% vitamins. Among the fat, 98% consists of
triglycerides associated with fatty acids (FAs) [2]. FAs are essential since their composition
directly impacts milk quality, influencing physical, nutritional, and technological properties
important for human consumption and dairy processing [3]. Moreover, the milk FA profile
is a valuable proxy of the cow’s metabolic status [4]. Although approximately 400 different
FAs exist in milk, only 12 FAs constitute more than 1% each in milk fat [2,5].

Based on their origins, FAs can be categorized into three main groups: preformed FAs
(approximately 41%), mixed FAs (about 31%), and de novo FAs (around 28%). Understand-
ing variation among these FA groups is crucial for evaluating the animal’s metabolic and
nutritional status, since they originate from distinct metabolic pathways which are sensitive
to management practices and health conditions. Preformed and de novo FA pathways are
summarized in Figure 1.
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Figure 1. Diagram of fatty acid synthesis pathways (FAs: fatty acids, porganism: microorganisms).

De novo FAs are synthesized directly in the epithelial cells of the mammary gland from
residues of ruminal microbial fermentation [3]. The main primers are acetate (two carbons)
and butyrate (four carbons), onto which two-carbon molecules are successively added to
produce FAs up to fifteen carbons long, which are immediately excreted in milk [6].

Preformed FAs originate from three sources: dietary intake, microbial FA synthesis
in the rumen, and body fat mobilization. Dietary FAs, once digested and absorbed into
the bloodstream, can enter milk unchanged or undergo microbial biohydrogenation in
the rumen if polyunsaturated. Biohydrogenation saturates FA chains through microbial
action in the rumen, forming intermediate unsaturated FAs before becoming fully saturated.
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Occasionally, intermediate products bypass the final saturation steps and are absorbed
directly in their unsaturated form [7]. These ruminal processes greatly influence milk FA
profiles and depend heavily on microbial populations present in the rumen.

These microbial populations can also synthesize FAs from ruminal fermentation
residues [8]. The importance of each source depends on the microbial population and
the proportion of lipids in the ration [9]. Biosynthesis mainly produces C16:0 and C18:0
from acetate and butyrate, but also odd- or branched-chain FAs from other primers. For
example, using propionate (three carbons), microorganisms can synthesize odd-chain FAs,
mainly C15:0 and C17:0. By using amino acid catabolism residues, the final products are
branched-chain FAs [9]. These microbial FAs are then absorbed in the intestine, pass into
the bloodstream, and are incorporated into milk fat.

The final source of preformed FAs is body fat, which can be mobilized by the animal.
This source generally accounts for less than 10% of milk fatty acids, except after calving,
when lactation begins and the animal’s energy deficit is greatest [10,11]. This deficit is due
to the high energy demand for calving and the onset of lactation, as well as the reduced dry
matter intake by the animal at this stage of lactation [12]. At the same time, the mammary
gland loses its capacity to produce FAs de novo. To compensate for these phenomena, the
animal will mobilize its body fat. In the first weeks of lactation, there are fewer de novo
and more preformed FAs in the milk [13].

Those mentioned pathways are known to be influenced by many factors [2,11,14]
such as breed and genetics [15]; herd management, including animal density and ra-
tion [16,17]; stage of lactation [13]; temperature [18,19]; animal health and physiology [20];
animal nutrition; and the main fermentation processes in the rumen, themselves linked
to diet [21,22].

Thus, analyzing the changes in the FA profile of milk is a powerful tool to monitor
a dairy herd routinely, whether to assess the impact of management practices or detect
external factors impairing the herd, such as feed storage problems or heat stress events
during periods of hot weather. However, a monitoring tool requires easy, cheap, and
robust data acquisition. In this context, the Fourier Transform mid-infrared (FT-MIR)
spectrometry already applied to milk bulk tanks for milk payment is a huge opportunity.
FT-MIR spectrometry is a rapid and non-destructive method that can predict several key
milk FAs accurately [15,23].

However, interpreting complex FA profiles routinely remains challenging due to the
numerous FAs and their interactions. Traditional multivariate analyses provide global
overviews but lack detail for specific patterns. Unsupervised machine learning techniques,
specifically clustering and pattern recognition, may provide deeper insights into specific FA
profile groupings, revealing less frequent yet significant patterns. These machine learning
methodologies do not require a target to predict, which is often difficult to have at a
large scale, but aim to find variables that are interacting together and that form groups
of homogeneous observations. Another advantage of using an unsupervised approach is
the possibility to recognize patterns on the entire spectral database and not only on a few
records for which the target is observed, as is done when using supervised learning.

Recently, Franceschini et al. [24] demonstrated this by applying hierarchical clustering
to FT-MIR predictions of individual cow milk samples. This approach was initially applied
to individual cow milk samples from Dairy Herd Improvement (DHI) records using FT-MIR
predictions related to animal health. In the present study, we extend this approach by
utilizing spectral data obtained from milk analyses used for milk payment determination.
Compared to DHI records, bulk tank milk records offer the advantage of higher sampling
frequency (every 1 to 4 days) versus traditional milk recording (every 4 to 6 weeks).



Animals 2025, 15, 1575

40f21

Furthermore, such data are available for all herds delivering milk to dairy processors,
whereas DHI data are limited to herds enrolled in performance recording programs.

In conclusion, this study aims to address the complexity of interpreting the numerous
FA profiles by identifying the most representative and informative ones, providing biologi-
cal interpretation, and developing a predictive model. From those results, the final aim is to
estimate the feasibility of establishing a decision support tool for dairy herd management,
based on the FA profile of milk predicted by mid-infrared spectrometry.

2. Materials and Methods

The software used for data processing and analysis was the R language, version
4.2.3 [25]. The entire workflow from databases to results is summarized in Figure 2.
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Figure 2. Workflow of the analysis. The colors indicate the origin of the dataset: green for Belgium
and red for Canada. (Bel = Belgian, DB = database, Can = Canadian, FT-MIR = Fourier Transform
mid-infrared, Pred = predictions).
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2.1. Belgian Dataset

The first database used in this study is linked to the analysis of milk samples collected
within the milk payment scheme in the Southern Region of Belgium called Wallonia. Access
to this database is governed by the “Futurospectre” agreement between ULiege—Gembloux
Agro-Bio Tech (Gembloux, Belgium), the Walloon Research Centre (CRA-W, Gembloux,
Belgium), the Walloon Breeding Association (AW§¢, Ciney, Belgium), and the milk laboratory
Comité du Lait (Battice, Belgium). No ethical approval was needed, as the milk samples
were collected during the milk payment carried out routinely.

The milk samples, taken every 1 to 3 days by the dairies from the tanks of the farms
collected, were analyzed using FT-MIR spectrometry by the Comité du Lait (Battice, Bel-
gium). All samples were analyzed with Foss MilkoScan spectrometers (Foss, Hillerod,
Denmark). During this analysis, in addition to the fat and protein contents predicted by
the spectrometer, spectra were also recorded in a database. The spectra were standardized
using the method developed by Grelet et al. [26]. Different prediction equations from Grelet
et al. [27] were then applied to these spectra to extend the number of phenotypes available.
These correspond to 31 phenotypes relating to FAs or FA groups (g/dL milk), milk produc-
tion (kg/day), estimated fat content (g/dL milk), -hydroxybutyrate concentration in milk
(BHB; log, mmol/L plasma), energy balance, protein efficiency, free FA in blood (FFA; log,
uEq/L plasma), and dry matter intake (kg/day).

The predicted FA concentrations have been modified to be expressed as a ratio in
g/100 g fat from the predicted fat content. This unit has the advantage of reducing corre-
lation with milk production and fat content, better reflecting the importance of different
metabolic pathways responsible for producing these milk compounds.

To isolate potential heat stress effects, temperature and humidity measurements were
added to the database. The zip codes of Walloon municipalities were linked to the nearest
meteorological station. The map of Belgian municipalities was superimposed on that of
the 30 Walloon weather stations in the AGROMET network [28] using the Voronoi method
as presented by Nickmilder et al. [29]. This method involves assigning to each station
a polygon of a given area on the map. Municipalities covering more than one polygon
were linked to the polygon on which most of their surface area was located. Finally, the
temperature humidity index (THI) was calculated using the following formula:

THI = (0.8 x tsa) + <ilon(1) X (tsa — 14.4)) +46.4 (1)
where tsa is the ambient dry temperature (°C) and hra is the ambient relative humidity
(%) [30]. Thanks to this link between dairy records and weather stations, meteorological
information could be merged with the spectral database.

Then, the resulting database was cleaned according to ICAR’s recommendations for
recording of dairy cattle milk data [31]. These recommendations were created for the cow
level, but it is expected to work at bulk tank milk level, as it is a weighted average of the
herd. Only values between 1.5% and 9% fat and between 1% and 7% protein in g/dL of
milk were retained. Rows containing outliers for fat and protein, or negative values for
fatty acids or missing values for one of the traits studied, were discarded.

Then, the standardized Mahalanobis distance (GH) was calculated for each record
to detect potential extreme data and compare the datasets from Belgium and Canada. To
calculate it, it was necessary to perform a principal component analysis (PCA) on the
31 studied phenotypes, given the high correlations existing between some of them. Fol-
lowing this PCA, six principal components (PCs) were retained, as they explained 95.48%
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of the variability in the data. This analysis was performed using the FactoMineR package,
version 2.4 [32]. Next, the GH distance was calculated as follows [33]:

GH — ((Y—)Ts_l(ff))/nPC )

where X corresponds to the vector of PCs of the observation, is the vector containing
the mean of each PC, T denotes the transpose, S—1 denotes the inverse of the variance—
covariance matrix of the PCs selected by describing the matrix ¥, and nPC is the number
of PCs. No high extreme samples defined by a GH > 5 were observed, so we decided to
keep all samples, as we wanted to observe samples with abnormal behaviors. The cleaned
database included 774,781 records collected from 2835 Walloon farms between December
2018 and December 2021.

2.2. Canadian Dataset

The second dataset used in the present work comes from Canadian milk recording.
Lactanet (Ste Anne de Bellevue, QC, Canada) provided access to spectral data from tank
samples collected in Quebec from January 2020 to March 2022 from 4676 farms. The samples
taken every 1 to 3 days from the tank were analyzed by Foss MilkScan spectrometers (Foss,
Hillerod, Denmark). Canadian spectral data were used to predict FI-MIR phenotypes using
the Belgian prediction models. Next, the predicted FI-MIR phenotypes were cleaned using
the same methodology as the one applied for the Belgian dataset. Prior to any analysis,
the Canadian data were projected onto the Belgian PCA used to detect outliers to ensure
that their variability was indeed included in the Walloon variability and that the Walloon
results are applicable.

The cleaned Canadian dataset contains 670,165 records. The estimated descriptive
statistics of Belgian and Canadian datasets along with the performances of the prediction
models are mentioned in Table 1. The differences observed are mostly related to the
differences between a pasture-based system in Wallonia (Belgium) compared to a more
productive system in Canada, where fat supplementation is more common [34].

In addition to milk composition information, Lactanet has made additional informa-
tion available to better understand herd management. All of these data are average values
per herd, calculated for the 12 months prior to April 2022, and are available for 3006 farms.
These traits and their related descriptive statistics are presented in Table 2. The transition
index corresponds to the difference between expected animal production, based on pro-
duction in the previous lactation, and the projected production of these animals, based on
the production in the first test. This index is used to evaluate the strategy implemented
for cows during the transition period. The management index provides information at the
herd level from the average animal’s environment and management effect [35]. The index
at the animal level is based on the difference between the phenotype and the genetic effect.

Information on rations given in 2021 was also available for 540 herds for which
Lactanet advisors provided feeding advice. This information includes the theoretical
percentage of dry matter in the ration (49.97 &£ 28.97) and the theoretical percentage of corn
silage in the ration (22.85 £ 17.45). The latest dataset used, supplied by Lactanet, concerns
the presence of ventilation in the barn. These data were collected by survey on 2113 farms
and indicate the presence or absence of additional ventilation in summer (Yes = 75.96%,
No = 21.44%, and NA = 2.60%).
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Table 1. Descriptive statistics for the 39 FI-MIR-predicted traits used in the study calculated from the
available Belgian and Canadian spectra.

FT-MIR Predicted Traits 7 Unit (NB:;g;;’;; » (N(ia;%c};@) R2cv RMSE
Fat g/dL of milk 4.17 £0.34 4.14 £0.27 / /
Protein g/dL of milk 3.47 £0.19 2.62 £0.13 / /
Milk yield kg/day 26.85 + 2.85 29.97 £ 1.54 0.69 3.48
Energy balance —3.12 £3.36 —7.05 £ 1.56 0.43 1.33
Nitrogen efficiency 53.67 +14.12 17.54 £1.25 0.52 1.44
Blood BHB mmol/L plasma (log) —0.82 £ 0.09 —0.78 £ 0.06 0.7 1.85
Blood free FA neq/L of plasma 495.15 + 131.57 421.89 + 84.79 0.39 344.2
Dry matter intake kg/day 22.81 £2.14 2418 £1.41 0.45 1.35
C4 g/100 g of fat 2.68 £ 0.19 2.63 £ 0.13 0.93 0.008
Coé g/100 g of fat 1.81 £ 0.12 1.83 £ 0.08 0.91 0.006
C8 g/100 g of fat 1.18 £ 0.10 1.28 & 0.07 0.91 0.004
C10 8/100 g of fat 2.65 1 0.36 3.26 + 0.25 0.92 0.01
C12 8/100 g of fat 3.32 £+ 0.44 4.09 £ 0.33 0.93 0.011
C14 8/100 g of fat 11.43 £ 0.87 12.32 £ 0.65 0.94 0.03
C14:1cis9 g/100 g of fat 1.06 & 0.11 1.17 4 0.08 0.71 0.008
C16 g/100 g of fat 31.33 £ 3.25 28.90 £ 1.52 0.95 0.091
C16:1 g/100 g of fat 1.61 £ 0.17 1.56 + 0.09 0.73 0.013
Cc17 8/100 g of fat 0.64 £ 0.05 0.66 £ 0.02 0.81 0.003
C18 8/100 g of fat 9.53 + 1.03 9.05 £ 0.61 0.84 0.056
Total C18:1trans 8/100 g of fat 3.12 + 0.75 3.62 + 0.37 0.8 0.025
C18:1cis9 g/100 g of fat 18.56 + 2.63 19.98 + 1.74 0.95 0.063
Total C18:1cis g/100 g of fat 20.04 £ 2.78 21.57 1+ 1.86 0.95 0.061
Total C18:2 8/100 g of fat 2.10 £+ 0.22 2.54 £ 0.12 0.71 0.014
C18:2cis9cis12 g/100 g of fat 1.25 £ 0.15 1.49 £ 0.11 0.75 0.011
C18:2cis9trans11 g/100 g of fat 0.47 £ 0.10 0.61 £ 0.05 0.74 0.01
C18:3cis9cis12cis15 g/100 g of fat 0.76 £+ 0.33 0.96 £ 0.13 0.69 0.004
Saturated FAs g/100 g of fat 68.49 £ 4.09 66.88 £ 2.06 0.99 0.072
Monounsaturated FAs g/100 g of fat 26.78 + 3.11 27.51 £ 1.97 0.97 0.059
Polyunsaturated FAs g/100 g of fat 3.46 £ 0.68 4.44 £ 0.28 0.79 0.021
Unsaturated FAs g/100 g of fat 30.33 + 3.57 31.87 £ 2.15 0.97 0.064
Short-chain FAs g/100 g of fat 8.77 £ 0.60 9.32 £ 0.42 0.93 0.025
Medium-chain FAs g/100 g of fat 51.68 & 3.95 51.89 & 2.5 0.97 0.104
Long-chain FAs g/100 g of fat 38.50 4 4.12 39.04 £+ 2.72 0.95 0.11
Branched FAs g/100 g of fat 2.27 4+ 0.26 2.67 + 0.08 0.77 0.013
Omega3 g/100 g of fat 0.58 £ 0.12 0.71 £ 0.05 0.68 0.006
Omega6 8/100 g of fat 213 4+ 0.24 2.58 + 0.14 0.74 0.014
Odd-chain FAs g/100 g of fat 3.82 + 0.35 4.30 + 0.12 0.84 0.016
Total Trans FAs g/100 g of fat 3.91 4+ 0.93 4.59 £ 0.46 0.82 0.029
Total C18:1 8/100 g of fat 23.15 4 3.08 23.7 +1.99 0.96 0.06
1 Traits in bold will be used in the following unsupervised analysis. FAs = fatty acids,

BHB = beta-hydroxybutyrate.

2.3. Unsupervised Learning

Since many of the problems that can be detected are linked to multiple FA deviations,
and a single FA irregularity can be associated with various problems, a multivariate
approach was necessary for a more comprehensive understanding of the relationships
between FAs, and consequently, to better assess the overall situation of the herd. Given the
lack of diagnostic data for Walloon herds, the innovation of this work lies in studying the
relationships between variables to identify groups of herds with distinct FA profiles and to
explain them. This study extends the work of Franceschini et al. [24] on individual cow
milk samples. Based on the predicted phenotypes, the literature, and the more extensive
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Canadian data, the identified clusters were interpreted, and their practical usefulness was
assessed. From those results, the final objective was to study the feasibility of developing a
specific decision-making tool, based on predicted FAs, to assist dairy farmers in their daily

decision making.

Table 2. Herd characteristics for 3006 Canadian farms.

Unit Mean + SD
Number of lactation cows Cows 66.65 £ 50.87
Days in milk days 176.99 + 23.64
Margin on feed costs $CA/cow/year 5009.77 + 1254.85
Margin on feed costs per kg of fat $CA/cow/year/kg  12.53 £1.52
Milk yield L/day 26.59 £ 5.05
Fat kg/cow/day 1.06 £+ 0.30
Protein kg/cow/day 0.86 - 0.24
Milk production at lactation peak L/day 39.72 £5.76
Days in milk at lactation peak days 4475 + 4.54
Somatic cells in milk %103 cells/mL 182.02 £+ 116.21
% of cows in the herd with somatic cells count > 200,000 cells/mL % 18.95 £+ 7.92
Urea in milk g/mL 5.01 £5.90
% of cows in the herd with a urea concentration < 5 or >12 % 7.75+£9.90
Transition index 236.12 £ 445.85
% of cows in the herd with a negative transition index % 37.98 + 18.25
Age at first calving month 25.30 £2.28
Calving interval days 409.75 £ 31.72
Management index —303.55 £ 1218.80
Management index for fat —14.99 £ 52.65
% of the 3006 farms in conventional farming system % 60.98
% of the 3006 farms in organic farming system % 13.11
% of the 3006 farms with no information about their farming system % 25.91

2.4. Hierarchical Clustering

A hierarchical clustering algorithm was applied to the 31 Belgian FA predictions, with
the aim of grouping together samples with similar characteristics. The function used was
hclust from the Stats package version 3.4.1 [25]. This algorithm groups data according to
their distance from each other. In the present study, the “ward.D2” method was used to
calculate these distances between groups. The algorithm sums the squares of the distances
between the data, then merges the data in such a way that the intra-group dispersion is
minimized [36]. This method requires too much computer memory to be applied to the
entire dataset. Therefore, a representative subset was created in 2 steps. Firstly, records with
the greatest GH distances (GH > 3) were kept, as they are the most extreme ones reflecting
milk compositions different from the average. This represented 12,322 samples. Second,
to equilibrate normal and more extreme samples, we selected 5000 samples randomly in
every other GH strata (from 0 to 1, from 1 to 2, and from 2 to 3). So, the final subset was
composed of 27,322 records. The number of clusters selected was a function of the cluster
height, visible on the cluster dendrogram, as well as the distance differential with respect
to the previous merge. The visualization of the first two PCs was used to illustrate the
position of the various clusters. The 8 other indicators available in the database were added
as additional features in this PCA to help the interpretation of these results.

2.5. Cluster Prediction

To facilitate the prediction of clusters in the available datasets, partial least squares dis-
criminant analysis (PLS-DA) and random forest (RF) models were applied to the subset for
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which the cluster labels were known. The PLS-DA was estimated using the Caret package,
version 6.0-90 [37], while the RF model was estimated using the randomForest package,
version 4.7-1.1 [38]. PLS-DA was selected because some FA traits are correlated. The
analysis was performed on 31 centered and scaled FAs, with a maximum of 30 components.
The predicted cluster is the one with the highest probability of membership. A ten-fold
cross-validation was used to determine the optimal number of PLS components and to
assess the classification’s performance. Performance was measured using global accuracy
and Cohen’s Kappa coefficient, which accounts for agreement occurring by chance. The
random forest model was chosen to capture potential non-linear relationships. The Gini
index was used as the splitting criterion, and the number of trees was set to 500. The
maximum number of features was optimized through cross-validation, following the same
methodology used for PLS-DA.

Since the 31 FAs were predicted by FT-MIR spectrometry, PLS-DA and RF models were
also created, directly using the spectra to predict the clusters. This approach enhances the
model’s transferability by eliminating the FA prediction step, which may vary depending
on the lab or equation model used. A first derivative was applied to the spectra, and
212 spectral points were utilized as suggested by Grelet et al. [27]. The modeling methodol-
ogy was the same as that used for the model based on the 31 FAs. After cross-validation,
cluster predictions using PLS-DA and RF from FAs and from spectra were performed on
all available Belgian and Canadian datasets.

2.6. Interpretation

To interpret the clusters, the means and standard deviations of each FA and other
available sources of information were calculated according to the predicted clusters. This
allowed us to compare the clusters.

The means associated with each cluster are essential for understanding the underlying
patterns, but the frequency of each cluster and the frequency of transitions between clusters
are also crucial for interpretation. For this reason, the transition matrix between clusters was
estimated. For each observation in a specific cluster at time t, we measured the probabilities
of transitioning to every cluster at time t + 1. In this approach, transitions between clusters
were considered in a binary manner: from cluster 1 to 1, from 1 to 2, and so on. This allows
for consideration of the dynamics between clusters.

Since the emergence of a problem in a herd is rarely spontaneous, the transition from
one cluster to another may be too abrupt as a monitoring tool. Therefore, it is important to
use quantitative rather than qualitative information. In this study, the probabilities of cluster
membership obtained from PLS-DA and RF were also considered as a monitoring tool.
To validate their usefulness, we calculated the correlations between cluster probabilities
and FAs and indicators available in all databases. These probabilities were further used to
visualize the evolution of herd conditions over time.

Finally, using additional validation data provided by Lactanet on animals, herd break-
down, and feeding, the herds found in each cluster were analyzed to determine whether it
was possible to identify any trends in the type of animals or management. This was carried
out to explain certain clusters, but also to confirm hypotheses about the herd status in the
different clusters.

3. Results and Discussion
3.1. Clustering on Belgian Dataset

Seven clusters were retained after clustering the selected subset (N = 27,322) based on
the separation observed in the dendrogram (Figure 3). The distribution of observations
across the clusters is strongly influenced by the GH value (Table 3), confirming the hy-
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pothesis that rare observations with high GH values must be considered to understand
the overall picture. Moreover, the less frequent clusters associated with high GH values
could be linked to stress within the herd. Indeed, it is reasonable to assume that stressed
herds would exhibit more extreme patterns with lower frequencies in the dataset. However,
further analysis is necessary to confirm this hypothesis.
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Figure 3. A dendrogram of the seven clusters found from the selected subset.
Table 3. Proportions of the seven clusters for the observations from the subset (N = 27,322).
Cluster
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7
All data 23.55 7.90 11.72 22.75 15.89 10.81 8.71
GH<3 27.53 2.29 4.07 28.51 15.64 5.48 13.47
GH>3 17.98 12.51 21.04 15.73 12.54 17.29 291

The records for this subset were projected onto the first two PCs which together
explained 74.3% of the whole dataset’s variance, as shown in Figure 4. The first axis is
associated with milk saturation. The top-left quadrant corresponds to de novo FAs, except
C4, which, along with C16, is associated with the bottom-left quadrant. The top-right
quadrant is related to trans long-chain FAs, while the bottom-right is associated with
cis long-chain FAs. The scatterplot illustrates an overlap among clusters with a visible
transition from one cluster to another. This configuration was expected, as the underlying
natural processes of metabolic issues and stress are continuous.

To facilitate cluster interpretation and to work on the complete dataset, supervised
prediction models—PLS-DA and RF—were applied to the subset with known cluster labels.
An advantage of this approach is its ability to estimate cluster membership probabilities,
providing quantitative information that may be particularly valuable for decision support
tools. In the past, Franceschini et al. [24] adopted a similar methodology.
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Figure 4. Projection of subset samples on the first two principal components (N = 27,322)
(SCFA = short-chain fatty acids, MCFA = medium-chain fatty acids, LCFA = long-chain fatty acids,
Sat = saturated fatty acids, Mono = monounsaturated fatty acids, Poly = polyunsaturated fatty
acids, Insat = total of insaturated fatty acids, BFA = branched fatty acids, TotT = total of trans
fatty acids).

For this study and based on the 31 FT-MIR-predicted FAs, a cross-validated PLS-DA
predicted clusters with an average accuracy of 66.01% and a Cohen’s Kappa coefficient
of 60.13%, using 16 components. On the same dataset, a cross-validated RF achieved an
average accuracy of 91.81% and a Cohen’s Kappa coefficient of 90.14%. The same prediction
methods (PLS-DA and RF) were applied directly to the standardized spectra to predict
clusters, yielding relatively strong performance. The cross-validated global accuracies
were 68.84% for PLS-DA with 29 components and 79% for the RF. A hypothesis about
the differences in performance could be made regarding the non-linearity of the relation
between some FAs and the clusters. The decrease in accuracy for RF when switching to
spectra could be linked to the high dimensionality and the higher correlation between
spectral wavelength absorption than between FAs.

For the following analysis of this paper, the RF model based on the 31 FAs was used
to predict the cluster for the whole dataset, as it is the model with the highest global
accuracy (91.81%), so most of the observations are correctly classified and misclassifications
primarily occur in adjacent clusters, which can be explained by the cluster continuum
shown in Figure 4 and Table 4.

Table 4. Confusion matrix related to random forest algorithm applied on 31 predicted fatty acids
(N =27,322).

Reference
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7
Cluster 1 5781 122 0 279 100 113 59
c Cluster 2 78 1651 24 0 30 57 0
2 Cluster 3 0 43 2979 0 105 72 0
% Cluster 4 287 0 0 5875 0 36 46
@ Cluster 5 50 36 111 1 4001 48 62
R Cluster 6 96 33 90 36 46 2623 8
Cluster 7 53 0 0 24 59 4 2204
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3.2. Cluster Prediction on Belgian and Canadian Datasets

Before making any predictions using the Canadian dataset, it was essential to verify
that the variability in the Canadian data is encompassed within the variability in the Belgian
data used for clustering. Figure 5 illustrates the projection of the Canadian data onto the
first two PCs initially developed from the Belgian database, confirming that the variability
in the Canadian data is included within the Belgian FA data’s variability. Consequently, the
RF model developed using the Belgian FA data can be applied to the Canadian data.

“Second principal component (19.3%)

First principal component (55.0%)

Figure 5. Projection of Canadian data (blue) onto graph of individuals (black) on first two principal
components estimated based on whole Belgian database.

Using the developed RF algorithm, cluster membership was predicted for all Belgian
(N =774,781) and Canadian (N = 670,165) records. Table 5 presents the proportion of
records by cluster for both countries, illustrating differences not only between Belgium and
Canada but also compared to the GH (Table 4). We assumed that higher GH milk spectra
are over-represented in the Belgian subset and that differences between countries may be
due to the variability differences displayed in Figure 5.

Table 5. Percentages of Belgian and Canadian records by cluster.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7
Belgium 38.47 1.18 1.04 36.60 10.40 2.51 9.80
Canada 12.00 0.28 0.04 0.48 13.22 <0.01 73.98

First, there is minimal or no representation of Canadian data in Clusters 2, 3, 4, and 6.
Second, the primary clusters in Belgium are Clusters 1 and 4, with Clusters 5 and 7 also
occurring frequently, whereas Cluster 7 is predominant in Canada, with Clusters 1 and
5 following. One hypothesis, therefore, is that Clusters 1 and 4 represent an average
situation in Belgium, while Cluster 7 represents an average situation in Canada. As most
herds in a population are expected to be well managed, this would be the normal situation.
At this step, more information such as the FA profiles is required to deepen interpretations.

To further explore the dynamics between clusters, transitions from one cluster to
another were computed (Table 6). This table gives the proportion of records going from
Cluster A at time t to Cluster B at time t + 1. In Belgium, Clusters 1, 4, and 5 have the
highest proportion—around 65%—of successive records remaining within the same cluster.
Clusters 1 and 4 appear to be interrelated, as approximately 20% of the records transition
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between them. A significant proportion of records from Cluster 5 moves to Cluster 1. In
contrast, only a small proportion of records from Clusters 1 or 4 transit to Cluster 5. Instead,
records in Cluster 5 predominantly come from Clusters 2, 3, and 6. Cluster 7 is less stable
and less represented than Clusters 1 and 4, but it seems to be more related to these clusters
than to others. In contrast, Cluster 3 rarely transits to Clusters 1 or 4.

Table 6. Cluster transitions between 2 successive controls, expressed in %, for data collected in
Belgium and Canada !.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7

Belgium Cluster 1 65.63 1.26 0.09 20.19 5.97 1.69 517
Cluster 2 40.24 32.52 2.32 4.97 10.86 8.90 0.20
Cluster 3 2.78 2.85 55.75 0.45 23.67 14.33 0.17
Cluster 4 22.02 0.14 0.01 69.81 0.43 0.53 7.06
Cluster 5 20.68 1.23 2.25 1.62 64.65 3.00 6.56
Cluster 6 24.01 4.21 6.55 8.02 13.18 43.42 0.62
Cluster 7 19.83 0.02 0.01 27.80 5.54 0.12 46.68
Canada Cluster 1 34.39 0.28 0.01 0.31 11.10 0.00 53.92
Cluster 2 11.51 18.63 0.70 0.00 60.87 0.00 8.30
Cluster 3 0.83 7.44 23.55 0.00 62.81 0.00 5.37
Cluster 4 7.10 0.00 0.00 35.09 0.69 0.00 57.12
Cluster 5 10.27 1.24 0.17 0.02 63.08 0.00 25.22
Cluster 6 0.00 0.00 0.00 0.00 83.33 0.00 16.67
Cluster 7 8.79 0.04 0.00 0.38 4.43 0.00 86.35

! Each line is first defined by a cluster at time t, and then the other columns represent the probabilities of moving
into the cluster at time t + 1. Clusters in bold represent less than 1% of the dataset.

Finally, Clusters 2 and 6 are the least stable, likely associated with temporary events.
This could suggest that herds in Cluster 3 have experienced a deterioration in animal
welfare, with herds remaining in this cluster longer than in others. This may indicate
a problematic state and greater difficulty returning to a normal status. There are more
transitions to Cluster 7 from Clusters 1 and 4, which are considered healthy clusters, than
from Clusters 2, 3, 5, and 6, which are considered problematic. These observations suggest
that Clusters 1 and 4 represent typical conditions in Wallonia, with Clusters 5 and 7 as
intermediate clusters, and Clusters 2, 3, and 6 as potential problem clusters related to stress.
If these hypotheses are correct and these clusters indeed reflect stress states, this dynamic
would be expected.

In Canada, Cluster 7, which seems to be the standard, is also related to Clusters 1 and
4, even though Cluster 4 is not very represented in this dataset. Cluster 5 observations
mostly stay in Cluster 5, and observations from Clusters 2, 3 and 6 go back to Cluster 5.

3.3. Cluster Interpretation

To deepen the interpretation of clusters, the means by cluster were calculated for
phenotypes predicted by FT-MIR from bulk tank milk collected in Belgium and Canada
(Table 7). To facilitate reading of the results, a color code was applied. The best and
second-best values are in green and those with the worst values are in red. Globally, the
results are similar for Belgium and Canada. The major differences between Belgium and
Canada for FAs concern C18, polyunsaturated FAs, branched FAs, and odd FAs. For the
supplementary variables, the protein, protein efficiency, energy balance, and blood free
FAs are globally lower in Canada while the milk yield and the dry matter intake are higher.
However, the performance of the equation for energy balance and blood free FAs is low, so
the differences might be irrelevant. The maximum fat is also higher in Canada. Generally,
Cluster 4 presents the best values in Wallonia followed by de-novo-FA-dependent Clusters
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7 and Cluster 1, which have good values on average. Cluster 3 is the worst, followed by
Cluster 6 and Cluster 2. Like Cluster 1, in terms of the “healthy” clusters, Cluster 5 seems
to be intermediate. The same trends are observed for Canada. However, Clusters 2, 3,
4, and 6 are not very well represented in Canada. In a more controlled production and
management system, these clusters may occur very rarely but may indicate more severe
cases. Out of Clusters 1, 5, and 7, which represent 99.2% of the population, Cluster 5 would
be the problematic cluster, with a potential transition to severe clusters.

So, Cluster 1 is the most represented in Belgium, followed by Cluster 4. These are the
“standards” with better values for Cluster 4. Cluster 7, the most represented in Canada,
has also good overall values. The difference in “standard” clusters between Canada and
Belgium, and the small representation of some clusters, can probably be explained by the
differences in farming systems between the two regions. Indeed, Quebec has few farms
practicing grazing, unlike Wallonia. In Quebec, most farms use stanchion barns for lactating
cows, whereas Walloon farms generally use loose housing when the animals are not in
pasture [39,40]. The herd size in Quebec is 73 cows, and each animal gives an average of
over 9300 L of milk per year [41] In Wallonia, there are 64 cows per herd, and the milk
production is only 6600 L per year on average [42]. Moreover, those clusters are probably
related to different types of feeding management. The interpretation is complex because
many factors such as the type of diet, amount of concentrates, and fat supplementation
are interacting with each other. The hypothesis is that Clusters 1, 4, and 7 correspond
respectively to fresh grass, grass silage, and maize silage, potentially with concentrates and
fat supplementation. Indeed, the grass silage diet is associated with higher C14 and C16
and lower C18 mono- and polyunsaturated FAs. The maize silage diet tends to increase the
C6, C8, C10, and C12 found in Cluster 7 while the fresh grass diet favors an increase in C4
and C18:1cis9 [43]. Among the “healthy” clusters, Cluster 1 has the highest values for those
traits. Concentrates are potentially found in Clusters 4 and 7 because they increase the
percentages of C10 and C12 but also trans monounsaturated FAs and C18:2cis9cis12 [43].
Fat supplementation differs depending on the type of lipid. However, it is associated
with an increase in polyunsaturated FAs and an inhibition of de novo FAs [43], which can
explain the difference between Wallonia and Quebec for PUFAs and the inversion of the
cluster order for de novo FAs between Clusters 4 and 7.

The hypothesis for Clusters 2, 3, 5, and 6 is that they include herds in a state of stress
or poor health. Indeed, these clusters generally present the worst values for at least five
traits. However, there are differences between these four clusters. First, Cluster 3 is the
worst cluster, and is associated with extreme values for most of the traits. It is difficult to
interpret the exact issue, as all the traits are extreme, but it is probably related to energy
balance or ruminal acidosis. Moreover, Cluster 3 also presents a low value for the predicted
milk yield.

Cluster 1, which is considered related to pasture or fresh grass, is similar to Clusters 2
and 6. However, Cluster 1 presents good values, unlike Clusters 2 and 6. After Cluster 3,
Cluster 6 has the worse values for short-chain FAs, C16:1, and protein, and high values of
THI. The low value for de novo FAs could indicate that there is an issue with rumen health,
but for rare events, involving around 2.5% of the observations, such as dietary imbalance.
Cluster 5, which has low values for C16 and high values for branched FAs, trans FAs, and
odd-chain FAs, is also probably related to rumen health affected by the feeding strategy,
such as being given a high-concentrate diet. This cluster is more common, involving 10%
of the observations, and has low values for milk yield and energy balance, so it could
be a combination with an energy balance issue. For those two clusters, farmers should
monitor rumen health and adapt consequently. Cluster 2 has low values for fat, protein,
unsaturated FAs, C14, C14:1c9, and DML. It has also high values for blood free FAs and for
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long-chain FAs, more specifically C18 and C18:1c9, which is a sign of fat mobilization and
negative energy balance. These clusters are essential, as they are transitioning to Cluster 3,
which is an abnormal herd status. At this step, on-farm information is required to obtain a
deeper interpretation.

Table 7. Means by cluster of the phenotypes predicted by FT-MIR from bulk tank milk collected in
Belgium and Canada as well as temperature humidity index (THI) for Belgium. Two best values are
highlighted in shades of green, and worst in shades of red according to their rankings. Clusters for
Quebec, in bold, represent less than 1% each.

Belgium Canada

C1 2 C3 C4 C5 C6 7 C1 2 C3 4 C5 C6 7

4 2.78 2.87 2.49 269 255 260 250 279 | 285 263 275 264 255 261
C6 1.82 1.7 1.46 186" 170 156 184 180  1.68 W 1977 174 153 185
C8 1.16 1.01 0.88 123 111 094 126 | 122  1.08 097 | 139 118 095  1.30
C10 2,53 2.06 1.78 277 251 187 306 307 253 2230 360 290 238 336
C12 3.15 2,51 2.30 351 313 244 378 383 310 280 453 362 319 422
Cl4 1113 956 905 1207 | 1055 9.92 119 1180 1027 | 9.66 1328 1136 1106 1258
Cl14:1c9 1.01 0.84 1.00 112 105  1.05 1.09  1.09 17096 1.02 124 111 120 119
C16 3104 2716 [W2426°0 3438 2578 3001 2931 2879 2554 [U23B30 3262 2658 | 29.84  29.33
Cl6:1 1.58 1.69 1.95 159 170 192 160 | 153  1.65 183 145 165 172 155
C17 0.64 0.66 0.72 061 @ 070 066 070 064  0.66 070 062 068 0.68  0.66
C18 10.02 [UTI48W 1044 904 956 993 918 949 [WA0%6N 1057 836  9.67 873  8.87
Total C18:1t 3.21 3.71 4.44 250 421 313 358 [349 4.01 45270 297 405 3.60  3.57
C18:1c9 19.06 = 2382 | 2628 1656 2181 2326 | 1798 21.18 2525 = 27.26 1646 2262 2321 | 1931
Total C18:1c  20.61 2569 = 2817 1797 2339 2507 = 1927 229 2722 | 2929 17.80 2436 2478  20.85
Total C18:2 212 24 2.42 192 | 239 | 2.08 228 255 270 28 223 265 233 252
C18:29¢12 1.28 1.47 1.20 122 120 121 126 156 161 155 134 15 141 147
C18:2c9t11 0.46 0.53 0.63 038 170637 045 057 057 = 0.62 0690 052 0.65 055077 0.60
C183c9c12c15 | 0.72 0.80 1.38 050 133 0.9 108 | 085  1.00 126 076 112 1.05 096
SFAs 6837 6315 | 5754 7193 6153 6406 6724 6625 6139 58 7184 6348  64.81 | 67.59
MUFAs 2738 3276 | 3615 2432 3099 3212 | 262 2843 33.08 | 3603 2324 3071 3053 | 2678
PUFAs 3.46 4.01 4.60 286 456 336 419 429 467 511 378 476 417 441
UFAs 3091 3681 | 4092 2729 3565 3571 304 3267 | 37.69 | 4111 27.00 3541  34.67 | 3111
SCFAs 8.71 7.92 6.88 906 824 | 735 904 912 830 754 1008 8.75 759 946
MCFAs 50.62 | 4407 | 4179 5553 4567 482 51 5044 | 4460 = 4228 5692 4808 5026 = 52.81
LCFAs 39.84 4781 | 4986 348 4367 4421 38 4064 4712 | 50.03 3348 433 4218 3801
BFAs 221 2.20 2.66 211 2700 226 254 258  2.60 277 249 273 260 2.67
Omega3 0.59 0.68 0.77 047 076 056 070 068 076 082 061 077 060 | 071
Omegab 2.17 248 2.36 195 236  2.03 234 261 273 278 230 266 234 256
Od‘;fs‘am 3.74 3.73 4.29 359 434 375 426 414 410 435 410 434 441 432
Total trans FAs ~ 4.00 458 5.54 316 532 388 456 = 431 492 562 3.78 5.1 433 454
Total C18:1 2385 294 | 3228 2064 2724 2827 | 2249 2476 2951 | 3218 1944 2690 2635 | 2294
Fat Il 3.94 4.01 423 410 405 425 417 402 399 484 402 383 4.15
Protein 3.44 331 3.43 350 35 337 355 @ 255 |2 250 | 290 256 255 | 265
Milk yield 2687 2610 [W22M5W 2811 2449 2481 2552  30.83 29.82 2655 3090 2856 [WRATZZN 30.08
EB 275 540 | -850 143 740 483 404 787 —951 =104 —695 822 —6.94 ["Z669
NUE 5667 5629 | 3104 5810 3873 4178 4967 1870 19.76  19.75 17.96 1824 [W20A4W 17.22
Blood BHB —081 074 | —071 087 073 —077 079 —0750=0%67" —068 —089 073 —0.77 —0.80
Blood free FAs 5269  678.60 | 71460 40770 59040 629.00 | 520.30 449.3 597.8 [1622:60" 293.8 5144  496.00 = 400.8
DMI 2224 1993 | 1978 2351 2203 2084 | 2417 2349 2145 | 2127 2731 2303 | 2467 2449
THI 5227 5245 | 5671 @ 5028 5467 5631 = 4912 / / / / / / /

SFAs = saturated FAs, MUFAs = monounsaturated FAs, PUFAs = polyunsaturated FAs, UFAs = unsaturated
FAs, SCFAs = short-chain FAs, MCFAs = medium-chain FAs, LCFAs = long-chain FAs, BFAs = branched FAs,
EB = energy balance, NUE = Nitrogen Use Efficiency, BHB = beta-hydroxybutyrate, FFAs = free FAs, DMI = dry
matter intake. THI was not calculated for the Canadian dataset, as meteorological data were not available.

Even if we have a high percentage of missing information, increasing the difficulty of
drawing general conclusions, the management indicators provided by Lactanet should be
useful information to further understand the clusters. Table 8 shows a higher percentage
of organic farms and fewer herds with additional ventilation in Clusters 2 and 6 than in
Clusters 1, 3, and 5. There is a significant difference between clusters in feed intake, with a
very low proportion of corn silage in the rations of Clusters 2 and 3 (Table 9).
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Table 8. Percentages of organic and conventional farms in the various clusters, in % of herds present
in the cluster.

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7

Level  (v-4330 (V=520 (N=83) (N=577 (N=32500 (N=4) (N=4639)
éo = Organic 8.43 11.92 3.61 12.13 8.77 0.00 8.26
é “SB') Conventional 39.33 25.77 16.87 40.56 36.15 25.00 39.21
Es > Unknown 52.24 62.31 79.52 4731 55.08 75.00 52.53
ER: No 75.83 84.75 71.43 77.91 77.19 / 75.95
3% ,i«: Yes 21.55 13.56 28.57 18.99 20.48 / 21.44
S E Unknown 2.62 1.69 0.00 3.10 2.33 / 2.61
< 2
Data available for 2227 herds out of 4675 herds for Canada, N = 13,403 herds x cluster.
Table 9. Percentages of different feeding in the various clusters, in % of herds present in the cluster.
Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 6 Cluster 7
(N =498) (N =27) (N=2) (N =66) (N =319) (N=0) (N =529)
Feedin % of dry matter 50.03 31.33 0.74 49.53 46.56 / 49.83
& % of corn silage 22.44 8.63 2.04 33.98 18.22 / 22.79

Data available for 2227 herds out of 4675 herds for Canada, N = 13,403 herds x cluster.

Table 10 shows herd indicators related to management, production, reproduction, and
sanitary status averaged over twelve months. More than 50% of the Canadian herds in
each cluster had data available for these different indicators. Cluster 6 was not found in
this dataset. The data for Clusters 1 and 5 are very close or identical for most indicators,
and they present the best values. Clusters 4 and 7 also had close, but worse values.

If we look at the transition index of these clusters, which represents the average herd’s
performance at the start of lactation compared with what was expected of it, we observe
that Clusters 2 and 3 have the lowest values, with negative values for Cluster 3. Cluster 5 is
also slightly lower than the others. In other words, these herds showed lower performance
in the first lactation than expected, suggesting a bad transition strategy between dry-off
and early lactation. The milk management index, which estimates the environmental
effect, shows negative values, but with very large standard deviations for all clusters.
These indices are less negative for Clusters 1, 4, and 7. This trend is also found for the fat
management index, suggesting that Clusters 2, 3, and 5 represent undesirable situations
in Canada.

3.4. From Clusters to Probabilities

We showed that the clusters are related to herd management and could be of interest
as a monitoring tool. However, we can improve the quality of the information given by
using the probability of belonging to a cluster instead of a binary value. These probabilities
are already a by-product of the RF algorithm, if we consider the proportions of trees
that predict an observation into each cluster. These proportions respect the properties
of probability. While these probabilities are correlated, which is expected, as the clusters
overlap in Figure 4 and the underlying biological process is not discrete, the information
they provide is useful for developing a monitoring tool on a routine basis. This information
is mainly related to feeding management practices at the herd level and is available every
one to three days. The FI-MIR predictions of the clusters and their probabilities become
time series where extreme events can be detected and sent to the farmer.
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Table 10. Means and standard deviations by cluster of management related data for 3006 Quebec
herds. No observations were available for cluster 6.

Traits

Cluster 1 Cluster 2 Cluster 3 Cluster 4 Cluster 5 Cluster 7
Number of cows in lactation 65.32 + 41.63 46.04 +17.1 4055 + 28.32 66.22 + 34.38 58.13 + 33.89 66.06 & 42.37
Days in milk 17441 £ 20.3 177.82 + 31.35 234.75 + 74.5 174.26 £ 19.91 176.55 & 22.29 174.94 + 20.31
MFEED ($CA /cow /year) 5134.67 +959.26  4643.00 + 1056.39  3074.75 + 1120.77 493220 + 1056.97  5011.12 & 1005.99  5129.53 - 945.2
MEFEED per fat yield
(5CA /cow  year /Kg of fat 12.59 + 1.17 12.83 £ 1.8 11.16 + 0.87 12.42 4 1.30 12.59 £+ 1.35 12.58 4 1.14
Milk yield (L/cow/day) 26.88 + 4.58 24.61 + 4.68 18.57 + 5.99 25.69 4+ 5.26 26.32 + 4.66 26.83 + 4.56
Fat (kg/cow/day) 1.08 + 027 0.96 + 0.25 0.72 +0.18 1.07 +0.28 1.04 +0.28 1.08 + 0.26
Protein (kg/cow/day) 0.89 +0.22 0.79 +0.21 0.62 +0.19 0.87 +0.23 0.86 +0.23 0.89 +0.22
Milk at lactation peak (L/day) 40.09 + 5.02 37.12 £ 521 32.35 &£ 5.92 38.46 & 6.35 39.39 & 5.08 40.05 % 5.00
Days in milk at lactation peak 4430 + 437 42.85 £ 592 37.5 + 1047 4243 £ 470 4441 +473 4425+ 434
Somatic cells (10° cells/mL) 175.49 + 106.42 183.50 = 108.72 278.25 + 83.43 177.64 + 110.73 181.34 + 111.68 177.34 + 106.55
Somatic Cegz;sz/ol?égg?/ mL (% of 18.57 + 7.44 20.80 + 8.34 3127 +9.15 1954 + 8.33 1941 +7.52 18.69 + 7.49
Urea (g/mL) 9.36 +5.33 747 + 548 5.08 + 5.89 9.10 +5.71 9.22 +5.59 942 +533
0,
Urea < 5C EQZ}iegr/d‘;‘L (% of 7.50 +7.29 7.81 + 7.00 6.95 + 5.25 9.26 + 8.72 798 +7.63 7.50 + 7.22
Transition index 275.94 + 406.05 53.90 + 469.31 —406.75 £ 51239 274.55 4 429.99 200.7 + 413.45 279.08 + 401.74
Transition index < 0 35.90 + 16.25 45.88 +19.16 675+ 17.71 36.06 + 17.17 38.75 + 16.95 35.72 + 16.05
Age at first calving (month) 24.99 +1.94 26.09 + 3.27 30.15 + 8.28 25.12 +2.17 2523 + 221 24.99 +1.92
Calving interval (days) 403.79 + 26.51 409.22 + 37.63 457.50 & 95.24 40447 + 235 406.06 = 30.01 404.24 + 26.79
% of involuntary culling 19.43 + 8.89 18.46 £ 8.19 2094 & 142 17.20 £ 7.79 19.83 £ 9.43 19.51 = 8.90
% of dead cows 525+ 4.63 478 +4.46 3.69 +49 591 + 5.59 537 + 4.94 533 +4.61
) —289.96 & —798.47 + 242377 + —466.23 £
Milk MI Tl 145019 120330 —358.1 + 1256.43 128108 —299.49 + 12152
Fat MI —14.49 £ 52.79 —40.84 + 62.6 —107.18 + 55.86 —14.57 £ 55.53 —23.05 = 54.50 —14.86 £ 52.25

MI = management index, MFEED = margin on feed costs.

An example of such a time series is represented in Figure 6. Every probability varies

in time, and the switches between clusters happen when the cluster with the highest
probability changes. This is typically the case when a peak occurs for specific issues.
However, the peak is rarely based on one milk sample, so the increase in probability
could be an early method of detecting management issues. In Belgium, the most observed
clusters are Clusters 1 and 4, with some potential issues detected with Clusters 2 and 5. For
Canada, it is mostly Cluster 7, then Cluster 1 and Cluster 5 for some potential issues. Those
probabilities could be the sources of feedback for management.
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Figure 6. Evolution of cluster probabilities in time series for one farm in Belgium (A) and one farm in
Canada (B).

3.5. Practical Implications and Study Limitations

The findings of this study suggest that FA profiles, summarized through a clustering
approach, could be implemented as a herd-level monitoring tool for farmers. This tool
would function as an alert system integrated into herd-monitoring software, where an
alert would indicate the detection of an anomaly without necessarily identifying a precise
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cause. The alert system would not replace an expert opinion but could encourage the
farmers to ask for help. Based on the cluster interpretation in this study, it appears that,
even though the standard clusters differed between Belgium and Canada, likely due to
different farming systems, Cluster 3 was consistently associated with abnormal FA profiles
in both countries, even if Cluster 3 is not common in Canada. In Belgium, the observed
dynamics between clusters showed transitions from intermediate clusters to Cluster 3,
suggesting that monitoring the probability of belonging to these intermediate clusters
could be used to detect early warning signals and mitigate health issues before escalation.
The simplest solution would be to consider the cluster membership. So, Cluster 3 could be
a red flag, while Cluster 2, 5, and 6 could be orange flags, and the others green flags. The
red flag, which is severe, suggests that the farmer should contact an advisor or a veteri-
narian, while an orange flag suggests that they should evaluate the feed storage, the diet
composition, or the fat supplementation, or check for a heat stress event and check the farm
mitigation system.

However, the study presents several limitations. First, the interpretation of clusters
remains complex due to the numerous interactions between FA profiles and management
practices. Second, cluster validation is required using on-farm data and real-world health
observations. While pattern detection from large FT-MIR prediction databases is a powerful
tool, it cannot replace validation using reference measurements and expert field knowledge.
Third, the alert methodology itself must be further fine-tuned to optimize the signal derived
from the time series data. Fourth, practical deployment of such a system depends on a data
infrastructure capable of delivering alerts rapidly enough to inform timely decision making
at the farm level.

These limitations could be addressed through pilot trials on commercial farms, where
feedback from farmers is available when the clustering approach flags potential issues.
Such trials would support better interpretation of the clusters, confirm their utility, fine-tune
the alert system, and help develop an experimental real-time data pipeline that could later
be scaled for routine use. This would also allow for a first use case and for an assessment
of its usefulness.

4. Conclusions

This study extends a previously developed clustering methodology—originally de-
signed for individual milk samples—to bulk tank milk samples. The results suggest that
the FT-MIR variability in Belgian herds encompasses that of Canadian herds, potentially
reflecting a broader range of feeding systems in Belgium. Our findings indicate that
this methodology could serve as a cost-effective tool for generating actionable indica-
tors from existing milk payment data without imposing additional burdens on farmers.
Notably, the transition from intermediate clusters to Cluster 3 appears promising as a
reliable health-monitoring indicator. Integrating this approach into routine herd man-
agement may enhance the capacity to respond proactively to management issues. The
final automated alert system should be merged with an individual level alert to improve
the feedback given to farmers. However, field validation is required before widespread
implementation, particularly to adapt the approach across diverse farming systems and
geographical contexts.
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PCA Principal component analysis
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