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Background: Stroke burden is extremely high in Chinese hypertensive population.
Novel biomarkers for cardiovascular diseases can be detected by metabolomic pro-
filing of human fluids. We aim to find a panel of distinctive plasma metabolites for
predicting incident ischemic stroke in hypertensive patients. Methods: This is a
nested case-control study from a prospective cohort design. Baseline plasma sam-
ples were collected from 66 newly developed ischemic stroke cases and 66 matched
controls. Untargeted metabolomics was performed by ultra-high performance lig-
uid chromatography-tandem mass spectrometry, and data were analyzed by multi-
variate and univariate statistics. Results: Plasma metabolite profiles clearly differed
between hypertensive patients with incident ischemic stroke and without. A total
of 12 metabolites were screened and identified as potential biomarkers. The altered
metabolic pathways included retinol metabolism, sphingolipid metabolism, glycer-
ophospholipid metabolism, lysine degradation, tyrosine metabolism, and trypto-
phan metabolism. For prediction of hypertensive ischemic stroke, the panel of
specific metabolomics-based biomarkers provided area under the curve of 0.848
(95% confidence interval: 0.783-0.913). Conclusions: Our study identified a metabolic
signature of incident ischemic stroke in hypertension. Differences in small-molecule
metabolites hold translational value in prediction and provide insights into poten-
tial new mechanisms of this condition.
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Introduction

Stroke is a major public health problem, leading to sig-
nificant morbidity and premature mortality. Globally,
stroke is the second leading cause of total years of life lost
after ischemic heart disease.! However, in China, stroke
has become the first leading cause of death in recent
years.”” Latest data shows stroke burden in China has
increased over the past 30 years, with a prevalence of

person-years in 2013." The incidence of first-ever stroke
increased annually by 11.9%.° It is estimated that there
are currently 70 million patients suffering from stroke.
The direct stroke-related cost increased from 8.5 billion in
1993 to 103.1 billion in 2008.

Hypertension is the most important risk factor for all
types of stroke, especially in China. For each increase of
10 mmHg in systolic blood pressure, there was a 1.44-fold
risk for ischemic stroke in Chinese hypertensive patients.

1596/100,000 people and an incidence of 345.1/100,000 Hypertension was associated with a risk ratio of 5.8 for
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ischemic stroke among Chinese compared with that of
1.93 among Caucasians.® China holds the largest popula-
tion of hypertension, approaching 250 million estimated
recently. There are another 435 million who have prehy-
pertension according to the Chinese guideline.” Consider-
ing the huge base of hypertensive population, burden of
stroke is sharply magnified. Therefore, as highlighted by
Chinese guideline, hypertensive population is the target
population for prevention of stroke in China.
Conventional risk factors fail to fully predict stroke in
hypertension. Accumulating evidence find thousands of
small-molecule metabolites in diverse biological systems
contributing to complex human diseases. As technology
develops, metabolomics becomes a promising tool to gain
new insights into early metabolic alterations in cardiovas-
cular disease (CVD).” Several studies revealed change of
metabolic profile in hypertension or stroke.”"'* For exam-
ple, Menni et al found hexadecanedioate was significantly
associated with blood pressure and future mortality
through analysis of 280 blood metabolites, indicating a
novel pathway of blood pressure regulation.() Jové et al
identified candidate biomarkers form LysoPC family for
both stroke recurrence prediction and large-artery athero-
sclerosis detection.'” However, limited data are available
for prediction of ischemic stroke in hypertensive patients,
especially in Chinese population. Here, we used metabo-
lomics to identify novel metabolic signatures for incident
ischemic stroke in Chinese hypertensive participants.

Methods
Study Population

Participants included in the current study were selected
from Northeast China Rural Cardiovascular Health Study,
a rural community-based prospective cohort study
designed to identify trend and novel risk factors of CVD in
rural China. A detailed description for the study design
and methods has been reported previously.'”' Briefly, a
total of 11,956 participants aged >35 years were recruited
and examined in 2012-2013. Data on demographic charac-
teristics, lifestyle risk factors, dietary habits, family income,
and history of cardiovascular disease were obtained by
interview with a standardized questionnaire. Fasting blood
samples were collected in the morning after at least 12
hours of fasting for all participants, and stored in —80°C
refrigerator. We measured metabolic profile of the included
patients using these baseline blood samples to explore
novel biomarkers for prediction of their future stroke cases.
The study was approved by the Ethics Committee of China
Medical University (Shenyang, China). All procedures
were performed in accordance with the ethical standards.

Participants included in the present analysis have to
meet the following criteria: (1) attended examinations at
both baseline (2012-2013) and follow-up (2016-2017); (2)
had uncontrolled hypertension (systolic blood pressure
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>140 mmHg and/or diastolic blood pressure >90
mmHg) at baseline; (3) were free of CVD (stroke, coronary
heart disease, and heart failure) at baseline, and (4) had
available plasma sample at baseline for the analysis of
metabolomics.

The endpoint of the present study is ischemic stroke.
According to the WHO Multinational Monitoring of
Trends and Determinants in Cardiovascular Disease crite-
ria,'”'® stroke events were defined as rapidly developing
signs of focal (or global) disturbance of cerebral function
lasting >24 hours (unless interrupted by surgery or death)
with no apparent nonvascular causes. The definition
included patients presenting with clinical signs and symp-
toms of subarachnoid hemorrhage, intracerebral hemor-
rhage, thrombosis, and embolism. Ischemic stroke was
defined as stroke events with diagnosis of thrombosis or
embolism. Transient ischemic attack and chronic cerebral
vascular disease were not included. All materials were
independently reviewed by the endpoint assessment com-
mittee, whose members were all blinded to the study par-
ticipants’ baseline risk factor information.

The median follow-up period is 4.52 years. A total of
4042 participants met all of the criteria. Newly developed
ischemic stroke cases during this follow-up period were
collected. For this study, 66 incident cases were randomly
selected from participants who newly developed ischemic
stroke. We then randomly selected controls who remained
free from ischemic stroke and matched them to the stroke
cases in a 1:1 ratio, according to age (within 3 year), sex,
location of the patients, and hypertension grades. The cur-
rent metabolomics analysis measured metabolite levels of
66 incident cases and 66 control subjects using their stored
blood samples at baseline in 2012-2013. Figure 1 shows
the sample size flow in our study.

Sample Extraction

Plasma was prepared and thawed on ice-cold condi-
tion. After thawing, 100 LL sample was added into an EP
tube with total volume of 1.5 mL. Next, 400 WL acetoni-
trile with low-temperature was added for deprotein pur-
pose, vortexing for 4 minutes at 4°C and standing for 10
minutes at room temperature. And then, it was separated
through centrifugation at 14,000 g for 15 minutes at 4°C.
Two EP tubes were used to collect the supernatants with
200 WL each of them. The supernatant was lyophilized
and stored at —20°C for ultra-high performance liquid
chromatography-tandem mass spectrometry (MS) analy-
sis, which was dissolved by using 100 L of 20% metha-
nol/water solution before experimental injection.

Ultra-High Performance Liquid Chromatography-
Tandem MS Metabolomics Analysis

Untargeted metabolomics was performed on a Waters
UPLC system (Waters Company, MA) coupled online to a
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Figure 1. Flowchart of participant selection of the study.

Q Exactive mass spectrometer (Thermo Fisher Scientific).
At positive mode, samples were resolved over a BEH C8
column (1.7 pm, 2.1 x 100 mm) at 50°C using mobile
phases A (water with 0.1% formic acid) and B (acetonitrile
with 0.1% formic acid) at a flow rate of 350 WL/min. The
gradient starts from 5% B and uniformly increases to
100% B with 24 minutes, and keeps 3.5 minutes for equi-
librium. After this, phase B was decreased to 5% with total
time attaining to 30 minutes. To MS analysis, the condi-
tions were used as follows: Spray Voltage (kV): 3.8; Capil-
lary temperature (°C): 320; Aux gas heater temperature
(°C): 350; Sheath gas flow rate (Arb): 35; Aux gas flow rate
(Arb): 8; S-lens RF level: 50; Mass range (m/z): 70-1000,
Full ms resolution: 70000; MS/MS resolution:17500;
TopN: 8; NCE/stepped NCE: 20, 40.

At negative mode, samples were resolved over a BEH
T3 column (1.8 wm, 2.1 x 100 mm) at 50°C using mobile
phases A (water with 6.5 mM ammonium bicarbonate)
and B (95% methanol /water solution with 6.5 mM ammo-
nium bicarbonate) at a flow rate of 350 WL/min. The gra-
dient starts from 5% B and uniformly increases to 100% B
with 18 minutes, and keeps 4 minutes for equilibrium.
After this, phase B was decreased to 5% with total time
attaining to 25 minutes. To MS analysis, the conditions
were used as follows: Spray Voltage (kV): —3.0; Capillary
temperature (°C): 320; Aux gas heater temperature (°C):
350; Sheath gas flow rate (Arb): 35; Aux gas flow rate
(Arb): 8; S-lens RF level: 50; Mass range (m/z): 70-1000,
Full ms resolution: 70000; MS/MS resolution:17500;
TopN: 8, NCE/stepped NCE: 20,40.

Statistical Analysis

The raw data were processed by XCMS package. Data
pretreatment procedures, such as peak discrimination, fil-
tering, alignment, and matching were performed to gener-
ate a multivariable data matrix of sample identity, ion
identity, and ion abundance. The 80% rule was used to
treat the missing values for each sample group. The sys-
tematic and automated approach and homemade software
(OSI/SMMS) was also used to optimize identification of
the metabolites."” Competitive adaptive reweighted sam-
pling algorithm was adopted to effectively select the opti-
mal combination of variables.”"*!

For multivariate statistical analysis, the normalized
data were imported to SIMCA software (version 13.0,
Umetrics, Sweden). First, principal component analysis,
an unsupervised pattern recognition approach, was used
to observe any intrinsic clusters between case and control
groups. Then, partial least squares discriminant analysis
(PLS-DA) and orthogonal partial least-squared discrimi-
nant analysis (OPLS-DA) were performed to obtain better
class separation in a supervised manner. Supervised
methods are frequently used in metabolomics to identify
metabolic signatures that relate to the variable of interest
while reducing the effects of the other sources of variance.
PLS measures how much a variable contributes to the dis-
crimination of the different groups, while OPLS model
evolved from PLS model and factorizes the data variance
into a first component which relates to the variable of inter-
est and a second uncorrelated component (ie, orthogonal).
Performances of the 2 models are similar.>** R?Y (cum)
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was calculated to estimate the “goodness of fit” of the
model, and Q? (cum) to estimate the ability of prediction.
For univariate statistical analysis, data following normal
distribution were compared by Student's t-test, while non-
parametric test was performed on the data deviating from
normal distribution by Wilcoxon Mann—Whitney test. Ions
with variable influence on projection values >1.0 and P
values of < .05 were identified as potential differential
metabolites. Heat maps and hierarchical cluster analyses
were conducted using R package. Open database sources,
including the Kyoto Encyclopedia of Genes and Genomes
pathway database and MetaboAnalyst were used to iden-
tify metabolic pathways. The area under the curve in
receiver operating characteristic analysis was calculated to
evaluate the discriminating power of the biomarkers. Sta-
tistical analyses were performed using SPSS software ver-
sion 19.0 IBM Corp., Armonk, NY). A P value < .05 was
considered statistically significant.

Results

Untargeted metaboliomics were performed in a total of
132 hypertensive participants in the present study, as
shown in Figure 1. Baseline characteristics are shown in
Table 1. Both case group and control group had similar
percentages of sex, smoking and drinking status, as well
as blood pressure grades. There were no significant differ-
ences in body mass index, levels of glucose and lipids
between case group and control group (all P > .05). Com-
pared with control subjects, patients with incident ische-
mic stroke had higher levels of waist circumference.

Figure 2 shows the representative LC-MS total ion chro-
matogram of the serum samples in both groups. The spec-
tral peak of each metabolite is optimal and the peaks are
well separated from each other. Visible difference
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between cases and controls were observed. Among the
155 ion selected, there were 119 positive ion and 36 nega-
tive ions.

In the preliminary analysis of these data, principal com-
ponent analysis was employed to explore different clus-
tering in the two groups. A trend of separation was
observed between groups (Fig 3A). Subsequently, we
used PLS-DA and OPLS-DA models to characterize the
metabolic disturbances. PLS-DA model improved the
clustering segregation between the two groups with
cumulative R?Y at 0.896 and Q* at 0.584 (Fig 3B and C).
Clear differences were obtained for incident ischemic
stroke cases versus controls (cumulative R?Y at 0.948 and
Q? at 0.787) with statistical validation in OPLS-DA model
(Fig 4A and B). Potential differential metabolites were
also screened by the S-plot of the established OPLS-DA
model. The distance from the biomarkers to the center of
the S-plot determines the contribution of metabolites to
the class discrimination (Fig 4C).

As summarized in Table 2, a panel of 12 endogenous
ions with variable influence on projection values > 1.0
from PLS-DA model and P < 0.05 from univariate statisti-
cal analysis was considered the potential differential
metabolites. Figure 5 is a heat map showing the average
normalized quantities of the 12 differential metabolites in
case and control groups. To determine the possible meta-
bolic pathway that was disrupted in ischemic stroke, all
the differential metabolites were analyzed using Kyoto
Encyclopedia of Genes and Genomes and MetaboAnalyst.
The potential pathways included retinol metabolism,
sphingolipid metabolism, glycerophospholipid metabo-
lism, lysine degradation, tyrosine metabolism and trypto-
phan metabolism (Fig 6). For prediction of hypertensive
ischemic stroke, the corresponding receiver operating
characteristic curve of the combined differential

Table 1. Baseline characteristics of hypertensive participants with incident ischemic stroke or not

Variables Cases (n=66) Controls (n = 66) P value
Age (year) 60.8 + 8.1 60.7 £ 8.3 913
Male 41 (62.1) 41 (62.1) —
BMI(kg/m?) 259+ 3.6 25.0+2.9 102
WC (cm) 88.8 = 13.8 84.8 + 8.4 .047
TC (mmol/L) 53+£1.0 52+1.1 .891
TG (mmol/L) 2.1+24 2.1+19 927
LDL-C (mmol/L) 3.0+09 294+0.8 .55
HDL-C (mmol/L) 1.4+04 1.5+£04 .079
FPG (mmol/L) 6.1+14 6.3+ 3.1 .647
Blood pressure —
Grade 1 27 (40.9) 27 (40.9)

Grade 2 20 (30.3) 20 (30.3)

Grade 3 19 (28.8) 19 (28.8)

Current smoking status 34 (51.5) 36 (54.5) 0.727
Current drinking status 29 (43.9) 25(37.9) 0.479

Abbreviations: BMI, body mass index; DBP, diastolic blood pressure; HDL-C, high-density; LDL-C, low-density lipoprotein cholesterol;
SBP, systolic blood pressure; TC, total cholesterol; TG, triglyceride; WC, waist circumference.

Data are expressed as the mean &= SD or as n (%).
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Figure 2. Representative total ion chromatograms of hypertensive patients with incident ischemic stroke (A) and without (B).

biomarkers had an area under the curve of 0.848 (95%
confidence interval: 0.783-0.913), as shown in Figure 7.

Discussion

Our study described a comprehensive metabolomic
profile of incident stroke in Chinese hypertensive patients.
Untargeted metabolomics revealed significant pattern
change between hypertensive patients with stroke event

or without, indicating an involvement of metabolic distur-
bance in ischemic stroke. The metabolic pathways of these
biomarkers were disturbed, especially for sphingolipid
metabolism. Combinations of metabolic biomarkers pro-
vided favorable predictive values for ischemic stroke in
this population.

As technology develops, metabolomics becomes an
important tool for cardiovascular and cerebrovascular dis-
eases. Accumulating evidence suggests that metabolic
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Table 2. Potential plasma biomarkers for ischemic stroke in hypertensive patients

Metabolites Retention time (min) Mass-to-charge ratio VIP value  Fold change P value
9-cis-Retinal 18.77 285.220 1.962 0.807 .003
DL-Indole-3-Lactic Acid 5.85 206.080 1.769 0.792 .005
Methyl Ricinoleate 18.12 313.272 1.750 0.795 .016
(2S)-OMPT 12.60 465.249 1.740 0.787 .007
2-Methyl-1-Pyrroline 1.02 84.081 1.674 1.307 .021
D-Pipecolinic Acid 0.92 130.086 1.560 0.758 .024
7,7-Dimethyl-5,8-Eicosadienoic Acid 18.63 335.295 1.468 1.433 .032
PC(15:0/0:0)[U] 14.75 482.322 1.446 0.728 .024
DL-Dihydrosphingosine 13.81 302.304 1.426 1.116 .031
Bufexamic Acid 5.10 224.143 1.414 1.072 .034
10-Hydroxy-2-Decenoic Acid 10.47 185.117 1.394 1.137 .038
L-Thyroxine 10.33 777.690 1.372 1.116 .042

VIP, variable influence on projection.

I class 4 class
7 7-Dimethyl-5 8-Eicosadienoic Acid A l Z:di
L-Thyroxine
DL-Dihydrosphingosine 5
D-Pipecolinic Acid
2-Methyl-1-Pyrroline 1
PC(15:0/0:0)[U]
10-Hydroxy-2-Decenoic Acid 0
Bufexamic Acid
(2S)-OMPT -1
Methyl Ricinoleate
DL-Indole-3-Lactic Acid 2

9-cis-Retinal

Figure 5. Heatmap of differential serum metabolites between hypertensive patients with incident ischemic stroke and those without.
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profile is promising for predicting CVDs in different popu-
lations.”**® In hypertension research, Akira et al compared
metabolic profiles of spontaneously hypertensive rats with
those of their age-matched normotensive Wistar Kyoto
rats. The researchers found urine levels of citrate and a-
ketoglutarate were decreased in spontaneously hyperten-
sive rats, suggesting an involvement of metabolic changes
with blood pressure regulation.”” Profound metabolic dif-
ferences between hypertensive and normotensive rat mod-
els were also found in blood samples.28 Furthermore, the
urinary levels of taurine and creatine were found to be
higher in stroke-prone spontaneously hypertensive rats
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than those in the Wistar Kyoto rats, implying a potential
usage of metabolomics in hypertension related stroke.””

Previous study found significant change of blood metab-
olites in acute ischemic stroke model.”” Wang et al per-
formed metabolomics in 40 acute ischemic stroke patients
and 29 matched controls. Tyrosine, lactate, and tryptophan
were shown as a panel of potential biomarkers of acute
ischemic stroke.” Purroy et al also found specific metabo-
lomic profiles associated with representative neuroimaging
features in patients with transient ischemic attack.'* How-
ever, features and mechanism of hypertensive stroke are
different from nonhypertensive stroke.”>” Especially in
China, where hypertension is associated with much higher
risk of stroke than other complications, such as ischemic
heart disease. The present study for the first time provided
data on metabolic profile of Chinese hypertensive stroke.

In the current study, we found a panel of metabolites
was significantly regulated in hypertensive patients who
developed ischemic stroke. Most of the metabolites are
first found related to stroke and the mechanism is unclear.
For example, indolelactic acid was observed to be associ-
ated with cancer in previous papers.”*”*” The pathophysi-
ological effect of indolelactic acid has not been studied
yet. Pipecolic acid is a metabolite of lysine, possibly relat-
ing to some complex diseases such as pyridoxine-depen-
dent epilepsy.”®”” Ferrarini et al reported an increased
level of pipecolic acid in severe sleep apnea and hypopnea
syndrome when compared to nonsevere patients.”® Our
study opened new lines of research that will benefit our
understanding of hypertensive stroke. The effects of these
metabolites on human body need further investigations.

The present study had several limitations. First, our
sample size was relatively small, and further validation in
a larger population is expected. Second, interindividual
metabolic variability of subjects was inevitable because
metabolic activity is susceptible to various factors such as
environment and lifestyles. Additionally, other classes of
lipids and some isomers of the metabolites might not be
identified in the current study.

In conclusion, untargeted metabolomic studies are a
useful tool in detecting abnormalities of complicated dis-
eases. The plasma metabolic profile between incident
ischemic stroke cases and nonstroke controls in hyperten-
sive patients were significantly different. Combinations of
metabolic biomarkers provided optimal predictive values
for hypertensive ischemic stroke. A better understanding
of the underlying mechanisms might identify novel thera-
peutic targets to prevent this unmet medical condition.
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