OBSERVATIONAL STUDY

Sustained Perturbation of Metabolism and
Metabolic Subphenotypes Are Associated
With Mortality and Protein Markers of the Host

Response

OBJECTIVES: Perturbed host metabolism is increasingly recognized as a pillar
of sepsis pathogenesis, yet the dynamic alterations in metabolism and its relation-
ship to other components of the host response remain incompletely understood.
We sought to identify the early host-metabolic response in patients with septic
shock and to explore biophysiological phenotyping and differences in clinical out-
comes among metabolic subgroups.

DESIGN: We measured serum metabolites and proteins reflective of the host-
immune and endothelial response in patients with septic shock.

SETTING: We considered patients from the placebo arm of a completed phase
I, randomized controlled trial conducted at 16 U.S. medical centers. Serum was
collected at baseline (within 24 hr of the identification of septic shock), 24-hour,
and 48-hour postenroliment. Linear mixed models were built to assess the early
trajectory of protein analytes and metabolites stratified by 28-day mortality status.
Unsupervised clustering of baseline metabolomics data was conducted to iden-
tify subgroups of patients.

PATIENTS: Patients with vasopressor-dependent septic shock and moderate
organ dysfunction that were enrolled in the placebo arm of a clinical trial.

INTERVENTIONS: None.

MEASUREMENTS AND MAIN RESULTS: Fifty-one metabolites and 10 pro-
tein analytes were measured longitudinally in 72 patients with septic shock. In the
30 patients (41.7%) who died prior to 28 days, systemic concentrations of acyl-
carnitines and interleukin (IL)-8 were elevated at baseline and persisted at T24
and T48 throughout early resuscitation. Concentrations of pyruvate, IL-6, tumor
necrosis factor-a, and angiopoietin-2 decreased at a slower rate in patients who
died. Two groups emerged from clustering of baseline metabolites. Group 1 was
characterized by higher levels of acylcarnitines, greater organ dysfunction at base-
line and postresuscitation (p < 0.05), and greater mortality over 1 year (p <0.001).

CONCLUSIONS: Among patients with septic shock, nonsurvivors exhibited a
more profound and persistent dysregulation in protein analytes attributable to
neutrophil activation and disruption of mitochondrial-related metabolism than
survivors.

KEY WORDS: biomarkers; chemokines; cytokines; metabolomics; precision
medicine

epsis is a syndrome characterized by a dysregulated host response to
an infection, which manifests as life-threatening multiorgan dysfunc-
tion (1). The clinical trajectory and outcomes for patients with sepsis
is highly heterogeneous, with mortality in septic shock exceeding 40% (2).
The mechanisms underlying this variability in patient outcomes remain
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Question: What is the relationship between
metabolites and their changes over time with mor-
tality and the host response in patients with septic
shock?

Findings: Acylcarnitines were elevated at base-
line and throughout the first 48 hours of shock in
patients who died prior to 28 days. Greater in-
flammation was associated with metabolic dys-
function, and metabolic subgroups had distinct
patterns of organ function and differential mortality.

Meaning: Persistent disruption in mitochondrial-
related metabolism early in the course of septic
shock is associated with poor patient outcomes,
but further work with longer follow-up is needed to
fully explore the metabolic underpinnings in sepsis.

. J

poorly understood, threatening the development of
novel pharmacotherapy and improvement of care for
patients with sepsis (3). Identification of the biological
mechanisms underlying sepsis heterogeneity holds
promise in personalizing care for patients with sepsis
through predictive and prognostic enrichments, di-
sease subphenotyping, and rational drug discovery
(4).

Altered metabolism and host bioenergetics are in-
creasingly recognized as cornerstones of sepsis patho-
physiology and sepsis heterogeneity (5). The Surviving
Sepsis Campaign recently listed an improved under-
standing of sepsis-induced metabolic disruptions as
one of five key translational research questions in the
field, and elevated lactate concentrations are associated
with mortality and are formally codified in the defini-
tion of septic shock (1, 6). Clearance of lactate has also
been proposed as a metabolic biomarker and physio-
logic endpoint of randomized controlled clinical trials
(7-9), yet the kinetics and bioenergetics of lactate are
complex, and remediation of elevated concentrations
has not consistently translated to improved survival
(10-13). This stresses the need for additional prog-
nostic and predictive metabolic biomarkers beyond
lactate in patients with sepsis.

Metabolomics is a discovery science that seeks to
identify and quantify small molecules in a given bio-
specimen (14). In sepsis and other critical illnesses,
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metabolomics studies have consistently identified dif-
ferences among patients stratified by mortality and
organ function (15-17), and shown promise in un-
derstanding variable response to treatment (18, 19).
These studies have implicated mitochondrial dysfunc-
tion, protein catabolism, and perturbed lipid metab-
olism as potential drivers of poor patient outcomes
(20). However, most studies in critical care metab-
olomics have been cross-sectional, leveraging single
blood samples of convenience, and included patients
with highly variable illness severity and/or diagnosis
at presentation.

In this study, we analyzed longitudinal serum sam-
ples from patients in the placebo arm of the Rapid
Administration of Carnitine in sEpsis (RACE) clinical
trial (21). Our primary goal was to describe the early
host-metabolic response in patients with vasopressor-
dependent shock using existing metabolomics data and
obtained inflammatory protein measurements. Since
RACE assessed an intervention with supplemental
L-carnitine, the metabolomics data set included mea-
surements of acylcarnitines (fatty-acid esters that are
formed when fatty acids conjugate with L-carnitine in
the mitochondria as shown in Fig. 1). We and others
have previously shown that sepsis nonsurvivors have
elevated blood levels of acylcarnitines compared with
survivors and that blood levels of acylcarnitines are as-
sociated with sepsis-induced organ dysfunction (15,
17, 19, 22, 23). This signal is attributed to a disruption
in mitochondrial fatty-acid metabolism (24). As such,
blood levels of acylcarnitines along with abundant
polar compounds (e.g., amino acids) could provide
mechanistic insights to sepsis-induced perturbations
in metabolism. In a secondary analysis, we also sought
to determine if metabolomics data alone, agnostic to
any clinical or demographic patient characteristics,
could identify clusters or subphenotypes of septic
shock and assess the relationship between metabolites
and protein biomarkers of the host response.

MATERIALS AND METHODS
Study Population and Design

We performed a secondary analysis of patients who
were randomized to the saline placebo arm of the
RACE clinical trial (21). Abbreviated inclusion crite-
ria for the parent trial included: 1) enrollment within
24 hours of the identification of septic shock, 2) a
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Figure 1. Glycolysis and mitochondrial-related metabolism. L-carnitine is required for the transport of long-chain fatty acids (LCFA)

into the mitochondrion. This process enlists the carnitine shuttle, which begins with the entrance of L-carnitine into the cell from the
blood through the organic cation transporter (OCTN2). LCFAs enter the cell and are converted to long-chain acyl-CoAs by acyl-CoA
synthetase (EC 6.2.1.3). The L-carnitine shuttle apparatus uses L-carnitine via carnitine palmitoyl transferase 1 (CPT1; EC 2.3.1.21) to
convert L-carnitine and LCFA-CoAs to acylcarnitines. The transporter, carnitine-acylcarnitine carrier (CAC; SLC25A20), moves the newly
formed long-chain acylcarnitines into the mitochondrial matrix in exchange for free carnitine. Here, long-chain acyl groups are transferred
back to CoA by CPT2 (EC 2.3.1.21), which regenerates Acyl-CoA for use in B-oxidation (sepsis-induced dysfunction of 3-oxidation

can lead to elevations in acylcarnitines). This process also generates L-carnitine. Here, L-carnitine can either be transported out of

the mitochondrion by CAC or used as a substrate for carnitine acetyl-transferase (CAT; EC2.3.1.7), which converts it and Acetyl-CoA

to acetylcarnitine. Acetylcarnitine moves through CAC and OCTN2 back into the bloodstream. This process may be enhanced during
sepsis and times of metabolic stress, serving as a crucial sink for excess acetyl groups that may be toxic to the cell. The Acetyl-CoA
produced by B-oxidation sources the tricarboxylic acid (TCA) cycle as does the Acetyl-CoA produced from the oxidative decarboxylation
of pyruvate in the mitochondrial matrix. NADH = nicotinamide adenine dinucleotide (NAD) + hydrogen (H); CoA = coenzyme A; ETC =

electron transport chain. This figure was created using Biorender.com.

blood lactate level exceeding 18 mg/dL, 3) a Sequential
Organ Failure Assessment (SOFA) score of at least
six, and 4) receipt of high-dose vasopressors within 4
hours of enrollment (25). Patients in the placebo arm
received a 20-mL bolus of 0.9% normal saline followed
by a 1-liter 12-hour infusion, rather than an equivalent
volume of L-carnitine. Patients in this analysis were
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also required to have at least one serum sample avail-
able for metabolomics. We excluded patients who were
allocated to receive intravenous L-carnitine to focus on
the metabolic trajectory of the disease course without
any interference that may be introduced by the study
drug. Furthermore, we have previously identified phe-
notypes of L-carnitine response (19). The trial protocol
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was approved by the institutional review board (IRB)
of all 16 centers and registered with clinicaltrials.
gov (NCT01665092) prior to patient enrollment. All
patients or their legally authorized representative
provided informed consent prior to randomization.
Procedures were followed in accordance with the eth-
ical standards of the responsible institutional commit-
tees on human experimentation at each clinical site and
with the Helsinki Declaration of 1975. Data generated
as part of the ancillary study to the parent clinical trial
was done using deidentified biospecimens that cannot
be linked to a specific individual by the investigator(s)
directly or indirectly through a coding system. As
such, the study protocol (HUM00104311) was deemed
“not regulated” by the University of Michigan’s IRB,
and IRB approval was not required; a letter of waiver
was issued on July 14, 2015.

Serum Sampling and Assays

Blood samples were collected at enrollment (base-
line or day 0), 24 hours (day 1), and 48 hours (day 2)
after saline initiation (Supplementary Fig. 1, http://
links.Jlww.com/CCX/B155). Serum was obtained from
whole blood, frozen at —-80°C, and shipped on dry ice
to the University of Michigan College of Pharmacy
Nuclear Magnetic Resonance (NMR) Metabolomics
Laboratory to await metabolomics assays. Further
details regarding sample processing from this trial
have been reported elsewhere (19, 26).

For our analysis, we used existing metabolomics
data that were generated as part of an ancillary metab-
olomics study to the RACE trial (19). We employed the
same metabolomics strategy as our prior work, which
included the measurement of low-molecular-weight,
polar metabolites as measured by NMR spectros-
copy using previously described methods (18). Briefly,
spectra were acquired on a Varian (now Agilent, Santa
Clara, CA) 11.74 Tesla (500 MHz) NMR spectrom-
eter (27). Spectra were acquired at room temperature
using a 1 H,1 H- nuclear overhauser effect spectros-
copy (NOESY) pulse sequence and analyzed using
the Processor and Profiler modules of the Chenomx
NMR Suite 8.2 (Chenomx, Edmonton, AB, Canada)
software. Acylcarnitines, which are esters formed by
the conjugation of fatty acids with L-carnitine (24),
were measured by reverse-phase liquid chromatog-
raphy with tandem mass spectrometry (LC-MS/MS)
(23). Internal standards (NSK-B, Cambridge Isotope
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Laboratories, Tewksbury, MA) were used to allow for
absolute quantification of L-carnitine, acetylcarnitine
(C2), and several acylcarnitines (C3, C4, C5, C8, C14,
and C16), whereas other acylcarnitine species were
measured using relative quantification by peak area.

Residual serum from the same samples was used
to measure inflammatory and immune-related cyto-
kines of the host response on a Milliplex magnetic
bead immunoassay panel run on a Luminex 200
Instrument (Thermo Fisher Scientific, Waltham, MA).
Angiopoietin-2 (ANG-2) was measured using a com-
mercially available enzyme-linked immunoassay
(Invitrogen, Thermo Fisher Scientific) in accordance
with the manufacturer’s instructions.

Statistical Analyses and Outcomes

Missing data for metabolites quantified by NMR and
protein markers were assumed to be left-censored and
below the limit of detection (28). For each analyte, we
imputed missing observations as the minimum con-
centration observed divided by two. Following im-
putation, concentrations were log-transformed and
z-scaled to have a mean of zero and sp of one. There
were no missing data for L-carnitine, acetylcarnitine,
or the acylcarnitines quantified by LC-MS.

For the primary analysis, we fit a series of general
linear mixed models to assess metabolite or protein
concentrations over time in patients stratified by their
mortality status at 28 days. Similar approaches have
been successfully used in the analysis of multiomics bi-
omarker data in other cohorts of patients with critical
illness (29, 30). For each metabolite, we built: 1) a null
model consisting of a patient-level (random) intercept,
2) a fixed-effect model, which added “Time” (base-
line, day 1, and day 2) and “Mortality Status” (survivor
vs nonsurvivor at 28 d), and 3) an interaction model,
which further added a “Time*Mortality” interaction.
All models contained patient age, sex, and baseline
SOFA Score as covariates. Equations for each analyte
concentration at time (¢) in patient (i) were modeled
as such (please note each model also contained fixed-
effect parameters for age, sex, and baseline SOFA):

Null Model: Analyte, =8 +b,,

Fixed-Effect Model: Analyte, = B + B, *
Timepoint, + 8, . * Mortality, + b,

Interaction Model: Analyte, = +f.. * Timepoint,
+ PBuoray ~ Mortality, + f8 * Timepoint, *
Mortality, + b, ,

interaction
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Models were compared based on the approximate
F test according to the Kenward-Roger approach with
the “pbkrtest” R package (31, 32). We selected between
the fixed-effect and interaction models, opting for the
latter when the interaction p value was less than 0.05.
The overall p value was then determined by compar-
ing the selected model to the null model. The result-
ing p values were rank-ordered to determine the most
perturbed signals and corrected for multiple com-
parison according to the false discovery procedure of
Benjamini and Hochberg (33). Analyte concentrations
of sepsis survivors and nonsurvivors were visualized
on the log10-scale, with differences at each time point
assessed by the Mann-Whitney U test. We assessed the
correlation between metabolites and protein biomark-
ers over time using repeated-measure correlation anal-
ysis using the “Rmcorr” R package (34).

We also sought to identify if there were clusters or
metabolic subtypes of patients with septic shock at
trial enrollment. We employed an unsupervised clus-
tering approach (i.e., naive to patient demographics,
outcomes, and clinical status) using baseline me-
tabolomics data and the K-means algorithm, with
Euclidean distance (35). To prevent overfitting, clus-
tering was done on the first five principal components
of the metabolomics data, representing ~70% of the
variance in the dataset. The optimal number of clus-
ters was selected using the Silhouette method and
the “NbClust” R package (36). We tested clustering
performance by maximizing the average Silhouette
width with k ranging from one to 10 clusters. We also
assessed the stability of the optimal number of clusters
and the assignment of individual patients to subgroups
using the full metabolomics dataset, given recent calls
to consider the use of principal component analysis
(PCA) and dimensionality reduction (37). Individual
metabolites driving cluster separation were visualized
using the “ComplexHeatMap” R package (38).

We assessed for patient differences in demographics,
comorbidities, and organ dysfunction between meta-
bolic clusters using linear mixed models, the Mann-
Whitney U test, or chi-square test, as appropriate. We
also tested the impact of metabolic cluster assignment
on mortality status at 28 days using logistic regression
and on mortality out to 1 year using Kaplan-Meir anal-
ysis and the log-rank test. All data analysis and figure
generation were completed using the statistical pro-
gramming language R (Version 4.1.0) (39). All raw
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data and the code used to conduct our analysis are
available on Github (https://github.com/UMichNMR-
Metabolomics, accessed June 22, 2022).

RESULTS

Patient Characteristics, Metabolites, and
Protein Analytes of the Host Response

Seventy-two patients from the RACE trial were
randomized to receive saline placebo and had at
least one serum sample available for metabolomics
(Supplementary Fig. 1, http://links.lww.com/CCX/
B155). Of these, 30 patients (41.7%) died within 28
days of trial enrollment. Patients who died had greater
organ dysfunction but were similar with respect to age,
sex, and baseline comorbidities as measured by a mod-
ified version of the Charlson comorbidity index (40,
41) (Table 1).

A total of 51 metabolites and 10 protein biomark-
ers of the host response were measured at baseline, 24
hours, and 48 hours. Metabolites included L-carnitine,
acetylcarnitine, and 22 acylcarnitines measured by
LC-MS and 27 small, predominately polar, molecules
by NMR spectroscopy. Protein analytes included
markers of the host-immune and inflammatory re-
sponse and endothelial cell activation. A full list of the
measured analytes and the analytical platform used are
provided in the first two columns of Supplementary
Table 1 (http://links.lww.com/CCX/B155).

Early Host Response Over Time Stratified by
28-Day Mortality Status

We fit linear mixed models for each protein analyte
and metabolite and found the inclusion of fixed effects
for time and mortality status improved model fit across
39 (76%) metabolites and 10 (100%) protein mark-
ers of the host response (overall false discovery rate
< 0.05). This indicates the concentration of analytes
and metabolites indicative of the host response signif-
icantly changed throughout the early course of shock
and/or by a patient’s mortality status. In addition, the
linear trajectory of 14 of these analytes and metabolites
varied based on mortality status, as indicated by a sig-
nificant “Time*Mortality” interaction (p < 0.05).

The most perturbed signals across analytical plat-
forms are highlighted in Figure 2 and included acetyl-
carnitine (C2) the medium-chain acylcarnitine, C6, and
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TABLE 1.

Patient Demographics, Laboratory Values, and Physiologic Parameters Stratified by 28-d

Mortality

Patient Characteristic

Age (yr)
Sex
Female
Male
Self-reported race
African American
Caucasian
Total Sequential Organ Failure Assessment score
Charlson comorbidity index
Clinical lactate (mmol/L)
Unknown (n)
Creatinine (mg/dL)
Platelet count (cells/mm?)
Unknown (n)
Total bilirubin (mg/dL)
Unknown (n)
WBC Count (cells/mm?)
Unknown (n)
Body mass index
Unknown (n)
Respiratory rate (breaths/min)
Heart rate (beats/min)
Cumulative vasopressor index

Unknown (n)

28-d Survivor, n = 42° 28-d Nonsurvivor, n = 30° P
62 (54-70) 62 (47-72) 0.8
2 (52%) 3 (43%) 0.4

0 (489%) 7 (57%)

3 (31%) 9 (30%) >0.9

9 (69%) 21 (70%)

1 (7-13) 13 (9-15) 0.016
4.00 (2.25-4.75) 5.00 (3.00-5.75) 0.4
3.15 (2.58-6.20) 4.20 (2.90-6.50) 0.9

6 5
1.90 (1.47-2.70) 1.81 (1.12-2.88) 0.6
165 (101-227) 146 (75-215) 0.4
0 1
0.95 (0.40-1.99) 2.40 (0.70-4.20) 0.005
0 1
25 (14-31) 18 (12-25) 0.7
9 9
29 (23-37) 24 (21-35) 0.14
0 1
20 (17-24) 20 (16-26) 0.7
101 (94-113) 104 (92-114) >0.9
4 (3-8) 6 (4-8) 0.092
2 1

2Described as median (interquartile range) for continuous variables and n (%) for categorical variables

*Calculatd by one-way analysis of variance for continuous variables or Pearson %2 test for categorical variables.

the long-chain acylcarnitine, C16 (LC-MS; Fig. 24); lac-
tate, pyruvate, and isoleucine (NMR; Fig. 2B); and inter-
leukin (IL)-6, IL-8, and tumor necrosis factor (TNF)-a
(protein immunoassays; Fig. 2C). Patients who died
experienced greater inflammation and disruption in
mitochondrial-related metabolism that were sustained
over the 2 days postenrollment, as evidenced by persis-
tent elevations in IL-8 and acylcarnitines, regardless of
chain length. IL-6, TNF-q, and pyruvate concentrations
were similar at individual time points (Mann-Whitney
U test; p > 0.05), but decreased, or were cleared, at a
much slower rate in patients who died, as indicated by
a significant and positive “Time*Mortality” interaction

6 www.ccejournal.org

(Brimesoraiy > 05 P < 0.05). Lactate levels tended to
steadily decline in both groups (B, . = -0.456; 95% CI,
-0.583 to -0.33), whereas isoleucine levels increased
(B,,... = 0.346; 95% CI, 0.223-0.469).

The full linear mixed modeling results for all pro-
tein analytes and metabolites are shown in Table S1
(http://links.lww.com/CCX/B155). Numerous metab-
olites were elevated in patients who did not survive
past 28 days, indicated by a B, .~ coefficient signif-
icantly greater than zero. This included many acyl-
carnitines of varying chain length, 2-hydroxybutyrate
and 3-hydroxybutyrate (a ketone body), propylene
glycol, and amino acids (methionine, glycine, alanine,
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tyrosine, and glutamine).
Among patients who died,
concentrations of ANG-2
decreased more slowly
> 0), whereas
concentrations of nine
long-chain  acylcarnitines
decreased more rapidly
< 0) than in

( ﬁTime*Mortality

( BTime*‘Mortality
Survivors.

Repeated-measure  cor-
relations between protein
analytes and metabolites are
shown in Figure 3. Notably,
strong positive correlations
included those between
numerous  inflammatory
cytokines and markers
of endothelial activation
(ANG-2 and fractalkine)
with lactate and pyruvate.
In contrast, branched-
chain and numerous other
amino acids tended to be
negatively correlated with
inflammatory  cytokines.
Similarly, long-chain acyl-
carnitines were negatively
correlated with endothelial
markers.

Baseline Metabolic
Clustering

Unsupervised  clustering
of baseline metabolomics
data revealed two distinct
groups of patients, with 28
patients assigned to cluster
1 and 41 to cluster 2. Two
clusters were selected as the
optimal number for k in
both the PCA dimension-
ality-reduced dataset and in
the full metabolomics data
(Supplementary Figs. 2,
A and B, http://links.Iww.
com/CCX/B155). Patients
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Figure 2. Temporal changes in metabolites and inflammatory cytokines in 28-d septic shock
survivors and non-survivors. The most perturbed analytes across time and 28-d mortality status
measured using three analytical platforms: A, acylcarnitines measured by liquid chromatography-
mass spectrometry; B, metabolites measured by nuclear magnetic resonance; and C, Proteins
measured by immunoassays. Analyte concentrations at each time point are visualized with the
median = 25th and 75th percentiles, with differences between mortality groups assessed by
the Mann-Whitney U test. Analytes presented here were chosen according to the rank-ordered
overall p value from linear mixed modeling as described in the Materials and Methods section.

IL = interleukin.
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Figure 3. Repeated-measure correlations between protein and metabolite analytes. The Rmcorr R package was used to determine
the repeated-measure correlation coefficient between proteins and metabolites measured across three time points. The ggcorrplot R
package was used to visualize the results. Positive correlations are indicated in red, while negative correlations are shown in blue, and
only significant (p < 0.05) correlation pairs are included. ANG2 = angiopoietin-2; TNFa = tumor necrosis factor-alpha; IL = interleukin.

were assigned to the same cluster regardless of the
method used (Supplementary Fig. 2C, http://links.
lww.com/CCX/B155). The heat map of metabolites
driving separation demonstrates significant metabolic
heterogeneity among patients with septic shock at trial
enrollment (Fig. 4A). Clusters differed most dramat-
ically across medium- and long-chain acylcarnitines.
Across clusters, patient age, sex, self-identified race,
and baseline comorbidities were similar (Fig. 4B).

We assessed the trajectory of organ dysfunction
between groups using linear mixed models with a
patient-level intercept and time, cluster, and their in-
teraction as fixed effects (Fig. 5A). The linear SOFA
score trajectory was not different between metabolic
clusters (B, . = 0-536;95% CI, -0.15 to 1.22; p =
0.12); however, patients in cluster one had worse
organ function at baseline (Mann-Whitney U test; p
< 0.05), which was sustained over the early course of
their illness (Mann-Whitney U test at T24 and T48;
p <0.01).

We also assessed differences in mortality between
the metabolic clusters. In a logistic regression model
adjusted for age, baseline SOFA score, and comor-
bidities, assignment to cluster 1 was associated with a
greater probability of 28-day mortality (Fig. 5B; odds
ratio = 7.8; 95% CI, 2.45-28.62). Addition of assigned
cluster as a covariate to a logistic regression model of
28-day mortality with age, baseline SOFA score, and
Charlson Comorbidity Index was informative based
on the likelihood ratio test (p = 0.0004; Fig. 5B).One-
year survival curves between the two metabolic clus-
ters were also significantly different (log-rank test; p <
0.001).
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DISCUSSION

In this study, we found a distinct metabolic and in-
flammatory signature in the early host response in
28-day nonsurvivor patients with septic shock. This
signature was derived from measurements of serum
acylcarnitines, small polar metabolites, and protein
biomarkers of inflammation and endothelial activa-
tion. Specifically, patients who died had sustained
elevations in IL-8 and acylcarnitines throughout the
first 48 hours after the identification of septic shock.
In addition, levels of pyruvate, IL-6, TNF-a, and
ANG-2 declined at a slower rate in patients who died.
Importantly, we also found a metabolic pattern of in-
flammation, whereby inflammatory cytokines were
correlated with glycolysis products (e.g., lactate) and
branched-chain amino acid (BCAA) catabolism.
Taken together, our work further corroborates a role
of disrupted mitochondrial-related metabolism and
host inflammation in directing clinical outcomes (15,
17,19, 22, 23). These disruptions continue early during
septic shock and persist in patients who die by 28 days.

In addition to our main findings, unsupervised clus-
tering revealed two distinct metabolic groups. These
subgroups of patients with septic shock had similar
demographics and comorbidities; however, patients
in the first cluster were characterized by greater organ
dysfunction and had a greater likelihood of 1 year mor-
tality. Our findings demonstrate the substantial meta-
bolic heterogeneity of patients within a well-defined
cohort of septic shock, highlighting the syndromic na-
ture of the disease and the potential for multiomic data
to inform biologically driven endotyping of sepsis.
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test or 2 as appropriate.

Metabolic perturbations are a well-established as-
pect of sepsis pathophysiology and have reliably been
linked to acute illness severity and patient mortality
(3). Described disruptions include a hypermetabolic
state that results in catabolism of protein and fat, a
glycolytic shift with a subsequent upregulation of the
TCA cycle, and mitochondrial dysfunction (42-44).

Critical Care Explorations

Our work contributes toward the Surviving Sepsis
Campaign’s goal to better understand sepsis-induced
metabolic disruptions (6) by providing a more com-
prehensive mapping of the dynamic metabolic changes
in sepsis and its relationship to the host-immune re-
sponse. This information is needed to direct the ra-
tionale design of targeted, metabolic pharmacotherapy

www.ccejournal.org 9
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and to inform biologic mechanisms underlying sepsis
phenotypes and heterogeneity.

By leveraging the serially collected blood sam-
ples of the RACE trial, we show that elevations in

10 www.ccejournal.org

acylcarnitines and IL-6, IL-8, and TNF-a persist early
in the course of illness despite shock resuscitation
treatment. The most perturbed signals in the early
host response over time included acetylcarnitine
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(C2), the medium-chain acylcarnitine, C6, and the
long-chain acylcarnitine, C16. Acetylcarnitine is the
most abundant acylcarnitine in the blood and reflects
the acetyl “pool” of the host, which is critically im-
portant in energy production (e.g., acetyl-CoA;
Fig. 1) and the synthesis of the neurotransmitter, ace-
tylcholine. Medium-chain acylcarnitines are derived
from medium-chain fatty acids that are conjugated
with L-carnitine in preparation for beta-oxidation,
but they can also be produced by peroxisomal me-
tabolism (24). In sepsis nonsurvivors, elevations in
IL-8 and acetylcarnitine (C2) and other short-chain
(C3-C5) acylcarnitines persisted to 48 hours. Short-
chain acylcarnitines (C3-C5) can be derived from
BCAA, leucine, isoleucine, and valine via mitochon-
drial enzymes that occur independent of fatty-acid
metabolism and may reflect BCAA catabolism. From
our baseline analysis, clusters differed most dramati-
cally across medium (C6-C12) and long-chain (C13-
C20) acylcarnitines (24) indicative of dysfunction in
B-oxidation.

In aggregate, our findings are consistent with prior
studies but add the important element of time-series
data. Using an integrated metabolomic and prote-
omic analysis, Langley et al (15) found alterations in
fatty-acid oxidation in sepsis nonsurvivors. Namely,
patients who died had consistent elevations in acylcar-
nitines of various chain lengths and down regulation
of fatty-acid transport proteins, suggesting a decreased
capacity for B-oxidation of fatty acids by the mitochon-
dria. Subsequent studies have been largely consistent
with these findings and demonstrated that elevations
in acylcarnitines are related to not only differential
mortality and organ dysfunction (16, 45, 46) but also
to systemic levels of mitochondrial DNA (47) and
concentrations of inflammatory cytokines (17). The
enhancement of analytical platforms and the growth
of metabolomics as a field will likely continue to add
promise to addressing these questions of variable pa-
tient outcomes in sepsis and other critical illness (48,
49).

Endothelial dysfunction and hyperinflammation
are also well characterized components of sepsis path-
ophysiology, associated with patient outcomes, and
represent potential avenues for targeted therapeutic
development. Elevated concentrations of IL-8 have
been associated with patient mortality in multiple
cohorts of patients with sepsis and have been proposed
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as a prognostic biomarker for clinical trial enrich-
ment (50-52). Similar findings have been reported in
sepsis or sepsis-induced acute respiratory distress syn-
drome (ARDS) for IL-6 (53-55) and ANG-2 (56-58).
Consistent with these studies, we found that concen-
trations of IL-8 were elevated in sepsis nonsurvivors
over the first 2 days. Although we did not observe the
same differences for IL-6 or ANG-2, the rate of decline
for these protein analytes was slower in patients who
died. These differences may be attributed to the fact
that this cohort was comprised exclusively of patients
with septic shock, presenting at a more advanced stage
of infection.

Our study also further informs details of the in-
teraction between the host metabolic and immune
response, finding a positive correlation between nu-
merous hyperinflammatory cytokines and the gly-
colysis end products, pyruvate and lactate (Fig. 1).
In contrast, the BCAA tended to be lower in patients
with a more hyperinflamed state. Alanine, known to
be released from skeletal muscle following oxidation
of BCAA (59), was positively correlated with both
IL-8 and IL-10. Our findings here are consistent with
a signature of BCAA catabolism that may result from
a shifting preference for different energy substrates
and a variable metabolic response that tracks with the
host-immune response to infection (46). Conditions of
chronic, low-grade inflammation such as obesity and
type 2 diabetes are associated with increased systemic
levels of BCAA (e.g., less catabolism) (60), whereas the
inverse or normal levels have been reported in sepsis
(61, 62). Although the precise mechanism for this has
not been elucidated, we hypothesize that accelerated
oxidation of BCAA results from a heightened acute in-
flammatory response.

The failure of numerous clinical trials and the lack
of any targeted therapy beyond antibiotics have led to
calls to reevaluate the approach to defining and treating
sepsis and other critical care syndromes (4, 63). This
shift toward disease subphenotyping (or endotyping)
and defining treatable traits leverages individual pa-
tient characteristics and laboratory values, omic-based
descriptions of an individual’s biological response, and
unsupervised statistical or machine learning methods
to cluster similar patients. These efforts have recently
been reviewed (64), but notably include the identifi-
cation of distinct patient clusters based on electronic
health record data (65-67) and gene expression data
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(68, 69). In ARDS, similar approaches have defined
hyperinflammatory and hypoinflammatory subphe-
notypes, with dramatic differences in clinical out-
comes and response to therapy (70-74). Rogers et al
(75) recently used metabolomics data from patients
with sepsis and found distinct groups separated by
concentrations of plasma lipids and with variable
organ dysfunction and mortality. Here, we employed
a similar approach on a smaller, but well-defined, co-
hort of patients exclusively with septic shock. Using
metabolomics and a widely used clustering algorithm,
we found two distinct groups of patients driven pri-
marily by increased systemic concentrations of long-
chain acylcarnitines, suggesting excess fatty-acid
supply and/or incomplete P-oxidation (76). Patients
assigned to cluster one tended to have significantly
more organ dysfunction at baseline and postresuscita-
tion and a greater risk of death. Furthermore, assign-
ment to cluster 1 was associated with mortality even
when added to a model containing SOFA score, age,
and Charlson comorbidity index. Although it would
be tempting to make direct comparisons between our
and the Rogers et al (75) cohort, this is likely not to
be meaningful because of the use of different biofluids
and analytical platforms (77). We used quantitative,
targeted assays for the measurement of metabolites in
serum, whereas Rogers et al (75) assayed plasma using
a broad analytical platform (relative quantification)
that was enriched for lipids. Nevertheless, collectively,
these findings demonstrate that metabolomics data are
beneficial to defining subclasses of sepsis and directing
future work that seeks to redefine critical illness based
on biological underpinnings of disease pathobiology.
Our work has several limitations that are worthy
of consideration. Sepsis heterogeneity is multifaceted.
The sample size of the cohort limited our ability to
assess the impact of variability in the site of infection
and to account for treatments with specific pharmaco-
logic agents (antibiotics, corticosteroids, and specific
sedative agents or vasopressors). We acknowledge that
we cannot account for all potential confounding vari-
ables and that our analysis only permits the introduc-
tion of metabolic subgroups as hypothesis-generating
and that a larger cohort of patients will be needed for
reproducibility and validation. As part of future val-
idation, assessment of plasma analyte measurements
may be warranted since we used residual serum
volume for our analyte assays (78). Furthermore, in
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our analysis, we used an existing metabolomics data
set that was generated as part of an ancillary study
to the parent clinical trial (19). The biospecimens for
this work was limited to serum samples, which did
not permit cell- or tissue-level measurements of mito-
chondrial metabolism. Furthermore, we were not able
to specifically measure fatty acid mobilization or iden-
tify the origins of the acylcarnitines we measured, and
therefore, cannot pinpoint the specific mechanism
by which the sepsis-induced elevation in acylcarni-
tines occurs. Notably, although peroxisomal metabo-
lism may contribute to these signals, the abundance
of acylcarnitines is produced by mitochondria (24).
In addition, our approach was directed by our prior
work; these assays were targeted and relatively limited
in scope, measuring only acylcarnitines and a modest
number of polar molecules (18). Use of larger cohorts
of patients using untargeted metabolic profiling will
likely find additional signals related to patient out-
comes and may result in additional clusters of meta-
bolically distinct patients. These studies should ideally
integrate other patient characteristics and measures of
the host-biological response to provide a more com-
prehensive understanding of the biological changes
during sepsis. Finally, metabolomic and other omic
data are not currently readily available within clinical
practice. Point-of-care testing and thoughtful assay
development and implementation will be required for
the translation of metabolomics and subphenotyping
findings.

CONCLUSIONS

In summary, we found that early concentrations
of acylcarnitines and IL-8 are persistently elevated
in patients with septic shock who do not survive.
Unsupervised clustering of baseline metabolomics
data also revealed two groups of patients with differ-
entiating organ function and mortality. These findings
reinforce that metabolic derangements of the host,
particularly those related to a disruption in mitochon-
drial-related metabolism (e.g., fatty acid metabolism),
continue postresuscitation and may be useful for prog-
nostic and/or predictive enrichment to combat sepsis
heterogeneity.
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