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ABSTRACT

In recent years, animal welfare considerations have
increased for citizens and public authorities. Within the
several dimensions of welfare, chronic stress is particu-
larly difficult to measure objectively, while in its chronic
form, it may cause metabolic, inflammatory, and infec-
tious diseases, fertility problems, or lower milk produc-
tion. Therefore, the goal of this work was to evaluate the
potential of milk mid-infrared (MIR) spectra for predict-
ing at the individual cow level the content of 2 chronic
stress biomarkers: hair cortisol and blood fructosamine.
A dataset was specifically created by organizing a dedi-
cated large-scale sampling. Sampling was performed in
commercial dairy farms by several regional milk record-
ing organizations in Austria, Belgium, France, Germany,
and Luxembourg for a total of 1,412 individual cow
records. Each of the 1,412 cows was sampled 1 time for
milk, hair, and blood. Milk MIR analysis was conducted
locally on a total of 30 standardized spectrometers. After
removing the spectral and reference missing values and
cleaning data, the final dataset comprised 1,071 hair cor-
tisol values and 940 blood fructosamine values. Qualita-
tive models were tested to discriminate low versus high
contents of hair cortisol and blood fructosamine for each
individual dairy cow from the milk MIR spectra through
the use of partial least squares discriminant analysis.
Four quantitative modeling strategies were also tested to
predict the exact quantitative value of the 2 biomarkers.
All models were evaluated in an external herd valida-
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tion process by iteratively excluding 33% of herds (i.e.,
26 herds out of 78). The best model discriminating high
hair cortisol values for individual dairy cows showed a
global accuracy of 71%, with a specificity of 74% and a
sensitivity of 61%, and this model included MIR spectra,
with milk yield, parity, square of parity, DIM, square of
DIM, and breed as predictors. The best discrimination
of high fructosamine values demonstrated a global accu-
racy of 73%, with a specificity of 75% and a sensitivity
of 67% and was based on the combination of 2 models.
When testing the 4 quantitative methodologies, the best
R* were 0.13 for hair cortisol and 0.2 for blood fructos-
amine in external herd validation, showing a poor capac-
ity of milk MIR spectra to predict the exact quantitative
value of the 2 biomarkers. While the quantitative models
did not supply satisfying results, the qualitative models
provided accuracies of 71% and 73% in a robust external
herd validation, respectively. Therefore, the accuracy
obtained, even if not very high, can be considered very
positive given the difficulty of predicting these totally
indirect biomarkers of chronic stress. While there are
currently no possibilities to get objective information
on chronic stress in a routine frame, the prediction of
both hair cortisol and blood fructosamine content, at the
individual cow level, may facilitate large-scale chronic
stress assessment and improvement by providing objec-
tive, cheap, and quantitative information.

Key words: Fourier transform mid-infrared spectrometry,
cortisol, fructosamine, welfare

INTRODUCTION

In recent years, animal welfare considerations have
increased for citizens and public authorities. In European
Union countries, 91% of citizens consider it important
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to protect the welfare of farm animals, and most of them
(60%) are also interested in labels identifying products
from welfare-friendly farming systems and are willing to
pay more for these products (Europa, 2023). Evaluating
welfare is therefore of growing importance in the dairy
sector but requires appropriate phenotypes, that is, ob-
servable and measurable characteristics or traits providing
indication on cows’ welfare (Brito et al., 2020). However,
animal welfare is multidimensional and usually measured
at the herd level by using complex and exhaustive meth-
odologies. Particularly, objective assessment of fear and
distress endured by animals needs tedious behavioral mea-
surements (Welp et al., 2004; MacKay et al., 2014; Proud-
foot et al., 2018). Nonetheless, the stress experienced by
dairy cattle, and particularly in its chronic form, when
stress is repeated or persists in the long term, is negative
for cattle welfare. Conventionally, stress is defined as a
process arising from real or perceived environmental
demands that can be appraised as threatening or benign,
depending on the availability of adaptive coping resources
to an individual (McEwen and Gianaros, 2010). The
stress mechanism can be adaptive in the short term (acute
stress), as it promotes short-term adaptation and generally
allows a quick and complete adaptation to recover physi-
ological balance. When the stress turns chronic—repeated
or continuous in the long term—without possible adapta-
tion, the stress can be maladaptive by promoting wear-
and-tear on the body and brain, long-term dysregulation of
allostasis, and compromising stress resiliency and health
(Fink, 2009; McEwen and Gianaros, 2010). It may cause
serious problems, such as alterations in the psychological,
immunological, metabolic, and endocrine status of cows
(Trevisi and Bertoni, 2009). This induces metabolic, in-
flammatory, and infectious diseases (Moberg et al., 1980;
Romero, 2004), fertility problems (Walker et al., 2008),
growth disturbances (Elsasser et al., 2020), weight loss
(Mormede et al., 2007), and lower milk production (Tallo-
Parra et al., 2018). Chronic stress is detrimental to the
welfare of cows, farm productivity, and economics, and
harms the public perception of dairy production.

For these reasons, efforts to develop an objective,
quantitative, and large-scale methodology to assess
chronic stress in dairy cows would be highly relevant.
Such advances would enable us to better objectify, moni-
tor, and improve chronic stress in herds but also to con-
duct large-scale studies to better understand stress and its
contributory factors.

During a previous phase of this work, hair cortisol
and blood fructosamine were identified among several
potential biomarkers as relevant chronic stress biomark-
ers (Grelet et al., 2022). Biomarkers are defined as a
characteristic that is measured as an indicator of normal
biological processes, pathogenic processes, or biologi-
cal responses to an exposure or intervention (FDA-NIF
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Biomarker Working Group, 2025). Being an indication
of chronic stress, biomarkers (hair cortisol and blood
fructosamine) contain information on them but are not a
real diagnosis and may vary according to other factors.
Cortisol increases in blood due to the activation of the
hypothalamic-pituitary-adrenocortical (HPA) axis (Mor-
mede et al., 2007) and accumulates continuously in hair
over time through vascular supply, from the surrounding
tissues and fluids, or is synthetized by the hair follicle it-
self (Ito et al., 2005; Heimbiirge et al., 2019). Therefore,
hair cortisol highlights long-term HPA axis activation and
is considered a useful marker to assess repeated or long-
term stress over the last few weeks (Meyer and Novak,
2012; Tallo-Parra et al., 2017). It has been observed to
increase in case of diseases (Comin et al., 2013; Burnett
et al., 2015), change of environment (Comin et al., 2011;
Peric et al., 2017), or increase of stocking density (Schu-
bach et al., 2017). In the previous study of this work,
dairy cows placed under stressful conditions over 4 wk,
through overstocking and unusual events (i.e., transfers
to unfamiliar barns and diffusion of stressful noises),
exhibited significantly higher hair cortisol content com-
pared with a control group, with 36.2 versus 21.5 pg/mg,
respectively (Grelet et al., 2022). However, its extremely
low concentration (i.e., ~20 ng/g of hair) and the tedious
and laborious laboratory treatment of hairs preceding
the analytical measurement make its use impossible for
routine and cheap assessment of chronic stress.
Fructosamine is a general term for molecules result-
ing from protein glycosylation (Armbruster, 1987). More
specifically, fructosamine is a keto-amine rearrangement
product of sugar molecules, such as glucose or fructose,
and the amino group of protein molecules, usually albu-
min or other plasma proteins such as Ig (Megahed et al.,
2018). Blood fructosamine content, therefore, depends
on glucose and total protein blood concentration and
composition, as well as the plasma protein turnover rate
(Armbruster, 1987; Kawamoto et al., 1992). Due to the
life span of proteins (e.g., 16.5 d for albumin), it is con-
sidered that fructosamine provides a retrospective record
of blood glucose but also protein levels during the previ-
ous 1 to 3 wk (Rahko et al., 1987; Jensen et al., 1993).
Fructosamine will, therefore, increase with prolonged
hyperglycemia or prolonged hyperproteinemia, and de-
crease with prolonged hypoglycemia or increased protein
turnover (Megahed et al., 2018). Unlike glucose, fructos-
amine concentration is not affected by diurnal variations
and not subject to acute changes potentially induced by
sampling itself (Jensen et al., 1993). Caré et al. (2018)
and Mostafavi et al. (2014) reported that low fructos-
amine level reflects undernutrition and associated energy
deficits during the transition period. However, stress is
inducing an increase of blood glucose, as a source of en-
ergy for muscles to enable the animal to escape (Sapolsky
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et al., 2000), and high fructosamine level was associated
with recurrent stress, through high, or frequent increase of
blood glucose, or both (Trevisi and Bertoni, 2009). Caré
et al. (2018) also observed a positive correlation between
fructosamine and albumin, suggesting that inflammatory
conditions may also affect fructosamine. In the chronic
stress experiment previously performed, dairy cows in
stressful conditions over 4 wk exhibited significantly
higher blood fructosamine content compared with a
control group, with 240 versus 228 pmol/L, respectively
(Grelet et al., 2022). However, serum fructosamine rou-
tine measurement for chronic stress assessment currently
involves blood sampling, which induces pain for animals
and may negatively affect welfare conditions if done on a
routine, for example, monthly, basis.

Mid-infrared (MIR) analysis of milk has been pre-
sented as a method of choice for large-scale phenotyp-
ing, for both fine milk composition and cow status, as
it contains raw but massive information on global milk
composition (Gengler et al., 2016). Bahadi et al. (2021)
evaluated the effect of cattle housing conditions on MIR
spectra but without the predictive purpose and develop-
ment of MIR models. Recently, Ramirez Mauricio et al.
(2025) tried to use milk MIR spectra to predict welfare
traits related to animal-based measures, farm manage-
ment, structure, and equipment, but model accuracy
levels achieved were generally too low to be used. To
the best of our knowledge, the possibility of obtaining
information on chronic stress through MIR analysis of
milk has not been explored. Therefore, the aim of this
work was to evaluate the potential of milk MIR spectra
in predicting the 2 previously mentioned chronic stress
biomarkers at the individual cow level: hair cortisol and
blood fructosamine. Both quantitative and qualitative ap-
proaches were tested, the quantitative one to predict the
exact quantitative value of the biomarkers, and qualita-
tive approach to discriminate the low biomarkers content
versus high content (in hair or in blood). For modeling
purposes, sampling of individual cows was oriented both
to cows with supposed stressful conditions and cows
with supposed good welfare conditions. This step was
only performed on a screening purpose, to maximize the
chance to have both low and high content of cortisol in
hair and fructosamine in blood. The sampling recommen-
dations were not considered further as a welfare indica-
tion, and the MIR models only aimed to predict the hair
cortisol and the blood fructosamine contents, and not
the welfare conditions in themselves. The 2 molecules
being measured in other matrices than milk cannot be di-
rectly predicted by milk MIR spectra. However, chronic
stress is known to affect both the energy and protein
metabolisms (Klasing, 1985; Newsholme and Leech,
2010; van der Kooij, 2020), which, in turn, are likely to
affect global milk composition and hence the milk MIR
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spectra. Therefore, we hypothesized that indirect links
between hair cortisol, blood fructosamine, and milk MIR
spectra may exist, potentially enabling the development
of predictive models. By providing objective, cheap, and
quantitative information on chronic stress biomarkers of
individual dairy cows through a simple milk analysis, the
development of such tools would facilitate large-scale
chronic stress assessment and improvement.

MATERIALS AND METHODS
Large-Scale Sampling

A specific dataset was created with the objective of
developing MIR models, by organizing a dedicated large-
scale sampling. It has been previously reported that MIR
models provide bad prediction quality in case of extrapo-
lation, that is, when a model is applied to samples that are
unknown from calibration dataset variability (Grelet et
al., 2021). Therefore, to develop sufficiently robust MIR
models for real routine use, sampling was done to integrate
a maximum of variability in the dataset in terms of spec-
tral data, sample characteristics, and range of variables to
predict. Consequently, the large-scale sampling protocol
aimed to collect (1) a wide range of values regarding hair
cortisol and blood fructosamine and (2) as much variabil-
ity as possible within the region of the HappyMoo project
(Interreg Northwest Europe). Sampling was performed in
commercial dairy farms by the regional milk recording or-
ganizations (MRO) partners from July 2021 to June 2022
in Austria, Belgium, France, Germany, and Luxembourg
for a total of 1,412 individual cow records.

To maximize the variability of hair cortisol and blood
fructosamine values, local MRO partners were asked to
collect samples from ~25% of cows with supposedly good
welfare conditions, and 75% of cows potentially sufter-
ing from chronic stress for at least 1 mo. This ratio was
decided empirically to optimize the probability of having
high values for the MIR modeling stage. Indeed, high
values need to be integrated into the model to avoid fur-
ther extrapolation in case of use in real life. However, the
relationship between the 2 biomarkers and the various di-
mensions of welfare is still unknown or not clear, and the
potential stress sources may not affect the individual cows
and their biomarker levels in the same way. Consequently,
to increase probabilities to obtain high biomarker values,
it was decided to overweight the proportion of cows po-
tentially suffering from chronic stress in the sampling
(i.e., 75% of sampling). In the absence of a gold standard
method or proxy for chronic stress, local MRO were asked
to look for potential chronic stress sources in an empirical
way. They were asked to identify cows in stressful situa-
tions, such as overstocking (25% more cows than feeding
places, 25% more cows than lying places), chronic diseas-
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es (individual recording of lameness, mastitis, or others),
bad floor quality (slippery floor), difficulties in accessing
food or water, inadequate barn design or location (ven-
tilation, angles, inadequate milking equipment settings
[vacuum], electrical troubles, high voltage lines, airport,
wind turbine, and so on), permanent sources of pain and
fear, observations by milk recording staff (stressed cows
during milking, and so on), inappropriate or aversive hu-
man handling or management, environmental noises, and
discomfort. The individual disease events were gathered
from the MRO database. The barn and environment con-
ditions were collected by local MRO advisers from their
frequent farm visits and exchanges with farmers. These
sampling recommendations did not aim to precisely
study the link between biomarkers and potential sources
of chronic stress in this work but were only considered
as a rough screening tool to increase the probability of
obtaining real high values of both biomarkers for model-
ing purposes. The sampling recommendations were not
considered further as a welfare indication, and only the
biomarkers’ contents were targeted for MIR modeling.

To obtain as much variability as possible in terms of
milk composition, MIR instruments, zootechnical, and
local specificities, cow samples were taken from each
geographic region as described below. The number of
collected samples was proportional to the number of cows
within the region of each MRO partner: 166 in Austria;
97 in Wallonia, Belgium; 149 in Brittany, France; 128 in
Doubs, France; 158 in Normandy, France; 60 in Puy de
Doéme, France; 60 in the Rhone, France; 169 in the North,
France; 184 in Pays de la Loire, France; 201 in Baden-
Wiirttemberg, Germany; and 40 in Luxembourg. A total
of 78 herds were involved in the sampling, leading to an
average of 18 cows sampled per herd. As stage of lacta-
tion, parity, and breed may affect both milk composition
and biomarker contents, cows were sampled at different
stages of lactation and parities (i.e., 1 to 11) and included
7 breeds (Brown Swiss, Holstein, Jersey, Montbéliarde,
Simmental, Vorderwélder, and crossed breeds), to cover
a maximum of variability and avoid further extrapolation
when using the model. The data also covered different
seasons, with grazing and winter diets, and mountain and
plain geographic regions.

Each of the 1,412 cows was sampled 1 time for milk,
hair, and blood. The milk samples were collected the day
before or at the same time as hair and blood samples. Due
to missing milk MIR spectra, cortisol, or fructosamine
values, the dataset contained 1,362 and 1,254 complete
records for hair cortisol and blood fructosamine, respec-
tively.

In addition to large-scale sampling, a few samples
from 2 existing trials were added to the dataset. The first
experiment was run at Centre Wallon de Recherches
Agronomiques (CRA-W), Belgium, before large-scale
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sampling and involved 30 Holstein cows. This trial
aimed to induce overstocking during a 4 wk period on 15
cows, with 15 control cows under normal conditions. The
data comprised 29 individual hair cortisol values and 100
blood fructosamine values (control cows being sampled
for fructosamine at wk 0 and 4, and control cows being
sampled weekly from wk 0 to 4). Further description can
be found in Grelet et al. (2022). The second trial was
run at the Institute for Agriculture, Fisheries, and Food
Research (ILVO), Belgium, after large-scale sampling,
and involved 39 Holstein cows with individual hair cor-
tisol values. These samples were taken during the transi-
tion period, at 35 d postcalving for each of the 39 cows.
Samples from these cows were collected with the same
sampling interval as for the large-scale sampling. With
the inclusion of these additional samples, the final data-
set contained 1,430 records with hair cortisol and 1,354
with blood fructosamine reference values.

Hair Sampling and Cortisol Analysis

Hair samples were taken from the tail switch. As
shown in Figure 1, only the upper part of the tail switch
was sampled to avoid any discomfort for the cow (fly
chasing). To target long-term stress periods but also to
enable the link with milk composition and MIR spectra,
it was decided to analyze the hair grown within 30 d
before the milk sampling. At the tail switch, hairs grow
about 0.5 mm/d (Burnett et al., 2014; Heimbiirge et al.,
2020), meaning that 30 d of growth corresponds to 1.5
cm of hair from the skin. Hair was therefore precut with
scissors and clippers with a limitation comb at ~1.5 cm
from the skin to remove excess hair (Figure 1). The re-
maining hair was trimmed with electric clippers and a
high limitation comb fixed at 2 to 3 mm to avoid collect-
ing skin particles, and collected in clean containers such
as aluminum baskets.

The clippers were cleaned with a dry brush between
each sampling. Hair was dried at room temperature for
1 wk, stored in plastic vials, and sent to CRA-W, Bel-
gium, for analysis. Samples were stored in the absence of
light pending their analysis. Samples were treated in line
with a protocol adapted from Tallo-Parra et al. (2015)
and described in Grelet et al. (2022). In short, hairs were
sieved to separate them from skin follicles, dirt, and fe-
ces, then weighed to achieve 250 mg and washed 3 times
with isopropanol (2-propanol 99.5%) for 2.5 min to re-
move saliva, sweat, and sebum, as diffusion of cortisol
to these fluids is influenced by acute stress (Nedi¢ et al.,
2017). The hair samples were later dried, ground using a
ball mill, and cortisol was extracted with pure methanol
by agitating at 100 rpm for 18 h at 30°C. After centrifu-
gation, the supernatant was placed in an oven at 38 °C
for 24 h to evaporate methanol. The dried extracts were
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Figure 1. Hair sampling for cortisol analysis. Samples were taken from the upper half of the tail switch (in red in the image on the left). Hair was
precut at ~1.5 cm from the skin to gather only hair grown in the last 30 d, and remaining hair was trimmed 2 to 3 mm from the skin and collected for
analysis (center). Tail switch shown after hair sampling in the photo on the right.

reconstituted with 0.25 mL buffer provided in the ELISA
kit and stored at —20 °C. Cortisol concentration was
determined using Salimetrics extended range salivary
cortisol ELISA kit (1-3002, Salimetrics, State College,
PA) following manufacturer protocol. Intra-assay repeat-
ability was 6% CV (22 samples analyzed in triplicates),
and interassay reproducibility of the ELISA was 4% CV
(based on the plate averages of the 22 samples analyzed
in triplicate on 2 plates).

Blood Sampling and Fructosamine Analysis

Blood samples were collected from the tail vein (vena
caudalis), on the same day as hair specimens, in 3.5-mL
yellow dry tubes with serum separating gel. The tubes
were gently mixed and stored vertically at 4°C or in a tube
rack on top of ice, until centrifugation. Tubes were cen-
trifuged between 20 min and a few hours after sampling.
Centrifugation was performed in laboratories or at farms,
at 2,500 x g for 10 min at 2 to 8°C to harvest serum. Five
hundred microliters of serum was transferred to 1-mL Ep-
pendorf vials and stored at —20°C. Frozen samples were
sent to CRA-W with dry ice, and analysis was carried out
at Synlab (Liége, Belgium) using the spectrophotometric
method described in Westgard et al. (2017) following
standard procedures by Abbott (Alinity C).

Milk Sampling and MIR Analysis

Because animal handling for hair and blood sampling
may have an effect on milk composition, milk samples
were taken the same day, or the day before, as hair and
blood samples to avoid any effect of hair and blood sam-
pling on milk composition. Individual milk samples were
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collected by local MRO partners according to the guide-
lines edited by the International Committee for Animal
Recording (ICAR; ICAR Dairy Cattle Milk Recording
Working Group, 2017) and with ICAR-approved milk
samplers. Samples were collected in 24-h representative
milk or alternative (morning or evening) milk record-
ing protocols, so were morning samples, or evening
samples, or morning and evening samples pooled into
a daily sample with a similar quantity of morning and
evening milk as in usual milk recording routines (i.e.,
50:50). All samples were stored at 4°C with 0.02% to
0.03% bronopol until analysis. Analyses were executed
locally using a wide range of instruments, with a total
of 30 spectrometers used to analyze the samples: 21
Foss instruments—models FT6000, FT+, and FT7 (Foss,
Hillered, Denmark), 7 Bentley FTS (Bentley, Chaska),
and 2 standard lactoscope FT-MIR automatic (Perkin
Elmer, previously Delta Instruments, Drachten, the Neth-
erlands). All the spectra from the different instruments
were standardized to be merged into a common dataset
following the procedure described in Grelet et al. (2015).
Milk MIR spectra were visually explored through a prin-
cipal component analysis.

Data Cleaning

From the dataset comprising 1,430 hair cortisol and
1,354 blood fructosamine records, 4 cleaning steps were
performed. To avoid erroneous associations between
spectra and samples, as well as analytical issues during
analysis, a local fat model was applied to the spectra,
and the generated predictions were compared with the
predictions provided by the laboratories. Records with a
difference above 0.3 g/100 mL between local and labo-
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ratory predictions (Zhang et al., 2021) were discarded to
prevent incorrect association between spectra and samples
or other analytical errors (n = 107 records deleted, 7% of
the dataset). Only records with DIM between 5 and 365
were retained (n = 80 records deleted, 6% of the dataset).
As advised by the kit manufacturer, hair cortisol ELISA
analyses showing a CV higher than 12% between 2 repli-
cates were removed (n = 139 records deleted, 10% of the
dataset). Fructosamine results from blood samples show-
ing a hemolysis index of 2 or higher were eliminated (n =
163 records deleted, 12% of the dataset). Spectra were not
filtered according to Mahalanobis distances, on purpose,
to maintain spectral variability in the dataset. Finally, cor-
tisol data from 1 partner and fructosamine records from
2 other partners were excluded from the dataset due to
errors in sampling or analytical steps, or both (e.g., length
of hair, temperature-controlled storage of blood samples).
The final dataset comprised 1,071 hair cortisol and 940
blood fructosamine values. All samples were later retained
without removing outliers during the model development.

Data Editing

Computations and models were carried out with pro-
grams developed in MATLAB 2022 (MathWorks, Inc.,
Natick, MA) and PLS Toolbox v. 8.5.1 (Eigenvector Re-
search, Inc., Wenatchee, WA). The MIR spectra were pre-
treated by a first derivative with a gap of 5 wavenumbers
to sharpen the signal, as tested by Soyeurt et al. (2011).
The selected spectral area consisted of 212 wavenumbers
from 968.1 to 1,577.5, 1,731.8 to 1,762.6, 1,781.9 to
1,808.9, and 2,831.0 to 2,966.0 cm ™' to exclude spectral
areas not reproducible between instruments and which
may cause prediction inaccuracies when transferring
the models for real use on various instruments (Grelet
et al., 2021). The spectral variables were mean-centered
for further concatenation with extra predictors. Several
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variables were added sequentially, after also being mean-
centered, to the MIR spectra as predictors: DIM, DIM?,
parity, parity’, milk yield (MY), breed, and hair color.
These extra predictors were first added individually to
the MIR spectra to assess their respective added values,
and then classified on the basis of the obtained root mean
square error (RMSE) into an order of integration in the
models, the predictors leading to the lowest RMSE in-
tegrated first. Hair color was only added to the models
to predict hair cortisol, as it is known to affect the cor-
tisol contents (Burnett et al., 2014), and was added as a
dummy variable (1 for dark and O for light hair). Given
the imbalance between the number of Holstein cows and
the number of animals from other breeds, breed was only
considered as Holstein versus other breeds, and also add-
ed in a dummy variable (1 for Holstein and O for others).

MIR Discriminant Models

The qualitative MIR models aimed at discriminating
the individual dairy cows having low or high content
of the 2 chronic stress biomarkers from the individual
milk MIR spectra. They did not aim at classifying stress
conditions or welfare situations in themselves but only
if hair cortisol and blood fructosamine were low or
high. Qualitative models were tested through the use of
partial least squares discriminant analysis (PLS-DA).
However, no threshold was identified in the literature to
make the distinction between nonstressed and stressed
cows. Therefore, the model was optimized statistically
by testing several potential thresholds of cortisol values
(i.e., 14, 16, 18, 20, 22, and 24 pg/mg). The threshold
enabling the best discrimination between low and high
values was selected, looking specifically at sensitivity to
find a good balance between sensitivity and specificity,
because specificity was always higher than sensitivity
due to the imbalance of the dataset.

Fructosamine prediction
model « Low »

Fructosamine prediction X

model « High » N

¥
Low value Medium or
High value
Low or Low (energy Medium
Medium value deficit)
High value Medium -

Figure 2. Methodology of combining the 2 fructosamine models, 1 discriminating low fructosamine content (from medium and high) and 1
discriminating high fructosamine content (from low and medium), respectively.
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As low fructosamine values are considered to reflect
energy deficit, and high fructosamine values appear to
mirror chronic stress, the same process was applied to
blood fructosamine, but 2 thresholds were considered to
distinguish between low, intermediate, and high values.
To do this, 2 separate models were developed: the first one
to discriminate low values (from intermediate and high
values together) and a second one to discern high values
(from low and intermediate together). The first threshold
was investigated within the low fructosamine range (i.e.,
170, 180, 190, and 200 umol/L) and the high threshold
within the high fructosamine range (i.e., 220, 230, 240,
and 250 pmol/L). The predictions of the 2 models were
later combined following the decision rule as explained
in Figure 2. Another modeling strategy with only 1 model
directly discriminating 3 classes was also tested, but
performances were less interesting, especially in terms of
sensitivity, and results are therefore not displayed.

MIR Quantitative Models

The quantitative MIR models were aimed at predicting
the exact quantitative value of both cortisol in hair and
fructosamine in blood, for each individual cow, based on
milk MIR spectra. Four quantitative modeling strategies
were tested, each time with all predictors being sequen-
tially added to MIR spectra as described previously. In
the first strategy, all the variables were mean-centered
and concatenated before the use of PLS regression. For
the second strategy, the same treatment of variables was
executed in combination with support vector machine re-
gression (SVM). In these 2 first strategies, the high num-
ber of variables from the MIR spectra (i.e., 212) may have
diluted the information added by the other predictors.
Therefore, as suggested by Fearn (2010), the MIR spec-
tral variables in strategies 3 and 4 were first reduced into
14 latent variables through a PLS and later concatenated
to the other predictors. In strategy 3, the reduced spectra
and other predictors were entered into a PLS-multiple lin-
ear regression model. In strategy 4 (PLS-SVM), the same
variables were entered into an SVM model.

Validation

Hyperparameters, such as latent variables in the PLS
or cost, epsilon, and gamma in the SVM, were first
optimized during a cross-validation process including
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10-fold. Models were then evaluated in an external herd
validation process. To do so, the dataset was split into
calibration and validation datasets by randomly exclud-
ing one-third of herds (i.e., 26 herds out of 78) from the
different countries and partners to constitute the valida-
tion dataset. The remaining two-thirds of herds were used
as the calibration dataset. This process was conducted 3
times to run all the herds in external validation, and the
metrics were calculated over the entire dataset by concat-
enating the 3 thirds validation sets. In both the calibra-
tion and validation datasets, all samples were retained
without removing outliers during model development.
By doing so, the models were evaluated on cows and
herds that were not present in the calibration dataset.

Discriminant model statistics, both in the calibration
and validation steps, were expressed in terms of sensitiv-
ity (percentage of good classification in the high content
group), specificity (percentage of good classification
in the low content group), and global accuracy (global
percentage of correct classification) over the entire data.
In the preliminary threshold and variable optimization
phases, the best threshold and best variables for integra-
tion in the model were simply identified by looking at
average sensitivity and specificity over the 3 validation
sets (one-third of herds each), meaning that these metrics
were not computed over the entire dataset.

Quantitative model statistics, both in the calibration
and validation steps, were expressed in terms of R?
(coefficient of determination) and RMSE. The models
were evaluated using the external herd validation sets
by calculating the mean R? and mean RMSE over the 3
external herd validation datasets. Ratio of RMSE/SD of
global dataset was not calculated because it was deemed
irrelevant for models with asymmetric distribution, for
which SD did not correctly describe the spread of the
population (Bellon-Maurel et al., 2010). As a last step, fi-
nal models were developed using all the data; calibration
and validation as well as internal cross-validation R%cv
and RMSEcv (10 subsets constituted by cyclic iteration).

RESULTS

Description of Reference Values and Spectra

Descriptive statistics of reference values are shown
in Table 1, and distributions are plotted in Figure 3.
Individual hair cortisol values ranged from 1.0 to 53.9

Table 1. Descriptive statistics of the measured hair cortisol and blood fructosamine

Item n Minimum  Maximum  Mean  Median SD Skewness
Hair cortisol (pg/mg) 1,071 1.0 53.9 15.7 14.2 7.3 1.4
Blood fructosamine (pmol/L) 940 123.0 283.0 211.9 212.0 27.4 -0.2

Journal of Dairy Science Vol. 108 No. 9, 2025
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Figure 3. Distribution of the measured hair cortisol and blood fructosamine.

pg/mg, with an average of 15.7 pg/mg and presented a
positively skewed distribution. Individual blood fructos-
amine values ranged from 123.0 to 283.0 umol/L, with
an average of 221.9 pmol/L and showed a normal distri-
bution. Hair cortisol and blood fructosamine reference
values were not correlated (P-value = 0.174). Figure 4
shows the milk MIR spectra from the dataset plotted into
a principal component analysis (PCA) and displays the
latent variables from 1 to 4, with these 4 variables repre-
senting 89.25% of spectral variability.

Qualitative MIR Models

Hair Cortisol. The results of the milk MIR qualitative
models predicting if the hair cortisol was low or high are
displayed in the form of confusion matrices, comparing
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the real hair cortisol classification (low or high according
to the thresholds tested) versus the hair cortisol classifica-
tion predicted by the models, for all individual dairy cow
records. During optimization of the threshold, the best
balance between sensitivity and specificity was found
with a threshold of 22 pg/mg hair, in combination with
the model including MIR spectra, with MY, parity?, DIM,
breed, parity, and DIM?, respectively, in the PLS-DA (all
details in Supplemental Table S1, see Notes). Hair color
surprisingly did not provide added value and reduced the
discrimination performances of hair cortisol. Knowing
that PLS-DA is sensitive to unbalanced proportions be-
tween the groups to discriminate, it is worth noting that
the threshold providing the best balance between low and
high cortisol, that is, the lowest one (14 pg/mg hair) was
not selected. Therefore, the threshold selection seems to
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Figure 4. Entire spectral dataset represented through a principal component analysis on spectra pretreated with first derivative and reduced to 212
wavenumbers. Principal components (PC) from 1 to 4 are represented. Each symbol-point corresponds to regions of sampling. First 3 letters in the
legend correspond to countries (AUS = Austria; BEL = Belgium; DEU = Germany; FRA = France; LUX = Luxembourg) and then comes the name
of the different milk recording organization partners: AWE = Association Wallonne de I’Elevage; BCO = Bretagne Ouest; CRA-W = Centre Wallon
de Recherches Agronomiques; LKVBW = Landesverband Baden-Wiirttemberg.
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Table 2. Results of the partial least square discriminant analysis (PLS-DA) model discriminating high hair cortisol
values (i.e., >22 pg/mg hair) from low hair cortisol values, for individual cows'

Real low  Real high
Item cortisol cortisol Total  Specificity, %  Sensitivity, %  Accuracy, %
Cross validation
Predicted low cortisol 719 73 792 81 77
Predicted high cortisol 172 107 279 59
Total 891 180 1,071
External herd validation
Predicted low cortisol 656 71 727 74 71
Predicted high cortisol 235 109 344 61
Total 891 180 1,071

'The confusion matrix displays the real hair cortisol classification (low or high according to the threshold) versus
the hair cortisol classification predicted by the mid-infrared (MIR) model, both in 10-fold cross-validation and in
external herd validation over the entire dataset (n = 1,071). External herd validation was done by randomly exclud-
ing 33% of herds (i.e., 26 herds out of 78) from the different countries and partners, and this process was executed
3 times to run all the herds in external validation. Model made with 12 latent variables.

be based on real low versus high cortisol discrimination
rather than on balance between groups, which could have
been a potential mathematical artifact. Table 2 shows the
confusion matrix of hair cortisol classification, both in
cross-validation and in external herd validation over the
entire dataset; the final model was done with 12 latent
variables. In cross-validation, the model succeeds in cor-
rectly classifying 77% of records, with a specificity of 81%
and a sensitivity of 59%. In external herd validation, the
capacity of the model to correctly classify samples logi-
cally decreased to 71%, with a specificity of 74% and a
sensitivity of 61%. The model shows a sensitivity of 61%
only, and a high rate of false positives, which are probably
due to the imbalance between low and high cortisol, which
represent 83% and 17% of the dataset, respectively.
Blood Fructosamine. The results of the milk MIR
qualitative models predicting if the blood fructosamine
was low or high are displayed in the form of confusion
matrices, comparing the real blood fructosamine classi-
fication (low or high according to the thresholds tested)

versus the blood fructosamine classification predicted
by the models, for all individual dairy cow records.
The first step was to optimize the best threshold and the
best model to discriminate the low fructosamine values,
reflecting energy deficit. During optimization, the best
balance between sensitivity and specificity was found
with a threshold of 200 pmol/L, in combination with the
model including MIR spectra, with MY, parity, parity®,
DIM, DIM?, and breed, respectively, in the PLS-DA (all
details in Supplemental Table S2, see Notes). Table 3
shows the confusion matrix for the best selected model,
both in cross-validation and in external herd validation
over the entire dataset, the final model was done with 14
latent variables. In cross-validation, the model succeeds
in correctly classifying 78% of records, with a specificity
of 79% and a sensitivity of 75%. In external herd vali-
dation, the performance of the model decreased to 67%
accuracy, 59% sensitivity, and 71% specificity.

The second step aimed to optimize the best threshold
and the best predicting variables to discriminate the high

Table 3. Results of the partial least square discriminant analysis (PLS-DA) model discriminating low blood fructosamine values (i.e., <200 pmol/L)

from intermediate to high values, for individual dairy cows'

Real medium

Real low or high
Item fructosamine fructosamine Total Sensitivity, % Specificity, % Accuracy, %
Cross validation
Predicted low fructosamine 246 126 372 75 78
Predicted medium or high fructosamine 82 486 568 79
Total 328 612 940
External herd validation
Predicted low fructosamine 195 177 372 59 67
Predicted medium or high fructosamine 133 435 568 71
Total 328 612 940

'"The confusion matrix displays the real blood fructosamine classification (low or high according to the threshold) versus the blood fructosamine clas-
sification predicted by the mid-infrared (MIR) model, both in 10-fold cross-validation and in external herd validation over the entire dataset (n = 940).
External herd validation was done by randomly excluding 33% of herds (i.e., 26 herds out of 78) from the different countries and partners, and this
process was executed 3 times to run all the herds in external validation. Model made with 14 latent variables.
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Table 4. Results of the partial least square discriminant analysis (PLS-DA) model discriminating high blood fructosamine values (i.e., >230 pmol/L)
from low to intermediate values, for individual dairy cows'

Real low and

medium Real high
Item fructosamine fructosamine Total Specificity, % Sensitivity, % Accuracy, %
Cross validation
Predicted low and medium fructosamine 513 58 571 75 75
Predicted high fructosamine 175 194 369 77
Total 688 252 940
External herd validation
Predicted low and medium fructosamine 467 77 544 68 68
Predicted high fructosamine 221 175 396 69
Total 688 252 940

'The confusion matrix displays the real blood fructosamine classification (high or low according to the threshold) versus the blood fructosamine clas-
sification predicted by the mid-infrared (MIR) model, both in 10-fold cross-validation and in external herd validation over the entire dataset (n = 940).
External herd validation was done by randomly excluding 33% of herds (i.e., 26 herds out of 78) from the different countries and partners, and this
process was executed 3 times to run all the herds in external validation. Model made with 14 latent variables.

Table 5. Results of the combination of the 2 fructosamine models, 1 discriminating low fructosamine content (from moderate and high), and 1
discriminating high fructosamine content (from low and moderate), respectively’

Real low Real high
fructosamine fructosamine High High High
(<200 pmol/L; Real medium (>230 pmol/L; fructosamine fructosamine fructosamine

Item undernutrition) fructosamine chronic stress) Total specificity, % sensitivity, % accuracy, %
External herd validation

Predicted low 169 110 38 317 75 73

Predicted medium 100 136 46 282

Predicted high 59 114 168 341 67

Total 328 360 252 940

'The final confusion matrix displays the real blood fructosamine classification (low, medium, or high according to the thresholds) versus the combined
blood fructosamine classification predicted from the 2 mid-infrared (MIR) models. Results are only shown for the external herd validation process
over the entire dataset (n = 940).

Table 6. Results of the quantitative models predicting hair cortisol from milk mid-infrared (MIR) spectra and additional predictors, with different
variables and 4 modeling methodologies'?

RMSE (in pg/mg hair) R’
Variable in the model\algorithm PLS SVM PLS-MLR PLS-SVM PLS SVM PLS-MLR PLS-SVM
Calibration
MIR 6.0 5.9 6.0 6.0 0.32 0.35 0.33 0.35
MIR+MY 6.0 5.9 6.0 6.0 0.32 0.35 0.33 0.34
MIR+MY +parity* 6.0 5.9 5.9 5.9 0.32 0.36 0.34 0.35
MIR+MY +parity*+DIM 6.0 5.8 5.9 5.9 0.32 0.37 0.34 0.36
MIR+MY +parity*+DIM-+breed 6.0 59 5.9 5.9 0.33 0.35 0.34 0.35
MIR+MY +parity’+DIM-+breed-+parity 6.0 5.9 59 59 0.33 0.37 0.34 0.36
MIR+MY +parity*+DIM-+breed-+parity+DIM> 6.0 5.8 5.9 5.9 0.33 0.37 0.34 0.35
MIR+MY +parity*+DIM-+breed+parity+DIM*+color 6.0 5.7 — — 0.33 0.40 — —
External herd validation
MIR 7.0 6.9 7.0 6.9 0.11 0.12 0.11 0.12
MIR+MY 7.0 7.0 7.0 6.9 0.11 0.11 0.11 0.12
MIR+MY +parity? 7.0 7.0 7.0 7.0 0.10 0.11 0.11 0.11
MIR+MY +parity*+DIM 7.0 6.9 7.0 6.9 0.11 0.12 0.11 0.12
MIR+MY +parity*+DIM-+breed 7.1 7.0 7.0 7.0 0.10 0.11 0.11 0.12
MIR+MY +parity’+DIM-+breed-+parity 7.1 7.0 7.0 6.9 0.10 0.11 0.11 0.12
MIR+MY+parit¥2+DIM+breed+parity+DIM2 7.1 6.9 7.0 7.0 0.11 0.13 0.11 0.12
MIR+MY +parity*+DIM-+breed+parity+DIM*+color 7.1 9.8 — — 0.10 0.04 — —

'The calibration and external herd validation are displayed. External herd validation was done by randomly excluding 33% of herds (i.e., 26 herds out
of 78) from the different countries and partners, and this process was executed 3 times to run all the herds in external validation. Results are displayed
in terms of global RMSE and R?. n = 1,071 individual records. Bold indicates model obtaining the best performance in external herd validation.

MY = milk yield; PLS = partial least square regression; PLS-MLR = multiple linear regression model applied on concatenation of PLS reduced MIR
spectra and other predictors; PLS-SVM = support vector machine model applied on concatenation of PLS reduced MIR spectra and other predictors;
RMSE = root mean square error; SVM = support vector machines regression.
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Figure 5. The 10-fold cross-validation performances of the final hair cortisol model developed on the full dataset (n = 1,071). PLS = partial least
square regression; PLS-MLR = multiple linear regression model applied on concatenation of PLS reduced mid-infrared (MIR) spectra and other
predictors; PLS-SVM = support vector machines model applied on concatenation of PLS reduced MIR spectra and other predictors; RMSE = root
mean square error; RMSEC = root mean square error of calibration; RMSECV = root mean square error of cross validation; SVM = support vector
machines regression. Each symbol-point corresponds to regions of sampling. First 3 letters in the legend correspond to countries (AUS = Austria;
BEL = Belgium; DEU = Germany; FRA = France; LUX = Luxembourg) and then comes the name of the different milk recording organization
partners: AWE = Association Wallonne de I’Elevage; BCO = Bretagne Ouest; CRA-W = Centre Wallon de Recherches Agronomiques; LKVBW =

Landesverband Baden-Wiirttemberg.

fructosamine values, mirroring chronic stress. During
optimization, the best balance between sensitivity and
specificity was found with a threshold of 230 umol/L, in
combination with the model including only MIR spectra
in the PLS-DA (all details in Supplemental Table S3, see
Notes). Table 4 shows the confusion matrix for the best se-
lected model, both in cross-validation and in external herd
validation over the entire dataset, the final model was done
with 14 latent variables. In cross-validation, the model
succeeded in correctly classifying 75% of records, with
a specificity of 75% and a sensitivity of 77%. In external
herd validation the performance of the model decreased to
68% accuracy, 69% sensitivity, and 68% specificity.

In the third step, the predictions of the 2 models, the
model discriminating low values and the model discrimi-
nating high values, were combined into a single result, as
described in Figure 2. Table 5 displays the classifications
and the performances over the 3 classes in external herd

Journal of Dairy Science Vol. 108 No. 9, 2025

validation. To discriminate the high fructosamine sam-
ples, reflecting chronic stress, the combination of models
enabled sensitivity, specificity, and accuracy to increase
to 67%, 75%, and 73%, respectively. The combination of
models did not change the accuracy for discriminating
low fructosamine samples, still at 67% but increased the
imbalance between sensitivity, which dropped to 52%,
and specificity, which rose to 76%. However, this is not
the primary objective of this study, which is chronic stress
and, consequently, high fructosamine values. Moreover,
several studies have already focused on predicting en-
ergy balance or related traits with good performances
(McParland and Berry, 2016; Aernouts et al., 2020).

Quantitative MIR Models

Hair Cortisol. The quantitative milk MIR models
aimed at predicting the exact quantitative value of hair
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Figure 6. The 10-fold cross-validation performances of the final blood fructosamine model developed on the full dataset (n = 940). PLS = partial
least square regression; PLS-MLR = multiple linear regression model applied on concatenation of PLS reduced mid-infrared (MIR) spectra and other
predictors; PLS-SVM = support vector machines model applied on concatenation of PLS reduced MIR spectra and other predictors; RMSE = root
mean square error; RMSEC = root mean square error of calibration; RMSECV = root mean square error of cross validation; SVM = support vector
machines regression. Each symbol-point corresponds to regions of sampling. First 3 letters in the legend correspond to countries (AUS = Austria;
BEL = Belgium; DEU = Germany; FRA = France; LUX = Luxembourg) and then comes the name of the different milk recording organization
partners: AWE = Association Wallonne de I’Elevage; BCO = Bretagne Ouest; CRA-W = Centre Wallon de Recherches Agronomiques; LKVBW =

Landesverband Baden-Wiirttemberg.

cortisol for each individual cow, based on milk MIR
spectra. The best model, both in terms of RMSE and
R?, was the SVM model with milk spectra, MY, parityz,
DIM, breed, parity, and DIM? as variables (Table 6). In
calibration, this model has an RMSE of 5.8 pg/mg hair
which, when compared with mean cortisol (15.7 pg/mg
hair), represents a relative error of 37% and R* at 0.37. In
external herd validation, which represents the ability of
the model to face real field data, the RMSE was still in
the same order of magnitude, with 6.9 pg/mg hair, but R
drastically decreased to 0.13. The final model made with
the entire dataset (i.e., calibration and validation sets) is
shown in Figure 5, and in the 10-fold cross-validation,
the RMSE was 6.4 pg/mg hair and R* was 0.25.

Blood Fructosamine. The quantitative MIR models
were aimed at predicting the exact quantitative value of
blood fructosamine, for each individual cow, based on
milk MIR spectra. The best model, both in terms of RMSE
and R%, was the SVM model with milk MIR spectra, MY,
parity, parity”, DIM, and DIM? as variables. In calibra-
tion, this model had an RMSE of 19.6 umol/L serum
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which, when compared with mean fructosamine (211.9
umol/L serum), represents a relative error of 9.2% and R*
at 0.49. In external herd validation, which is representa-
tive of the ability of the model to face real field data, the
RMSE was still in the same order of magnitude, with
24.4 pmol/L serum, but R* drastically decreased to 0.20.
The final model made with the entire dataset is shown in
Figure 6, and in the 10-fold cross-validation, the RMSE
was 20.4 pmol/L serum and R? was 0.40 (Table 7).

DISCUSSION
Description of Reference Values and Spectra

Measured hair cortisol values were in the same order of
magnitude as observed by Ghassemi Nejad et al. (2017),
del Rosario Gonzalez-de-la-Vara et al. (2011), Heimbtirge
et al. (2020), and Otten et al. (2022) and higher than
findings observed by Burnett et al. (2014), Comin et al.
(2013), and Fischer-Tenhagen et al. (2018). The blood
fructosamine values were generally in the same order of
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Table 7. Results of the quantitative models predicting blood fructosamine from milk mid-infrared (MIR) spectra and additional predictors, with

different variables and 4 modeling methodologies'?

RMSE (pmol/L serum) R?
Variable in the model\algorithm PLS SVM PLS-MLR PLS-SVM PLS SVM PLS-MLR  PLS-SVM
Calibration
MIR 20.5 19.5 20.5 19.4 0.44 0.49 0.44 0.50
MIR+MY 20.4 19.8 20.4 18.1 0.44 0.48 0.44 0.56
MIR+MY +parity 20.3 19.8 20.3 17.1 0.45 0.48 0.45 0.61
MIR+MY -+parity-+parity> 203 187 20.3 17.1 045  0.53 0.45 0.62
MIR+MY+parity-+parity*+DIM 202 192 20.2 18.4 046  0.50 0.45 0.55
MIR+MY +parity-+parity>+DIM+DIM> 202 196 20.2 17.6 046  0.49 0.45 0.58
MIR+MY +parity+parity’+DIM+DIM*+breed 199 190 20.0 18.4 047 052 0.47 0.55
External herd validation
MIR 26.6 26.1 26.5 26.1 0.15 0.18 0.15 0.17
MIR+MY 26.3 25.5 26.4 25.7 0.18 0.20 0.17 0.20
MIR+MY +parity 26.1 25.5 26.2 25.8 0.19 0.20 0.17 0.19
MIR+MY +parity-+parity® 261 263 26.2 25.8 0.19  0.19 0.17 0.19
MIR+MY +parity-+parity’+DIM 261 259 26.1 25.5 0.18 021 0.18 0.19
MIR+MY+parity+parity’+DIM+DIM’ 262 254 26.2 25.7 0.19  0.20 0.18 0.19
MIR+MY +parity-+parity*+DIM+DIM>+breed 266 262 26.1 25.6 0.18  0.20 0.18 0.19

'The calibration and external herd validation are displayed. Validation was done by randomly excluding 33% of herds (i.c., 26 herds out of 78) from
the different countries and partners, and this process was executed 3 times to run all the herds in external validation. Results are displayed in terms
of global root mean square error (RMSE) and R% n = 940 individual records. Bold indicates model obtaining the best performance in external herd

validation.

MY = milk yield; PLS = partial least square regression; PLS-MLR = multiple linear regression model applied on concatenation of PLS reduced MIR
spectra and other predictors; PLS-SVM = SVM model applied on concatenation of PLS reduced MIR spectra and other predictors; SVM = support

vector machines regression.

magnitude as values in literature, being similar to Mo-
stafavi et al. (2014), slightly lower than Megahed et al.
(2018) and Sorondo and Cirio (2009), and slightly higher
than Caré et al. (2018). Hair cortisol and blood fructos-
amine reference values were not correlated (P-value =
0.174), meaning that even if the 2 variables are biomark-
ers of chronic stress, they do not represent the same infor-
mation and potentially further complement each other’s.
A visual analysis of the spectra through PCA indicates
that spectra within the entire dataset are homogeneous
among partners, geographic regions, and instruments. No
individual samples could be identified as obvious outliers,
which indicates a good global quality and homogeneity in
the MIR analysis in the respective local laboratories.

Quantitative MIR Models

The quantitative MIR models were aimed at predicting
the exact quantitative value of both hair cortisol and blood
fructosamine, for each individual cow, based on milk MIR
spectra. In external herd validation, the R* were 0.13 and
0.2 for hair cortisol and blood fructosamine, respectively.
To our knowledge, this is the first work aiming to predict
these 2 biomarkers from the individual milk MIR spec-
tra of cows, therefore, comparison with other studies is
not possible. In light of the predictive statistical perfor-
mance, it is likely that the hair cortisol model cannot be
used for any quantitative aspects. According to the model
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performance classification made in Grelet et al. (2021),
the use of the model is not recommended. At least, herd
management and monitoring should not be realized with
this quantitative model, and the qualitative discriminant
model should be considered instead. As for cortisol, the
predictive statistical performance of the quantitative
fructosamine models is likely to prevent the use of this
model for quantitative aspects, and the qualitative model
should be considered as an alternative.

Qualitative MIR Models

The qualitative MIR models were aimed at discrimi-
nating the individual dairy cows having low or high
content of the 2 chronic stress biomarkers, using the in-
dividual milk MIR spectra. They did not aim at classify-
ing stress conditions or welfare situations in themselves
but only if hair cortisol and blood fructosamine were
low or high. While the quantitative models do not pro-
vide satisfying results and are, therefore, unsuitable for
monitoring chronic stress in dairy farms, the qualitative
models successfully distinguished high hair cortisol and
high serum fructosamine levels with accuracies of 71%
and 73%, respectively. These accuracies reflect the abil-
ity of models to determine if individual cows have low
or high biomarker content, and not their direct welfare
status. Despite the moderate accuracies, the models may
provide valuable new insights that were previously un-
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available. These performances should also be observed
in light of the expected difficulty in predicting these
molecules. Indeed, both hair cortisol and blood fructos-
amine are not directly observed through milk analysis,
so models rely only on indirect links, and cortisol con-
centration in hair is extremely low. The chronic stress is
known to affect both the energy and protein metabolism
(Klasing, 1985; Newsholme and Leech, 2010; van der
Kooij, 2020), and molecules in milk related to energy
and protein metabolisms are probably the indirect links
between hair cortisol, blood fructosamine, and the milk
MIR spectra. Therefore, the obtained accuracy, even if
not very high, can be considered satisfactory in regard to
the challenge of predicting these biomarkers of chronic
stress. Compared with the hair cortisol model, the pre-
diction of high fructosamine content to reflect chronic
stress performs slightly better. Accuracy and specificity
are in the same order of magnitude, but fructosamine
discrimination shows a higher sensitivity, with 67% and
61%, respectively, for fructosamine and cortisol. This
is not extremely surprising, as fructosamine is directly
related to energy metabolism which is a main driver in
cow physiology and therefore more susceptible to having
an effect on milk composition. However, blood fructos-
amine is less well-documented, and its association with
chronic stress is less obvious than hair cortisol.

The external herd validation is performed on unknown
herds, not contained in the calibration dataset. Therefore,
these statistics can be considered robust and reflecting
the discrimination performances expected when using
the model with real field data, in a routine large-scale
process. The use of such models, at least in European
regions covered by the sampling, can be expected to
result in similar performances. To our knowledge, this
is the first work aimed at achieving such discrimination
from milk composition and additional variables, making
comparison with previous studies impossible.

Perspectives

It seems preferable to consider only the qualitative
models for practical use, but also to use these models at a
herd level rather than at an individual level to cope with
the imprecision of the models, for example, by looking
at the proportion of cows above the thresholds within
the herd. The models only predict biomarkers of chronic
stress and not chronic stress in itself. Therefore, the
results should be used with caution, especially for herd
management, and high content of the biomarkers should
rather be considered as a “risk” of chronic stress and
not as a real gold standard diagnosis. Additionally, the
models do not aim to substitute current welfare evalu-
ations but rather to provide a large-scale screening tool
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or a preliminary alert regarding chronic stress, and not
welfare as a whole. Animal welfare is multidimensional,
and the freedom from fear and distress is only one of
these dimensions (Webster, 2001). For example, mov-
ing animals to grazing, by increasing social interaction,
daily movement, and change in diet, has been shown to
increase hair cortisol (Comin et al., 2011), while the pos-
sibility for the animal to graze is usually considered as
positive for general welfare (Burow et al., 2013). There-
fore, the developed tools do not provide information on
the global welfare status of animals but on a part of it.
It could be integrated into a global welfare assessment
if combined with measures or observations of the other
welfare dimensions.

The results of PLS-DA models provide a classifica-
tion into low or high content, but use for quantitative
applications (i.e., genetics and so on) is also possible
by observing the predicted probabilities to belong to
the 2 groups. Because stress is a transient gradient, the
distinction of stressed versus nonstressed cows using a
cutoff might not be optimal, making preferable the use
of the quantitative probabilities. Additionally, in the ab-
sence of known thresholds, values were found through
statistical means, by searching for the best discrimina-
tion between low and high classes. Therefore, these
thresholds do not originate from a physiological basis,
and this should be further validated or adapted. For such
reasons, it is necessary to test the models on large-scale
datasets to observe how they behave with real external
data, and fine-tune the different parameters to provide
relevant information to the dairy sector and highlight the
best way to apply such models. Similarly, understand-
ing chronic stress mechanisms and the links between
the 2 biomarkers and animal or environmental effects
is still incomplete, and further work should focus on
deeper and broader-scale studies of such relationships.
Other factors might potentially affect the level of hair
cortisol and blood fructosamine, and there is the need
for deeper physiological understanding. For example,
biomarkers in the first month of lactation could be af-
fected by other mechanisms than chronic stress (e.g.,
fetal cortisol and so on), consequently, the relevance of
the predictive models according to the stage of lactation
should be investigated and should be treated cautiously.
The complementarity between hair cortisol and blood
fructosamine should also be better understood to pro-
duce a combination of the 2 biomarkers for better phe-
notyping. Finally, given the imbalance between sample
sizes between low and high groups, for both biomarkers,
PLS-DA models provide low sensitivity and high false
positive rates, and additional efforts should be made to
test innovative algorithms which are better adapted to
address this disparity and ultimately minimize this issue.
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CONCLUSIONS

The goal of this work was to assess the potential of
milk MIR spectra for predicting 2 chronic stress bio-
markers: hair cortisol and blood fructosamine. While the
quantitative models did not provide satisfying results, the
qualitative models enabled us to discriminate high hair
cortisol and high serum fructosamine levels with 71%
and 73% accuracy in a robust external herd validation,
respectively. Therefore, the obtained accuracy, despite
not being very high, can be considered very positive con-
sidering the difficulty in predicting these totally indirect
biomarkers of chronic stress. The development of such
tools may facilitate large-scale chronic stress, and ulti-
mately participate in welfare assessment and improve-
ment by providing objective, cheap, and quantitative
information on the stress dimension of it.
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