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ARTICLE INFO ABSTRACT
Keywords: Early diagnosis has the potential to prevent or minimize the progression of diseases. The discovery of biomarkers
Untargeted analysis that permit to pinpoint the health-to-disease transition is thus of crucial importance to improve diagnostic ef-
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Biomarkers

Chronic kidney disease

ficiency and treatment. Over the last years, untargeted metabolomic analysis of biomatrices has become a
valuable tool to identify biomarkers of health status. However, it is still a recent research field with many
challenges to address, namely the implementation of data treatment strategies that allow to deal efficiently with
the highly complex data sets generated, without losing accuracy or relevant information. This work pursued the
application of the chemometrics method Regions of Interest-Multivariate Curve Resolution (ROIMCR) to the MS-
based metabolomic profiling of plasma samples aiming at the identification of chronic kidney disease (CKD)
biomarkers.

ROIMCR successfully resolved the plasma profiles of three groups of individuals: healthy controls, interme-
diate stage (pre-dialysis) and end-stage (in dialysis) CKD patients. Positive (MS1+) and negative (MS1—) data
were processed simultaneously without requiring previous time alignment, resulting in time-effective analysis
with increased metabolite coverage and identification. Multivariate analysis (PCA, PLS-DA, ASCA) revealed that
samples were clustered according to health status and permitted to determine the most influential metabolites in
differentiating groups. Metabolites identification evidenced recognized biomarkers of CKD, validating the pro-
posed approach, and potential new indicators of disease onset and progression.

A new analytical workflow involving instrumental analysis by UHPLC-HRMS and data treatment by chemo-
metrics method ROIMCR, followed by multivariate analysis, is available for plasma metabolomic profiling. This
platform can be easily adapted to other biomatrices and diseases, and applied to profile the same individual
along time, fostering the development of personalized medicine.

1. Introduction the metabolic profiles of different groups, such as healthy controls and
patients with a specific disease [1-3]. Mass spectrometry (MS) is the

In the last two decades, metabolomics has become an increasingly most widely used analytical technique in metabolomics [2,4]. Two main
popular approach for biomarker discovery, disease diagnosis, and analytical strategies can be followed: targeted and untargeted analysis
biochemical pathways elucidation, especially when applied to compare [1,2]. The targeted approach aims at the accurate quantification of
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specific molecules of interest, requiring corresponding standards.
Untargeted analysis permits the comprehensive study of all the mole-
cules in a system and may provide valuable insights for the identification
of unknown compounds, including health status indicators. Targeted
analysis is frequently performed by liquid chromatography coupled to
tandem mass spectrometry (LC-MS/MS) using low-resolution mass
spectrometers, such as triple quadrupole. Untargeted analysis, aiming at
providing the widest possible metabolome coverage, is mostly imple-
mented by liquid chromatography coupled to high-resolution mass
spectrometry (LC-HRMS), using quadrupole time of flight (Q-TOF) or
Orbitrap analyzers [1,2,5].

Data acquisition in untargeted metabolomics is generally performed
in full scan MS (MS1), followed by either a data-dependent acquisition
(DDA) or data-independent acquisition (DIA) approach. DDA mode se-
lects only certain analytes (e.g., the most abundant) and then fragments
them (MS2), whereas in the DIA mode, MS2 spectra are produced for all
precursor ions in defined m/z ranges [1]. Experiments of untargeted
metabolomics generate highly complex data sets that require extensive
treatment and processing for their correct interpretation [4,6].

Data treatment strategies involve the steps of raw data acquisition,
data storage and conversion, import, compression, normalization,
scaling and transformation, feature detection or peak resolution,
biomarker screening and identification, and biochemical interpretation.
Data compression is one of the most challenging steps, since it must
reduce the original dimensions of the data (gigabytes of storage) without
significantly compromising the information contained within and
avoiding any loss of spectral accuracy. As untargeted analysis is a recent
and hot topic of research, new methods, software and platforms for data
treatment have been developed during the last years [7-12]. Frequently,
the post-experimental data processing is performed by commercial
software provided by the MS equipment manufacturers [3,13], using
fixed or not disclosed methodologies, being thus difficult to exactly
know the algorithm description and workflow. In alternative, chemo-
metric methods may be used for implementation of data processing
strategies that are more comprehensive and tailored to each metab-
olomics study [14]. Recently, the chemometric method Regions of
Interest-Multivariate Curve Resolution (ROIMCR) has been applied
successfully in metabolomics studies [12,15-23]. The ROI procedure has
been demonstrated more advantageous than the classical binning during
the compression step as no loss of spectral accuracy occurs [15,16]. In
turn, the MCR-Alternating Least Squares (MCR-ALS) methodology is a
powerful tool that, after data compression, allows the resolution of
coeluting compounds and the retrieval of the pure spectra and elution
profiles of the most relevant metabolites present in a sample, without
requiring peak alignment or shaping corrections, since chromatograms
are only matched in the mass spectral direction [15,24-28]. ROIMCR
has been used in environmental and metabolomic studies, to evaluate
the toxic effects of pharmaceutical compounds and chemical contami-
nants on different aquatic organisms [12,19,22,23,29], and also in the
untargeted protein analysis of samples from wastewater treatment
plants (WWTP) [21]. On the other hand, the application of ROIMCR to
human biological samples has been only described in a single study
pursuing the analysis of polar compounds and the identification of
prostate cancer biomarkers in urine samples [18].

Having this in mind, this work pursued the untargeted metabolomic
profiling of human plasma samples using LC-HRMS for instrumental
analysis and the chemometrics method ROIMCR for data treatment, in
the search of potential biomarkers of health-to-disease transition. In
fact, even with optimized chromatographic conditions, strong coelution
of compounds occur in the analysis of complex samples like plasma,
hampering the direct interpretation of the acquired data and demanding
for the application of adequate post-run data processing strategies.
Chronic kidney disease (CKD) was selected as case study as it represents
a global health problem [30,31] and, despite the identification of several
potential biomarkers [32-36], finding metabolites that can serve as in-
dicators of disease onset and progression remains challenging and of
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utmost importance. CKD includes heterogenous disorders that affect
progressively the structure and function of the kidney. The kidney
function is commonly assessed by the estimated glomerular filtration
rate (eGFR), calculated using serum creatinine, age, sex, and race of the
patient. However, this currently used biomarker is limited and lacks
sensitivity as it is influenced by individual characteristics, and variations
are only detected when the renal function has already been compro-
mised [36]. To our knowledge, this is the first time ROIMCR is applied to
the analysis of plasma samples and to CKD research.

2. Materials and methods
2.1. Chemicals and solutions

Ultrapure water was produced in an Arium water purification system
(resistivity > 18 MQ cm, Sartorius, Gottingen, Germany) and used for
the preparation of all solutions. Acetonitrile (LiChrosolv LC-MS grade)
and formic acid were supplied by Merck (Darmstadt, Germany). The
aqueous component of mobile phase was 0.1 % (v/v) formic acid in
water whereas 0.1 % (v/v) formic acid in acetonitrile was the organic
counterpart. Both solutions were previously filtered through Millipore
filters (Billerica, MA, USA) and degassed in an ultrasonic bath for 15 min
prior to use.

2.2. Clinical samples and compliance with ethical standards

This study included 24 Caucasian adult participants that were
divided in three groups: group A: 8 healthy control individuals (living
kidney donors), group B: 8 pre-dialysis CKD patients (intermediate
stage), and group C: 8 end-stage kidney disease (ESKD) patients un-
dergoing peritoneal dialysis. As this work aimed at validating if the
ROIMCR method could be successfully applied to the MS-based metab-
olomic profiling of human plasma samples towards the identification of
CKD biomarkers, including the comparison with previously determined
potential biomarkers and the discovery of new indicators, eight samples
per group were considered sufficient to demonstrate the usefulness of
the proposed methodology.

The protocol of the study was authorized by the local Ethics Com-
mittee (Comissao de Etica para a Satide do Centro Hospitalar Universitdrio
de Sao Joao (CHUSJ), ref. CES 87-15 and 130/19) and conducted in
agreement with the 1964 Helsinki declaration and subsequent revisions.
All participants were followed up in the Nephrology Department of
CHUSJ and gave their free written informed consent before sample
collection. The clinical and demographic information of each participant
were also registered. The characterization of the three study groups
including participants’ age, sex, eGFR and CKD staging can be found in
Supplementary data (Table S1).

2.3. Sample treatment

A blood sample was collected from each participant, followed by
centrifugation at 3892g for 15 min at 4 °C. The resulting plasma was
immediately frozen and stored at —80 °C. Prior to LC-MS analysis,
plasma samples (100 pL) were thawed at room temperature and treated
with 300 uL of acetonitrile containing 0.1 % (v/v) formic acid to pre-
cipitate proteins. After vortexing during 60 s, treated samples were
maintained at 4 °C for 10 min to enhance protein precipitation.
Following this period, a centrifugation step at 18,000g for 8 min at 4 °C
was implemented. Supernatants were collected, evaporated to dryness
under a gentle stream of nitrogen, and finally reconstituted in 100 pL of
acetonitrile-water (5:95, v/v) containing 0.1 % (v/v) formic acid for
instrumental analysis. This solvent composition ensured the solubiliza-
tion of plasma metabolites and matched closely the mobile phase
composition at the beginning of the chromatographic run, preventing
analytes pre-elution and peak broadening that could compromise the
resolution of the analysis.
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2.4. Instrumental analysis

2.4.1. Ultrahigh-performance liquid chromatography coupled to high
resolution mass spectrometry detection (UHPLC-HRMS) analysis

For metabolomic profiling of plasma samples, each sample extract (5
pL) was separated on a UHPLC-HRMS Vanquish equipment (Thermo
Fischer Scientific, Bremen, Germany) using a reversed-phase Zorbax
Eclipse Plus RRHD C18 column (100 mm x 2.1 mm, 1.8 pm particle size,
Agilent, California, USA). Elution was implemented in gradient mode
with 0.1 % (v/v) formic acid in water as solvent A and 0.1 % (v/v)
formic acid in acetonitrile as solvent B, at a total flow rate of 0.3 mL
min . The selected gradient started with 1 % of solvent B, which was
maintained during 1 min and then increased to 40 % within 5 min, 50 %
within 8 min, 65 % within 10 min and 76 % within 16 min. From 16 to
20 min, the contribution of solvent B was changed to 100 %. This
composition was maintained up to 25 min, after which the initial con-
ditions were re-established at 27 min and held during 3 min more to
assure column equilibration. Hence, the total run time was 30 min. The
column temperature was 40 °C.

HRMS analyses were done on an Orbitrap Exploris™ 120 mass
spectrometer (Thermo Fischer Scientific) controlled by Orbitrap
Exploris™ Tune Application 2.0.185.35 and Xcalibur 4.4.16.14 soft-
ware. The capillary voltage of the electrospray ionization source (ESI)
was set to 3.5 kV. The capillary temperature was 300 °C. The sheath gas
and auxiliary gas flow rates were at 50 and 10 (arbitrary units as pro-
vided by the software settings). Data were acquired in full scan mode
(MS1) over the m/z range 100-1000, at a resolution of 30,000. Data
acquisition was performed simultaneously in positive and negative
ionization modes, i.e., in the same chromatographic run. Moreover,
data-dependent acquisition (DDA) MS/MS (MS2) fragmentation was
performed on high-energy collisional dissociation (HCD) using nitrogen
as collision gas with collision energy settings of 60 %, at a resolution of
15,000. Precursor ions for MS2 analysis were selected using the DDA
Top4 method, i.e., the 4 most intense ions in each MS1 scan. The AGC
target was set to standard mode and the maximum injection time was set
to auto for both MS1 and MS2 analyses.

2.4.2. Analytical run order and quality controls

To promote the acquisition of high-quality data and the subsequent
success of metabolomics analysis, particular attention was given to the
analytical sequence order and to the inclusion of quality controls (QC)
[37]. QCs corresponded to pooled samples and permitted to assure that
the detected variation was not attributed to instrumentation but to
features of the samples. The order in which the study samples were
analyzed and the frequency of QC samples injections were designed
considering different factors, namely the complexity of plasma matrix,
total number of samples, study groups, batch length, system specifica-
tions, and data processing software, towards ensuring the quality of the
acquired data. The analytical run order is presented in detail in Sup-
plementary data (Table S2). The run started with multiple injections of
solvent blanks (acetonitrile-water (5:95, v/v)) and pooled QC samples
to condition the analytical system, followed by a continuous sequence of
extraction blanks, samples in random order in sets of 9 and QCs
(Table S2). A solvent blank was injected at the end of the run as a
cleaning procedure. Extraction blanks were obtained using 100 pL water
(instead of plasma) that was submitted to the same sample treatment
steps: addition of organic solvent, vortexing, refrigeration, centrifuga-
tion, supernatant evaporation to dryness, and reconstitution in aceto-
nitrile-water (5:95, v/v) containing 0.1 % (v/v) formic acid (see Section
2.3. Sample treatment). Five types of QCs were prepared and analyzed.
QC_ALL was prepared by mixing equal parts of all the plasma samples.
QC_A, QC_B and QC_C corresponded to mixtures of equal parts of the
samples from each group included in the study (A, B and C). Finally,
QC_SET was prepared by mixing the set of samples analyzed in each part
of the sequence. Each QC was divided in aliquots to perform 4 (or 5 in
the case of QC_ALL) independent extractions of each pooled QC sample.
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Fig. 1. Data matrices obtained after ROI analysis of a single sample (left) or the
subset of all samples (right).

QC samples were processed following the same procedure as study
samples and extraction blanks. Additionally, extraction replicates and
instrumental replicates were also included for one sample of each group
of individuals (see Table S2).

The data from the solvent blanks and pooled QC samples used to
condition the analytical system were not considered for the subsequent
post-experimental data processing.

2.5. Data processing

2.5.1. Regions of interest (ROI) procedure

In a first step, the raw datasets obtained from instrumental analysis (.
raw files) were converted to mzXML format using the MSConvert tool
from ProteoWizard open-source software [38]. A “peak peaking” filter
was applied to only extract and convert the MS1 data. The generated
mzXML files were then imported to the MATLAB computational envi-
ronment (release R2020b, The MathWorks, Inc., MA, USA) for imple-
mentation of data processing procedures, using its Bioinformatic toolbox
and the MSroi GUI tool as previously described [16]. The data from the
samples of each group (A, B, C) and of each type of QC were imported
simultaneously, using the multiple runs option, resulting in a column-
wise augmented matrix.

Before ROI analysis, the data obtained in positive (MS1+) and
negative (MS1-) ionization modes were separated. Moreover, only the
data acquired until 18.5 min (1110 s) of each chromatographic run were
considered for further data processing as the remaining gradient pro-
gram corresponded to column wash and equilibration.

The ROI procedure was applied for data compression and filtering,
towards selecting only the reliable and interesting MS signals (MS ROIs)
for subsequent analysis, thus reducing the size of data sets and computer
storage, without losing mass resolution or chemical information. The
selection of MS ROIs is performed according to three parameters: in-
tensity threshold, mass error and minimum number of occurrences to
define a peak [12,15,16]. The optimal value of each parameter must be
tested in each case as it is influenced by the resolution and the scan
speed of the used mass spectrometer [12,14]. As a result, a data matrix is
obtained for each sample, with the different elution/retention time
values in its rows and the selected m/z ROI values in its columns (Fig. 1).
In this work, ROI analysis was performed (i) separately for each group of
samples and QCs, (ii) considering the groups two by two (A versus B, A
versus C, B versus C), and (iii) considering all groups and QCs together.
The ROI analysis of MS1+ and MS1— datasets was performed inde-
pendently. No time alignments were required for the simultaneous
analysis of the different datasets of the same ionization mode as the
vertically augmented data matrix is formed by column concatenation of
the individual ROI data matrices. Before proceeding, the MS ROIs
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exhibiting low resolution and detected in blank samples, probably cor-
responding to solvent artifacts, were removed from the data matrices to
minimize interferences and improve the quality of analysis. Finally, the
column-wise augmented data matrix was augmented horizontally, i.e.,
row-wise augmented to include the data obtained in positive and
negative mode for each sample (Fig. 1). No previous time alignments
were required before the horizontal concatenation of data matrices as
MS1+ and MS1— data were acquired in the same run and with matching
retention times.

2.5.2. Multivariate Curve Resolution-Alternating Least Squares (MCR-
ALS) method

The next step of data processing consisted in applying the MCR-ALS
method to the data matrices (X) resulting from ROI procedure. MCR-ALS
[4,24,25,27] performs the bilinear decomposition of the data matrix X
into the product of two factor matrices, C and sT (eq 1). The matrix C
contains the elution profiles of N components (sample constituents)
whereas the matrix ST contains the corresponding mass spectra. The part
of matrix X that is not explained by the model forms the residual matrix
E.

X=CxS'T+EQ)

MCR-ALS analysis permits to explain the data matrix X variance
through a reduced number of components characterized by their elution
and spectra profiles. The number of components must be sufficient to
explain the majority of data variance arising from MS signals of sample
constituents. An initial estimation of the number of components is ob-
tained through singular value decomposition (SVD) of the data matrix X
[24]. Moreover, a preliminary estimation of the associated elution and
spectra profiles is mathematically derived from the purest variables (m/z
values) or samples (times) using methods such as SIMPLISMA [39]. An
alternating least squares algorithm is then applied to optimize elution
(C) and spectral (ST) profiles iteratively until convergence and optimal
fitting of the experimental data matrix X are attained. This optimization
is performed under some constraints that in this work included non-
negativity and normalization of components’ spectra to the maximum
height equal to one (spectra equal height).

The resolved mass spectra in ST matrix contain the ion signals which
can be subsequently used for identification of chemical compounds
present in the analyzed samples. In the present study, the spectra ob-
tained in positive mode (MS1+) and in negative mode (MS1-—) are
simultaneously displayed for each resolved component, which widens
metabolite coverage and benefits the identification process. On the other
hand, the resolved elution profiles in C matrix can be associated with the
concentration of sample constituents. The peak areas and the peak
heights of the resolved elution profiles can be used for the relative
quantification of each resolved component (sample constituent) in the
different analyzed samples. A more detailed description of MCR-ALS
analysis can be found in previous reports [12,15,23-25].

The MCR-ALS method was applied to resolve the elution and spectral
profiles of the ROI data matrices resulting from (i) the independent
analysis of each group of samples and QCs, (ii) the analysis of the
different groups considered two by two (A versus B, A versus C, B versus
C), and (iii) the simultaneous analysis of all groups of samples and QCs.
The peak heights of the MCR-ALS resolved elution profiles were used for
further analysis by statistical tools and to determine the metabolites
varying between groups. The resolved mass spectra and the highest in-
tensity m/z values in each resolved component were used to identify
those metabolites.

2.5.3. Statistical analysis

The matrix with the peak height values obtained for every resolved
component (sample constituent) in the different samples and QCs was
used to investigate the differences in the metabolic profile of the groups
of samples. To accomplish this goal, the peak heights matrix was
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analyzed by Principal Component Analysis (PCA) [40], Partial Least
Squares-Discriminant Analysis (PLS-DA) [41] and Analysis of Variance
(ANOVA)-Simultaneous Component Analysis (ASCA) [42], using the
PLS_Toolbox 9.0 (Eigenvector Research, Inc., WA, USA). The theoretical
description of each multivariate analysis method can be found in Sup-
plementary data. Statistical analysis by PCA, PLS-DA and ASCA was
performed (i) considering the total number of components (sample
constituents) resolved by ROIMCR data processing and (ii) removing the
ROIMCR components with a poorly defined profile, which could not be
ascertain to chemical compounds of the samples.

PCA models were constructed using autoscaling preprocessing and
the SVD algorithm. Cross-validation was performed by the venetian
blinds method and the two principal components (PC) explaining the
most variance were finally selected. First, the peak heights values
resulting from the MCR-ALS processing of the augmented ROI data
matrix containing all the samples (groups A, B and C) and QC controls
were analyzed by PCA to have an overview on the patterns and relations
between samples and controls (clustering). For a more detailed analysis
on the distribution of samples, PCA was also applied to the peak heights
matrices resulting from the comparisons between two groups of samples
(A versus B, A versus C, B versus C).

PLS-DA analysis was subsequently applied to build regression models
and further discriminate the differences between two groups of samples.
A class vector was used to identify the two groups to be compared in
each analysis and then regressed against the peak heights of ROIMCR
components. Autoscaling preprocessing was used for both X-block and
Y-block data. Cross-validation of the constructed model was performed
by the venetian blinds approach and the number of latent variables (LV)
finally selected was two. From the outputs of PLS-DA analysis, it was
possible to determine the variables (resolved components/metabolites)
contributing most for the separation between sample groups. Compo-
nents presenting Variable Importance in Projection (VIP) scores > 1
were selected as the most influential metabolites, i.e., responsible for the
differentiation between samples [18,43]. These metabolites were
considered potential biomarkers and were subsequently identified (see
section 2.6).

Finally, ASCA was applied to the same peak heights matrices to
evaluate the statistical significance of the differences observed between
groups. ASCA was implemented without preprocessing and using a limit
of 10,000 permutations to statistically assess the effects induced by the
health condition factor.

2.6. Identification of metabolites

To identify the metabolites varying significantly between groups, the
most intense m/z values in each significant MCR-ALS resolved compo-
nent (MS1+ and MS1-) were searched in existing public databases of
human metabolites, particularly the Human Metabolome Database
(HMDB) (https://hmdb.ca/) [44,45]. This search was performed ac-
cording to three predefined criteria: (i) m/z value to search introduced
with 4 decimal places, (ii) mass error value (tolerance) < 5 ppm, (iii)
adduct type limited to [M + H]", [M + Na]™*, [M 4+ ACN + H]", [M +
ACN + Na] ™, [M + H-H,0] ", and [M + H + Na]* in positive ionization
mode and [M—H], [M—H;0-H], [M + FA - H], [M + Na - 2H] ",
[M—2H] 2’, and [2M—H] in negative ionization mode. The identification
obtained in HMDB was then confirmed with the MS2 data obtained by
data dependent analysis (DDA). The comparison of the fragmentation
pattern of the identified metabolite compiled in databases with the
pattern experimentally obtained was performed using the Competitive
Fragmentation Modeling for Metabolite Identification online tool (CFM-
ID) (https://cfmid.wishartlab.com/) [46,47] and MassBank (https
://massbank.eu/).

The obtained metabolite identification corresponds to confidence
level 2 according to the Metabolomics Standards Initiative [48] or
confidence level 3 according to Schymanski et al. [49], as evidence
exists for a possible structure, MS/MS experimental data is available and
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Fig. 2. Representative total ion current (TIC) chromatograms of plasma samples from the different groups under study: healthy controls (A), pre-dialysis CKD
patients (B), and CKD patients at final stage (ESKD), undergoing peritoneal dialysis (C).

has been compared with in silico fragmentation of candidates, but the
analysis and comparison with a reference standard has not been con-
ducted yet.

3. Results and discussion
3.1. LC-MS analysis of plasma samples

Sample preparation for untargeted analysis should assure metab-
olome stability while preventing losses of metabolites and the presence
of artifacts [2]. The ideal sample preparation method should combine
comprehensive extraction of metabolites, simplicity, quickness, easy
implementation with a minimum number of steps, and reproducibility
[2,5]. Hence, protein precipitation through the addition of an organic
solvent (acetonitrile) was selected to treat plasma samples before LC-MS
analysis, aiming at simple and minimal sample treatment and at
increased metabolite coverage. Chromatographic separation was
implemented using a modified reversed-phase C18 column and gradient
elution with a slow increase of organic modifier content from 1 to 76 %
to profile both hydrophilic and hydrophobic compounds and maximize
analytes separation. An example of the total ion current (TIC) chro-
matograms obtained for the different groups of individuals under study
(A, B, and C) is presented in Fig. 2. The observation of the elution pat-
terns evidenced the existence of differences between groups. The initial
part of the chromatograms (0-4 min), corresponding to the elution of
more hydrophilic compounds, presented higher intensity and higher
diversity of peaks in the case of healthy controls (group A). On the other
hand, mid-polar and non-polar compounds, i.e., hydrophobic com-
pounds eluting with higher organic modifier percentages (retention
time > 4 min) were more abundant in disease patients (groups B and C).
After 10 min, the chromatograms exhibited high density of compounds
that required advanced data processing and treatment by the ROIMCR
chemometrics methodology.

3.2. ROIMCR analysis of study samples

In ROI analysis, the intensity threshold finally selected to eliminate

Table 1
Results of ROI analysis of samples from groups A, B and C and QCs.
Analysis Xms1+ Xumsi- Xms1+-
Nr. of Nr. Nr. of Nr. Nr. of Nr. of
retention of retention of retention ROIs
times ROIs times ROIs times
Group A 10,640 481 10,640 299 10,640 780
Group B 10,648 451 10,648 304 10,648 755
Group C 10,680 660 10,680 487 10,680 1147
QCA 5328 599 5328 363 5328 962
QCB 5316 234 5316 212 5316 446
QCC 5340 380 5340 329 5340 709
QCALL 5336 342 5336 260 5336 602
A versus 21,288 548 21,288 338 21,288 886
B
A versus 21,320 764 21,320 529 21,320 1293
C
B versus 21,328 705 21,328 521 21,328 1226
C
A+B+ 37,304 796 37,304 557 37,304 1353
C+
QC_ALL
A+B+ 53,312 852 53,312 600 53,312 1452
C+
QCs

background and instrumental noise without losing significant informa-
tion was 1 x 10°, which is within the recommended 0.1-1 % of the
maximum MS intensity value [15]. The mass error tolerance was defined
to 0.005 Da in accordance with the resolution of the used Orbitrap mass
analyzer. Finally, the minimum number of MS signals to define a chro-
matographic peak was adjusted to (i) 5 in the case of the ROI analysis
performed separately for each group of samples and QCs, and to (ii) 20
when considering the groups two by two or all groups and QCs together.
The values for the three parameters were equal for the ROI analysis of
positive (MS1+) and negative (MS1-) ionization datasets. After
removal of solvent artifacts, the resulting number of ROIs varied be-
tween 234 and 660 for data matrices obtained for each individual group
in positive mode (Xps7+) and between 212 and 487 for the negative
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Fig. 3. MCR-ALS results in the analysis of the ROI data matrix resulting from the simultaneous analysis of all groups of samples and QC_ALL. The two plots at the
upper part represent the elution (C) and spectra (ST) profiles of all the resolved components. The plots at the lower part represent the separate results obtained for
components 3 and 11. Left panel: resolved elution profiles in all samples and controls displayed side by side (top) and overlaid (bottom). Center panel: MS1 spectrum
obtained in positive (top) and negative (bottom) ionization modes. Right panel: peak area (top) and peak height (bottom) values obtained from the elution profiles

resolved for the different samples and controls.

mode (Xps3.) counterparts (Table 1). The number of ROIs was higher in
the group of CKD patients at final stage (ESKD) (group C), which is in
accordance with the higher abundance of peaks depicted in the corre-
sponding chromatograms (Fig. 2). The combined analysis of the
different groups of samples considered two by two and the analysis of all
samples and QCs together yielded Xpys7+ and Xpys;. data matrices with
548-852 and 338-600 ROIs, respectively (Table 1). In all cases, the
number of ROIs obtained in MS1— matrices was lower than the number
of ROIs obtained in MS1+ matrices which is expected considering the
use of electrospray ionization and the higher number of compounds
ionizing in positive mode in comparison to negative mode [2,50]. The
augmented data matrices obtained by horizontal concatenation of pos-
itive and negative mode data (Xps1..) presented a total number of ROIs
within the range 446-1452, corresponding to the sum of ROIs obtained
in the data matrices of each ionization mode (Table 1). The number of
retention time values increased with the number of samples simulta-
neously analyzed due to the vertical concatenation of the different
datasets considered. Hence, the number of retention time values ranged
from 5316 to 10,680 in the data matrices of each group, from 21,288 to
21,328 in the comparison of two groups, and from 37,304 to 53,312 in
the super-augmented data matrices comprising all samples and QCs
(Table 1).

After ROI analysis, MCR-ALS was subsequently applied to the
augmented data matrices (Xpys7+.) resulting from the independent
analysis of each group of samples, the analysis of the different groups
considered two by two, and the simultaneous analysis of all samples and
QCs. The number of components initially proposed in MCR-ALS analysis

was 100, which permitted to explain a high percentage of the data
variance, between 98.90 and 99.69 % of fit (Table S3). After careful
evaluation of the profiles of the 100 components resolved in the MCR-
ALS analysis of the different data matrices, the components presenting
poor-defined elution profiles, unreliable mass spectra and explaining
little data variance were removed for further analysis since they could
not be assigned to sample constituents (i.e., they correspond to back-
ground, solvent, instrumental noise...). The number of components
finally resolved and selected was between 86 and 92 and still explained
>95.24 % of the observed data variance (Table S3).

An example of the output of MCR-ALS analysis is displayed in Fig. 3
for the augmented data matrix containing all samples and QC_ALL. The
global results obtained for resolved elution (C) and spectral profiles $h
are presented in the upper part of the figure, evidencing good chro-
matographic and spectral features but being difficult to distinguish
among them. Thus, the results obtained for every component (sample
constituent) were then plotted individually to visualize their elution
profiles in the different samples simultaneously analyzed, as well as
their corresponding mass spectra obtained in positive and in negative
modes, and their elution peak area and height values in every analyzed
sample. As an example, the results obtained for components 3 and 11 are
presented in Fig. 3. In the left panel, the elution profiles of the two
components in the different samples and QC_ALL are displayed side by
side (top) or overlaid (bottom). The overlaid representation permitted to
verify that samples and QCs exhibited matching retention times for the
two components, indicating the adequacy of data processing procedures
and the correct resolution of components. The elution profiles were
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Fig. 4. PCA scores plot resulting from the analysis of peak height values of the ROIMCR resolved elution profiles of all the samples and QC_ALL (top panel, left), all
the samples without QCs (top panel, right), and comparison of the different groups considered two by two (bottom panel, A versus B, A versus C, B versus C). A,
healthy controls; B, pre-dialysis CKD patients; C, CKD patients at final stage (ESKD), undergoing peritoneal dialysis; QC, quality control prepared by mixing equal

parts of all the plasma samples under study (QC_ALL).

directly associated with their mass spectra, linking the positive (MS1+,
top) and negative (MS1-, bottom) ionization modes spectra obtained for
each component (center panel). The highest intensity m/z values were
used to identify those metabolites. Components 3 and 11 were later
identified as indoxyl sulfate and a lysophosphatidylcholine (LysoPC
(18:0/0:0)), respectively (Tables S5 and S6). Component 3 only ionized
in negative mode forming the anion [M—H] at m/z 212.0019 that
corresponded to deprotonated indoxyl sulfate. In turn, component 11
(LysoPC(18:0/0:0)) was ionized in both modes, forming the [M + H]T
cation detected in MS1+ spectrum at m/z 524.3688 and the negatively
charged adduct ion with formic acid [M + FA - H] detected in MS1-
spectrum at m/z 568.3609 (Fig. 3, center panel). These results evidenced
the benefits of simultaneously analyzing positive and negative ioniza-
tion data and linking the corresponding MS1+ and MS1— spectra. In
fact, if only positive ionization mode was employed, several relevant
metabolites such as indoxyl sulfate could not be detected. Moreover, the
identification process in the case of metabolites ionizing in both modes is
facilitated and strengthened, as observed for component 11 corre-
sponding to a lysophosphatidylcholine. The peak area (top) and peak
height (bottom) values displayed in the right panel of Fig. 3 were used
for the relative quantification of the resolved metabolites in the different
analyzed samples. Both metabolites presented increased levels in disease
patients, which is in accordance with previous studies reporting the
accumulation of uremic toxins such as indoxyl sulfate in CKD patients
and the dysfunction of lipid metabolism [35,36,51,52]. For more details,
please see Section 2.6, for the identification of metabolites, and Section
3.4, for the identification of potential biomarkers of CKD.

To our knowledge, the ROIMCR method has not been applied for
metabolomic profiling of human plasma samples using simultaneously

the data acquired in positive and negative ionization modes, which
represents an improvement compared to previous works in this field and
progress beyond the state of the art. In previous studies, acquisitions in
positive and negative mode were performed in different chromato-
graphic runs, requiring the previous alignment of retention times be-
tween the two data sets before horizontal concatenation and analysis,
and thus resulting in more time-consuming data processing schemes
[23,53]. Moreover, this work reports the results of ROIMCR for the
analysis of untargeted metabolomics experiments involving CKD. Pre-
vious works dedicated to the study of metabolomic profiles in patients
with CKD by untargeted analysis have used commercial software sup-
plied by MS instrument manufacturers [33,34]. Most of these works
have been based on data acquired in a single ionization mode, mainly in
positive mode, or if both ionization modes were used, data were ac-
quired in different runs and data processing was performed indepen-
dently, reinforcing the novelty of the present work.

3.3. Comparison of plasma metabolic profiles by multivariate statistical
analysis

Considering that peak height values of every component (sample
constituents or metabolites) finally resolved by MCR-ALS reveal changes
in their concentrations across the different samples, these values were
further analyzed to differentiate samples according to their health
condition and to investigate their patterns. PCA was first applied to the
analysis of all samples and QCs, considering the number of components
(sample constituents) finally resolved by ROIMCR, after removal of
those components with a poorly defined elution profile (N = 90 com-
ponents, Table S3). The obtained scores plot (Fig. 4, left) evidenced that
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PC1 and PC2 explained, respectively, 31.6 and 10.2 % of the observed
variance, representing a total explained variance of 41.8 %. Samples
were mainly distributed across PC1 and formed three groups, although
there was a partial overlapping between samples from group A (healthy
controls) and group B (pre-dialysis CKD patients) (Fig. 4, top panel, left).
Samples from group A (healthy controls) were clustered more closely to
samples from group B (pre-dialysis CKD patients) than samples of group
C (CKD patients at final stage, ESKD), which were more distinctly
separated. The three groups exhibited some degree of dispersion,
attributed to the analysis of a very complex sample biomatrix, coming
from individuals presenting different characteristics. Furthermore, the
QC_ALL samples, corresponding to the mixture of all the samples, were
clustered near the center of the PCA scores plot, confirming the ade-
quacy of both the implemented experimental and the data analysis
procedures. PCA was also performed considering only the study sam-
ples, i.e. without QCs, and the same trend was observed (Fig. 4, top
panel, right). In this case, the total explained variance was 43.8 % with
PC1 and PC2 contributing 32.8 and 11.0 %, respectively. For a more
detailed analysis of the patterns and relations between samples, three
more PCA models were created, comparing the three groups of samples
two by two and considering the number of ROIMCR components finally
selected (A versus B, N = 86 components; A versus C, and B versus C, N
= 91 components, Table S3). The output of these analyzes (Fig. 4, bot-
tom panel) confirmed that the differences and groups could be distin-
guished, with PC1 explaining most of the variance between the plasma
samples (24.8-38.5 %), and with a total explained variance ranging
from 39.0 to 50.4 % for PC1 + PC2. Healthy individuals were separated
from CKD patients at final stage (A versus C) and CKD patients at an
intermediate stage of disease (A versus B), although partially overlapped
in the latter case. Furthermore, the two groups of CKD patients (B versus
C) were clearly distinguished (Fig. 4, bottom panel). An additional PCA
model was created considering all the study samples, QC_ALL and the
QCs prepared by mixing the samples of each group (QC_A, QC_B and
QC_C) and including N = 90 components finally resolved by ROIMCR
(Table S3 and Fig. S1). The QCs for each group of samples clustered close
to the center of the corresponding samples (A, B and C), evidencing that
QCs share the variance within each specific group (Fig. S1).

PCA allows to explore the patterns and differences of groups but does
not permit to distribute the samples in classes. This can be achieved by
classification models such as PLS-DA that was also applied in this work.
PLS-DA analysis was performed using the peak height values resulting
from the comparison of two groups of samples (Fig. S2). Results
confirmed that the different groups could be indeed discriminated from
each other, in accordance with health status and the stage of disease.
The percentage of variance explained by the two first latent variables
(LV1 and LV2) was of the same order of magnitude compared to PCA
components (PC1 and PC2): 21.3-38.3 % for PLS-DA LV1 and 9.7-13.2
% for PLS-DA LV2 (Fig. S2, top). Overall, PLS-DA models using the two
first latent variables could explain between 34.4 % (A versus B) and
48.0 % (A versus C) of the X-variance (peak heights), and between 94.3
% (A versus B) and 98.6 % (A versus C) of the Y-variance (class, health
status). These results imply that the model could effectively explain the
class separation and the discrimination between study groups. They also
evidenced that the X-variance is partially correlated with the Y-variance,
indicating that only some of the sample constituents can be used as
markers to detect health changes. Given the complexity of plasma
samples and the high number of metabolites detected, this observation
was expected. PLS-DA VIP scores permitted to determine the most
influential metabolites whose concentration changes enabled the dif-
ferentiation between groups (Fig. S2, bottom). The metabolites associ-
ated with the ROIMCR components whose peak heights exhibited VIP
scores above 1 were considered responsible for the health variability
among samples and, consequently, potentially serving as biomarkers. In
the comparison A versus B, a total of 16 ROIMCR components (metab-
olites) presented VIP > 1, whereas a higher number of 46 and 39 com-
ponents yielded VIP > 1 in the comparisons A versus C and B versus C,
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respectively (Fig. S2, bottom). These were the metabolites and potential
biomarkers finally selected for subsequent identification by their m/z
values.

The application of ASCA to the same peak heights matrices allowed
to confirm statistically significant (p < 0.005) effects on health condi-
tions of the metabolite concentration differences observed between
groups. Additionally, paired t-test evidenced that those components
(metabolites) presenting statistically significant differences (p < 0.05)
were coincident with the ones presenting VIP scores > 1, confirming
what were the most relevant metabolites for discrimination among
different sample groups.

Statistical analysis (PCA, PLS-DA, ASCA) was also performed taking
into account the total number of components simultaneously resolved
by ROIMCR, i.e. 100 components. The multivariate analysis of the cor-
responding peak height values revealed the same clustering and sepa-
ration between samples, but with lower percentages of explained
variance (Figs. S1, S3 and S4). This observation confirmed the adequacy
of removing the components with poorly defined profiles, resulting in
better separation among sample groups.

3.4. Identification of potential biomarkers of CKD

The identification of the metabolites varying significantly between
groups, i.e., the potential biomarkers of health condition, was carried
out by search of the most intense MS1+ and MS1— signals of ROIMCR
resolved components using HMDB database according to the criteria
detailed in Section 2.6. Identification of metabolites, followed by iden-
tity confirmation through comparison of the assigned metabolite frag-
mentation pattern with the MS2 data simultaneously obtained by DDA,
using the CFM-ID tool and MassBank database. This strategy allowed the
identification of a total of 9, 41 and 36 compounds in the analyses A
versus B, A versus C and B versus C groups, respectively. The complete
list of identified metabolites (potential biomarkers), together with the
associated ROIMCR component number, retention time (RT) in min,
experimental m/z values, adduct ion, and associated error in ppm can be
found in Tables S4-S6. The fold changes between the two analyzed
groups, the type of regulation (up or down) and significance p values are
also presented in Tables S4-S6. Two metabolites, at m/z 356.3833 (+)
and m/z 633.7514 (+), could not be annotated in the searched data-
bases. Interestingly, these two metabolites were only significantly
different in A versus B and A versus C comparisons, being highly down-
regulated in disease groups B and C (Tables S4 and S5). This result
suggests that these features may be characteristic of control individuals
(group A) and may be possible biomarkers of disease onset. Neverthe-
less, as their identification was not achieved yet, future studies should
focus on confirming this result and on compound identification after, for
instance, their previous purification and using other techniques. The
analysis of Tables S4-S6 also evidenced that some of the identified
metabolites could be associated with more than one ROIMCR
component.

Different groups of compounds were found and identified, including
amino acids and amino acid derivatives; different types of lipidic com-
pounds such as lysophospholipids, fatty acid esters, and glycer-
ophospholipids; bile acids; acyl carnitines; purine derivatives and
uremic toxins (Tables S4-S6). Some of the compounds were observed to
be up-regulated and others down-regulated in disease groups (B and C).
The discovered metabolites and chemical groups are involved in several
metabolic pathways that are known to be altered in chronic kidney
disease (CKD), including amino acid metabolism, amine metabolism,
lipid metabolism, steroid metabolism, the citric acid cycle, and the urea
cycle [32,36]. A closer look on the identification of metabolites chang-
ing significantly between groups revealed molecules already recognized
as biomarkers of CKD when group C was included in the comparison,
such as the uremic toxins indoxyl sulfate, p-cresol sulfate, phenol sulfate,
4-hydroxybenzoic acid conjugates and hippuric acid, the dipeptide
leucylproline, and creatinine, which is the classical marker of
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Fig. 5. Relative quantification of selected metabolites in the three groups under study: healthy controls (A), pre-dialysis CKD patients (B), and CKD patients at final
stage (ESKD), undergoing peritoneal dialysis (C). Values are presented as mean peak height values of the elution profiles resolved by ROIMCR + standard deviation.
*, statistically significant differences observed in the comparison between groups (p < 0.05).
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glomerular filtration rate (GFR) [32,33,36,52,54,55]. All these metab-
olites exhibited significantly higher levels in the final stage of disease
(ESKD), when compared with healthy controls (analysis A versus C) or
pre-dialysis patients, at an intermediate stage of disease (analysis B
versus C) (Fig. 5). This result is in accordance with the accumulation of
these compounds associated with the progressive decrease in renal
function observed in CKD, and suggests the determination of their levels
could be used to monitor disease progression [36,52,55]. The emerging
gut microbiome-derived metabolite phenylacetyglutamine, which has
been linked to a multitude of diseases involving renal, hepatic, cardio-
vascular, and cerebrovascular systems [56], was also significantly
higher in end-stage patients, confirming its association with CKD
(Fig. 5). Furthermore, the analysis of identified metabolites highlighted
possible changes in the lipidic profile of plasma samples with the initi-
ation and progression of CKD, being in line with previous studies
describing a certain degree of dyslipidemia (Tables S4-S6, Fig. 5)
[35,36].

Interestingly, the amino acid phenylalanine was only significantly
lower in pre-dialysis disease patients (analysis A versus B) (Table S4),
suggesting its possible application as early disease biomarker [33].
Moreover, the lysophosphatidylcholine LysoPC (20:5), the fatty acid
2,3-dimethylideneoctanedioic and the carboxylic acid derivative 2-
methyl-2-phenoxypropanoic acid only varied significantly from the
pre-dialysis (group B) to the final (group C) stage of disease (Table S6),
indicating their possible use as disease progression biomarkers. Addi-
tionally, the alpha amino acid (R)-1-methylpiperidine-2-carboxylic acid
varied significantly in all the performed comparisons (A versus B, A
versus C, B versus C), with increasing levels observed in healthy controls
(group A), pre-dialysis (group B) and end-stage (group C) CKD patients
(Fig. 5). This result suggests that monitoring this metabolite could
potentially be used as a biomarker of both the onset and the progression
of disease. Nevertheless, the identification of metabolites performed in
this work remains tentative (confidence level 2 according to the
Metabolomics Standards Initiative [48] or confidence level 3 according
to Schymanski et al. [49]) and should be further confirmed with
authentic standards to fully verify the derived chemical structures.
Moreover, targeted assays with relevant metabolites are recommended
to accurately assess their levels in plasma samples.

Overall, the ROIMCR methodology applied to the analysis of plasma
samples from healthy individuals and disease patients permitted to
successfully identify metabolites already recognized as potential bio-
markers of CKD, validating its application to pinpoint health-to-disease
and disease progression indicators. Additionally, some metabolites
varying significantly between health and disease groups that were not
previously reported were now identified, evidencing the potential of
ROIMCR to discover new biomarkers. The identification of compounds
participating in lipid, carbohydrate, amino acid, and nucleic acid
metabolism, pathways that are known to be altered in CKD, suggests that
a panel of biomarkers, instead of single biomarkers, may constitute an
improved strategy to accurately stage the disease and to better under-
standing the mechanisms underlying disease onset and progression. This
is in line with recent metabolomic-based studies reporting the discovery
of several metabolites highly correlated with mGFR and independent of
demographic variables, which are being considered for a future panel of
filtration markers to produce more accurate GFR estimations than the
currently used creatinine [57,58]. Many of these metabolites were also
identified in the present work including uremic toxins such as indoxyl
sulfate and hippuric acid, myo-inositol lipids, alpha amino acids and
amino acid derivatives like phenylacetylglutamine, reinforcing the
usefulness of the herein proposed data processing strategy.

4. Conclusions
A methodology based in LC-HRMS and ROIMCR was successfully

developed and applied to the untargeted metabolomic profiling of
human plasma samples, in the search of health-to-disease biomarkers.
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ROI procedure permitted the data compression and filtering, and the
following MCR-ALS method resolved the elution profiles and spectra of
the constituents present in plasma samples of healthy controls, inter-
mediate stage CKD patients (pre-dialysis) and end-stage kidney disease
patients (in dialysis). Positive and negative ionization data were
simultaneously analyzed without the need of previous alignment of
retention times between the two data sets which has never been reported
before and reinforces the novelty of the present work. The integration of
the MS1+ and MS1— spectra for each resolved component yielded an
augmented metabolite coverage and facilitated their identification.
Furthermore, the time required for data processing was reduced,
resulting in a faster and more efficient analytical workflow.

Multivariate analysis evidenced that samples were separated and
clustered according to their health status. Additionally, the metabolites
responsible for groups differentiation have been identified, highlighting
possible biomarkers. The number of metabolites varying significantly
between groups was higher than described in previous studies on CKD
research, particularly in the comparisons including end-stage patients,
suggesting the potential of ROIMCR to find novel biomarkers and pro-
vide a more complete metabolomic profile, and representing an
improvement compared to previous works. The identified metabolites
changing between groups included compounds recognized as potential
biomarkers of CKD, such as uremic toxins and creatinine, validating the
application of ROICMR methodology for data processing of plasma
samples in MS-based metabolomics studies. Furthermore, new potential
biomarkers belonging to different chemical groups and involved in
metabolic pathways that are known to be altered in CKD were discov-
ered, confirming the potential of ROIMCR to find indicators of health
condition.

Future studies will focus on confirming and investigating further
these results by analysis of authentic standards of the identified me-
tabolites and utilization of a higher number of samples per group. The
application to alternative and non-invasive matrices, such as urine and
saliva, and to different diseases, at distinct stages, is envisioned. More-
over, the metabolomic profiling of different biomatrices from the same
individual along time will be also pursued as a body status fingerprint
that can be linked to the pathogenesis of diseases, forming the basis of
future personalized medicine strategies.
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