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ABSTRACT

Increased concentrations of some serum biomarkers
are known to be associated with impaired health of
dairy cows. Therefore, being able to predict these biomarkers, especially in the early stage of lactation, would
enable preventive management decision. Some health
biomarkers may also be used as phenotypes for genetic
improvement for improved animal health. In this study,
we validated the accuracy and robustness of models for
predicting serum concentrations of β-hydroxybutyrate
(BHB), fatty acids, and urea nitrogen, using milk midinfrared (MIR) spectroscopy. The data included 3,262
blood samples of 3,027 lactating Holstein-Friesian cows
from 19 dairy herds in Southeastern Australia, collected
in the period from July 2017 to April 2020. The models
were developed using partial least squares regression
and were validated using 10-fold random cross-validation, herd-year by herd-year external validation, and
year by year validation. The coefficients of determination (R2) for prediction of serum BHB, fatty acids, and
urea obtained through random cross-validation were
0.60, 0.42, and 0.87, respectively. For the herd-year by
herd-year external validation, the prediction accuracies
held up comparatively well, with R2 values of 0.49,
0.33, and 0.67 for of serum BHB, fatty acids, and urea,
respectively. When the models were developed using
data from a single year to predict data collected in
future years, the R2 remained comparable, however, the
root mean squared errors increased substantially (4–10
times larger than compared with that of herd-year by
herd-year external validation) which could be due to
machine differences in spectral response, the change
in spectral response of individual machines over time,
or other differences associated with farm management
between seasons. In conclusion, the mid-infrared equations for predicting serum BHB, fatty acids, and urea
have been validated. The prediction equations could
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be used to help farmers detect cows with metabolic
disorders in early lactation in addition to generating
novel phenotypes for genetic improvement purposes.
Key words: mid-infrared spectroscopy, metabolic
disorder, prediction accuracy
INTRODUCTION

Early postpartum dairy cows often enter a period
of negative energy balance (Ingvartsen and Andersen,
2000), which predisposes them to metabolic and microbial diseases such as ketosis, milk fever, displaced
abomasum, retained placenta, metritis, and mastitis
(Collard et al., 2000; Esposito et al., 2014; Pryce et
al., 2016). In fact, between 30 to 50% of cows are affected by some form of diseases in early lactation with
75% of these occurring in the first month after calving
(LeBlanc, 2010). Such problems not only impair farm
profitability, they also directly increase veterinary and
reproductive costs (Hogeveen et al., 2011; Shalloo et
al., 2014), environmental losses (Bell et al., 2013), and
affect animal welfare outcomes (Oltenacu and Broom,
2010). Given the high incidence and the costs of these
disorders, there has been growing interest in predicting
the metabolic status of dairy cows in the early stages
of lactation (see the recent review of Pralle and White,
2020). This information could either be used to help
farmers make informed interventions to prevent the
development of these diseases, or to generate novel phenotypes for genetic improvement purposes, most likely
through genomic selection.
In dairy cows, widely used indicators of energy status include blood BHB and fatty acid concentrations,
whereas blood urea nitrogen concentrations indicate the
efficiency of protein utilization (Melendez et al., 2003;
Wathes et al., 2007; Urdl et al., 2015). Unfortunately,
taking blood samples from cows on a regular basis
is not only laborious and costly, but also potentially
stressful to the animals. Therefore, noninvasive alternative methods are of great interest. Milk mid-infrared
(MIR) spectroscopy is a fast and cost-effective method
that has been routinely used by milk recording organi-
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zations worldwide to quantify the composition of milk
samples (De Marchi et al., 2014). Furthermore, many
studies have reported promising accuracies from using
milk MIR to predict serum metabolic profiles, with the
R2 obtained through random cross-validation ranging
between 0.21 and 0.92 (Belay et al., 2017; Grelet et al.,
2018; Pralle et al., 2018; Benedet et al., 2019; Luke et
al., 2019b). Although the initial results are promising,
the models should be properly validated, preferably
through external validation, before they can be implemented for farmers to use as management tools (Pralle
and White, 2020). This is because random cross validation is often overly optimistic when compared with the
more stringent external validation (i.e., using data from
a different herd; Wang and Bovenhuis, 2019).
Luke et al. (2019b) investigated the prediction accuracy of models for predicting 7 metabolites measured in
the serum of dairy cows using milk MIR spectroscopy
using cross-validation and 2 external validation approaches. The results were promising, showing similar
R2 values for cross-validation and external validation.
However, the data were limited to just one year of sampling. Before recommending the use of these predictions
for any purpose, more extensive testing is warranted.
Thus, the objective of this study was to examine how
robust prediction accuracies of these equations are using data from multiple herds and years.
MATERIALS AND METHODS
Animal Data

Between July 2017 to April 2020, 3,262 blood samples
were taken from 3,027 lactating Holstein-Friesian cows
of 19 dairy herds in Southeastern Australia, according
to the protocol described in Luke et al. (2019b). The
cows were between first and eighth parity. At the time
of sampling, all cows were between 0 and 50 d in milk,
with a mean of 21.4 ± 18.7 d. The farms included in
the present study operated a seasonal calving system,
where the intent is for most cows to calve in a period
of time to match the pasture availability. Additionally,
although details of specific dietary regimens are rarely
reported for commercial farms in Australia, many farms
implement a feeding system reliant on grazed pasture
plus other forages with some supplementary cereals
often also fed. In this data set, all cows were milked
twice daily in accordance with the standard commercial
practices of herd-testing organizations in Australia. All
procedures undertaken in this study were conducted in
accordance with the Australian Code of Practice for
the Care and Use of Animals for Scientific Purposes
(NHMRC, 2013). Approval to proceed was granted by
the Agricultural Research and Extension Animal EthJournal of Dairy Science Vol. 104 No. 4, 2021
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ics Committee of the Department of Jobs, Precincts
and Resources Animal Ethics Committee (Attwood,
Victoria, Australia), and the Tasmanian Department
of Primary Industries, Parks, Water and Environment
(Animal Biosecurity and Welfare Branch, New Town,
Tasmania, Australia).
The sera were analyzed for concentrations of BHB,
fatty acids [formerly referred as nonesterified fatty acids
(NEFA)], and urea by Regional Laboratory Services
(Benalla, Victoria, Australia), using the following assays: enzymatic kinetic assays for BHB (McMurray et
al., 1984) and urea (Wilcox et al., 1966) and enzymatic
end-point assay for fatty acids (proprietary formulation,
Randox Laboratories, Crumlin, UK). Milk samples were
collected either immediately before or after blood sampling or at the same time (i.e., blood samples taken in
the parlor) and sent to Hico Pty Ltd. (Maffra, Victoria,
Australia) or TasHerd Pty Ltd. (Hadspen, Tasmania,
Australia) to analyze for fat, protein, and lactose percentages, and SCC using a NexGen Series FTS Combi
machine (Bentley Instruments, Chaska, MN), from
where the MIR spectra were obtained for this study.
A recorded spectrum includes 899 data points, with
each point representing the absorption of infrared light
through the milk sample at a particular wavenumber
in the 649 to 3,999 cm−1 region. It should be noticed
that one machine from Hico and 2 from TasHerd were
used for analysis of milk samples. Additionally, all milk
samples that were collected in 2017 plus samples from
the 2 Tasmanian herds collected in 2018 were analyzed
by TasHerd, whereas the remaining milk samples were
analyzed by Hico.
Data Preprocessing

Before the model development, several mathematical treatments were applied to the metabolites and
the spectra. For BHB and fatty acids, because their
distributions were skewed with an over-representation
of the lower values, which might impair the accuracy
of predicting high values in partial least square (PLS)
regression (Grelet et al., 2016), a logarithmic (10) and a
square root transformation were applied to their original records, respectively (Figure 1). For the spectra,
noisy regions (1,615–1,652 cm−1 and 649–925 cm−1)
characterized by a low signal-to-noise ratio, which is
the consequence of a high water absorption and noninformative region (2,998–3,998 cm−1), were first removed
(Hewavitharana and van Brakel, 1997). Second, to
discard the spectra that are potentially outliers, a standardized Mahalanobis distance [i.e., global H distance
(Shenk and Westerhaus, 1995)] between each spectrum
and the population average was calculated. Then, the
spectra with a global distance greater than 3 (n = 38)
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Figure 1. (a) Frequency distribution of untransformed serum BHB concentrations, (b) serum BHB concentrations following log10 transformation, (c) untransformed serum fatty acids, and (d) serum fatty acid concentrations following square root transformation.

were considered outliers and eliminated. Last, extended
multiplicative correction (Kohler et al., 2009) and a
first-order Saviztky–Golay derivative (Savitzky and
Golay, 1964) were applied to the reduced spectra. A
final spectrum used for model development consisted of
536 wavenumbers.
Model Development and Evaluation of Performance

Luke et al. (2019b) observed that using literaturebased thresholds, to define subclinical cases of disease,
Journal of Dairy Science Vol. 104 No. 4, 2021

the prevalence of some diseases was low, especially for
hyperketonemia when using a cut-off value of ≥1.2
mmol/L of BHB. Additionally, the epidemiology of
these diseases in the Australian pasture-based context
is the focus of other research conducted by our group.
Accordingly, in this study we only focused on the prediction equations for continuous traits that is predicting serum metabolite concentrations.
The prediction models for blood metabolic profiles
were developed using PLS regression and implemented
with the pls R package of Mevik and Wehrens (2007).
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Table 1. Summary statistics (mean ± SD) of the serum metabolites (mmol/L)
Season
Spring 2017
Autumn 2018
Spring 2018
Spring 2019
Autumn 2020
All data

N1
1,041
105
1,003
759
354
3,262

BHB
0.53
0.56
0.47
0.62
0.58
0.54

±
±
±
±
±
±

Fatty acids

0.23
0.26
0.23
0.47
0.24
0.31

0.50
0.29
0.50
0.47
0.60
0.49

±
±
±
±
±
±

0.33
0.26
0.32
0.28
0.23
0.31

Urea
5.67
3.74
5.27
5.69
4.89
5.40

±
±
±
±
±
±

2.29
0.78
1.47
2.63
1.21
2.06

1

N = number of records.

Model performance was evaluated through 10-fold random cross-validation, herd-year by herd-year external
validation, and year by year validation.
1) In the 10-fold random cross-validation, the
data set was first randomly split into 10 parts
and then one part was reserved for validation,
whereas the remaining data were used for model
training. This process was repeated 10 times until each part of the data had been validated once.
2) In the herd-year by herd-year external validation, the data of a given herd-year was excluded
and used as a validation of the model trained
with the data of the other herd-years. The process was repeated until every herd-year had been
validated once (i.e., 24 times, as there were 24
herd-years in this study). The number of herds
in 2017, 2018, 2019, and 2020 were 4, 10, 8, and
2, respectively. To make sure that there was no
carryover effect of cows occurring in the same
herd from one year to the next, we also examined
models developed using records of cows from the
herds that were completely independent of the
herd being validated and this produced comparable prediction accuracies to our assumption of
unique herd-year.
3) The process of year by year validation was similar to herd-year by herd-year validation, but here
data from 1 yr was used to validate models created using data collected in the other 2 yr.
All analyses in the present study were performed using R statistical software version 3.6.1 (R Development
Core Team, 2020).
The optimal number of PLS components was determined based on first local minimum value in root mean
squared error (RMSE) of prediction. The measures of
prediction accuracy included mean bias of estimation,
slope between true and predicted values, coefficient of
determination (R2) and RMSE, and ratio of performance to interquartile distance (RPIQ). According to
Bellon-Maurel et al. (2010), RPIQ is more preferred
Journal of Dairy Science Vol. 104 No. 4, 2021

to the ratio of performance to deviation on the skewed
data.
RESULTS AND DISCUSSION

Summary statistics of the concentrations of the serum metabolites in this study are presented in Table
1. The means and standard deviations (mmol/L) of
BHB, fatty acids, and urea in the pooled data set were
0.54 ± 0.31, 0.49 ± 0.31, and 5.40 ± 2.06, respectively.
These results are very consistent with those reported
by Luke et al. (2019b), with the means of BHB and
fatty acids being identical, whereas that of urea being slightly lower in this study (5.40 vs. 5.54 mmol/L).
Because the study of Luke et al. (2019b) comprised
samples that were a subset of the current study, similarities in means were expected. The current data set
includes data collected from more herds in different
geographical locations and calving in different seasons,
which we expected to capture the diverse conditions of
dairy farms in Southeastern Australia. There was not
much difference between calving seasons (i.e., Autumn
vs. Spring) and years of collection, with the exception
of Spring 2019 that had higher average concentrations
of each metabolite, as well as being more variable.
When used to predict subclinical diseases, MIR
models often assume arbitrary thresholds that have
been derived using detailed epidemiological studies and
therefore applying these thresholds requires caution
and the farming system or country need to be taken
into consideration. In the present study, using cut-off
values of ≥1.2 mmol/L for BHB (Iwersen et al., 2009)
we found only 2.9% of cows that had hyperketonemia,
whereas 20.1% of cows had elevated fatty acids, defined
using a threshold of ≥0.7 mmol/L (Ospina et al., 2010).
However, in a study of 208 cows from 22 farms in Australia with blood samples collected earlier in lactation
(i.e., between 2 and 21 DIM), Brunner et al. (2018)
reported a higher concentration of BHB of 0.7 ± 0.7
and accordingly a higher prevalence of hyperketonemia
incidence of 9.6%. In our study, cows were between 0
to 50 DIM with only 15% being in the first week of
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1
LV = number of latent variables in the model; R2cv = coefficient of determination of cross-validation; RMSEcv = root mean square error of cross-validation; RPIQcv = ratio of performance to interquartile distance of cross-validation; R2val = coefficient of determination of external validation; RMSEval = root mean square error of external validation; RPIQval
= ratio of performance to interquartile distance of external validation.

1.20 ± 0.31
1.21 ± 0.47
2.48 ± 1.04
0.19 ± 0.12
0.33 ± 0.23
0.72 ± 0.27
0.48 ± 0.14
0.35 ± 0.17
0.69 ± 0.17
0.43 ± 0.12
0.38 ± 0.15
0.75 ± 0.14
0.27 ± 0.11
0.35 ± 0.29
1.33 ± 1.06
1.35 ± 0.29
1.56 ± 0.19
3.84 ± 0.49
0.20 ± 0.05
0.23 ± 0.02
0.75 ± 0.08
0.60 ± 0.05
0.42 ± 0.04
0.87 ± 0.03
0.54 ± 0.08
0.41 ± 0.03
0.88 ± 0.02
16
19
18
BHB
Fatty acids
Urea

0.22 ± 0.04
0.26 ± 0.02
0.62 ± 0.13

RMSEval
R2val
Slope
Bias
RPIQcv
RMSEcv
R2cv
Slope
Bias
LV
Metabolite

Table 2. Prediction accuracy of the models (mean ± SD) obtained through 10-fold random cross-validation and external herd-year by herd-year validation1

lactation, which may be why there was a lower prevalence of hyperketonemia. McArt et al. (2012) showed
that the peak incidence of hyperketonemia in US dairy
cows occurred at d 5 postpartum. Unfortunately, in the
seasonal calving systems typical in Australia and New
Zealand, farmers are often reluctant to perform milk
testing in very early lactation, because it is generally a
busy time of year with a lot of cows calving within a few
weeks. However, there are several studies that illustrate
the benefits of milk samples collected in early lactation
for decision making purposes [e.g., Grelet et al. (2018);
Ho et al. (2019); Pralle and White (2020)]. It is conceivable that having more information in early lactation
could facilitate practice change of farmers to initiate
herd-testing in early lactation to access data for decision making. For urea, using the cut-off value of ≥6.78
mmol/L, which has been reported to reduce conception
rate in dairy cows (Butler et al., 1996), we found 24.1%
of cows exceeded this threshold. However, it should be
noted that the concentration threshold values used here
are solely based on the research undertaken in other
countries, which are not necessarily true for Australian
farming conditions and thus an epidemiological investigation to derive the appropriate thresholds is essential
to warrant these results (Raboisson et al., 2017).
In terms of the model performance, the prediction
accuracy obtained through 10-fold random cross-validation (Table 2) are comparable to those reported by
Luke et al. (2019b) and the other studies in the literature (Grelet et al., 2018; Pralle et al., 2018; Bonfatti
et al., 2019). More interestingly, the accuracy held up
comparatively well in the external herd-year by herdyear validation. When compared with random cross
validation results, the R2 values derived from external
validation dropped from 0.60 to 0.49, 0.42 to 0.33, and
0.87 to 0.67 for BHB, fatty acids, and urea, respectively. This was an important finding as some previous
studies have reported a significant drop in prediction
accuracy on external validation compared with random
cross-validation. McParland et al. (2012), for example,
indicated that the model for predicting energy balance
developed using data of cows fed TMR from the Scotland’s Rural College research farm did not work when
applied to the data of grazing cows from the Teagasc
Animal and Grassland Research and Innovation Center
in Moorepark, Ireland, with the correlation coefficient
dropping from 0.7 to 0.1. Furthermore, Wang and
Bovenhuis (2019) reported a massive drop in the prediction accuracy of methane emissions using MIR from
0.49 to 0.01 on random cross-validation and herd-byherd external validation, respectively. Therefore, it was
very encouraging that random cross-validation results
compared reasonably well to external validation in our
study.

RPIQval
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It could be argued that the reliability of the prediction accuracy of an MIR equation is trait dependent,
and it relies on the covariance structures between traits
of interest and milk composition, which can be affected
by breed and feed, and others (Eskildsen et al., 2014).
We also attempted to investigate the possible reasons
behind variation in prediction accuracy between herdyears. It was found that R2 correlated with the standard
deviation of the metabolic profiles in the validating set
(i.e., the values of Pearson correlation were 0.12, 0.46,
and 0.44 for BHB, fatty acids, and urea, respectively).
No difference could be observed between the absorbance levels in the spectra of training and validating
set. To the best of our knowledge, this is the first study
to examine the robustness of MIR prediction models
of blood metabolic profile data using a comparatively
large number of cows and a diverse range of farms. In
our study, the number of cows with serum metabolite
phenotypes was 3,027, whereas this was 826 in Belay et
al. (2017), 241 in Grelet et al. (2018), 1,013 in Pralle et
al. (2018), and 124 in Benedet et al. (2019), respectively. Although the values of coefficient of determination
looked promising, only the model for predicting urea
could be claimed to be excellent (RPIQ > 2) whereas
the models for predicting BHB and fatty acids were
nonreliable (RPIQ < 1.4), according to the thresholds
recommended by Chang et al. (2001).
Implementation of prediction equations requires careful consideration, including how the information will
be used. Understanding the epidemiology associated
with (sub)clinical disease is an important part of the
process. In our study we used MIR predictions of serum
metabolites, whereas others have considered the same
or similar metabolites in milk. For example, in Canada,
Lactanet provides MIR-predicted milk BHB for screening types of ketosis at the herd-level (i.e., Type I ketosis
occurs around 2 weeks after calving, due to cows not
eating enough to fulfil energy requirements, whereas
Type 2 ketosis occurs in the first week after calving due
to cows being over-conditioned before calving, which
is often known as fat cow syndrome; Schwarz, 2019).
In the Walloon region of Belgium, a package with several MIR predictions related to milk processing, such
as milk technological properties and quality, is being
evaluated with the intention that results are included
in the milk recording reports provided to farmers (P.
Delhez, Gembloux Agro-Bio Tech, University of Liège;
personal communication).
Apart from management perspectives, these prediction models can also be used to generate phenotypes
on a large-scale for genetic improvement of metabolic
health, a trait that is difficult and expensive to measure
(Pryce et al., 2016; Gengler et al., 2018; Bresolin and
Dórea, 2020). Using the data of 1,393 Holstein-Friesian
Journal of Dairy Science Vol. 104 No. 4, 2021

4472

cows, Luke et al. (2019a) indicated that despite being
lowly heritable, with genomic heritability estimates of
0.09, 0.18, and 0.18, for BHB, fatty acids, and urea,
respectively, genomic selection of these traits is possible with accuracies ranging between 0.31 and 0.51.
Although increasing the reference population through
performing more blood sampling would be expected to
improve the prediction accuracy, it is expensive, time
consuming, and invasive. In this context, the use of MIR
predictions as indicator traits may be a cost-effective
alternative to generate many more records than can
be measured, provided that milk samples can be collected in the early weeks of lactation. For example, the
work of van den Berg et al. (2021) shows that for urea,
MIR predictions of serum urea are highly genetically
correlated with actual serum urea measurements, and
therefore, either can be used for genomic prediction.
We also attempted to test the robustness of models
through years (i.e., training the models using data of
a single year to predict data collected in future years).
The results from Table 3 imply that although the R2 remained consistent, RMSE increased substantially compared with those reported in Table 2 (i.e., 2.12 vs. 0.21,
1.59 vs. 0.33, and 3.43 vs. 0.80 mmol/L, on average for
BHB, fatty acids, and urea, respectively). Accordingly,
the values of bias and slope also got worse following
the direction of RMSE. The increase in RMSE is also
shown in Figure 2a, 2c, and 2e, where the predicted
values significantly deviated from the observed ones.
Several factors could be argued to contribute to those
deviations, such as machine differences in spectral
response, the change in spectral response within the
same machine over time, or other differences associated
with management between seasons where data were
collected.
In this study, the data were obtained in multiple
years with milk samples collected in spring 2017, autumn 2018, and the 2 Tasmanian herds in spring 2018
were analyzed by TasHerd Pty Ltd. (Hadspen, Tasmania, Australia), whereas the milk samples collected in
spring 2018 (excluding the 2 Tasmanian herds), spring
2019, and autumn 2020 were analyzed by Hico Pty
Ltd. (Maffra, Victoria, Australia). As milk samples
were analyzed by different machines, some differences
in spectral response might be expected. In this context, analysis of identical milk samples is often recommended to standardize each machine and to overcome
instrument-to-instrument variations (Grelet et al.,
2017). Unfortunately, this was not possible in the present study because reference samples were not available.
Alternatively, we examined the method of Bonfatti et
al. (2017), which was developed to work on retrospective data, but considerable deviations persisted. Interestingly, the deviations disappeared when a randomly

0.30
0.94
0.22
0.22
0.83
0.28
0.88
1.64
0.28
1.68
0.21
0.32
0.41
0.30
0.25
0.24
0.14
0.30
0.20
0.30
0.4
0.68
1.01
0.48
1.25
−2.17
−2.03
−0.20
−0.20
0.38

5.71
2.56
5.83
5.71
2.05
5.04
1.54
0.95
4.48
0.76

R
Slope

0.89
0.75
0.86
0.82
0.66
0.77
0.56
0.68
0.58
0.66
−5.02
−0.71
−5.20
−4.59
0.08
−4.02
1.84
2.33
7.19
1.48
0.50
0.44
0.27
1.31
0.37
0.09
0.05
0.73
0.56
1.28
1

RMSE = root mean square error; RPIQ = ratio of performance to interquartile distance.

0.59
0.86
1.57
0.29
1.12
3.93
6.33
0.44
0.49
0.22
0.32
1.01
1.38
0.38
0.74
5.14
7.88
0.28
0.33
0.26
0.53
0.39
0.62
0.55
0.42
9.05
8.97
0.34
0.31
0.16
Autumn 2018
Spring 2018
Spring 2019
Autumn 2020
Spring 2018
Spring 2019
Autumn 2020
Spring 2019
Autumn 2020
Autumn 2020
Spring 2017
Spring 2017
Spring 2017
Spring 2017
Autumn 2018
Autumn 2018
Autumn 2018
Spring 2018
Spring 2018
Spring 2019

0.04
0.08
0.03
0.04
0.04
1.44
3.44
0.25
0.14
0.23

0.06
0.25
0.03
0.06
0.12
8.42
9.72
0.21
0.19
0.61

0.41
0.49
0.32
0.48
0.26
0.11
0.13
0.34
0.44
0.57

0.54
0.54
0.40
0.50
0.42
0.10
0.11
0.86
0.88
1.67

Bias
RPIQ
RMSE
Bias
RPIQ
RMSE
Validation set
Training set

Bias

Slope

R

2

BHB

Table 3. Prediction accuracy of the models trained using the data of a single year and validated on the data of the future years1
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selected herd-year in the validation season was incorporated into the training set (Table 4). For example, when
training a model using the data of spring 2017 to predict
the data of spring 2018, records from one herd in spring
2018 were randomly selected and incorporated into the
training set. This result might be explained by the fact
that the model has learned some prior information on
the new machine (via the herd-year we provided) and
incorporated that into the algorithm during the training process. Figure 2 presents the plots between the
observed and predicted values of a selected herd-year
without (Figure 2a, 2c, 2e) and with (Figure 2b, 2d,
2f) an inclusion a random herd-year from the validation season into the training set. These results probably
imply that the deviations in predictions obtained here
were mainly arisen from machine differences, which can
be resolved by standardization (Grelet et al., 2015),
rather than by feeding or management. Indeed, when
we trained and validated the models using the data
collected in different years, but analyzed by the same
machine, no deviations could be observed (Table 5).
These results also agree with the principal component
analysis (data not shown), where a shift was observed
if data were from different machines, but not within
machine through time.

0.76
0.60
0.66
0.67
0.43
0.39
0.19
0.60
0.56
0.64

R2
2

Slope

Urea
Fatty acids

RMSE

RPIQ
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CONCLUSIONS

Using a data set obtained from a comparatively large
number of cows and multiple calving seasons and herds,
this study has validated the MIR prediction equations
developed to predict blood BHB, fatty acids, and urea
as indicators of the metabolic status of dairy cows. The
results also emphasize the importance of spectral standardization among machines for application of these
prediction equations to practice.
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Figure 2. Plots of observed and predicted values of BHB, fatty acids, and urea for a sample herd when training the model without (a, c, e)
and with (b, d, f), respectively, prior information from a randomly selected herd in the validation set. RMSE = root mean square error.
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0.39
0.51
0.33
0.37

Slope
0.47
0.50
0.35
0.45

R2
0.14
0.22
0.28
0.18

RMSE
1.58
0.91
0.90
1.46

RPIQ
0.14
0.57
0.26
0.33

Bias

RMSE = root mean square error; RPIQ = ratio of performance to interquartile distance.

0.32
0.20
0.36
0.34

Bias
0.38
0.50
0.51
0.46

Slope
0.36
0.32
0.43
0.33

R2
0.18
0.27
0.35
0.19

RMSE

Fatty acids

1.44
1.20
0.95
1.47

RPIQ
1.11
1.50
0.47
0.94

Bias

Spring 2018 – herd 1
Spring 2018 – herd 2

Spring 2017
Spring 2017

0.22
0.23

Bias
0.54
0.70

Slope
0.54
0.65

R
0.11
0.16

RMSE

1.41
1.33

RPIQ

0.16
0.29

Bias

0.44
0.58

Slope

0.33
0.15

R

0.29
0.27

RMSE

2

2

RMSE = root mean square error; RPIQ = ratio of performance to interquartile distance.

1

Validation set

Training set

Fatty acids

BHB

0.98
0.40

RPIQ

0.84
−0.02

Bias

0.72
0.85

Slope

0.68
0.71
0.89
0.80

Slope

Table 5. Prediction accuracy of the models training and validating on the data collected in different years but analyzed by the same machine1

1

Autumn 2018
Spring 2018
Spring 2019
Autumn 2020

Spring
Spring
Spring
Spring

2017
2017
2017
2017

Validation set

Training set

BHB

0.71
0.76

R2

Urea

0.55
0.59
0.64
0.65

R2

Urea

0.91
1.06

RMSE

0.50
1.02
0.76
0.76

RMSE

1.43
2.10

RPIQ

2.01
1.63
1.85
1.71

RPIQ

Table 4. Prediction accuracy of the models trained using the data of a single year and validated on the data of the future years, with prior information provided by a randomly
selected herd from the validation set1
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