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Plasma metabolomics offers valuable insights for identifying viral infection biomarkers with 
applications in early diagnosis, outcome prediction, and treatment monitoring. This study aimed 
to investigate metabolomic alterations in influenza A patients and identify potential biomarkers 
for disease severity. From March 2023 to March 2024, 339 influenza A patients were enrolled. After 
age‒sex matching, 54 patients and 20 healthy controls were selected for analysis. Untargeted 
metabolomic profiling of 74 plasma samples was conducted using ultrahigh-performance liquid 
chromatography coupled with tandem mass spectrometry. Comparative analysis revealed 60 
differentially expressed metabolites between H1N1 patients and healthy controls, with 41 significantly 
upregulated and 19 downregulated. Pathway enrichment analysis revealed prominent disruptions in 
glycerophospholipid metabolism, with several metabolites showing alterations across the severity 
spectrum. Amino acid metabolism, particularly propionate metabolism, glycine-serine-threonine 
metabolism, and branched-chain amino acid biosynthesis, was also notably disturbed. Critical 
exhibited marked disturbances in taurine-hypotaurine metabolism compared to milder. This study 
identified glycerophospholipid metabolism dysregulation as a potential biomarker for influenza 
severity stratification. The progressive alteration of taurine pathway metabolites in critical suggests 
their pivotal role in severe H1N1 pathogenesis, highlighting their dual potential as diagnostic 
biomarkers and therapeutic targets.
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Influenza is an acute respiratory infectious disease caused by the influenza virus. It is seasonally prevalent every 
year and is mostly self-limiting. However, high-risk individuals with chronic underlying diseases may develop 
severe influenza, and a small number of cases progress rapidly to acute respiratory distress syndrome (ARDS), 
acute necrotizing encephalopathy, or multiorgan dysfunction; severe cases may even lead to death1. Therefore, 
early diagnosis and treatment of influenza play important roles in reducing the incidence of severe illness and 
fatality rate, as well as further transmission of the disease.

Plasma metabolomics is a method used to study the metabolic state of an organism by analyzing metabolites in 
plasma. In influenza, COVID-19 and other infectious diseases, metabolic processes are closely related to disease 
pathogenesis, pathology and pathophysiological changes, as well as the host defense response to infection2,3. For 
example, a previous study4 demonstrated distinct alterations in acylcarnitine and sphingolipid metabolism in 
patients with severe influenza, highlighting their potential as prognostic markers.

Influenza infection can lead to changes in host metabolism, including energy metabolism, lipid metabolism, 
and amino acid metabolism5,6. Plasma metabolomic methods can detect these changes, and understanding the 
biological events that occur during the infection process by analyzing the changes in metabolite levels may help 
to identify biomarkers of influenza infection. Notably, machine learning approaches that integrate metabolomic 
data with clinical parameters have shown > 90% accuracy in distinguishing influenza severity grades7. These 
markers can be used for early diagnosis, prediction of disease severity and monitoring the efficacy of treatment.

Our study aimed to identify specific metabolites associated with influenza virus infection by comparing 
the plasma metabolic profiles of influenza patients with those of healthy controls and comparing patients with 
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varying degrees of influenza severity. By identifying specific metabolites linked to critical illness, these findings 
provide a foundation for the early identification of critically ill patients and offer potential strategies for reducing 
mortality. Specifically, we state that this is the first metabolomic study in Chinese adult patients with confirmed 
H1N1 infection stratified by severity. We emphasize the discovery of LysoPC(20:0/0:0) and taurine pathway 
disruptions as progressive markers from mild to critical cases.

Methods
Study subjects and sample collection
A total of 339 patients with influenza A, admitted to the Second Affiliated Hospital of Xi’an Jiaotong University 
from March 2023 to March 2024, were included in the study. This group included 301 cases of mild influenza, 24 
severe cases, and 14 critical cases. Additionally, 54 patients with influenza A (including 20 mild, 20 severe, and 
14 critical) were enrolled in the study. A control group of 20 healthy adults, who were not infected with influenza, 
was also included.

The inclusion criteria required that the influenza patients be older than 18 years and meet the diagnostic 
criteria outlined in the Expert Consensus on Antiviral Therapy for Influenza in Adults (2022 edition)8. Mild 
were characterized by typical influenza symptoms, such as fever, cough, sore throat, and muscle aches, without 
significant respiratory distress. Severe involved more pronounced symptoms, including high fever, persistent 
cough, difficulty breathing, and chest tightness. Severe were also associated with underlying comorbidities, 
such as chronic cardiovascular or respiratory conditions. Critical were defined by life-threatening symptoms, 
including respiratory failure, shock, or multiorgan dysfunction. These patients required intensive care unit 
(ICU) admission, mechanical ventilation, or other advanced life support measures. The study was performed in 
accordance with the Declaration of Helsinki. The study protocol was approved by the Ethics Committee of the 
Xi’an Jiaotong University Second Affiliated Hospital, and all patients provided written informed consent prior 
to enrollment.

Peripheral blood collection and processing
All samples were collected at hospital admission, before treatment initiation, to ensure uniformity in sampling 
timepoints across severity groups. All patients underwent throat swab and blood tests, including complete blood 
count, renal function, liver function, electrolyte level, and myocardial enzyme tests. There were measured using 
standard automated clinical chemistry analyzers (e.g., Beckman Coulter AU5800) at the hospital’s central lab. 
Peripheral blood was also collected for untargeted metabolomic analysis. Influenza A was confirmed via RT-
PCR on pharyngeal swab specimens using kits from Sansure Biotech Inc. manufacturer (Cat No. 20213400256), 
following CDC guidelines.

For all patients, fasting cubital venous blood (10 mL) was collected in sodium heparin anticoagulant tubes. 
The blood was then centrifuged at 2000 rpm for 10 min, and the plasma was extracted at 4  °C. The plasma 
samples were stored at -80 °C until further analysis.

Plasma sample preparation and LC–MS/MS analysis
Plasma metabolites were extracted by mixing 100 µL of sample with 400 µL of methanol: acetonitrile (1:1, v/v) 
containing isotope-labeled internal standards. The mixture was vortexed, sonicated in ice-water for 10  min, 
incubated at − 40 °C for 1 h, and centrifuged at 12,000 rpm for 15 min at 4 °C. Supernatants were collected for 
analysis, and pooled quality control (QC) samples were prepared from all samples. Metabolomic profiling was 
performed using a Vanquish UHPLC system coupled to an Orbitrap Exploris 120 mass spectrometer (Thermo 
Fisher Scientific). Separation was achieved on a Waters ACQUITY UPLC BEH Amide column (2.1  mm × 
50 mm, 1.7 μm) with a mobile phase comprising 25 mM ammonium acetate and 25 mM ammonium hydroxide 
(pH 9.75) in water (A) and acetonitrile (B). The injection volume was 2 µL, and the autosampler was maintained 
at 4 °C. Mass spectrometry was conducted in both positive and negative ionization modes with a resolution of 
60,000 for MS1 and 15,000 for MS2. Data acquisition used stepped collision energy (20/30/40 eV), and system 
performance was monitored via repeated QC injections. Raw data were processed using XCMS in R, and 
metabolites were annotated by matching MS/MS spectra to the BiotreeDB (v2.1) in-house database with a match 
score threshold of 0.3. Annotation confidence followed the Metabolomics Standards Initiative (MSI) guidelines.

Metabolomics statistical analysis
Metabolite peak intensities were log-transformed, filtered based on missing value threshold (> 80% present across 
all samples), and normalized using probabilistic quotient normalization (PQN). Data were then pareto-scaled 
prior to multivariate analysis. Orthogonal partial least squares discriminant analysis (OPLS-DA) was performed 
using SIMCA (v16.0) to visualize group separation and identify discriminative metabolites. Compared to PLS-
DA, OPLS-DA removes variation unrelated to group classification, improving model interpretability. Variable 
importance in projection (VIP) scores were used to rank metabolite contributions, with VIP > 1 considered 
significant. Univariate analysis was performed using Student’s t-test or Mann–Whitney U test as appropriate, 
and p-values were corrected using the Benjamini–Hochberg method for controlling the false discovery rate 
(FDR < 0.05). Metabolic pathway enrichment analysis was conducted using MetaboAnalyst 5.0, with pathway 
libraries selected from KEGG (human) and over-representation analysis (ORA) applied using the hypergeometric 
test.

Primary and secondary mass spectrometry data were obtained using an Orbitrap Exploris 120 mass 
spectrometer under the control of Xcalibur software (version: 4.4, Thermo). Detailed parameters are as follows: 
sheath gas flow rate as 50 Arb, Aux gas flow rate as15 Arb, capillary temperature 320  C, full Ms resolution 
as 60,000, Ms/Ms resolution as15000, collision energy: SNcE 20/30/40, spray voltage as 3.8 kv (positive) or 
-3.4  kV(negative), respectively. After the original data were converted to mzXML format via ProteoWizard 
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software, the R program package (XCMS kernel) was used for peak identification, peak extraction, peak 
alignment, and integration, and then, a self-built secondary databank with BiotreeDB (V2.1) was used. Matching 
was performed with the mass spectrum database for substance annotation, and the cutoff value for algorithm 
scoring was set to 0.3.

Metabolite annotations were assigned based on the Metabolomics Standards Initiative (MSI) guidelines, 
with most identifications at Level 2 (MS/MS and RT match). Structural isomers were not distinguished unless 
confirmed with reference standards.

Statistical analysis
SPSS 23.0 software was used for statistical analysis. The measurement data are expressed as x ± s or M (Q25, 
Q75), and comparisons were performed via t tests (normally distributed data) and Mann‒Whitney U tests 
(nonnormally distributed data). The count data were analyzed via the χ2 test with α = 0.05. Spearman correlation 
analysis was used to evaluate associations between metabolite abundance and clinical indicators. Significance 
was defined as p < 0.05.

Results
Clinical characteristics of the study population
A total of 339 patients with influenza A were eventually enrolled as study subjects. All cases were confirmed 
etiologically, with all nucleic acid tests (pharyngeal swabs) returning positive for H1N1. The influenza patients 
were divided into three groups: mild, severe, and critical. Among these patients, 301 had mild (88.79%), 24 
had severe (7.08%), and 14 had critical (4.13%). In addition, a subset of 54 patients (20 mild, 20 severe, and 
14 critical) was selected from the full cohort for metabolomic analysis. Additionally, 20 healthy individuals 
were enrolled during the same period. A total of 74 blood samples were collected for untargeted metabolomic 
analysis. The screening and classification of the study subjects are depicted in Supplementary Fig. 1.

Among the 339 patients with influenza A, with 170 males (50.15%) and 169 females (49.85%), with a median 
age of 27 (21, 37) years. Fever was the initial symptom in 338 patients (99.71%). Cough, sputum, and intolerance 
to cold were observed in 299 patients (88.20%), 225 patients (66.37%), and 225 patients (66.37%), respectively, 
making them the next most common mild clinical manifestations after fever. Nasal congestion was reported by 
214 patients (63.13%), runny nose by 216 patients (63.72%), and sore throat by 94 patients (27.73%). Among 
the 303 patients enrolled who presented with notable systemic symptoms, 203 had headaches (59.88%), 194 
experienced muscle soreness (57.23%), 95 reported fatigue (28.02%), and 83 experienced dizziness (24.48%). 
Chest tightness and shortness of breath were observed in 40 patients (11.80%). Gastrointestinal symptoms such 
as nausea (32 patients, 9.44%), vomiting (7 patients, 2.06%), abdominal pain (3 patients, 0.88%), and diarrhea (6 
patients, 1.77%) were also noted. The demographic data and epidemiological characteristics of influenza patients 
in the common group (301 common) and the critical group (24 severe and 14 critical ) in Supplementary Table 
1, and clinical characteristics of influenza patients (20 mild, 20 severe, and 14 critical) and healthy controls in 
Table 1.

Changes in the plasma metabolic profiles of influenza patients
Differences in the plasma metabolome between the influenza group and the healthy control group
Plasma samples from 54 influenza patients and 20 healthy controls were subjected to untargeted metabolomic 
analysis. A total of 563 metabolites were detected and analyzed using orthogonal PLS-DA (R²Y = 0.882, 
Q²=0.605; P < 0.01), as shown in Fig.  1A and B, demonstrating clear separation between the influenza and 
control groups. Differentially abundant metabolites (n = 60) were identified on the basis of the following criteria: 
VIP > 1, P < 0.05, fold change > 1.5 or < 2/3, and M2 score > 0.7. Among these, 41 metabolites were upregulated, 
and 19 were downregulated (Fig. 1C). Putative exogenous metabolites, such as cytarabine and apigenin, were 
excluded from downstream biomarker analysis due to their likely dietary or medicinal origin.

Among the 60 differentially abundant metabolites, 11 (18.3%) were glycerophospholipids, 81.8% of which 
were significantly downregulated in influenza patients. The 20 metabolites with the highest VIP scores in the 
OPLS-DA model are depicted in Fig. 1D, whereas the top 30 differentially abundant metabolites are visualized 
in a heatmap in Fig. 1E.

KEGG pathway analysis revealed that the differentially abundant metabolites were enriched primarily in 
glycerophospholipid metabolism, primary bile acid biosynthesis, porphyrin metabolism, and linoleic acid 
metabolism (Fig. 1F, Supplementary Table 2).

Differences in plasma metabolism between mild and severe
Plasma samples from 20 mild and 20 severe were subjected to untargeted metabolomic analysis. OPLS-DA score 
plots (Supplementary Fig. 2A and B) revealed a cumulative R²Y of 0.825 and a Q² of 0.146, indicating minimal 
distinction between mild and severe. Among the 561 detected metabolites, 82 were significantly differentially 
abundant (P < 0.05), with 25 being further identified (17 upregulated, 8 downregulated, Supplementary Fig. 2C). 
Details of these differentially abundant metabolites are provided in Supplementary Table 3.

Differences in plasma metabolism between mild and critical
Plasma samples from 20 mild and 14 critical were subjected to untargeted metabolomic analysis. A total of 563 
metabolites were detected and analyzed using orthogonal PLS-DA (R²Y = 0.968, Q²=0.704; P < 0.01), as shown in 
Fig. 2A and B, demonstrating clear separation between the mild and critical. Differentially abundant metabolites 
(n = 58) were identified on the basis of the following criteria: VIP > 1, P < 0.05, fold change > 1.5 or < 2/3, and M2 
score > 0.7. Among these, 17 metabolites were upregulated, and 41 were downregulated (Fig. 2C).
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Among the 58 differentially abundant metabolites, 6 (10.3%) were glycerophospholipids, 83.3% of which 
were significantly downregulated in influenza patients. The 20 metabolites with the highest VIP scores in the 
OPLS-DA model are depicted in Fig. 2D, whereas the top 30 differentially abundant metabolites are visualized 
in a heatmap in Fig. 2E.

KEGG pathway analysis revealed that the differentially abundant metabolites were enriched primarily in 
glycerophospholipid metabolism, linoleic acid metabolism, primary bile acid biosynthesis, and taurine and 
hypotaurine metabolism (Fig. 2F, Supplementary Table 4).

Differences in plasma metabolism between mild and severe/critical
Plasma samples from 20 mild and 34 severe/critical were subjected to untargeted metabolomic analysis. A total of 
563 metabolites were detected and analyzed using orthogonal PLS-DA (R²Y = 0.707, Q²=0.402; P < 0.05), as shown 
in Fig. 3A and B, demonstrating clear separation between the mild and severe/critical. Differentially abundant 
metabolites (n = 43) were identified on the basis of the following criteria: VIP > 1, P < 0.05, fold change > 1.5 or 
< 2/3, and M2 score > 0.7. Among these, 16 metabolites were upregulated, and 27 were downregulated (Fig. 3C).

The 20 metabolites with the highest VIP scores in the OPLS-DA model are depicted in Fig. 3D, whereas the 
30 differentially abundant metabolites are visualized in a heatmap in Fig. 3E.

Characteristics Healthy control(n = 20)

Influenza group

Mild(n = 20) Severe(n = 20) Critical(n = 14)

Basic characteristics

Gender

Male, male 9(45.00) 10(50.00) 12(60.00) 9(64.29)

Women, women 11(55.00) 10(50.00) 8(40.00) 5(35.71)

Thermal history, day – 3.00(2.00, 3.00)b 4.00(3.00, 7.00) 3.0, 0(2.00, 5.50)

Highest temperature, °C – 39.00(38.53, 39.28) 39.00(38.50, 39.47) 39.00(38.05, 39.80)

Blood routine test

WBC,×10^9/L 6.42(5.24, 7.05) 6.95(4.77, 7.53) 6.16(4.95, 7.66) 7.48(4.39, 8.85)

HB, g/L 144.50(132.5, 161.00) 149.00(141.00, 157.00) 136.50(123.75, 136.50) 130.00(105.00, 132.00)

PLT ×10^9/L 277.50(190.25, 267.50)a 224.00(218.00, 259.00)b 180.00(144.50, 211.00) 134.00(90.00, 260.00)

Neu count, ×10^9/L 3.67(2.68, 4.24)a 4.24(2.65, 5.59) 4.55(3.11, 5.72) 4.62(3.77, 6.39)

Mon count, ×10^9/L 0.34(0.28, 0.49)a 0.78(0.67, 0.85)b 0.54(0.35, 0.62) 0.22(0.20, 0.79)

Lym count, ×10^9/L 2.09(1.93, 2.45)a 1.27(0.95, 1.36) 1.22(0.81, 1.77) 0.58(0.42, 1.17)

C-reactive protein, mg/L 15.30(3.82, 32.44)a 37.20(15.40, 84.90)b 90.04(51.72, 90.04) 55.60(22.40, 92.80)

Liver biochemical indicators

Total bilirubin, µmol/L 16.55(12.38, 18.58) 10.30(7.20, 15.90) 8.10(6.60, 17.03) 9.10(6.90, 15.30)

Direct bilirubin, µmol/L 4.74(3.60, 5.57) 2.90(2.11, 4.38) 3.00(2.07, 7.28) 2.90(1.63, 5.80)

ALT, U/L 20.00(15.25, 29.50) 21.70(14.00, 42.00) 21.00(12.10, 46.50) 31.00(14.00, 45.00)

AST, U/L 22.50(18.40, 32.75)a 25.00(19.00, 49.00) 36.30(23.60, 60.25) 48.50(29.00, 52.00)

Albumin, g/L 39.40(37.50, 43.38)a 35.50(29.70, 36.70) 33.60(29.00, 37.48) 33.10(29.70, 38.20)

Globulin, g/L 27.85(24.23, 33.33) 28.20(25.70, 30.10) 27.05(22.95, 29.73) 28.90(25.50, 30.80)

ALP, U/L 60.00(52.25, 89.00)a 76.00(53.00, 89.00) 89.50(74.00, 118.25) 87.00(56.00, 92.00)

Myocardial enzyme spectrum indicators

LDH, U/L 182.50(157.50, 229.50)a 237.00(174.00, 323.00) 311.00(207.75, 423.75) 323.00(237.00, 411.00)

CK, U/L 67.50(48.00, 109.00) 68.00(37.00, 225.00)b 70.00(42.25, 176.75) 83.00(28.00, 113.00)

CK-MB, U/L 12.00(9.83, 13.00)a 15.00(9.10, 18.00) 14.00(12.00, 24.70) 15.00(9.00, 24.00)

Indicators of renal function

Urea, µmol/L 4.85(4.00, 5.75) 4.80(3.40, 6.40) 6.20(5.13, 7.70) 5.00(3.70, 6.10)

Creatinine, µmol/L 58.65(45.00, 69.32) 63.21(51.00, 72.30) 51.50(42.50, 91.94) 47.11(43.95, 54.80)

Electrolyte

Sodium ion, mmol/L 141.25(139.65, 142.85)a 138.00(135.70, 140.10) 139.40(137.08, 142.00) 136.80(135.00, 138.30)

Potassium ion, mmol/L 3.90(3.73, 3.90) 3.80(3.60, 4.60) 3.97(3.81, 4.17) 3.80(3.60, 4.40)

Calcium ion, mmol/L 2.17(2.10, 2.20)a 2.09(1.99, 2.19) 2.02(1.93, 2.17) 2.09(1.92, 2.19)

Phosphorus ion, mmol/L 1.08(1.01, 1.11)a 1.02(0.80, 1.14) 0.85(0.71, 1.08) 0.84(0.62, 1.01)

Table 1.  Clinical characteristics of influenza patients and healthy controls. Data are expressed as the median 
(quartile) or n (%). a (P < 0.05), patients in the control group were compared with influenza patients; b 
(P < 0.05), among influenza patients, mild patients were compared with severe/critical patients. Comorbidity 
was defined as the presence of at least one chronic condition, including cardiovascular disease, chronic 
respiratory disease, diabetes, or immunosuppression.
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Fig. 1.  Metabolomic analysis of the influenza group and healthy control group.  OPLS-DA score diagram of 
influenza patients and healthy controls (A and B). Volcano plot of differentially abundant metabolites between 
the influenza group and the healthy control group (C). Top 20 metabolites with the highest VIP values (D). 
Heatmap of the top 30 differentially abundant metabolites between influenza patients and healthy controls 
(E). Enrichment analysis of the differentially abundant metabolic pathways in the influenza group vs. healthy 
controls (F). *p < 0.05, **p < 0.01, ***p < 0.001, based on Mann–Whitney U test.
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KEGG pathway analysis revealed that the differentially abundant metabolites were taurine and hypotaurine 
metabolism; glycerol phospholipid metabolism; glycine, serine and threonine metabolism; propanoate 
metabolism; and valine, leucine and isoleucine metabolism (Fig. 3F, Supplementary Table 5).

Association between glycerophospholipid metabolites and clinical indicators
The levels of 11 glycerophospholipid metabolites in influenza patients were significantly different from those 
in healthy controls, with 9 (81.8%) being markedly downregulated. Among the downregulated metabolites, 

Fig. 2.  Metabolomic analysis of mild and critical.  OPLS-DA score diagram of mild and critical (A and B). 
Volcano plot of differentially abundant metabolites between mild and critical (C). Top 20 metabolites with the 
highest VIP values (D). Heatmap of the top 30 differentially abundant metabolites between mild and critical 
(E). Enrichment analysis of the differentially abundant metabolite pathways in mild vs. critical (F). *p < 0.05, 
**p < 0.01, ***p < 0.001, based on Mann–Whitney U test.
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LysoPC(20:0/0.0), PC(P-18:1(9Z)/16:1(9Z)), PC(P-18:1(9Z)/16:0) and PC(18:1(11Z)/14:1(9Z)) were negatively 
correlated with inflammatory markers (WBC, neutrophil count, CRP, and PCT). However, these metabolites 
were all positively correlated with lymphocyte counts (Fig. 4A).

The levels of glycerophospholipid metabolites in critical were significantly different from those in mild. The 
downregulated metabolite LysoPC (20:0/0.0) was negatively correlated with lactate dehydrogenase (LDH). The 
upregulated metabolite PE(20:2(11Z,14Z)/14:0) was positively correlated with LDH (Fig. 4B).

Fig. 3.  Metabolomic analysis of mild and severe/critical.  OPLS-DA score diagram of mild and severe/critical 
(A and B). Volcano plot of differentially abundant metabolites between mild patients and severe/critical (C). 
Top 20 metabolites with the highest VIP values (D). Heatmap of the top 30 differentially abundant metabolites 
between mild and severe/critical (E). Enrichment analysis of the differentially abundant metabolite pathways in 
mild vs. severe/critical (F). *p < 0.05, **p < 0.01, ***p < 0.001, based on Mann–Whitney U test.
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The levels of glycerophospholipid metabolites in severe/critical were significantly different from those in 
mild. The upregulated metabolites LysoPA(16:0/0:0) and LysoPA(18:1(9Z)/0:0) were negatively correlated with 
lymphocyte counts and monocyte counts and positively correlated with the creatine kinase isoenzyme. The 
downregulated metabolite LysoPC (20:0/0.0) was positively correlated with inflammatory markers (lymphocyte 
and monocyte counts) and negatively correlated with inflammatory markers (WBC and neutrophil counts). 
(Fig. 4C).

Discussion
In this study, we performed untargeted metabolomic analysis on peripheral plasma samples from influenza 
patients and healthy controls. The results revealed significant differences in metabolites between the groups, 
particularly in glycerophospholipid metabolism and amino acid metabolism pathways. These findings suggest 
potential clinical correlations between specific glycerophospholipids and inflammatory/immunological markers, 
offering novel insights into metabolic reprogramming during influenza progression and highlighting potential 
biomarkers for severity stratification.

Influenza is a highly contagious acute respiratory infectious disease, with 3 to 5 million cases of severe illness 
and approximately 290,000 to 650,000 deaths occurring annually worldwide9. In addition to its direct health 
impact on patients, influenza imposes substantial pressure on global public health systems and healthcare 
resources, causing significant socioeconomic burdens. Influenza-related mortality is especially high in elderly 
individuals and patients with comorbidities, with severe often progressing to acute respiratory distress syndrome 
(ARDS), pneumonia, or other complications, leading to a fatality rate as high as 30% in ICU settings9. Early 
diagnosis and timely treatment of influenza are crucial for preventing severe outcomes. This study provides 
new insights for early detection and disease progression monitoring, offering new biomarkers to aid in the 
assessment of disease severity and personalized treatment strategies for influenza patients.

The pronounced downregulation of glycerophospholipid levels (81.8% in influenza patients vs. controls; 
83.3% in critical vs. mild), a central factor in influenza pathogenesis, is consistent with emerging evidence 
linking lipid metabolism to viral replication and host defense10. As essential components of cell membranes and 
signaling molecules, glycerophospholipids such as phosphatidylcholine (PC) and lysophospholipids (LysoPCs) 
may play dual roles: their depletion could reflect both the viral exploitation of membrane components for 
assembly11 and host-directed anti-inflammatory responses. Notably, LysoPC(20:0/0.0) exhibited consistent 
negative correlations with proinflammatory markers (WBC, CRP) and positive associations with lymphocytes, 
suggesting its potential as a biomarker for immune homeostasis. This observation corroborates studies showing 
improved phospholipid profiles following antiviral therapy12,13, suggesting therapeutic avenues targeting lipid 
metabolism.

One study revealed that after influenza virus infection, the levels of PC and lysophospholipid (Lyso) in the 
blood significantly decrease11. Our study revealed that the expression of PC was downregulated in influenza 
patients, indicating the involvement of influenza. Therefore, there is a direct relationship between the induced 
immune response and lipid richness and metabolism in the body. This study revealed that the differences in the 
peripheral plasma metabolome between influenza patients and healthy controls were related mainly to primary 
bile acid biosynthesis, porphyrin metabolism and nitrogen metabolism. In addition, there were 11 differentially 
abundant metabolites. Glycerophospholipid metabolism among all the species, nine (81.8%) were significantly 
downregulated in the case group, indicating that in influenza patients, glycerophospholipid metabolism 
pathways may be downregulated. Our study revealed that, compared with those in patients with mild influenza, 
glycerophospholipid metabolism pathways in patients with critical influenza were significantly downregulated.

In the metabolomic study of influenza, glycerophospholipids are as one of the main components of the 
cell membrane; the germination of influenza virus is inseparable from the assembly of the virus on the host 
plasma membrane, and the viral assembly process is closely related to membrane rafts14. Therefore, metabolic 

Fig. 4.  Associations between differentially abundant glycerophospholipid metabolites and clinical indicators 
in patients with influenza.  Associations between differentially abundant glycerophospholipid metabolites 
and clinical indicators in influenza patients and healthy controls (A). Associations between differentially 
abundant glycerophospholipid metabolites and clinical indicators in mild and critical (B). Association between 
differentially abundant glycerophospholipid metabolites and clinical indicators in mild and severe/critical (C). 
Correlation coefficients are based on Spearman’s rank test. *p < 0.05, **p < 0.01.
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changes in glycerophospholipids during influenza virus infection are important. Glycerophospholipids and their 
metabolites may participate in the regulation of inflammation and immune function13,15, which is particularly 
important for understanding the immunopathological mechanisms associated with influenza. Some studies13,16 
have shown that after antiviral treatment, glycerophospholipid and phospholipid disorders are alleviated, mainly 
through the regulation of the metabolic pathways of glycerophospholipids, which may have an inhibitory effect 
on the assembly process of the influenza virus. The composition and abundance of glycerophospholipids may 
change during influenza infection, and these changes can serve as biomarkers of influenza infection or its severity.

The enrichment of amino acid-related pathways (taurine/hypotaurine, glycine/serine/threonine metabolism) 
in severe/critical revealed metabolic adaptations to increased immune activity. The dual role of taurine as an 
antioxidant and bile acid conjugate may explain its depletion in severe—a phenomenon previously linked to 
H1N1-associated ARDS17. The concurrent decrease in the levels of glycine and serine, amino acids critical for 
glutathione synthesis and viral replication, suggests a tug-of-war between host antioxidant defense and viral 
resource utilization18. These pathways offer discriminative potential beyond conventional biomarkers, as 
evidenced by their specificity for H1N1-associated ARDS compared with bacterial pneumonia17. Moreover, our 
study revealed that the differentially abundant metabolites in the peripheral blood of patients with severe and 
those with mild were enriched mainly in amino acid metabolism pathways, including propionate metabolism; 
glycine, serine and threonine metabolism; valine, leucine and isoleucine biosynthesis; and taurine and 
hypotaurine metabolism. Taurine is an important compound for bile acid binding in the liver. A previous study 
by Lu et al.19. revealed that the peroxidase type 2 multifunctional enzyme (HSD17B4) that converts dihydroxy-
cholesterol-CoA to trihydroxy-β-cholesterol-CoA is regulated by NF-κB, suggesting that bile acid biosynthesis 
is closely related to inflammatory mechanisms. In addition, taurine is an important intracellular free amino 
acid that is considered an antioxidant and neuromodulator and participates in the regulation of the osmotic 
pressure in the neural retina and brain20. A previous 1 h-NMR plasma metabolomics study21 compared H1N1 
pneumonia patients with control individuals, and the results revealed that the metabolism of glycine, serine and 
threonine can differentiate H1N1 patients from patients with bacterial pneumonia; a decrease in glycine, serine 
and threonine concentrations in H1N1 patients may be related to the metabolic consumption of these amino 
acids by the virus. Compared with H1N1-associated ARDS and bacterial pneumonia-associated ARDS, the 
metabolism of taurine and hypotaurine is increased in patients with H1N1-associated ARDS, indicating that the 
metabolism of taurine and hypotaurine may be involved in the development of severe influenza in patients with 
HINI17. Changes in the levels of taurine and hypotaurine metabolism may serve as biomarkers for the severity of 
influenza, and whether taurine and hypotaurine can be used as therapeutic targets for the prevention of severe 
influenza needs to be determined via further exploration.

The distinct glycerophospholipid profiles observed across influenza severity groups revealed metabolite-
specific correlations with immune and cellular injury markers, providing mechanistic insights into disease 
progression. In influenza patients, the marked downregulation (81.8%) of glycerophospholipid metabolites—
particularly LysoPC (20:0/0.0) and three PC species—and their negative correlation with systemic inflammation 
(WBC, neutrophils, CRP, PCT) suggest depletion of membrane-stabilizing lipids during viral infection. The 
positive associations of these metabolites with lymphocyte counts imply that these metabolites may support 
adaptive immune cell function, potentially by maintaining membrane integrity or modulating lipid-mediated 
signaling pathways22. This dual role positions LysoPCs as both biomarkers of immune dysregulation and 
therapeutic targets for mitigating inflammation22.

The upregulated LysoPA species (16:0/0:0, 18:1/0:0) exhibited proinflammatory tendencies through negative 
correlations with lymphocytes/monocytes and positive associations with creatine kinase isoenzyme, a marker of 
myocardial stress. This finding is consistent with the known role of LysoPA in promoting endothelial activation 
and cytokine release, potentially exacerbating multiorgan involvement in severe influenza23. Conversely, the 
downregulated LysoPC(20:0/0.0) displayed protective correlations (positive with lymphocytes/monocytes, 
negative with WBC/neutrophils), suggesting that its depletion may impair the resolution of inflammation22.

Critical revealed a striking link between LysoPC(20:0/0.0) depletion and elevated LDH levels, directly 
connecting glycerophospholipid homeostasis to the severity of cellular injury. The parallel positive correlation 
between upregulated PE(20:2/14:0) and LDH implies compensatory membrane remodeling during catastrophic 
cell lysis, potentially through increased phosphatidylethanolamine synthesis in stressed organelles24.

Notably, the 15 conserved differentially abundant metabolites (e.g., sphingolipids and alkaloids) across 
severity strata highlight the core metabolic pathways disrupted by influenza. Although glycerophospholipid 
alterations are observed in other infections, our stratification by confirmed H1N1 severity and the consistent 
depletion of LysoPC(20:0/0:0) from mild to critical supports its specific prognostic relevance to influenza A. 
Comparative studies with other viruses are indeed warranted. It is also plausible that influenza strain evolution 
and regional variation may influence host metabolic responses. Therefore, further validation across seasons and 
geographic locations is warranted to assess the stability and generalizability of these metabolic biomarker. Since 
influenza A virus evolves yearly, and our cohort is geographically restricted to one center in China, external 
validation in diverse cohorts and across different seasons is necessary to assess biomarker robustness.

Limitations
This study has several limitations. Firstly, it was conducted in a single center with a relatively limited number 
of severe and critical, which may restrict the generalizability of our findings. Secondly, although we identified 
potential biomarkers specific to influenza A, we did not include control groups with other viral or bacterial 
respiratory infections, making it difficult to fully assess the specificity of the observed metabolic changes. Thirdly 
while clinical covariates such as age and comorbidity were recorded, multivariate adjustment was not performed 
in the primary analysis due to limited sample size. These limitations warrant further validation in larger, multi-
center cohorts and in comparative studies with other infectious diseases. What’s more, one limitation of this 
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study is the relatively small sample size, which restricted our ability to perform additional targeted validation or 
generate a comprehensive heatmap to assess metabolite trends across different disease severity groups. Future 
studies with larger cohorts are warranted to systematically explore dynamic metabolite changes from mild to 
critical illness.

Although OPLS-DA was applied to distinguish metabolic profiles among groups, we acknowledge that in some 
comparisons (mild vs. severe), the Q² values were modest (< 0.5), suggesting limited predictive power. Future 
studies with larger cohorts and alternative models such as PLS-DA may provide more robust discrimination and 
account for within-group variation.

Conclusion
In summary, our findings establish glycerophospholipid metabolism as a central player in the pathogenesis 
and progression of influenza A. Specifically, LysoPC(20:0/0.0) and components of the taurine pathway have 
emerged as promising biomarkers for early severity prediction and personalized therapeutic intervention. Our 
study underscores the critical role of glycerophospholipids in viral replication and the host immune response, 
and these metabolic changes provide new insights into the biology of host‒virus interactions. Disruption of 
glycerophospholipid metabolism may serve as a valuable biomarker for the diagnosis and severity assessment of 
influenza infection, offering new avenues for future therapeutic strategies.

Data availability
Data is provided within the manuscript or supplementary information files.The de-identified raw LC–MS data 
and clinical metadata supporting the findings of this study are available from the corresponding author upon 
reasonable request. The processed metabolite dataset is being deposited in the MetaboLights database and will 
be publicly accessible upon publication.
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