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Abstract: In the context of dietary transition toward plant proteins, it is necessary to ensure pro-
tein security in populations. It would thus be of interest to identify biomarkers of altered protein
digestibility in populations. We examined the association between urinary metabolites and the acute
intake of low- or highly digestible protein in healthy volunteers. The urine samples were collected
before and 9 h after the ingestion of a meal containing either no protein, zein (low-digestible) or
whey protein isolate (highly digestible). The liquid chromatography–high resolution mass spec-
trometry metabolomics approach was used for the profiling of the urinary metabolites. For the
standardization of metabolomics data sets, osmolality-based, standard normal variates (SNV) and
probabilistic quotient normalization (PQN) techniques were used. The ANOVA-based factorial
method, AComDim_ICA, was used for chemometrics analysis. The osmolality adjustment has a
beneficial effect and the subsequent mathematical normalization improves the chemometric analysis
further. Some changes in the urinary metabolomes were observed 9 h after the meal in the three
groups. However, there was no difference in the urine metabolome between groups. No biomarker
of protein digestibility can be identified after the ingestion of a single meal, even when marked
differences in the digestion efficiency of protein have been observed.

Keywords: animal protein; ANOVA-based factorial method; chemometrics; human nutrition; plant
protein; urinary metabolomics

1. Introduction

Diets with reduced intake of animal products are gaining popularity for ethical,
environmental and health-related reasons. The switch between protein sources is one of
the key aspects of this transition, with recommendations for lower intake of animal protein
(AP). However, plant and animal proteins have distinct amino acid (AA) compositions and
when excluding protein from animal food sources, the risk of consuming a nutritionally
inadequate diet increases.

In recent years, metabolomics has been introduced into epidemiologic research in
the field of nutritional sciences. Several studies aimed to identify the metabolite patterns
between omnivores, vegetarians and vegans. The distinct metabolite profiles are reported
between meat eaters and vegans. The plasma of vegans shows lower total cholesterol
levels and acylcarnitines, and indispensable AA (IAA) pools are also lower than for om-
nivores [1–4]. In urine, significantly different patterns of metabolites were also reported
between vegetarians and omnivores. The urine of meat consumers contained higher con-
centrations of creatinine, glycine, mannitol, urea and phosphocholine [5,6]. Even if most of
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these metabolites reflect differences in consumption of animal and plant proteins (PP), APs
and PPs are not consumed alone but as whole foods and the results obtained are influenced
by the dietary environment. Only one study has investigated the differences in the plasma
metabolome specifically associated with AP and PP intake [7,8]. Thus, knowledge about
the link between metabolomics signature and dietary protein quality is still limited.

APs and PPs display different AA compositions, but PPs also have a lower digestibility
than APs. In humans, it has been shown that mean AA digestibility values were higher than
90% for meat, milk or eggs, whereas they ranged from 60 to 80% for plant-based proteins
such as maize proteins or whole legumes [9]. The non-digested dietary nitrogen and AAs
are excreted in feces while the absorbed AAs are metabolized and their metabolites can
be excreted in urine. Hence, urine metabolite profiles may reflect a strong contrast in
digestibility. Indeed, in a previous study of urinary metabolome changes in rats after
consuming beef, we could distinguish specific metabolites, depending on the cooking
process, that affected protein digestibility [10].

Hence, this work aimed to investigate if urine metabolites can be used to discriminate
between individuals after an acute intake of low-digestible plant protein and highly di-
gestible animal protein. The urinary metabolome of a previous clinical study was analyzed.
In this study, we compared whey protein isolate (WPI) and zein ileal digestibility, the latter
being among the lowest, i.e., 60%, of all protein foods tested in humans [11]. The secondary
aim was to evaluate the pre- and post-acquisition methods of urine normalization for
the standardization of metabolomics data sets. In our work, we compared a biological
normalization technique (pre-acquisition dilution of urine to a uniform osmolality value),
mathematical techniques (post-acquisition methods applied to the data such as standard
normal variates (SNV)) and probabilistic quotient normalization (PQN). In order to evalu-
ate the effect of the type of protein consumed, the difference in composition of the urine
samples before and after the meal, and the interaction of these two factors, a recently
developed ANOVA-based factorial method, AComDim_ICA, was used.

2. Materials and Methods
2.1. Subjects and Test Meals

The study has been described in detail in our previous publication [11]. Before entering
the study, all volunteers provided written consent for their participation. Exclusion criteria
included subjects with a body mass index (BMI; in kg/m2) <18 or >30, allergies to latex,
cow milk proteins or maize, positive serology for HIV and hepatitis B and C viruses,
pregnancy, severe chronic disease and abusive drug or alcohol consumption. The study
was approved by the Ethical Committee of Sud Méditerranée III (ref. number 2017.05.01 bis)
and was registered at www.clinicaltrials.gov as NCT03279211 https://www.clinicaltrials.
gov/study/NCT03279211?id=NCT03279211&rank=1 (3 June 2022). A total of 22 volunteers
were included (WPI, n = 7; zein, n = 8; protein-free, n = 7).

The test meal consisted of a 400 g test drink, containing either 29 g of zein (Zein,
89.0% proteins; Sigma-Aldrich, Saint Quentin Fallavier, France), 29 g of WPI (Whey Protein
Isolate 894, 90.6% proteins; Fonterra, Auckland, New Zealand) or no protein (protein-free
group) in a mixed-fruit smoothie (Innocent, Paris, France), and 120 g of protein-free biscuits.
The meal with no protein was used in the initial study to evaluate endogenous losses of
nitrogen and AA and determine the true ileal nitrogen and AA digestibility of the test
proteins [11], but in the present study, the protein-free group was used as a control. The
subjects ingested the test meal on the morning of the experiment, after overnight fasting.
During the following 9 h, they only drank 200 mL of water hourly. Urine samples were
collected before and then 9 h after the ingestion of the test meal.

2.2. Urine Sample Preparation and LC-MS Analysis

The urine samples which were not normalized for osmolality were diluted 1:10
(batch 1) with milliQ water/acetonitrile (90/10, v/v) and filtered using 0.2 nm Phenex-RC
Syringe Filters with a cellulose membrane (Phenomenex, Le Pecq, France). For osmolality
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normalization, urine samples were first diluted with Milli-Q-grade water to the lowest spe-
cific osmolality (measured by Roebling micro osmometer) and then diluted 1:10 with milliQ
water/acetonitrile (batch 2). Quality control (QC) samples were prepared by combining
small aliquots of all samples for each batch separately.

An Acquity H-Class system was coupled to a Q-TOF Synapt G2 Si instrument (Waters
Corporation, Milford, MA, USA). Analytes were separated using two chromatographic
techniques that permit detection of either apolar or polar compounds: reverse-phase
chromatography (RP) and hydrophilic interaction chromatography (HILIC). The RP chro-
matography was performed on an Acquity CSH C18 column (2.1 × 100 mm; 1.7 µm bead
size; Waters). Column temperature was 40 ◦C and the eluents A and B were 0.01% formic
acid in water and 0.01% formic acid in acetonitrile, respectively. The gradient was run
at 0.4 mL/min and consisted of an isocratic elution for 0.5 min of 5% B, and then B was
increased at a linear rate to 95% in 10 min, then re-equilibrated for 1 min with 5% B and
held at 5% B until 16 min. For HILIC, an Acquity BEH Amide column (2.1 × 100 mm;
1.7 µm bead size; Waters) was used. Column temperature was 45 ◦C and the eluents
were acetonitrile:20 mM of pH 3.5 ammonium formate (50:50, v:v; eluent A) and acetoni-
trile:20 mM of pH 3.5 ammonium formate (90:10, v:v; eluent B). The HILIC gradient was run
at 0.6 mL/min and consisted of an isocratic elution for 2.5 min of 100% B, then B decreased
at a linear rate to 0% in 10 min, then re-equilibrated for 1 min with 100% B and held at 100%
B until 15 min. The injection volume was 1 µL for both RP and HILIC.

Electrospray ionization was performed in positive electrospray ionization mode (ESI+)
with the following settings: capillary voltage at 3.0 kV; cone voltage at 20 V; source offset
20 V, mass range from 50 to 1100 Da. The TOF was operated in the resolution mode,
providing an average resolving power of 25,000 (FWHM) and leucine-enkephalin was used
as a lock mass to correct mass accuracy. The MS spectra were recorded in the centroid mode
at 0.2 sec/scan. Samples were injected in random order together with blanks and QCs. For
blank samples, milliQ water/acetonitrile (90/10, v/v) was used.

2.3. Chemometrical Methods
2.3.1. LC-MS Data Processing and Matrix Pretreatment

Features were extracted from the chromatograms using MarkerLynx (MassLynx V4.1,
Waters) with the following parameters: intensity threshold, 500 counts; extracted ion
chromatogram (EIC) window, 0.03 Da; signal-to-noise threshold, 8; and retention time
window, 0.2 min. Isotope peaks were removed by MarkerLynx.

The 4 data sets (RP and HILIC, with and without osmolality adjustment), consisting
of blanks, QCs and samples obtained before and 9 h after ingestion of the 3 types of protein
meals (WPI, zein, protein-free), were all imported into Matlab version 7.6.0 (Mathworks Inc.,
Natick, MA, USA) for clean-up prior to chemometric analysis. The first clean-up step
consisted in removing all variables with an intensity in the blanks greater than 1/100 their
mean intensity in the other samples. The next step was to remove from all the samples any
variables that were not present in the QCs.

2.3.2. Normalization Methods

Normalized data sets were created by applying in-house Matlab functions SNV [12,13]
and PQN [14] to the signals of all the data sets. These two methods are the most commonly
used mathematical pretreatments for the correction of global variations in signal intensity.
The SNV method aims to reduce differences in the global intensities of the signals resulting
from dilution effects, while the PQN method determines a theoretical dilution factor for
each sample by using the distribution of the quotients calculated as the ratios of the intensity
of each of its variables over that of the corresponding variable in a reference signal. An
Independent Components Discriminant Analysis (IC-DA) [15] was applied to each data
set to examine the effect of SNV and PQN on the dispersion of the IC-DA Scores and to
evaluate the quality of the separation of the groups of samples.
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2.3.3. Data Analysis

In order to determine which experimental factors and interactions have a significant
effect on the results, an approach based on the ANOVA paradigm was applied to separate
variations into main effects, interactions and noise by creating a series of matrices that are
calculated as the means of the variables at each level of each factor in an experimental
design, and which are successively subtracted from the original matrix to obtain the final
matrix of residual errors. These matrices are then used to evaluate the significance of each
of these effects compared to the residual error.

In the case of ANOVA-PCA (APCA) [16] and ANOVA-SCA (ASCA) [17], each of
these matrices is analyzed separately by Principal Components Analysis and Simultaneous
Components Analysis, respectively.

ANOVA-Common Dimensions (AComDim) [17], on the other hand, offers the possi-
bility to have an overall picture of all the sources of variation by means of a single model.
As with APCA and ASCA, one starts with a single experimental matrix, out of which a set
of factor and interaction matrices are generated. All the data tables calculated by adding the
residuals matrix back to each factor matrix are modeled simultaneously with the multi-table
method ComDim (or Common Components and Specific Weights Analysis—CCSWA) [18].
The replacement of the PCA step at the core of the ComDim algorithm by Independent
Components Analysis (ICA) yields the so-called ComDim-ICA and once the set of factor
and interaction matrices and the residual matrix has been built from X, one can apply
ComDim-ICA instead of the classical ComDim, resulting in the so-called AComDim-ICA
method [19]. To verify that a separation of the factor levels could not have been obtained
with random factor data, a permutation test was performed. The samples were given
199 random group attributions and then submitted to AComDim-ICA. The F-values for
the permuted samples were calculated along with the sum of the correlations between
the original and the permuted group attributions. If the influence of the factor is real, the
F-values should increase with the correlation.

The most significant variables for the separation of the factor levels were determined
using an S-plot based on the correlations and covariances calculated between the Global
Scores calculated by AComDim-ICA and each X matrix variable. A t-test was then applied
to compare the intensities of the variables selected by the S-plot in the different data sets.

3. Results
3.1. Normalization

We investigated a pre-data acquisition calibration strategy based on osmolality ad-
justment and a post-acquisition mathematical correction for their feasibilities to overcome
sample concentration variability. First, the IC-DA was applied to each data set (raw RP,
osmolality-corrected RP, raw HILIC and osmolality-corrected HILIC) without mathematical
correction, to evaluate the dispersion of the Scores and to evaluate the quality of the separa-
tion of the groups of samples. Two grouping criteria were tested: the nature of the proteins
present in the meals (no protein group, WPI group and zein group), and the period (“before
meal ingestion” vs. “after meal ingestion”). No separation of the groups was observed for
the protein groups (Figure 1a–d). In contrast, a partial separation was observed for “before”
vs. “after” meal ingestion (Figure 2a–d). The osmolality correction of the RP and HILIC
samples did not significantly reduce the dispersion of the individuals, nor increase the
separation of the “before meal ingestion” and “after meal ingestion” periods (Figure 2b,d).

Permutation tests were used to calculate the correct classification rates for the three
protein groups for IC-DA applied to progressively more and more permuted groups.
Figure S1 shows that the proportion of correct classification for the true groups is not better
than for the permuted groups.

Secondly, the IC-DA was applied to each data set after mathematical correction of the
signals. For all data sets, SNV (Figure 3a–d) increased the separation between the “before
meal ingestion” and “after meal ingestion” periods, while decreasing the dispersion of the
samples within each group. The improvement was greater for the osmolality-corrected
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data sets. On the other hand, PQN (Figure 4a–d), while slightly improving the separation
of the groups, increased the dispersion of the samples.
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9 h after meal ingestion. Note that PQN correction
increases the dispersion of the samples within the groups.

3.2. AComDim-ICA

In order to determine whether the osmolality correction and SNV pretreatment has a
significant effect on the separation of the samples due to the different factors, AComDim-
ICA was applied to both the two SNV-treated, osmolality-corrected data sets and to the
non-SNV-pretreated data without osmolality correction.

The initial RP data without osmolality adjustment contained 1350 features, and 840 fea-
tures after elimination of variables not present in the QCs and intense in the blanks. The
RP matrix with osmolality adjustment contained 1117 features, and 562 after elimination
of variables not present in the QCs and intense in the blanks. The HILIC matrix without
osmolality adjustment contained 8932 features, and 2563 after elimination of variables
not present in the QCs and intense in the blanks. The initial HILIC data with osmolality
adjustment consisted of 10,160 features. After elimination of variables not present in the
QCs and intense in the blanks, the matrix contained 2943 variables. The initial matrices are
reported in Table S1.

The plots of the saliences show the contribution of each table, corresponding to Factor1
(Period: before and after meal), Factor2 (Protein type: no protein group, WPI-group and
zein-group), Factor12 (the interaction between Factor1 and Factor2) and the residuals for
the 12 Common Components (CC) (Figure 5a–d).
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Figure 5. Saliences for the AComDim-ICA tables corresponding to Factor1 (Period: before and after
meal), Factor2 (Protein type: no protein group, WPI−group and zein group), Factor12 (interaction
between Factor1 and Factor2) and the residuals. AComDim-ICA was applied to SNV−pretreated,
osmolality−corrected (a) RP data, (b) HILIC data; and to the raw (c) RP data, and (d) HILIC data.
Note that only Factor1 contributes to one of the CCs (CC 11 and CC 9 for RP data, and CC 6 and CC 5
for HILIC data), while Factor2 and Factor12 do not contribute to any of the CCs.

For both RP and HILIC data, only Factor1 contributes to one of the CCs (CC 11 and
CC 9 for RP data, and CC 6 and CC 5 for HILIC data, Figure 4) while Factor2 and Factor12
do not contribute to any of the CCs, thus indicating that the other CCs only contain noise
from the residuals. As well, for the HILIC data, Factor1 contributes to earlier CCs than for
the RP data, indicating that the HILIC data set contains more variability from Factor1 than
does the RP data set. One can also see that in both cases, the salience of the Factor1 table on
CC 1 is only slightly lower than that of the residuals table, indicating that the Factor1 tables
do not contain very much variability different from that due to the noise in the residuals.

The application of AComDim-ICA separated the “before” and “after” the meal inges-
tion groups along CC 11 and CC 9 (Figure 6a,c) for the RP data, and along the CC 6 and CC
5 for the HILIC data (Figure 6b,d). The data obtained by HILIC give clearer separations
between the groups than do the RP data. The Scores of CC 11 and CC 9 (for RP data)
and CC 6 and CC 5 (for HILIC data) plotted against CC 1, which is due to the noise in
the residuals table, confirms the better separation with the HILIC data (Figure 6a–d). It is
interesting to note that for the RP data, the separation of the two groups is better for the raw,
non-corrected data than for the SNV-pretreated, osmolality-corrected data (Figure 6a,c),
while there is little difference for the HILIC data (Figure 6a,c).



Metabolites 2024, 14, 177 9 of 14

Metabolites 2024, 14, x FOR PEER REVIEW 9 of 15 
 

 

separations between the groups than do the RP data. The Scores of CC 11 and CC 9 (for 
RP data) and CC 6 and CC 5 (for HILIC data) plotted against CC 1, which is due to the 
noise in the residuals table, confirms the better separation with the HILIC data (Figure 6a–
d). It is interesting to note that for the RP data, the separation of the two groups is better 
for the raw, non-corrected data than for the SNV-pretreated, osmolality-corrected data 
(Figure 6a,c), while there is little difference for the HILIC data (Figure 6a,c). 

(a) (b)  

  
(c) (d) 

    
Figure 6. Global Scores given by AComDim-ICA (a) CC 11 plotted against CC 1 for the osmolality-
corrected, SNV-pretreated RP data; (b) CC 6 plotted against CC 1 for the osmolality-corrected, SNV-
pretreated HILIC data; (c) CC 9 plotted against CC 1 for the non-corrected, raw RP data; (d) CC 5 
plotted against CC 1 for the non-corrected raw HILIC data. The colors for the Scores for Factor1 are 

: Before meal ingestion ; : After meal ingestion. Note the better separation of the groups for 
non-corrected, raw RP data, whereas for HILIC there is little difference between osmolality-cor-
rected, SNV-pretreated data and the non-corrected, raw data. 

The CC 1 saliences were used to calculate an F-value as an estimate of the significance 
of the factors (Figure S2a–d). In Figure 6, the Factor1 F-value for the SNV-pretreated, os-
molality-corrected RP data is very slightly greater than 1.04, while the value for the raw, 
non-corrected data is about 1.1. The Factor1 F-value for the SNV-pretreated, osmolality-
corrected HILIC data is 1.17, while the value for the raw, non-corrected data is below 1.13. 
These values are far from the 95% confidence level, so to confirm the significance of Fac-
tor1, an AComDim-ICA permutation test was performed on the four data sets and the 
results are presented in Figure S3. 

The permutation tests were used to calculate the salience-based F values for 
AComDim_ICA applied to progressively more and more permuted factor levels. If a fac-
tor is really significant, its F-value for the true factor levels should be greater than that for 

Figure 6. Global Scores given by AComDim-ICA (a) CC 11 plotted against CC 1 for the osmolality-
corrected, SNV-pretreated RP data; (b) CC 6 plotted against CC 1 for the osmolality-corrected,
SNV-pretreated HILIC data; (c) CC 9 plotted against CC 1 for the non-corrected, raw RP data; (d) CC
5 plotted against CC 1 for the non-corrected raw HILIC data. The colors for the Scores for Factor1 are

Metabolites 2024, 14, x FOR PEER REVIEW 9 of 15 

separations between the groups than do the RP data. The Scores of CC 11 and CC 9 (for 
RP data) and CC 6 and CC 5 (for HILIC data) plotted against CC 1, which is due to the 
noise in the residuals table, confirms the better separation with the HILIC data (Figure 6a–
d). It is interesting to note that for the RP data, the separation of the two groups is better 
for the raw, non-corrected data than for the SNV-pretreated, osmolality-corrected data 
(Figure 6a,c), while there is little difference for the HILIC data (Figure 6a,c). 

(a) (b)  

(c) (d) 

Figure 6. Global Scores given by AComDim-ICA (a) CC 11 plotted against CC 1 for the osmolality-
corrected, SNV-pretreated RP data; (b) CC 6 plotted against CC 1 for the osmolality-corrected, SNV-
pretreated HILIC data; (c) CC 9 plotted against CC 1 for the non-corrected, raw RP data; (d) CC 
5 lotted against CC 1 for the non-corrected raw HILIC data. The colors for the Scores for Factor1 ar

e 
: Before meal ingestion ; : After meal ingestion. Note the better separation of the groups for 

non-corrected, raw RP data, whereas for HILIC there is little difference between osmolality-cor-
rected, SNV-pretreated data and the non-corrected, raw data. 

The CC 1 saliences were used to calculate an F-value as an estimate of the 
significance of the factors (Figure S2a–d). In Figure 6, the Factor1 F-value for the SNV-
pretreated, os-molality-corrected RP data is very slightly greater than 1.04, while the 
value for the raw, non-corrected data is about 1.1. The Factor1 F-value for the SNV-
pretreated, osmolality-corrected HILIC data is 1.17, while the value for the raw, non-
corrected data is below 1.13. These values are far from the 95% confidence level, so to 
confirm the significance of Fac-tor1, an AComDim-ICA permutation test was performed 
on the four data sets and the results are presented in Figure S3. 

The permutation tests were used to calculate the salience-based F values for 
AComDim_ICA applied to progressively more and more permuted factor levels. If a fac-
tor is really significant, its F-value for the true factor levels should be greater than that 
for 

: Before meal ingestion ;

Metabolites 2024, 14, x FOR PEER REVIEW 9 of 15 

separations between the groups than do the RP data. The Scores of CC 11 and CC 9 (for 
RP data) and CC 6 and CC 5 (for HILIC data) plotted against CC 1, which is due to the 
noise in the residuals table, confirms the better separation with the HILIC data (Figure 6a–
d). It is interesting to note that for the RP data, the separation of the two groups is better 
for the raw, non-corrected data than for the SNV-pretreated, osmolality-corrected data 
(Figure 6a,c), while there is little difference for the HILIC data (Figure 6a,c). 

(a) (b)  

(c) (d) 

Figure 6. Global Scores given by AComDim-ICA (a) CC 11 plotted against CC 1 for the osmolality-
corrected, SNV-pretreated RP data; (b) CC 6 plotted against CC 1 for the osmolality-corrected, SNV-
pretreated HILIC data; (c) CC 9 plotted against CC 1 for the non-corrected, raw RP data; (d) CC 
5 lotted against CC 1 for the non-corrected raw HILIC data. The colors for the Scores for Factor1 ar

e 
: Before meal ingestion ; : After meal ingestion. Note the better separation of the groups for 

non-corrected, raw RP data, whereas for HILIC there is little difference between osmolality-cor-
rected, SNV-pretreated data and the non-corrected, raw data. 

The CC 1 saliences were used to calculate an F-value as an estimate of the 
significance of the factors (Figure S2a–d). In Figure 6, the Factor1 F-value for the SNV-
pretreated, os-molality-corrected RP data is very slightly greater than 1.04, while the 
value for the raw, non-corrected data is about 1.1. The Factor1 F-value for the SNV-
pretreated, osmolality-corrected HILIC data is 1.17, while the value for the raw, non-
corrected data is below 1.13. These values are far from the 95% confidence level, so to 
confirm the significance of Fac-tor1, an AComDim-ICA permutation test was performed 
on the four data sets and the results are presented in Figure S3. 

The permutation tests were used to calculate the salience-based F values for 
AComDim_ICA applied to progressively more and more permuted factor levels. If a fac-
tor is really significant, its F-value for the true factor levels should be greater than that 
for 

: After meal ingestion. Note the better separation of the groups for
non-corrected, raw RP data, whereas for HILIC there is little difference between osmolality-corrected,
SNV-pretreated data and the non-corrected, raw data.

The CC 1 saliences were used to calculate an F-value as an estimate of the significance
of the factors (Figure S2a–d). In Figure 6, the Factor1 F-value for the SNV-pretreated,
osmolality-corrected RP data is very slightly greater than 1.04, while the value for the raw,
non-corrected data is about 1.1. The Factor1 F-value for the SNV-pretreated, osmolality-
corrected HILIC data is 1.17, while the value for the raw, non-corrected data is below 1.13.
These values are far from the 95% confidence level, so to confirm the significance of Factor1,
an AComDim-ICA permutation test was performed on the four data sets and the results
are presented in Figure S3.

The permutation tests were used to calculate the salience-based F values for
AComDim_ICA applied to progressively more and more permuted factor levels. If a
factor is really significant, its F-value for the true factor levels should be greater than that
for the permuted levels, and the F-value should decrease as the extent of the permutations
increases. This is what is observed in Figure S3 for Factor1 (Period: before and after meal),
but neither for Factor2 (Protein type: no protein, WPI and zein), nor for Factor12 (the
interaction between Factor1 and Factor2).

The most important variables for the separation of the levels of Factor1 were deter-
mined using an S-plot based on the correlations and covariances calculated between the
SNV-treated, osmolality-corrected RP data and the Scores for CC 11, and between the
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SNV-treated, osmolality-corrected HILIC data and the Scores for CC 6; as well as the raw,
non-corrected RP data and the Scores for CC 9, and between the raw, non-corrected HILIC
data and the Scores for CC 5. The S-plots are presented in Figure S4 and the selected
variables are plotted in Figure S5. A t-test was then applied to compare the intensities of
the variables selected by the S-plot in the two data sets and confirmed their significance.

3.3. Discriminant Metabolites

The variables selected by S-plot were submitted to a t-test in order to determine the
ones significantly different between the “before” and “after” meal ingestion groups. For
the RP data without osmolality adjustment, nine features were selected by S-plot, of which
seven were shown to be significantly different (p < 0.05) by a t-test. For the RP data with
osmolality and SNV pretreatment, the S-plot selected 13 features, of which 11 were shown
to be significantly different (p < 0.05). For the HILIC data without osmolality adjustment,
20 features were selected by the S-plot, of which 13 were shown to be significantly different
(p-value < 0.05). For the HILIC data with osmolality adjustment and SNV pretreatment, the
S-plot selected 24 features, of which 21 were shown to be significantly different (p < 0.05).

Thus, AComDim-ICA applied to HILIC data with osmolality adjustment and SNV
treatment permitted identifying the greatest number of features significantly different
between the “before” and “after” meal ingestion groups. We performed MS-MS experi-
ments to identify these 21 compounds. Detailed information on metabolite identification
is reported in Table S2. Amongst them, eight were identified with the confidence level 1
or 2, according to the Metabolomics Standards Initiative [20]. The intensities of identified
metabolites are presented in Figure 7. The intensities of non-identified metabolites are
presented in Figure S6. Nine hours after meal intake, higher urinary excretion of creati-
nine, carnitine, dehydrocarnitine, decanoylcarnitine and phenylacetylglultamine (p < 0.001)
was observed, whereas the excretion of hydroxyprolyl-proline, 3-methylhistidine and
6-methyl-pyrimidine-3-carboxamide decreased (p < 0.001).
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4. Discussion

The detection of the metabolites that could discriminate the consumption of highly
digestible protein from a low-digestible protein was the main objective of our study. Dietary
proteins are hydrolyzed by proteases and peptidases to AAs, dipeptides and tripeptides
in the small intestine. Unabsorbed dietary peptides and AAs are mostly excreted in feces
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while the absorbed AAs are metabolized and their metabolites can be excreted in urine.
Thus, we hypothesized that a low-digestible protein would lead to a different urinary
metabolic profile than a highly digestible protein.

Surprisingly, we did not observe any changes in urinary metabolome specifically
associated with low or high protein digestibility, even in the absence of any protein in the
meal (protein-free diet group). It is possible that an acute meal protocol was not sufficient
to observe changes in the urinary metabolome related to the kind of protein intake. Indeed,
even if some studies permitted us to detect the metabolites specifically associated with the
dietary component after the exposure to a single meal [21], in most studies 3–5 consecutive
days of exposure to intervention meals may be needed [22,23]. Unfortunately, we could
not reproduce these experimental conditions over a longer period, as it was necessary to
prevent the participants from consuming any other source of protein, in order to avoid
interactions with the intervention meal. In such a case, the equilibrium in the alimentation
of the participants would not have been maintained, as the protein-free and zein-containing
meal do not supply indispensable AAs at a level sufficient to cover nutritional needs.

In most metabolomics studies evaluating the effect of protein intake, the focus is
given either to vegan vs. omnivorous and/or type of meat consumed in the diet (red
meat, poultry, processed meat or fish; [2,23,24]). The metabolites related to veganism
have relevance to lipid, carbohydrate metabolism and polyphenols and are considered
as biomarkers of wholegrain, vegetables and nuts, but not proteins [1,4,5,7,8,25]. Only
the study of Hernadez and al., which focused on the source of protein, identified several
plasma metabolites exclusively related to plant protein consumption [8]. These metabolites
include AAs, AA derivatives (N-oleoylglycine), some nitrogen-containing compounds
(acetylcholine, niacinamide) and different lipid species. In our study, no difference in
dispensable AA plasma profile was reported after WPI intake compared to zein and protein-
free intake, but the IAA were increased in the plasma of WPI group [11]. However, the
protein sources tested in our study were protein isolates, while the changes in metabolome
related to protein consumption are generally observed in the context of a complete food
protein matrix [1,2,4,6,7,23–25].

In contrast, we observed changes between the baseline and the 9 h postprandial period.
As these changes could not be ascribed to the consumption of proteins, they must be due to
the consumption of the meal in which the non-protein part was similar for the groups.

We observed that after meal intake (containing no protein, WPI or zein) the excretion
of carnitine, dehydrocarnitine, creatinine, decanoylcarnitine and phenylacetylglutamine
increased. They are known to be associated with animal products: carnitine and crea-
tinine are related to meat and dairy products. The urinary excretion of medium-chain
acylcarnitines may be influenced by red meat [23]. In addition, urinary phenylacetylglu-
tamine, a microbial-derived proteolysis product, is specifically associated with red meat
intake [10,25]. All these compounds are human metabolites and besides their supply
from the diet, they may be synthesized from endogenous AAs. In contrast, the urinary
concentrations of hydroxyprolyl-proline, 3-methylhisitidine and 6-methyl-pyrimidine-3-
carboxamide (N-methylnicotinamide) were decreased in all groups. N-methylnicotinamide
is the metabolite of niacin (vitamin B), and its excretion is influenced by the dietary intake of
foods that are the sources of this vitamin, such as eggs, fish, meat, dairy products and poul-
try. Hydroxyprolyl-proline is a collagen-derived dipeptide, and urinary 3-methylhistidine
is associated with the intake of red meat and poultry [10,24]. Thus, the lower excretion of
these metabolites is in accordance with the fact that the test meals did not contain collagen
or other meat proteins. Even if one of the test meals used for this study contained AP, it
was the whey protein isolate, and it could not provide the sufficient supply of niacin.

Another question of our study was to investigate a pre-data acquisition calibration
strategy based on osmolality adjustment and a post-acquisition mathematical correction for
their feasibility to overcome sample concentration variability. Urine samples present large
variations in the concentrations of endogenous metabolites, which are caused by diverse
factors such as water consumption, food consumption and lifestyle. In our study, additional
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variability could be introduced by experimental conditions, as our samples were not 24 h
urines. The pre-acquisition osmolality-based dilution was reported to be efficient to elimi-
nate such deviations, and the combination of osmolality adjustment and the subsequent
mathematical normalization enhances the data quality even further [26–29]. Thus, we ap-
plied the subsequent chemometrical analysis to the two SNV-treated, osmolality-corrected
data sets after removal of the blanks and QCs.

Before data acquisition, one batch was prepared where the osmolality was equivalent
for the samples, and the second batch contained the samples without adjustment to the
lowest osmolality value. The Independent Components Discriminant Analysis showed the
beneficial effect of osmolality adjustment combined with SNV pretreatment on reducing
the dispersion and improving the separation of the samples for the levels of Factor1.
However, the separation between the “before” and “after” meal consumption groups was
also observed for the raw data, without osmolality or SNV correction. AComDim_ICA,
including a permutation test, confirmed that only Factor1 had an effect on the metabolites of
the individuals. It also allowed the detection of those metabolites affected. AComDim_ICA
also showed that in the case of the HILIC data, the SNV pretreatment and osmolality
correction improved the separation between the groups, but not in the case of the RP
data. Moreover, the matrix used for AComDim_ICA contained more features after SNV
pretreatment and osmolality correction for both HILIC and RP data, as compared to the data
sets without osmolality adjustment and without SNV pretreatment. The number of features
detected by S-plot and the number of features significantly differing between the groups
were also greater after SNV pretreatment and osmolality correction. These results are in
agreement with previous studies that showed the importance of normalization strategy
for urinary metabolome profiling [26–29]. Thus, we may conclude that the detection of
variables related to meal consumption is possible in urine samples without osmolality-
based dilution, but the normalization may contribute to a better data quality.

The strength of this study is that it was conducted under highly controlled interven-
tional conditions: the intervention meal was the only dietary source for the participants
during that day. In principle, the experimental design used should have permitted us to
evaluate the specific effects of low- and highly digestible proteins. In practice, the single
intake of a meal was not sufficient to produce a significant modification of the metabolism.
This is the main limitation of the study, as the changes in metabolites could have been more
pronounced in the case of longer-term exposure. Another limitation is that the habitual
dietary style of the subjects was not taken into account. Even if the volunteers followed
dietary advice during the week before the experiment to homogenize the level of protein
intake, various foods could be chosen among a list. Thus, interactions with prior diet are
not to be excluded.

5. Conclusions

After one acute intake of low/highly digestible protein corresponding to plant or ani-
mal origin, respectively, no specific metabolites could be detected in urine, and longer-term
exposure may be needed. Some changes in metabolites were observed 9 h after meal intake
independently of the group, with an increase in carnitine, dehydrocarnitine, creatinine
and acylcarnitines. This suggests that the excretion products do not come from dietary
proteins, but from endogenous synthesis related to meal digestion and metabolization.
The normalization strategy of osmolality adjustment combined with SNV pretreatment
showed the beneficial effect on reducing the dispersion and improving the separation of
the samples and the detection of a more important number of discriminate metabolites.
AComDim_ICA applied to the RP and HILIC data was able to separate the “before” and
“after” meal consumption groups and identify variables that varied significantly, whether
the data were osmolality-corrected and SNV-pretreated or not.
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