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ABSTRACT

The widespread use of milk mid-infrared (MIR) spec-
troscopy for phenotype prediction has urged the applica-
tion of prediction models across regions and countries.
Spectra standardization is the most effective way to
reduce the variability in the spectral signal provided by
different instruments and labs. This study aimed to de-
velop different standardization models for MIR spectra
collected by multiple instruments, across 2 provinces
of China, and investigate whether the standardization
method (piecewise direct standardization, PDS, and
direct standardization, DS), testing scenario (standard-
ization of spectra collected on the same day or after 7
mo), infrared prediction model accuracy (high or low),
and instrument (6 instruments from 2 brands) affect the
performance of the standardization model. The results
showed that the determination coefficient (R?) between
absorbance values at each wavenumber provided by the
primary and the secondary instruments increased from
less than 0.90 to nearly 1.00 after standardization. Both
PDS and DS successfully reduced spectra variation
among instruments, and performed significantly better
than nonstandardization. However, DS was more prone
to overfitting than PDS. Standardization accuracy was
higher when tested using spectra collected on the same
day compared with those collected 7 mo after, but great
improvement in model transferability was obtained
for both scenarios compared with the nonstandardized
spectra. The less accurate infrared prediction model (for
C8:0 and C10:0 content) benefited the most from spectra
standardization compared with the more accurate model
(for total fat and protein content). For spectra collected 7
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mo after standardization, after PDS the root mean square
error between predictions obtained by different machines
decreased on average by 86% and 94% compared with
the values before standardization for C8:0 and C10:0, re-
spectively. The secondary instrument had no significant
effect on the R? between predictions. The variation in the
spectral signal provided by different instruments was suc-
cessfully reduced by standardization across 2 provinces
in China. This study lays the foundations for developing
a national MIR spectra database to provide consistent
predictions across provinces to be used in dairy farm
management and breeding programs in China. Addition-
ally, this provides opportunities for data exchange and
cooperation at international levels.

Key words: milk mid-infrared spectra, standardization,
model transfer, Holstein dairy cow

INTRODUCTION

Mid-infrared (MIR) spectroscopy has proved to be a
fundamental tool for milk quality control, showcasing
its potential to generate high-throughput phenotypes that
can be exploited in milk payment systems, herd manage-
ment, and animal genetic evaluations (De Marchi et al.,
2014; Tiplady et al., 2020). Significant insights have
been obtained beyond the traditional milk components
(De Marchi et al., 2014), such as fatty acids (Fleming
et al., 2017b), fat globule size (Fleming et al., 2017a),
coagulation and acidity (Manuelian et al., 2017; El Jabri
et al., 2019), as well as some functional traits such as
cows’ methane emissions (Dehareng et al., 2012; Shetty
et al., 2017a), feed intake (Shetty et al., 2017b; Wallén
et al., 2018; Shadpour et al., 2022), blood metabolites
(Benedet et al., 2019; Bonfatti et al., 2019; Luke et al.,
2019), energy status (Smith et al., 2019), BW (Soyeurt
et al., 2019; Frizzarin et al., 2023a), lameness (Bonfatti
et al., 2020), ruminal acidosis risk (Mensching et al.,

The list of standard abbreviations for JDS is available at adsa.org/jds-abbreviations-24. Nonstandard abbreviations are available in the Notes.
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2021), nitrogen use efficiency (Grelet et al., 2020; Shi
et al., 2023), pregnancy status (Ho et al., 2019; Delhez
et al., 2020; Tiplady et al., 2022), and diet (Frizzarin et
al., 2023Db).

Developing new prediction models is a time-consum-
ing and costly process because it requires the collection
of numerous samples that must be analyzed following
the gold standard methods (e.g., wet laboratory analysis,
veterinary diagnosis). This is especially true for mod-
els directed toward predicting fine milk composition,
a cow’s metabolic profile, or other functional traits.
Hence, there is an increasing interest in sharing mature
prediction models among different laboratories to extend
the practical value of such models beyond their original
development settings. However, instruments used for
milk testing may yield significantly different spectral
responses due to variations in instrument brand, physical
wear, laboratory environment (e.g., changes in tempera-
ture, humidity, experimental operation), and sensor setup
(Bouveresse et al., 1998; Feudale et al., 2002; Grelet et
al., 2015). Consequently, applying an infrared prediction
model developed on one instrument (referred to as the
“primary” or “master” instrument) to another (referred
to as “secondary” or “slave” instrument) can result in
significant errors.

Standardization methods that enable transferring pre-
diction models from the primary instrument to one or
more secondary instruments have been proposed to ad-
dress the poor portability of MIR spectra prediction mod-
els and enable their large-scale adoption. These methods
allow the pre-established spectral models from the pri-
mary instrument to be directly applied to the secondary
instruments and guarantee consistent predictions across
instruments. Algorithms such as direct standardization
(DS; Wang et al., 1991) or piecewise direct standardiza-
tion (PDS; Wang et al., 1991; Bouveresse and Massart,
1996) have been applied successfully to MIR spectra
(Grelet et al., 2015, 2017). These methods use a set of
milk samples, analyzed by the primary and secondary
instruments. Spectra from the different instruments are
then compared, and a set of standardization parameters
are derived to “convert” the spectra from the secondary
instrument into that of the primary instrument. A trans-
fer is considered to be successful when the predictions
obtained using the spectra collected by a secondary in-
strument are not significantly different to those obtained
using the spectra from the primary spectrometer (Grelet
et al., 2015, 2017). In the absence of samples analyzed
simultaneously by the primary and secondary instrument
(e.g., for datasets of unstandardized spectra collected
before a calibration model was developed), a retroactive
approach, which uses percentiles of spectral responses
for each wavenumber to map the relationships between
primary and secondary instruments, can be used (Bon-
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fatti et al., 2017). However, collecting milk samples to
be analyzed by the primary and secondary instruments
is the most appropriate strategy to reduce prediction er-
rors across time (Tiplady et al., 2019) and should be the
method of choice.

In China, the Holstein population consists of more than
5 million dairy cows and is widely distributed throughout
the country. Dairy herd improvement organizations com-
prise many milk quality control laboratories, each using
multiple instruments. This urges the introduction of stan-
dardization methods to establish a multiregional or na-
tional MIR network. Because various infrared prediction
equations, each characterized by a different accuracy, are
expected to be shared in the future within a network, the
effect of the accuracies of prediction models on the ac-
curacy of model transfer should be explored. Therefore,
the objectives of this study were to: (a) develop different
standardization procedures for MIR spectra collected by
multiple instruments, across 2 provinces of China and
(b) investigate the effects of standardization method,
testing scenario, infrared prediction model accuracy,
and instrument on the accuracy of standardization. This
study provides the preliminary knowledge necessary for
the establishment of a nationwide MIR database for farm
management and breeding programs in China.

MATERIALS AND METHODS

Instruments, Sampling, and Data Collection

Six instruments, routinely employed by 2 DHI centers
(respectively in Henan and Shandong Provinces, China),
were used in this study (Table 1). The instruments
from the DHI center in Henan (Zhengzhou City) were
2 CombiFoss 7 DC (Foss, Hillered, Denmark), whereas
the instruments from the DHI center in Shandong (Jinan
City) were one Foss FT+, one Foss FT6000, and 2 FTS
(Bentley, Chaska, MN). Because several prediction mod-
els have been recently developed using one of the 2 FTS
instruments (Zhao et al., 2023), this was defined as the
primary instrument (B-SD-1, Table 1). The wavenumber
ranges of the Foss and Bentley instruments were 925.66
to 5,010.15 cm™' (1,060 wavenumbers) and 649.03 to
3,998.59 cm™! (899 wavenumbers), respectively, and the
default output was expressed in transmittance and absor-
bance units, respectively.

Milk samples (approximately 240 mL each) to be used
for the development of standardization models were all
collected on the same day in March 2023, using Afimilk’s
milk equipment (Afimilk Ltd., Israel), from a total of
30 Holstein cows in one commercial farm in Henan. To
maximize spectra variation among samples, cows were
selected based on milk fat (2.48%—6.74%) and protein
content (3.01%—4.31%), parity (1-5), and DIM (46433
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Table 1. Characteristics of the instruments used in the study

Laboratory Instrument brand and model

Spectral range (cm™') Acronym

Instrument type
in standardization

DHI center Henan
DHI center Henan

Foss, CombiFoss 7 DC
Foss, CombiFoss 7 DC

DHI center Shandong Foss, FT+

DHI center Shandong Foss, FT6000
DHI center Shandong Bentely, FTS
DHI center Shandong Bentley, FTS

925.66-5,010.15  F-HN-1 Secondary
925.66-5,010.15  F-HN-2 Secondary
925.66-5,010.15  F-SD-3 Secondary
925.66-5,010.15 F-SD-4 Secondary
649.03-3,998.59  B-SD-1 Primary

649.03-3,998.59 B-SD-2 Secondary

d; Supplemental Table S1; see Notes). Each sample was
thoroughly mixed and split into 6 aliquots, one for each
instrument. To prevent the milk from spoilage, 2 tablets
of preservative (bronopol; 2-bromo-2-nitropropan-1,
3-diol; 0.028 g per tablet) were added to each aliquot,
which was gently shaken for uniform mixing. Two milk
aliquots were tested at the Henan laboratory, within 24
h of sample collection, and the other 4 aliquots were
transferred at 4°C to the Shandong laboratory and tested
within 36 h of sample collection. As in previous analyses
spectra from technical replicates on the same instrument
exhibited minimal variation; spectra acquisition was per-
formed once for each sample. Hence, a total of 30 spectra
were obtained from each instrument.

Standardization models were then validated on the
same batch of spectra used for the development of the
standardization models (internal validation) and on
spectra collected after 7 mo, in October 2023 (external
validation), from 5 of the original 6 instruments, using
milk samples from the same farm, but from different
cows (Supplemental Table S1).

Spectra Standardization Methods

Before standardization, the wavenumbers from instru-
ments of different brands were harmonized. First, trans-
mittance values from Foss instruments were transformed
into absorbance as log;,(1/transmittance), and then a
linear interpolation was performed to align the spectral
range of the different brands. The absorbance of Foss in-
struments was projected onto the range of the Bentley in-
strument (i.e., the brand of the primary instrument). After
the linear interpolation, the number of wavenumbers of all
spectra was 824, ranging from 928.77 to 3,998.59 cm .
Spectra water absorption regions (1,600.18-1,689.70
cm ' and 3,010.13-3,998.59 cm ') were removed before
the analysis (Karoui et al., 2010; Grelet et al., 2021). All
MIR spectra were then centered.

Two standardization methods (PDS and DS) were
compared. In PDS, each wavenumber j of the primary
instrument spectra (P matrix) is reconstructed based on
measurements from a small window (s, length = n) of
the secondary instrument spectra (S matrix). For each
wavenumber of the primary instrument (P)), a partial
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least square (PLS) multivariate regression model is built
assuming a linear relationship between P and S, with the
following equation:

P;=sb; + e,

where b; is the regression coefficient and ¢; is the intercept
term for the jth wavenumber. The calculation of these 2
standardization parameters with a moving spectral win-
dow leads to 2 banded diagonal matrixes (B and E, for the
regression coefficients and intercept terms, respectively;
Bouveresse and Massart, 1996). Finally, the standardized
matrix of the secondary instrument (S,4) can be obtained
as follows:

Sstd =SB + E.

The optimal parameters (number of PLS components and
window length) in PDS were defined as those maximizing
the standardization accuracy based on the determination
coefficient and root mean square error (R%p,.q and RM-
SEyp,..q, respectively) between predictions obtained from
each combination of primary and secondary instruments.
The number of PLS components tested in PDS ranged
from 1 to 29 (equal to the number of milk samples — 1)
and the window length n ranged from 1 to 30 wavenum-
bers in the 2 scenarios, respectively. It is worth noting
that an “edge effect” can occur at the highest and lowest
wavenumbers because insufficient data are used to form
a complete window in PDS. In this study, asymmetric
modeling was used on those edge wavenumbers.

In DS, the complete spectrum of a secondary instru-
ment undergoes transformation to mirror the spectra of
the primary instrument, based on the linear relationship
observed in spectra collected by different instruments.
And each wavenumbers’ absorbance of the secondary in-
strument was calculated using the whole primary spectra,
as described in the following equation:

P =SF,
where F is the transformation matrix. The secondary

instrument (S) is standardized using the response matrix
for the primary instrument as follows:
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S«a =SS 'P.

A set of standardization matrixes (B and E for PDS, and
F for DS) were calculated for each combination of pri-
mary and secondary instrument, obtaining a total of 5
sets of parameters for each standardization method.

Testing Scenarios for Spectra Standardization

The accuracy of the standardization methods was
tested under 2 scenarios. In the first scenario, referred to
as internal validation, all the available spectra collected
in March 2023 were used to obtain the standardization
matrixes. Then, the matrixes were applied to the spectra,
allowing for the evaluation of the accuracy of the stan-
dardization model but not its robustness. In the second
scenario, referred to as external validation, standardiza-
tion parameters were obtained from internal validation
and applied to the spectra collected in October 2023.
The external-validation scenario can be used to simulate
the accuracy of a standardization method on unknown
samples, thus enabling the evaluation of the robustness
of the standardization method.

Infrared Prediction Models

To test the effectiveness of the standardization process
across infrared prediction models, 4 MIR prediction
models with different accuracies were developed on the
primary instrument and applied to all secondary instru-
ments’ MIR spectra, before and after standardization.
Descriptive statistics of the reference values used for
model development and accuracies of prediction models
are reported in Supplemental Table S2 (see Notes). To
obtain models with high prediction accuracy, a total of
5,277 records of milk fat content (FP, %) and protein
content (PP, %) were predicted from the corresponding
spectra and FP and PP MIR predictions, respectively, ob-
tained from the primary instrument (B-SD-1) in March
2023. Previously developed prediction models for C8:0
(g/L) and C10:0 (g/L) were selected as the low-accuracy
models. The development of the prediction models was
described in Lou et al. (2024). Briefly, a milk sample was
collected from 155 cows (6305 d after calving) in July
2020. The content of C8:0 and C10:0 in milk was assessed
by ultrahigh performance liquid chromatography — high
resolution MS (Chen et al., 2021), and the correspond-
ing MIR spectra were obtained from the primary instru-
ment. Spectra water absorbance regions were removed
before the analysis and, after interpolation, the spectra
included the regions from 928.77 to 1,596.45 cm ™', and
from 1,693.43 to 3,006.40 cm ' (533 variables). Spectra
variables were then centered.
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The models to predict FP, PP, C8:0, and C10:0 were
developed using PLS regression and a 10-fold random
cross-validation procedure, repeated 10 times. The opti-
mal number of PLS components was chosen to maximize
the determination coefficient (R%cy) and minimize the
root mean square error (RMSEcy) in cross-validation.
The mean R’y was 0.9997 + 0.00001 for FP, 0.9976 +
0.00002 for PP, 0.6630 + 0.0192 for C8:0, and 0.5569
+ 0.0139 for C10:0, with values of RMSE.y equal to
0.0126 £ 0.0002, 0.0113 + 0.00005, 6.9714 + 0.2223, and
21.8815 £+ 0.4059, respectively (see Supplemental Table
S2).

Evaluation of the Accuracy
of the Standardization Methods

The determination coefficient between the absorbance
obtained at each wavenumber from each combination
of primary and secondary instrument (R%way) Was cal-
culated before and after standardization to investigate
how the variation across instruments affects individual
wavenumbers. The accuracy of PDS and DS standard-
ization models was evaluated by calculating R%p..q and
RMSEjy,.4 between predictions of FP, PP, C8:0, and C10:0
obtained from each combination of primary and second-
ary instruments. A Hotelling-Williams #-test (Dunn and
Clark, 1971; Steiger, 1980) and ANOVA (Cederkvist et
al., 2005) were used respectively to determine the differ-
ence in R%p.q and absolute prediction errors obtained for
the different standardization methods, testing scenarios,
infrared prediction models, and instruments. The PROC
MIXED procedure implemented in the SAS software
(ver. 9.20, SAS Institute Cary, NC) was performed on
the absolute prediction error (3;jma) using the following
model:

Bijklmn =pn+ Mi + T_] + Eqk + IIlStl + COWm + €ijklmn>

where . was the overall mean; M; was the fixed effects of
the standardization method (i = 3 levels: nonstandardiza-
tion, PDS, and DS); T; was the fixed effects of the testing
scenario (j = 2 levels: internal and external validation);
Eq, was the fixed effect of the prediction model (k = 4
levels: FP, PP, C8:0, and C10:0); Inst; was the fixed effect
of the secondary instrument (1 = 5 levels: F-HN-1, F-HN-
2, F-SD-3, F-SD-4, and B-SD-2); Cow,, was the random
effect of the milk sample (m = 60 levels); and &, Was
the residual error. It was assumed that Cow,, ~ N (O,Iaz

2

and &jmn ~ N (0, Iag), where o} is the variance of the

random effect and 0'623 is the residual variance. All calcula-
tions were carried out using programs developed from
MATLAB 2016a (https://www.mathworks.com), R soft-
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ware (ver. 4.10; https://www.R-project.org/), and SAS
(ver. 9.20; SAS Institute, Cary, NC).

RESULTS AND DISCUSSION

Instrument Response Before Standardization

To visualize the effects of standardization on the MIR
spectra obtained by the secondary instrument, the R,y
calculated between the primary and each of the second-
ary instruments were compared before and after stan-
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dardization. As shown in Figure la, the average R’yay
across wavenumbers in the secondary instruments
ranged from 0.7283 (F-HN-2) to 0.9051 (B-SD-1), with
values varying across spectral regions. For example, the
absorbance in the spectral region between 2,293.97 and
2,734.11 cm' was markedly affected by instrumental
variation (R%yay < 0.85). Because reproducibility be-
tween machines is particularly low for some regions, we
can hypothesize that the signal in these regions might
be more susceptible to random environmental pertur-
bations. In this regard, a R2WAV close to 0 was found

b) Original spectra + External validation
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Figure 1. Coefficient of determination (R%yay) of the absorbance obtained between the primary and each secondary instrument before (plot a and
b) and after standardization (c—f). The correlation between the signal provided by the primary and secondary instruments increased after standardiza-
tion, depending on the standardization method (PDS and DS) and scenario (internal and external validation). PDS = piecewise direct standardization.
DS = direct standardization. Internal validation: standardization was tested on the spectra used for development of standardization models. External
validation: standardization was tested on spectra collected 7 mo after the development of standardization models.
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in the water absorbance regions (1,600.18 to 1,689.70
and 3,010.13 to 3,998.59 cm') of the spectra (results
not shown), consistent with the findings of Grelet et al.
(2021). These results indicate that a prediction model
developed excluding the noise regions or regions that
exhibit a low reproducibility among spectrometers may
be better suited for transfer to a new instrument than
a model built using the whole spectrum. Results also
indicate that the lack of standardization may affect
some prediction models more than others, depending on
which spectral regions are the most influential for the
predictions.

The comparison of R%yav also indicated that the
secondary Foss instruments deviated from the primary
instrument to a greater extent, whereas the same brand’s
instrument used as the primary instrument (B-SD-2)
provided consistent responses (Figure la). This seems
to indicate that standardization is particularly important
among instruments of different brands. Variability in
the spectral signal between milk laboratories was also
observed. This might be due to the different instrument
models, but also to the different time lag between milk
collection and analysis and laboratory conditions (i.e.,
heating of samples, process, and workload) in Henan and
Shandong laboratories. In China, all DHI laboratories
adjust the infrared predictions (e.g., milk fat and protein
content) from instruments of different brands (e.g., Foss
and Bentley) monthly, using standard milk samples, but
ignore spectra variations. Spectra are typically prepro-
cessed before analyses to correct for baseline and scal-
ing effects from light scattering (Tiplady et al., 2020),
which helps adjust short-term variations on instruments,
but more is needed to correct for long-term or multi-
instrument variations in the spectral signal.

9409

Accuracy of MIR Prediction Models
Before Standardization

Table 2 shows the R%p,.q and RMSEp,.; between predic-
tions of the same milk samples provided by the primary
and secondary instruments for FP, PP, C8:0, and C10:0
prediction models before standardization. Due to the
differences in instruments’ response, the R%pq between
predictions from primary and secondary instruments was
less than 1.00, and the RMSEy, 4 varied across predic-
tion modes, instruments, and validation scenarios. On
unstandardized spectra, the highly accurate FP and PP
models seem to perform relatively well (R%pred ranged
between 0.9571 and 0.9965; RMSEy,4 ranged between
0.065% and 0.505%), even though their accuracy was
below ICAR recommendations (ICAR, 2023), and they
performed better than prediction models for C8:0 and
C10:0 (R%peq ranged from 0.7064 to 0.9451; RMSEyp, 4
ranged between 13.92 g/L and 57.61 g/L), as expected.
Results indicate that variations in instrumental response
might affect the prediction of the most common milk
components (e.g., fat, protein, and lactose content), but
are more likely to reduce considerably the consistency
between predictions provided by different instruments
for fine milk compositions or functional traits, because
values of R’y of those prediction models are frequently
lower than 0.8 (De Marchi et al., 2014). The accuracy of
these models relies highly on the correlations between
the traits to be predicted and the concentration of other
milk components or other “easy-to-measure” traits (Gre-
let et al., 2021), and often requires suitable regression
methods, large samples, and accurate golden reference
values (De Marchi et al., 2014; Grelet et al., 2021). Most
of these models are still “immature” and have not yet

Table 2. Coefficient of determination (Rzpred) and root mean square error (RMSEjp,.4, %) between predictions obtained from the primary instrument
and each of the secondary instruments before standardization for FP, PP, C8:0, and C10:0 for the spectra used in internal and external validations

FP (%) PP (%) C8:0 (g/L) C10:0 (g/L)

Secondary instrument R%ped RMSEp,.4 R%pred RMSEp.q R%pped RMSEp,.q Rt RMSEp,.q
Internal validation'

F-HN-1 0.9924 0.4163 0.9575 0.3134 0.9191 21.2984 0.7966 55.5428

F-HN-2 0.9928 0.3566 0.9680 0.3316 0.9113 28.6549 0.7960 477732

F-SD-3 0.9902 0.3694 0.9707 0.3294 0.9451 16.3846 0.8213 56.7872

F-SD-4 0.9939 0.3062 0.9653 0.2980 0.8886 16.9127 0.8000 50.1634

B-SD-2 0.9965 0.0667 0.9768 0.0648 0.7846 13.9158 0.8128 21.7054
External validation®

F-HN-1 0.9715 0.5045 0.9577 0.3257 0.8661 26.3714 0.7142 57.6060

F-HN-2 0.9730 0.4139 0.9571 0.4184 0.8973 31.8572 0.7064 50.4844

F-SD-3 0.9835 0.3912 0.9697 0.3958 0.8181 19.8612 0.7225 51.8017

B-SD-2 0.9913 0.1077 0.9668 0.1408 0.8277 15.2051 0.7622 25.6731

'Internal validation: spectra used for development of standardization models.

?External validation: spectra collected 7 mo after the development of standardization models.
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reached good accuracy in prediction, and large prediction
errors are expected when transferred to new, unstandard-
ized instruments. Hence, increasing the model accuracy
as much as possible (e.g., increasing the reference sample
size, or maximizing the variation in the calibration set)
before sharing the model within a network of instruments
is recommended.

Furthermore, Wang and Bovenhuis (2019) reported
that modeling based on the unstandardized spectra (e.g.,
using cumulative historical spectra) may yield an over-
optimistic accuracy, because physical factors, includ-
ing instrument wear and variations in the milk testing
environment, lead to differences in the response among
spectrometers over time. Such differences might be con-
founded with the sample batch (e.g., when samples from
different farms are collected on different days) and lead
to an overestimation of MIR prediction accuracy. Wang
and Bovenhuis (2019) demonstrated the existence of the
issue and proposed to estimate the prediction accuracy
of water regions in MIR spectra as a negative control.
If the prediction accuracy of water regions is far from
zero, standardization is required to limit the impact of the
instrumental variation.

Instrument Response After Standardization

The optimal number of PLS components and window
length were chosen to maximize R%p.q and RMSEp.q
between the primary and secondary instruments. In the
internal-validation scenario, the optimal number of PLS
components for PDS was 3, whereas the window length
had no clear effect on the subsequent results and was set
to 5. The same values were used in the external valida-
tion. After standardization, the distance among spectra
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collected on the same milk sample, based on the increase
in R%yay (Figure 2¢—f), was significantly reduced. The
average R2WAV across secondary instruments ranged from
0.9872 to 0.9934 in external validation, and approached
1.00 in internal validation. Although PDS and DS led
to enhanced R’y in spectra between secondary and
primary instruments during validations, DS exhibited
poorer performance in external validation compared with
its performance in internal validation and to PDS under
both validation scenarios. This might indicate that DS is
more prone to overfitting than PDS.

Accuracy of MIR Prediction Models
After Standardization

Tables 3 and 4 show the R%p,.q and RMSE,,. obtained
for FP, PP, C8:0, and C10:0 after PDS and DS for the
2 testing scenarios. The R%p.q increased after PDS and
DS, with a simultaneous decrease of the RMSEy,.4, with
variations that were more evident in internal validation.
Piecewise direct standardization performed slightly
worse than DS, but even in the models with the lowest
prediction accuracy (i.e., the C8:0 and C10:0 models) the
R?%p. still remained above 0.99 and RMSE,,.; were lower
than 0.3 g/L (Table 3). Conversely, DS performed worse
than PDS in external validation (Table 4), but the per-
formance was better than nonstandardization (Table 2).
For example, the Rzpred and RMSEjy, 4 for FP predictions
in the F-HN-1 instrument was 0.9715 and 0.5045%, re-
spectively, before standardization, 0.9801 and 0.1819%
after PDS, and 0.9757 and 0.2383% after DS in external
validation.

This study is the first to compare the results from PDS
and DS applied to milk MIR spectra. Results indicate

Table 3. Coefficient of determination (Rzpred) and root mean square error (RMSEjp,.4, %) between predictions obtained from the primary instrument
and each of the secondary instruments, after standardization, for prediction models for FP, PP, C8:0, and C10:0 in internal validation

Fat content (%) Protein content (%) C8:0 (g/L) C10:0 (g/L)

Secondary instrument and
standardization method' R%pped RMSEpq R RMSEp,.q Rt RMSEp,.q R%pped RMSEp,.q
F-HN-1

PDS 0.9999 0.0466 0.9999 0.0416 0.9999 0.0457 0.9999 0.2071

DS 0.9999 0.0025 0.9999 0.0019 0.9999 0.0005 0.9999 0.0037
F-HN-2

PDS 0.9999 0.0387 0.9999 0.0399 0.9999 0.0184 0.9999 0.1836

DS 0.9999 0.0026 0.9999 0.0020 0.9999 0.0005 0.9999 0.0037
F-SD-3

PDS 0.9999 0.0382 0.9999 0.0368 0.9999 0.0118 0.9999 0.1315

DS 0.9999 0.0026 0.9999 0.0020 0.9999 0.0005 0.9999 0.0035
F-SD-4

PDS 0.9999 0.0185 0.9999 0.0154 0.9999 0.0308 0.9999 0.1892

DS 0.9999 0.0026 0.9999 0.0019 0.9999 0.0005 0.9999 0.0037
B-SD-2

PDS 0.9999 0.0028 0.9999 0.0074 0.9999 0.0009 0.9999 0.0094

DS 0.9999 0.0026 0.9999 0.0019 0.9999 0.0005 0.9999 0.0036

'Internal validation: spectra used for development of standardization models.
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Table 4. Coefficient of determination (Rzpred) and root mean square error (RMSEjp,.4, %) between predictions obtained from the primary instrument
and each of the secondary instruments, after standardization, for prediction models for FP, PP, C8:0, and C10:0 in external validation

Fat content (%) Protein content (%) C8:0 (g/L) C10:0 (g/L)

Secondary instrument and
standardization method' R%pped RMSEp,.q R’pred RMSEp,.q R RMSEp.4 R%pped RMSEp,.4
F-HN-1

PDS 0.9801 0.1819 0.9736 0.1449 0.9568 3.3346 0.9561 3.1719

DS 0.9757 0.2383 0.9666 0.2970 0.9452 4.9062 0.9418 4.6233
F-HN-2

PDS 0.9788 0.1910 0.9737 0.1540 0.9475 4.0378 0.9618 3.0685

DS 0.9770 0.2087 0.9717 0.3249 0.9230 4.8975 0.9398 3.9511
F-SD-3

PDS 0.9899 0.1949 0.9899 0.1687 0.9393 3.1612 0.9404 3.1450

DS 0.9865 0.2144 0.9752 0.3439 0.9271 5.7315 0.9293 5.5161
B-SD-2

PDS 0.9948 0.0562 0.9890 0.0791 0.9607 2.7544 0.9636 2.0584

DS 0.9924 0.0851 0.9876 0.0927 0.9510 3.9285 0.9583 4.5973

"External validation: spectra collected 7 mo after the development of standardization models.

that both methods can effectively reduce the transfer
errors. However, overfitting can possibly affect model
robustness when the number of standardization samples
is much smaller than the number of wavenumbers to be
standardized, especially because DS assumes that there
is correspondence between the absorbance at one specific
wavenumber on the primary and secondary instruments.
This might explain the inferior performance of DS com-
pared with PDS in external validation. Overfitting can
be avoided by adopting PDS, which uses a multivariate
analysis to estimate the relationship between each wave-
number on the primary instrument and a corresponding
limited number of variables (i.e., the window) on the
secondary instrument. The advantages of PDS over DS
can be attributed to its local character and multivariate
nature, enabling simultaneous correction of intensity dif-
ferences, wavelength shifts, and peak broadening (Feu-
dale et al., 2002). However, the optimal window size and
number of PLS components must be identified in advance
and derived from the extent of the residuals between the
unstandardized and standardized spectra. Generally, DS
is more effective when extensive standardization spectra
are available to estimate F, and PDS is more appropriate
for small datasets (Morais et al., 2019).

As expected, standardization models performed con-
sistently better in internal validation than in external val-
idation, with R%p.q values around 0.9999 and RMSEp,.q
ranging between 0% and 0.05% for FP and PP and 0 to
0.30 g/L for C8:0 and C10:0. However, external valida-
tion is important to ensure robust prediction for routine
use. Furthermore, the performances of the standardiza-
tion models after 7 mo led to relatively high RMSEp,.4
for FP and PP, above the threshold recommended by
ICAR (2023). This indicates that instrument standardiza-
tion should be repeated more often, that is, testing every
2 mo (Grelet, et al., 2015), to obtain stable effects. Small
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variations in temperature, complexity of the sample com-
position, and instrumental disturbances can jeopardize
standardization stability over time (Zeaiter et al., 2004).
Hence, standardization should be regularly checked
and adjusted to maintain its robustness during process
monitoring, for example by carrying out ring tests once
or twice a month and repeating the standardization using
a small number of milk samples across instruments.

The accuracy of the FP and PP prediction after stan-
dardization improved: in the internal-validation scenario,
the average R’p.q increased from 0.9932 (Table 2) to
0.9999 (Table 3) for FP, and from 0.9677 (Table 2) to
0.9999 (Table 3) for PP, whereas the average RMSEp, 4
decreased from 0.303% (Table 2) to 0.016% (Table 3) for
FP and from 0.267% (Table 2) to 0.015% (Table 3) for PP
across the secondary instruments. It is noteworthy that
both the FP and PP model accuracy after standardization
falls within the threshold recommended by ICAR (2023).
This suggests that high-accuracy models can sustain their
performance through standardization. Furthermore, stan-
dardization greatly improved the accuracy of C8:0 predic-
tions in secondary instruments. In internal validation, the
average R%p.q increased from 0.8897 (Table 2) to 0.9999
(Table 3) for C8:0 and from 0.8053 (Table 2) to 0.9999
(Table 3) for C10:0, and the average RMSEp,.q decreased
from 19.433 g/L (Table 2) to 0.011 g/L (Table 3) for C8:0
and from 46.394 g/L (Table 2) to 0.074 g/L (Table 3)
for C10:0 across the secondary instruments. Hence, the
model with low accuracy benefited the most from spec-
tra standardization. In particular, for spectra collected 7
mo after standardization, after PDS the RMSE among
predictions obtained by different machines decreased
on average by 86% and 94% compared with the values
before standardization, for C8:0 and C10:0 respectively.

Results were confirmed by the Hotelling-Williams
t-test and ANOVA, which indicated that the standardiza-
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Table 5. Hotelling-Williams #-test and ANOVA for the difference,
respectively, in the coefficient of determination (R%pq) and absolute
prediction errors between predictions obtained from the primary
instrument and each of the secondary instruments’

RzPred
Absolute error,

Effect t-value  P-value P-value
Standardization method?

PDS vs. DS 0.0599  >0.05 >0.05

PDS vs. nonstandardization 7.1299  <0.01 <0.01

DS vs. nonstandardization 5.5334  <0.05 <0.05
Application scenarios

Internal vs. external validation® 29.2090  <0.01 <0.01
Prediction model

Fat content vs. protein content 9.2425  <0.05 <0.05

Fat content vs. C8:0 27.5190  <0.01 <0.01

Fat content vs. C10:0 36.4990  <0.01 <0.01

Protein content vs. C8:0 19.2310  <0.01 <0.01

Protein content vs. C10:0 30.195 <0.01 <0.01

C8:0 vs. C10:0 5.0099  <0.05 <0.05

Secondary instruments 0.0015  >0.05 >0.05

'Differences across standardization methods, testing scenarios, and
infrared prediction models.

’DS = direct standardization; PDS = piecewise direct standardization.

*Internal validation: standardization was tested on the spectra used for
development of standardization models. External validation: standard-
ization was tested on spectra collected 7 mo after the development of
standardization models.

tion methods, testing scenarios, and infrared prediction
model accuracy significantly affected standardization
performances (P < 0.05; Table 5). Although the second-
ary instrument had no significant effects on R%poq (P >
0.05), the lower RMSEp,.q values were observed between
the primary instrument (Bentley) and the secondary
instrument B-SD-2, of the same brand before and after
standardization, with all the investigated traits. For ex-
ample, RMSEp,4 for FP was 4.5 times lower than the
one generated by the other secondary instruments; the
RMSEp,.4 of the FP model for B-SD-2 after PDS was
lower (0.0486%) than for other instruments (0.0610% to
0.0873%). Despite the very high R%peq and low RMSEp,q
of the prediction model with high accuracy, standardiza-
tion is still expected to improve model transferability in
unfamiliar instruments.

Limitation and Prospects

Overall, this study is the first to investigate the ef-
fects of standardization methods, testing scenarios,
and accuracies of the infrared prediction models on the
standardization accuracy of milk MIR spectra. These
findings have important implications for developing and
deploying prediction models across diverse scenarios and
instruments. They highlight the benefits of standardiza-
tion techniques, and underscore the critical importance
of model accuracy. These insights can guide researchers
in optimizing prediction models for various real-world
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applications, ensuring robust and accurate performance
across different contexts. However, more instruments
should be incorporated to enable an accurate estimate of
the effect of the brand and model. In addition, the stability
of the standardization models over time (i.e., how often
standardization should be repeated) or the effectiveness
of other standardization methods (e.g., positive matrix
factorization and artificial neural networks drift correc-
tion; Paatero and Tapper, 1994; Goodacre et al., 1997)
deserve exploration. This would provide a solid founda-
tion to develop and maintain a national MIR spectra da-
tabase over the years, and for the in-depth investigation
of applications in dairy cow phenotyping and breeding.

CONCLUSIONS

The variation in the spectral signal provided by differ-
ent instruments was successfully reduced by standard-
ization across 2 provinces in China. Standardization ac-
curacy was significantly affected by the standardization
method, testing scenario, and accuracy of the infrared
prediction model to be transferred across instruments.
This study lays the foundations for developing a national
MIR spectra database to provide consistent predictions
across provinces to be used in dairy farm management
and breeding programs in China. Furthermore, it pro-
vides opportunities for data exchange and cooperation at
international levels.
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least square; PP = milk protein content; R*.y = determi-
nation coefficient of cross-validation; Ry = determi-
nation coefficient of predictions; R*y,y = determination
coefficient at each wavenumber; RMSE.y = root mean
square error of cross-validation; RMSEyp,. 4 = root mean
square error of predictions.
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