
7.85.6

Dysregulated	Metabolic
Pathways	in	Subjects	with
Obesity	and	Metabolic
Syndrome

Fayaz	Ahmad	Mir,	Ehsan	Ullah,	Raghvendra	Mall,	Ahmad	Iskandarani,	Tareq	A.	Samra,

Farhan	Cyprian,	Aijaz	Parray,	Meis	Alkasem,	Ibrahem	Abdalhakam,	Faisal	Farooq	et	al.

Special	Issue
Amino	Acid	Metabolism	and	Disease

Edited	by

Dr.	María	A.	Pajares

Article

https://doi.org/10.3390/ijms23179821

https://www.mdpi.com/journal/ijms
https://www.scopus.com/sourceid/25879
https://www.ncbi.nlm.nih.gov/pubmed/?term=1422-0067
https://www.mdpi.com/journal/ijms/stats
https://www.mdpi.com/journal/ijms/special_issues/Amino_Disease
https://www.mdpi.com/
https://doi.org/10.3390/ijms23179821


Citation: Mir, F.A.; Ullah, E.; Mall, R.;

Iskandarani, A.; Samra, T.A.; Cyprian,

F.; Parray, A.; Alkasem, M.;

Abdalhakam, I.; Farooq, F.; et al.

Dysregulated Metabolic Pathways in

Subjects with Obesity and Metabolic

Syndrome. Int. J. Mol. Sci. 2022, 23,

9821. https://doi.org/10.3390/

ijms23179821

Academic Editor: María A. Pajares

Received: 30 June 2022

Accepted: 9 August 2022

Published: 29 August 2022

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2022 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

 International Journal of 

Molecular Sciences

Article

Dysregulated Metabolic Pathways in Subjects with Obesity and
Metabolic Syndrome

Fayaz Ahmad Mir 1,*,† , Ehsan Ullah 2,*,† , Raghvendra Mall 2,3 , Ahmad Iskandarani 1,

Tareq A. Samra 1, Farhan Cyprian 4, Aijaz Parray 5, Meis Alkasem 1, Ibrahem Abdalhakam 1,

Faisal Farooq 2 and Abdul-Badi Abou-Samra 1

1 Qatar Metabolic Institute, Academic Health System, Hamad Medical Corporation, Doha, Qatar
2 Qatar Computing Research Institute (QCRI), Hamad Bin Khalifa University, Doha, Qatar
3 Department of Immunology, St. Jude Children’s Research Hospital, Memphis, TN 38104, USA
4 College of Medicine, QU Health, Qatar University, Doha, Qatar
5 Qatar Neuroscience Institute, Academic Health System, Hamad Medical Corporation, Doha, Qatar

* Correspondence: fmir1@hamad.qa (F.A.M.); eullah@hbku.edu.qa (E.U.)

† These authors contributed equally to the work.

Abstract: Background: Obesity coexists with variable features of metabolic syndrome, which is

associated with dysregulated metabolic pathways. We assessed potential associations between

serum metabolites and features of metabolic syndrome in Arabic subjects with obesity. Methods:

We analyzed a dataset of 39 subjects with obesity only (OBO, n = 18) age-matched to subjects with

obesity and metabolic syndrome (OBM, n = 21). We measured 1069 serum metabolites and correlated

them to clinical features. Results: A total of 83 metabolites, mostly lipids, were significantly different

(p < 0.05) between the two groups. Among lipids, 22 sphingomyelins were decreased in OBM

compared to OBO. Among non-lipids, quinolinate, kynurenine, and tryptophan were also decreased

in OBM compared to OBO. Sphingomyelin is negatively correlated with glucose, HbA1C, insulin,

and triglycerides but positively correlated with HDL, LDL, and cholesterol. Differentially enriched

pathways include lysine degradation, amino sugar and nucleotide sugar metabolism, arginine and

proline metabolism, fructose and mannose metabolism, and galactose metabolism. Conclusions:

Metabolites and pathways associated with chronic inflammation are differentially expressed in

subjects with obesity and metabolic syndrome compared to subjects with obesity but without the

clinical features of metabolic syndrome.

Keywords: metabolomics; obesity; metabolic syndrome; inflammation; sphingomyelins

1. Introduction

Obesity, a condition in which the body accumulates excessive fat, has been strongly
associated with various diseases, such as heart disease, diabetes, high blood pressure,
joint disorders, and certain cancers. The World Health Organization (WHO) recently
reported that the incidence of obesity has tripled since 1975 [1]. In 2016, the WHO reported
more than 1.9 billion adults (18 years and above) were overweight, and over 650 million
were obese [2]. Recent estimates show that every five units of higher body mass index
(BMI) above 25 kg/m2 is associated with about 31% higher risk of premature death [3].
Obesity together with dysglycemia, dyslipidemia, and hypertension is called metabolic
syndrome. Obesity is the main driver of metabolic syndrome, where its exponential rise
has concomitantly resulted in an alarming incidence of metabolic disorder. Apart from
metabolic syndrome, being overweight or obese predisposes people to a range of adverse
health consequences, including endocrine disorders (e.g., advanced pubertal development
and polycystic ovarian disease), cardiovascular disease (e.g., hypertension), respiratory
symptoms including breathlessness and obstructive sleep apnea, and some malignancies [4].
Many recent studies [5–7] have indicated that metabolic syndrome is associated with
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increased risk of both atherosclerotic cardiovascular disease (ASCVD) and type 2 diabetes.
Compared to normal persons, people with metabolic syndrome have at least a twofold
increase in risk for ASCVD and about a fivefold risk for type 2 diabetes in both men and
women [8]. In addition, diabetes is accompanied by microvascular disease, which is a
common cause of chronic renal failure. The relationship between metabolic risk factors and
development of ASCVD is complex and certainly not well understood.

Prevention and treatment of obesity and obesity-related diseases are therefore major
public health challenges that need to be addressed. Obesity is a heterogeneous and complex
condition, and the subgroup of individuals with obesity but no metabolic disorders has
been described to have “only obesity” (OBO) [9]. In contrast to obesity with metabolic dis-
eases (OBM), the OBO phenotype has a favorable lipid profile and normal or only slightly
affected insulin sensitivity, despite the similar amount of body fat [9]. Better understand-
ing of the mechanisms underlying obesity-related metabolic diseases and their resulting
early complications, preferably before symptoms are evident, is crucial for developing
new therapies.

Metabolomics is a technology for profiling and measuring the levels of low-molecular-
weight metabolites (<1500 Da) in various systems, from cells to whole organisms [10]. Over
the last decade, metabolomics studies have identified several relevant biomarkers involved
in complex clinical phenotypes in diverse biological systems. Most diseases result in
signature metabolic profiles that reflect the sum of external and internal cellular activity [11].
Untargeted metabolic characterization profiles all metabolites within a sample with the
aim of identifying diverse metabolites to generate hypotheses. It can be used to identify
biomarkers to unveil the molecular mechanisms of complex diseases, for monitoring
diseases, and for risk evaluation.

Metabolic derangements between OBO and OBM have been explored, with initial
findings suggesting that the OBO cohort is not at risk of metabolic morbidities such as
cardiovascular disease (CVD) [9,12]. Other investigations found that risk of metabolic mor-
bidities increases with obesity [13]. A recent systematic review performed a meta-analysis
comparing OBO versus OBM and included 12 high-quality studies. The findings of the
meta-analysis included shifts in the levels of branched-chain amino acids, aromatic amino
acids, and acylcarnitine. These biomarkers are very similar to those identified in patients
diagnosed with coronary heart disease, suggesting a high incidence of cardiovascular
disease in the OBM group [14]. Moreover, the risk of cardiovascular diseases increases
with age; therefore, age can influence the OBM group. There is need to investigate the
metabolic differences between OBO and OBM groups while controlling for factors such as
comorbidities and age.

The rationale of this study was to identify the underlying metabolic pathways and
metabolic mechanisms that are differentially regulated in OBO vs. OBM subjects. Even
though the concept of metabolically healthy obesity remains controversial, a profound un-
derstanding of the underlying metabolic regulation between the OBO and OBM is necessary
to enhance the current knowledge of development and regulation pathways and to optimize
prevention and treatment strategies. In the current study, we aimed to discover metabolic
variations in obese individuals with and without metabolic disorders. The criteria for group
assignment were based on metabolic syndrome, obesity, and any two of the following
conditions: triglycerides ≥ 150 mg/dL (1.7 mmol/L), HDL < 40 mg/dL (1.03 mmol/L)
in men or <50 mg/dL (1.29 mmol/L) in women, blood pressure ≥ 130/85 mm Hg, and
fasting blood glucose ≥ 110 mg/dL (5.6 mmol/L) [15]. The individuals in the OBO and
OBM groups were age-matched. We used pathway enrichment analysis and statistical
analysis to identify individual metabolites that have different levels in OBO compared to
OBM. Lysine degradation, amino sugar and nucleotide sugar metabolism, arginine and
proline metabolism, fructose and mannose metabolism, and galactose metabolism were
the significantly enriched pathways (p < 0.05). We identified 83 metabolites that were
significantly different between OBO and OBM (p < 0.05). The identified biomarkers were
mostly lipids and amino acids. Most of the lipids that had low concentrations in OBM were
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associated with inflammation, indicating a key role of inflammation in differentiating OBO
and OBM groups.

2. Results

2.1. Baseline Characteristics of the Study Population

The participants were divided into OBO and OBM groups. The participants in the two
groups were age-matched, resulting in 39 subjects (18 in OBO and 21 in OBM) included in
the study.

The baseline characteristics of the participants are summarized in Table 1. The mean
age of OBO and OBM groups is 38.06 ± 4.21 and 40.52 ± 7.26 years, respectively, and
the BMI is 40.95 ± 4.48 and 39.64 ± 2.90 kg/m2, respectively. The number of females in
the OBO group is more than those in the OBM group, but it is not statistically significant
(p = 0.415).

Table 1. Cohort characteristics with reported mean (standard deviation) for all variables: p-values cor-

respond to differences between the means; underlined p-values are significantly below the threshold

of 0.05.

OBO OBM OBO vs. OBM

M
n = 7

F
n = 11

All
n = 18

pg
M

n = 12
F

n = 9
All

n = 21
pg pm pf pa

ALT 28.1 (12.1) 15.9 (8.8) 20.7 (11.6) 0.026 48.8 (42.5) 20.1 (8.8) 36.5 (35.1) 0.042 0.137 0.310 0.063
AST 25.8 (12.6) 14.3 (2.5) 18.8 (9.6) 0.006 28.8 (18.0) 16.7 (4.8) 23.6 (15.0) 0.044 0.712 0.337 0.251
Age 39.9 (3.0) 36.9 (4.6) 38.1 (4.2) 0.153 41.3 (7.8) 39.6 (6.8) 40.5 (7.3) 0.497 0.588 0.402 0.283

Albumin 40.8 (3.7) 35.8 (3.9) 37.7 (4.5) 0.030 40.7 (2.8) 36.9 (2.3) 39.1 (3.2) 0.008 0.866 0.939 0.367
BMI 38.6 (4.0) 40.9 (4.7) 40.0 (4.5) 0.238 40.4 (2.4) 38.7 (3.3) 39.6 (2.9) 0.201 0.271 0.196 0.746

C-Peptide 4.9 (5.2) 3.2 (1.4) 3.9 (3.4) 0.429 4.5 (1.7) 3.5 (1.0) 4.1 (1.5) 0.111 0.847 0.605 0.814
CRP 9.0 (6.5) 14.0 (13.1) 12.0 (11.0) 0.364 5.3 (3.1) 10.6 (2.8) 7.6 (4.0) 0.003 0.218 0.428 0.121

Cholesterol 5.7 (1.2) 4.5 (0.8) 4.9 (1.1) 0.025 4.8 (1.3) 4.8 (0.9) 4.8 (1.1) 0.887 0.154 0.437 0.665
Creatinine 80.9 (7.7) 59.0 (9.8) 67.5 (14.1) <0.001 70.8 (14.0) 58.1 (11.2) 65.3 (14.1) 0.059 0.057 0.820 0.563

Glucose 5.1 (0.7) 5.2 (0.5) 5.2 (0.6) 0.819 6.5 (1.4) 8.5 (4.9) 7.3 (3.4) 0.268 0.031 0.081 0.009
HDL 1.6 (1.0) 1.4 (0.4) 1.5 (0.7) 0.766 0.9 (0.4) 1.1 (0.1) 1.0 (0.3) 0.275 0.166 0.006 0.008

HbA1C 5.6 (0.3) 5.5 (0.3) 5.5 (0.3) 0.383 6.8 (1.2) 7.3 (2.6) 7.0 (1.9) 0.618 0.016 0.068 0.002
Insulin 16.2 (7.1) 21.0 (16.1) 19.1 (13.3) 0.479 30.4 (15.1) 22.9 (8.3) 27.2 (12.9) 0.277 0.056 0.743 0.062

LDL 3.4 (1.8) 2.4 (0.7) 2.8 (1.3) 0.179 2.6 (1.3) 2.6 (0.9) 2.6 (1.1) 0.915 0.397 0.492 0.728
Triglycerides 1.5 (0.4) 1.3 (0.5) 1.4 (0.5) 0.318 2.8 (1.8) 2.4 (1.1) 2.7 (1.5) 0.523 0.031 0.013 0.001

M: males; F: females; All: males and females in the group; pg: p-value corresponding to differences between the
means for males and females within the group; pm: p-value corresponding to differences between the means for
males across the groups; pf: p-value corresponding to differences between the means for females across the groups;
pa: p-value corresponding to differences between the means for all, across the groups.

Mean values of ALT, AST, and albumin are significantly different between the genders
within the groups and are higher in males compared to females, reflecting the normal trend.
Mean values of cholesterol and creatinine are significantly higher in males compared to
females in OBO, whereas the mean value of CRP is significantly lower in males compared
to females in OBO.

Mean values for glucose, HDL, glycosylated hemoglobin HbA1C, and triglycerides
are baseline clinical parameters that exhibit statistically significant differences between the
OBO and OBM groups. Similar trends in the mean values for these clinical parameters are
found in the same-gender participants across the groups, although they are not statistically
significant for one of the genders.

2.2. Univariate Analysis

Univariate analysis of the metabolomics profile was performed using logistic regres-
sion. Out of the 696 metabolites analyzed, 83 metabolites were found in significantly
different levels (p < 0.05) in the OBM group relative to the OBO group. The fold-change
in the concentration of metabolites is plotted against the p-value in the volcano plot in
Figure 1A. The number of metabolites significantly changed in super classes is summarized
in Figure 1B. Among the significant metabolites, 66 (79%) metabolites were decreased in
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OBM, including lipids (n = 35), amino acids (n = 15), peptides (n = 6), nucleotides (n = 4),
partially characterized molecules (n = 3), carbohydrates (n = 2), and cofactors/vitamins
(n = 1). Of the remaining, 17 metabolites were elevated in OBM, including lipids (n = 8),
carbohydrates (n = 3), amino acids (n = 3), peptides (n = 1), xenobiotics (n = 1), and
energy-related metabolites (n = 1).
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Figure 1. Changes in metabolite concentrations in OBM vs. OBO. (A) Volcano plot of log2 (fold-

change) versus −log10(p-value) of metabolites. Metabolites above the dashed line have p < 0.05.

(B) Bar plot showing the number of metabolites significantly increased or decreased in a super

pathway.

In the following subsections, we discuss some metabolites of interest in detail. The met-
abolites selected are highly significant and are directly or indirectly related to inflammation.

2.2.1. Sphingomyelins Are Significantly Decreased in OBM

The most significant differences among metabolites (p < 0.05) in OBM compared
to OBO were lipids. Interestingly, several sphingomyelins were significantly decreased
in OBM compared to OBO (Figure 2). The sphingolipids include hydroxypalmitoyl
sphingomyelin (d18:1/16:0(OH))** (p = 0.007), palmitoyl sphingomyelin (d18:1/16:0)
(p = 0.008), sphingomyelin (d17:1/14:0, d16:1/15:0)* (p = 0.041), sphingomyelin (d17:1/16:0,
d18:1/15:0, d16:1/17:0)* (p = 0.01), sphingomyelin (d17:2/16:0, d18:2/15:0)* (p = 0.004),
sphingomyelin (d18:1/17:0, d17:1/18:0, d19:1/16:0) (p = 0.013), sphingomyelin (d18:1/18:1,
d18:2/18:0) (p = 0.004), sphingomyelin (d18:1/19:0, d19:1/18:0)* (p = 0.017), sphingomyelin
(d18:1/20:1, d18:2/20:0)* (p = 0.002), sphingomyelin (d18:1/20:2, d18:2/20:1, d16:1/22:2)*
(p = 0.014), sphingomyelin (d18:1/21:0, d17:1/22:0, d16:1/23:0)* (p = 0.046), sphingomyelin
(d18:1/22:1, d18:2/22:0, d16:1/24:1)* (p = 0.006), sphingomyelin (d18:1/22:2, d18:2/22:1,
d16:1/24:2)* (p = 0.003), sphingomyelin (d18:1/24:1, d18:2/24:0)* (p = 0.006), sphingomyelin
(d18:2/14:0, d18:1/14:1)* (p = 0.04), sphingomyelin (d18:2/16:0, d18:1/16:1)* (p = 0.007), sph-
ingomyelin (d18:2/18:1)* (p = 0.006), sphingomyelin (d18:2/21:0, d16:2/23:0)* (p = 0.029),
sphingomyelin (d18:2/23:0, d18:1/23:1, d17:1/24:1)* (p = 0.003), sphingomyelin (d18:2/24:1,
d18:1/24:2)* (p = 0.003), sphingomyelin (d18:2/24:2)* (p = 0.005), and stearoyl sphin-
gomyelin (d18:1/18:0) (p = 0.025).

In the box plots, the upper and lower ends of the box represent the 25th and 75th
percentiles of the data, respectively. The whiskers on the top and bottom of the box
represent data above the 75th percentile and below 25th percentile, respectively. The line
in the middle of the box represents the median of the data. The data shown in the box
plots are normalized with zero mean and unit variance. The data were normalized to make
comparison between different compounds easier when the plots are shown side-by-side.
The same convention is used for the rest of the box plots.
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Figure 2. Distribution of statistically significant sphingomyelins in OBO (left groups) and OBM

(right groups). The box plots are supplemented with violin plots to show distribution of samples

across different MS values of the sphingomyelins.

2.2.2. Quinolinate Is Significantly Decreased in OBM

Quinolinate was the only significant (p = 0.006) cofactor found in the panel of metabo-
lites differentially expressed in OBO versus OBM. The concentration of quinolinate, along
with kynurenine (p = 0.097) and tryptophan (p = 0.308), was found to be low in OBM
compared to OBO subjects (Figure 3).
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Figure 3. Distribution of kynurenine, quinolinate, and tryptophan in OBO (left groups) and OBM

(right groups). The box plots are supplemented with violin plots to show distribution of samples

across different MS values of the sphingomyelins.

2.3. Pathway Enrichment Analysis

The results of metabolic pathway enrichment analysis are shown in Table 2. The
pathways shown have p < 0.05. False discovery rate (FDR) correction was not used due
to the small sample size. The enriched pathways include lysine degradation (enrichment
ratio (ER) = 4.18), amino sugar and nucleotide sugar metabolism (ER = 5.09), arginine
and proline metabolism (ER = 2.21), fructose and mannose metabolism (ER = 3.91), and
galactose metabolism (ER = 3.07).

Table 2. Pathway enrichment analysis of metabolites. Only pathways with p < 0.05 are reported.

Total represents the number of metabolites identified by KEGG in that pathway, and hits represents

the number of metabolites associated in the present study.

Pathway Total Hits Statistic Q Expected Q p

Lysine degradation 25 5 11.615 2.778 0.003
Amino sugar and nucleotide sugar

metabolism
37 3 14.145 2.778 0.005

Arginine and proline metabolism 38 12 6.149 2.778 0.015
Fructose and mannose metabolism 20 3 10.852 2.778 0.017

Galactose metabolism 27 6 8.527 2.778 0.020

The KEGG pathway map for arginine and proline metabolism is shown in Figure 4. The
colored nodes represent metabolites found in our metabolomics panel. The metabolites are
highlighted based on the mean concentration in OBM and OBO groups, where blue, yellow,
and red represent low, same, and higher mean concentrations of metabolites, respectively,
in OBM compared to OBO. A high-resolution map is available in Supplementary Material
Figure S2. Among the 12 compounds in arginine and proline metabolism that were present
in our metabolomic profile, guanidinoacetate and pyruvate had higher concentrations in
OBM compared to OBM, whereas n-acetylputrescine and N4-acetamidobutanoate had
lower concentrations in OBM compared to OBO. The higher concentration of pyruvate
cannot be completely attributed to arginine and proline metabolism, as it is also produced
by metabolism of sugars. The changes in the ratio of ornithine and L-arginine in OBM and
OBO indicates a shift in the metabolism of L-arginine to produce nitric oxide (NO). The
ratio of mean concentration of ornithine and L-arginine in OBO is 0.88, whereas the ratio is
1.01 in OBM. The increased ratio indicates less production of nitric oxide.
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Figure 4. KEGG pathway map of arginine and proline metabolism. Metabolites in blue, yellow,

and red have lower, the same, and higher concentrations, respectively, in OBM compared to OBO.

Non-colored metabolites were not part of the metabolomics profile. The box plots show distribution

of significant metabolites (p < 0.05) in the pathway. The box plots are supplemented with violin plots

to show distribution of samples across different MS.

2.4. Association of Metabolite Concentration with Clinical Parameters

Association of metabolites differentially expressed in OBO and OBM with clinical
features of metabolic syndrome was also investigated using Pearson correlation. The clinical
parameters included glucose, HbA1C, insulin, triglycerides, albumin, ALT, AST, HDL, LDL,
cholesterol, and CRP. The heatmap of calculated correlations is shown in Figure 5. The
p-values for the correlations were also computed using the ‘cor.test’ function in the stats
package of R. A cross placed on the correlation cell in the heatmap indicates no significance
(p < 0.05).
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Figure 5. Heatmap of correlation of differentially expressed metabolites in OBO and OBM. Each

row represents a metabolite, and a column represents a clinical parameter. A cross indicates that

correlation is not significant (p < 0.05).

Glucose, lactate, fructose, mannitol/sorbitol, mannose, proline, and n-acetyleneuraminate
were found positively correlated with the clinical laboratory values of glucose and HbA1C.
Arginine and N6-acetyllysine were negatively correlated with glucose and HbA1C. Or-
nithine was positively correlated with HbA1C, whereas quinolinate, sphingomyelin
(d18:2/18:1)*, sphingomyelin (d18:1/24:1, d18:2/24:0)*, and sphingomyelin (d18:2/24:1,
d18/24:2)* were negatively correlated with HbA1C.

Sphingomyelin (d18:2/21:0, d16:2/23:0)*, hydroxypalmitoyl sphingomyelin (d18:1/
16:0(OH))**, spermidine, sphingomyelin (d18:2/23:0, d18:1/23:1, d17:1/24:1)*, sphin-
gomyelin (d18:1/17:0, d17:1/18:0, d19:1/16:0), sphingomyelin (d18:1/22:1, d18:2/22:0,
d16:1/24:1)*, sphingomyelin (d18:1/21:0, d17:1/22:0, d16:1/23:0)*, sphingomyelin (d18:1/24:1,
d18:2/24:0)*, and sphingomyelin (d18:2/24:1, d18:1/24:2)* were negatively correlated with
insulin, whereas pyruvate was positively correlated.

Several sphingomyelins were positively correlated with HDL, LDL, and cholesterol.
Positive correlation with HDL was also found with deoxycarnitine, quinolinate, 4-guanidino-
butanoate, and N6,N6,N6-trimethyllysine. Moreover, glycerol was negatively correlated
with LDL.
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3. Discussion

We used untargeted metabolomics to profile metabolites in individuals who are only
obese as opposed to obese with metabolic diseases, and we identified enriched metabolic
pathways and metabolites with significantly different concentrations in the two groups.
The enriched pathways include lysine degradation, amino sugar and nucleotide sugar
metabolism, arginine and proline metabolism, fructose and mannose metabolism, and
galactose metabolism. Lysine is degraded through two pathways: via formation of sac-
charopine and via the pipecolic acid pathway. Lysine degradation is mainly done in the
mitochondria, and tissue-specific roles of lysine degradation pathways are still not well-
studied [16]. Amino sugar and nucleotide sugar metabolism pathways are enriched as
seen by higher concentrations of glucose, mannose, and fructose in OBM vs. OBO groups.
Although changes in arginine and ornithine are not statistically significant, the ornithine
to arginine ratio in OBM (1.01) is higher than in OBO (0.88), indicating a shift in nitric
oxide production for cardiovascular functions [14]. Enrichment of fructose and mannose
metabolism and galactose metabolism pathways is an indicator of diabetes [17–19] in the
OBM group, which corroborates the clinical data.

Pathway enrichment analysis is dependent on the presence of metabolites in a specific
pathway in the metabolomic panel. Therefore, identification of the importance of a pathway
cannot solely rely on pathway enrichment analysis. Changes in individual metabolites
can also play a significant role as potential biomarkers. In our results, we identified
22 sphingomyelins decreased in OBM compared to OBO (p < 0.046). Sphingomyelin is a
type of sphingolipid that is found in cell membranes of animals and constitutes around 85%
of all sphingolipids [20]. Sphingomyelin breakdown is known to trigger multiple signaling
pathways with outcomes as diverse as cell proliferation, differentiation, growth-arrest,
and apoptosis [21]. A higher concentration of sphingomyelins in plasma is considered a
risk factor for coronary heart disease [22]. Moreover, sphingomyelins play a major role in
inflammatory diseases [23]. In a previous study, sphingomyelins were found to be related
to obesity measures [24]. It is suspected that in sphingolipids, the saturation level of fatty
acids and the length of the carbon chain may cause insulin resistance [25,26]. Higher plasma
sphingomyelin levels have also been found in obese people [24,27]. Moreover, reduced
metabolism of sphingolipids plays a role in the prognosis of type 2 diabetes and is linked
to pancreatic β cell dysfunction [28].

Quinolinate is the only cofactor found significantly different in OBM compared to
OBO. Quinolinate is an essential metabolite that plays an important role in the de novo
synthesis of nicotinamide adenine dinucleotide (NAD+) from tryptophan in the kynurenine
pathway [29]. In response to inflammation, quinolinate can increase kynurenine and cellular
NAD+ levels [29]. Based on our results, we suspect the OBO group has a higher level of
inflammation (higher CRP value in Table 1).

Association analysis of metabolites with clinical parameters revealed negative corre-
lation between sphingomyelin and glucose, HbA1C, insulin, and triglycerides. Positive
correlation between sphingomyelin and HDL, LDL, and cholesterol was found, which
verifies earlier research [30].

In this study, obese subjects without clinical features of metabolic syndrome were
compared with obese subjects with metabolic conditions. The results identified metabolic
derangements in the subjects with obesity and metabolic syndrome. The present study
found biomarkers and pathways that have previously been associated with obesity and
chronic inflammation but not investigated from the perspective of obesity with metabolic
disorders. In contrast to a recent study [31], we have a slightly larger sample size and more
stringent participant-inclusion criteria.

There are a few limitations of the current study. Due to age- and BMI-matching,
the number of participants in our study is small. The small number of participants reduces
the statistical power of the analysis. Moreover, causal relationships between different
factors cannot be determined using a cross-sectional study.
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In conclusion, metabolites and pathways associated with chronic inflammation are
differentially expressed in subjects with obesity and metabolic syndrome compared to
subjects with obesity but without the clinical features of metabolic syndrome. We believe
that further investigations can explore the mechanistic changes in the metabolites and
pathways over time to identify potential therapeutic interventions to prevent the onset of
metabolic disorders in these populations.

4. Materials and Methods

4.1. Study Population

The institutional review board (IRB) of Hamad Medical Corporation approved the
study protocol (IRB protocol #16245/16). All participants were recruited at Qatar Metabolic
Institute. An informed consent form was available in both English and Arabic. Study
coordinators discussed verbally the details of the study with the participants when they
were given the written consent form. Participants who voluntarily decided to take part in
the study signed the consent form for recruitment in the study. The participants comprised
obese adults of both genders with BMI ≥ 35 kg/m2 who had no other chronic illnesses
or terminal conditions. Fasting blood samples were taken from the participants. Venous
blood samples were collected in serum separator tubes, centrifuged at 1200× g at 4 ◦C for
10 min, aliquoted to avoid any further freeze–thaw cycles, and then stored at −80 ◦C until
the time of measurements.

4.2. Baseline Statistical Analysis

Baseline statistical analysis was performed to compute the means, standard deviations,
and p-values of study participants for the OBO and OBM groups. A very small fraction
of values in some clinical parameters were missing (the total number of missing values
across all parameters was 1.88%). The missing values were replaced with the median of the
corresponding variables. To compute p-values, different tests were used based on the type
and distribution of the values. The chi-square test was used for categorical variables. The
Wilcoxon test was performed for variables not following normal distribution for continuous
variables. The normality of variables was tested using the Shapiro–Wilk test. The Student’s
t-test was used for variables with normal distribution.

4.3. Metabolomics Profiling and Quality Control

Untargeted, ultrahigh-performance liquid chromatography–tandem mass spectroscopy
(UPLC–MS/MS) was performed and curated by Metabolon on serum metabolites for OBO
and OBM jointly. Batch-normalized data were generated by normalizing samples across
batches to correct for minor instrument variations by scaling each batch’s medians to one
and scaling the rest of the data points proportionally. A total of 1069 metabolites were
profiled within ten super classes: lipids (n = 360, 33.68%), amino acids (n = 203, 18.99%),
xenobiotics (n = 169, 15.81%), peptides (n = 47, 4.40%), nucleotides (n = 38, 3.55%), cofac-
tors and vitamins (n = 31, 2.90%), carbohydrates (n = 20, 1.87%), partially characterized
molecules (n = 17, 1.59%), energy (n = 10, 0.94%), and unknown (n = 174, 16.28%). Unknown
metabolites were removed, leaving 895 metabolites for further analysis.

Data were preprocessed to ensure data quality. Metabolites and samples with more
than 20% missing data were removed based on the criteria suggested by Wei et al. [32].
A total of 199 metabolites were removed, leaving 696 metabolites. Data imputation was
performed by replacing missing values for each metabolite in the data with the minimum
value detected for the metabolite. Principal component analysis (PCA) was performed
to identify sample outliers. A sample was considered an outlier if its first five principal
component values fell outside (µ ± 3SD). One OBO and one OBM sample were removed
(Supplementary Figure S1). Winsorization was performed to reduce the impact of outliers
in the metabolites. Values below the 10th percentile were replaced with the 10th percentile,
and values above the 90th percentile were set to the 90th percentile for each metabolite.
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After quality control, 696 metabolites and 37 samples (17 OBO and 20 OBM) remained for
subsequent analysis (Supplementary Figure S1).

4.4. Univariate Statistical Analysis

Differences between individual metabolites were determined using logistic regression.
The analysis was adjusted for age, sex, and BMI to mitigate their impact on the respective
metabolites. False discovery rate (FDR) controlling was not performed due to the small
sample size. Logistic regression was performed using the ‘glm’ function in the stats package
of R (R Core Team, version 4.1.1, 2021, Vienna, Austria) to compute the p-value and the effect
size. The effect determines the direction of change in the metabolite concentration between
OBO and OBM: a positive effect size means a higher concentration in OBM compared to
OBO and vice versa.

4.5. Pathway Enrichment Analysis

Pathway enrichment analysis was performed using MetaboanalystR v3.0 [33] with
HMDB ids provided by Metabolon to match the compounds in the metabolite sets. Data
were normalized using the auto-normalization option, which transforms data to zero
mean and unit variance. Quantitative enrichment analysis (QEA) was used, employing
metabolite concentrations to develop a generalized linear model for estimation of the Q-stat
(a statistic) of the metabolite set. Q-stat is a measure of the correlation between compound
concentrations and the given phenotype [34]. Metabolite sets having a significant change
in concentration in only a few compounds, or many compounds having small, correlated
changes are identified by this approach. The enrichment ratio is the ratio of Q-stat for the
given data to its expected value by chance. An ER greater than one for a metabolite set
indicates different metabolite concentrations in the set.

KEGG pathway maps were annotated for visualization using the online tool Pathview
(https://pathview.uncc.edu/) [35,36]. Pathview annotated the KEGG pathway maps by
filling the metabolite nodes with colors representing the ratio of normalized metabolite
concentrations of OBM to OBO. Red, yellow, and blue colors represent higher, same, and
lower concentrations of metabolites in OBM compared to OBO, respectively.
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//www.mdpi.com/article/10.3390/ijms23179821/s1.

Author Contributions: F.A.M., E.U., R.M., F.F. and A.-B.A.-S. conceived the study. F.A.M., A.I., T.A.S.,

F.C., A.P., M.A. and I.A. collected, purified, and harmonized the biological samples. E.U. built the

computational pipeline and performed bioinformatics analysis. R.M. and F.F. provided their inputs

to the analysis. A.-B.A.-S. supervised the analysis. F.A.M., E.U. and R.M. wrote the manuscript. All

authors have read and agreed to the published version of the manuscript.

Funding: This publication was made possible by MRC grant, MRC# 16245/16, from the Medical

Research Centre, Hamad Medical Corporation, Doha, Qatar. Qatar National Library funded the

publication of this article.

Institutional Review Board Statement: The institutional review board (IRB) of Hamad Medical

Corporation approved the study protocol (IRB protocol #16245/16).

Informed Consent Statement: Written informed consent was obtained from the patient(s).

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. World Health Organisation. Obesity and Overweight Report. 2021. Available online: https://www.who.int/news-room/fact-

sheets/detail/obesity-and-overweight (accessed on 14 June 2022).

2. World Health Organisation. Obesity and Overwieght Report. 2016. Available online: https://www.who.int/health-topics/

obesity#tab=tab_1 (accessed on 14 June 2022).

https://pathview.uncc.edu/
https://www.mdpi.com/article/10.3390/ijms23179821/s1
https://www.mdpi.com/article/10.3390/ijms23179821/s1
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/news-room/fact-sheets/detail/obesity-and-overweight
https://www.who.int/health-topics/obesity#tab=tab_1
https://www.who.int/health-topics/obesity#tab=tab_1


Int. J. Mol. Sci. 2022, 23, 9821 12 of 13

3. NCD Risk Factor Collaboration. Trends in adult body-mass index in 200 countries from 1975 to 2014: A pooled analysis of

1698 population-based measurement studies with 19.2 million participants. Lancet 2016, 387, 1377–1396. [CrossRef]

4. Kivimäki, M.; Strandberg, T.; Pentti, J.; Nyberg, S.T.; Frank, P.; Jokela, M.; Ervasti, J.; Suominen, S.B.; Vahtera, J.; Sipilä, P.N.;

et al. Body-mass index and risk of obesity-related complex multimorbidity: An observational multicohort study. Lancet Diabetes

Endocrinol. 2022, 10, 253–263. [CrossRef]

5. Isomaa, B.O.; Almgren, P.; Tuomi, T.; Forsen, B.; Lahti, K.; Nissen, M.; Taskinen, M.R.; Groop, L. Cardiovascular morbidity and

mortality associated with the metabolic syndrome. Diabetes Care 2001, 24, 683–689. [CrossRef]

6. Alexander, C.M.; Landsman, P.B.; Teutsch, S.M.; Haffner, S.M. NCEP-defined metabolic syndrome, diabetes, and prevalence

of coronary heart disease among NHANES III participants age 50 years and older. Diabetes 2003, 52, 1210–1214. [CrossRef]

[PubMed]

7. Lakka, H.M.; Laaksonen, D.E.; Lakka, T.A.; Niskanen, L.K.; Kumpusalo, E.; Tuomilehto, J.; Salonen, J.T. The metabolic syndrome

and total and cardiovascular disease mortality in middle-aged men. Jama 2002, 288, 2709–2716. [CrossRef]

8. Grundy, S.M.; Hansen, B.; Smith, S.C., Jr.; Cleeman, J.I.; Kahn, R.A.; Conference Participants. Clinical management of metabolic

syndrome: Report of the American Heart Association/National Heart, Lung, and Blood Institute/American Diabetes Association

conference on scientific issues related to management. Circulation 2004, 109, 551–556. [CrossRef]

9. Karelis, A.D.; Brochu, M.; Rabasa-Lhoret, R. Can we identify metabolically healthy but obese individuals (MHO)? Diabetes Metab.

2004, 30, 569–572. [CrossRef]

10. Wishart, D.S. Emerging applications of metabolomics in drug discovery and precision medicine. Nat. Rev. Drug Discov. 2016, 15,

473–484. [CrossRef]

11. Jacob, M.; Lopata, A.L.; Dasouki, M.; Abdel Rahman, A.M. Metabolomics toward personalized medicine. Mass Spectrom. Rev.

2019, 38, 221–238. [CrossRef]

12. Meigs, J.B.; Wilson, P.W.; Fox, C.S.; Vasan, R.S.; Nathan, D.M.; Sullivan, L.M.; D’Agostino, R.B. Body mass index, metabolic

syndrome, and risk of type 2 diabetes or cardiovascular disease. J. Clin. Endocrinol. Metab. 2006, 91, 2906–2912. [CrossRef]

13. Arnlov, J.; Ingelsson, E.; Sundstrom, J.; Lind, L. Impact of body mass index and the metabolic syndrome on the risk of

cardiovascular disease and death in middle-aged men. Circulation 2010, 121, 230–236. [CrossRef] [PubMed]

14. Ullah, E.; El-Menyar, A.; Kunji, K.; Elsousy, R.; Mokhtar, H.R.B.; Ahmad, E.; Al-Nesf, M.; Beotra, A.; Al-Maadheed, M.; Mohamed-

Ali, V.; et al. Untargeted Metabolomics Profiling Reveals Perturbations in Arginine-NO Metabolism in Middle Eastern Patients

with Coronary Heart Disease. Metabolites 2022, 12, 517. [CrossRef] [PubMed]

15. Fahed, G.; Aoun, L.; Bou Zerdan, M.; Allam, S.; Bou Zerdan, M.; Bouferraa, Y.; Assi, H.I. Metabolic Syndrome: Updates on

Pathophysiology and Management in 2021. Int. J. Mol. Sci. 2022, 23, 786. [CrossRef]

16. Leandro, J.; Houten, S.M. The lysine degradation pathway: Subcellular compartmentalization and enzyme deficiencies. Mol.

Genet. Metab. 2020, 131, 14–22. [CrossRef] [PubMed]

17. Pitkanen, E. Mannose, mannitol, fructose and 1,5-anhydroglucitol concentrations measured by gas chromatography/mass

spectrometry in blood plasma of diabetic patients. Clin. Chim. Acta 1996, 251, 91–103. [CrossRef]

18. Helsley, R.N.; Moreau, F.; Gupta, M.K.; Radulescu, A.; DeBosch, B.; Softic, S. Tissue-Specific Fructose Metabolism in Obesity and

Diabetes. Curr. Diabetes Rep. 2020, 20, 64. [CrossRef]

19. Ercan, N.; Nuttall, F.Q.; Gannon, M.C.; Redmon, J.B.; Sheridan, K.J. Effects of glucose, galactose, and lactose ingestion on the

plasma glucose and insulin response in persons with non-insulin-dependent diabetes mellitus. Metabolism 1993, 42, 1560–1567.

[CrossRef]

20. Voet, D.J.; Voet, J.G.; Pratt, C.W. Lipids, Bilayers and Membranes, 3rd ed.; Wileypp: Hoboken, NJ, USA, 2008.

21. Testi, R. Sphingomyelin breakdown and cell fate. Trends Biochem. Sci. 1996, 21, 468–471. [CrossRef]

22. Schlitt, A.; Blankenberg, S.; Yan, D.; von Gizycki, H.; Buerke, M.; Werdan, K.; Bickel, C.; Lackner, K.J.; Meyer, J.; Rupprecht, H.J.;

et al. Further evaluation of plasma sphingomyelin levels as a risk factor for coronary artery disease. Nutr. Metab. 2006, 3, 5.

[CrossRef]

23. Maceyka, M.; Spiegel, S. Sphingolipid metabolites in inflammatory disease. Nature 2014, 510, 58–67. [CrossRef]

24. Gerl, M.J.; Klose, C.; Surma, M.A.; Fernandez, C.; Melander, O.; Mannisto, S.; Borodulin, K.; Havulinna, A.S.; Salomaa, V.; Ikonen,

E.; et al. Machine learning of human plasma lipidomes for obesity estimation in a large population cohort. PLoS Biol. 2019, 17,

e3000443. [CrossRef] [PubMed]

25. Bergman, B.C.; Brozinick, J.T.; Strauss, A.; Bacon, S.; Kerege, A.; Bui, H.H.; Sanders, P.; Siddall, P.; Wei, T.; Thomas, M.K.; et al.

Muscle sphingolipids during rest and exercise: A C18:0 signature for insulin resistance in humans. Diabetologia 2016, 59, 785–798.

[CrossRef] [PubMed]

26. Mir, F.A.; Mall, R.; Iskandarani, A.N.; Ullah, E.; Samra, T.A.; Cyprian, F.S.; Parray, A.S.; Meis, A.; Abdalhakam, I.; Farooq, F.;

et al. Characteristic MicroRNAs linked to dysregulated metabolic pathways in Qatari adult subjects with obesity and metabolic

syndrome. Front. Endocrinol. 2022, 1599. [CrossRef] [PubMed]

27. Im, S.S.; Park, H.Y.; Shon, J.C.; Chung, I.S.; Cho, H.C.; Liu, K.H.; Song, D.K. Plasma sphingomyelins increase in pre-diabetic

Korean men with abdominal obesity. PLoS ONE 2019, 14, e0213285. [CrossRef]

28. Khan, S.R.; Manialawy, Y.; Obersterescu, A.; Cox, B.J.; Gunderson, E.P.; Wheeler, M.B. Diminished Sphingolipid Metabolism,

a Hallmark of Future Type 2 Diabetes Pathogenesis, Is Linked to Pancreatic beta Cell Dysfunction. iScience 2020, 23, 101566.

[CrossRef]

http://doi.org/10.1016/S0140-6736(16)30054-X
http://doi.org/10.1016/S2213-8587(22)00033-X
http://doi.org/10.2337/diacare.24.4.683
http://doi.org/10.2337/diabetes.52.5.1210
http://www.ncbi.nlm.nih.gov/pubmed/12716754
http://doi.org/10.1001/jama.288.21.2709
http://doi.org/10.1161/01.CIR.0000112379.88385.67
http://doi.org/10.1016/S1262-3636(07)70156-8
http://doi.org/10.1038/nrd.2016.32
http://doi.org/10.1002/mas.21548
http://doi.org/10.1210/jc.2006-0594
http://doi.org/10.1161/CIRCULATIONAHA.109.887521
http://www.ncbi.nlm.nih.gov/pubmed/20038741
http://doi.org/10.3390/metabo12060517
http://www.ncbi.nlm.nih.gov/pubmed/35736450
http://doi.org/10.3390/ijms23020786
http://doi.org/10.1016/j.ymgme.2020.07.010
http://www.ncbi.nlm.nih.gov/pubmed/32768327
http://doi.org/10.1016/0009-8981(96)06284-5
http://doi.org/10.1007/s11892-020-01342-8
http://doi.org/10.1016/0026-0495(93)90151-D
http://doi.org/10.1016/S0968-0004(96)10056-6
http://doi.org/10.1186/1743-7075-3-5
http://doi.org/10.1038/nature13475
http://doi.org/10.1371/journal.pbio.3000443
http://www.ncbi.nlm.nih.gov/pubmed/31626640
http://doi.org/10.1007/s00125-015-3850-y
http://www.ncbi.nlm.nih.gov/pubmed/26739815
http://doi.org/10.3389/fendo.2022.937089
http://www.ncbi.nlm.nih.gov/pubmed/35937842
http://doi.org/10.1371/journal.pone.0213285
http://doi.org/10.1016/j.isci.2020.101566


Int. J. Mol. Sci. 2022, 23, 9821 13 of 13

29. Moffett, J.R.; Arun, P.; Puthillathu, N.; Vengilote, R.; Ives, J.A.; Badawy, A.A.; Namboodiri, A.M. Quinolinate as a Marker for

Kynurenine Metabolite Formation and the Unresolved Question of NAD(+) Synthesis During Inflammation and Infection. Front.

Immunol. 2020, 11, 31. [CrossRef]

30. Slotte, J.P. Sphingomyelin-cholesterol interactions in biological and model membranes. Chem. Phys. Lipids 1999, 102, 13–27.

[CrossRef]

31. Telle-Hansen, V.H.; Christensen, J.J.; Formo, G.A.; Holven, K.B.; Ulven, S.M. A comprehensive metabolic profiling of the

metabolically healthy obesity phenotype. Lipids Health Dis. 2020, 19, 90. [CrossRef]

32. Wei, R.; Wang, J.; Su, M.; Jia, E.; Chen, S.; Chen, T.; Ni, Y. Missing Value Imputation Approach for Mass Spectrometry-based

Metabolomics Data. Sci. Rep. 2018, 8, 663. [CrossRef]

33. Pang, Z.; Chong, J.; Li, S.; Xia, J. MetaboAnalystR 3.0: Toward an Optimized Workflow for Global Metabolomics. Metabolites 2020,

10, 186. [CrossRef]

34. Xia, J.; Wishart, D.S. MSEA: A web-based tool to identify biologically meaningful patterns in quantitative metabolomic data.

Nucleic Acids Res. 2010, 38, W71–W77. [CrossRef] [PubMed]

35. Luo, W.; Pant, G.; Bhavnasi, Y.K.; Blanchard, S.G., Jr.; Brouwer, C. Pathview Web: User friendly pathway visualization and data

integration. Nucleic Acids Res. 2017, 45, W501–W508. [CrossRef] [PubMed]

36. Luo, W.; Friedman, M.S.; Shedden, K.; Hankenson, K.D.; Woolf, P.J. GAGE: Generally applicable gene set enrichment for pathway

analysis. BMC Bioinform. 2009, 10, 161. [CrossRef] [PubMed]

http://doi.org/10.3389/fimmu.2020.00031
http://doi.org/10.1016/S0009-3084(99)00071-7
http://doi.org/10.1186/s12944-020-01273-z
http://doi.org/10.1038/s41598-017-19120-0
http://doi.org/10.3390/metabo10050186
http://doi.org/10.1093/nar/gkq329
http://www.ncbi.nlm.nih.gov/pubmed/20457745
http://doi.org/10.1093/nar/gkx372
http://www.ncbi.nlm.nih.gov/pubmed/28482075
http://doi.org/10.1186/1471-2105-10-161
http://www.ncbi.nlm.nih.gov/pubmed/19473525

	Introduction 
	Results 
	Baseline Characteristics of the Study Population 
	Univariate Analysis 
	Sphingomyelins Are Significantly Decreased in OBM 
	Quinolinate Is Significantly Decreased in OBM 

	Pathway Enrichment Analysis 
	Association of Metabolite Concentration with Clinical Parameters 

	Discussion 
	Materials and Methods 
	Study Population 
	Baseline Statistical Analysis 
	Metabolomics Profiling and Quality Control 
	Univariate Statistical Analysis 
	Pathway Enrichment Analysis 

	References

