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Abstract
Metabolomics is currently an important field within bioanalytical science and NMR has become a key technique for drawing the
full metabolic picture. However, the analysis of 1H NMR spectra of metabolomics samples is often very challenging, as
resonances usually overlap in crowded regions, hindering the steps of metabolite profiling and resonance integration. In this
context, a pre-processing method for the analysis of 1D 1H NMR data frommetabolomics samples is proposed, consisting of the
blind resolution and integration of all resonances of the spectral dataset by multivariate curve resolution-alternating least squares
(MCR-ALS). The resulting concentration estimates can then be examined with traditional chemometric methods such as prin-
cipal component analysis (PCA), ANOVA-simultaneous component analysis (ASCA), and partial least squares-discriminant
analysis (PLS-DA). SinceMCR-ALS does not require the use of spectral templates, the concentration estimates for all resonances
are obtained even before being assigned. Consequently, the metabolomics study can be performed without neglecting any
relevant resonance. In this work, the proposed pipeline performance was validated with 1D 1H NMR spectra from a metabolo-
mics study of zebrafish upon acrylamide (ACR) exposure. Remarkably, this method represents a framework for the high-
throughput analysis of NMR metabolomics data that opens the way for truly untargeted NMR metabolomics analyses.

Keywords MCR-ALS . NMR . Chemometrics . Metabolite discovery . 1H .Metabolomics

Abbreviations
1D 1H NMR One-dimensional proton nuclear

magnetic resonance
AAMA N-Acetyl-S-(carbamoylethyl)-L-cysteine
ACR Acrylamide
ANOVA Analysis of variance

ASCA ANOVA-simultaneous component analysis
AXP Adenosine nucleotides
BATMAN Bayesian automated metabolite

analyzer for NMR
C Concentrations matrix in the

MCR-ALS analysis
D Input matrix in the MCR-ALS analysis
DSS 2,2-Dimethyl-2-silapentane-5-sulfonate
GABA Gamma-aminobutyric acid
GUI Graphical user interface
MCR-ALS Multivariate curve

resolution-alternating least squares
NMR Nuclear magnetic resonance
NOESY Nuclear Overhauser Effect SpectroscopY
PC1 First principal component
PC2 Second principal component
PCA Principal component analysis
PLS-DA Partial least squares-discriminant analysis
PQN Probabilistic quotient normalization
SCA Simultaneous component analysis
ST Spectrum matrix in the MCR-ALS analysis

Electronic supplementary material The online version of this article
(https://doi.org/10.1007/s00216-020-02789-0) contains supplementary
material, which is available to authorized users.

* Francesc Puig-Castellví
francesc.puigcastellvi@agroparistech.fr

1 NMR Facility, IQAC-CSIC, Jordi Girona 18-26,
08034 Barcelona, Spain

2 Department of Environmental Chemistry, IDAEA-CSIC, Jordi
Girona 18-26, 08034 Barcelona, Spain

3 Department of Biological Chemistry, IQAC-CSIC, Jordi Girona
18-26, 08034 Barcelona, Spain

4 Université Paris-Saclay, INRAE, AgroParisTech, UMR SayFood,
75005 Paris, France

Analytical and Bioanalytical Chemistry
https://doi.org/10.1007/s00216-020-02789-0

http://crossmark.crossref.org/dialog/?doi=10.1007/s00216-020-02789-0&domain=pdf
http://orcid.org/0000-0003-1064-9586
https://doi.org/10.1007/s00216-020-02789-0
mailto:francesc.puigcastellvi@agroparistech.fr


SVD Single value decomposition
UDP Uridine diphosphate

Introduction

Nuclear magnetic resonance (NMR) spectroscopy is one
of the most important analytical techniques used for me-
tabolite discovery [1, 2]. In the biological field, NMR is
also employed in metabolomics studies to characterize the
metabolites in cell extracts, tissues, and living organisms
for disease diagnosis and biomarker discovery [3]. The
interpretation of NMR spectra from biological samples is
not easy due to their complex composition. In a typical
metabolomics NMR spectrum, hundreds of resonances
from several dozens of metabolites are obtained [4].

Since resonances cannot be directly assigned because
of their strong overlap, the NMR spectra are usually in-
vestigated using multivariate data analysis approaches
[5–10], such as principal component analysis (PCA)
[11], ANOVA-simultaneous component analysis (ASCA)
[12], or partial least squares-discriminant analysis (PLS-
DA) [13]. When these approaches are used for the analy-
sis of NMR spectra, the chemical shifts of the resonances
from the altered metabolites can be identified. However,
the other spectroscopic parameters (J, multiplicity, proton
number) are not directly retrieved from these analyses and
further work needs to be done by the NMR spectroscopist
to successfully characterize the metabolites of interest.
Moreover, to obtain quantitative information, these che-
mometric analyses should be followed by the integration
of the relevant resonances on the original NMR spectra
using deconvolution approaches.

To improve the spectroscopic interpretation of these che-
mometric analyses of NMR data and to avoid the integration
and deconvolution steps, we have designed a new metabolo-
mics workflow that introduces as a preliminary step the appli-
cation of the multivariate curve resolution-alternating least
squares (MCR-ALS) [14] method. MCR-ALS allows resolv-
ing, for every metabolite, their resonances and their corre-
sponding integrals (or relative concentrations) [15]. Thus, af-
ter obtaining the relative concentrations from this step, che-
mometric (e.g., PCA, PLS-DA) and statistical (e.g., t test)
analysis can be performed on them.

MCR-ALS performance to resolve all the pure spectral
resonances (and pure integrals) of the metabolites in the ana-
lyzed sample depends on the variance of its associated dataset
[14–17]. As a matter of fact, the resolved components obtain-
ed in the MCR-ALS analysis of 1D 1H NMR metabolomics
datasets usually contain mixed contributions of several metab-
olites and they are descriptive of metabolic or physiologic
processes [18–20]. Having said that, it is possible to achieve
an improved performance and get the pure resonance profiles

of the metabolites in the analyzed samples by using the DTC-
MCR-ALS methodology, which constrains the search and
resolution of resonances in the narrow spectral region where
they are located [18]. The DTC-MCR-ALS approachworks in
two steps. In the first step, the NMR data is split into smaller
datasets (or segments) comprising each one a spectral segment
of the original dataset and then each one is analyzed byMCR-
ALS. In a second step, the original full-length NMR data is
analyzed with MCR-ALS in combination with a selectivity
constraint built after examining the data from the first step
using a decision tree approach [18]. Since the smaller seg-
ments analyzed in the first step of the DTC-MCR-ALS con-
tain resonances from a lower number of metabolites, the com-
plexity of each data segment would be substantially lower
than in the original raw data, and therefore, a better MCR-
ALS resolution of the pure resonances using a lower number
of components is feasible.

In this work, we have investigated the use of the first step of
the DTC-MCR-ALS as an independent data pre-processing
method to retrieve the concentration and clean spectral pro-
files of the resonances present in the analyzed 1H NMR
dataset. The principle of using MCR-ALS as a pre-
processing tool for 1H NMR data was first introduced by
Ebrahimi et al. in 2016 [15]. In this paper, MCR-ALS was
applied on 7 segments from a 1D 1HNMR dataset comprising
1632 samples to obtain the resonance integrals from 7 known
metabolites. This study can be regarded as targeted, although
it showed it is possible to obtain the concentration profiles of
NMR resonances without needing to assume their peak shape
as with deconvolution methods [7, 21–24], revealing a high
potential for being applied in untargeted studies.

Contemporary to our work, Khakimov showed that MCR-
ALS analysis on the NMR segments can be used to examine
metabolomics data from urine samples [25]. By using this
approach, they were able to recover the concentration profiles
from 209 resonances. In addition, due to the complexity or
urine samples, 94 NMR segments containing the most shifted
resonances were analyzed with binning instead of MCR-ALS.
Their analyses revealed that the pre-processing based on
MCR-ALS produced the lowest variability within group and
the largest between groups if compared with other NMR pre-
processingmethods. However, due to the methodological pur-
pose of the study, the differences between groups at a meta-
bolic level were not examined.

In this regard, in the present study, we have investigated a
1H NMR dataset of metabolic extracts by windowing and
MCR-ALS analysis. Specifically, we have evaluated the met-
abolic alterations in zebrafish muscle and brain upon acrylam-
ide (ACR) exposure. Zebrafish is a vertebrate model used to
study ACR neurotoxicity [26]. ACR is a neurotoxic, mutagen-
ic, and reprotoxic compound that can be formed in cooking at
elevated temperatures [27, 28]. Major ACR symptoms related
include lethargy, ataxia, skeletal muscle weakness, and
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numbness of the extremities [29]. Due to its public health risk,
ACR consumption levels are regulated in some countries [30,
31].

Samples included in the dataset comprised an experimental
design of 2 factors and 2 levels, which were investigated by
PCA, ASCA, and PLS-DA. Opposed to Khakimov’s study
[25], we were able to analyze all the spectral segments with
MCR-ALS since they do not contain strong peak shifts as in
the urine samples. Moreover, the PLS-DA analyses revealed
metabolomics differences between groups that could be linked
to the system of study.

Experimental section

Biological experiment and dissection

Wild-type zebrafish were obtained from Piscicultura Superior
(Barcelona, Spain) and maintained in fish water (reverse os-
mosis purified water containing 90 mg mL/Instant Ocean®
(Aquarium Systems, Sarrebourg, France), 0.58 mM CaSO4·
2H2O) at 28 ± 1 °C under a 12L:12D photoperiod. Adult
zebrafish (≈ 50:50 male:female ratio) were exposed for 72 h
to 0.75 mM ACR (Sigma-Aldrich, St. Louis, MO) in fish
water. Control fish were maintained in fish water under iden-
tical conditions. Experimental solutions were renewed after
48 h of exposure.

For sample collection, fish were euthanized by inducing
hypothermic shock in ice-chilled water (2° to 4 °C). Brain
and muscle tissue were immediately excised and pooled (4
brains or muscle/sample) and stored at − 80 °C for further
analyses. All procedures were approved by the Institutional
Animal Care and Use Committees at the CID-CSIC and con-
ducted in accordance with the institutional guidelines under a
license from the local government (agreement number 9027).

Metabolite extraction and sample preparation

The extraction method protocol from Raldúa et al. [32] was
used. Tissue samples were freeze-dried and homogenized in
1500 μl of a solution of cold CHCl3:MeOH (2:1) using a
TissueLyser (Qiagen, 2 stainless steel beads, 50 Hz, 2 min
for brain, 4 min for muscle). Next, 350 μl of cold Milli-Q
water was added and the biphasic system was mixed at 4 °C
for 20 min by orbital shaking. After centrifugation
(13,000 rpm, 4 °C, 20 min), the aqueous phase was collected
and transferred to a 2-ml Eppendorf tube. The extraction pro-
cess was repeated once. The two supernatants were combined
and freeze-dried, and the resulting dried residue was stored at
− 80 °C until analyzed.

The extracts were dissolved in 700 μl of deuterated phos-
phate buffer (Na2DPO4 25 mM, pH 7.0 in D2O) with DSS
0.2 mM as internal standard. After centrifugation at

13,000 rpm for 5 min at 4 °C, 650 μl of the supernatant was
collected and used for the NMR analysis. In total, 20 samples
were prepared (5 per every individual condition).

NMR spectroscopy

1D NOESY-presat NMR spectra (Bruker library—
noesygppr1d) were recorded at 298 K on a Bruker Avance
III console (Bruker Biospin, Germany) combined with a 9.7 T
Oxford Instruments magnet (1H 500 MHz), equipped with a
5-mm inverse cryogenically cooled triple resonance TCI (1H,
13C, 15N, and 2H lock) cryoprobe with a z-axis magnetic field
gradient capability.

For every tube, the sample was locked to the solvent, tuned
and matched, and shimmed, and the optimal 90° pulse was
calculated using the automated routine. The 90° length value
and the saturation frequency and power (presaturation power
corresponding to a 25-Hz field) for each sample and the rest of
fixed acquisition parameters were used for the 1D NOESY
acquisition. After spectral recording, for every sample, the
optimal water saturation (the residual water peak should be
small and to allow good phase correction) and the line width at
half height of the DSS (which should be less than 0.7 Hz with
no line broadening) were also checked [32].

In addition, for one of the samples of each group (untreat-
ed/exposed to ACR), an ensemble of 2D NMR experiments
was acquired (1H J-resolved, COSY and TOCSY, and 1H-13C
HSQC; acquis i t ion parameters in the Electronic
Supplementary Material, ESM).

Pre-processing of NMR spectra

1H (1D NOESY-presat) NMR spectra were automatically ref-
erenced, phased, and baseline corrected using TopSpin
(Bruker BioSpin GmbH, Billerica, MA, USA) routines.
Moreover, the 1D 1H NMR spectra were apodized with a
weighting exponential function of 0.3 Hz with MestreNova
v.11.0 (Mestrelab Research, Spain), and imported to
MATLAB R2016a (The MathWorks Inc., Natick, MA,
USA) as a spectral data matrix. Then, regions of 4.68–
5.14 ppm (water), 7.65–7.68 ppm (chloroform), below
0.7 ppm (DSS), and above 9.5 ppm (empty) were removed
[32]. After the removal of these spectral regions, the number
of data points for each 1H NMR spectra was 28,913. Minor
resonance misalignments were corrected with icoshift [33]
algorithm. The processed 1H NMR spectra were normalized
using the probabilistic quotient normalization (PQN) [34]
method. An adaptive, intelligent bucketing [35] was applied
on the pre-processed 1H NMR spectra using the desktop
NMRProcFlow tool [36]. Buckets with a SNR above 3 were
selected for further analysis. The final matrix of buckets
contained 109 buckets.
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Multivariate curve resolution-alternating least
squares

In the application of the multivariate curve resolution-
alternating least squares (MCR-ALS) method, a data matrix,
D, is decomposed by a bilinear model into the product of two
factor matrices which describe the set of concentrations, C,
and spectral profiles, ST, of the constituents of the analyzed
samples (Fig. 1).

For 1D 1H NMR data, matrix C contains the set of relative
concentrations corresponding to the ST proton resonances in
the 1D 1H NMR spectra of the analyzed samples (Fig. 1). The
number of resolved profiles in C and ST (or number of com-
ponents) needs to be initially determined. In this case, the
optimal number of components was assessed by singular val-
ue decomposition analysis (see ESM) [37]. During the MCR-
ALS bilinear decomposition, constraints should be proposed
to drive the resolution of C and ST factor matrices to be in
agreement with the previous physical knowledge about the
physical nature of the profiles of the chemical constituents
of the studied system. In this study, only non-negativity con-
straints were applied for the resolution of both C and ST

matrices.
The dataset consisted of 20 1D 1H NMR spectra (in rows)

with 28,913 δH values (in columns). This dataset was split into
98 spectral segments (step B1 in Fig. 2). Every spectral win-
dow was set to contain between one and four resonances, and
limits (beginning and end) of these spectral segments were

chosen at chemical shifts whose intensities were at the noise
level with the aim not to split any resonance between two
segments.

Every window was then examined separately with MCR-
ALS (step B2 in Fig. 2). MCR-ALS analyses were performed
using the MCR-ALS GUI 2.0 [38] toolbox under MATLAB
2016b (TheMathWorks Inc. Natick, MA, USA) environment.

A total number of 98 spectral segments were resolved by
MCR-ALS analysis using between 1 and 4 components for
each window. Thus, from these analyses, 98 C and 98 ST

matrices were obtained, and a total number of 222 compo-
nents were obtained in the analysis of all the spectral segments
of the 1D 1H NMR dataset. The 98 C matrices were then
combined row-wisely into a super-augmented Cmatrix (from
now on, this is called the “SuperC”matrix) with 20 rows (one
per sample) and 222 columns (one per component) (step B3 in
Fig. 2).

The arrangement and indexing of these components in the
superC matrix was performed using the same convention as
when plotting NMR spectra: lower column indexes
corresponded to MCR-ALS components associated with
spectral features at lower chemical shifts, while components
with spectral features at higher chemical shifts were given
high column indexes. The superC matrix was then further
investigated with other multivariate data analysis chemomet-
ric methods, such as PCA or PLS-DA (step B4 in Fig. 2), and
the relevant components were assigned by the inspection of
their corresponding spectral features (step B5 in Fig. 2).
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Principal component analysis

PCA [11] was applied to the raw 1D 1HNMR spectral data, to
the bucketed data, and to the superC data matrices. Prior to
PCA analyses, all datasets were mean-centered. PCA results
were validated using a venetian blinds cross-validation meth-
od. The analyses were carried out using the PLS toolbox 7.8.0
(Eigenvector Research Inc.).

ANOVA-simultaneous component analysis

ANOVA-simultaneous component analysis (ASCA) is a mul-
tivariate data analysis method that combines the power of
ANOVA to separate variance sources with the advantages of
simultaneous component analysis (SCA) to the modeling of
the individual separate effect matrices [12]. In this study,
ASCA was employed to untangle the metabolic response
linked to two effects of factors, the type of tissue and the
ACR exposure (treatment), according to the model defined
in Eq. 1:

X ¼ XTissue þ Xtreatment þ XTreatment TissueþE ð1Þ
where X corresponds to the superC matrix, XTissue and
Xtreatment are descriptive of the separated metabolic finger-
prints that are either determined by the two types of tissue or

by the ACR exposure treatment, and XTreatment_Tissue is giv-
ing the metabolic fingerprint showing the possible specific
interaction between these two factors (type of tissue and
ACR exposure) for each set of samples. From the analysis of
each of the three decomposed matrices, it was possible to
investigate whether significant differences existed due to the
type of tissue, to the ACR treatment only, or to the two factors
at the same time (e.g., if ACR exposure causes different met-
abolic response depending on the type of tissue). The statisti-
cal significance of the effects of each factor and their interac-
tion was evaluated using a permutation test (with 1000 per-
mutations) [39]. Before the ASCA analysis, the superC ma-
trix was mean-centered. ASCA analysis was performed using
the PLS toolbox 7.8.0 (Eigenvector Research Inc.).

Partial least squares-discriminant analysis

In this study, 3 different PLS-DA analyses were performed.
One first PLS-DA analysis (PLS-DA #1 in Fig. 3) was used
to discriminate the two analyzed tissues (brain and muscle) at
control conditions and identify the metabolites responsible of
the tissue discrimination. The two other PLS-DA analyses
(PLS-DA #2 and #3 in Fig. 3) were applied to discriminate
between samples from control and exposed ZF for each of
the two tissues, respectively, and to identify the metabolites
associated to their separation. For each of the 3 PLS-DA
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analyses, the studied dataset had the concentration profiles
from the superCmatrix corresponding to the subgroup of sam-
ples to be compared. Before each PLS-DA analysis, the data
were auto-scaled. PLS-DA analyses were validated with a ve-
netian blind type of cross-validation. In these PLS-DA analy-
ses, the variables with VIP values ≥ 1 were selected as discrim-
inant. The statistical significance of the selected variables was
confirmedwith one-wayANOVA. The PLS-DA analyses were
carried out using the PLS toolbox 7.8.0 (Eigenvector Research
Inc.).

Spectral resonances integration with BATMAN

Results obtained in the PLS-DA analyses were verified by
manual integration of the individual resonances using the
BATMAN R package [24] and by the posterior assessment
of their statistical significance using one-way ANOVA.

Results and discussion

Exploratory analysis of the superC matrix by PCA

The PCA analysis of the superC matrix containing the relative
concentration values of the 222 resolved features in the 20
zebrafish (muscle or brain) samples revealed an orthogonal dis-
tribution of the metabolism of this organism according to the
type of tissue and to the ACR exposure (Fig. 4A). Specifically,
the samples were separated according to the two types of tissues
(muscle and brain) in PC1 (63.43% of the explained variance),
while PC2 (9.99%) allowed the separation according to the
ACR exposure.

Whereas this orthogonal score discrimination was clearly
detected in the PCA of the superC matrix, it could not be
observedwhen the same analysis was performed on the original
1D 1H NMR dataset (Fig. 4B, C) nor on the analysis of the
bucketed data (Fig. 4D, E). In fact, results from the PCA anal-
yses in Fig. 4B (spectral data) and Fig. 4C (bucket data) erro-
neously suggested that the metabolic response of the ACR
treatment could be neglected when compared with the metabol-
ic variance observed between the two tissues. In Fig. 4B, the
component that separates between the two tissues (PC1)
accounted for the 97.12% of the explained variance of the
dataset. In Fig. 4D, the same separation was achieved with
99.74% of the explained variance. Thus, in both cases, the
remaining variance that could potentially describe the tissue
effect was much lower.

In order to separate samples due to the ACR treatment in the
analysis of the spectral data, it is needed to examine the dataset at
the fifth PC (PC5, Fig. 4C), which only accounted for the 0.18%
of the explained variance of the dataset. For the bucketed data,
this is achieved in PC3 (Fig. 4E, 0.06% of the explained vari-
ance). However, the cluster separations were not perfect either.

We attribute the divergence in the results shown in Fig. 4 to
the different reliability of the examined data in the two cases.
While each of the variables from the superCmatrix is descrip-
tive of pure resolved resonances, every single variable from the
1D 1H NMR spectral matrix can be representative of multiple
resonances at the same time (if signal overlap occurs) in addi-
tion to the instrumental noise. Due to the high signal overlap
and instrumental noise, the contribution of the individual reso-
nances within the corresponding variables is diluted. For this
reason, sample differences would be less efficiently distin-
guished when resonances are severely overlapped, as in 1D
1H NMR raw data, than when each variable is representing
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one single resolved resonance, as in the superCmatrix. For the
case of the bucketed data, despite the pre-processing included a
step for filtering the variables’ descriptive of noise, the sample
distribution did not improve, pointing out that untangling the
overlapped resonances is required to obtain the best perfor-
mance. Our results agree with [25], where it was proved that
MCR-ALS used as a pre-processing method instead of other
approaches resulted on the lowest variability within group and
the largest between groups, therefore maximizing the sample
clustering in the PCA.

On the other hand, the 1D 1H NMR data contains a signifi-
cant amount of variables only descriptive of instrumental noise.
This is not the case for the superC matrix, since most of the
instrumental noise is set apart in the residual matrix (E in Fig. 1)
during the MCR-ALS analysis. This is the reason why the PCA
analysis of the superC matrix was much less affected by the
noise contributions than the analysis of raw 1D 1H NMR data.

Therefore, for a comprehensive untargeted NMR metabolo-
mics analysis, we propose complementing the traditional che-
mometric analyses of the 1D 1H NMR spectral raw data or
buckets with the more refined analysis of the MCR-ALS re-
solved concentrations.

Tissue specificity of ACR exposure in ZF

As shown above, the PCA analysis of the superC matrix
detected two main sources of data variance, one related to
the tissue (PC1 in Fig. 4B) and another to the ACR ex-
posure (PC2 in Fig. 4B). In order to determine the signif-
icance of these two factors, and to evaluate whether there
exists any interaction between the two factors, the ASCA
method was applied and the results are shown in Fig. 5.

The effects of the two studied factors are clearly visual-
ized in Fig. 5. As in the PCA analysis, metabolic differ-
ences where more significant for the tissue type (60.74%,
Fig. 5A) rather than for the ACR exposure itself (8.05%,
Fig. 5B). In addition, the possible interaction between
these two factors (type of tissue and ACR exposure) can
also be detected accounting for a 4.56% of the total data
variance (Fig. 5C).

These results were confirmed after the calculation of
the statistical significances of the effects for the two fac-
tors and of their interaction using a permutation test [39].
In all the cases, the significance of the tests were high
(p values = 0.001).
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Metabolic discrimination of the tissues

In order to select the metabolite characteristic for the two tis-
sues, a PLS-DA analysis was performed comparing the 222
features for the two types of tissues (muscle and brain) of con-
trol samples (PLS-DA #1 in Fig. 3). As a result, 151 features
were found to discriminate between muscle and brain. By
looking at the spectral profiles associated with these features
(ST in Fig. 1, and step B5 in Fig. 2) studying the spectroscopic
parameters (δH, J, multiplicity) that define these resonances,
and after consulting these parameters on aNMR spectral library
(such as HMDB [40] or BRMB [41]), it was possible to assign
some of them to metabolites (see the list of assigned features
and Table S1 in ESM). It must be noted that this level of
spectroscopic investigation cannot be performed by more con-
ventional approaches. In these approaches, resonances are
assigned according to their chemical shifts values (δ), whereas
the other associated spectroscopic parameters cannot be easily
determined due to the resonance overlapping. Moreover, since

the data were auto-scaled, even the slightest variations among
tissues can be detected. The resonances most distinctive for
brain extracts were for γ-aminobutyric acid (GABA), acetic
acid, N-acetyl-L-aspartic acid, L-glutamic acid, citric acid,
carnosine, phosphothreonine, and some other resonances from
lipidic compounds. On the other hand, creatine, L-histidine,
taurine, glycerophosphorylcholine, L-alanine, fumaric acid, L-
tyrosine, D-glucose, glycogen, UDP, and AXP were signifi-
cantly more concentrated in muscle extracts than in brain ex-
tracts. In other words, brain sample characteristic compounds
(compared with muscle samples) include neurotransmitters,
neuronal osmolytes, and fats; in muscle, the characteristic me-
tabolites (compared with brain samples) were those involved in
its functioning, structure, redox, and energy metabolism [42].

Metabolic fingerprint due to ACR treatment

The metabolic biomarkers of ACR exposure in muscle and in
brain were determined by performing a PLS-DA analysis on
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each separated data subset of the superCmatrix by comparing
the control and treated samples related to the same tissue
(PLS-DA #2 and #3 in Fig. 3). Resulting from these two
PLS-DA analyses, several features were detected to be signif-
icant in each of the two tissues: 82 features in the muscle
subset and 45 features in the brain subset. After the spectral
investigation of these significant features, we concluded that
in the muscle tissue samples, ACR exposure caused an in-
crease of the pools of the following metabolites: ACR, L-
leucine, L-isoleucine, L-valine, L-lysine, GABA,
phosphothreonine, methionine sulfoxide, D-glucose, UDP,
L-tyrosine, and L-phenylalanine (Fig. 6). In contrast, the pools
of L-alanine, L-glutamic acid, glutathione, and glycerol were
diminished due to ACR exposure. In the brain tissue samples,
the ACR exposure increased significantly the pools of free
ACR, N-acetyl-S-(carbamoylethyl)-L-cysteine (AAMA), and
methionine sulfoxide. Conversely, the pools of carnosine, L-
glutamic acid, glutathione, and betaine were reduced due to
this ACR treatment (Fig. 6).

All these metabolic alterations reflect that ACR depleted
the pools of intracellular glutathione in brain and muscle by
reacting with it. As a product of this reaction, in brain, ACR
was accumulated as N-acetyl-S-(carbamoylethyl)-L-cysteine
(AAMA). In addition to AAMA formation, the substantial
decrease of the glutathione levels was a direct consequence
of the inhibition by ACR of the gamma-glutamylcysteine li-
gase, which is involved in the synthesis of de novo glutathione
[43]. Glutathione and carnosine depletion caused a reduction
of the organism oxidative stress defenses, which elicited the
appearance of new oxidized species, such as methionine sulf-
oxide pools. The accumulation of ACR and AAMA, together
with the prevailing oxidative stress, could explain the neuro-
toxicity of ACR at a metabolic level in the brain.

In muscle, this enhanced oxidative stress may have caused
the decrease of the amino acid pools as well, probably to be
used for protein synthesis, in agreement with the activation of
protein synthesis of thioredoxins by ACR exposure [32].
Other metabolic affectations observed in muscle are the

modification of the lipid membranes and the activation of
pathways linked to energy metabolism. Related to the latter,
the consumption of amino acids convertible to TCA interme-
diates and the accumulation of D-glucose and UDP (involved
in glycogen metabolism) were detected.

Biomarker discovery

Spectral features ST associated with the same metabolite are
strongly correlated, as they can be observed for instance in the
heatmap plots shown in Fig. S2 from ESM. Thus, this fact can
be used as a guide during the resonance assignment step.
However, not all the selected features could be assigned to
metabolites because their resonances are from compounds
not included in metabolomics libraries [44, 45]. In order to
provide a more comprehensive description of the effects of
ACR exposition on zebrafish, we have investigated unas-
signed features that increased due to the ACR exposure. In
particular, we focused on the features 78, 79, and 96 shown in
Fig. 7C. These 3 features were significantly important in mus-
cle extracts of ACR-treated zebrafish (Fig. 7D–F). The recon-
structed 1D 1H NMR spectrum with these 3 features revealed
two symmetric multiplets, centered at 2.60 and at 2.86 ppm,
that resemble two double triplets (Fig. 7C). This observed
coupling is in agreement with the spin system of a
RSCH2CH2R′ moiety. Since this spin system is also found
in AAMA, we propose that this molecule is a reaction product
from ACR. In humans, several ACR-derived compounds in
addition to AAMA have been detected after oral exposition to
ACR [46].

Hence, in this work, we detected two metabolites resulting
from the ACR transformation inside the organism, AAMA,
and the “ACR-derivative.” AAMA was found more prevalent
in the brain of treated ZF, while the “ACR-derivative” was
more prominent in the corresponding muscle extracts. This
tissue specificity may reflect the high reactivity of ACR in
the two metabolically different tissues.

MUSCLE + ACR

ACR
EXPOSURE

2) Oxidative stress

(GSH , Met-SO )

3) Protein synthesis

(Ile , Leu , Lys , Phe , Tyr , Val )

5) Energy metabolism

(Ala , Glu , Glc , UDP )
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1) ACR uptake
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Legend: Increase upon exposure
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Fig. 6 Schematic representation
of the effects of ACR on zebrafish
muscle and brain metabolomes
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Method considerations

The proposedMCR-ALS-based chemometric methodological
pipeline has been proven to be very useful for both metabolic
fingerprint and biomarker discovery. Noteworthy, some con-
siderations regarding this pipeline need to be made.

First, one of the most important steps in this pipeline is to
set the limits of the NMR resonances in every window to be
analyzed by MCR-ALS. In this study, we have chosen the
window limits by visual inspection (see methods), relying
on the user’s spectroscopic knowledge avoiding to split reso-
nances between two segments. However, more automatable
alternative approaches could be designed. For instance, the 1D
1H NMR dataset could be bucketed with a procedure that does
not split resonances with complex splitting patterns in differ-
ent buckets, and MCR-ALS can be applied separately then to
every bucket.

Second consideration is that MCR-ALS is a robust chemo-
metric method which estimates the concentrations (C) associ-
ated with the same resonances (ST) in all the investigated
samples. However, this chemometric approach should not be
used with an NMR dataset presenting inconsistencies between
spectra (e.g., derived from incomplete shimming or phasing).
Apart from that, the MCR-ALS can be used with 1D 1H NMR
data from any type of samples (e.g., extracts, serum, CSF) as
long as the resonances are aligned across all the spectra. In
metabolomics studies in the lab, where robust sample prepa-
ration methods are used [47], chemical shifting variations

among the spectra can be usually corrected with simple reso-
nance alignment methods, such as icoshift [33]. Also, for sam-
ples with complex background signals, such as serum sam-
ples, it may be recommended to add extra components in the
MCR-ALS analyses to account for these background signals.

And as a third consideration, resonances presenting the
same variance across samples and that are found within the
same window will be resolved together, even if they are from
different metabolites. Although this particularity can be seen
as a limitation of the method, the resolved components will
still be very useful and informative. The resolved spectral data
will be much simpler than the original data (as all the other
resonances presenting different variance will appear in other
components) facilitating the resonance assignment. Moreover,
the grouping of resonances in the same component suggests
that the corresponding compounds are metabolically related
(since they present the same metabolic variance), resulting
very useful for the biological interpretation.

Conclusions

The chemometric methodological pipeline presented here
takes advantage of the rapid and powerful performance of
the MCR-ALS chemometrics method to blindly resolve the
concentrations and resonances from untangled metabolites,
which allows the identification of the spectral features charac-
teristic of the metabolomics system under study.
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In this work, we have proved that this methodology sim-
plifies the metabolic analysis of 1D 1H NMR spectra from
complex biological extracts and that it can even be used for
biomarker discovery.Moreover, the presentedmethodology is
more sensitive to small metabolic variations than other che-
mometric methods, which do not take into account the prom-
inent resonance overlapping in 1D 1H NMR data.

In consequence, the proposed methodology can accelerate
the discovery of unknown metabolites, and it has the potential
to facilitate the study of large NMR datasets, such as those
analyzed in cohort metabolomics studies [48].
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