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Abstract
Background  The current problem associated with Pseudomonas aeruginosa (PA) pneumonia, which is frequently 
encountered in clinical settings, is drug resistance. If Pseudomonas aeruginosa pneumonia can be rapidly diagnosed 
in early stage, the occurrence of drug resistance can be reduced. Therefore, our study aimed to investigate pulmonary 
metabolic changes associated with PA pneumonia and to identify relevant metabolic biomarkers and key metabolic 
pathways, providing a reference for rapid diagnosis.

Methods  Eighteen rabbits were randomly assigned to either the PA or normal saline (NS) group. Bronchoalveolar 
lavage fluid (BALF) was analyzed via untargeted liquid chromatography-mass spectrometry (ULCMS) to identify and 
analyze differentially abundant metabolites between the groups. Univariate comparisons were performed using 
Student’s t-test, while multivariate patterns were analyzed via principal component analysis (PCA) and orthogonal 
projections to latent structure-discriminant analysis(OPLS-DA).

Results  Successful modeling was achieved in 17 rabbits (8 PAs, 9 NSs). The most abundant metabolite classes 
detected in BALF were lipids and lipid-like molecules, organoheterocyclic compounds, and benzenoids. A total of 
2,451 differentially abundant metabolites were identified, including 1,205 upregulated and 1,210 downregulated 
metabolites. Key metabolic pathways such as histidine metabolism, arginine and proline metabolism, nucleotide 
metabolism, and ABC transporters were upregulated in the PA group, whereas choline metabolism in the cancer 
pathway was downregulated.

Conclusion  PA pneumonia induces distinctive metabolic alterations in the lungs, highlighting potential biomarkers 
and pathways that could provide valuable insights for clinical diagnosis and treatment.

Clinical trial number  Not applicable.
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Introduction
Pneumonia is a prevalent acute respiratory infection 
associated with high morbidity and mortality rates glob-
ally. In 2021, there were an estimated 344  million cases 
of lower respiratory tract infections, resulting in 2.18 mil-
lion deaths [1]. Pseudomonas aeruginosa (PA) is a fre-
quent causative agent of pneumonia. Current antibiotic 
treatments for PA infections face substantial challenges, 
particularly due to the emergence of drug-resistant 
strains. As early as 2017, the World Health Organization 
identified carbapenem-resistant PAs as a critical priority 
for new antibiotics [2]. In recent years, the incidence of 
multidrug-resistant (MDR) and extensively drug-resis-
tant (XDR) PAs has been increasing globally [3, 4]. PA is 
a common pathogen in severe infections, ranking fourth 
among the most common pathogens associated with 
severe community-acquired pneumonia in China [5].

Metabolomic analysis, which focuses on the qualitative 
and quantitative profiling of small molecule metabolites 
in body fluids, provides valuable insights into the produc-
tion of and changes in endogenous metabolites under 
various pathophysiological conditions. Metabolites, 
which are located downstream of genes and proteins, 
provide a comprehensive view of organisms’ responses 
to external stimuli and pathological changes. By employ-
ing pattern recognition methods, metabolomics enables 
the systematic study of low-molecular-weight metabo-
lites, facilitating the comparison of differences between 
populations and the identification of disease-specific 
biomarkers. Different pathogens induce distinct biologi-
cal metabolites and metabolic characteristics; unique 
biomarkers related to biological metabolism have been 
reported for PA infections [6]. Investigating metabolic 
changes in the lungs during PA pneumonia has the 
potential for early diagnosis and treatment strategies, 
ultimately improving patient prognosis.

Previous studies have demonstrated that untargeted 
metabolomics analysis, particularly untargeted liquid 
chromatography-mass spectrometry (ULCMS), can 
effectively distinguish and characterize PA infections 
with varying virulence and biofilm phenotypes, offering 
clinical utility in identifying PA infections [7]. Addition-
ally, ULCMS detection can elucidate metabolic pathway 
variances in PA infections, providing insights into bio-
film formation models and aiding in biofilm control [8, 
9]. Despite these advancements, research on ULCMS 
analysis of bronchoalveolar lavage fluid (BALF) in PA 
pneumonia remains limited. Therefore, our study aims 
to conduct ULCMS analysis of metabolites in BALF from 
PA pneumonia models to further elucidate the metabolic 
characteristics of PA infections, identify potential meta-
bolic biomarkers and key pathways, and explore novel 
therapeutic targets.

Materials and methods
Experimental animals and bacteria
Eighteen healthy male New Zealand white rabbits, aged 
8–9 months and weighing 2–3  kg, were obtained from 
the Animal Laboratory of Quanzhou Medical College. 
The rabbits were randomly allocated to the PA group 
(n = 9) or the NS group (n = 9) via a computer-generated 
randomization sequence. The rabbits were individually 
housed in standardized cages and provided with a regular 
diet consisting of ad libitum water and fresh vegetables. 
They were maintained under controlled environmental 
conditions, with a temperature of 23 ± 2 °C and a relative 
humidity of 45–55%. Prior to the experiments, the rab-
bits were acclimatized to the facility for one week. The 
PA standard strain (ATCC 27853) was cultured on agar 
plates, and colonies were selected for the preparation of 
a bacterial suspension. The suspension was then diluted 
with physiological saline to a concentration of 3 × 108 
CFU/ml. All animal care and experimental procedures 
were conducted in strict adherence to the institutional 
guidelines and national regulatory standards and were 
formally approved by the Medical Ethics Committee of 
the Second Affiliated Hospital of Fujian Medical Univer-
sity (Ethics Approval No. 2021 − 155).

Main experimental reagents and instruments
Methanol, acetonitrile, ammonium acetate, and ammo-
nium hydroxide were obtained from commercial sup-
pliers. The study utilized an ELISA reader (Dynex 
Technologies, Guangdong), an ultrahigh-performance 
liquid chromatography system (Vanquish, Thermo Fisher 
Scientific), a high-resolution mass spectrometer (Orbi-
trap Exploris 120, Thermo Fisher Scientific), and a centri-
fuge (Heraeus Fresco17, Thermo Fisher Scientific).

Establishment of the pneumonia model
The rabbits were placed in a prone position and anesthe-
tized with a combination of Zoletil and xylazine 15 min 
prior to the procedure. Surgical procedures were per-
formed by a dedicated operator blinded to the experi-
mental groups. Using sterile techniques, the operator 
performed endotracheal intubation and inserted a drain-
age tube into the lower bronchus of the rabbit. A bacterial 
suspension containing 3 × 10^8 CFU/mL PA was injected 
(1.5 mL) into the lower bronchi of the rabbits in the PA 
group, whereas those in the control group received 1.5 
mL of saline (Fig. 1).

Postinfection, all rabbits were subjected to three daily 
clinical evaluations, which included an assessment of 
coughing episodes, respiratory patterns, activity levels, 
and food consumption. Body temperature was recorded 
three times daily via a clinical thermometer. The rabbits 
were also observed daily for signs of coughing, respira-
tory condition, activity levels, and food intake. Three days 
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after bacterial injection, X-ray imaging was performed 
to assess lung shadows, lung lesions, and pneumonia in 
the rabbits. After 3 days of intervention, euthanasia was 
performed via the injection of Zoletil (10  mg/kg) and 
potassium chloride (1  g/kg). Humane endpoints were 
maintained throughout the study to minimize suffering. 
Rabbits exhibiting severe distress or health deteriora-
tion were promptly euthanized in accordance with ethi-
cal guidelines. Animals demonstrating critical morbidity 
indicators requiring euthanasia include the following: 
(1) severe respiratory distress, which is unresponsive to 
treatment; (2) neurological signs (e.g., persistent convul-
sions, persistent circling, paresis/paralysis) that inter-
fere with eating and drinking and from which recovery 
is unlikely; and (3) a combination of the following: poor 
physical appearance (very rough hair coat, abnormal 
posture, grunting on exhalation); abnormal behavior 
(reduced mobility/unconsciousness, unsolicited vocaliza-
tions, self-mutilation); severe depression or abnormal/
exaggerated responses to external stimuli; and persistent 
hypothermia/complete anorexia. All procedures were 
conducted by trained personnel in accordance with ani-
mal welfare and research protocols.

Under strict aseptic conditions, BALF was collected 
from each rabbit to prevent contamination. The rab-
bits were intubated with a sterile endotracheal catheter, 
and one lung was ligated at the hilum for isolation. The 
contralateral lung was lavaged via pre-sterilized equip-
ment by slowly instilling sterile saline at 4  °C through 
the tracheal catheter. After a 30-second dwell time to 
ensure adequate contact between the saline and alveolar 

surfaces, the fluid was gently aspirated into a sterile col-
lection tube. This lavage cycle (5 mL of saline per cycle) 
was repeated three times to maximize alveolar content 
recovery. All instruments, including endotracheal cath-
eters and collection tubes, were autoclaved prior to use, 
while operators wore sterile gloves, masks, and gowns 
to minimize contamination risks. Immediately after col-
lection, the BALF was placed on ice to inhibit microbial 
growth. The samples were centrifuged to separate the 
supernatant, which was aliquoted into sterile cryovials 
and stored at − 80 °C for subsequent analysis. BALF from 
both groups was analyzed via untargeted metabolomics.

Untargeted metabolomics analysis and data processing
Blinding procedures were rigorously implemented 
throughout the metabolite extraction, instrumental anal-
ysis, and data processing phases. All personnel involved 
in the LC-MS/MS operation and data interpretation were 
blinded to the group allocation until the completion of 
the statistical analysis.

Metabolite extraction from BALF
A 100 µL aliquot of each sample was mixed with 400 µL 
of extraction solution (MeOH: ACN, 1:1 (v/v)), which 
contained deuterated internal standards. The mixed 
solution was vortexed for 30  s, sonicated for 10  min in 
a 4 °C water bath, and incubated for 1 h at -40 °C to pre-
cipitate the proteins. The samples were then centrifuged 
at 12,000  rpm (RCF = 13800×g, R = 8.6  cm) for 15  min 
at 4 °C. The supernatant was transferred to a fresh glass 

Fig. 1  Surgical procedures for establishing the PA pneumonia model. (A) Endotracheal intubation of a rabbit; (B) Insertion of a drainage tube into the 
lower bronchus
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vial for analysis. The QC sample was prepared by mixing 
equal aliquots of the supernatant of the samples.

LC-MS/MS analysis
For polar metabolites, LC-MS/MS analyses were per-
formed via an ultrahigh-performance liquid chroma-
tography (UHPLC) system (Vanquish, Thermo Fisher 
Scientific) equipped with a Waters ACQUITY UPLC 
BEH amide column (2.1 mm × 50 mm, 1.7 μm) coupled 
to an Orbitrap Exploris 120 mass spectrometer (Orbitrap 
MS, Thermo). The mobile phase consisted of 25 mmol/L 
ammonium acetate and 25 mmol/L ammonia hydroxide 
in water (pH = 9.75) (A) and acetonitrile (B). The autos-
ampler temperature was maintained at 4  °C, and the 
injection volume was 2 µL. The Orbitrap Exploris 120 
mass spectrometer was used for its ability to acquire MS/
MS spectra in information-dependent acquisition (IDA) 
mode under the control of acquisition software (Xcali-
bur, Thermo). In this mode, the acquisition software con-
tinuously evaluates the full-scan MS spectrum. The ESI 
source conditions were set as follows: sheath gas flow 
rate, 50 Arb; aux gas flow rate, 15 Arb; capillary tempera-
ture, 320  °C; full MS resolution, 60,000; MS/MS resolu-
tion, 15,000; collision energy, SNCE 20/30/40; and spray 
voltage, 3.8 kV (positive) or -3.4 kV (negative).

Data preprocessing and annotation
The raw data were converted to mzXML format via Pro-
teoWizard and processed with an in-house program 
developed via R and XCMS for peak detection, extrac-
tion, alignment, and integration. Metabolite identifica-
tion was performed via BiotreeDB (V3.0) with enhanced 
spectral matching, where the detected metabolites were 
annotated by matching the retention time (RT), precur-
sor ion mass-charge ratio (MS1), and tandem mass spec-
tral patterns (MS2) against the upgraded local database. 
Metabolite identifications were annotated according to 
confidence levels defined by the Metabolomics Standards 
Initiative (MSI) [10].

Level 1: Matches with authentic standards in MS1, 
MS2, and retention time (RT);

Level 2: Matches in MS1 and MS2 with public spectral 
databases;

Level 3: Matches with compounds in MS1, MS2, and 
RT;

Level 4: Unknown compounds.
The R package was applied for subsequent data pro-

cessing [11].
The data were normalized and analyzed by cluster-

ing heatmaps and principal component analysis (PCA) 
to identify uncorrelated variables. Statistical analysis 
was performed with orthogonal projections to latent 
structure-discriminant analysis (OPLS-DA), with 
model robustness assessed via 7-fold cross-validation. 

Significantly altered metabolites were identified on the 
basis of variable importance in the projection (VIP) val-
ues > 1 and P values < 0.05. Metabolic regulation was fur-
ther examined via volcano plots.

Statistical analysis
Continuous data are presented as the means ± stan-
dard deviations (SDs), whereas categorical variables are 
described as numbers (percentages). For univariate sta-
tistical analysis, the Student’s t-test was conducted for 
intergroup comparisons, with false discovery rate (FDR) 
control implemented via the Benjamini-Hochberg (BH) 
method for P-value correction. Multivariate statistical 
analyses included PCA and OPLS-DA, among others, to 
explore complex relationships within the data. Model val-
idation was performed via methods such as 7-fold cross-
validation. A two-tailed P-value < 0.05 was considered 
statistically significant, indicating strong evidence against 
the null hypothesis.

Results
General characteristics
A total of nine rabbits were included in the experimen-
tal group to establish a PA pneumonia model. On day 2 
post-modeling, a rabbit demonstrated unresponsiveness 
to environmental stimuli, hypothermia (rectal tempera-
ture < 35  °C), and persistent complete anorexia. Despite 
the implementation of supportive care measures, which 
included maintenance of body temperature and fluid 
replacement therapy, the condition of the animal did 
not stabilize. The anticipated death became inevitable. 
To further alleviate suffering, the animal was humanely 
euthanized via the injection of Zoletil and potassium 
chloride. Postmortem histopathological examination 
confirmed that the definitive cause of the disease was 
suppurative pneumonia. During the observation period, 
the body temperatures of the rabbits in the model group 
were greater than those in the control group on days 1, 
2, and 3, although these differences were not statistically 
significant (P > 0.05).

Quality control and cluster analysis
The quality of the samples analyzed by chromatography 
was satisfactory, the experimental methods were robust, 
and the system stability was excellent. The retention time 
and response intensity of the internal standards in the QC 
samples demonstrated good stability, and the instrument 
data acquisition was consistent. No significant peaks of 
internal standards were detected in the blank samples, 
indicating effective control of cross-contamination. The 
QC samples exhibited excellent homogeneity, confirm-
ing the stability of the experimental methods. Further-
more, the QC samples showed good clustering in the 
two-dimensional PCA score plot, indicating high method 
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stability. Furthermore, all the QC samples fell within ± 2 
standard deviations in the PCA-X one-dimensional dis-
tribution plot, reflecting high data quality (Fig. 2).

PCA and OPLS-DA
The PCA score plot showed tight clustering of the QC 
samples, indicating excellent method stability and aggre-
gation. Distinct separation was observed between the 
PA and NS groups, highlighting significant differences 
in their metabolite profiles. This separation was further 
corroborated by OPLS-DA, which demonstrated robust 
discrimination between the experimental conditions 
(Fig. 3).

Differentially abundant metabolite analysis
A total of 2,451 differentially abundant metabolites were 
identified across all the samples, including 1,205 upregu-
lated and 1,210 downregulated metabolites. These dif-
ferences are visually represented in volcano plots, which 
depict the variations in metabolite levels between the PA 
and NS groups (Fig. 4).

The significantly elevated metabolites included PE(P-
18:1(9Z)/18:1(9Z)), hexanedioic acid, pentanedioic 
acid, 3-methylhistidine, and 3beta-hydroxyandrosta-
5,15-dien-17-one. Conversely, notable decreases were 
observed in LPE(14:0), palmitoylglycerone phosphate, 
and lysoPE(0:0/18:0). These significant changes are visu-
ally represented in the volcano plot (Fig. 5).

Kyoto encyclopedia of genes and genomes (KEGG) 
pathway enrichment analysis of differentially abundant 
metabolites
Bioinformatic analysis revealed abnormalities in 10 
metabolic pathways, including amino acid metabolism, 
cancer overview, drug resistance (antineoplastic), endo-
crine and metabolic diseases, global overview maps, 
membrane transport, metabolism of cofactors and vita-
mins, nucleotide metabolism, the sensory system, and 
signal transduction. KEGG pathway enrichment revealed 
14 upregulated pathways in the model group compared 
with the control group, including histidine metabolism, 
arginine and proline metabolism, antifolate resistance, 
insulin resistance, nucleotide metabolism, biosynthesis 
of amino acids, 2-oxocarboxylic acid metabolism, meta-
bolic pathways, ABC transporters, nicotinate and nico-
tinamide metabolism, pyrimidine metabolism, purine 
metabolism, olfactory transduction, and the cGMP-PKG 
signaling pathway. In contrast, choline metabolism, a 
cancer pathway metabolite, was downregulated.

Differential abundance (DA) score analysis revealed the 
upregulation of specific metabolites involved in 2-oxo-
carboxylic acid metabolism and metabolic pathways, 
whereas metabolites involved in choline metabolism 
among cancer pathway metabolites were downregulated. 

Receiver operating characteristic (ROC) curve and area 
under the curve (AUC) calculations confirmed high accu-
racy in distinguishing between the PA and NS groups. 
See Fig. 6 for details.

Discussion
This study utilized untargeted metabolomics to inves-
tigate changes in metabolite profiles within the bron-
choalveolar lavage fluid of a PA pneumonia animal 
model. Untargeted metabolomics allows for the com-
prehensive and unbiased detection of all small-molecule 
metabolites in a high-throughput manner. Subsequent 
bioinformatics analyses were performed to identify dif-
ferentially abundant metabolites and reveal the underly-
ing physiological mechanisms of metabolic pathways. 
Our findings revealed elevated levels of lipids, lipid-like 
molecules, and benzenoids in the PA pneumonia model. 
Among these, PE(P-18:1(9Z)/18:1(9Z)), 3-methylhisti-
dine, and benzenoids exhibited the strong associations 
with inflammation in our model. These metabolites war-
rant prioritization as potential biomarkers for PA pneu-
monia diagnosis or therapeutic monitoring. For instance, 
noninvasive detection of exhaled benzenoids (via breath 
analysis) or blood-based quantification of 3-methylhis-
tidine could bridge translational gaps in human appli-
cations. However, the mechanistic links between these 
metabolic changes and the pathophysiology of PA pneu-
monia remain insufficiently elucidated.

We observed that the upregulation of lipids and lipid-
like molecules, such as glycerophospholipids and sphin-
golipids, plays a critical role in cell membrane structure 
and function. Research has underscored the importance 
of lipid and lipid-like molecules—such as glycerophos-
pholipids, fatty acyls, and sphingolipids—as key differ-
entially abundant metabolites in pneumonia and upper 
respiratory tract infections [12–15]. Specifically, dys-
regulation of lipid metabolism has been implicated in 
inflammatory cell infiltration during pulmonary inflam-
mation and immune responses and is strongly correlated 
with infection severity [16–18]. For example, pulmonary 
infections and other stress conditions stimulate the pro-
duction of oxidative phospholipids in the lungs, which 
activate alveolar macrophages to produce reactive oxy-
gen species, contributing to harmful proinflammatory 
responses and acute injury [18]. Importantly, inflamma-
tory responses to infection involve both proinflammatory 
and anti-inflammatory lipid mediators [19].

Moreover, the aromatic compounds detected in our 
study, particularly benzenoids, could influence inflam-
matory responses during PA infection by modulating 
inflammatory signaling pathways or mediator produc-
tion. Benzenoids are volatile organic compounds, and 
derivatives of benzene have been detected in exhaled 
breath under specific conditions. Notably, increases in 
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certain volatile organic compounds have been reported 
in esophageal and gastric adenocarcinomas [20]. The 
elevated levels of benzenoids observed in PA infection 
suggest their potential as biomarkers for noninvasive 

monitoring or assessment of therapeutic efficacy in PA 
pneumonia.

Among the significantly altered metabolites, 
PE(P-18:1(9Z)/18:1(9Z)), 3-methylhistidine, and 

Fig. 2  Quality control validation for metabolomic analysis. (A)Total ion chromatograms(TIC) plot of QC samples analyzed by ultrahigh-performance 
liquid chromatography-orbitrap exploris-mass spectrometry (UHPLC-OE-MS): A1(positive ion mode) and A2 (negative ion mode); (B) EIC of all QC samples 
with internal standard: B1 (positive ion mode) and B2 (negative ion mode), B1-B2 demonstrate consistent retention time and response intensity of internal 
standards across QCs; (C) EIC plots of blank and QC samples with internal standard: C1 (positive ion mode) and C 2(negative ion mode), C1-C2 confirm 
absence of detectable residues in blank samples; (D) Principal component analysis (PCA) score plot with tight QC clustering, showing the detection and 
analysis method has high stability; (E) Presentation of QC samples in the PCA-X one-dimensional distribution plot
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3beta-hydroxyandrosta-5,15-dien-17-one were notably 
upregulated, whereas LPE(14:0) and Lysopine (0:0/18:0) 
were downregulated. These differentially abundant 
metabolites are closely associated with inflammatory 
responses, indicating their potential as biomarkers for 
diagnosing and predicting PA pneumonia. For exam-
ple, PE(P-18:1(9Z)/18:1(9Z)) is a crucial phospholipid 
involved in maintaining biological membrane structure 
and stability, and elevated PE(P-18:1(9Z)/18:1(9Z)) is 
linked to poor prognosis in critically ill patients [21, 22]. 
Similarly, 3-methylhistidine (3-MH), derived from his-
tidine methylation, serves as an inflammation severity 
marker and is associated with poor outcomes in acute 

respiratory failure patients [23–25]. Additionally, 3beta-
hydroxyandrosta-5,15-dien-17-one (DHEA), a versatile 
steroid hormone precursor, has potential prognostic and 
therapeutic value in various diseases, including its role in 
predicting adverse outcomes in severe infections [26–29].

To further elucidate the pathogenesis of PA pneu-
monia, we performed the Kyoto Encyclopedia of Genes 
and Genomes (KEGG) pathway enrichment analy-
sis, which revealed significant alterations in multiple 
metabolic pathways, including amino acid metabolism, 
nucleotide metabolism, and signal transduction. These 
changes reflect complex metabolic adaptations and 
immune responses in the context of infection. Notably, 

Fig. 4  Heatmap and volcano plot showing differentially abundant metabolites in BALF from PA-infected vs. control rabbits. (A) Sample-metabolite ex-
pression heatmap. The x-axis indicates different sample groups, and the y-axis represents all the metabolites. The color gradient represents the normalized 
relative abundance (red: high expression, blue: low expression). (B) Differentially abundant metabolite volcano plot: the x-axis shows the log2(fold change) 
of PA versus NS, and the y-axis represents -log10 adjusted P -values (B-Hochberg method). The significance thresholds were set at P < 0.05 (horizontal 
dashed lines)

 

Fig. 3  Multivariate analysis revealed intergroup metabolic profile disparities. (A) Principal component analysis (PCA) score plot: QC samples showed tight 
clustering, indicating analytical stability. The PA group and NS group were distinctly separated along PC1 (30.3% variance explained). Hotelling’s T² ellipse 
(95% confidence interval) confirmed that the intergroup differences exceeded random variation. (B) OPLS-DA validation: Model parameters R²Y = 0.93 
and Q²=0.58 (200-permutation test, P < 0.05) demonstrated strong predictive power. The OPLS-DA score plot shows the first predictive component (t [1]
P:14.9%), which explains the variation between the groups, versus the first orthogonal component (t [1]O:11.8%), which explains the variation within the 
groups. The PA samples clustered in the positive t [1]P[14.9%] direction, whereas the NS samples clustered in the negative direction, indicating infection-
induced systemic metabolic reprogramming

 



Page 8 of 10Lai et al. BMC Microbiology          (2025) 25:338 

the increase in histidine metabolism and arginine/proline 
metabolism may be related to PA virulence factors and 
biofilm formation [30]. Furthermore, the cGMP-PKG sig-
naling pathway, which was upregulated in our study, may 
be associated with airway dysfunction caused by inflam-
mation. Previous research has suggested that nitric oxide 
(NO)-dependent activation of G protein-coupled recep-
tors may impair platelet function and induce myocardial 
suppression through the cGMP/PKG pathway [31–33].

Despite these insights, our animal model provides con-
trolled conditions to study PA pneumonia pathogenesis, 
it has inherent limitations. Rodent models cannot fully 
recapitulate human immune-metabolic interactions, and 

the single-strain PA infection protocol may oversimplify 
the polymicrobial dynamics observed in clinical pneumo-
nia. Additionally, the untargeted metabolomics approach 
has limitations that must be acknowledged. For example, 
this method struggles to identify numerous unknown 
metabolites and may be confounded by environmen-
tal or feed-related contaminants [13]. The complexity of 
metabolic processes and our limited understanding of 
specific metabolite interactions may further complicate 
analysis and interpretation. For example, some metabo-
lite changes may not be directly caused by PA infection 
but rather by systemic inflammatory responses or comor-
bidities [18]. Additionally, aromatic compounds detected 

Fig. 6  KEGG pathway differential abundance scoring and metabolite diagnostic validation. (A) The x-axis indicates pathway-wide regulation (positive: 
upregulation; negative: downregulation). Bar length reflects the magnitude of the DA score. (B) ROC curve validation: The metabolite 1-[4-hydroxy-3-(3-
methylbut-2-enyl)phenyl] ethanone demonstrated strong discriminative power for PA infection (AUC = 0.97, 95% CI: 0.907-1.0)

 

Fig. 5  The top-changed metabolites are displayed. The y-axis lists the top 10 upregulated/downregulated metabolites. Examples of metabolites in-
cluded phosphatidylethanolamine (PE (P-18:1(9Z)/18:1(9Z))), which was significantly upregulated (log2fold change = 3.38, VIP = 1.48). * (0.01 < P < 0.05), ** 
(0.001 < P < 0.01), and *** (P < 0.001)
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in the blood of sepsis patients may originate from either 
host or pathogen metabolism and play pivotal roles dur-
ing infection [34]. Therefore, future studies should inte-
grate targeted metabolomics and functional validation 
experiments to elucidate the links between metabolic 
changes and disease mechanisms more accurately. Fol-
low-up studies integrating human patient samples (e.g., 
BALF from mechanically ventilated pneumonia patients) 
are critical to distinguish conserved metabolic signatures 
from model-specific artifacts.

In conclusion, our study provides a comprehensive 
analysis of metabolic alterations in PA pneumonia, high-
lighting the potential roles of lipids, benzenoids, and spe-
cific metabolic pathways in disease pathogenesis. These 
findings enhance our understanding of the biological and 
molecular mechanisms underlying PA infection and sug-
gest potential areas for future research on therapeutic 
targets or biomarkers. However, the limitations of untar-
geted metabolomics, such as the difficulty in identifying 
unknown metabolites and potential confounding fac-
tors, underscore the need for further validation in larger 
cohorts and complementary experimental approaches.
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