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Abstract

The awareness, treatment, and control rates of hypertension for young adults are much lower than
average. It is urgently needed to explore the variances of metabolic profiles for early diagnosis and
treatment of hypertension. In current study, we applied a GC-MS based metabolomics platform
coupled with a network approach to analyze plasma samples from young hypertensive men and
age-matched healthy controls. Our findings confirmed distinct metabolic footprints of young
hypertensive men. The significantly altered metabolites between two groups were enriched for the
biological module of amino acids biosynthesis. The correlations of GC-MS metabolomics data
were then visualized as networks based on Pearson correlation coefficient (threshold = 0.6). The
plasma metabolites identified by GC-MS and the significantly altered metabolites (P < 0.05)
between patients and controls were respectively included as nodes of a network. Statistical and
topological characteristics of the networks were studied in detail. A few amino acids, glycine,
lysine, and cystine, were screened as hub metabolites with higher values of degree (k), and also
obtained highest scores of three centrality indices. The short average path lengths and high
clustering coefficients of the networks revealed a small-world property, indicating that variances
of these amino acids have a major impact on the metabolic change in young hypertensive men.
These results suggested that disorders of amino acid metabolism might play an important role in
predisposing young men to developing hypertension. The combination of metabolomics and
network methods would provide another perspective on expounding the molecular mechanism
underlying complex diseases.
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1. Introduction

Hypertension is a leading risk factor for heart disease, stroke, and kidney failure [1]. There
are approximately one billion hypertensive individuals worldwide, and seven million deaths
per year may be attributed to hypertension [2]. Although the pathogenesis of hypertension is
greatly influenced by genetic, lifestyle, and environmental factors, the underlying molecular
mechanisms remain to be fully elucidated.

High blood pressure has been identified as an important component of metabolic syndrome
[3,4]. Recently, a growing body of exciting evidences suggested that abnormalities in
cellular metabolism could be linked to hypertension [5]. For example, impaired glucose
tolerance proved to be of high prevalence in patients with essential hypertension [6]. Sugar,
especially fructose was reported to have a potential role in the development of hypertension,
which might be caused by an increase in uric acid [7]. An association between plasma
lipoprotein abnormalities and raised blood pressure was observed in young subjects with
borderline hypertension [8]. It was also reported that metabolites associated with gut
microbial activity might be related to blood pressure regulation [9]. Moreover, Litwin et al.
reported hypertension in children and adolescents is an immuno-metabolic disease with
hemodynamic consequences [10]. These studies provide further support for the increasing
recognition that hypertension is a metabolic disease. However, much more work needs to be
done to prove this hypothesis.

Metabolomics is a valuable emerging tool to study changes in phenotype caused by disease
[11]. It focuses on low molecular weight compounds, which are the final downstream
products of gene expression [12]. Mass spectrometry (MS) has grown rapidly these years,
and that several new MS methods have been developed for various uses [13-17]. As MS
could provide a blend of rapid, sensitive, and selective analyses for the identification and
quantification of metabolites [18], it is widely applied in metabolomics studies. Recently,
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metabolomics has been increasingly used to evaluate metabolic disorders associated with
hypertension [19,20]. AGC-MS based metabolomics study showed significantly elevated
free fatty acids (heptanoic, oleic, and hexanoic acids) levels in serum of hypertensive
patients compared to normotensive controls [21]. Altered carbohydrate metabolism was also
found in these patients, including high levels of glucose and galactose, coupled with a
decreased level of fructose [21]. An analysis using 1H NMR reported a relationship between
serum metabolic profiles and blood pressure, which was partly due to lipoprotein particle
composition differences [22]. Another large-scale metabolomics study revealed an inverse
association between urinary excretion of formate and blood pressure [9]. These studies
demonstrate that characteristic changes in metabolic profiles can be indicative of
hypertensive phenotype.

The biological system is a complex physicochemical system consisting of numerous
dynamic networks of biochemical reactions and signaling interactions between cellular
components [23]. The variety of organic metabolites and the wide range of their
concentrations always puzzled researchers in understanding metabolomics experimental
results [24]. Several methods have been optimized to find valuable information hidden in
metabolic data sets. Network theory, which extracts elements of systems into nodes and
reduces interactions between elements to edges, has proven to be particularly suitable to
explore relationships among large amount of biological data [25-28]. VVarious biomolecular
networks have been built and studied, such as gene regulation network and protein
interaction network [29]. As one of complex biological networks, metabolic correlation
network has comparative advantages in interpreting the results of metabolomics. Many
studies about correlation analysis in metabolomics have been reported. For instance, Chen et
al. performed a LC-MS-based metabolomics study combined with metabolic correlation
network to explore potential biomarkers for breast cancer [30]. Allen et al. reported a
sequential reorganization of metabolic and transcriptional states in developing seedlings of
Arabidopsis, using NMR-based metabolomics and metabolic correlation networks [31].
Another study revealed metabolomic correlation-network modules in Arabidopsis based on
a graph-clustering approach [32]. Castro et al. used metabolomics and differential
correlation networks to study Caenorhabditis el egans DAF-2 mutants [33]. As correlation
network could obtain additional information about the physiological state of the system [34],
it is expected that this approach would offer a novel perspective for the research of
hypertension.

Aging exerts a marked effect on the cardiovascular system [35]. The number of patients
suffering from hypertension increases with age [36]. Despite the importance of early
diagnosis and treatment of hypertension, the awareness, treatment and controls rates of
hypertension for young adults are much lower than average [37,38]. Data from National
Health and Nutrition Examination Surveys (NHANES) showed that when compared to older
adults, young adults ages 18-39 years in the United States are less likely to be aware they
are hypertensive (59% vs. 84%), and are less likely to be receiving treatment for their
hypertension (40% vs. 77%) [39]. Another study on adults with regular primary care use
reported that those ages 18-24 years were 28% less likely to have their hypertension
diagnosed compared to those at least 60 years of age [40]. Therefore, improved access and
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quality improvement efforts might need to be particularly focused on young adults. In this
study, we used a GC-MS-based platform to explore the association between alterations in
cellular intermediary metabolism and predisposition to hypertension in young men.
Multivariate data analysis enabled to distinguish plasma metabolic profiles between young
hypertensive men and age-matched healthy controls. Moreover, correlation network
technology was applied to visualize the relationships between identified plasma metabolites.
The statistical and topological characteristics of the network were studied in detail to
characterize hub metabolites which might be responsible for hypertension in young men.

2. Materials and methods

2.1. Subjects

We recruited patients diagnosed as hypertensive by the Xijing Hospital (Xi’an, China)
according to 2010 Chinese guidelines for the management of hypertension [41]. Blood
pressure (BP) values of patients were measured using mercury sphygmomanometer just
before sample collection. Mean systolic blood pressure (SBP) and mean diastolic blood
pressure (DBP) were calculated by averaging 3—4 BP measurements. Patients were eligible
if they met the hypertension diagnostic criteria (SBP=140mmHg and DBP = 90 mmHg).
Twenty patients (male, 18-35 years of age) at stage 1 hypertension were enrolled in this
research, classified according to the Seventh Report of the Joint National Committee on
prevention, detection, evaluation, and treatment of high blood pressure (JNC VI1I report)
[42]. All enrolled patients were not on any medication in at least 1 month. Healthy
volunteers were selected by a routine physical examination in the same hospital and their
blood pressure was measured using the same protocol as patients. Twenty age-matched
controls (male, 20-35 years of age) were enrolled in this research. Body weights and heights
of all participants were measured in unclothed subjects in the morning to assess body mass
index (BMI). Any subjects with heart failure, renal dysfunction, diabetic mellitus, liver
disease, or other metabolism disorders were excluded. All samples were collected following
the guidelines of the local ethics committee and that written informed consents were
obtained from all participants.

2.2. Sample preparation

Venous blood was collected in polypropylene tubes with EDTA in the early morning after
overnight fasting, then immediately centrifuged at 3000 x g for 10 min. The resulting
plasma was transferred into a clean tube and stored at —80°C. Prior to GC-MS analysis,
plasma was thawed at 4°C. Plasma metabolites were derivatized and analyzed following our
previously published procedures with minor modifications [43]. A measure of 50 uL of
plasma was vortexed after being spiked with internal standard solution (5 pL L-2-
chlorophenylalanine in water, 1 mmol L™1). A 150 uL aliquot of methanol-chloroform (3:1,
v/v) was added in to the mixed solution and vortexed for 30 s. After storing at —20 °C for 10
min, the samples were centrifuged at 12,000 x g for 10 min. A 150 pL aliquot of the
supernatant was transferred to a clean tube and lyophilized. Then, 80 uL of methoxyamine
hydrochloride (15 mgm L™ in pyridine) was used to dissolve dried residue, and stayed at 37
°C for 90 min. Subsequently, 80 pL of N,O-bis (trimethylsilyl)-trifluoroacetamide (BSTFA)
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with 1% TMCS (Sigma—Aldrich) were added to interchange the acidic protons at 70°C for
60 min.

2.3. GC-MS spectral acquisition

A measure of 1 pL aliquot of the derivatized solution was injected into a 7890A GC and
coupled with a 5975C MS (Agilent Technologies, Wilmington, DE). Chromatographic
separation was accomplished on a DB-5 column (30 m x 0.25 mm i.d.; film thickness: 0.5
pum; Agilent J&W Scientific, USA). The GC temperature programming was set to 2 min
isothermal heating at 80 °C, followed by 10°C/min oven temperature ramps to 120 °C, 4 °C
min~1 oven temperature ramps to 260 °C, and then increased at a rate of 10 °C min~1 oven
temperature ramps to 300 °C, where it was held for 3 min. The inlet temperature was kept at
260 °C and ion source temperature was 200 °C. Helium was used as carrier gas at a constant
flow rate of 1 mL min~1. Electron impact ionization source (70 eV) was used at full scan
mode (M/z 50— 550), with a scan rate of 2.91 scans per second. The typical analysis order
was composed of quality control (QC) samples and subject samples [44]. A pooled QC
sample was prepared by taken 5 UL plasma from each sample and thoroughly mixed. Then,
the mixed sample (QC) was extracted and derivatized together with other samples, using the
same methods. Five QC samples were injected at the start of each analytical batch and then
one QC sample was analyzed at every tenth injection. The subject samples were randomly
analyzed between each QC sample.

2.4. Data pretreatment and chemometrics analyses

Raw data acquired from GC-MS were converted to Masshunter B.06.00 software (Agilent
Technologies, Santa Clara, USA) for peak deconvolution and detection, with the “Find by
Chromatographic Deconvolution” algorithm. Detected components with abundance less than
5000 counts and relative abundance less than 1% were removed. Subsequently, the
deconvoluted data were imported into Mass Profile Professional software (Agilent
Technologies, Santa Clara, USA) for peak alignment, filtering, baseline correction, and area
calculation. The molecular features existed in at least 80% of the plasma samples in either
group were retained. Abundance values were normalized to that of the internal standard and
log transformed. Finally, a spreadsheet containing relative peak intensities, compound name,
and sample information was exported for the next analyses.

Compounds were identified by comparison of mass spectra with NIST 11 (National Institute
of Standards and Technology, Gaithersburg, MD, USA), with a similarity of more than 70%.
A set of available authentic standards were analyzed under identical experimental conditions
for further identification. In addition, a saturated n-alkane mixture from C7 to C30 (Sigma
Chemical, St. Louis, MO, USA) was run at the beginning of the experimental worklist to
determine retention indexes (RI). Automated mass spectrometry deconvolution and
identification system (AMDIS) was configured to build a retention index calibration file and
calculate RI for each metabolic features. Mass spectrum and RI of individual peaks in
samples were compared with that of the standard references to verify the results.

For multivariate statistical analysis, the pre-processed data were imported to MATLAB
2009a (The MathWorks Inc., Natick, MA, USA). Principal component analysis (PCA) was
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carried out for group discrimination. Altered metabolites between groups were identified
using the non-parametric Mann-Whitney—Wilcoxon test with the critical P-value set at 0.05.
Raw P-values were adjusted using Benjamini and Hochberg procedure (BH method) [45]. A
false discovery rate (FDR) control was executed to correct for multiple comparisons. The
adjusted P-values less than a desired FDR (5%) were considered as significant. Non-
parametric test and FDR control were carried out on the freely available software R (http://
www.r-project.org/) with corresponding packages.

2.5. Functional enrichment analysis and pathway topology analysis

Pathway analyses were performed on significantly altered metabolites for further biological
interpretation. Over representation analysis (ORA) was applied for functional enrichment
analysis [46]. ORA was implemented using the hypergeometric test to evaluate whether a
particular metabolite set is represented more than expected by chance within the metabolites
sets. Relative-betweenness centrality was calculated for pathway topology analysis.
Potential targets were selected either by P-values from pathway enrichment analysis, or by
impact values from pathway topology analysis [47]. The impact value threshold was set to
0.10 and negative log P-value threshold was set to 10. Identification of pathways was
carried out utilizing data sources such as Reactome (http://www.reactome.org), KEGG
(http://www.genome.jp/kegg/), and MetaboAnalyst 2.0 (http://www.metaboanalyst.ca/).

2.6. Reconstruction and analysis of metabolic correlation networks

The correlations of GC-MS metabolomics data were visualized as networks based on
Pearson correlation coefficient (p). Nodes correspond to the identified plasma metabolites
and that edges indicate significant correlation between nodes [48]. Symbols, equations, and
descriptions of all the parameters used for network analysis were listed in Table 1 [49-54].
For construction of the correlation network, an appropriate threshold (T) was first selected
by evaluating the average degree (<k>), diameter (D) and the size of the largest connected
components (Nmax)- A connection between two nodes was determined by the comparison
between the absolute value of p and T. Subsequently, a metabolic correlation network
containing plenty of nodes and connections was constructed, which was visualized using
Pajek (http://vlado.fmf.uni-lj.si/pub/networks/pajek). Finally, a series of statistical
characteristics of the network were calculated and analyzed to extract hub metabolites,
including degree (K), average path length (L), diameter (D), and clustering coefficient (C).
Three centrality indices of the network, degree centrality (Cq), betweenness centrality (Cp),
and closeness centrality (C;), were also comprehensively analyzed to assess the impact of a
node on the overall network.

3. Results and discussion

3.1. Sample characteristics

A total of 20 young hypertensive men (26.7 + 8.6 years, SBP = 148.75 + 6.6 mm Hg, DBP =
98.1 + 6.7 mm Hg) and 20 healthy controls (27.4 + 7.3 years, SBP = 119.6 + 9.4 mm Hg,
DBP = 72.4 £ 7.0 mm Hg) were allocated to GC-MS analysis. Table 2 presented
demographic characteristics of the participants. There were no significant differences in age
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and body mass index (BMI) between patients and the healthy controls (t-test), suggesting a
similar energy intake and expenditure between the two groups.

3.2. Different plasma metabolic profiles between young hypertensive men and healthy

controls

A GC-MS based analytical platform was applied to obtain metabolic profiles of young
hypertensive men and healthy controls. After excluding internal standard, a total of 70
metabolites were consistently identified in at least 80% of the plasma samples in either
group, and their relative peak intensities were used for the next analyses. Among them, 27
metabolites were identified to metabolomics standards initiative (MSI) level 1 [55], with a
comparison of retention index and mass spectrum with authentic reference standards. All the
identified metabolites were listed in Supplementary Table S1.

Principal component analysis (PCA) was applied to generate an unbiased overview of the
metabolic data sets. The PCA scoring plot (Fig. 1) showed a clear clustering trend of the
metabolic data sets of different classes. A point far from others was observed, which
reflected unknown disorder in the subject. This outlier had been excluded to avoid affecting
further analysis. Using the first three principal components (R? (cum) = 72.0%), this model
exhibited an acceptable discriminating ability. Moreover, the loading plot (Supplementary
Fig. S1) illustrated the contributions of variables to the formation of PCA matrix. A few data
points appeared to play an important role in the metabolic discrimination, including uric
acid, capric acid, cystine, beta-alanine, lysine, and 5-hydroxy caproic acid, etc. The results
indicated a unique metabolic signature in young hypertensive men and that some
metabolites might account for the variation, which need further validation. Nine QC data
were also included into pattern recognition, which showed an acceptable variance of the
GC-MS analysis [56].

The significance of the change in relative concentrations for each metabolite was determined
by a non-parametric Mann— Whitney-Wilcoxon test. P-values were adjusted using
Benjamini and Hochberg procedure (BH method) with an FDR control (<5%) to correct
multiple comparisons. Adjusted P-values and fold change of all the 70 identified metabolites
between groups were listed in Supplementary Table S1. A set of 20 variables were screened
as significantly changed, including organic acids, amino acids, carbohydrates, and lipids
(Table 3). A total of 13 amino acids were observed to be significantly decreased in the
patient group. Among these compounds, isoleucine, threonine, methionine, valine, lysine,
and tryptophan belong to essential amino acids, which cannot be synthesized in human. As
the levels of metabolites reflect most closely the operation of biological system [57], these
altered metabolites might be responsible for the high blood pressure in young men.

Uric acid was found to be significantly elevated in plasma of young hypertensive men. Uric
acid is a product of purine metabolism that circulates in the blood, and plays a role in
initiating the development of hypertension [58]. It has been known that elevations of uric
acid in blood are common in subjects with hypertension [59]. An elevated plasma uric acid
level in childhood also predicts hypertension as an adult [60].
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An increased concentration of fumarate was observed in plasma of young hypertensive men.
Fumarate is a key intermediate of citric acid cycle and present at micromolar concentration
in blood, which is regulated by many factors [61]. TCA cycle is central to the regulation of
energy homeostasis and cell metabolism [62]. The accumulation of fumarate in young
hypertensive men suggested an intrinsic disorder of the critical pathway. Our previous study
also revealed a relationship between fumarate excess and salt-induced hypertension [63,64].

Adenine, glycerol, and pyrophosphate were remarkably increased in young patients, whereas
capric acid significantly decreased compared with normotensive controls. These compounds
were involved in various pathways, such as purine metabolism, oxidative phosphorylation,
glycerolipid metabolism, and fatty acid biosynthesis. Alteration of these metabolites
reflected a disorder of systemic metabolism, which might contribute to the hypertensive
phenotype in young men.

3.3. Pathway analyses uncover disorders of amino acid metabolism in young hypertensive

men

Global metabolomics strategies hold a significant potential for translating discriminating
molecules into functional modules. In order to identify metabolic pathways associated with
hypertension, pathway analyses were performed on the altered metabolites between young
hypertensive men and healthy, including functional enrichment analysis and pathway
topology analysis.

For enrichment analysis, over representation analysis (ORA) was used to identify
biologically meaningful patterns in a list of the 20 altered metabolites. This method allows
one to extract relevant information from the metabolite sets. Hypergeometric test was
selected to evaluate whether a particular metabolite set was represented more than expected
by chance [65]. One-tailed P-values are calculated after adjusting for multiple testing
(Benjamini and Hochberg procedure). Supplementary Fig. S2 exhibited an enrichment
overview of the altered metabolite sets. The findings indicated that the clusters of
metabolites were involved in multiple pathways, and enriched for the pathway class of
protein biosynthesis (P = 2.94 x 10711),

Relative-betweenness centrality algorithm was applied for pathway topology analysis [66],
measuring numbers of shortest paths going through a node in the network. It takes into
consideration of global network structure, not only immediate neighbor of the current node.
The acquired impact value is cumulative percentage of importance for the matched
metabolite nodes involved in a pathway. Relevant pathways for the 20 altered metabolites
were visualized via an interactive visualization framework (Fig. 2A). We selected potential
target pathways either by P-values from pathway enrichment analysis, or by impact values
from pathway topology analysis. Supplementary Table S2 listed the result of pathway
topology analysis. A set of 8 pathways were selected at an impact value threshold of 0.10.
Among these pathways, 6 biological modules were involved in amino acid metabolism, such
as glycine, serine, and threonine metabolism (impact = 0.284), alanine, aspartate, and
glutamate metabolism (impact = 0.255), etc. In addition, aminoacyl-tRNA biosynthesis and
nitrogen metabolism were considered as potential targets with the negative log P-values
more than 10. These data demonstrated possible relationship between disorders of amino
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acid metabolism and hypertension pathogenesis. It has been reported that decreased levels of
threonine, valine, tryptophan, and histidine existed in pulmonary arterial hypertension
(PAH) patients [67]. Another research showed that a higher intake of tyrosine (0.3% of
protein) was significantly related to a 2.4 mm Hg lower SBP [68].

Among the 20 significantly altered metabolites,12 amino acids belonged to a modular
architecture of the biosynthesis pathway of amino acids, including lysine, glycine,
tryptophan, etc. Fig. 2B shows a schematic overview of amino acids biosynthesis pathway in
young hypertensive men compared with healthy controls. Obviously, a considerable
reduction of levels of all the 12 intermediates was exhibited. Biosynthesis pathway of amino
acids is the most conserved one in almost all the completely sequenced genomes, containing
biosynthesis of basic amino acids, aromatic amino acids, and branched-chain amino acids
(BCAA). Observational studies have reported an inverse association between BCAA intake
and blood pressure [69]. Moreover, BCAA have a potential to improve glucose metabolism
through the accelerated utility of glucose and glucose-6-phosphate in the liver [70], and
were negatively correlated with prevalence of overweight status/obesity, which were major
risk factors for hypertension [71]. Consequently, deficiency in amino acid synthesis might
be related to high blood pressure.

3.4. Construction and analyses of metabolic correlation network for young hypertensive

men

Typical metabolomics data show a few but significant correlations among metabolite levels
[32]. Although the relationships among metabolites are complex, correlation network has
been developed as a powerful tool for integrating information from the high throughput
experiments. In this part of the study, a correlation network was constructed and analyzed
based on 70 identified metabolites. Metabolic data of both the patient and control groups
were used for the network construction to avoid being affected by secondary effects of high
blood pressure. Pearson correlation coefficient (p) was used for correlation analysis.

The selection of an appropriate correlation threshold (T) is of critical importance in the
network construction. The network would be sparse with a high value of T, or has larger size
of connected components with a relatively low one [32]. To evaluate threshold-dependent
changes in the network topology, the average degree (<k>), diameter (D), and the size of the
largest connected components (Nmax) Of the network were assessed fromT=0.4to T=1
(Supplementary Table S3). <k> represents the mean value of degree (k) over all nodes, and
D is the maximum distance in the network. As shown in Supplementary Fig. S3, the three
topological parameters of the network exhibited various change trends at different values of
T, and showed a transition at T = 0.6. Therefore, a correlation threshold of 0.6 (|p|> 0.6) was
selected to visualize strong correlation between metabolites. Interactions between pair-wise
metabolites were then reduced to edges and visualized with a heat map (Supplementary Fig.
S4). The abbreviations of metabolites in Supplementary Fig. S4 were listed in
Supplementary Table 1. Positive correlation could be interpreted as the result of two
metabolites occurring adjacently in a metabolic pathway or derived from a common
precursor. A negative correlation could indicate one metabolite is used to directly or
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indirectly generate the other. The final metabolic correlation network was showed in Fig.
3A, containing 70 nodes and 79 edges.

In order to confirm the most important metabolites of the correlation network, degree (k) of
each node was calculated and ranked in a descending order (Fig. 3B, Supplementary Table
S4). Obviously, a few nodes had most connections with others, whereas most nodes only
had few links. It is well-known that changes in important positions of a network will trigger
a more severe impact than changes occurring in marginal or relatively isolated positions
[72]. Therefore, the top four highly connected compounds, glycine (k = 10), lysine (k = 10),
cystine (k=9), and beta-alanine (k = 9), were screened as hubs of the network, which
appeared as filled circles in Fig. 3B. These data suggested a possible relation between amino
acid metabolism and hypertension.

Subsequently, a set of statistical characteristics were assessed for further understanding of
the metabolic correlation network (Table 4), including the average path length (L),
clustering coefficient (C), average degree (<k>), diameter (D), the size of the largest cluster
(Nmax), and the percentage of Nimax in all nodes (Nmax%). L determines the effective size and
offers a measure of the overall navigability of the network [73]. The clustering coefficient is
the ratio of all existing edges between the neighbors and the maximum number of edges
possible between these neighbors, ranging from 0 to 1 [74]. The parameter describes the
cohesiveness of the neighborhood of a node. The clustering coefficients of all the nodes
were listed in Supplementary Table S4.

In summary, the metabolic correlation network for young hypertensive men showed a
relatively short average path length (L = 3.43) and high clustering coefficient (C = 0.5),
suggesting a small-world property of the network. The small-world effect consists of two
properties, short average path length and relatively high clustering coefficient [52,75]. As
properties of a network often depend on a small number of hub nodes, these findings
indicated that the metabolic network was organized as many small, but highly connected
modules that combine in a hierarchical manner to larger, less cohesive units [76].
Metabolomic correlations complement information would help to elucidate the organization
of metabolic functional modules associated with hypertension in young men.

3.5. Network analyses of altered metabolites between young hypertensive men and healthy

controls

As shown in the previous section, three amino acids, glycine, lysine, and cystine were
selected as hub metabolites of the correlation network. Interestingly, they were also
significantly altered between young hypertensive men and the healthy. It is well known that
altered metabolites are potentially more significant as they directly contribute to the
metabolic discrimination. Hence, a separate network analysis of these metabolites would
provide further interpretation for metabolic characteristics of young hypertensive men. As
shown in Fig. 4A, a network was built based on Pearson correlation coefficients of 20
significantly altered metabolites. This network contained 20 nodes and 26 edges (T = 0.6).
The statistical characteristics were calculated as mentioned above, including, L,C, D, Nmax.
and Ninax% (Table 4). Similarly, a small-world property of the network was observed with a
small average path length (L = 1.73) and large clustering coefficient (C = 0.6). This property
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demonstrated that alterations of a few metabolites would be responsible for the difference of
metabolic profiles.

Three important centrality indices of the 20 nodes [53,54], degree centrality (Cy),
betweenness centrality (Cy), and closeness centrality (C;) were comprehensively analyzed to
evaluate the contribution of each altered metabolite to the network (Supplementary Table
S5). C4 of a node was the proportion of other nodes adjacent to it, indicating the immediate
influence. C, was measured by the total number of shortest paths going through a node, and
that C. depicted how close a node was to others, reflecting the influence of a node on others
through the network [77]. Fig. 4B provides an integrated display of these parameters with a
three-dimensional diagram. Obviously, four metabolites were outliers with high scores of
the centrality indices. Lysine (Cq = 0.4211, C, = 0.0676, C. = 0.4583), cystine (C4 = 0.3684,
Cp = 0.0508, C; = 0.4231), glycine (Cq = 0.3684, C,, = 0.0282, C, = 0.4231), and tryptophan
(Cq=0.2632, C, = 0.0453, C. = 0.3667) were then screened as hubs of this metabolic
correlation network. All these hub metabolites are amino acids, and exhibited a significantly
down-regulation in plasma of young hypertensive men. More importantly, lysine, cystine,
glycine were hubs of both the large metabolic correlation network (70 nodes) and the critical
metabolic correlation network (20 nodes), which complemented each other. These data
provided further support for the major impact of a disordered amino acid metabolism on the
development of hypertension.

Lysine, an essential amino acid, proved to be hub of the metabolic correlation networks for
young hypertensive men. Previous studies has revealed a significantly lower level of lysine
in plasma of patients with inflammation [78]. Furthermore, plasma concentration of lysine
was negatively correlated with serum concentrations of C-reactive protein (CRP), neopterin,
and fibrinogen, whereas positively correlated with serum albumin concentration [78]. These
data suggested a potential role of decreased lysine in cardiovascular disease (CVD) such as
hypertension.

Another hub metabolite, cystine, is a conjugation of two cysteines. Cysteine is generally
assumed to be a rate-limiting substrate for the synthesis of antioxidant glutathione (GSH)
[79]. GSH is essential for the cellular detoxification of reactive oxygen species (ROS), the
main cardiovascular risk factor for hypertension [80]. Maintenance of intracellular GSH
could drive cystine transport across plasma membrane under oxidative stress [81].
Decreased plasma cystine observed in young hypertensive men might be indicative of a
compromised GSH system under increased oxidative stress.

Glycine, the simplest non-essential amino acid, was also screened as a key node. It is
involved in the synthesis of the structural proteins such as elastin, and has been found to
protect against oxidative stress in several pathological situations [82]. It is well known that
hypertension is a disease in which free radicals and large vessel elasticity are involved [83].
The lower level of glycine in young hypertensive men implied an impaired elastin formation
in the aorta and increased generation of free radicals. Moreover, the addition of glycine to
the diet has proven to reduce hypertension in a rat model of the metabolic syndrome [84].
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In summary, a few amino acids play an important role in the metabolic correlation networks
for young hypertensive men. Cellular demand for these key intermediates might contribute
to a raise in blood pressure of young men. However, the possibility needs to be tested in
future experiments.

4. Conclusions

This study presents one of the first integrated analyses of metabolomics and correlation
network on hypertension in young adults. Our data show that metabolic variations take place
at an early stage of hypertension, which is well in line with previous demonstration that
hypertension is a metabolic disease [5]. Furthermore, a few amino acids were screened as
hub metabolites in the correlation network for young hypertensive men. These findings
suggested an association between disorders of amino acid metabolism and hypertension, and
that the hypothesis was strongly supported by earlier reports on dietary amino acids and the
risk of hypertension [68,69,85,86].

In the majority of hypertensive cases, the underlying cause cannot be easily identified
because of the heterogeneous, polygenic, and multi-factorial nature of hypertension [87]. It
is especially difficult to explore metabolic change responsible for high blood pressure when
patients suffer from other major illnesses such as myocardial infarction, stroke, or kidney
disease, which is common in the elderly. Therefore, studies on young hypertensive adults
were more likely to uncover the molecular mechanism predisposing human to developing
hypertension. In addition, we analyzed strong correlations between metabolites in both
normal and pathological conditions, thus the detected hub metabolites were unlikely to be
secondary effects of high blood pressure, which improved the reliability of the results.

In the next study, we will apply the methods to a larger number of subjects, and try to
construct a comparison of two networks for hypertensive and healthy separately would
complement the results of this study. We would also analyze the thermodynamics of these
networks for a whole understanding. In all, combination of metabolomics and network
would enable to generate rich biochemical insight into possible biological modules related to
hypertension.
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Refer to Web version on PubMed Central for supplementary material.
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Fig. 1.

Young hypertensive men and healthy controls show different metabolic profiles. PCA scores
plot of the metabolic profiling data obtained from plasma of young hypertensive men and

healthy controls. Blue triangle, young hypertensive men (n = 20), red square, healthy

controls (n = 20), black asterisk, QC samples (n = 9).(For interpretation of the references to

color in this figure legend, the reader is referred to the web version of this article.)
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Fig. 2.
Pathway analyses reveal disorders of amino acid metabolism in young hypertensive men.

(A) Summary of pathway topology analysis of altered metabolites between young
hypertensive men and controls. Potential target pathways were selected either by negative
log P-values from pathway enrichment analysis, or by impact values from pathway topology
analysis. (a) Glycine, serine and threonine metabolism; (b) alanine, aspartate and glutamate
metabolism; (c) glycerolipid metabolism; (d) arginine and proline metabolism; (e) lysine
degradation; (f) glyoxylate and dicarboxylate metabolism; (g) tryptophan metabolism; (h)
lysine biosynthesis; (i) aminoacyl-tRNA biosynthesis; (j) nitrogen metabolism. (B) Changes
associated with biosynthesis pathway of amino acids in young hypertensive men. The
metabolites are shown in color: green represents decreased metabolites, yellow represents no
change, and the open circles represent no detected metabolites. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this
article.)
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Fig. 3.

Analysis of the metabolic correlation network based on the identified plasma metabolites.
(A) Metabolic correlation network based on 70 identified plasma metabolites, containing 79
edges (T = 0.6). Yellow nodes represented the significantly altered metabolites between
patients and controls (P < 0.05). (B) The values of degree of 70 nodes in descending order.
Filled circles represent the top highly connected metabolites in the network. (For
interpretation of the references to color in this figure legend, the reader is referred to the web

version of this article.)
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Analysis of the metabolic correlation network based on significantly altered metabolites

between young hypertensive men and healthy controls. (A) Metabolic correlation network

based on 20 significantly altered metabolites (P < 0.05), containing 26 edges (T = 0.6).

Yellow nodes represented hub metabolites of the network. (B) Three-dimensional diagram

of three centrality indices for the 20 nodes of the network, including betweenness centrality,
closeness centrality and degree centrality. (For interpretation of the references to color in

this figure legend, the reader is referred to the web version of this article.)
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Table 1

Definitions of the statistical characteristics used for network analysis in this study.

Statistical characteristic ~ Symbol  gqyationa.b.c.d Description
Degree k N The total number of edges for a node i
ki=) €
Average degree <k> N The average degree of the network
N L.
<k>: ZEI 1
Average path length L The mean distance between two nodes, averaged over all pairs of
L= 1 Z dis nodes
N(N —1)4=izj V
Diameter D D = max{d;} The maximum distance between any pair of nodes
Clustering coefficient C The probability that two nodes are linked to each other given that
o 2e; they are both connected to node i
Ci=———— (ki > 2)
Ei(k; — 1)
Degree centrality Cy k The proportion of other nodes that are adjacent to node i
Cyg=—=
TN

Betweenness centrality Cy The proportion of all geodesics between pairs of other nodes that

NN Ngjk(’i) include this node i
Cb_zj(<k)zk ik

Closeness centrality C. The number of other nodes divided by the sum of the distances
N -1 between the node i and all the other nodes

S dy

c=

aeij is the numbers of edges from node i to j.
bdij is the shortest path length from node i to j.
CN is the total number of nodes in the network.

dgjk is the numbers of geodesics connecting nodes j and k.
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