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Abstract
Aim  Our objective was to increase our understanding of the effects of the time course of metabolic alterations on 
the risk of hospital-acquired pneumonia (HAP) and response to treatment in critically ill patients.

Methods  We first studied the blood metabolome at day 1, day 3-4 and day 6-7 of patients from a prospective, 
observational cohort of brain-injured patients in two French centres. We classified the metabolic response by 
unsupervised longitudinal consensus clustering. To evaluate the robustness of metabolic patterns, a Fast-and-Frugal 
Tree trained on the discovery cohort was applied to a replication dataset from the PREV-HAP randomised clinical 
trial testing interferon gamma-1b for the prevention of HAP in critically ill patients. The primary outcome was the 
association of metabolic response patterns with HAP.

Findings  Of the 128 patients analysed (330 samples), 57 (45%) had developed HAP and 21 (16%) acute respiratory 
distress syndrome (ARDS). Based on metabolites involved in fatty acid metabolism, we identified three metabolic 
response patterns associated with the risks of HAP (24%, 60% and 78% of HAP, respectively) and ARDS (6%, 16% and 
43%, respectively). In a replication dataset (315 samples from 105 patients), we found similarities regarding blood 
metabolite temporal courses and associations with HAP (18%, 28% and 40% of HAP, respectively). Moreover, the 
probability of being discharged alive from the ICU with interferon gamma-1b was decreased in patients with low-risk 
metabolic response patterns and increased in patients with high-risk metabolic response patterns.

Conclusions  Longitudinal clustering classified metabolic response patterns into low-, moderate-, and high-
risk groups for HAP and can help identify responders and non-responders to interferon gamma-1b after a single 
treatment injection.
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Introduction
Pneumonia is the most frequent cause of hospital-
acquired infection, with more than 800,000 episodes of 
hospital-acquired pneumonia recorded every year in 
Europe [1, 2]. Despite the publications of guidelines for 
HAP prevention and treatment, up to 30% of patients 
hospitalised in intensive care units for more than 48 
hours develop HAP [3–5].

Several markers of immunosuppression have been 
associated in critically ill patients with the risk of devel-
oping HAP, and immune-stimulation strategies have been 
proposed to address this medical concern [6–9]. A pla-
cebo-controlled phase II randomised clinical trial testing 
human recombinant IFNγ treatment to prevent HAP in 
critically ill patients was discontinued early because the 
study intervention was associated with pneumonia and 
severe lung inflammatory responses [10]. Increasing our 
understanding of the underlying pathophysiology linking 
critical illness to HAP could help identify responders and 
non-responders to IFNγ treatment and enable the imple-
mentation of precision medicine [11, 12].

Profound immune alterations and microbial dysbiosis 
have been separately associated with HAP and ARDS in 
critically ill patients [13–19]. However, these approaches 
did not achieve the required accuracy for clinical imple-
mentation. We and others have proposed that developing 
robust phenotypes and endotypes associated with respi-
ratory complications and treatment response requires 
combining immune and microbiome investigations to 
capture the complete picture of lung host-microbiome 
interactions [20]. A few monocentric studies have sup-
ported this hypothesis [21], but the pathophysiological 
processes have not been thoroughly investigated.

Issues persist in integrating microbiome and immune 
datasets, as well as in accounting for longitudinal 
changes. Circulating metabolites derived from both host 
and microbiome metabolism can serve as biomarkers of 
immune dysfunction and microbiome-related alterations 
in critically ill patients [22]. We hypothesised first that 
temporal changes in the circulating metabolome dur-
ing critical illness are associated with the development 
of HAP, and second that these temporal metabolic pat-
terns are associated with the response to immune inter-
ventions for the prevention of HAP. To address this, we 
conducted a longitudinal, high-throughput analysis of 
blood metabolome composition in two large prospec-
tive cohorts of critically ill patients. We identified dis-
tinct metabolic patterns (endotypes) associated with 
patient outcomes and response to interferon-gamma 1b 
treatment and proposed plausible pathophysiological 

mechanisms (metabolic pathways and monocyte epigen-
etic regulation).

Methods
Study design
We applied high throughput, untargeted, metabolomic 
analyses on plasma samples collected in an observational 
discovery cohort (discovery) to discover metabolomic 
profiles associated with the risk for development of HAP, 
and on samples from a randomized clinical trial testing 
interferon gamma for the prevention of HAP (validation) 
to demonstrate the robustness of these profiles.

Study populations
In the discovery cohort (IBIS cohort), patients were 
enrolled from 31st January 2017 to 5th May 2020 in two 
French Surgical Intensive Care Units of one university 
hospital (Nantes, France) [6, 13]. Inclusion criteria were 
male or female, 18-80 years old, brain injury (Glasgow 
Coma Scale below or equal to 12 and abnormal brain-
CT scan) and receiving invasive mechanical ventilation 
(MV). Exclusion criteria were immunosuppressive drugs 
and pregnancy. Patients from the discovery and valida-
tion cohorts were clinically followed up for 90 days.

The validation cohort originated from the PREV-HAP 
trial, an investigator-initiated multicenter, parallel-group, 
double-blind, randomized clinical trial performed in 9 
French ICUs [10]. Patients aged between 18 and 85 years, 
receiving invasive mechanical ventilation, with one or 
more acute organ failures at the time of inclusion, were 
randomised to interferon gamma-1b (1b (100 μg/0.5 
ml vials, IMUKIN®, from Clinigen®) or placebo (normal 
saline vials). Participants received five subcutaneous 
injections of 100 μg of recombinant interferon gamma-1b 
(interferon-gamma group) or matching placebo (placebo 
group) from day 1 to day 9 (i.e., one injection every 48h).

Controlled healthy samples were collected from 
matched healthy blood donors recruited at the Blood 
Transfusion Center (Etablissement Francais du Sang).

Ethical approvals
The collection of human samples within IBIS has been 
declared to the French Ministry of Health (Programme 
de recherche “Immunologie”, DC2014-2206, authoriza-
tion renewed DC-2017-2987) and was approved by the 
Comité de Protection des Personnes Ouest IV (7/04/2015 
and 08/10/2020, number clinicaltrial.gov NCT02003196). 
The study was registered the 5th of January 2014 (num-
ber clinicaltrial.gov NCT02003196). The CERAR (Eth-
ics Committee for Anesthesiology and Intensive Care 

Trial registration  Number clinicaltrial.gov NCT02003196 and NCT04793568 
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Research) approved this secondary analysis protocol 
under the reference number IRB 00010254 – 2020 - 041. 
The PREV-HAP study protocol was approved by the 
Ouest II Angers (France) Ethics Committee in March 
2021. This trial complied with the Declaration of Helsinki 
and was registered in March 2021 (number clinicaltrial.
gov NCT04793568). All patients or their legal represen-
tatives consented to the use of data and samples for this 
study, as appropriate under national legislation.

Primary outcome
Was to identify specific metabolomic profiles associated 
with the risk for development of HAP. HAP was defined 
as pneumonia that occurred 48 h after hospitalization 
and required at least two clinical signs (body tempera-
ture >38°C; leucocytosis >12 000 cells per mL, leucopenia 
<4000 cells per mL, or purulent pulmonary secretions) 
with the appearance of a new infiltrate or worsening of 
an existing infiltrate on chest radiography, plus semi-
quantitative or quantitative positive respiratory fluid cul-
tures. Respiratory samples were obtained before starting 
any new antimicrobial therapy for pneumonia. Early- and 
late-onset HAP were defined as HAP occurring less than 
five days and five or more days after hospital admission, 
respectively. Intensivists blindly reviewed HAP and acute 
respiratory distress syndrome (ARDS) diagnoses for 
compliance with international definitions [23–25].

Secondary outcomes
The following secondary outcomes were recorded: all-
cause mortality at day 90; acute respiratory distress syn-
drome by day 28 (PaO2/FiO2<200 mmHg [26]); durations 
of mechanical ventilation, ICU hospitalization, and hos-
pital stay.

Blood sample collection
Three samples were collected in the IBIS and the PREV-
HAP cohort. In the IBIS cohort, the first was collected 
upon ICU (maximal first 48 hours, called day 0), the sub-
sequent were harvested at day 3-4, and at day 6-7. In the 
PREV-HAP cohort, the first sample was collected upon 
randomisation before any treatment (maximal first 48 
hours of ICU admission, called day 0), the subsequent 
samples were harvested at day 3 (immediately before the 
second injection of IFN-γ or placebo), and at day 7. Blood 
was collected into EDTA-tubes, centrifuged at +4°c, 
separated into plasma and frozen immediately at − 80°C 
before centralized metabolomic analysis.

Metabolomic measurement
1For extraction, plasma samples were thawed on ice 
for 30-60 min before 1/10-dilution into aq. 80% LCMS-
grade methanol for protein precipitation and elimina-
tion by centrifugation at room temperature (14.000g for 

15 min). Pellet supernatant was analysed by untargeted 
Liquid chromatography/mass spectrometry by Gen-
eral Metabolomics (Cambridge, MA). For each cohort, 
samples were run in random order, and each sample was 
injected twice. Loss of signal throughout the run, which 
is classical for large cohort acquisition, was corrected by 
Total Ion Count (TIC) normalization method, in which 
each metabolite in a sample is divided by the total num-
ber of ions observed in the sample [27] Metabolite puta-
tive annotations were generated based on compounds in 
the Human Metabolome Database, KEGG, and ChEBI 
databases using accurate mass per charge (tolerance 
0.001 m/z) and isotopic correlation patterns (Table E1 in 
the online data supplement for correspondence between 
human-readable annotation and scientific names).

Linear regressions on metabolome data
Metabolome data has been normalized using a log10 
transformation tolerating negative values. With the R 
package limma (version 3.56.2), linear regressions were 
performed for each metabolite. The design included the 
HAP status as the primary predictor and clinical covari-
ates (sex, age, durations of ICU stay and mechanical ven-
tilation, Glasgow, SOFA and SAPSII scores, number of 
comorbidities and the timepoints).

Metabolites correlations and enrichment analysis
The Spearman correlation coefficients were calculated 
with the package psych (version 2.4.1), between the sig-
nificant metabolites (adjusted p-value of the previous 
linear regressions < 0.05). P-values were adjusted with 
false discovery rate (Benjamini-Hochberg (BH) method). 
Using the hclust function (stats package, version 4.3.2), 
we identified a cluster of 88 metabolites that included 
most of the core metabolites and their most strongly 
correlated counterparts. This correlation-based cluster-
ing allowed us to capture a broader metabolic signature 
potentially linked to shared biological processes. We 
then performed an over-representation analysis using the 
MetaboAnalystR package (version 4.0.0), leveraging the 
list of 88 metabolites. These were mapped to the Human 
Metabolome Database (HMDB) to identify enriched 
metabolic pathways.

Unsupervised longitudinal consensus clustering
The metabolites differentially abundant between HAP 
and no HAP patients were selected for the longitudi-
nal consensus clustering of the discovery cohort. Every 
patient with complete data (D0, D4 and D7 samples, 
n=82) has been assigned to a cluster using the R pack-
age longmixr (version 1.1.0). The cohort was separated 
into 2, 3 or 4 clusters based on 50 runs of subsampling 
(80 % of the patients) and clustering. The clinical covari-
ates included in the linear regression models were also 
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used in the longitudinal consensus clustering. The opti-
mal number of clusters was identified with the consensus 
cumulative distribution function (CDF) plot, in which 
the flattest curve indicates higher consensus.

Statistical comparison of the clusters
The clusters of patients have been compared using 
Fisher’s exact tests and Wilcoxon rank-sum tests for the 
categorical and continuous variables, respectively. The 
durations of ICU stay and mechanical ventilation were 
compared with Cox proportional hazards regression 
models (survival package, version 3.5-7). The competing 
risk of death was addressed by censoring data of patients 
who died in ICU. The metabolites’ abundances were 
compared between clusters with pairwise Mann-Whit-
ney Wilcoxon tests at each timepoints and the result-
ing p-values were adjusted with BH method. The list of 
metabolites significantly different between the Moderate 
or High risk vs Low risk patients at D4 and those differ-
ent between Low or Moderate risk vs High risk patients 
at D7 have been associated with metabolic pathways 
using MetaboAnalystR as previously detailed.

Validation of the clusters using an external cohort
Using the scaled and centered abundance of the signifi-
cant metabolites and the cluster labels, decision trees 
have been trained with the package FFTrees (version 
2.0.0.9006). A first tree was trained to classify patients 
into the Moderate risk group with the D0 metabolite 
abundance. A second tree was trained to classify the 
remaining patients (Low and High risk groups) using D4 
metabolites abundances. Both trees were applied to the 
scaled and centered metabolites abundance of the valida-
tion cohort. The patients who were not classified in the 
Moderate risk group with the first decision tree (prob-
ability threshold < 0.5) were classified as either Low risk 
or High risk group using the second tree (probability 
threshold ≥ 0.5 and < 0.5, respectively). We also built a 
classification decision tree using the D0 and D4 abun-
dance of the same metabolites with the package rpart 
(version 4.1.21) to identify the best classification scheme.

Principal Component Analysis (PCA)
For each timepoint, a PCA has been performed using 
the package mixOmics (version 6.24.0). The PCA of the 
IBIS cohort was based on the whole metabolome data-
set (n=1295 metabolites), while the PCA of the PREV-
HAP cohort was based on the metabolites significantly 
different between HAP and no HAP patients (n=19 
metabolites).

Generation of epigenetic and transcriptomic data in 
circulating monocytes
Monocytes were isolated from PBMCs with the EasySep 
human monocyte enrichment kit without CD16 deple-
tion (Stemcell Technologies), frozen and stored at -80 °C 
till analysis. Assay for transposase-accessible chromatin 
with sequencing (ATAC-seq) experiment was performed 
as previously described [28]  . Briefly 5 x 104 monocytes 
were centrifuged at 500 x g for 5 min at 4°C and incu-
bated a transposase reaction mix containing 2 µl Tag-
ment DNA Enzyme (Illumina), 12.5 µl 2x Tagment DNA 
Buffer (Illumina), 0.25 µl 1% digitonin (Promega) and 
10.25 µl nuclease free water for 30 minutes at 37 °C. DNA 
was purified with the MinElute kit (Qiagen) following 
manufacturer’s instructions.

Chromatin immunoprecipitation (CHIP) for H3K18 
lactylation
Library preparation, sequencing and processing have 
been performed as previously reported in detail [29]. 
Briefly, 1.5 x106 monocytes were fixed in 1% methanol-
free formaldehyde and quenched with glycine. Cells were 
lysed in lysis buffer (1% SDS; protease inhibitor cocktail 
(Roche); 20 mM HEPES (pH 7.6)) and sonicated (S220 
focused-ultrasonicator; Covaris). Samples were incu-
bated overnight with antibodies against H3K18la (rab-
bit pAb, PTM-1406, PTM Bio), H3K27ac (pAb-196-050, 
Diagenode), and immunoprecipitated using Dynabeads 
Protein A/G (Thermo Fisher Scientific). DNA was puri-
fied with Qiaquick MinElute PCR purification Kit (Qia-
gen) following manufacturer’s instructions. ChIP-seq 
libraries were prepared using the KAPA HyperPrep 
Kit according to manufacturer’s protocol and as previ-
ously described in detail [29]. Libraries were paired-end 
sequenced to a read length of 50 bp on an Illumina Next-
Seq500 or Nextseq2000.

Epigenetic comparisons of the clusters in the validation 
cohort
A table of unnormalized counts per peak were gener-
ated from ATAC-sequencing and H3K18 lactylation 
ChIP-sequencing data. Each ATAC and H3K18la peak 
was annotated to the nearest gene (within 1,000 kbp) 
using GREAT (Genomic Regions Enrichment of Anno-
tations Tool), with the human genome GRCh37 (hg19) 
as reference (PMID: 20436461). Genomic sites sepa-
rated by less than 12.5 kbp were combined into super-
enhancers and their unnormalized counts summed. 
Therefore, one super-enhancer could be associated to 
several genes. Normalization and pairwise comparisons 
of the three clusters of patients (low, moderate and high 
risks) were performed using the function DESeq of the R 
package DESeq2 (version 1.42.1) with the alpha param-
eter of independent filtering set to 0.2. The significance 
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threshold was set to 0.05. The relation between the lac-
tylation of the super-enhancer 1508 and the expression 
of S100A9, S100A8 and S100A12 genes has been studied 
with linear regression based on their variance-stabilising-
transformed counts.

Numeric twin data
Synthetic data were generated using a patient-centric 
method called avatar 2. Developed for sensitive biomedi-
cal data, the method is patient centric as it uses a local 
model to generate random new synthetic data, called 
« avatar data », for each sensitive individual. We used it 
to generate synthetic cohorts with different abundance 
for each cluster of patients and improve statistical power 
by oversampling. Each synthetic dataset was generated 
using the following process. The original data from the 
metabolome and clinical were split by patient cluster (3 
clusters). We then created 3 synthetic data pools, one 
for each cluster, by applying the avatar method multiple 
times on each cluster. Finally, we sampled the pools to 
create the synthetic dataset with a specific abundance of 
each cluster. For each cluster of patients, we generated a 
dataset with 50%, 70%, and 90% abundance, the remain-
ing was equally shared between the two other clusters. 
In total, we produced 9 synthetic data based on metabo-
lome best features and 9 based on clinical data.

Comparing the effect of interferon gamma on real and 
simulated data
The relative risk of interferon gamma on the rates of 
HAP, ARDS, serious adverse events and mortality was 
calculated with the package DescTools (version 0.99.5), 
and hazard ratio (HR) for the durations of ICU stay and 
mechanical ventilation were determined with Cox pro-
portional hazards regression models. These metrics were 
calculated for each cluster of patients identified in the 
validation cohort and each synthetic dataset generated 
with the numeric twin method. Forest plots were created 
with the package forestplot (version 3.1.3). The number 
of adverse events in the real data of treatment groups 
was compared with Mann-Whitney-Wilcoxon tests for 
each cluster. Simulated datasets with varying cluster pro-
portions were also generated by random sampling (with 
replacement) of PREV-HAP patients after their clas-
sification. All simulated datasets contained 74 patients 
(70% of the cohort size) and had a varying proportion 
of high risk and low risk patients. Each kind of dataset 
has been simulated 50 times. After every simulation, the 
treatment response was evaluated using the duration of 
ICU stay in Cox proportional hazard regression models. 
A HR >1 indicates a shorter ICU stay in treated patients 
compared to placebo. Therefore, with a HR >1 or <1, 
the treatment was considered beneficial or harmful for 
the corresponding simulation, respectively. For p-values 

>0.05, the treatment was considered neutral for the given 
simulation.

Additional details on the method for blood metabo-
lome quantification, epigenetic analyses and PBMC isola-
tion are provided in an online data supplement.

Results
Discovery cohort, sampling protocols and experimental 
approaches
Based on sample availability in the IBIS cohort, we 
selected 330 blood samples upon ICU admission, and on 
days 3-4 and 6-7 following admission of 128 severe brain-
injured patients. Baseline characteristics and clinical 
outcomes are described in Table 1. Of the 128 patients 
analysed, 57 (45%) had developed HAP and 21 (16%) 
HAP-induced ARDS. All HAP developed before day 
10 of hospitalisation. Plasma samples were analysed by 
flow-injection mass-spectrometry for metabolomic pro-
filing, and 518 different metabolites were identified and 
annotated.

Metabolite core associated with HAP in the discovery 
cohort.
Principal Component Analysis (PCA) revealed emerging 
differences in the metabolomic profiles of patients who 
developed HAP or HAP-induced ARDS compared to 
those who did not, mostly at day 6-7 of ICU stay (PCA, 
Figure 1A). We identified the metabolites associated 
with HAP using linear regressions adjusted with several 
clinical covariates. By setting the False Discovery Rate 
(FDR)-adjusted p-value threshold to 0.05, we identified 
a panel of 21 metabolites with differing abundances in 
samples from patients with or without HAP (Figure 1B). 
We excluded propofol, which is a hypnotic drug whose 
doses are increased in patients with HAP and ARDS and 
its derivative 4-hydroxypropofol. Among the 19 remain-
ing metabolites, 13 were significantly correlated with 
each other (Figure E1 in the online data supplement) and 
were involved in the fatty acid biosynthesis pathway (Fig-
ure 1C).

Using Longmixr, an unsupervised longitudinal consen-
sus clustering tailored to incorporate categorical (sex) and 
continuous data (age, metabolite abundances) [30], we 
identified three metabolic response patterns which were 
associated with HAP and ARDS (Figs 1D-E and Fig E2 
for optimal cluster number definition). We thus labelled 
them as low-risk, moderate-risk and high-risk metabolic 
response patterns. The clinical characteristics and out-
comes of patient based on their metabolic response pat-
terns are reported in Table E2, and the time-to-successful 
weaning from mechanical ventilation is shown in Figure 
1F. Then, we identified the lists of metabolites with dif-
ferent abundance levels between patterns and found that 
fatty acid biosynthesis and β-oxidation of very long-chain 
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fatty acids pathways were increased in the high-risk met-
abolic response versus other responses at day 6-7, the 
latter being also increased in the moderate and high-risk 
at day 3-4 (Figures 1G-H). This series of analyses demon-
strated an association between HAP and the time course 
of fatty acid metabolism alterations in ICU patients.

Development of a simplified metabolomic score 
individually associated with HAP severity.
These endotypes were derived from the longitudinal 
modelling of multiple metabolites, which limits their 
applicability for patient classification and does not 
enable an external validation in an independent cohort. 

Table 1  Population characteristics
Discovery cohort (observational - IBIS) Validation cohort (randomized PREV-HAP)
Total No HAP HAP Total Placebo Interferon 

gamma 1b
Number of patients, n 128 71 57 105 51 54

Age, years, median (IQR) 43.6 (26.9-58.1) 44.6 
(27.7-56.0)

41.1 
(25.0-58.1)

57.6 (41.6-65.7) 57.6 (42.7-66.2) 57.0 (41.6-64.7)

Male, n (%) 98 (77) 48 (68) 50 (88) 68 (65) 35 (69) 33 (61)

Pathology, n (%)

Stroke 13 (10) 6 (8) 7 (12) NA NA NA

Other pathology 1 (1) 0 (0) 1 (1) NA NA NA

Trauma 114 (89) 65 (92) 49 (86) 50 (48) 23 (45) 27 (50)

Medical/surgical septic NA NA NA 6 (6) 4 (8) 2 (4)

Medical/surgical non septic NA NA NA 49 (47) 24 (47) 25 (46)

Steroids, n (%) NA NA NA

Dexamethasone 1 (1) 1 (2) 0 (0)

Hydrocortisone 28 (27) 11 (22) 17 (31)

No steroids 78 (74) 39 (76) 37 (69)

Comorbidities,n (%)
Cardiac insufficiency (NYHA >2, Marked limitation 
of physical activity)

1 (1) 1 (1) 0 (0) 4 (4) 3 (6) 1 (2)

Chronic kidney failure (MDRD GFR < 50 mL/min) 3 (2) 2 (3) 1 (2) 0 (0) 0 (0) 0 (0)

Neurological history 18 (14) 13 (18) 5 (9) 14 (13) 9 (18) 5 (9)

Chronic obstructive pulmonary disease 2 (2) 0 (0) 2 (4) 3 (3) 2 (4) 1 (2)

Active smoking 34 (27) 16 (23) 18 (32) 34 (32) 19 (37) 15 (28)

Diabetes mellitus 9 (7) 5 (7) 4 (7) 10 (10) 5 (10) 5 (9)

Cancer within 5 last years 3 (2) 2 (3) 1 (2) 4 (4) 3 (6) 1 (2)

SOFA, median (IQR) 8.5 (6.0-11.0) 9 (7-11) 8 (6-10) 7 (5-9) 6 (5-9) 7.5 (5-9.8)

SAPS-II, median (IQR) 43.0 (34.0-54.3) 44.0 
(35.5-55.5)

42 (31-51) 45 (37-52) 44.0 (36.0-51.5) 45.0 (37.3-53.5)

Blood count at admission, G/L

Total leucocytes 15.5 (12.3-18.8) 15.7 
(13.1-19.3)

14.7 
(12.1-17.8)

11.8 (9.6-15.6) 12.9 (10.3-15.5) 11.3 (9.3-15.5)

Lymphocytes 0.9 (0.4-1.6) 0.9 (0.4-1.6) 0.9 
(0.4-1.6)

0.9 (0.6-1.2) 0.8 (0.6-1.1) 0.9 (0.6-1.2)

Monocytes 0.9 (0.3-1.3) 0.8 (0.2-1.3) 0.9 
(0.5-1.2)

0.8 (0.5-1.1) 0.8 (0.5-1.1) 0.7 (0.5-1.1)

Neutrophils 10.9 (5.5-15.5) 11.3 
(6.0-15.8)

10.5 
(5.4-14.8)

8.8 (6.5-12.0) 9.1 (7.0-12.0) 8.7 (6.1-12.0)

Tracheobronchitis, n(%) 8 (6) 8 (11) 0 (0) 23 (22) 18 (35) 5 (9)

Bacterial HAP, n (%) 57 (45) 0 (0) 57 (100) 27 (26) 8 (16) 19 (35)

Early HAP, n (%) 29 (51) 0 (0) 29 (51) 13 (48) 4 (50) 9 (47)

Late HAP, n (%) 28 (49) 0 (0) 28 (49) 14 (52) 4 (50) 10 (53)

Acute respiratory distress syndrome, n (%) 21 (16) 0 (0) 21 (37) 7 (7) 1 (2) 6 (11)

Mechanical ventilation duration, days* 11.0 (6.8-24.0) 7.0 (4.5-11.5) 23 (13-32) 13 (8-23) 15 (8-22) 12.5 (8.0-22.5)

ICU length of stay, days* 18.0 (10.0-33.3) 10 (7-19) 31 (20-41) 18 (12-29) 18.0 (10.5-28.5) 17.5 (13.0-29.3)

In ICU death 32 (25) 20 (28) 12 (21) 26 (25) 13 (25) 13 (24)

All-cause mortality day 90, n (%) 36 (28) 21 (30) 15 (26) 28 (27) 15 (29) 13 (24)
ICU: Intensive Care Unit, HAP; hospital-acquired pneumonia, MDRD GFR: Modification of diet in renal disease glomerular filtration rate, NYHA: New York Heart 
Association, SAPS-II: Simplified Acute Physiology Score II, SOFA: sequential organ failure assessment
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Fig. 1 (See legend on next page.)
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Therefore, we employed a stacked machine learning 
model consisting of spectral clustering and Fast and Fru-
gal Trees (FFT) to define a parsimonious classification 
scheme using a minimal number of metabolites. FFT-
based modelling offered a simple, 4-factor decision tree 
that individually classified samples as low, moderate or 
high-risk metabolic response based on the abundance of 
Triethyl citrate and methoxyphenyl pentanyl hydrogen 
sulfate at day 0, and 8-methoxy-p-cymene, Isoelemicin 
and methoxyphenyl pentanyl hydrogen sulfate at day 3-4 
(Figure 2A). This FFT-based classification of the meta-
bolic response remained reasonably associated with HAP 
and ARDS with accuracies of 0.661 (95%CI 0.650-0.677) 
and 0.716 (95%CI 0.676-0.736), respectively (Figures 2B-
D). We also tested a score built by a Classification Deci-
sion Tree, which can improve the model’s accuracy and 
interpretability, but usually uses more variables than FFT. 
The Classification Decision Tree-based model included 3 
factors but did not have significantly better accuracy than 
the FFT-based score (FigureE3).

Validation of the simplified metabolome signature in an 
independent patient cohort.
We tested the robustness of the FFT classification 
scheme in an independent, multicenter cohort of criti-
cally ill patients suffering from diverse medical condi-
tions. We analysed 315 blood samples collected on days 
0, 3 (immediately before the second injection of the study 
treatment), and 7 (immediately before the fourth injec-
tion of the study treatment) after the inclusion in mul-
ticentre, placebo-controlled randomised clinical trials 
evaluating interferon-gamma (IFN-γ) treatment for the 
prevention of HAP in 105 critically ill patients (Figure 
2E and Table 1 for study population characteristics) [10]. 
First, we questioned whether IFN-γ treatment could bias 
the metabolite-based classification. We validated differ-
ences in metabolomic architectures between groups (Fig-
ure 2F and Table E1 for clinical characteristics) and found 
no statistically significant differences in day 3 blood 
levels of the 19 metabolites used to define the unsuper-
vised clusters between the placebo and the supplement 
(Supplementary Figure E4). Moreover, the percentages of 
patients classified as low, moderate, or high risk did not 
differ between the discovery IBIS cohort and the placebo 

and interferon PREV-HAP cohorts (Supplementary Fig-
ure E5). This series of analyses suggests that IFN-γ treat-
ment was not associated with the risk of being assigned 
to a specific cluster. Finally, we observed similar tempo-
ral patterns of the 4 metabolites used for the FFT classi-
fication among the discovery and validation cohorts (Fig 
2G), and we confirmed that HAP and ARDS rates were 
higher in patients with metabolic response classified as 
moderate or high risk than those considered low risk (Fig 
2H), thus confirming the robustness of the association 
between the metabolic response patterns and HAP.

Plausible biological mechanisms supporting the 
association of metabolome heterogeneity with immune 
profile
A vital step in establishing the relevance of high-through-
put machine learning clusterisation results is the iden-
tification of plausible pathophysiological mechanisms 
that support causality. We have previously reported an 
association between early epigenetic regulation of cir-
culating monocytes, interferon pathway activation and 
severe respiratory complications in critically ill patients 
[6]. We thus asked if the metabolome-based endotypes 
were associated with monocyte epigenetic profiles. Based 
on sample availability, we accessed monocytes from 15 
patients from the PREV-HAP collected at day 0 (upon 
ICU admission and before study intervention injec-
tion) and studied two layers of epigenetic regulation: 
ATAC-sequencing which provides information of DNA 
accessibility to transcription factor and transcriptional 
machinery and histone lactylation (H3K18la), a lactate-
related histone modification regulated by metabolic 
activity and associated with gene expression [29, 31]. 
Using ATAC-seq, we identified 6 and 2 super-enhancers 
with different accessibility levels between moderate and 
low-risk metabolic patterns and between high and low-
risk patterns, but no difference in active regions between 
high-risk and moderate-risk groups at day 0 (Figure 
3A). However, we identified 2 super-enhancer regions 
with H3K18la peaks that were significantly increased in 
high-risk patients at day 0 compared to moderate-risk 
patients (Figure 3B). The 1508th super-enhancer, located 
on chromosome 1, was the most differentially lactylated 
in high-risk metabolic response. The annotation revealed 

(See figure on previous page.)
Fig. 1  Metabolomic response to critical illness is associated with respiratory complications in critically ill patients. A. PCA representations of plasma 
metabolome at day 0, day 3-4 and day 6-7 after ICU admissions in patients who remained uninfected or developed HAP, or HAP-induced ARDS. The PC1 
values were compared between clusters using Mann-Whitney Wilcoxon tests. B. The log-transformed quantification of the 21 metabolites differentially 
abundant between HAP patients and no HAP patients (left), the log fold change values (middle) and the corresponding adjusted p-values (right). The 
orange line represents the threshold of significance (adj. pv < 0.05). C. Metabolic pathways represented by the 13 metabolites-core and their related 
metabolites (n=88 metabolites). The vertical line corresponds to the significance threshold set to 0.1 using adjusted p-value. D. The consensus matrix 
reflects the similarity between each pair of patients. A high consensus indicates a high similarity between the two patients considered. E. Proportion and 
number of patients with HAP and ARDS among the three clusters identified. F. Probability of being mechanically ventilated across time for each cluster. 
HR = hazard ratio. G-H. Metabolic pathways increased in moderate- and high-risk metabolic response at day 4 and in high-risk at day 7. The vertical line 
corresponds to the significance threshold set to 0.1 using adjusted p-value



Page 9 of 15Petrier et al. Critical Care          (2026) 30:192 

that it was associated with 4 genes of the S100 fam-
ily (S100A7A, S100A9, S100A8 and S100A12) and with 
PGLYRP4 (Peptidoglycan Recognition Protein 4). While 
this super-enhancer was more lactylated at day 0 in all 
critically ill patients compared to healthy donors, it was 
less lactylated in moderate-risk patients than in the two 

other clusters (Figure 3C). We observed a positive cor-
relation between the level of super-enhancer lactylation 
and the mRNA levels of S100A8, S100A9, and S100A12, 
indicating direct epigenetic regulation of these gene tran-
scripts (Figure 3D). Taken together, these exploratory 
results suggest an association between endotypes defined 

Fig. 2  Development and validation of a metabolite signature associated with respiratory complications in critically ill patients. A. Fast-and-frugal tree-
based staging scheme to classify patients as low, moderate and high risk of respiratory complications. B. Confusion matrix for FFT-based score classi-
fication into low, moderate and high risk in the discovery IBIS cohort. C. Receiver operating characteristic (ROC) curve of moderate/high-risk (left) and 
high-risk (right) cluster classification applying a 10-fold cross-validation scheme. The model evaluation displays the cross-validation error as a (ROC) curve, 
with a 95% confidence interval shaded in grey. D. ROC of HAP and ARDS applying a 10-fold cross-validation scheme. The model evaluation displays the 
cross-validation error as a receiver operating characteristic (ROC) curve, with a 95% confidence interval shaded in grey. E. External cohort of 105 critically 
ill patients randomised to interferon-gamma or placebo treatments, with samples available for blood metabolomic analysis at D0, D4 and D7 of ICU 
stay. F. PCA representations of plasma metabolome at day 0, day 4 and day 7 after ICU admissions in low, moderate or high-risk patients. The PC1 values 
were compared between clusters using Mann-Whitney Wilcoxon tests. G. Variations of the standardized metabolites levels included in FFT-based stag-
ing scheme. The colours indicate the clusters (low, moderate and high-risk) and the line type indicates the cohort (discovery or external validation). H. 
Numbers and frequencies of HAP and ARDS in risk strata defined by FFT-based staging scheme in the entire population (pooling placebo and interferon-
gamma groups)
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by plasma metabolite levels and metabolism-dependent 
epigenetic regulation in monocytes at Day 0, but mech-
anistic studies remain necessary to support definitive 
conclusions.

Simplified metabolome signature for the identification 
of responders and non-responders to interferon-gamma 
treatment
Another crucial step in validating the clinical relevance 
of metabolic response patterns is to assess whether they 

are associated with treatment outcomes. Simply iden-
tifying a signature associated with HAP does not inher-
ently ensure its utility for personalizing treatment. IFN-γ 
treatment restored the glycolytic/oxidative balance of 
exhausted lymphocytes in septic patients [18], and most 
of the metabolites used for patient classification were 
involved in fatty acid biosynthesis and oxidation. Thus, 
we leveraged access to biological samples collected dur-
ing the PREV-HAP trial to test the hypothesis that 

Fig. 3  Monocyte epigenetic signatures differ across patient risk levels at ICU admission. A. Pairwise comparisons of the chromatin accessibility (ATAC-
seq) and (B) H3K18 lactylation marks at the super-enhancer level at day 0, between low-, moderate- and high-risk patients. Each dot represents a super-
enhancer, in which the peaks distant by less than 12.5 kbp have been combined. Therefore, a dot can be associated to several genes. C. Normalized counts 
of H3K18la marks in the 1508th super-enhancer at day 0 in each risk strata and healthy donors. D. Linear relations between H3K18la marks of the 1508th 
super-enhancers and the gene expression of S100A8, S100A9 and S100A12 at day 0
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the effects of IFN-γ treatment varied with metabolic 
response patterns.

We observed that the blood concentrations of IFN-γ 
and interleukin 12B (IL-12B, which is produced by 
myeloid cells and induces the production of IFN-γ by 
lymphocytes) at day 0 were lower in patients with a high-
risk metabolomic signature compared to those with a 
low-risk metabolomic signature or healthy controls (Fig-
ure 4A). Moreover, IFN-γ treatment increased the blood 
concentration of CXCL9, an interferon-stimulated che-
mokine, in high-risk patients but not in low-risk patients 
(Figure 4B), suggesting that the immune response to 
IFN-γ treatment varied with the metabolic patterns.

Supporting this hypothesis, we found that IFN-γ treat-
ment tended to increase the risk of HAP in patients with 
low/moderate-risk metabolic responses but not in those 
with high-risk metabolic responses (Figure 4C). How-
ever, these results can be biased by IFN-γ effects on body 
temperature and leukocyte counts, which can increase 
false-positive HAP diagnoses. Thus, we studied the treat-
ment effect on the duration of mechanical ventilation 
and ICU length of stay, which are relevant patient-related 
outcomes and are frequently used as a proxy for HAP 
severity [32]. IFN-γ treatment decreased the probabilities 
of being discharged alive from the ICU and of being suc-
cessfully weaned from mechanical ventilation in patients 

Fig. 4  Metabolite-based risk classification is associated with the response to interferon gamma treatment. A. Interferon-gamma (IFN-γ) and IL12B blood 
levels on day 0 in healthy controls and risk strata. B. CXCL9 blood levels on day 3 in patients treated with placebo or interferon gamma, stratified by the 
risk strata. C. Numbers and frequencies of HAP in risk strata defined by FFT-based staging scheme in the placebo and interferon-gamma groups, and 
relative risk for HAP in risk strata. D. Kaplan-Meier curves for the probability of ICU hospitalisation with placebo and interferon-gamma treatment in low, 
moderate and high-risk strata, and the associated hazard ratio for ICU discharge with interferon gamma 1b treatment in risk strata. Hazard ratio (> 1) 
indicates a higher chance of ICU discharge with interferon gamma treatment. E. Hazard ratio for weaning from invasive mechanical ventilation with in-
terferon gamma 1b treatment in risk strata. Hazard ratio (> 1) indicates a higher chance of weaning from mechanical ventilation with interferon gamma 
treatment. F. Number of adverse events between treatment groups in each risk stratum. G. Relative risk of having at least one serious adverse event with 
IFN-γ treatment in risk strata. Relative risk (> 1) indicates a higher risk of serious adverse event with treatment
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with low-risk metabolic response, but the intervention 
increased these probabilities in patients with high-risk 
metabolic response (Figures 4D-E). IFN-γ had no effect 
on the time to mechanical ventilation or ICU discharge 
in patients with moderate-risk metabolic response. Fig-
ure E6 shows the relative risk of day-28 all-cause mortal-
ity for IFN-γ across patient strata. Patients with low-risk 
metabolic response had more adverse events (AEs) 
when treated with IFN-γ compared to placebo (Figure 
4F). In contrast, the treatment did not increase harm in 
patients with high-risk metabolic responses. The rela-
tive risk of developing severe AEs with IFN-γ treatment 
was increased in patients with moderate-risk metabolic 
response patterns (Figure 4G). This series of results dem-
onstrated that metabolic response classification based 
on a 4-metabolite signature enabled the identification of 
responders and non-responders to IFN-γ treatment.

Exploratory subgroup analyses
Given the temporal overlap between metabolite-level 
measurements (up to day 4) and early HAP onset (days 
2–4), we evaluated the accuracy of the metabolic score in 
predicting late HAP (> or = day 5 after hospitalisation). 
Our analysis revealed that the proportion of late HAP 
cases was significantly higher among high-risk patients 
than among low-risk patients in both the discovery (IBIS) 
and validation (PREV-HAP) cohorts (Figure E7). This 
a posteriori analysis suggests that these endotypes are 
a predisposition to unfavourable respiratory outcomes 
rather than a signature of active, early-stage infection.

To test the generalizability of our findings, we per-
formed a post hoc subgroup analysis comparing predic-
tive accuracy between trauma and non-trauma patients. 
We found that the temporal patterns of the 4 metabolites 
used to calculate the risk-classification score were similar 
between trauma and non-trauma patients in the PREV-
HAP cohort (Figure E8A). Moreover, the accuracy of 
HAP prediction in non-trauma patients did not differ sig-
nificantly from that in the total population (AUCs of 0.61 
and 0.60, respectively; Figure E8B).

Simulation of population enrichment in IFN-γ on the 
estimation of interferon gamma-1b effects
Finally, in exploratory analyses, we investigated the 
effects of varying the proportions of patients with low- 
and high-risk metabolic responses on the probability of 
concluding benefit, harm, or no effect in simulated ran-
domised trials testing IFN-γ. Thus, we generated syn-
thetic data from the validation cohort to address class 
imbalance. The predicted treatment effect ranged from 
an 80% chance of benefit (for a 75% high-risk population) 
to an almost 25% chance of harm (for a 75% low-risk 
population; Figure E9A-B).

Discussion
In the present study, we report a longitudinal explora-
tion and comprehensive analysis of blood metabolome 
alterations in critically ill humans. We identified inter-
individual heterogeneity in the metabolite response 
patterns. The development and external validation of a 
simplified metabolic pattern signature enable prediction 
of HAP and ARDS and identification of responders and 
non-responders to IFN-γ therapy after a single treatment 
injection.

A decreased interferon-gamma production was asso-
ciated with critical illness severity and unfavourable 
outcomes [33, 34]. Thus, IFN-γ treatment has been pro-
posed to prevent and treat difficult-to-treat infections 
[35]. However, in a randomised clinical trial we reported 
that the administration of IFN-γ in an unselected popu-
lation of critically ill patients was associated with HAP 
and ARDS development [10], suggesting that the defect 
in IFN-γ production is an adaptive response to critical 
illness in the majority of patients and should be consid-
ered as a severity marker rather than a causal mecha-
nism. Aligning with this hypothesis, we described that 
the epigenetic inhibition of IFN-γ production by myeloid 
cells was associated with reduced risk of HAP in severe 
brain-injured patients [6]. However, we and others iden-
tified responders to IFN-γ [36–38], suggesting that low 
IFN-γ production is a cause of mortality in a subgroup 
of patients characterised as immune-paralysed. Signifi-
cantly, the ability to early discontinue IFN-γ treatment in 
non-responders could reduce the risk of adverse events 
and enable testing other immune therapies in non-
responders who constituted the largest fraction of the 
cohort.

We identified a core metabolite response to critical ill-
nesses associated with HAP, involved in the β-oxidation 
of very long-chain fatty acids and fatty acid biosynthesis. 
These two functions support cell proliferation and sur-
vival in nutrient-poor conditions. Very long-chain fatty 
acids are essential constituents of cellular lipids, such as 
sphingolipids and glycerophospholipids, and can serve 
as precursors of lipid mediators. Fatty acid oxidation 
becomes a vital energy source in case of acute inflam-
mation, such as during sepsis [39]. Several amino acid 
metabolisms were identified in the metabolic response to 
HAP at day 3-4, suggesting that the increased proteoly-
sis participates in the cellular energy sourcing and aligns 
with the liver’s increased use of amino acids to sustain 
the acute inflammation phase. Our study suggests that 
approaching metabolite endotypes at the bedside can 
help understand the inter-individual heterogeneity in the 
response to metabolite-targeting treatments.

Histone lactylation is a recently identified epigenetic 
modification associated with lactate-mediated regula-
tion of gene expression, highlighting the connection 
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between intracellular glycolytic metabolism and chroma-
tin dynamics [31]. According to the metabolome-based 
clusters, we could identify differential levels of histone 
lactylation at a superenhancer associated with the regu-
lation of S100 family genes in circulating monocytes of 
patients. More precisely, patients classified in the high-
risk group, with the highest proportion of severe HAP 
and lower blood levels of IFNG and IL12B, exhibited the 
highest levels of histone lactylation. These results sug-
gest an association between plasma metabolome and 
intra-monocyte metabolome heterogeneity. However, the 
small sample size of these epigenetic analyses limits the 
robustness of this association. Further validation is nec-
essary before a definitive link can be established between 
the early epigenetic regulation of monocytes and the cir-
culating metabolome.

Significant effort has been made over the past few 
decades to define baseline biomarkers useful for person-
alizing treatment, yet these have seen limited translation 
into clinical practice. Our results suggest the longitudinal 
monitoring of metabolic profiles represents a promising 
approach in the context of personalized immunotherapy. 
The next step should be translating our high-throughput 
metabolic signature into a simple, easily measurable set 
of metabolites. For example, given their association with 
fatty acid metabolism, comparing lipid compositions 
between these endotypes could facilitate their identifica-
tion at the bedside [40] .

Our study has several limitations. Firstly, given the 
observational nature of our data, we cannot conclude 
whether metabolome alterations contribute to respira-
tory complications or if they are their consequences. 
Thirdly, our study samples were collected early, in all 
cases during the first week of hospitalization, and the 
signature accuracies could decrease with time. Fourthly, 
the score development was conducted in a homogeneous 
population of severely brain-injured patients, primarily 
trauma cases, from only two centers. This may limit the 
generalizability of the current findings to other ICU pop-
ulations. Although the validation dataset included sam-
ples from a heterogeneous group of critically ill patients 
with one or more acute organ failures across nine French 
ICUs, and a posteriori subgroup analysis of non-trauma 
patients reproduced the same findings, extrapolating 
our findings to non-trauma patients should be done cau-
tiously. Finally, some metabolites used for clustering were 
measured after randomization in the validation cohort, 
possibly introducing causal ambiguity. Indeed, the cluster 
assignment itself may be influenced by IFN-γ treatment 
in the PREV-HAP cohort.

Conclusion
This study revealed an association between the time 
course of fatty acid metabolism and HAP, thereby 
advancing our understanding of HAP pathophysiology. 
Early identification of metabolic response patterns is 
feasible from days 3 to 4 using a simplified 4-metabolite 
score. While this score cannot be used to predict early 
HAP, it remains useful for identifying patients at high risk 
of late HAP, those likely to respond favourably if IFN-γ 
treatment is prolonged for 10 days, and those at low risk 
who may exhibit an unfavourable response to treatment. 
Theoretically, this metabolic classification could enable 
the early discontinuation of IFN-γ treatment after a sin-
gle injection in non-responders. However, this approach 
should be tested in future trials before implementation.
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