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A B S T R A C T

Background: Application of metabolic phenotyping could expand the pathophysiological knowledge of muco-
polysaccharidoses (MPS) and may reveal the comprehensive metabolic impairments in MPS. However, few
studies applied this approach to MPS.
Methods: We applied targeted and untargeted metabolic profiling in urine samples obtained from a French
cohort comprising 19 MPS I and 15 MPS I treated patients along with 66 controls. For that purpose, we used
ultra-high-performance liquid chromatography combined with ion mobility and high-resolution mass spectro-
metry following a protocol designed for large-scale metabolomics studies regarding robustness and reproduci-
bility. Furthermore, 24 amino acids have been quantified using liquid chromatography coupled to tandem mass
spectrometry (LC-MS/MS). Keratan sulfate, Heparan sulfate and Dermatan sulfate concentrations have also been
measured using an LC-MS/MS method. Univariate and multivariate data analyses have been used to select
discriminant metabolites. The mummichog algorithm has been used for pathway analysis.
Results: The studied groups yielded distinct biochemical phenotypes using multivariate data analysis. Univariate
statistics also revealed metabolites that differentiated the groups. Specifically, metabolites related to the amino
acid metabolism. Pathway analysis revealed that several major amino acid pathways were dysregulated in MPS.
Comparison of targeted and untargeted metabolomics data with in silico results yielded arginine, proline and
glutathione metabolisms being the most affected.
Conclusion: This study is one of the first metabolic phenotyping studies of MPS I. The findings might help to
generate new hypotheses about MPS pathophysiology and to develop further targeted studies of a smaller
number of potentially key metabolites.
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1. Introduction

Inborn errors of metabolism (IEM) represent a group of about 500
rare diseases with an overall estimated incidence of 1/2500. The di-
versity of involved metabolisms explains the difficulties in establishing
their diagnosis. Optimal management of these patients requires then
improved speed of biochemical investigations to allow early diagnosis
and better monitoring. The rise of “omic” approaches offered a growing
hope to provide new effective tools for screening, diagnosis and mon-
itoring of these diseases. Unlike the conventional medical biology
practice based on the sequential study of genes, proteins and metabo-
lites, the great challenge of modern biology is to understand disease as a
complex, integrated and dynamic network [1]. The concept of “meta-
bolome” refers to the comprehensive complement of all metabolites
present in a given biological system, fluid, cell or tissue [2]. So, me-
tabolomics is one of the “omic” technologies based on biochemical
characterizations of the metabolome and its changes related to genetic
and environmental factors. Metabolomics allows evaluating the bio-
chemical mechanisms involved cell or tissue changes in a systematic
fashion [3,4]. Given the strong link between IEM and metabolism,
metabolomics is very appealing to explore these diseases [5]. For years,
mass spectrometry has been used to assess IEM [6–9]. However, few
metabolomic research has been published in lysosomal storage diseases
(LSD) field. LSDs represent a group of about 50 inherited disorders due
to lysosomal proteins deficiencies which lead to a progressive accu-
mulation of compounds within the lysosome. This metabolite storage
causes various organ failures and premature death [10]. Mucopoly-
saccharidoses (MPS) belong to the LSD group. They are caused by im-
paired catabolism of glycosaminoglycans (GAGs), leading to their ac-
cumulation in lysosomes and extracellular matrix [11]. Accumulated
GAGs cause progressively multiple tissues and organ damages [12].
There are 11 known enzyme deficiencies, resulting in seven distinct
forms of MPS [10]. The overall incidence is> 1 in 30,000 live births
[13]. Most MPS patients are asymptomatic after birth, however, pre-
natal symptoms may be observed in MPS I, MPS IVA and more fre-
quently in MPS VII. MPS symptoms and severity vary with patients and
MPS subtypes. Several MPS treatments are in clinical use or being in-
vestigated under clinical trials for patients [14]. MPS I is a rare auto-
somal recessive disorder caused by α-L-Iduronidase (IDUA, EC 3.2.1.76)
deficiency. IDUA degrades complex polysaccharides by removing a
single α-L-iduronyl residue from heparan sulfate and dermatan sulfate.
The symptoms range from the severe Hurler form [MPS IH - OMIM
#67014] to the more attenuated Hurler–Scheie (MPS IH/S - OMIM
#607015) and Scheie (MPS IS - OMIM #67016) phenotypes. The
classification is mainly based on the age at first symptoms and the
presence or not of mental retardation [15]. The average survival age is
of 28 years which imply patient's shift from pediatrics to adults [16].
Two specific treatments are available: hematopoietic stem cell trans-
plantations (from bone marrow or blood cord donors) since the 1980s,
and enzyme replacement therapy (ERT) (Laronidase, ALDURAZYME)
since the 2000s. The aim of this study is to apply both targeted and
untargeted metabolic profiling on MPS I patients compared to controls
and to treated MPS I patients (MPS IT) to assess metabolic changes in
this condition.

2. Materials and methods

2.1. Urine samples

Random urine samples were collected from MPS patients in whom
the diagnosis had been confirmed by demonstrating marked enzyme
deficiency in leucocytes and/or by molecular analysis.
Pseudodeficiencies have been ruled out. Urine samples were collected
within seven reference centers for inherited metabolic diseases in
France. Nineteen untreated MPS I patients were evaluated: 18 males
(age range from 1 to 43.6 years, mean age: 22 years) and 1 female (age

5.5 years). Control urine samples from 66 healthy subjects, 27 males
and 39 females (age range from 5.5 to 70 years, mean age: 40.8 years).
Fifteen samples from MPS IT with enzyme replacement therapy, 11
males and 4 females (ages range from 1.3 to 39.3 years, mean age:
11.5 years) were analyzed. This project was approved by the Research
Ethics Board of Rouen University Hospital (CERNI E2016-21).

2.2. Metabolic phenotyping

2.2.1. Sample preparation
For untargeted metabolomics, urine samples were processed by

transferring 200 μL of urines to 1.5 mL tubes and centrifuged at 4 °C for
10 min at 13,000g then 100 μL ultrapure water were added to 100 μL of
supernatant and mixed. For amino acids and GAG analysis, detailed
protocols are presented in Supporting information.

2.2.2. Untargeted analysis
Ultra-high-performance liquid chromatography-ion mobility mass

spectrometry and data-independent MS acquisition with simultaneous
analysis of molecular fragmentation (MSE) were performed on Synapt
G2 HDMS (Waters, Saint-Quentin-en-Yvelines, France) mass spectro-
meter as previously described [17]. Detailed protocol is presented in
Supplementary material.

2.2.3. Raw data preprocessing
All LC-IM/MS raw data files, data processing, peak detection and

peak matching across samples using retention time (tR) correction and
chromatographic alignment along with drift time and cross collision
section (CCS) calculation were performed using Progenesis QI (Waters
MS Technologies, Manchester, UK) to yield a data matrix containing
retention times, accurate masses (m/z), CCS and peak intensities. The
preprocessing step resulted in an X-matrix where tR, CCS and m/z va-
lues were concatenated into “tR_m/z_CCS” features (in columns) present
in each sample (in rows) with corresponding peak areas.

2.2.4. Quality control
Ten microliters of each urine sample are mixed together to generate

a pooled quality control sample (QCs). QCs and mobile phase blank
samples were injected sequentially in-between the urine samples. In
addition, a dilution series of QC samples (6%, 12.5%, 25%, 50% and
100% of original concentration) are used to assess the quality of the
extracted features. More details are presented as Supporting informa-
tion.

2.2.5. Targeted analysis
2.2.5.1. Amino acids quantification. The analysis of free amino acid
profiles in urine was based on a liquid chromatography coupled to
tandem mass spectrometry method and the aTRAQ reagent. The aTRAQ
kit (Sciex, France) allows to quantify 24 proteinogenic and non-
proteinogenic free amino acids, in a range of biological fluids. The
detailed description of the applied LC-MS/MS methodology is presented
in Supplementary material. The amino acids concentrations were
normalized using creatininuria.

2.2.5.2. Glycosaminoglycan quantification (HS, DS and KS). Total
urinary GAGs were measured with the dimethyl methylene blue-
binding assay [18]. Urinary GAG-derived disaccharides (heparan
sulfate, dermatan sulfate and keratan sulfate) were analyzed using
LC-MS/MS as described by Langereis et al. [19]. The detailed
description of the protocol is presented in Supplementary material.
The GAG concentrations were normalized on creatininuria.

2.3. Statistical analyses

A one-way analysis of variance (ANOVA) test was applied to each
selected variable in order to confirm their actual difference between the
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three groups. A t-test is used when binary comparison is applied.
Furthermore, the Benjamini and Hochberg false discovery rate (FDR)
method was used for calculating the false-positive rate associated with
multiple comparisons, and provides corrected q-values with a 0.05
significance level (FDR 5%). A Receiver operating characteristic curve
(ROC) has been used to assess the diagnostic performance of the chosen
classifiers.

2.4. Data analysis and modeling

Support vector regression normalization method was applied using
the MetNormalizer R package [20] before any data analysis, to remove
the unwanted intra- and inter-batch measurement analytical variations.
The normalized data matrix has been log-transformed and pareto-
scaled. All data analyzes and modeling were done using SIMCA 14.0
(MKS DAS, Umeå, Sweden) and R software. First, hierarchical cluster
analysis and PCA were used as exploratory unsupervised methods [21].
Orthogonal Partial Least-Squares-Discriminant Analysis (OPLS-DA) was
used as a supervised method for predictive modeling purposes. Details
regarding data modeling and validation results from all OPLS-DA
models are provided in Supplementary material.

2.5. Feature selection and annotation

To select the most discriminant variables for the separation of
groups, S-Plot was used. The S-plot combines the covariances and
correlations between the X matrix and OPLS scores for a given model
component. The covariance values give the magnitude of contribution
of a variable while the correlation values reflect the effect and relia-
bility of the variable for the model component scores. Variables with
both very high correlation and covariance are important for the ex-
planation power of the model. Selection of discriminant variables was
achieved using the VIP (Variable Influence in Projection) score proce-
dure for each validated OPLS-DA model [22]. Putative annotation of
detected features was performed using accurate mass comparison using
freely available metabolite databases HMDB, LipidBlast, KEGG, and
Metlin. Furthermore, CCS values were also compared to the MetCCS
database [23].

2.6. Pathway and network analysis

In order to provide a broader understanding of metabolic changes in
MPS I, we explored the biochemical pathways [24]. A network analysis
approach using the Mummichog software has been performed. This
Python package highlights pathways that are significantly impacted in
the studied groups. Significantly impacted biochemical pathways are
those exhibiting an adjusted p-value< 0.05. For this comparison, we
focused on features that significantly changed (q-values = 0.05 and
FDR = 5%). Mummichog annotates metabolites based on accurate
mass m/z and tests significant pathway enrichment within a reference
metabolic network using a Fisher's exact test [25]. To protect against
incorrect pathway selection, redundant pathways or those enriched by
fewer than two metabolites were excluded. MetaboAnalyst [26] has
been used for Metabolite Set Enrichment Analysis on the amino acid
concentration matrix. The Fig. 1 presents an overview of the adopted
metabolomics workflow.

3. Results

3.1. Untargeted analysis

The untargeted analysis of urine samples of control individuals, MPS
I and MPS IT patients yielded 854 features. The analysis by independent
ANOVA test resulted in 511 metabolites above the p < 0.05 cut-off
(FDR 5%). A hierarchical clustering analysis was first applied to group
samples with similar profiles of variable intensity. The heatmap in

Fig. 2A represents the top 100 features ranked by ANOVA. The results
show that all samples belonging to the same group were correctly
clustered together. The dendrogram structure highlights two main
clusters of variable intensities represented by its two longest branches
(maximum dissimilarity according to the Euclidean distance). Ac-
cording to the color gradient, the intensity differences between groups
are substantial. This first analysis allowed us to easily detect natural
clusters in the data, although it did not facilitate extraction of dis-
criminant variables among the dataset. To further explore natural se-
paration between metabolic profiles and reduce data dimensionality,
the dataset underwent a principal component analysis (PCA). The
number of significant components was estimated using internal cross-
validation with seven exclusion groups giving a three-component PCA
model accounting for 21% of the total variance. The resulting scores
plot was used to identify trends, groups and potential outliers within
the data. Fig. 2B shows PCA scores plot. There is a clear separation
between MPS I and MPS IT samples. However, there is an overlap with
the control samples. Thus, to address our classification purposes, su-
pervised methods are more suitable since they allow to accurately
model the relationship between controls, MPS I and MPS IT samples.
OPLS-DA classification was first applied to the dataset. Samples were
labeled according to the corresponding groups, MPS I, MPS IT and
control. A model was considered predictive if the Q2 (cross-validation
measure of the predictive power) regression line intercept resulting
from the permutation test was negative. This means that the random

EXPERIMENTAL DESIGNEXPERIMENTAL DESIGN

BIOLOGICAL INSIGHTSBIOLOGICAL INSIGHTS

Fig. 1. Illustration of the untargeted metabolomics workflow spanning from experimental
design to pathway analysis and biological interpretation. HMDB: Human Metabolome
Database. KEGG: Kyoto Encyclopedia of Genes and Genomes. MetCCS: Metabolite CCS
database. MSEA: Metabolite Set Enrichment Analysis. RSD: Relative Standard Deviation.
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Fig. 2. 2A) Hierarchical cluster analysis and heat map visualization of top 100 variables (y-axis) ranked by ANOVA. The urine sample classes are represented along the x-axis. The color
code was used to represent log-scaled intensities of features between −4 (blue) and +4 (brown), showing the features relative abundance according to the groups. 2B) PCA scores plot of
the normalized dataset. The three groups are represented by different colors. MPS I and MPS IT samples are well separated on PC1 according to their class membership. However, control
samples show an overlap. 2C) OPLSDA scores plot (R2 = 0.96, Q2 = 0.54) shows a clear separation between the different groups. PC 1 separates the MPS I samples from the controls.
However, PC2 separates treated MPS I from control samples. 2D) Clear separation between treated MPS I and MPS IT samples is observed (R2 = 0.97, Q2 = 0.63). 2E) Clear separation
between MPS I samples from the controls is observed (R2 = 0.94, Q2 = 0.63). Detailed model characteristics and validation are given in Supporting information. 2F) Heat map
representing the clustering of 24 amino acids across the 3 groups of samples (MPS I, MPS IT and Controls). Columns represent individual samples and rows refer to amino acid. Shades of
red or blue represent elevation or decrease, respectively, of an amino acid. 2G and 2H) Spearman rank-order correlation matrix 24 amino acids based on their concentrations profiles
across all samples. Shades of red or blue represent low-to-high correlation coefficient between markers. G) MPS I vs Control. H) MPS I vs MPS IT. (For interpretation of the references to
color in this figure legend, the reader is referred to the web version of this article.)

Table 1
Some discriminant features extracted by OPLS-DA models allowing the discrimination of control subjects, MPS I and MPS IT.

HMDB Putative annotation Formula M m/z Adduct Δ m/z (ppm) tR (min) tD (ms) CCS (A2) FDR %RSD VIP

MPS I vs. Control
HMDB00062 Carnitine C7H15NO3 161.1053 203.1518 M + ACN+ H 0.48 1.41 2.43 140.4 3.22E−09 10.0 1.90
HMDB00207 Oleic acid C18H34O2 282.2546 283.2616 M + H −4.36 10.75 4.00 183.6 9.20E−07 24.53 1.85
HMDB29022 Prolyl-Lysine C11H21N3O3 243.1595 282.1226 M + K 4.88 1.49 3.08 158.1 7.43E−08 5.97 1.73
HMDB00268 Tetrahydrocorticosteron C21H34O4 350.2465 351.2538 M + H 2.33 10.75 4.48 194.2 6.40E−05 17.26 1.51
HMDB00517 Arginine C6H14N4O2 174.1112 175.1212 M + H −2.70 1.23 2.11 130.7 3.21E−02 22.62 2.38

MPS I vs. MPS IT
HMDB00517 Arginine C6H14N4O2 174.1112 175.1212 M + H −2.70 1.23 2.11 130.7 6.12E−03 22.62 2.38
HMDB00207 Oleic acid C18H34O2 282.2546 283.2616 M + H −4.36 10.75 4.00 183.6 6.96E−04 24.53 1.93
HMDB00062 Carnitine C7H15NO3 161.1053 203.1518 M+ ACN + H 0.48 1.41 2.43 140.4 4.62E−04 9.97 1.93
HMDB28988 Phenylalanylalanine C12H16N2O3 236.1152 237.1225 M + H −3.62 7.67 2.70 147.8 2.07E−03 10.51 1.91
HMDB29022 Prolyl-Lysine C11H21N3O3 243.1595 282.1226 M + K 4.88 1.49 3.08 158.1 1.70E−03 5.97 1.77
HMDB00268 Tetrahydrocorticosteron C21H34O4 350.2465 351.2538 M + H 2.33 10.75 4.48 194.2 4.00E−03 17.26 1.61

M: monoisotopic mass, ppm: parts per million, tR: retention time, tD: drift time, CCS: cross collision section, VIP: variable importance in projection.

A. Tebani et al. Clinica Chimica Acta 475 (2017) 7–14

10



labeled models exhibit lower predictive performance than the true one.
The final model had an R2 = 0.96 and Q2 = 0.54. The OPLS-DA scores
plot (Fig. 2C) revealed that each class was well separated, suggesting
that the OPLS-DA model successfully discriminated samples according
to their underlying metabolic profile. This model was internally vali-
dated both by CV-ANOVA (p-value = 4 × 10−20) and by the permu-
tation test (999 permutations gave a negative Q2 intercept). Model
validation details are shown in Supplementary information (Fig. S5). To
go further in data modeling, binary OPLS-DA classification models have
been built. The first OPLS-DA model was built using a dataset including
Control and MPS I samples. The model had one predictive and two
orthogonal components, and its validation parameters were as follows:
R2 = 0.94, Q2 = 0.63 and CV-ANOVA p-value = 1.75 × 10−15 (Fig.
S6). The corresponding score plot is shown in Fig. 2E. It exhibited a
clear separation between the two classes on the predictive component.
A second OPLS-DA model was built using a dataset including MPS I and
MPS IT samples following the same procedure. The OPLS-DA model had
one predictive and three orthogonal components with R2 = 0.97,
Q2 = 0.63 and CV-ANOVA p-value = 5 × 10−4 (Fig. 2D). Selection of
discriminant variables was achieved using the VIP scores procedure for
each validated OPLS-DA model. Based on 1 as a cutoff value, 216 fea-
tures out of the 854 were selected for the MPS I vs. Control model and
169 for the MPS I vs. MPS IT model. We then refined the two lists of
variables by retaining only the most discriminant variables along with
their putative annotation. The list included Carnitine, Arginine, Tetra-
hydrocorticosteron, Prolyl-Lysine, oleic acid and Phenylalanylalanine.
These discriminant variables are presented in Table 1 for both models
along with their respective statistical metrics and annotation accuracy.
Boxplots of the main discriminant features are presented in Fig. S8. The
discriminant performance of these features is also assessed using area
under the ROC curves. Carnitine has the highest AUC (0.93). The
overall ROC results are shown in Fig. S9. Furthermore, to explore the
underlying pathways dysregulated in MPS I we used the Mummichog
software to look for significant pathways related to variation in the
significantly disturbed features. Different metabolism pathways were
affected such as glycerophospholipid metabolism, vitamins and amino
acids are shown in Table 2. Interestingly, a series of amino acid meta-
bolic pathways were markedly dysregulated.

3.2. Targeted analysis

The first targeted analysis addressed urinary glycosaminoglycans
concentrations. As expected, total GAGs, dermatan sulfate and heparan
sulfate are significantly elevated in MPS I patients (Table 3 and Fig.
S11). Of note, Keratan sulfate is slightly elevated in MPS I patients
compared to control samples. Given the results of the above untargeted
approach, we also performed a targeted amino acid profiling on all the
samples. Twenty-four amino acids were quantified and their con-
centrations were subjected to subsequent statistical and pathway ana-
lysis. Table S3 presents absolute urine concentrations of amino acids.
Boxplots of normalized amino acid concentrations are presented in Fig.
S10. The statistical analysis of amino acids is listed in Table 3. Re-
garding Control vs. MPS I comparison, thirteen amino acids have shown
significant differences between the two groups; Arginine, Aspartic acid,
Glutamic acid, Proline, Valine, Tryptophan, Lysine, Alanine, Leucine,
Histidine, Threonine, Glutamine and Glycine. Besides, six amino acids
showed statistically different concentrations between MPS I and MPS IT
samples: Glutamic acid, Aspartic acid, Valine, Alanine and Isoleucine.
To determine the amino acids profile differences between controls and
MPS I and MPS IT patients, the 24 amino acids were first analyzed by an
ANOVA test. The analysis yielded eight amino acids above the
p < 0.05 cut-off (FDR 5%). A hierarchical clustering analysis was first
applied to group samples with similar profiles. The heatmap in Fig. 2F
represents the 24 amino acids ranked by ANOVA. Even though, there is
no an obvious visual pattern, the results show that all samples be-
longing to the same group were correctly clustered together. The den-
drogram structure highlights two main clusters of variables represented
by its two longest branches (maximum dissimilarity according to the
Euclidean distance). Furthermore, a correlation analysis of the overall
concentrations matrix has been performed. Fig. 2G and 2H present the
heatmap of the correlation analysis. Both figures show a clear cluster of
variables that have high correlation. Fig. 2G (MPS I vs control) showed
a main cluster including Alanine, Leucine, Valine, Tyrosine, Threonine,
Isoleucine, Histidine, Tryptophane, Serine, Asparagine, Glutamine and
Phenylalanine. Regarding MPS I vs MPS IT, Fig. 2H shows two main
clusters: The first one includes Isoleucine, Asparagine, Threonine,
Serine, Tyrosine, Glutamine and Tryptophane; the second includes
Alanine, Phenylalanine, Leucine, Valine, Glycine and Histidine. To as-
sess the diagnostic performance of the different amino acids, univariate
ROC curve analyses for MPS I vs. Control groups indicated four amino
acids with high AUC above 0.80 and are: Arginine (0.90), Glutamic acid
(0.86), Aspartic acid (0.83) and Proline (0.81). The same procedure has
been performed for MPS I vs. MPS IT groups and indicated two amino
acids with high AUC above 0.80 and were: Aspartic acid (0.85) and
Isoleucine (0.82). The overall univariate and ROC analysis results are
presented in Table 3. A comparison of different combinations of the
main significant amino acids using a PLSDA model with three compo-
nents each is presented in Fig. S12. Using these quantitative data, we
performed pathway analysis that yielded the main impaired metabo-
lisms. For MPS I vs. Control analysis, Arginine and Proline, Malate-
Aspartate Schuttle, Cysteine, Urea cycle and alanine metabolism were
the most affected pathways. Regarding, MPS I vs. MPS IT analysis,
Alanine, Malate-Aspartate Schuttle, branched amino acids metabolisms
were the most affected. The overall results are shown in Fig. 3A and 3B
for all the studied groups.

4. Discussion

In this study, the potential of metabolomics to identify biomarkers
related to MPS I in urine was investigated. The data demonstrates that
lysosomal accumulation of GAGs triggers deep metabolic turnover in
MPS I patients. Urinary global metabolomics profiling may provide
better understanding MPS I disease mechanisms and may pave the way
for potential biomarkers. The unveiled metabolic alterations were
mainly relevant to amino acid pathways contributing significantly to

Table 2
Significantly dysregulated pathways.

Pathway Overlap size p-value (FDR = 5%)

MPS I vs. Control
Lysine metabolism 13 0.0014
Glycerophospholipid metabolism 11 0.0028
Methionine and cysteine metabolism 8 0.0123
Tyrosine metabolism 26 0.0216
Biopterin metabolism 7 0.0222
Urea cycle/amino group metabolism 14 0.0260
Ascorbate (Vitamin C) and Aldarate

metabolism
5 0.0264

Arginine and Proline metabolism 8 0.0341
Glutathione metabolism 3 0.0388
Vitamin H (biotin) metabolism 3 0.0388

MPS I vs. MPS IT
Aspartate and asparagine metabolism 13 0.0075
Lysine metabolism 9 0.0128
Glutathione metabolism 3 0.0145
Vitamin H (biotin) metabolism 3 0.0145
De novo fatty acid biosynthesis 6 0.0280
Tyrosine metabolism 19 0.0357
Ascorbate (Vitamin C) and Aldarate

metabolism
4 0.0359

Omega-3 fatty acid metabolism 3 0.0449
Vitamin B5 - CoA biosynthesis from

pantothenate
3 0.0449

FDR: false discovery rate.
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the clear discrimination of the different studied groups, MPS I, MPS IT
and control samples using their metabolic differences. Indeed, based on
the untargeted urinary metabolic profiles retrieved from the different
studied groups, we were able to build a predictive model that clearly
separates the different studied groups, MPS I, MPS IT and control
samples using their metabolic differences. This study showed metabolic
impairments mainly in amino acid metabolism and related metabolisms
such vitamin and glutathione metabolisms. In the light of these results,
we performed a targeted analysis focusing on amino acids profiles
which confirmed the amino acids profiles alterations. This pathway
analysis yielded different dysregulated metabolic pathways.
Furthermore, we performed a comparative analysis between the
pathway analysis results from both untargeted and targeted data along
with the recently in silico systems analysis data reported by Salazar
et al. [27]. These authors performed a system biology approach using a
genome-scale human metabolic reconstruction to understand the effect
of metabolism alterations in MPS. The in silico MPS I model was gen-
erated by silencing IDUA gene then this model was analyzed through a
flux balance and variability analysis. Thus, to depict the interrelation-
ships between our untargeted and targeted results along with these in
silico metabolic impairment data, we used a Venn diagram approach
(Fig. 3C). Thus, two main metabolisms were identified: Arginine-Pro-
line metabolism and Cysteine-Glutathione metabolism. Detailed data
are presented in Table S4. Arginine-Proline metabolism is depicted in
Fig. S13 and cysteine-glutathione metabolism is presented in Fig. S14.
The later metabolism is tightly linked to oxidative stress. Recent studies
have shown oxidative damage involvement in the pathophysiology of
several genetic diseases, including LSD [28]. The GAG biosynthesis
requires recycled substrates, however, the lack of recycled substrates in
MPS may lead to an increase in cellular energy needs [29]. This energy
requirement may trigger the active mitochondrion turnover and results
in an excess production of reactive oxidative species. Moreover,

mitochondrion turnover is also triggered by the alteration of mitophagy
process [30]. Oxidative stress has been recognized as a mechanism of
cell damage in MPSs and has been reported in MPS patients undergoing
ERT [31–35]. Fillipon et al. demonstrated that a reduction of oxidative
defenses induces lipid and protein oxidative damages in MPS II pa-
tients; ERT plays a protective role et restores the antioxidant response
[36]. Besides, Donida et al. showed that pro-inflammatory and pro-
oxidant features occur in MPS IVA patients and that ERT has no effect.
The authors suggested an antioxidant supplementation in combination
with ERT to enhance the therapeutic effect [35]. Concerning MPS I,
oxidative stress has been observed in a mouse model [37,38]. Pereira
et al. assessed oxidative stress in MPS I patients, compared with control
subjects [31]. The authors detected a decrease in superoxide dismutase
activity in erythrocytes from MPS I patients after ERT, while catalase
activity increased after ERT compared to baseline levels. These findings
could suggest that potential antioxidants might be included as ad-
juvants for current MPS therapies. Regarding arginine, its classification
performance is interestingly comparable with that of the quantified
GAGs (Table 3). Arginine is an amino acid which is involved in several
key metabolisms, urea cycle, nitric oxid, polyamins, glutamate, proline
and homoarginine. Furthermore, changes in arginine levels act as nu-
tritional sensors and regulate cellular metabolism through its interac-
tion with mammalian target of rapamycin complex 1 (mTORC1) [39].
Recently, Chantranupong et al. demonstrated that arginine sensing by
mTORC1 is specific and depends on CASTOR1. The later interacts with
GATOR2 to inhibit mTORC1 in low arginine condition. In the presence
of arginine, CASTOR1 is bound to arginine, and thus free up GATOR2
and activate mTORC1 [40]. mTORC1 is a key regulator of protein
synthesis, cell growth and autophagy [41]. Autophagy has been de-
scribed as impaired in several LSDs [42] which may be attributed to
lysosome dysfunction but may also be linked to arginine metabolism
impairment. Woloszynek et al. observed profound metabolic alterations

Table 3
t-Test statistics, fold change and area under the curve (AUC) of the receiver operating curves (ROC) for 24 amino acids and the Glycoaminoglycans (GAGs) (p < 0.05). Significant
features are highlighted in bold (false discovery rate FDR = 5%).

MPS I vs Control MPS I vs MPS IT

AUC q-Value (FDR) Fold change AUC q-Value (FDR) Fold change

Amino acids
L-Arginine 0.904 3.14E−06 −3.75 0.51 4.78E−01 −0.41
L-Aspartic acid 0.83 2.25E−04 −2.19 0.86 1.52E−02 1.3
L-Glutamic acid 0.858 4.78E−04 −1.85 0.75 3.58E−02 0.28
L-Proline 0.816 4.79E−04 −1.89 0.73 7.34E−02 0.43
L-Valine 0.786 1.50E−02 −1.87 0.78 3.33E−02 0.5
L-Tryptophane 0.752 2.41E−02 −2.72 0.66 2.08E−01 0.16
L-Lysine 0.751 2.41E−02 −2.56 0.75 7.34E−02 0.47
L-Alanine 0.784 2.41E−02 −2.13 0.76 3.58E−02 0.83
L-Leucine 0.734 2.51E−02 −1.45 0.76 4.72E−02 0.35
L-Histidine 0.733 4.30E−02 −2.53 0.61 2.82E−01 −0.05
L-Threonine 0.687 4.77E−02 −1.13 0.67 2.01E−01 0.12
L-Glutamine 0.746 4.77E−02 −2.08 0.68 2.01E−01 0.15
Glycine 0.754 4.77E−02 −2.05 0.58 2.01E−01 0.04
Cystathionine 0.709 7.17E−02 −1.85 0.65 3.65E−01 0.15
L-Serine 0.718 7.19E−02 −2.06 0.68 2.82E−01 0.4
L-Isoleucine 0.685 7.19E−02 −1.1 0.83 1.85E−02 1.81
L-Phenylalanine 0.704 7.80E−02 −1.3 0.75 1.51E−01 0.7
L-Ornithine 0.652 1.23E−01 −1.54 0.57 7.94E−01 −0.19
L-Citrulline 0.657 1.72E−01 −1 0.66 3.96E−01 0.19
L-Tyrosine 0.636 2.15E−01 −0.96 0.69 2.08E−01 0.55
L-Cystine 0.53 2.50E−01 −0.98 0.58 5.65E−01 −0.31
L-Asparagine 0.638 2.61E−01 −0.73 0.7 2.31E−01 0.74
Taurine 0.549 3.06E−01 −1.22 0.59 4.00E−01 −1.95
L-Methionine 0.524 3.65E−01 −0.48 0.65 1.93E−01 0.09

GAGs
Total GAGs 0.92 4.76E−04 −3.74 0.79 6.39E−01 1.56
Dermatan sulfate 0.92 1.37E−06 −5.14 0.78 3.65E−01 2.48
Heparan sulfate 0.89 1.14E−03 −3.13 0.75 6.02E−01 1.46
Keratan sulfate 0.91 2.75E−02 −1.84 0.77 5.65E−01 1.24
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in energy expenditure in MPS I mice, similar to those observed in the
current study with an increase in most amino acids concentrations in-
cluding dipeptides, amino acid derivatives, and urea [43]. The authors
attributed these changes to an increase of protein catabolism and an
autophagy disruption as a consequence of lysosome dysfunction. In-
terestingly, autophagic vacuoles number are increased in several LSDs,
and reduced in MPS I mice fed a high-fat diet [43].

5. Conclusion

Metabolic phenotyping enabled us to unveil profound metabolic
impairments beyond the primary deficiency in MPS I. The under-
standing of disease pathophysiological bases may open new therapeutic
strategies such as antioxidants adjuvants and diet intervention as
complementary treatments for MPS and maybe for other LSDs.
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