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Abstract
Background: Cell stress promotes degradation of mitochondria which release danger-associated molecular patterns
that are catabolized to N-formylmethionine. We hypothesized that in critically ill adults, the response to N-formylme‑
thionine is associated with increases in metabolomic shift-related metabolites and increases in 28-day mortality.
Methods: We performed metabolomics analyses on plasma from the 428-subject Correction of Vitamin D Deficiency
in Critically Ill Patients trial (VITdAL-ICU) cohort and the 90-subject Brigham and Women’s Hospital Registry of Critical
Illness (RoCI) cohort. In the VITdAL-ICU cohort, we analyzed 983 metabolites at Intensive Care Unit (ICU) admission,
day 3, and 7. In the RoCI cohort, we analyzed 411 metabolites at ICU admission. The association between N-formylme‑
thionine and mortality was determined by adjusted logistic regression. The relationship between individual metabo‑
lites and N-formylmethionine abundance was assessed with false discovery rate correction via linear regression, linear
mixed-effects, and Gaussian graphical models.
Results: Patients with the top quartile of N-formylmethionine abundance at ICU admission had a significantly higher
adjusted odds of 28-day mortality in the VITdAL-ICU (OR, 2.4; 95%CI 1.5–4.0; P = 0.001) and RoCI cohorts (OR, 5.1;
95%CI 1.4–18.7; P = 0.015). Adjusted linear regression shows that with increases in N-formylmethionine abundance
at ICU admission, 55 metabolites have significant differences common to both the VITdAL-ICU and RoCI cohorts.
With increased N-formylmethionine abundance, both cohorts had elevations in individual short-chain acylcarnitine,
branched chain amino acid, kynurenine pathway, and pentose phosphate pathway metabolites.
Conclusions: The results indicate that circulating N-formylmethionine promotes a metabolic shift with heightened
mortality that involves incomplete mitochondrial fatty acid oxidation, increased branched chain amino acid metabo‑
lism, and activation of the pentose phosphate pathway.
Keywords: Metabolomics, N-formylmethionine, Critical illness, Acylcarnitine, Metabolic shift, Pentose phosphate
pathway, Branched chain amino acids
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Background
The study of the underlying biological processes of
critical illness is hindered by patient heterogeneity [1].
Defining critical illness based on common molecular
mechanisms is useful for risk prediction and intervention response and can illuminate shared etiological and
pathogenic pathways [2–4]. Common molecular mechanisms are described in specific populations of the critically ill using transcriptomics of COVID-19 [5], muscle
transcriptomics and metabolomics in multiorgan failure
[6], and genomics of sepsis due to pneumonia [7]. But
these observations are not generalizable beyond the specific population studied. We argue that the molecular
response to evolutionarily conserved danger stimuli may
reflect common pathological mechanisms in heterogeneous critically ill patients [8].
Danger-associated molecular patterns (DAMPs) are
defense signals that communicate to the whole organism

that individual cells have failed to adapt to stressors [9].
In humans, degrading mitochondria yield DAMPs in the
form of mitochondrial DNA and N-formyl-methionyl
peptides. We and others have found that mitochondrial
DAMPs are associated with significant dysregulation
of metabolic homeostasis, potent activation of innate
immunity, and adverse outcomes in the critically ill
[10–12]. The further breakdown of the DAMP N-formylmethionyl peptide (fMet-Leu-Phy) produces circulating
N-formylmethionine that signals the substantial disruption of homeostasis [13].
Plasma metabolic profiles in the critically ill provide
a way to measure point-in-time changes that reflect
patients’ genetics as well as the cellular response to physiological stress, inflammation, and substrate abundance
[14]. But these metabolic profiles are not routinely used
to provide common molecular insights into the response
to critical illness. Therefore, we studied circulating
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N-formylmethionine abundance during early critical illness to identify patients with a metabolic shift who are at
the greatest risk for poor outcomes. To test the hypothesis that common differences related to plasma metabolomic shift exist in the response to N-formylmethionine,
we performed metabolomics cohort study on plasma
samples from two distinct critically ill biorepositories
with clinical heterogeneity.

Methods
Study design and patients

The Graz, Austria-based VITdAL-ICU trial randomized
492 critically ill adults with 25-hydroxyvitamin D
(25(OH)D) ≤ 20 ng/ml to high-dose oral vitamin D
 3 or
placebo. Patients were enrolled from medical, neurological, cardiac surgical, and anesthesia ICUs between 2010
and 2012 and followed for 180 days [15]. Further details
of the trial, consent, inclusion, and exclusion criteria are
published and described in Additional file 1: Methods
[15]. Plasma was obtained at days 0 (prior to randomization), 3, and 7. The 428 VITdAL-ICU trial subjects with
plasma samples available comprised the VITdAL-ICU
cohort [3, 16].
The Boston, USA-based Registry of Critical Illness
(RoCI) is a registry and biorepository of adult medical
ICU patients with SIRS, sepsis, and sepsis ARDS at the
Brigham and Women’s Hospital. Details of the cohort,
patient recruitment, and consent are published [17, 18]
and described in e-Appendix 1. Between 2008 and 2010,
90 medical ICU patients had plasma collected within
72 h of ICU admission (defined as day 0) and these
patients comprise the RoCI cohort [18].
Metabolomics and study design

Metabolomics methods and analyses have been previously published [3, 16, 18] and are described in Additional file 1: Methods. In the VITdAL-ICU cohort,
profiling for 983 metabolites in 1215 plasma samples
from 428 subjects collected during the VITdAL-ICU trial
was performed in 2017 [3, 15]. In the RoCI cohort, 411
metabolites were determined in 2011 on 90 patients [18].
Metabolomics data from each cohort separately underwent cube root transformation and Pareto scaling to generate data on the same scale and to approximate normal
distribution.
The exposure of interest was the relative abundance of
N-formylmethionine determined at day 0 by liquid chromatography coupled mass spectrometry by Metabolon,
Inc., and analyzed as a continuous variable. We chose
to study N-formylmethionine as it is a known catabolic
product of the danger-associated molecular pattern
N-formyl-methionyl peptide and was measured in both
the VITdAL-ICU cohort and RoCI cohort analyzed by
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Metabolon, Inc. Abundance is defined as the total ion
count for the given mass-to-charge ratio assigned to
N-formylmethionine. N-formylmethionine was also analyzed as quartiles of abundance with elevated N-formylmethionine defined as abundance in the top quartile. The
primary outcome was all-cause 28-day mortality determined by hospital records and patient follow-up in the
VITdAL-ICU cohort and hospital records and the US
Social Security Administration Death Master File in the
RoCI cohort. Distributions of and differences in crude
survival between quartiles of N-formylmethionine were
determined via the Kaplan–Meier survival curve and the
log-rank test, respectively. The association between quartiles of N-formylmethionine and 28-day mortality was
determined by logistic regression adjusted for age, sex,
SAPS II, admission diagnosis, and baseline 25(OH)D in
the VITdAL-ICU cohort and logistic regression adjusted
for age, sex, race, and APACHE II score in the RoCI
cohort.
For day 0 data in the VITdAL-ICU and RoCI cohorts,
Student’s t test was performed to determine if significant differences exist with elevated N-formylmethionine (highest quartile) using MetaboAnalyst [19]. We
corrected for multiple testing via the Benjamini–Hochberg procedure to adjust the false discovery rate (FDR)
to 0.05, producing a q value which was used to identify all significant differences [20]. Day 0 data were also
analyzed using orthogonal partial least square-discriminant analysis (OPLS-DA) to assess the significance
of classification discrimination (SIMCA 15.0 Umetrics,
Table 1 Demographic and clinical characteristics of study
patients
Baseline characteristics

VITdAL-ICU cohort

RoCI cohort

No.

428

90

Age mean (SD)

64.2 (14.9)

55.0 (14.5)

Female sex no. (%)

38 (42)

39 (43)

Non-White race no. (%)

0 (0)

20 (22)

APACHE II mean (SD)

–

25.8 (9.9)

SAPS II mean (SD)

33.4 (15.4)

–

Sepsis no. (%)

31 (7)

51 (63)

Intubation no. (%)

279 (65)

44 (49)

Vasopressors no. (%)

201 (48)

26 (29)

Anesthesia ICU no. (%)

81 (19)

0 (0)

Cardiac surgery ICU no. (%)

124 (29)

0 (0)

Surgical ICU no. (%)

25 (6)

0 (0)

Medical ICU no. (%)

90 (21)

90 (100)

Neurological ICU no. (%)

106 (25)

0 (0)

Day 0 creatinine mean (SD)

1.40 (1.00)

2.09 (1.98)

28-Day mortality no. (%)

95 (22)

30 (33)

ICU
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Table 2 Characteristics of study patients by day 0 N-formylmethionine abundance quartiles
Characteristics

N-formylmethionine abundance at day 0
Q1

Q2

P value
Q3

Q4

VITdAL-ICU cohort
No

107

107

107

107

Age mean (SD)

56.3 (15.3)

62.1 (17.0)

68.1 (11.7)

70.2 (10.7)

Female sex no. (%)

41 (38)

32 (30)

39 (36)

39 (36)

Non-White no. (%)

0 (0)

0 (0)

0 (0)

0 (0)

< 0.001*
0.59

SAPS II mean (SD)

32.5 (17.0)

32.7 (16.2)

33.7 (13.4)

34.5 (15.0)

0.76*

Sepsis no. (%)

2 (2)

9 (8)

7(7)

13 (12)

0.033

Creatinine day 0 mean (SD)

0.91 (0.62)

1.05 (0.55)

1.50 (0.86)

2.15 (1.28)

Procalcitonin ng/ml day 0 median [IQR]

0.14 [0.06, 0.45]

0.20 [0.08, 0.64]

0.62 [0.20, 1.94]

1.24 [0.45, 4.12]

Propofol no. (%)

27 (25)

28 (26)

25 (27)

24 (23)

ICU

0.001†
0.94
< 0.009

Anesthesia ICU no. (%)

24 (23)

16 (15)

20 (18)

22 (21)

Cardiac surgery ICU no. (%)

19 (18)

32 (30)

41 (38)

34 (31)

Surgical ICU No. (%)

4 (4)

6 (6)

6 (6)

6 (6)

Medicine ICU no. (%)

19 (18)

22 (21)

20 (18)

30 (28)

Neurological ICU no. (%)

< 0.001*

40 (38)

31 (29)

21 (19)

15 (14)

28-Day mortality

13 (12)

16 (15)

25 (23)

41 (38)

< 0.001

180-day mortality

24 (22)

25 (23)

43 (40)

63 (59)

< 0.001

RoCI cohort
No

23

22

23

22

Age mean (SD)

48.5 (16.7)

59.6 (13.0)

56.5 (12.3)

55.5 (14.2)

0.06*

Female sex no. (%)

9 (39)

8 (36)

10 (43)

12 (55)

0.63

Non-White no. (%)

5 (22)

6 (27)

5 (22)

4 (18)

0.54

APACHE II mean (SD)

21.6 (11.6)

25.1 (9.5)

26.0 (9.4)

30.5 (6.8)

0.02*

Sepsis no. (%)

8 (38)

11 (55)

16 (73)

16 (89)

Creatinine day 0 mean (SD)

0.9 (0.5)

1.2 (0.6)

1.5 (1.0)

2.6 (1.9)

Procalcitonin ng/ml day 0 median [IQR]††

0.21 [0.91, 1.17]

0.48 [0.12, 2.50]

0.70 [0.22, 1.08]

1.08 [0.12, 8.73]

0.007
< 0.001*
0.46†

ICU
23 (100)

22 (100)

23 (100)

22 (100)

28-Day mortality

Medicine ICU no. (%)

5 (22)

7 (32)

6 (26)

12 (55)

0.093

180-Day mortality

8 (35)

9 (41)

9 (39)

13 (59)

0.37

Data presented as n (%) unless otherwise indicated
P values determined by chi-square unless designated by (*) then P value determined by ANOVA or by (†) determined by Kruskal-Wallis test. ††Procalcitonin measured
in 53 of the RoCI cohort patients

Sweden) [21]. OPLS-DA is a powerful statistical modeling tool that provides insights into metabolite differences between patients with and without elevated
N-formylmethionine [22].
For single time point data in the VITdAL-ICU and
RoCI cohorts, correlations between individual metabolites and N-formylmethionine abundance (continuous)
at day 0 were determined utilizing linear regression
models utilizing robust standard errors. For the VITdAL-ICU cohort, the linear regression model was corrected for age, sex, baseline 25(OH)D, SAPS II, and
admission diagnosis. For the RoCI cohort, the linear

regression model was adjusted for age, sex, race, and
APACHE II. We performed linear regression diagnostics to evaluate model assumptions including variance
inflation factor, Breusch–Pagan/Cook–Weisberg test,
normality of residuals, and Cook’s distance.
In the VITdAL-ICU cohort, correlations between
N-formylmethionine and individual metabolites over
days 0, 3, and 7 were also determined utilizing linear
mixed-effects models correcting for age, sex, baseline
25(OH)D, absolute increase in 25(OH)D at day 3, SAPS
II, plasma day, admission diagnosis, and an individual
subject-specific random intercept. All linear regression
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Fig. 1 Kaplan–Meier estimates of survival. Kaplan–Meier estimates of overall survival by quartiles of plasma N-formylmethionine abundance at
day 0 in the VITdAL-ICU (N = 428) Panel A and RoCI cohorts (N = 90) Panel B. Log-rank test revealed a significant difference in survival between the
quartiles in both cohorts (P < 0.001 in the VITdAL-ICU cohort, P = 0.0476 in the RoCI cohort). A First quartile (lowest N-formylmethionine); B second
quartile; C third quartile; and D fourth quartile (highest N-formylmethionine)

and mixed-effects models were analyzed using STATA
16.1MP [23]. A q value threshold of 0.05 was used to
identify all significant associations [20]. Rain plots were
produced in R-3.6.2 [24].
Networks are useful in illustrating relationships
in biological and pathophysiological pathways [25].
To identify N-formylmethionine-specific metabolite
connections, we estimated Gaussian graphical models (GGMs) for day 0 in the VITdAL-ICU cohort [26].
Gaussian graphical models were used as they can demonstrate metabolic reactions and functional dependence between metabolites following adjustment for
confounding factors [26]. We inferred a N-formylmethionine-specific network for relative metabolite abundance including age, sex, SAPS II, admission diagnosis,
and baseline 25(OH)D as covariates into the model
[27]. Edges between metabolites were allotted if both
their Pearson correlations and partial correlations
remained statistically significant at a q value threshold
of 0.05 [20]. Gaussian graphical models were produced
using the GeneNet R package, version 1.2.13 in R-3.6.2
[27].

Results
VITdAL‑ICU cohort

The baseline characteristics of the 428 subject VITdALICU cohort are published and summarized in Table 1 [3,
16]. Baseline characteristics differed between subjects
stratified by N-formylmethionine quartiles for age, sepsis, creatinine at day 0, and ICU type (Table 2; Additional
file 2). The overall 28-day mortality of the 428 subject VITdAL-ICU cohort was 22%. Significant differences exist in

survival between quartiles of N-formylmethionine abundance at day 0 (log-rank P < 0.001, Fig. 1A). Patients with
the top quartile of plasma N-formylmethionine abundance
at day 0 had a significantly higher odds of 28-day mortality (OR = 2.4 (95%CI 1.5–4.0; P = 0.001)) compared with
patients in the other three quartiles, after adjustment for
age, sex, 25(OH)D level, SAPS II, and admission diagnosis.
Further adjustment for bilirubin, creatinine, or propofol did
not materially alter the association between plasma N-formylmethionine and 28-day mortality (See Additional file 3).
In day 0 VITdAL-ICU cohort plasma samples, significant differences by t test exist for 517 individual
metabolites (q value threshold of 0.05) in subjects with
elevated N-formylmethionine relative to those without.
t test results show that 430 metabolites were increased
and 87 metabolites decreased in subjects with elevated
N-formylmethionine relative to those without (See Additional file 4: Day 0 t test VITdAL-ICU tab). Selected plots
of normalized unadjusted metabolite data highlight the
day 0 increases in short-chain acylcarnitine (C2–C7),
branched chain amino acids (BCAA), purine and pentose
phosphate pathway metabolites all relative to N-formylmethionine quartiles (See Additional file 5). Regarding
subject metabolomic profiles, though the multivariable
OPLS-DA model has marginal predictability (Q2 = 0.35),
the model is valid (y axis Q2 intercept of − 0.102) and is
significantly different in patients with elevated N-formylmethionine compared to those without (CV-ANOVA p
value < 0.001) (See Additional file 6) [28, 29].
In the VITdAL-ICU cohort linear regression analysis, there were significant associations at day 0 between
abundance of 399 individual metabolites (q value
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threshold of 0.05) and increased N-formylmethionine
abundance (analyzed as continuous) following adjustment for age, sex, SAPS II, admission diagnosis, and
baseline 25(OH)D (See Additional file 7: Highlights
and Additional file 4: Day 0 VITdAL-ICU tab for full
data). Metabolites associated with increased N-formylmethionine at day 0 included elevated lactate, shortchain acylcarnitines, as well as BCAA, kynurenine
pathway, and pentose phosphate pathway metabolites
and decreased lysophosphatidylcholines. The same pattern was observed with further adjustment for bilirubin, creatinine, propofol exposure, or sepsis as well as
removal of the SAPS II term (See Additional file 8).
Mixed-effects modeling of 1215 total days 0, 3, and 7
plasma samples from the VITdAL-ICU cohort shows 432
metabolites were significantly positively associated with
increased N-formylmethionine abundance highlighted by
increases in lactate, short-chain acylcarnitines, BCAA,
purine and pentose phosphate pathway metabolites (See
Additional file 9: Highlights and Additional file 4: Days
0, 3, and 7 VITdAL-ICU tab for full data). One hundred
and three metabolites had significant negative associations with increased N-formylmethionine abundance,
primarily by decreased lysophosphatidylcholines (See
Additional file 9: Highlights and Additional file 4: Days
0, 3, and 7 VITdAL-ICU tab for full data). Similar patterns of association are found when the VITdAL-ICU
cohort was limited to days 0, 3, and 7 data from the 216
VITdAL-ICU cohort subjects who received placebo (See
Additional file 10: Highlights and Additional file 4: Days
0, 3, and 7 VITdAL-ICU Placebo tab for full data).
In the VITdAL-ICU cohort, we investigated N-formylmethionine-specific metabolic networks via Gaussian
graphical models. The Gaussian graphical model analysis revealed eight N-formylmethionine-specific functional modules at day 0 (See Additional file 11). Similar
to the day 0 linear regression analyses, short-chain acylcarnitine, BCAA, purine, kynurenine pathway, and pentose phosphate pathway metabolites were prominently
featured in the N-formylmethionine-specific Gaussian graphical model analysis. Metabolites present in
each functional module were all elevated with increased
N-formylmethionine abundance and had biological or
functional similarity.

top quartile of N-formylmethionine abundance (logrank P < 0.001, Fig. 1B). Patients with the top quartile of
plasma N-formylmethionine abundance had a fivefold
higher odds of 28-day mortality (OR = 5.1 95%CI 1.4–
18.7; P = 0.015) following adjustment for age, sex, race,
and APACHE II score, compared with the other three
quartiles. Further adjustment for bilirubin or creatinine
did not materially alter the plasma N-formylmethionine
mortality associations (See Additional file 3). In the 73
patients who had an existing measurement of plasma
mitochondrial DNA levels [11, 30], there was a significant positive correlation between plasma mitochondrial
DNA levels and N-formylmethionine abundance (Pearson correlation coefficient r2 = 0.47; P value < 0.001).
In day 0 RoCI cohort plasma samples, significant differences by t test were found for 127 individual metabolites (q value threshold of 0.05) in subjects with elevated
N-formylmethionine relative to those without (See Additional file 4: Day 0 t test RoCI tab). Day 0 t test differences
were present with increased individual short-chain acylcarnitine, BCAA, and pentose phosphate pathway metabolites and decreased lysophosphatidylcholine in subjects
with the highest quartile of plasma N-formylmethionine
abundance relative to the lower quartiles. Similar to the
VITdAL-ICU cohort, the multivariable OPLS-DA RoCI
cohort model is valid (Q2 intercept of -0.271) and has
marginal predictability (Q2 = 0.35), but shows significant
differences (CV-ANOVA P value < 0.001) in metabolomic profiles at day 0 in patients with highest quartile
of plasma N-formylmethionine abundance relative to the
lower quartiles (See Additional file 6) [28, 29].
In adjusted linear regression analysis of day 0 data from
the RoCI cohort, significant differences exist in 82 individual metabolites (q value threshold 0.05) with increased
N-formylmethionine abundance following adjustment for
age, sex, race, and APACHE II. Day 0 differences were
present with increased individual short-chain acylcarnitine, BCAA, and pentose phosphate pathway species in
subjects with increased N-formylmethionine abundance
(See Additional file 12: Highlights and Additional file 4:
Day 0 RoCI for full data). Similar patterns were observed
with further adjustment for bilirubin, creatinine, or sepsis (See Additional file 8).

RoCI cohort

As determined by the variance inflation factor, in both
cohorts the independent variables do not share a perfect,
linear relationship. The Breusch–Pagan/Cook–Weisberg tests indicate that heteroskedasticity was present
in both cohorts, and thus, robust standard errors were
utilized in multiple linear regression. Individual metabolites at day 0 were shown to have approximately normal
residuals when subjected to multiple linear regression

Baseline characteristics of the 90-subject RoCI cohort
were previously published and are again presented in
Table 1 [18]. Baseline characteristics differed between
subjects stratified by N-formylmethionine quartile
for APACHE II score, sepsis, and creatinine at day 0
(Table 2). The 28-day mortality of the RoCI cohort was
33%. There was a significantly worse survival with the

Linear regression diagnostics
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Table 3 Highlighted metabolites significantly changed at day 0 with increasing N-formylmethionine in VITdAL-ICU and RoCI cohorts
Metabolite

VITdAL-ICU cohort

RoCI cohort

Super pathway

Sub pathway

Beta coefficient

q value

Beta coefficient

q value

Beta-hydroxyisovalerate

0.37

1.69 E−07

0.53

3.26 E−02

Amino acid

BCAA metabolism

2-Hydroxy-3-methylvalerate

0.40

3.16 E−05

0.64

2.43 E−02

Amino acid

BCAA metabolism

3-Hydroxy-2-ethylpropionate

0.33

7.36 E−07

0.70

5.40 E−05

Amino acid

BCAA metabolism

3-Hydroxyisobutyrate

0.27

4.39 E−03

0.74

2.54 E−03

Amino acid

BCAA metabolism

Kynurenate

0.77

1.49 E−06

1.04

6.56 E−03

Amino acid

Kynurenine metabolism

Kynurenine

0.44

3.56 E−07

0.63

6.79 E−03

Amino acid

Kynurenine metabolism

Lactate

0.11

5.46 E−02

0.50

3.22 E−02

Carbohydrate

Glycolysis

Succinylcarnitine (C4)

0.41

8.64 E−09

0.52

2.48 E−02

Energy

Short-chain acylcarnitine

Tiglyl carnitine (C5)

0.41

1.18 E−08

0.75

3.68 E−03

Amino acid

Short-chain acylcarnitine

2-Methylbutyroylcarnitine (C5)

0.52

4.99 E−11

0.65

2.38 E−02

Amino acid

Short-chain acylcarnitine

Hexanoylcarnitine (C6)

0.50

7.36 E−10

0.57

6.08 E−02

Lipid

Short-chain acylcarnitine

Arabinose

0.48

2.40 E−12

0.53

2.09 E−02

Carbohydrate

Pentosemetabolism

Arabitol/xylitol

0.56

4.77 E−15

1.08

3.65 E−02

Carbohydrate

Pentose metabolism

Arabonate/xylonate

0.66

1.56 E−16

0.86

3.84 E−04

Carbohydrate

Pentose metabolism

Erythritol

0.60

2.53 E−14

0.75

1.05 E−04

Carbohydrate

Pentose metabolism

Erythronate*

0.60

9.57 E−18

0.83

6.49 E−05

Carbohydrate

Pentose metabolism

Xylose

0.29

1.70 E−04

0.44

2.39 E−02

Carbohydrate

Pentose metabolism

7-Methylguanine

0.39

2.82 E−07

0.39

3.52 E−02

Nucleotide

Purine metabolism

Allantoin

0.27

7.06 E−08

0.88

3.66 E−03

Nucleotide

Purine metabolism

1-Methyladenosine

0.43

5.30 E−15

0.35

4.86 E−03

Nucleotide

Purine metabolism

N2,N2-Dimethylguanosine

0.73

9.22 E−14

0.91

1.34 E−04

Nucleotide

Purine metabolism

N6-carbamoylthreonyladenosine

0.78

1.32 E−22

0.67

6.62 E−04

Nucleotide

Purine metabolism

For the VITdAL-ICU cohort, significant associations between N-formylmethionine abundance and the 983 individual metabolites at day 0 were determined utilizing
linear regression correcting for age, sex, baseline 25(OH)D, SAPS II, and admission diagnosis. For the RoCI cohort, significant associations between N-formylmethionine
abundance and the 411 individual metabolites at day 0 were determined via linear regression correcting for age, sex, ethnicity, and APACHE II utilizing robust standard
errors. A false discovery rate adjusted p value (q value) threshold of 0.05 was used to identify all significant differences. For the short-chain acylcarnitine sub-pathway:
a capital C is followed by the number of carbons within the fatty acyl group attached to the carnitine. * indicates putatively annotated compound

with N-formylmethionine as the exposure in both the
VITdAL-ICU and RoCI cohorts. Slight deviations from
normal were generally noted at the upper tail. The residuals of xenobiotics (i.e., medications) flagrantly violated
normality and thus linear regression estimates are not
reported. In both cohorts, Cook’s distance values were
all less than 0.5, indicating that the multiple linear regression associations were not driven by outliers.
Metabolites common to both VITdAL‑ICU and RoCI cohorts

In the 337 metabolites analyzed in both the VITdAL-ICU
and RoCI cohorts, adjusted linear regression of day 0
plasma shows that with increases in N-formylmethionine
abundance, 80 metabolites common to both the VITdALICU and RoCI cohorts were changed (q value threshold of
0.10) with increases in N-formylmethionine abundance.
Fifty-five metabolites common to both the VITdALICU and RoCI cohorts had significant changes (q value
threshold of 0.05) with increases in N-formylmethionine
abundance. For each of the 55 individual metabolites, the
direction of the relationship (increased or decreased) was

identical in both cohorts (Table 3 for highlights; Additional file 13: Full data). With increased N-formylmethionine abundance, both cohorts had elevated individual
short-chain acylcarnitine, BCAA, kynurenine pathway,
and pentose phosphate pathway metabolites. The rain
plot shows highlighted day 0 metabolites that increased
in the VITdAL-ICU and validation cohorts relative to
increases in N-formylmethionine abundance (Fig. 2).
While differences in rain plot circle size reflective of
study size exist for the VITdAL-ICU and RoCI cohorts,
the effect size and direction of effect followed similar patterns for individual metabolites (Table 3).

Discussion
With elevated physiologic stress, a metabolic shift in
energy production occurs away from mitochondrial beta
fatty oxidation to favor glycolysis for energy production, redox balance, and substrate need for biosynthesis
[31, 32]. Although previous work suggests that endogenous danger signals are important in the critical illness
response, our robust data argue that distinct nuanced
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energy metabolism patterns, and elevated mortality
risks are present with increased N-formylmethionine
abundance [11, 33]. We identified N-formylmethioninespecific metabolite networks using Gaussian graphical
models which highlight the same groups identified in our
regression analyses [34]. The analyses in the VITdALICU cohort and confirmed in the RoCI cohort highlight
the potential of N-formylmethionine as a metabolic shift
biomarker reflective of cellular performance and mortality outcome.
Though the response to critical illness is complex and
requires highly demanding cellular functions, the initial
signals of physiological stress are crude and widely conserved [35]. Due to evolutionary resemblance, mitochondrial DNA and N-formyl-methionyl peptides act similarly
to bacterial pathogen-associated molecular patterns [36,
37]. Circulating N-formylmethionine in critical illness is
produced by the degradation of mitochondrial N-formylmethionyl peptides and is a marker for mitochondrialbased protein turnover [13, 38]. Though not required for
activation of N-formylpeptide receptor (FPR) subtypes,
we argue that the abundance of N-formylmethionine is a
biomarker of cell stress and signals ongoing disruption of
homeostasis [39].
In both cohorts, we found evidence of a metabolic shift
(Fig. 3). First, the observed rise in lactate with increased
N-formylmethionine abundance indicates an increase
in aerobic glycolysis or tissue hypoxia [40]. Second, we
show that with increased N-formylmethionine abundance, both cohorts have significant increases in modified purine nucleosides known to be liberated during
oxidative stress [41]. Third, our observation of increased
circulating plasma short-chain acylcarnitines (C2–C7)
with increased N-formylmethionine abundance is evidence of incomplete mitochondrial fatty acid β-oxidation
and reflects a decrease in mitochondrial energy production [42]. Fourth, our data show that circulating BCAA
metabolites are elevated with increased N-formylmethionine abundance. BCAA metabolites are known to
be utilized for energy production when mitochondrial
fatty acid β-oxidation is incomplete [43]. Further, the
observed elevated C3- and C5-acylcarnitines are known
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to be derived from BCAA metabolites [44]. In our study
cohorts, the observed increases in plasma lactate, purine
nucleotides, short-chain acylcarnitines, and BCAA catabolic metabolites with increased N-formylmethionine
abundance are thus indicative of a metabolic shift.
Our results show novel increases in pentose phosphate
pathway metabolites with increased N-formylmethionine
abundance. The pentose phosphate pathway is important
for redox balance via NADPH production through a oxidative branch as well as nucleic acid synthesis through
a non-oxidative branch (See Additional file 14) [45].
Though quiescent at homeostasis and rarely reported in
critical illness, evidence suggests that the pentose phosphate pathway acts as a “metabolic redox sensor” that is
upregulated during oxidative stress [46, 47]. Transcriptomic profiling of whole blood in critically ill patients
has shown increases in pentose phosphate pathway oxidative branch activity, suggesting a metabolic shift away
from mitochondrial beta oxidation [48]. We show that
with increased N-formylmethionine abundance, both
cohorts have evidence of significant increases in the pentose phosphate pathway metabolites of the non-oxidative
branch, which is further indicative of a metabolic shift
(Table 3).
Our novel study approach has several strengths. Both
of our cohorts were analyzed using the same Metabolon platform. Further, our use of clinical data allows for
modeling of metabolite abundance with adjustment for
subject characteristics. Our findings are consistent with
known metabolic shift patterns increasing the biological
plausibility of our work. Finally, we validated our findings
in an external critical illness cohort.
There are potential limitations to our approach.
Despite our RoCI cohort being diverse, our VITdAL-ICU cohort subjects are from a white population. Our ability to determine causality is limited as
we performed two metabolomics cohort studies. Our
approach is subject to bias and confounding despite
our covariate and multiplicity adjustment. With only
337 metabolites common to both cohorts, some important individual metabolites noted in the VITdAL-ICU
cohort cannot be analyzed in the RoCI cohort. As we

(See figure on next page.)
Fig. 2 Rain plot of metabolites significantly associated with increased N-formylmethionine in VITdAL-ICU and RoCI cohorts. The correlations
between individual metabolites and N-formylmethionine abundance at day 0 were determined for the VITdAL-ICU cohort utilizing linear regression
models correcting for age, sex, SAPS II, admission diagnosis, and 25(OH)D at day 0. For the RoCI cohort, correlations between individual metabolites
and N-formylmethionine abundance at day 0 were determined utilizing linear regression models correcting for age, sex, race, and APACHE II score.
The magnitude of beta coefficient estimates (effect size) is shown by a color fill scale, and the corresponding significance level (− log10(P value))
is represented by size of the circle. The intensity of the red or blue fill color represents an increase or decrease, respectively, in effect size for that
metabolite relative to N-formylmethionine abundance. All respective effect sizes (beta coefficient) and q values can be found in tabular form in
Additional file 13. All metabolites shown have a false discovery rate adjusted p value (q value) < 0.09 in both cohorts. A Branched chain amino acid
(BCAA) metabolites; B kynurenine pathway metabolites; C pentose phosphate pathway metabolites; and D short- and medium-chain acylcarnitines
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Fig. 2 (See legend on previous page.)

did not measure the N-formylmethionine by concentration, our abundance quartiles are unlikely to have the
same N-formylmethionine concentration in both the

VITdAL-ICU and RoCI cohorts. Thus, our comparison
of top quartiles of abundance between the two cohorts
cannot provide an accurate cut point for the metabolic
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Fig. 3 Energy utilization pathways during cell stress. In response to cell stress, adipose and muscle tissue catabolism releases free fatty acids (FAA)
and branch chain amino acid metabolites (BCAA) into circulation (steps 1 and 2). Free fatty acids and branch chain amino acid metabolites are taken
up by the liver (step 3). Metabolic switch including utilization of branch chain amino acid metabolites in the TCA cycle, pentose phosphate pathway
activation, and incomplete fatty acid oxidation resulting in energy production, redox regulation, biosynthesis, and production of circulating
short-chain acylcarnitines

shift responses to cell stress. Further, we do not have
extensive data on nutritional support which may confound the metabolite differences observed. Finally, our
similar metabolic shift findings in our two cohorts
should be considered as a hypothesis that requires further confirmation and careful interpretation.
Metabolomics can bridge the knowledge gap between
clinical heterogeneity and severity of critical illness [49].
Finding consistent metabolic shift patterns in clinically heterogeneous cohorts has the potential to identify biologically
meaningful phenotypes [50]. We find that with severe cell
stress indicated by elevated circulating N-formylmethionine,
a shared metabolic shift exists in both the VITdAL-ICU and
RoCI cohorts despite clinical heterogeneity. As different
clinical presentations can produce different metabolomic
patterns at different times, the finding of a shared metabolic
shift associated with cell stress may be helpful in detecting a severity of illness phenotype [51]. Next research steps

include confirming our metabolic profiling and mortality
results with determination of N-formylmethionine concentrations via ELISA [52]. To be generalizable and robust,
such further work will require multiple cohorts with clinical heterogeneity and adequate sample sizes. If confirmed,
such pathobiology-driven study of the clinical heterogeneity of severe critical illness has future clinical implications in
providing insights beyond the limitations of illness severity
scores and outcome prediction models [53].

Conclusions
Our findings offer a deep and nuanced dive into the early
critical illness response. In addition to elevated mortality, we
found that patients with elevated N-formylmethionine have
increases in metabolites related to short-chain acylcarnitines, BCAA catabolism, and the pentose phosphate pathway. The metabolomic patterns related to energy utilization
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with increases in N-formylmethionine allow for a common
metabolomic shift to be identified in the heterogeneous critically ill population. Defining a common metabolic shift is a
crucial first step toward a structural framework to increase
mechanistic understanding of early critical illness.
Abbreviations
DAMPs: Danger-associated molecular patterns; ICU: Intensive Care Unit; OR:
Odds ratio; VITdAL-ICU trial: Correction of Vitamin D Deficiency in Critically
Ill Patients trial; 25(OH)D: 25-Hydroxyvitamin D; RoCI: The Registry of Critical
Illness; OPLS-DA: Orthogonal partial least square-discriminant analysis; BCAA:
Branched chain amino acid; GGM: Gaussian graphical models; APACHE: Acute
Physiology and Chronic Health Evaluation; SAPS: Simplified Acute Physiology
Score; CV-ANOVA: Analysis of variance of the cross-validated residuals.
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Additional file 8. Additional metabolomics results from VITdAL-ICU and
RoCI Cohorts. Nine individual worksheets include Linear regression results
of Day 0 data from the VITdAL-ICU cohort adjusted for age, sex, baseline
25(OH)D, SAPS II, admission diagnosis, with additional adjustment for
total bilirubin, creatinine, sepsis or propofol exposure. Day 0 data from the
VITdAL-ICU cohort is also shown adjusted for age, sex, baseline 25(OH)D,
and admission diagnosis but without SAPS II. Linear regression results of
Day 0 data from the RoCI cohort are shown adjusted for age, sex, baseline
25(OH)D, SAPS II, admission diagnosis, with additional adjustment for
total bilirubin, creatinine, or sepsis. In all worksheets, raw p values are
presented. A false discovery rate adjusted p value (q value) threshold of
0.05 was used to identify all significant differences.
Additional file 9. Metabolites significantly changed with increased
N-formylmethionine abundance in the VITdAL-ICU Cohort over days 0, 3
and 7.

Supplementary Information

Additional file 10. Metabolites significantly changed with increased
N-formylmethionine abundance in VITdAL-ICU Cohort placebo patients
over days 0, 3 and 7.

The online version contains supplementary material available at https://doi.
org/10.1186/s13054-022-04174-y.

Additional file 11. Day 0 N-formylmethionine-specific Metabolic Net‑
works with similar effects via Gaussian graphical models.

Additional file 1. Supplemental Methods.

Additional file 12. Significantly Different Metabolites with increased
N-formylmethionine abundance in the RoCI Cohort at day 0.

Additional file 2. Admission Diagnosis category of VITdAL-ICU cohort
patients by day 0 N-Formylmethionine abundance quartiles.

Additional file 13. Significantly Different Metabolites with increased
N-formylmethionine at day 0 in both VITdAL-ICU and RoCI Cohorts.

Additional file 3. Associations between plasma N-formylmethionine
abundance quartiles and 28-day mortality. Logistic regression models
shown for crude and adjusted VITdAL-ICU and RoCI cohort survival data.
Additional models shown with adjustment for total bilirubin, creatinine,
and/or propofol exposure.

Additional file 14. Increased Pentose Phosphate Pathway Metabolites
with N-formylmethionine. Metabolites increased in the VITdAL-ICU
and RoCI cohorts with increased N-formylmethionine abundance are
highlighted in red, metabolites increased in the VITdAL-ICU cohort with
increased N-formylmethionine abundance are highlighted in green. The
Pentose Phosphate Pathway produces NADPH and ribose 5-phosphate for
redox regulation and biosynthesis, respectively.

Additional file 4. Full metabolomics results from VITdAL-ICU and RoCI
Cohorts. Six Individual Worksheets include Day 0 t test VITdAL-ICU: t test
results of Day 0 data from the VITdAL-ICU cohort; Day 0 VITdAL-ICU: Linear
regression results of Day 0 data from the VITdAL-ICU cohort adjusted for
age, sex, baseline 25(OH)D, SAPS II, and admission diagnosis; Day 0,3,7
VITdAL-ICU: Mixed effects regression results of Day 0,3,7 data from the
VITdAL-ICU cohort adjusted for age, sex, baseline 25(OH)D, absolute
increase in 25(OH)D at day 3, SAPS II, plasma day, admission diagnosis,
and an individual subject-specific random-intercept; Day 0,3,7 VITdAL-ICU
Placebo: Mixed effects regression results of Day 0,3,7 data from the VITdALICU cohort in patients who received Placebo adjusted for age, sex, base‑
line 25(OH)D, absolute increase in 25(OH)D at day 3, SAPS II, plasma day,
admission diagnosis, and an individual subject-specific random-intercept;
Day 0 t test RoCI: t test results of Day 0 data from the RoCI cohort; Day 0
RoCI: Linear regression results of Day 0 data from the RoCI cohort adjusted
for age, sex, race, and APACHE II score. T-statistics are presented for t tests.
Beta coefficients are presented for linear regression and mixed effects
analysis. In all worksheets, raw p values are presented. A false discovery
rate adjusted p value (q value) threshold of 0.05 was used to identify all
significant differences.
Additional file 5. Dot Boxplots of metabolite Sub Pathways by
N-formylmethionine quartiles at Day 0. Unadjusted normalized abun‑
dance of metabolites from 428 VITdAL-ICU cohort subjects at day 0 by
quartiles of N-formylmethionine abundance. Sub Pathways shown include
short-chain acylcarnitine, branched chain amino acid, pentose phosphate
pathway and purine metabolites. Box plots show the data between the
first and third quartile (box), the median and whiskers at 1.5 times the
interquartile range. All individual data points are visualized using a bee
swarm plot.
Additional file 6. Day 0 OPLS-DA model goodness of fit, predictive ability
and model significance in both VITdAL-ICU and RoCI Cohorts. R2 and Q2
quality metrics, the permutation diagnostics and overall model signifi‑
cance are presented.
Additional file 7. Highlighted Significantly Different Metabolites with
increased N-formylmethionine abundance in the VITdAL-ICU Cohort at
day 0.
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