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using metabolomics
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!Department of Emergency, General Hospital of Ningxia Medical University, Yinchuan, China, *Key

Laboratory of Fertility Preservation and Maintenance of Ministry of Education, School of Basic
Medical Sciences, Ningxia Medical University, Yinchuan, China

Sepsis after trauma increases the risk of mortality rate for patients in intensive
care unit (ICUs). Currently, it is difficult to predict outcomes in individual
patients with sepsis due to the complexity of causative pathogens and the lack
of specific treatment. This study aimed to identify metabolomic biomarkers in
patients with multiple trauma and those with multiple trauma accompanied
with sepsis. Therefore, the metabolic profiles of healthy persons designated
as normal controls (NC), multiple trauma patients (MT), and multiple trauma
complicated with sepsis (MTS) (30 cases in each group) were analyzed
with ultra-high performance liquid chromatography coupled with quadrupole
time-of-flight mass spectrometry (UHPLC-Q-TOF/MS)-based untargeted
plasma metabolomics using collected plasma samples. The differential
metabolites were enriched in amino acid metabolism, lipid metabolism,
glycometabolism and nucleotide metabolism. Then, nine potential biomarkers,
namely, acrylic acid, 5-amino-3-oxohexanoate, 3b-hydroxy-5-cholenoic acid,
cytidine, succinic acid semialdehyde, PE [P-18:1(92)/16:1(92)], sphinganine,
uracil, and uridine, were found to be correlated with clinical variables and
validated using receiver operating characteristic (ROC) curves. Finally, the
three potential biomarkers succinic acid semialdehyde, uracil and uridine were
validated and can be applied in the clinical diagnosis of multiple traumas
complicated with sepsis.

KEYWORDS
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Introduction

Trauma is one of the leading causes of morbidity and mortality among all age
populations worldwide (1, 2). Multiple trauma is common injury at two or more
anatomical sites caused by a single consistent injury factor. Besides the health status,
multiple trauma can trigger a complex cascade of posttraumatic events, including
massive secretion of proinflammatory cytokines, an imbalance between the early
systemic inflammatory response, later compensatory anti-inflammatory response, and
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even multiple organ failure, which are closely correlated with the
outcomes of victims (3). Sepsis is a major cause of mortality in
critically ill patients, especially patients with multiple trauma.
Sepsis is a life-threatening condition caused by the body’s
extreme response to infection. It causes nearly six million deaths
worldwide annually (4). Multiple trauma also causes sepsis. The
trauma-induced sepsis is the leading cause of a high mortality
rate in intensive care units (ICUs). Moreover, sepsis associated
with multiple organ dysfunction syndrome is the primary cause
of late posttraumatic mortality, accounting for up to 50% (5, 6).
Although various advanced technologies, such as bundled early
goal-directed therapy, have been used to sepsis, sepsis prognosis
is still poor (7, 8). Furthermore, the high mortality associated
with sepsis is partially due to the lack of an effective approach
to predict sepsis outcomes. It is difficult to diagnose multiple
trauma-induced sepsis because the hypermetabolic baseline and
the explosive inflammatory immune response mask the clinical
signs and symptoms of sepsis (9, 10). Therefore, it is necessary
to determine promising biomarkers for patients with multiple
trauma without sepsis to estimate the individual risk profile and
prevent sepsis development.

Previous diagnostic definitions and manifestations of sepsis,
including Glasgow or sequential organ failure assessment
(SOFA) scores, have been performed based on sepsis 3.0 due
to the substantial heterogeneity of clinical syndrome (11). The
laboratory testing of sepsis is currently based on the related
factors of acute immune response caused by host reactants in
serum. C-reactive protein and procalcitonin have been widely
used in clinics for infection diagnosis and sepsis progression
prediction (12). Metabolite lactate has been standardized for
indications of sepsis and septic shock. Furthermore, studies
have shown that the proinflammatory cytokines interleukin-
6 and tumor necrosis factor-alpha can be used as markers
to diagnose sepsis (13, 14). Although patient blood culture
is recommended for diagnosing the etiologic agent of sepsis,
sepsis cannot be detected in most patients due to the low
abundance of microorganisms in the bloodstream or because
the organisms cannot be proliferated in conventional culture
medium (15). However, these biomarkers are universal and non-
specific in sepsis. Besides, the difficulty of early sepsis diagnosis
and the limited knowledge of the molecular mechanism of
sepsis development limits the timely treatment of sepsis (16).
Therefore, specific biomarkers for sepsis diagnosis should be
detected to help differentiate between the various factors and
conditions associated with sepsis.

Omics technologies can identify biomarkers by detecting
biochemical changes associated with the gene expression at
the transcription and translation levels and metabolites in
the overall biological state (17). Metabolomics is widely used
to assess all metabolites contained in an organism. For
instance, genome, transcriptome or proteome changes can
be reflected in the metabolome as alterations of metabolite
concentration (18). As a result, metabolomics can identify
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novel and potential metabolite markers and explore molecular
mechanisms in various diseases, including sepsis, through
blood detection. Metabolomics technology can also globally
evaluate the totality of endogenous metabolites in the body of
sepsis patients and reflect gene function and enzyme activity
(19). However, metabolomics can be used to quantitatively
distinguish patients with sepsis from healthy individuals by
analyzing several low molecular weight compounds, such as
amino acids, fatty acids, nucleotides and their derivatives,
which are important in diagnosis and pathogenesis (20).
However, clinical studies on sepsis metabonomics have not
identified any specific biomarkers for multiple injuries-
induced sepsis.

This study used untargeted metabolomics based on
ultrahigh-performance liquid chromatography coupled with
quadrupole time-of-flight mass spectrometry (UHPLC-Q-
TOF/MS) to screen several metabolites in plasma samples
of multiple trauma complicated with sepsis (MTS). A
computational bioinformatics analysis was then used to
obtain numerous significantly different metabolites. The
metabolites were further analyzed based on the clinical data and
characteristics of patients to obtain a set of potential metabolites
that can be used in the clinical diagnosis and detection of MTS.

Materials and methods

Patients

This study was carried out in line with the Declaration
of Helsinki and approved by the Ethics Committee of the
General Hospital of Ningxia Medical University (No. 2020-
34). All patients provided written informed consent. For ICU
patients and those with serious multiple traumas, consents
were provided by their legal guardians. Plasma samples were
obtained from 30 patients with multiple trauma (MT) and 30
patients with multiple trauma complicated with sepsis (MTS)
who were admitted in the outpatient room of the emergency
department between 2016 and 2019. In addition, 30 samples
were obtained from healthy normal individuals (NC, aged from
30 to 50) from the Healthy Examination Center of the General
Hospital of Ningxia Medical University. All healthy volunteers
were fully informed of the study details and agreed to participate
in the investigation, and also provided written informed consent.
Patients with MT or MTS were enrolled according to Sepsis-3
definition., complete basic information of patients was obtained.
Plasma samples were collected within 1h of hospitalization
and before antibiotic treatment (21). Sequential Organ Failure
Assessment (SOFA) score and Glasgow score were calculated
to assess sepsis severity, and the scores were confirmed by two
pathologists. Serum biochemical information of patients was
obtained from the hospital database.
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Schematic workflow for the experimental approach using untargeted metabolomics. The plasma were collected from NC, MT and MTS groups
for metabolomics profiling using untargeted metabolomics. Quantitative information is extracted from MS data and identification based on
database, and the metabolic pathways of differential metabolites were enriched and the potential biomarkers were further obtained,
subsequently, the availability was predicted and the correlations between potential biomarkers and clinical characteristics were analyzed.

Untargeted metabolomics\

(UHPLC-Q-TOF/MS)
in ESI+ and ESI-

Preparation of plasma samples and
extraction of metabolites

Plasma samples were collected from NC, MT, and MTS
groups (30 patients for each group). The plasma samples
—80°C and thawed at 4°C before LC-MS/MS
analysis. Briefly, 200 wL of the extraction solution composed of

were stored at

acetonitrile/methanol (1:1, v/v) and isotopically labeled internal
standard was added to 50 L of each plasma sample, and mixed
by vortexing for 30s. It was sonicated for 10 min, and incubated
for 1h at —40°C. After centrifugation at 4°C and 12,000 g for
15 min, the supernatant was collected into a fresh glass vial for
subsequent analysis. To ensure credibility of analysis, a bulk
quality control (QC) sample was prepared by mixing equal
volume aliquots and used for monitoring LC/MS response and
calibrating data.

LC-MS/MS analysis

Untargeted metabolite profile of plasma samples

was performed using an ultra-high-performance
(UHPLC)

Fisher Scientific) coupled to a Q Exactive HFX mass

liquid
chromatography system (Vanquish, Thermo
spectrometer (Orbitrap MS, Thermo). Flow phase solution
A: acetonitrile/water (60:40, v/v); flow phase solution B:

acetonitrile/water (90:10, v/v), two flow phase solutions contain
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10 mmol/L ammonium formate and 0.1% methanoic acid at
final concentration. Then, a series of gradient solution B and
solution A were eluted as follows: 95% solution B for 0.5 min,
70% solution B for 5min, 50% solution B for 8 min, 40%
solution B for 9 min, 70% solution A for 9 min and 95% solution
A for 12min. A mass spectrometer (Q Exactive HFX) was
used to acquire MS/MS spectra data under the control of the
acquisition software (Xcalibur, version 4.1, Thermo). Full scan
MS spectra were continuously analyzed using the software. The
parameters of electrospray used as the ionization (ESI) source
conditions were as follows: sheath gas flow rate of 50 Arb, Aux
gas flow rate of 10 Arb, capillary temperature of 320°C, full
MS resolution of 60,000, MS/MS resolution of 7,500, collision
energy of 10/30/60 in NCE mode, and spray voltage of 3.5 kV
(positive model, ESI+) or —3.2 kV (negative model, ESI-) (22).

Validation of candidate metabolites

To validate the applicability of the candidate metabolites, the
ultrahigh-performance liquid chromatography-tandem mass
spectrometer (UHPLC-MS/MS) was employed to quantitatively
measure the candidate metabolites in the plasma of another
20 cases (10 cases in MT and MTs groups, respectively). The
chromatographic separation was accomplished on an Agilent
1,290 Infinity II series UHPLC System (Agilent Technologies,
California, USA), equipped with a Waters ACQUITY UPLC
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TABLE 1 The basic information and clinical characteristics of multiple trauma with sepsis and multiple trauma without sepsis.

Characteristics

Male gender, n (%)

Age, years

Length of stay in the ICU, days
SOFA score, points

Length of stay in hospital, days
Glasgow score, points
Leukocyte count, x 10°/L
Neutrophil count, x 10°/L
Platelets, x10°/L

Total bilirubin, pwmol/L
Creatinine, mg/dL

Oxygenation index, mmHg

All patients
(n = 60)

45 (75%)

40 (31to 52)
0(0to1)
0(0to2)

16 (9.5 t0 29.5)
15 (11 to 15)
14.74 (12 to 20.85)
12.91 (9.58 to 17.95)
183 (149 to 256)
12.7 (9.1t0 23.3)
62.6 (54.6 to 75.9)
268.6 (209.7 to 385)

10.3389/fpubh.2022.923170

Variables
Multiple trauma Multiple trauma P value
(MT, n = 30) with sepsis (MT vs. MTS)
(MTS, n = 30)
22 (73%) 23 (77%) 1.0000
35 (26 to 46) 44.5 (35.75 t0 59.75) 0.0071**
0(0t00) 0 (0 to 4.25) 0.5729
0(0to2) 2(1t06) 0.0061**
23.5 (10.75 to 38.75) 21 (11 to 34) 0.1150
15 (15 to 15) 12 (7.75 to 15) 0.0007**
14.74 (11.14 to 18.02) 15.47 (11.99 to 21.95) 0.4362
12.91 (9.675 to 14.19) 13.41 (9.497 to 19.42) 0.2077
183 (142.5 to 257) 189.5 (154.5 to 256.3) 0.4280
15.5 (9.45 t0 22.95) 10.55 (8.65 to 24.83) 0.7753
64.9 (56.2 to 79.05) 62.5 (52.78 to 68.23) 0.2844
271.2 (219.7 to 385.7) 257 (181.3 to 389.6) 0.3334

Data are expressed as medians and 25th to 75th percentiles or with frequencies and percentages. P value is statistically significant when <0.01 and those values are marked with an ™. ICU,

intensive care unit; SOFA, sequential organ failure assessment.

BEH Amide column (100 x 2.1 mm, 1.7 pum, Waters, USA). The
mobile phase A was 1% formic acid with 20 mM ammonium
formate in water, and phase B was 1% formic acid with 20 mM
ammonium formate in acetonitrile. The column temperature
and autosampler temperature were maintained at 35 and 4°C,
respectively. The multiple reaction monitoring parameters of the
target analytes are controlled by flowing injection of the standard
solution of a single analyte.

Data preprocessing and annotation

The raw data of peak were converted to mzXML format
and detected by R package based on XCMS (version 3.2).
A data matrix consisting of retention time (RT), Mass-to-
charge ratio (m/z) values, and peak intensity was established
by preprocessing. After discarding the data of QC samples,
monoisotopic peaks were subjected to subsequent statistical
analyses. Metabolites were identified and annotated using
HMDB, METLIN, and MoNA databases, developed by Biotree
Technology Co. Ltd. (Shanghai, China) (23). A schematic
workflow of the study is shown in Figure 1.

Statistical analysis
All statistical analyses were carried out using MetaboAnalyst
2.0 (http://www.metaboanalyst.ca). ~Principal component

analysis (PCA, 95% confidence interval) was performed to
visualize the distribution of sample groups and unsupervised
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multivariate statistical analysis. Orthogonal projections to latent
structures-discriminate analysis (OPLS-DA) were performed as
a supervised method to visualize group separation and identify
significantly changed metabolites. In cross-validation and
permutation tests, the OPLS-DA models were used according
to multiple correlation coefficients (R2) and cross-validated R2
(Q2) value by 7-fold cross validation and 200 permutations. The
principal component was obtained based on the importance
of the projection (VIP) value determined using OPLS-DA
analysis. Metabolites with VIP>1 and P < 0.05 (ANOVA)
were considered significant differential metabolites among the
groups. Pathway enrichment analysis was performed using
KEGG (http://www.genome.jp/kegg/) and HMDB (http://
www.hmdb.ca) databases (24, 25). Correlation analysis of
metabolites and receiver operating characteristic (ROC) curves
were drawn using GraphPad Prism 6.0. P < 0.05 was considered
statistically significant.

Results

Patient demographics and clinical
characteristics

This study enrolled 30 multiple trauma patients (MT) and
30 multiple trauma with sepsis (MTS) patients. The clinical
characteristics of the patients are shown in Table 1. Forty-five
patients (75%), including 22 MT patients and 23 MTS patients,
were males. This showed that gender in MT and MTS groups
has no difference (P = 1.0000). The median ages of the MT
and MTS groups were 35 years (25th to 75th percentile, 26
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FIGURE 2
Metabolic profiles of plasma samples of NC, MT and MTS. (A) PCA score plots of the samples derived from the metabolite profiles in the ESI+
model, QC: quality control. (B) PCA score plots of the samples derived from the metabolite profiles in the ESI- model. (C) OPLS-DA score scatter
plots of plasma samples of MTS vs. MT derived from the metabolite profiles in the ESI4+ model. (D) OPLS-DA score scatter plots of plasma
samples of MT vs. NC derived from the metabolite profiles in the ESI+ model. (E) OPLS-DA score scatter plots of plasma samples of MTS vs. NC
derived from the metabolite profiles in the ESI+ model. (F) Permutation test of the OPLS-DA model for MTS vs. MT in the ESI+ model. N = 30 in
each group. (A—F) were drawn by R version 4.0.2.

to 46 years) and 44.5 years (25th to 75th percentile, 35.75 to
59.75 years), respectively. This showed the patient’s age in MT
and MTS groups has a significant difference (P = 0.0071).
Although the MTS patients stayed in the ICU for more days than
the MT patients, the median and P values were not different
between the two groups. The MTS patients were more severe
and had a significantly higher SOFA score (MTS: median; 2
points and 25th to 75th percentile; 1-6 points) than the MT
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group (MT: median; 0 points and 25th—75th percentile; 0-2
points) (P = 0.0061). The MTS patients also had a significantly
lower Glasgow score (MTS: median; 12 points and 25th—75th
percentile; 7.75-15 points) than the MT patients (MT: median;
15 points and 25th—75th percentile; 15-15 points) (P = 0.0007).
The results indicated that the SOFA score and the Glasgow
score could be quickly distinguish patients with MT and MTS
in clinical. Furthermore, the median length of hospital stay [21
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FIGURE 3
The distribution of differential plasma metabolites among NC, MT and MTS. (A) The number of differential plasma metabolites among NC, MT
and MTS in the ESI+ model. (B) The number of differential plasma metabolites among NC, MT and MTS in the ESI- model. (C) Volcano plot of
the MTS vs. MT groups in ESI+ model. (D) Volcano plot of the MT vs. NC groups in ESI+ model. (E) Volcano plot of the MTS vs. NC groups in the
ESI+ model. (F) Volcano plot of the MTS vs. MT groups in ESI- model. (G) Volcano plot of the MT vs. NC groups in the ESI- model. (H) Volcano
plot of the MTS vs. NC groups in the ESI- model. Each point in the volcano plot represents a significantly different metabolite, red represents
upregulated metabolites, blue represents downregulated metabolites, and gray dots indicate non significant differences. (C—H) were drawn by R
version 4.0.2.

(15-17, 19, 21-40) vs. 23.5 (10.75-38.75), P = 0.1150], leukocyte
count [15.47 (11.99-21.95) vs. 14.74 (11.14-18.02), P = 0.4362],
neutrophil count [13.41 (9.497-19.42) vs. 12.91 (9.675-14.19),
P = 0.2077], platelets [189.5 (154.5-256.3) vs. 183 (142.5-257),
P = 0.4280], total bilirubin [10.55 (8.65-24.83) vs. 15.5 (9.45—
22.95), P = 0.7753], creatinine [62.5 (52.78-68.23) vs. 64.9
(56.2-79.05), P = 0.2844], and oxygenation index [257 (181.3-
389.6) vs.271.2 (219.7-385.7), P = 0.3334] were not significantly
different between the MTS and MT groups. Therefore, these
results suggested that the age, SOFA score and Glasgow score
may be related to the incidence of MTS.
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Assessment of metabolic profiles

This study used untargeted metabolomics to assess the
relationship between plasma metabolome and MTS. The
UHPLC/MS profile of plasma samples for MTS, MT and NC
in positive (ESI+) and negative (ESI-) modes are shown in
Figure 2. A total of 5,168 peaks and 1,434 metabolites were
identified and quantified in the ESI+ model, while 4,078
peaks and 847 metabolites were identified and quantified
in the ESI- model. These compounds were annotated

based on internal libraries and reference standards. The
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FIGURE 5
Metabolic pathways among NC, MT and MTS groups. Bubble diagram of the metabolic pathways of MTS vs. MT (A), MT vs. NC (B), and MTS vs.
NC (C) in the ESI+ model. Bubble diagram of the metabolic pathways of MTS vs. MT (D), MT vs. NC (E) and MTS vs. NC (F) in the ESI- model. The
—In(p) values from the pathway enrichment analysis are indicated on the horizontal axis, and impact values are indicated on the vertical axis. The
colors and sizes of the shapes represent the effects of the pairwise comparison, and the larger red shapes indicate a greater effect on the
pathway. (G) Schematic overview of the metabolites with plasma levels significantly altered in multiple trauma complicated with sepsis.
Metabolites with increased levels are in red and those with decreased levels are in blue; Solid lines denote direct reactions; dotted lines denote
indirect reactions; arrowhead indicates direction of the reaction; double arrowhead indicates direction of the reversible reactions. (A—F) were
drawn by R version 4.0.2.

PCA score plot showed the NC, MT and MTS groups had
different metabolic profiles.

are

comparisons in the ESI4+ and ESI- models is shown in
Supplementary Figure 1. The orthogonal projections to latent
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structures discriminant analysis (OPLS-DA) were used to
The ESI+ and ESI- models further assess the tendency of metabolite classification among
the three groups. The OPLS-DA score plots of the MT vs.
MTS groups (Figure2C), NC vs. MT groups (Figure 2D),
and NC vs. MTS groups (Figure 2E) in the ESI4+ model

shown in Figures 2A,B, respectively. The pairwise
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FIGURE 6
Scatter and trend plot of 16 potential biomarkers in the ESI+ and ESI- models. The scatter and trend plot of acrylic acid (A),
3b-hydroxy-5-cholenoic acid (B), 5-amino-3-oxohexanoate (C), cytidine (D), D-ribose (E), L-glutamic acid (F), PE [P-18:1(92)/16:1(92)] (G), PE
[P-18:1(97)/20:3(5Z,82,112)] (H), PE [P-18:1(1127)/18:2(9Z,12Z)] (1), PE [P-18:1(1127)/18:3(6Z,9Z,127)] (J), sorbitol (K), sphinganine (L), succinic
acid semialdehyde (M), succinic acid (N), uracil (O), and uridine (P), and the ordinate was the relative intensity of metabolite. (Q,R) Receiver
operator curve (ROC) analysis of the random forest model combining 12 biomarkers (P < 0.05) to diagnose MTS in the validation data. *P < 0.05,
P < 0.01.

suggested that the metabolites were reliable based on the vs. MT groups (Supplementary Figure 2B), and NC vs. MTS
differences between the groups. The OPLS-DA score plots

of the MT vs. MTS groups (Supplementary Figure 2A), NC

groups (Supplementary Figure 2C) in the ESI- model also
showed that the metabolites were reliable based on differences
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between the groups. Additionally, a random permutations
test comparison between MT and MTS groups (ESI+) was
performed to verify the validity and robustness of the OPLS-DA
model. The negative corresponding Q2 value was used for the
validation of the metabolic profiles (Figure 2F). Similarly, the
comparison between the MT and MTS groups in the ESI- was
valid (Supplementary Figure 2D).

Differential metabolites obtained from
the plasma of MTS patients

This study used a pairwise comparison to screen the
differential metabolites. The significantly differential metabolites
were identified based on the criteria of variable importance
of the projection (VIP) values >1.0 and P values < 0.05.
A total of 1,457 metabolites were downregulated, and 578
were upregulated in the MT vs. NC, 1,479 metabolites were
downregulated, and 544 were upregulated in the MTS wvs.
NC group, and 367 metabolites were downregulated, and
248 were upregulated in the MTS vs. NC group in the
ESI4+ model (Figure 3A). The volcano plots are shown in
Figures 3C-E. A total of 1,155 metabolites were downregulated,
and 453 were upregulated in the MT vs. NC group, 929
metabolites were downregulated, and 430 were upregulated in
the MTS vs. NC group, and 240 metabolites were downregulated
and 665 were upregulated in the MTS vs. NC group in
the ESI- model (Figure 3B). The volcano plots are shown
in Figures 3F-H.

Detection and identification of
differential metabolites

One-way ANOVA was used to compare all data in NC,
MT and MTS groups based on the criteria of VIP values >1.0.
The critical P value was set to 0.05 for significantly differential
metabolites. A total of 156 significant plasma metabolites (67
in the ESI4+ model and 89 in the ESI- model) were obtained
(Supplementary Table 1). This study also conducted tentative
identification of these metabolites and their corresponding
concentration fold change analyses. Positive and negative fold
changes represented upregulation and downregulation within
comparative groups, respectively. A greater fold change of
metabolites between pairwise comparisons and metabolites may
be a better biomarker. The profiles of hierarchical clustering
analysis were then visualized to assess the global overview of all
the significantly differential metabolites in the ESI+ (Figure 4A)
and ESI- models (Figure 4B).
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Pathway analysis of differential
metabolites

The enrichment analysis was conducted using the Kyoto
Encyclopedia of Genes and Genomes (KEGG) pathway
database to investigate the metabolites related to the metabolic
pathways and physiological changes in the plasma of MTS
patients. In the ESI+ model, glycerophospholipid, sphingolipid,
tryptophan,
pathways were affected in the MT vs. MTS group (Figure 5A);

pyrimidine, and phenylalanine metabolism
glycerophospholipid, glycine, serine, threonine, tryptophan,
sulfur, sphingolipid, and histidine metabolism pathways were
affected in the MT vs. NC group (Figure 5B); and pyrimidine,
pantothenate and CoA biosynthesis, beta-alanine, sphingolipid,
propanoate, and phenylalanine metabolism pathways were
affected in the MTS vs. NC group (Figure 5C). In the ESI-
model, alanine, aspartate, glutamate, butanoate, pyrimidine,
arginine, proline, histidine, and alpha-linolenic acid metabolism
pathways were affected in the MT vs. MTS group (Figure 5D);
fatty acid biosynthesis, glycine, serine, threonine, pyrimidine,
pantothenate and CoA biosynthesis, beta-alanine, arginine,
proline, ascorbate, aldarate, D-glutamine and D-glutamate
metabolism pathways were affected in the MT vs. NC group
(Figure 5E); and pyrimidine, alanine, aspartate, glutamate,
pantothenate and CoA biosynthesis, beta-alanine, citrate cycle
(TCA cycle), butanoate, D-glutamine and D-glutamate, glycine,
serine, and threonine metabolism pathways were affected in the
MTS vs. NC group (Figure 5F). In general, these differentially
altered metabolites were enriched in amino acid metabolism,
lipid metabolism, glycometabolism, and nucleotide metabolism
as shown in Figure 5G.

Screening of potential biomarkers

This study used 16 of the 156 differential metabolites
to discriminate MT and MTS. The 16 metabolites were
selected based on an increasing or decreasing trend from
NC, MT to MTS, and significant differences in pairwise
comparison to better distinguish the potential of MT patients
to develop MTS (Figures 6A-P). Notably, acrylic acid, 3b-
hydroxy-5-cholenoic acid, 5-amino-3-oxohexanoate, cytidine,
D-ribose, L-glutamic acid, PE [P-18:1(92)/16:1(9Z)], PE [P-
18:1(92)/20:3(5Z,87,11Z)], PE [P-18:1(11Z)/18:2(9Z,12Z)], PE
[P-18:1(117)/18:3(6Z,9Z,127Z)], sorbitol, sphinganine, succinic
acid semialdehyde, succinic acid, uracil, uridine, sphinganine,
and succinic acid semialdehyde (MTS) had clear criteria for the
progression of MT to MTS. Furthermore, receiver operating
characteristic (ROC) curves were used to predict the class of
subjects in the validation with a random forest (RF) model
based on the data of the MT and MTS groups to evaluate the
diagnostic potential of these metabolic biomarkers for MTS
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TABLE 2 Correlations between metabolites and clinical variables.
Metabolite
Age

r P value

5-Amino-3-oxohexanoate 0.03742 0.7882
PE [P-18:1(11Z)/18:2(9Z,12Z)] —0.1111 0.4237
PE [P-18:1(11Z)/18:3(6Z,97,127)] —0.1174 0.398

PE [P-18:1(92)/16:1(9Z)] —0.04119 0.7674
PE [P-18:1(92)/20:3(5Z,8Z,11Z)] —0.1571 0.2567
Sphinganine 0.08383 0.5467
3b-Hydroxy-5-cholenoic acid —0.04752 0.7329
Acrylic acid 0.07945 0.568

Cytidine —0.1624 0.2408
D-Ribose 0.1142 0.411

L-Glutamic acid 0.22 0.1099
Sorbitol 0.2203 0.1094
Succinic acid —0.2013 0.1444
Succinic acid semialdehyde —0.2483 0.0702
Uracil —0.08372 0.5473
Uridine —0.3173 0.0194*

10.3389/fpubh.2022.923170

Clinical Variable
SOFA score Glasgow score
r P value r P value
—0.2903 0.0315* 0.3252 0.0154*
—0.07689 0.5769 0.2093 0.1251
—0.1494 0.2763 0.198 0.1473
—0.1109 0.4203 0.337 0.0119*
—0.1816 0.1844 0.185 0.1764
0.2177 0.1103 —0.3101 0.0212*
—0.3202 0.0172* 0.329 0.0142*
0.2844 0.0353* —0.09063 0.5105
—0.3447 0.01* 0.2979 0.0272*
0.2382 0.0799 —0.1915 0.1612
0.1458 0.2881 —0.1835 0.1799
—0.1351 0.3255 0.01953 0.8875
—0.2231 0.1015 0.2217 0.1038
—0.3452 0.0099** 0.3682 0.0057**
—0.3425 0.0105* 0.3881 0.0034**
—0.4536 0.0005** 0.396 0.0028**

The P < 0.05 were considered significant and marked with *, and P < 0.01 were marked with **. SOFA, sequential organ failure assessment.

patients. The area under the curves (AUC) of 5-amino-3-
oxohexanoate, PE [P-18:1(9Z)/16:1(9Z)], sphinganine, cytidine,
3b-hydroxy-5-cholenoic acid, acrylic acid, D-ribose, sorbitol,
succinic acid, succinic acid semialdehyde, uracil, and uridine are
shown in Figures 6Q,R. Notably, the RF model based on the 12
biomarkers with significant differences showed good diagnostic
performance in MTS patients.

Correlations between metabolites and
clinical variables

This study used Spearman’s correlation between the above
16 statistically significant metabolites and clinical variables
(age, SOFA score, and Glasgow score) to determine the
clinical availability of potential biomarkers further. The P-
value and correlations (r) are shown in Table2. The 5-
amino-3-oxohexanoate, 3b-hydroxy-5-cholenoic acid, cytidine,
succinic acid semialdehyde, uracil and uridine were negatively
correlated with the SOFA score. In contrast, acrylic acid was
positively correlated with the SOFA score. The 5-amino-3-
oxohexanoate, PE [P-18:1(9Z)/16:1(9Z)], cytidine, 3b-hydroxy-
5-cholenoic acid, succinic acid semialdehyde, uracil, and uridine
were positively correlated with the Glasgow score, while
sphinganine was negatively correlated with the Glasgow score.
Moreover, uridine was negatively correlated with age. Therefore,
the 9 noteworthy candidate biomarkers that are correlated with
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clinical variables may be suitable for the clinical diagnosis
of MTS.

Identification of MTS biomarkers by
UPHLC-MS/MS targeted quantitative
analysis

To validate the 9 candidate metabolites (acrylic acid,
5-amino-3-oxohexanoate, 3b-hydroxy-5-cholenoic acid,
cytidine, succinic acid semialdehyde, PE [P-18:1(9Z)/16:1(9Z)],
sphinganine, uracil, and uridine) could accurately distinguish
MTS from MT, another batch of 20 cases contains MT and
MTS groups (10 cases in each group) was examined by
UHPLC-MS/MS quantitative analysis. The results showed that
succinic acid semialdehyde, uracil, and uridine had significant
differences (Figure 7). Therefore, these results suggest that
the three metabolites could be used as potential diagnostic
biomarkers in MTS patients.

Discussion

Multiple trauma complicated with sepsis is one of the causes
of high mortality in the ICU. Therefore, timely monitoring
of sepsis progression in posttraumatic patients is crucial in
MT treatment (26). Studies have shown that MT is the
major risk factor for sepsis development. Moreover, early
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sepsis diagnosis can prevent septic progression. However, the
physiological mechanisms of sepsis are unknown. Furthermore,
it is difficult to identify early biomarkers of sepsis. This study
aimed to identify biomarkers of sepsis for early diagnosis
using metabolomics analysis techniques. Metabolomics is a
promising area of research because metabolome changes are
more dynamic than the genome, and proteome changes quickly.
Besides, metabolite changes can directly reflect the changes
in many small molecules, such as nucleotides, amino acids,
and lipids (27, 41). Although various studies have used
metabolomics to screen biomarkers of trauma complicated
with sepsis, these metabolites can only be used as diagnostic
indicators and not for early diagnosis since these potential
biomarkers are compared with normal people and MT patients
(28, 42). Moreover, the identified diagnostic biomarkers were
not specific for MTS. Although there are some advances in
the metabolomics of sepsis, some factors still limit the clinical
application of metabolomics. These biomarker candidates have
failed validation in confirmation studies. Therefore, besides
healthy controls, the design strategy of biomarker screening
should also include controls with non-related diseases (29, 30,
32, 33). This study used plasma samples of healthy persons
(NC), multiple trauma (MT), and multiple traumas complicated
with sepsis (MTS) patients for metabolomics analysis. This study
used UHPLC-MS for metabolomics detection. Previously, one-
dimensional (1-D) proton (H) nuclear magnetic resonance (1H-
NMR) was applied in metabolomics of sepsis, a recent study used
1H-NMR-based metabolomics to analyze and screen potential
biomarkers for early diagnosis of metabolite concentrations
between serum septic patients and healthy controls. The study
showed that glucose, glycine, 3-hydroxybutyrate, creatinine
and glycoprotein acetyl levels are higher in sepsis patients
than in healthy controls. In contrast, citrate and histidine
levels are lower in sepsis patients than in healthy controls
(28). Although nuclear magnetic resonance (1H-NMR) and
mass spectrometry (MS) combined with multivariate analysis
can be used for sepsis metabolomics analysis, but MS has a
greater sensitivity than NMR and presented a wider application
prospect (31). Additionally, MS can accurately determine and
quantify molecules and provide structural information of the
detected compounds (43). Therefore, this study obtained several
differential metabolites using UHPLC-MS technology, verifying
its sensitivity and practicability.

Male sex, SOFA score and Glasgow score were the
observably independent risk factors for the development of
posttraumatic sepsis. A similar study showed that the age
of patients and days of stay in the ICU are significantly
12)
groups (32). Furthermore, a study assessed 29,829 patients

different between sepsis (n = 9) and no sepsis (n =
in Germany and showed that various factors, including male
sex, preexisting medical condition, Glasgow Coma Scale score,
Injury Severity Score, number of transfused red blood cell
units, and number of operative procedures, are independent
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risk factors for the traumatic sepsis development. Additionally,
the MTS patients have a longer stay in ICU, higher rates
of organ failure and hospital mortality than the non-sepsis
patients (33). Analogously, a systematic review involving 56,164
patients found that demographic factors, such as old age
and male sex, are associated with an increased risk of sepsis
(44). Herein, only age, SOFA score and Glasgow score were
significantly different between the two groups, possibly due
to the small sample size. Studies have reported that the
incidence of sepsis is increased in elderly adults and age is
an independent predictor of sepsis mortality (34). SOFA score
has been widely used in septic evaluation, showing a moderate
prognostic stratification ability (45). The Glasgow coma scale
has been incorporated into the new sepsis recommendation
(Sepsis 3.0). It can also be used to evaluate the mental state
of patients with sepsis since sepsis can induce central nervous
system infection and diffuse brain dysfunction (46). Therefore,
these studies support our results of clinical characteristics to
some extent.

Sepsis researches focus on exploring an ideal biomarker.
Researchers have been exploring an ideal biomarker that can
quickly and sensitively distinguish the presence and progression
of sepsis. The early clinical diagnosis of sepsis depends on
the presence of microbiologic cultures in blood. However,
positive results are detected in only 30% of patients with
sepsis or septic shock. As a result, studies have focused on
the effects of metabolites produced by sepsis on individuals.
Several biomarkers, such as procalcitonin, C-reactive protein,
interleukin (IL)-6, and other inflammatory factors, have been
proposed for sepsis detection (47). However, the clinical use
of the existing biomarkers is limited. Although advances
have been made in biomarkers for sepsis diagnosis, no single
biomarker can meet the needs of specificity and sensitivity
to distinguish sepsis from other inflammatory processes.
Therefore, omics techniques, especially metabolomics,
have been used to identify new biomarkers for sepsis
progression. Although some studies use transcriptome or
proteomics to screen sepsis biomarkers, metabolomics based
on UHPLC-MS can also assess the effects of transcription
in  vivo. Moreover,

and translation levels non-targeted

metabolomics can systematically and comprehensively

36).
metabolomics may play a critical role in the identification

evaluate the unknown mechanism (35, Therefore,
of sepsis biomarkers. Besides, the combined analysis of
metabolomics and transcriptome or proteomics may be an
important direction for the discovery of sepsis biomarkers
in the future. Human serum, plasma and urine samples can
be used to study the metabolome of sepsis to find promising
biomarkers. Although various studies have used LC/MS
techniques for sepsis metabolomics, the differential metabolites
obtained in each study are different, possibly due to the
resolution of the mass spectrometer used and the cause
of sepsis.
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Herein, 1,520 differential metabolites were detected between
MT and MTS from the plasma of patients. The metabolites
were enriched in amino acid metabolism, glycometabolism,
lipid metabolism, nucleotide metabolism and other metabolic
pathways. Some amino acids were lower in MTS patients
than in the MT or NC groups, indicating that protein
metabolism is a consumption process of amino acid in sepsis.
The heterogeneity of the etiology of sepsis may lead to
the different differential metabolites or potential biomarkers
obtained via metabolomics in the early sepsis diagnosis.
However, further studies are needed to assess the confirmation
and regulatory mechanisms of these potential biomarkers in
the clinical diagnosis of sepsis. The lower levels of glucose
and organic acids, such as succinic acid, glutaric acid and
pyruvic acid suggested that the citrate cycle (TCA cycle)
and glycolysis/gluconeogenesis metabolism were disturbed in
the MTS group. The intermediate products of the TCA
cycle were significantly changed in the sepsis group than in
the NC and MT groups, indicating that energy metabolism
was disturbed in the sepsis group, thus decreasing energy
production. An omic technologies review showed that sepsis
affected the intermediate metabolite levels of the TCA cycle
and is associated with mitochondrial beta-oxidation dysfunction
of fatty acid metabolism (37). Furthermore, the inhibition of
the TCA cycle requires energy supply through the anaerobic
respiration pathway of glycolysis, leading to the conversion of
pyruvate to alanine. The TCA cycle of mitochondria is the
main pathway for the conversion of glutamine to CO; and
pyruvate (38). Mannose levels were higher in the plasma of
the MTS and MT groups than the mannose levels in the NC
group, and the alteration was enriched in mannose metabolism
(15). Moreover, numerous lipids and lipid-like molecules were
significantly affected in the MTS group compared with the
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MT or NC group. These differential metabolites were enriched
in metabolic pathways of glycerophospholipid, sphingolipid,
alpha-linolenic acid, arachidonic acid, linoleic acid, fatty acid,
and fatty acid biosynthesis. A similar study showed that
glycerophospholipids and sphingolipids are altered in sepsis
patients (39). Lipids are involved in the initiation and regression
of septic inflammation (40). Herein, unsaturated fatty acids,
such as linoleic acid, alpha-linolenic acid and arachidonic acid,
were significantly affected in the MTS group compared with
the MT and NC groups. The double bonds of polyunsaturated
fatty acids are attacked by oxidative stress in lipids. Moreover,
peroxides and aldehydes generate chain reactions involved
in lipid peroxidation-related signaling pathways associated
with deleterious consequences (48). Molecules with anti-
inflammatory properties have been found in omega-3 fatty acids
eicosapentaenoic acid, docosahexaenoic acid, and arachidonic
acid (49). A study also showed that oxidative stress and lipid
metabolism promote sepsis development (50). Furthermore,
other pathways, including urea cycle metabolism, glutathione
metabolism, and primary bile acid biosynthesis, were also
affected in the MTS group. These pathways play important
roles in sepsis (51, 52). Therefore, this study provides evidence
for the relationship between glucose or lipid metabolism and
sepsis. Herein, the age of patients was significantly correlated
with uridine, possibly due to the decreased expression of uridine
phosphorylases in the aged, destroying uridine homeostasis
(53). Glasgow coma scale was used to evaluate coma status in
patients with sepsis. The results showed the Glasgow score was
significantly correlated with some metabolites, including some
central nervous system-related metabolites. Cytidine, uracil,
uridine and sphingosine are associated with sepsis (15, 54—
56). In this study, the 9 candidate metabolites was finally
examined to quantitative analysis and the results suggested
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that succinic acid semialdehyde, uracil, and uridine could
be used as potential diagnostic biomarkers in MTS patients.
Although these published studies support the reliability of the
metabonomic results, the usefulness and reprocibility of these
novel biomarkers should be further confirmed depend on larger
sample size in clinical.

In conclusion, this study identified three metabolic
markers for MTS diagnosis after various analyses through
these
biomarkers may be used to screen MTS and assess the

untargeted  plasma  metabolomics. Meanwhile,
state of heterogeneous sepsis patients. However, this study
has some limitations. (a) This study had a small sample
size; However, the study randomly screened and enrolled
eligible patients into the cohort to reduce errors. (b) This
study did not confirm whether these metabolic variates
are related to the early sepsis stage. (c) The biomarkers
were not specific to all sepsis patients due to the genetic
polymorphisms and host differences. Therefore, larger cohort
study studies are needed to verify the results and improve
the understanding of the pathophysiology of trauma-induced
sepsis, providing a basis for managing traumatized patients
in the ICU, including early diagnosis, targeted therapy and

follow-up investigation.

Data availability statement

The original contributions presented in the study are
included in the article/Supplementary material, further inquiries
can be directed to the corresponding author/s.

Ethics statement

The studies involving human participants were reviewed
and approved by Ethics Committee of the General Hospital of
Ningxia Medical University. The patients/participants provided
their written informed consent to participate in this study.

References

1. Kumar R, Lim J, Mekary RA, Rattani A, Dewan MC, Sharif SY,
et al. Traumatic spinal injury: global epidemiology and worldwide
volume. World Neurosurg. (2018) 113:e345-e63. doi: 10.1016/j.wneu.2018.
02.033

2. Bedard AE, Mata LV, Dymond C, Moreira F, Dixon J, Schauer SG, et al. A
scoping review of worldwide studies evaluating the effects of prehospital time

on trauma outcomes. Int | Emerg Med. (2020) 13:64. doi: 10.1186/s12245-020-
00324-7

3. Bradshaw CJ, Bandi AS, Muktar Z, Hasan MA, Chowdhury TK, Banu T, et
al. International study of the epidemiology of pediatric trauma: PAPSA research
study. World ] Surg. (2018) 42:1885-94. doi: 10.1007/s00268-017-4396-6

Frontiersin Public Health

14

10.3389/fpubh.2022.923170

Author contributions

KE WD, LL, SL, YG, and ZC performed the experimental
research and data analysis. XF wrote and edited the manuscript.
GC and XF contributed to the study design, data analysis, and
writing and editing of the manuscript. All authors read and
approved the final manuscript and, therefore, had full access to
all the data in the study and take responsibility for the integrity
and security of the data.

Funding

This work was supported by the Key Research
and Development Program of Ningxia (2022BEG02049
and 2022BEG03084).

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

Publisher’s note

All claims expressed in this article are solely those of the
authors and do not necessarily represent those of their affiliated
organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed
or endorsed by the publisher.

Supplementary material

The Supplementary Material for this article can be found
online at: https://www.frontiersin.org/articles/10.3389/fpubh.
2022.923170/full#supplementary-material

4. Rudd KE, Johnson SC, Agesa KM, Shackelford KA, Tsoi D, Kievlan DR,
et al. Global, regional, and national sepsis incidence and mortality, 1990-
2017: analysis for the global burden of disease study. Lancet. (2020) 395:200-
11. doi: 10.1016/S0140-6736(19)32989-7

5. Cole E, Gillespie S, Vulliamy P, Brohi K, Akkad H, Apostolidou K,
et al. Multiple organ dysfunction after trauma. Br J Surg. (2020) 107:402-
12. doi: 10.1002/bjs.11361

6. Matthay MA, Pati S, Lee JW. Concise review: mesenchymal stem
(Stromal) cells: biology and preclinical evidence for therapeutic potential for
organ dysfunction following trauma or sepsis. Stem Cells. (2017) 35:316-
24. doi: 10.1002/stem.2551

frontiersin.org


https://doi.org/10.3389/fpubh.2022.923170
https://www.frontiersin.org/articles/10.3389/fpubh.2022.923170/full#supplementary-material
https://doi.org/10.1016/j.wneu.2018.02.033
https://doi.org/10.1186/s12245-020-00324-7
https://doi.org/10.1007/s00268-017-4396-6
https://doi.org/10.1016/S0140-6736(19)32989-7
https://doi.org/10.1002/bjs.11361
https://doi.org/10.1002/stem.2551
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Feng et al.

7. Garcia PCR, Tonial CT, Piva JP. Septic shock in pediatrics: the state-of-the-art.
] Pediatr (Rio J). (2019) 96:87-98. doi: 10.1016/}.jped.2019.10.007

8. Pierpaoli E, Cirioni O, Simonetti O, Orlando F, Giacometti A, Lombardi P, et
al. Potential application of berberine in the treatment of Escherichia coli sepsis. Nat
Prod Res. (2021) 35:4779-84. doi: 10.1080/14786419.2020.1721729

9. D’Abbondanza JA, Shahrokhi S. Burn infection and burn sepsis. Surg Infect.
(2021) 22:58-64. doi: 10.1089/sur.2020.102

10. Mankowski RT, Anton SD, Ghita GL, Brumback B, Darden DB, Bihorac A, et
al. Older adults demonstrate biomarker evidence of the persistent inflammation,
immunosuppression, and catabolism syndrome (PICS) after sepsis. ] Gerontol
A-Biol. (2022) 77:188-96. doi: 10.1093/gerona/glab080

11. Maitra S, Som A, Bhattacharjee S. Accuracy of quick Sequential Organ
Failure Assessment (qQSOFA) score and systemic inflammatory response syndrome
(SIRS) criteria for predicting mortality in hospitalized patients with suspected
infection: a meta-analysis of observational studies. Clin Microbiol Infect. (2018)
24:1123-9. doi: 10.1016/j.cmi.2018.03.032

12. Fleischmann-Struzek C, Mikolajetz A, Schwarzkopf D, Cohen J, Hartog CS,
Pletz M, et al. Challenges in assessing the burden of sepsis and understanding the
inequalities of sepsis outcomes between National Health Systems: secular trends
in sepsis and infection incidence and mortality in Germany. Intensive Care Med.
(2018) 44:1826-35. doi: 10.1007/s00134-018-5377-4

13. Rhee C, Murphy MV, Li L, Platt R, Klompas M. Centers for disease control
and prevention prevention epicenters program. lactate testing in suspected sepsis:
trends and predictors of failure to measure levels. Crit Care Med. (2015) 43:1669—
76. doi: 10.1097/CCM.0000000000001087

14. Yan Y, Hu Y, Wang X, Yu Z, Tang Y, Zhang Y, et al. The predictive prognostic
values of serum interleukin-2, interleukin-6, interleukin-8, tumor necrosis factor-
a, and procalcitonin in surgical intensive care unit patients. Ann Transl Med.
(2021) 9:56. doi: 10.21037/atm-20-6608

15. Elmassry MM, Mudaliar NS, Colmer-Hamood JA, San Francisco
MJ, Griswold JA, Dissanaike S, et al. New markers for sepsis caused by
Pseudomonas aeruginosa during burn infection. Metabolomics. (2020)
16:40. doi: 10.1007/s11306-020-01658-2

16. Molloy EJ, Wynn JL, Bliss J, Koenig JM, Keij FM, McGovern M, et al.
Neonatal sepsis: need for consensus definition, collaboration and core outcomes.
Pediatr Res. (2020) 88:2-4. doi: 10.1038/s41390-020-0850-5

17. Rinschen MM, Ivanisevic J, Giera M, Siuzdak G. Identification of bioactive
metabolites using activity metabolomics. Nat Rev Mol Cell Bio. (2019) 20:353-
67. doi: 10.1038/s41580-019-0108-4

18. Alseekh S, Fernie AR. Metabolomics 20 years on: what have we learned and
what hurdles remain? Plant J. (2018) 94:933-42. doi: 10.1111/tpj.13950

19. Zhou B, Lou B, Liu J, She J. Serum metabolite profiles as potential
biochemical markers in young adults with community-acquired pneumonia cured
by moxifloxacin therapy. Sci Rep. (2020) 10:4436. doi: 10.1038/s41598-020-61290-x

20. Beloborodova NV, Olenin AY, Pautova AK. Metabolomic findings in sepsis
as a damage of host-microbial metabolism integration. J Crit Care. (2017) 43:246—
55. doi: 10.1016/j.jcrc.2017.09.014

21. Lin SH, Fan J, Zhu J, Zhao YS, Wang CJ], Zhang M, et al. Exploring
plasma metabolomic changes in sepsis: a clinical matching study based
on gas chromatography-mass spectrometry. Ann Transl Med. (2020)
8:1568. doi: 10.21037/atm-20-3562

22. Wang R, He R, Li Z, Lin X. HPLC-Q-Orbitrap-MS/MS phenolic profiles and
biological activities of extracts from roxburgh rose (Rosa roxburghii Tratt.) leaves.
Arab ] Chem. (2021) 14:103257. doi: 10.1016/j.arabjc.2021.103257

23. Fu X, Han H, Li Y, Xu B, Dai W, Zhang Y, et al. Di-(2-ethylhexyl) phthalate
exposure induces female reproductive toxicity and alters the intestinal microbiota
community structure and fecal metabolite profile in mice. Environ Toxicol. (2021)
36:1226-42. doi: 10.1002/tox.23121

24. Kanehisa M, Furumichi M, Sato Y, Ishiguro-Watanabe M, Tanabe MKEGG.
Integrating viruses and cellular organisms. Nucleic Acids Res. (2021) 49:D545-
51. doi: 10.1093/nar/gkaa970

25. Wishart DS, Feunang YD, Marcu A, Guo AC, Liang K, Vizquez-Fresno R, et
al. HMDB 4.0: the human metabolome database for 2018. Nucleic Acids Res. (2018)
46:D608-D17. doi: 10.1093/nar/gkx1089

26. Peters H, Macke C, Mommsen P, Zeckey C, Clausen JD, Krettek C,
et al. Predictive value of osteoprotegerin and neutrophil gelatinase-associated
lipocalin on multiple organ failure in multiple trauma. In Vivo. (2019) 33:1573—
80. doi: 10.21873/invivo.11639

27. Holmes E, Wilson ID, Nicholson JK. Metabolic phenotyping in health and
disease. Cell. (2008) 134:714-7. doi: 10.1016/j.cell.2008.08.026

Frontiersin Public Health

10.3389/fpubh.2022.923170

28. Jaurila H, Koivukangas V, Koskela M, Giddnis F, Myllymaa S, Kullaa A, et
al. IH NMR based metabolomics in human sepsis and healthy serum. Metabolites.
(2020) 10:70. doi: 10.3390/metabo10020070

29. Lindahl A, Forshed J, Nordstrom A. Overlap in serum metabolic
profiles  between  non-related  diseases:  implications for  LC-MS
metabolomics biomarker discovery. Biochem Biophys Res Commun. (2016)
478:1472-7. doi: 10.1016/j.bbrc.2016.08.155

30. Evangelatos N, Bauer P, Reumann M, Satyamoorthy K, Lehrach H, Brand
A, et al. Metabolomics in sepsis and its impact on public health. Public Health
Genomics. (2017) 20:274-85. doi: 10.1159/000486362

31. Dunn WB, Broadhurst DI, Atherton HJ, Goodacre R, Griffin JL. Systems
level studies of mammalian metabolomes: the roles of mass spectrometry
and nuclear magnetic resonance spectroscopy. Chem Soc Rev. (2011) 40:387-
426. doi: 10.1039/B906712B

32. Blaise BJ, Gouel-Chéron A, Floccard B, Monneret G, Allaouchiche B.
Metabolic phenotyping of traumatized patients reveals a susceptibility to sepsis.
Anal Chem. (2013) 85:10850-5. doi: 10.1021/ac402235q

33. Wafaisade A, Lefering R, Bouillon B, Sakka SG, Thamm OC, Paffrath T, et al.
Epidemiology and risk factors of sepsis after multiple trauma: an analysis of 29,829
patients from the trauma registry of the german society for trauma surgery. Crit
Care Med. (2011) 39:621-8. doi: 10.1097/CCM.0b013e318206d3df

34. Martin GS, Mannino DM, Moss M. The effect of age on the
development and outcome of adult sepsis. Crit Care Med. (2006) 34:15-
21. doi: 10.1097/01.CCM.0000194535.82812.BA

35. Sweeney TE, Azad TD, Donato M, Haynes WA, Perumal TM, Henao
R, et al. Unsupervised analysis of transcriptomics in bacterial sepsis across
multiple datasets reveals three robust clusters. Crit Care Med. (2018) 46:915-
25. doi: 10.1097/CCM.0000000000003084

36. Buhimschi CS, Bhandari V, Dulay AT, Nayeri UA, Abdel-Razeq SS, Pettker
CM, et al. Proteomics mapping of cord blood identifies haptoglobin “switch-on”
pattern as biomarker of early-onset neonatal sepsis in preterm newborns. PLoS
One. (2011) 6:€26111. doi: 10.1371/journal.pone.0026111

37. Hasson D, Goldstein SL, Standage SW. The application of omic technologies
to research in sepsis-associated acute kidney injury. Pediatr Nephrol. (2021)
36:1075-86. doi: 10.1007/s00467-020-04557-9

38. Tardito S, Oudin A, Ahmed SU, Fack E, Keunen O, Zheng L, et al. Glutamine
synthetase activity fuels nucleotide biosynthesis and supports growth of glutamine-
restricted glioblastoma. Nat Cell Biol. (2015) 17:1556-68. doi: 10.1038/ncb3272

39. Neugebauer S, Giamarellos-Bourboulis EJ, Pelekanou A, Marioli A, Baziaka
F Tsangaris I, et al. Metabolite profiles in sepsis: developing prognostic
tools based on the type of infection. Crit Care Med. (2016) 44:1649-
62. doi: 10.1097/CCM.0000000000001740

40. Golucci APBS, Marson FAL, Ribeiro AF, Nogueira RJN. Lipid profile
associated with the systemic inflammatory response syndrome and sepsis in
critically ill patients. Nutrition. (2018) 55:7-14. doi: 10.1016/j.nut.2018.04.007

41. Wishart D. Computational approaches to metabolomics. Methods Mol Biol.
(2010) 593:283-313. doi: 10.1007/978-1-60327-194-3_14

42. Lee ], Banerjee D. Metabolomics and the microbiome as biomarkers in sepsis.
Crit Care Clin. (2019) 36:105-13. doi: 10.1016/j.ccc.2019.08.008

43, Veenstra TD. Metabolomics: the final frontier? Genome Med. (2012)
4:40. doi: 10.1186/gm339

44. Fathi M, Markazi-Moghaddam N, Ramezankhani AA. Systematic review on
risk factors associated with sepsis in patients admitted to intensive care units. Aust
Crit Care. (2018) 32:155-64. doi: 10.1016/j.aucc.2018.02.005

45. Innocenti E Tozzi C, Donnini C, De Villa E, Conti A, Zanobetti M,
et al. SOFA score in septic patients: incremental prognostic value over age,
comorbidities, and parameters of sepsis severity. Intern Emerg Med. (2017) 13:405-
12. doi: 10.1007/s11739-017-1629-5

46. Gofton TE, Young GB. Sepsis-associated encephalopathy. Nat Rev Neurol.
(2012) 8:557-66. doi: 10.1038/nrneurol.2012.183

47. Rhodes A, Evans LE, Alhazzani W, Levy MM, Antonelli M, Ferrer R, et al.
Surviving sepsis campaign: international guidelines for management of sepsis and
septic shock: 2016. Intensive Care Med. (2017) 43:304-77. doi: 10.1007/s00134-0
17-4683-6

48. Novak F, Borovska J, Vecka M, Rychlikova ], Vavrova L, Petraskova H, et
al. Plasma phospholipid fatty acid profile is altered in both septic and non-septic
critically ill: a correlation with inflammatory markers and albumin. Lipids. (2017)
52:245-54. doi: 10.1007/s11745-016-4226-x

49. Buechler C, Pohl R, Aslanidis C. Pro-resolving molecules—new approaches
to treat sepsis? Int ] Mol Sci. (2017) 18:476. doi: 10.3390/ijms18030476

frontiersin.org


https://doi.org/10.3389/fpubh.2022.923170
https://doi.org/10.1016/j.jped.2019.10.007
https://doi.org/10.1080/14786419.2020.1721729
https://doi.org/10.1089/sur.2020.102
https://doi.org/10.1093/gerona/glab080
https://doi.org/10.1016/j.cmi.2018.03.032
https://doi.org/10.1007/s00134-018-5377-4
https://doi.org/10.1097/CCM.0000000000001087
https://doi.org/10.21037/atm-20-6608
https://doi.org/10.1007/s11306-020-01658-2
https://doi.org/10.1038/s41390-020-0850-5
https://doi.org/10.1038/s41580-019-0108-4
https://doi.org/10.1111/tpj.13950
https://doi.org/10.1038/s41598-020-61290-x
https://doi.org/10.1016/j.jcrc.2017.09.014
https://doi.org/10.21037/atm-20-3562
https://doi.org/10.1016/j.arabjc.2021.103257
https://doi.org/10.1002/tox.23121
https://doi.org/10.1093/nar/gkaa970
https://doi.org/10.1093/nar/gkx1089
https://doi.org/10.21873/invivo.11639
https://doi.org/10.1016/j.cell.2008.08.026
https://doi.org/10.3390/metabo10020070
https://doi.org/10.1016/j.bbrc.2016.08.155
https://doi.org/10.1159/000486362
https://doi.org/10.1039/B906712B
https://doi.org/10.1021/ac402235q
https://doi.org/10.1097/CCM.0b013e318206d3df
https://doi.org/10.1097/01.CCM.0000194535.82812.BA
https://doi.org/10.1097/CCM.0000000000003084
https://doi.org/10.1371/journal.pone.0026111
https://doi.org/10.1007/s00467-020-04557-9
https://doi.org/10.1038/ncb3272
https://doi.org/10.1097/CCM.0000000000001740
https://doi.org/10.1016/j.nut.2018.04.007
https://doi.org/10.1007/978-1-60327-194-3_14
https://doi.org/10.1016/j.ccc.2019.08.008
https://doi.org/10.1186/gm339
https://doi.org/10.1016/j.aucc.2018.02.005
https://doi.org/10.1007/s11739-017-1629-5
https://doi.org/10.1038/nrneurol.2012.183
https://doi.org/10.1007/s00134-017-4683-6
https://doi.org/10.1007/s11745-016-4226-x
https://doi.org/10.3390/ijms18030476
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

Feng et al.

50. Blangy-Letheule A, Persello A, Michelland S, Cunin V, Souab F
Aillerie V, et al. The secretome deregulations in a rat model of endotoxemic
shock. Oxid Med Cell Longev. (2021) 2021:6650464. doi: 10.1155/2021/6
650464

51. Moinard C, Breuillard C, Charrueau C. I-Arginine Metabolism Impairment
in Sepsis and Diseases: Causes and Consequences. New York, NY: Springer
International Publishing. (2017). p. 145-58.

52. Zohrer E, Meinel K, Fauler G, Moser VA, Greimel T, Zobl ], et al. Neonatal
sepsis leads to early rise of rare serum bile acid tauro-omega-muricholic acid
(TOMCA). Pediatr Res. (2018) 84:66-70. doi: 10.1038/s41390-018-0007-y

53. Hamasaki MY, Severino P, Puga RD, Koike MK, Hernandes C, Barbeiro
HV, et al. Short-term effects of sepsis and the impact of aging on the

Frontiersin Public Health

16

10.3389/fpubh.2022.923170

transcriptional profile of different brain regions. Inflammation. (2019) 42:1023-
31. doi: 10.1007/s10753-019-00964-9

54. Dresden OC, Pittman NG, Enongene EN, Bacon CW, Riley RT, Voss KA,
et al. Host resistance to Trypanosoma cruzi infection is enhanced in mice fed
Fusarium verticillioides (F. moniliforme) culture material containing fumonisins.
Food Chem Toxicol. (2002) 40:1789-98. doi: 10.1016/S0278-6915(02)00182-5

55. Boyum A, Tennfjord VA, Gran C, Levhaug D, Oktedalen O, Brandtzaeg P, et
al. Bioactive cytidine deaminase, an inhibitor of granulocyte-macrophage colony-
forming cells, is massively released in fulminant meningococcal sepsis. J Infect Dis.
(2000) 182:1784-7. doi: 10.1086/317596

56. Cansev M. Uridine and cytidine in the brain: their transport and utilization.
Brain Res Rev. (2006) 52:389-97. doi: 10.1016/j.brainresrev.2006.05.001

frontiersin.org


https://doi.org/10.3389/fpubh.2022.923170
https://doi.org/10.1155/2021/6650464
https://doi.org/10.1038/s41390-018-0007-y~
https://doi.org/10.1007/s10753-019-00964-9
https://doi.org/10.1016/S0278-6915(02)00182-5
https://doi.org/10.1086/317596
https://doi.org/10.1016/j.brainresrev.2006.05.001
https://www.frontiersin.org/journals/public-health
https://www.frontiersin.org

	Identification of biomarkers and the mechanisms of multiple trauma complicated with sepsis using metabolomics
	Introduction
	Materials and methods
	Patients
	Preparation of plasma samples and extraction of metabolites
	LC-MS/MS analysis
	Validation of candidate metabolites
	Data preprocessing and annotation
	Statistical analysis

	Results
	Patient demographics and clinical characteristics
	Assessment of metabolic profiles
	Differential metabolites obtained from the plasma of MTS patients
	Detection and identification of differential metabolites
	Pathway analysis of differential metabolites
	Screening of potential biomarkers
	Correlations between metabolites and clinical variables
	Identification of MTS biomarkers by UPHLC-MS/MS targeted quantitative analysis

	Discussion
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher's note
	Supplementary material
	References


