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TableE1. The metabolites (non-targeted 1H NMR Spectroscopy and Metabolite
Concentration Profiling) and protein-mediators (targeted bead-based multiplex assay)
detected and quantified.
TableE2. Comparison of statistical measures calculated for the supervised OPLS-DA
models without excluding outliers to the results presented in the main manuscript.

I. Methods:
Sample Collection and Processing:
For metabolite analysis, 2ml (in age 2-14yr) to 4ml (in age over 14yr) of blood was collected into a serum
tube, allowed to clot at room temperature for 60 minutes, and then placed on ice for processing within 2
hours of collection. The specimen was spun for 10 min at 2500 rpm in a refrigerated centrifuge, the
serum transferred to a 4ml cryovial, and immediately frozen at -70°C. For inflammatory mediator profiling,
2ml (in age 2-14yr) to 4ml (in age over 14yr) of blood was collected into a sodium-heparin containing
vacutainer tube. Immediately after collection, blood samples were gently inverted several times, and spun
at 1,200 g for 15 min at 4°C in a swinging bucket centrifuge to separate plasma from the cellular fraction.
Plasma was transferred to a 4ml cryovial, and immediately frozen at -70°C. Both plasma and serum
samples underwent one extra freeze thaw cycle for aliquoting and distribution for batched analysis.
Processing was performed by CCEPTR (Critical Care Epidemiologic and biologic Tissue Resource, a
critical care tissue bank at the University of Calgary).
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H NMR Spectroscopy and Untargeted Metabolite Concentration Profiling:

1

H NMR spectra were acquired on a Bruker AVANCE-II 600 MHz spectrometer (Bruker BioSpin Ltd.,

Milton, ON, Canada) using a standard presaturation pulse sequence (noesypr1d) with a mixing time of
1,2

100ms.
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The H NMR spectra were imported into Chenomx NMR Suite 7.5 software (Chenomx,

Edmonton, AB, Canada) where phasing was performed manually followed by deletion of the water region
and baseline correction. All spectra were randomly ordered for targeted profiling to avoid progressive
1

bias. Targeted profiling involves the identification and quantification of different compounds by their
characteristic spectral signature using information that is stored in an external metabolite reference
database. The concentration of 4,4-dimethyl-4-silapentane-1-sulfonic acid was used as a reference to
determine the metabolite concentrations. All profiled metabolite NMR chemical shift assignments were
1
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confirmed using total correlation spectroscopy and H, C heteronuclear single quantum coherence
3

spectroscopy and then compared with the Human Metabolome Database (version 2.5). If specific
metabolite peaks could not be distinguished from the noise in the NMR spectra, the peaks were assigned

a zero value and considered as missing data. This untargeted approach to metabolomics identified 58
metabolites for analysis (Table E1).

Protein-Mediator Targeted Profiling:
Methods describing the analysis of protein-mediators by Luminex technology have been previously
4

reported in detail. All samples were run by an investigator blinded to cohort allocation to avoid potential
bias. Quantification of protein-mediators (cytokines, chemokines, and acute phase proteins involved in
inflammation) was done using validated Luminex bead-based multiplexing assays according to
manufacturer’s instructions. Targeted profiling was for 48 specific protein-mediators (Table E1). Assays
consisted of the following arrays: Bio-Plex Pro™ Human Cytokine 21-plex Assay, Bio-Plex Pro™ Human
Cytokine 27-plex Assay, and Bio-Plex Pro™ Human Acute Phase 5 + 4-plex Panel Complete (Bio-Rad
o

o

Laboratories). Briefly, plasma samples were thawed quickly at 37 C, centrifuged at 20800g at 4 C for 10minutes, and then stored on ice. Samples were diluted as recommended by the manufacturer and were
distributed to appropriate wells of a 96 well flat bottom plate. The plate was then incubated, in the dark,
for two-hours at room temperature on a plate shaker set at 500-rotations-per-minute (rpm). Wells were
first washed three times with 100 μL of wash buffer and then 25 μL of diluted biotin antibody cocktail was
added. The plate was subsequently incubated, in the dark, for one-hour at room temperature on a plate
shaker set at 500-rpm. Wells were subsequently washed three times with 100 μL of wash buffer.
Thereafter, 25 μL of diluted Streptavidin-PE was added to each well and the plate was incubated for 30minutes at room temperature on a plate shaker set at 500-rpm. Wells were then washed three times with
100 μL of wash buffer. Subsequently, 75 μL of wash buffer was added to each well and the plate was
read using a Luminex 200 apparatus (Applied Cytometry Systems, UK). The data were analyzed with
StarStation V.2.3 (Applied Cytometry Systems),

II. Statistical Modeling:
Multivariate statistical analysis was performed using the SIMCA-P+ software (v12.0.1; Umeterics, Umeå,
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Sweden).

All metabolites or protein-mediators with more than 50% missing values (below the

detection limit, the coefficient of variance between two replicates was more than 20% for protein-

mediators, or metabolite peaks that could not be distinguished from the noise in the NMR spectra) were
excluded from analysis. Data pre-processing (median fold change normalization, logarithmic
transformation, centering and unit variance scaling) was first conducted separately for the metabolic and
8

protein-mediator datasets and then for the combined dataset. An unsupervised Principal Component
Analysis (PCA) was performed to obtain an overview of the multivariate dataset, summarize the major
source of variation in the data, reveal possible grouping of observations, and to identify and exclude
6

outliers (that could seriously disturb the supervised models). Outliers are defined as those samples that
are situated outside of the 95% confidence interval of the Hotelling’s T-squared distribution (elliptic or
6

spherical area in the score scatter plot). In order to provide information about the metabolites and
protein-mediators that contribute most to each component in the PCA models the PCA loadings plots
were also constructed.

Then, supervised Partial Least Squares Discriminant Analysis (PLS-DA) and Orthogonal PLS-DA (OPLSDA) models were developed to determine the best class discrimination (PICU-sepsis, ED-sepsis, EDcontrol) based on the preprocessed original data.

6,7,9

Briefly, both supervised methods are focused on

data discrimination and classification. The objective of PLS-DA is to create a model that separates
classes of observations on the basis of their x-variables (metabolites and protein-mediators). The OPLSDA method is a modification of the PLS-DA model in which the systematic variation in the dataset is
separated into two parts, one that is related to the class identification (and, therefore predictive) and the
other that is unrelated (orthogonal). This kind of partitioning of the data improves model transparency and
9,11

interpretability.

The OPLS-DA method was applied to models including only two classes. The OPLS-

DA models for the combined datasets were based on potentially relevant metabolites and proteinmediator data selected using the variable importance to projection (VIP); only those variables with VIP>1
6

were chosen. The VIP parameters summarize the importance of the x-variables (in our study the
metabolites and inflammatory-protein-mediators) for the supervised models. The sum of squares of all
VIP values is equal to the number of x-variables in the model, hence the average VIP is equal to 1. This
means that if all x-variables have the same contribution to the model, they will have a VIP=1. The x-

variables with large VIP (VIP>1) are the most relevant for explaining the classes of observations, and
6,12

generally VIP values below 0.5 are considered as irrelevant variables.

To evaluate the PLS-DA and OPLS-DA models, R2Y (the percentage of variation explained by the model)
and Q2 (the predictive ability of the model) metrics were calculated using a sevenfold cross-validation
9,11

method.

In this case, 7 models were built with exactly one seventh of the data excluded from each

model and each sample excluded a single time. The ability of the models to predict those samples not
involved in the modeling provided a measure of the overall predictive ability of the model. This crossvalidation method is a practical and reliable way to test the significance of the supervised models, and
13-15

has become a standard in metabolomics analysis.

Additionally, the OPLS-DA models were validated

by calculating CV-ANOVA p-values and the receiver operator characteristics (ROC) (Metz ROC Software,
16,17

Chicago, IL USA).

The sensitivity, specificity, and accuracy were determined on the basis of sample

class prediction during sevenfold cross-validation (Y-predcv) using the SIMCA-P+ software. During model
construction the PICU-sepsis samples were assigned a response value of one, while the ED-sepsis
samples were given a response of zero. If the predicted response value calculated during cross-validation
was more than 0.5, the sample was assigned as a PICU-sepsis sample. Otherwise the sample was
assigned as ED-sepsis. Based on this analysis the true positive, true negative, false positive and false
negative cases were calculated. This is the recommended method for metabolomics data, and has been
used by our group in adult sepsis models.
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To describe specific biopatterns within the OPLS-DA model

for 2-17y children using combined NMR and protein-mediator data, the OPLS-DA regression coefficients
were calculated, and metabolites/protein-mediators with significant changes in concentration (p<0.05)
6

were considered as the most important variables.

III. Results of Subgroups:
2-5 year old children:
There were 36 PICU-sepsis, 43 ED-sepsis, and 25 ED-control patients. A total of 58 metabolites and 48
protein-mediators were recognized and quantified for each cohort.

Metabolic profiling: Three principal components were calculated via CV to build the model explaining the
following percentage of variation: PC1 19.7%, PC2 14.5%, and PC3 8.4% (Figure E1a). There were 4
outliers, 3 (8%) from the PICU-sepsis cohort and 1 (2%) from the ED-sepsis cohort, and these were
excluded from subsequent models. A supervised PLS-DA model shows the three different cohorts are
well clustered, with specific metabolic profiles for each (R2Y cumulative 0.61, Q2 cumulative 0.43) (Figure
E2a). An OPLS-DA method was applied to compare metabolic variance in patient groups consisting of
only two classes. The score scatter plots for each statistical analysis (Figure E3a) show clear separation
of groups, with high values of R2Y and Q2 parameters (Table 2). The predictive accuracy statistics for
differentiating PICU-sepsis from ED-sepsis (Table 2) show an accuracy of 0.87 and AUROC of 0.95 (SD
0.03).
Protein-mediator profiling: Three principal components were calculated via CV to build the model
explaining the following percentage of variation: PC1 19.9%, PC2 15.9%, and PC3 8.3% (Figure E1b).
There were 7 outliers, 6 (17%) from the PICU-sepsis cohort, and 1 (2%) from the ED-sepsis cohort, and
these were excluded from subsequent models. A supervised PLS-DA model shows the three different
cohorts are reasonably well clustered, with specific protein-mediator profiles for each (R2Y cumulative
0.55, Q2 cumulative 0.36) (Figure E2b). The score scatter plots for each OPLS-DA model (Figure E3b)
show clear separation of groups, with high values of R2Y and Q2 parameters. The predictive accuracy
statistics for differentiating PICU-sepsis from ED-sepsis (Table 2) show an accuracy of 0.79 and AUROC
of 0.91 (SD 0.04), not quite as high as for NMR metabolomics.
Combined Results: There were 36 PICU-sepsis, 43 ED-sepsis, and 25 ED-control patients. Three
principal components were calculated for the combined data via cross-validation to build the model
explaining the following percentage of variation: PC1 21.7%, PC2 9.7%, and PC3 6.9% (Figure E1c).
There were 6 outliers, 5 (14%) from the PICU-sepsis cohort, and 1 (2%) from the ED-sepsis cohort.
These outliers were excluded from subsequent analyses. A supervised PLS-DA analysis shows the three
different cohorts are well clustered, with R2Y cumulative 0.69, and Q2 cumulative 0.57 (Figure E2c). The
score scatter plots for each OPLS-DA statistical analysis (Figure E3c) show clear separation of groups,
with high values of R2Y and Q2 parameters. The predictive accuracy statistics for differentiating PICU-

sepsis from ED-sepsis (Table 2) show accuracy 0.90 and AUROC 0.98 (0.02), better than for metabolic or
protein-mediator profiling alone.

6-17 year old children:
There were 58 PICU-sepsis, 38 ED-sepsis, and 38 ED-control patients. A total of 58 metabolites and 48
protein-mediators were recognized and quantified for each cohort.
Metabolic profiling: Three principal components were calculated via CV to build the model explaining the
following percentage of variation: PC1 18.5%, PC2 12.5%, and PC3 7.7% (Figure E4a). There were 6
outliers, all from the PICU-sepsis cohort (10%), and these were excluded from subsequent models. A
supervised PLS-DA model shows the three different cohorts are well clustered, with specific metabolic
profiles for each (R2Y cumulative 0.62, Q2 cumulative 0.42) (Figure E5a). The score scatter plots for
each OPLS-DA model (Figure E6a) show clear separation of groups, with high values of R2Y and Q2
parameters (Table 2). The predictive accuracy statistics for differentiating PICU-sepsis from ED-sepsis
(Table 2) show accuracy 0.93 and AUROC 0.97 (SD 0.01).
Protein-mediator profiling: Three principal components were calculated via CV to build the model
explaining the following percentage of variation: PC1 19.9%, PC2 14%, and PC3 8.7% (Figure E4b).
There were 11 outliers, 9 (16%) from the PICU-sepsis cohort, 1 (3%) from the ED-sepsis cohort, and 1
(3%) from the ED-control cohort, and these were excluded from subsequent models. A supervised PLSDA model shows the three different cohorts are reasonably well clustered, with specific mediator profiles
for each (R2Y cumulative 0.54, Q2 cumulative 0.45) (Figure E5b). The score scatter plots for each
OPLS-DA model (Figure E6b) show clear separation of groups, with high values of R2Y and Q2
parameters. The predictive accuracy statistics for differentiating PICU-sepsis from ED-sepsis (Table 2)
show an accuracy of 0.81 and AUROC of 0.91 (SD 0.03), not quite as high as for NMR-based
metabolomics.
Combined Results: There were 58 PICU-sepsis, 38 ED-sepsis, and 38 ED-control patients. PCA analysis
using three principal components were calculated for the combined data to build a well-clustered model
explaining the following percentage of variation: PC1 23.9%, PC2 10.2%, and PC3 5.7% (Figure E4c).

There were 7 outliers, 5 (9%) from the PICU-sepsis cohort, 1 (3%) from the ED-sepsis cohort, and 1 (3%)
from the ED-control cohort, and these were excluded from subsequent analyses. A supervised PLS-DA
analysis shows the three different cohorts are well clustered, with R2Y cumulative 0.70 and Q2
cumulative 0.61 (Figure E5c). The score scatter plots for each OPLS-DA statistical analysis (Figure E6c)
show clear separation of the groups, with high values for the R2Y and Q2 parameters. The predictive
accuracy statistics for differentiating PICU-sepsis from ED-sepsis (Table 2) show an accuracy 0.93 and
AUROC 0.99 (0.01), which is again better than that for metabolic or protein-mediator profiling alone.

IV. Discussion of the importance of the metabolites-and-protein-mediators-of-interest
(biomarkers) identified:
Whether the 17 metabolites-and-mediators-of-interest cause, or are the result of manifestations of sepsis
cannot be determined from the observational design. Nevertheless, overall they suggest broad changes
in metabolic and inflammatory processes induced by severe sepsis, identified together as a specific
biopattern to inform patient triage and possible pathophysiologic mechanisms.

Increased levels of 2-hydroxyisovalerate, 3-methyl-2-oxovalerate, 2-oxoisocaproate, 2-hydroxybutyrate,
and 3-hydroxyisovalerate point to enhanced fatty acids breakdown, ketoacidosis, and dysfunction in
3

amino acid metabolism in PICU-sepsis patients. Hepatic glycogen catabolism might be responsible for a
high concentration of mannose.

19

A drop in acetate and alanine levels suggest amino acid oxidation in

PICU-sepsis patients. Moreover, decreased concentrations of choline, O-acetylcholine, taurine, and
3

dimethyl-sulfone indicate disruption in glycerophospholipid and sulfur metabolism. Finally, high levels of
dimethylamine and propylene glycol point to kidney and liver dysfunction in PICU-sepsis patients when
compared to the ED-sepsis cohort.

3,20

Overall, these findings suggest broad changes in metabolic

processes induced by severe sepsis in children.

We observed decreased levels of Serum amyloid A (SAA) in PICU-sepsis patients compared with EDsepsis patients. Serum amyloid A has been reported to correlate with C-reactive protein in human
patients with septic shock.
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As the kinetics of SAA levels in previous reports appears to be very rapid,

with an early spike followed by a progressive return to baseline, differences observed between the PICUsepsis and ED-sepsis cohorts may be due to the time of presentation of patients in the two cohorts being
at different points in the progression of their disease (i.e. PICU patients may not present until they are
further along in the sepsis course). Alpha2-macroglobulin (A2M) levels in our study were lower in the
PICU-sepsis cohort when compared to the ED-sepsis group. A2M has been reported to correlate
positively with survival in human sepsis.
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It has been suggested that this molecule is protective,

enhancing leukocyte recruitment and function, and bacterial killing (including phagocytosis, and reactive
oxygen species generation).
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Plasma levels of soluble tumor necrosis factor related apoptosis inducing

ligand (TRAIL) have also been associated with patient outcomes, with lower levels associated with worse
outcomes in human sepsis.
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It has been suggested that TRAIL is required to limit leukocyte infiltration

and inflammation, reducing tissue damage and preserving organ function.

23

Our findings are in

agreement with previous studies, with the patients in the PICU-sepsis cohort presenting with lower levels
of TRAIL than those in the ED-sepsis group.

Based on the most significant metabolites (Figure 4), a representative metabolic pathway network was
constructed to identify the most impaired biological pathways (p<0.05 and pathway impact >0.1) during
severe sepsis (PICU-Sepsis cohort). The analysis was performed in the MetaboAnalyst 2.5 software.
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The most perturbed pathways (based on the metabolic profiling data only) were as follows:
1. Age 2-17 year old children- taurine and hypotaurine metabolism; glycine, serine, and threonine
metabolism; aminoacyl-tRNA biosynthesis; and pyruvate metabolism.
2. Age 2-5 year old children: taurine and hypotaurine metabolism; glycine, serine, and threonine
metabolism; aminoacyl-tRNA biosynthesis; pyruvate metabolism; and lysine degradation.
3. Age 6-17 year old children: taurine and hypotaurine metabolism; glycine, serine, and threonine
metabolism; pyruvate metabolism; and arginine and proline metabolism.
1

We then compared these pathway analyses with the data obtained in our previous study using H-NMR
metabolic profiling to differentiate 58 pediatric septic-shock patients from 39 PICU-control patients.
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We

performed a pathway analysis on the data from that publication, and found the most perturbed pathways
in the PICU septic shock cohort as follows:

1. Age 2-5 year old children: taurine and hypotaurine metabolism
2. Age 6-11 year old children: arginine and proline metabolism.
We believe that this strengthens the findings in the current study by showing overlap in the most
perturbed metabolic pathways in the separate cohorts of PICU sepsis patients.
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Table E1. The metabolites (non-targeted H NMR Spectroscopy and Metabolite Concentration
Profiling) and protein-mediators (targeted bead-based multiplex assay) detected and quantified.
No
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42

Metabolites
2-Aminobutyrate
2-Hydroxybutyrate
2-Hydroxyisovalerate
2-Oxoglutarate
2-Oxoisocaproate
3-Hydroxybutyrate
3-Hydroxyisovalerate
3-Methyl-2-oxovalerate
Acetate
Acetoacetate
Acetone
Alanine
Arginine
Asparagine
Aspartate
Betaine
Carnitine
Choline
Citrate
Creatine
Creatine phosphate
Creatinine
Dimethyl sulfone
Dimethylamine
Ethanol
Formate
Glucose
Glutamate
Glutamine
Glycerol
Glycine
Histidine
Isobutyrate
Isoleucine
Isopropanol
Lactate
Leucine
Lysine
Malonate
Mannose
Methanol
Methionine

Protein-mediators
Interleukin (IL)-1rα
IL-2
IL-4
IL-6
IL-7
IL-8
IL-9
IL-10
IL-12(p70)
IL-17
Eotaxin
Fibroblast Growth Factor (FGF) basic
Granulocyte Colony-Stimulating Factor (G-CSF)
Granulocyte-Macrophage Colony-Stimulating Factor (GM-CSF)
Interferon (IFN)-γ
Interferon gamma-induced Protein (IP)-10
Monocyte Chemotactic Protein (MCP)-1
Platelet-Derived Growth Factor (PDGF)-BB
Macrophage Inflammatory Protein (MIP)-1α
RANTES
Tumor Necrosis Factor (TNF)-α
Vascular Endothelial Growth Factor (VEGF)
IL-2Rα
IL-3
IL-12p40
IL-16
IL-18
Cutaneous T-cell-Attracting Chemokine (CTACK)
GROα
Hepatocyte Growth Factor (HGF)
IFN-α2
Leukemia Inhibitory Factor (LIF)
MCP-3
Monocyte Colony-Stimulating Factor (M-CSF)
Macrophage Migration Inhibitory Factor (MIF)
Monokine Induced by Gamma Interferon (MIG)
Stem Cell Factor (SCF)
Stem Cell Growth Factor (SCGF)-β
Stromal Cell-Derived Factor (SDF)-1α
TNF-Related Apoptosis-Inducing Ligand (TRAIL)
Procalcitonin (PCT)
Ferritin

43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58

O-Acetylcarnitine
O-Acetylcholine
Ornithine
Phenylalanine
Proline
Propylene glycol
Pyruvate
Serine
Taurine
Threonine
Trimethylamine N-oxide
Tyrosine
Urea
Valine
cis-Aconitate
myo-Inositol

Tissue Plasminogen Activator (tPA)
Serum Amyloid A (SAA)
Alpha 2-Macroglobulin (A2M)
Haptoglobin
C-Reactive Protein (CRP)
Serum Amyloid P (SAP)

TableE2. Comparison of statistical measures calculated for the supervised OPLS-DA models
without excluding outliers to the results presented in the manuscript.

PLS-DA model

OPLS-DA model

All cohorts

PICU-sepsis versus ED-sepsis

Data
Outliers

Outliers excluded

Outliers

Outliers excluded

included

(see manuscript)

included

(see manuscript)

R2Ycum = 0.56

R2Ycum = 0.56

R2Y = 0.69

R2Y = 0.69

Q2cum = 0.49

Q2cum = 0.47

Q2 = 0.63

Q2 = 0.60

Protein-mediators

R2Ycum = 0.53

R2Ycum = 0.54

R2Y = 0.54

R2Y = 0.58

data

Q2cum = 0.45

Q2cum = 0.47

Q2 = 0.47

Q2 = 0.42

Combined

R2Ycum = 0.63

R2Ycum = 0.63

R2Y = 0.67

R2Y = 0.69

dataset

Q2cum = 0.57

Q2cum = 0.56

Q2 = 0.63

Q2 = 0.62

Metabolomics data

